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Preface by the Conference Organizers

We are excited to welcome you to *SEM 2025, the 14th Joint Conference on Lexical and Computational
Semantics! We are pleased to present this volume containing the accepted long and short papers. *SEM
2025 is being held from November 8 to 9, 2025, in Suzhou, China, co-located with EMNLP 2025.

Since its first edition in 2012, *SEM has become a major venue to present recent advances in all areas
of lexical and computational semantics, including semantic representations, theoretical semantics, mul-
tilingual semantics, and others. *SEM is sponsored by SIGLEX, the ACL Special Interest Group on the
Lexicon.

*SEM 2025 accepted both papers submitted directly to *SEM and those already reviewed through ARR
(ACL Rolling Review). We received submissions in 4 tracks:

• Empirical and data-driven approaches

• Theoretical aspects of computational semantics

• Applications or tools

• Resources and evaluation

We compiled an exciting and wide-ranging program, accepting a total of 35 papers (26 long papers and
9 short papers). The submitted papers were carefully evaluated by a program committee led by 10 area
chairs, who coordinated a large team of reviewers. The reviews were almost all of very high-quality, and
for that we are extremely grateful! Area chairs then added meta-reviews to explain their accept/reject
decisions. The final selection was made by the program co-chairs after a careful check of the reviews,
meta-reviews, and discussions with the area chairs.

We are also very excited to have three excellent keynote speakers: Yue Zhang from Westlake University,
Thamar Solorio from Mohamed bin Zayed University of Artificial Intelligence (MBZUAI) and Yuki
Arase from the Tokyo Institute of Technology.

We are honored to serve as the organizing committee for *SEM 2025, and we absolutely could not have
made this happen without a huge amount of help. First, tremendous thanks to all area chairs and reviewers
for their invaluable help in selecting the program, for their engagement in thoughtful discussions, and
for providing valuable feedback to authors. Second, thanks to our Publicity Chair Kemal Kurniawan
(University of Melbourne) for taking care of the website and social media updates. Next, thanks to our
Publication Chairs Danilo Croce (University of Rome) and Milad Alshomary (Columbia University) for
putting together the proceedings, and to the EMNLP 2025 workshop organizers for help and support
with all organizational aspects of the conference. Finally, thank you to the authors and presenters for
making *SEM 2025 such an engaging and exciting event! We hope that you will find the content of these
proceedings as engaging as we do, and we hope to see you at future iterations of *SEM!

Lea Frermann and Mark Stevenson, co-Program Chairs

Vered Shwartz, General Chair
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Mehrnoosh Sadrzadeh . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 316

HSGM: Hierarchical Segment-Graph Memory for Scalable Long-Text Semantics
Dong Liu and Yanxuan Yu . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 328

Knowledge Editing Induces Underconfidence in Language Models
Ryo Hasegawa, Yusuke Sakai, Hidetaka Kamigaito and Taro Watanabe . . . . . . . . . . . . . . . . . . . . 338

How Do Large Language Models Evaluate Lexical Complexity?
Abdelhak Kelious, Mathieu Constant and Christophe Coeur . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 348

SAG: Enhancing Domain-Specific Information Retrieval with Semantic-Augmented Graphs
Carol-Luca Gasan and Vasile Pais . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 362

Cross-Domain Persuasion Detection with Argumentative Features
Bagyasree Sudharsan and Maria Leonor Pacheco . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 372

Hallucinated Span Detection with Multi-View Attention Features
Yuya Ogasa and Yuki Arase . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 381

AdvERSEM: Adversarial Robustness Testing and Training of LLM-based Groundedness Evaluators via
Semantic Structure Manipulation

Kaustubh Dhole, Ramraj Chandradevan and Eugene Agichtein . . . . . . . . . . . . . . . . . . . . . . . . . . . .395

Connecting Concept Layers and Rationales to Enhance Language Model Interpretability
Thomas Bailleux, Tanmoy Mukherjee, Pierre Marquis and Zied Bouraoui . . . . . . . . . . . . . . . . . 409

Towards Evaluation of Language Models with Skill Dimensions: A Case Study on Narrative Question
Answering

Emil Kalbaliyev and Kairit Sirts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 430

Potentially Problematic Word Usages and How to Detect Them: A Survey
Aina Garí Soler, Matthieu Labeau and Chloé Clavel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 441

ix



Proceedings of the 14th Joint Conference on Lexical and Computational Semantics (*SEM 2025), pages 1–12
November 8-9, 2025 ©2025 Association for Computational Linguistics

ChengyuSTS: An Intrinsic Perspective on Mandarin Idiom Representation

Le Qiu1∗, Emmanuele Chersoni1, Aline Villavicencio2,3,4

1The Hong Kong Polytechnic University, Hong Kong SAR
2The University of Exeter, UK 3The University of Sheffield, UK

4Federal University of Rio Grande do Norte, Brazil

Abstract

Chengyu, or four-character idioms, are ubiqui-
tous in both spoken and written Chinese. De-
spite their importance, chengyu are often under-
explored in NLP tasks, and existing evaluation
frameworks remain limited in scope and depth.
In this paper, we introduce an intrinsic evalua-
tion task for Chinese idiomatic understanding:
idiomatic semantic textual similarity (iSTS),
which evaluates how well models can capture
the semantic similarity of sentences containing
idioms. To this purpose, we present a curated
dataset: ChengyuSTS. Our experiments show
that current pre-trained sentence Transformer
models generally fail to capture the idiomaticity
of chengyu in a zero-shot setting. We then show
results of fine-tuned models using the SimCSE
contrastive learning framework, which demon-
strate promising results for handling idiomatic
expressions. We also presented the results of
DeepSeek for reference 1

1 Introduction

Among multi-word expressions (MWEs), id-
iomatic expressions (IEs) are distinctive as they are
often non-compositional, suggesting their mean-
ings may not be straightforwardly derived from
individual words (Baldwin and Kim, 2010; Zeng
and Bhat, 2021). For example, the phrase spill
the beans can be interpreted either literally as tip-
ping over the pulse, or figuratively as revealing
a secret. The mix of compositionality and non-
compositionality of IEs has imposed significant
challenges on various natural language processing
(NLP) tasks, including sentiment analysis, machine
translation, and more. Proper representation of IEs
hence holds significant impacts on linguistics and
NLP research.

The present study brings its attention to IEs in
the Chinese language or成语 (chengyu), which lit-

∗Correspondence: lani.qiu@connect.polyu.hk
1Data and code are available upon https://github.com

/Laniqiu/ChengyuSTS.

画蛇添足

Literal: to draw a snake and add feet to it

Figurative 1: to ruin the effects by adding something
superfluous

Figurative 2: to fabricate something out of thin air

Table 1: A prototypical example of chengyu: 画蛇添足. It
originates from an ancient fable: In a snake-drawing contest,
a man finished first but tried to improve it by adding extra legs.
He ended up ruining the drawing and lost to another contestant,
who kept his snake simple and unadorned. The phrase 画
(to draw) 蛇 (snake) 添 (to add) 足 (foot) compositionally
outlines the story, and two extra figurative meanings have
been derived on the basis.

erally mean set phrases and are often referred to as
Chinese idioms or four-character idioms, as they’re
prototypically exhibited to be collocations of four
characters (chengyu are not always made up with
four characters, nor four-character combinations
are necessarily chengyu). While Chinese idioms
can include various forms of IEs, such as slangs
(俚语, liyu), sayings (俗语, suyu), proverbs (谚语,
yanyu), and more, the term Chinese idiom in this
study refers exclusively to chengyu.

In contrast to idioms in Western languages,
which usually resemble regular phrasal construc-
tions (Cacciari, 2014), Chinese idioms frequently
deviate from the syntactic norms of modern Man-
darin. They are typically compact and synthetic in
structure, and exhibit opacity in semantics (Tsou,
2012; Liu and Su, 2021), as shown in Table 1.
This characteristic adds to their expressive rich-
ness but poses challenges for interpretation without
adequate socio cultural knowledge.

Researchers have made efforts to improve IE
representations. For instance, Zeng and Bhat
(2023) have created context-aware representations
for English PIEs, by unifying BART’s (Lewis,
2019) ability to generate compositional meanings
with an idiomatic adapter that captures their non-
compositional meanings (Zeng and Bhat, 2022).

1
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For Chinese IEs, Wu et al. (2024) have proposed to
boost idiomatic representations by mitigating the
inconsistency between different semantic represen-
tations using multi-semantic contrastive learning.
However, evaluations of Chinese idiomatic repre-
sentations so far have been carried out in more
limited settings, compared to English studies. Id-
iomaticity representation can be accessed extrinsi-
cally, through performance on downstream tasks
such as machine translation, or intrinsically, by
probing the linguistic properties encoded within
the representations (Zeng and Bhat, 2023; He et al.,
2024a). While studies on English IEs leverage both
extrinsic and intrinsic methods (e.g. Zeng and Bhat,
2021, 2022, 2023), varying in task genres, work
on Chinese idioms has largely depended on cloze-
style tasks (e.g. Long et al., 2020; Wu et al., 2024).
While such tasks directly assess language ability
and are intrinsic in nature, they emphasize specific
contextual use and are thus relatively less intrin-
sic than evaluations based on STS or embedding
analysis, which focus more on semantic structure
and are therefore reflect a deeper level of intrinsic
evaluation. For simplicity, we refer to the former as
relatively extrinsic, without implying the standard
extrinsic evaluation based on downstream tasks.

The observed limitations arise from multiple as-
pects, including a lack of diverse evaluation meth-
ods and datasets. In light of this, the study takes
the initiative to explore the intrinsic evaluation of
idiomatic representation in Mandarin. Inspired
by Tayyar Madabushi et al. (2022), we adopt the
iSTS task (see section 3) as an intrinsic method
and present an STS (semantic textual similarity)
benchmark on Chinese idioms: ChengyuSTS. The
dataset could provide a novel alternative for assess-
ing Chinese idiom representations from an intrin-
sic perspective. Additionally, we investigated the
performance of several Transformer models and
DeepSeek (DeepSeek-AI, 2025) on the dataset. To
our knowledge, this is the first evaluation of this
new LLM (large language model) on Chinese id-
iomatic representations. Plus, we introduce several
baseline models trained with contrastive learning,
with the best ones yielding results comparable to
DeepSeek.

The following sections are organized as follows:
Section 2 introduces some related work and section
3 details the task setup and dataset creation. Section
4 presents the evaluation setup and results. Finally,
section 5 concludes the current study and suggests

directions for future work.

2 Related Work

2.1 MWE Representation

MWEs, such as IEs, have been a longstanding hard-
nut for NLP (Sag et al., 2002; Liu et al., 2017;
Shwartz and Dagan, 2019; Biddle et al., 2020; Zeng
and Bhat, 2022). Studies have suggested that PLMs
(pre-trained language models) such as BERT (in
its basic version) cannot model idiomaticity prop-
erly (Shwartz and Dagan, 2019; Wu et al., 2024).
Even ChatGPT models (Brown, 2020), as power-
ful as they can be, have exhibited limitations in
interpreting IEs (Raunak et al., 2023).

Early attempts to model MWEs, including IEs,
generally employed either a distributional or a
compositional approach. The distributional ap-
proach treats the entire phrase as a single, insep-
arable unit, learning its embedding from the con-
text, much like the process for individual word em-
beddings (Mikolov, 2013; Yin and Schütze, 2014,
2016). While effective, this approach often re-
quires large-scale corpora and thus is prone to data
sparsity issues. On the other hand, the composi-
tional approach constructs phrase embeddings by
aggregating the embeddings of constituent words
(Mitchell and Lapata, 2010; Yu and Dredze, 2015),
but it struggles to represent non-compositional
phrases such as IEs. Given these limitations, hy-
brid approaches have been developed to jointly
learn phrase embeddings (Hashimoto and Tsu-
ruoka, 2016; Li et al., 2018a,b).

Recent work has sought PLMs for IE represen-
tation using adaptive and contrastive learning tech-
niques. Zeng and Bhat (2022) pioneered this di-
rection by introducing GIEA, a contextualized em-
bedding model that captures non-compositional se-
mantics with an idiomatic adapter added to BART
(Lewis, 2019). Building on this, they further de-
veloped PIER (Zeng and Bhat, 2023), a refined
model that has been shown to effectively balance
compositional and non-compositional representa-
tions of IEs. Additionally, He et al. (2024a) and
Wu et al. (2024) integrated contrastive loss into
their methods, respectively, enabling the models
to better distinguish between different semantic
interpretations. Studies have also found that in-
corporating external linguistic knowledge, such as
hypernymy, synonyms or definitions can enhance
model performance (Long et al., 2020; Wang et al.,
2020; Sha et al., 2023).
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2.2 Representation Evaluation

Word embeddings, by design, represent words as
vectors, such that the proximity between vectors
reflects semantic similarity relationships between
the corresponding words (Schnabel et al., 2015;
Bakarov, 2018). Their evaluation can be catego-
rized into extrinsic and intrinsic methods.

Extrinsic methods evaluate representations based
on their contribution to downstream tasks, such as
machine translation, sentiment analysis or natural
language inference, using the task-specific metrics
as indicators of quality (Chiu et al., 2016; Zhou
et al., 2024). However, the final performance can
be influenced by several confounding factors, in ad-
dition to evaluating idiomatic accuracy. In contrast,
intrinsic evaluation directly examines embeddings,
often assessing their alignment with human judg-
ments regarding similarity or relatedness between
words (Schnabel et al., 2015; Chiu et al., 2016;
Tsvetkov et al., 2016). By approximating these rel-
evant tasks (e.g., to examine semantic similarity),
intrinsic methods evaluate the general properties
of word embeddings, without the need to perform
each task of the sort (Tsvetkov et al., 2016) and
indeed they represent a popular choice for analyz-
ing the linguistic knowledge encoded in embed-
dings (Lenci et al., 2023; A et al., 2024; Ascari
et al., 2024). Besides, they could provide insights
into the traits that influence model performance in
downstream tasks, and thus guide targeted improve-
ments. As an example of intrinsic evaluation target-
ing compositionality, Senaldi et al. (2016) built a
dataset of Italian verbal idioms and compositional
expressions, and then built lexical variants of their
items by replacing some of their constituents with
semantically-related words. Their results showed
that idioms have a lower similarity to their lexical
variants in distributional embedding spaces, com-
pared to compositional verb phrases.

On IE representations specifically, extant work
adopts both extrinsic (e.g. Škvorc et al., 2022;
Chakrabarty et al., 2022) and intrinsic methods (e.g.
Dankers et al., 2022; He et al., 2024a). However,
datasets that could be leveraged for intrinsic evalu-
ations are mostly available in Western languages,
including English, Portuguese and Galician, such
as MAGPIE (Haagsma et al., 2020), AStitchIn-
LanguageModels (Tayyar Madabushi et al., 2021),
NCTTI Garcia et al. (2021a), and data from Se-
mEval2022 (Tayyar Madabushi et al., 2022). For in-
stance, Zeng and Bhat (2022, 2023) discussed their

intrinsic evaluation tasks — embedding clustering
and embedding differentiation — using the MAG-
PIE dataset. The clustering task involves grouping
IE embeddings into clusters and examining the ho-
mogeneity within each cluster to determine if the
model produces high-quality embeddings for PIEs
that share similar meanings. The differentiation
task, on the other hand, assesses a model’s abil-
ity to distinguish between the literal and idiomatic
meanings of the same PIEs within the given context.
In a separate stream, He et al. (2024a), focusing
on noun compounds (NC) in MWEs, presented
their dataset NCIMP for probing the idiomaticity
of NCs in English and Portuguese. Besides, they
extend the probes from previous work such as Gar-
cia et al. (2021b) and Klubička et al. (2023) and
propose a set of measures: Affinity and Scaled Sim-
ilarity. Both are relevant to similarity measuring.
Affinity examines if an NC is more similar to its
synonyms than to other semantically related targets
and distractors, while Scaled Similarity magnifies
the similarities in a specific vector space by intro-
ducing a rescaling factor (e.g., a random item as
the lower bound).

In contrast, Chinese idiom datasets such as ChID
(Zheng et al., 2019), PETCI (Tang, 2022), CCT
(Jiang et al., 2018), CIP (Qiang et al., 2023), and
IDIOMKB (Li et al., 2024), are primarily con-
structed to examine idiom behaviors in applied
tasks, including cloze tests, translation, and para-
phrasing. CHENGYU-BENCH (Fu et al., 2025), a
most recent benchmark, integrates Chengyu-Bench,
encompasses three distinct tasks. However, its core
focus remains on evaluating surface-level contex-
tual competence, rather than deeper semantic under-
standing. These resources often lack fine-grained
annotations on idiom usage, semantic similarity, or
contextual flexibility, making them less suitable for
deeper intrinsic exploration. We argue that this lim-
itation contributes to the scarcity of idiom-focused
intrinsic evaluation frameworks in current research.

2.3 Idiomatic Semantic Textual Similarity

STS has long been a prominent area in the linguis-
tics and NLP communities. Notable studies revolve
around the general domain, such as OCNLI (Hu
et al., 2020), and STS benchmarks (Agirre et al.,
2016, etc.), yet few are dedicated to the idiomatic
STS (iSTS) in the Mandarin language.

The iSTS task, initially introduced by Tay-
yar Madabushi et al. (2021), is rooted in such a

3



theory: if a model accurately encodes an MWE,
the embedding of a sentence containing the MWE
should be semantically similar to the embedding of
the same sentence where the MWE is substituted
with another phrase. Two cases arise depending on
the substitution:

1. The MWE has been paraphrased appropriately.
In this case, the sentence pairP (S,Ac), where
S is the original sentence, Ac is derived from
S by correctly paraphrasing the target MWE,
should have a semantic similarity approximat-
ing 1.

2. The MWE has been replaced inappropriately.
In this case, two sentence pairs P (S,Ai) and
P (Ac, Ai), whereAi is derived from incorrect
paraphrasing, should have roughly the same
similarities (see Table 2 for demonstration).

This iSTS setting can be formulated as in Equa-
tion 1. It assesses if a model genuinely captures
the meaning of an MWE by evaluating its abil-
ity to identify semantically similar/ dissimilar sen-
tence pairs. A major strength is that it doesn’t
require human-annotated scores for incorrect sen-
tence pairs, making it highly efficient for data anno-
tation. The method was adopted by SemEval 2022
(Tayyar Madabushi et al., 2022; He et al., 2024a,b)
as an intrinsic alternative for MWE evaluation on
non-Chinese datasets.

∀i∈I, c∈C
Sim(S,Ac) ≈ 1;

Sim(S,Ai) ≈ Sim(Ac, Ai)
(1)

The current study has the goal of the intrinsic
evaluation of the representation of Chinese idioms,
to provide a benchmark that is independent of
downstream task performance and to diversify eval-
uation in idiom research.

3 Chinese Idiomatic STS

3.1 Task Statement
We adapted the iSTS framework (see section 2.3)
for the intrinsic evaluation of Chinese idioms and
created a new dataset: ChengyuSTS, inspired by
the work of Tayyar Madabushi et al. (2021, 2022).
ChengyuSTS requires constructing sentence pairs
via paraphrasing or replacements. The replace-
ments can take varied forms:

For a correct replacement, a Chinese idiom
can be substituted with a synonymous or a near-
synonymous unit, which could be a single word,

an idiom, or a phrase. Alternatively, it can be
paraphrased using an explanatory expression that
conveys its meaning or a literal interpretation that
allows the figurative meaning of the idiom to be
inferred. Conversely, incorrect replacements may
involve words, idioms, or phrases that are antony-
mous, contextually inappropriate, or distort the sen-
tence’s original meaning. In this sense, the replace-
ments could also be idiomatic. Examples can be
found in Table 3.

The subsequent sections detail the dataset cre-
ation pipeline.

3.2 Sample Selection

The idiom vocabulary and raw samples are col-
lected from existing resources, including ChID
(Zheng et al., 2019), CIP (Qiang et al., 2023) and
CCT (Jiang et al., 2018). ChID holds a large
collection of four-character Chinese idioms and
serves as a gold benchmark for the task of Chi-
nese idiom cloze reading comprehension. The CIP
dataset is converted from a machine translation cor-
pus – WMT18 (Bojar et al., 2018) and the CCT
dataset contains idioms and sentences crawled on-
line. Given that the texts in ChID are primarily long
paragraphs extracted from formal sources (novels,
essays and news articles), the inclusion of CIP
and CCT could contribute to the diversity of the
ChengyuSTS dataset.

The idiom vocabulary was primarily constructed
using ChID, as its idioms have been specially col-
lected and filtered based on frequency. We also en-
sured that the selected idioms are included in Xin-
hua Dictionary2, an authorized Chinese-language
dictionary that contains over 45,000 idioms with
rich meta information. For each idiom, about 3
contexts were sampled across all corpora. We ex-
cluded those sentences where the target idiom ap-
pears more than once or is only mentioned or re-
ferred to. For example, in他在演讲中用到了“
画蛇添足”这个词。(He used the word of "hua
she tian zu" in his speech.), the idiom画蛇添足 is
simply referred to, instead of being used in a real
context. We try to exclude such instances. Also,
to minimize the noise from excessively long texts,
the text length is restricted to [20, 70], with ChID
samples truncated to fit within this range.

2https://github.com/pwxcoo/chinese-xinhua.git
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S Ac Ai Expectation

It’s a blood bath. It’s a massacre. It’s a sanguine fluid bath.
Sim(S,Ac) = 1;

I feared that taking it would
make me a guinea pig.

I feared that taking it would
make me a test subject.

I feared that taking it would
make me a pig.

Sim(S,Ai) = Sim(Ac, Ai)

Table 2: Examples of the iSTS data from Tayyar Madabushi et al. (2022). MWEs and their replacements are in bold. For
brevity, sentences are shortened.

Original sentence Correct replacement

E1
巴士的乘客被撞死，火车中的旅客却{安然无恙}。 巴士的乘客被撞死，火车中的旅客却{毫发无损}。

Passengers on the bus were killed in the crash, while the
passengers on the train were {safe and sound}.

Passengers on the bus were killed in the crash, while the
passengers on the train were {completely unscathed}.

E2
这些规定{朝三暮四}，叫人无所适从。 这些规定{经常变动}，叫人无所适从。

These regulations are {full of chop and change}, leaving
people at loss.

These regulations are {consistently changing}, leaving
people at loss.

E3
你会让这个{稳如泰山}的星座苦恼不安。 你会让这个{像泰山一样稳固}的星座苦恼不安。

You will disturb this zodiac that is {unshakable as
Mount Thai}.

You will disturb this zodiac that is {as solid as Mount
Thai}.

Table 3: Examples of paraphrasing, with target idioms and their replacements enclosed in {}. Only samples of correct
replacement are presented: E1 illustrates the synonym rewording, E2 provides an explanatory substitution, and E3 presents a
literal interpretation. Note that these categories are not strictly distinct, as a synonymous phrase may also be an explanation, etc.

3.3 Paraphrasing

For each raw sentence from section 3.2, we con-
struct its homogeneous and adversarial samples via
correct and incorrect replacements, as outlined in
section 3.1.

In practice, the construction is a collaborative ef-
fort between humans and AI. We aim to ensure that
the paraphrasing process is dynamic and context-
dependent, instead of mechanically substituting an
idiom with a set, pre-determined word/ phrase. The
use of AI, besides reducing the annotation work-
load, brings more diversity to the process, thanks
to its stochasticity.

Initially, ChatGPT (OpenAI, 2024) is used to
paraphrase the target idiom in each sentence us-
ing a given candidate, while retaining grammat-
icality or coherence (an example prompt can be
found in Table 4). These candidate replacements,
including definitions, synonyms, and antonyms,
are extracted from Xinhua Dictionary. Two human
experts – both native Mandarin speakers with a
Master’s degree in linguistics – then compare and
review the AI-generated results. Sentences with
inappropriate paraphrasing are either revised or dis-
carded. In case of an incorrect replacement, the
generated sentence might be slightly incorrect in
grammar, which we deem acceptable considering
that this is a result of manipulation.

This context-aware and flexible paraphrasing

process can produce sentence instances that in-
tegrate both the static meaning of an idiom (its
dictionary definition, literal or figurative) and its
dynamic interpretation (its meaning as shaped by
context). Sometimes, the replacements may be mor-
phological variants of the original idioms, through
reorganization, abbreviation, or modification, such
as 总而言之 -> 言而总之 (in brief ); 必恭必敬
->恭敬 (being respectful);故步自封->固步自封
(being conservative). By analyzing these sentence
pairs, we can better examine whether a model has
truly learned an idiom as a holistic unit and grasped
the full range of its meaning, rather than merely
memorizing its components or capturing a context-
insensitive meaning.

3.4 Final Corpus

A fine-tuned model may cheat in evaluation by
simply assigning a perfect 1 to any sentence pair
(Tayyar Madabushi et al., 2021). To prevent this,
we deliberately spiced the final corpus with stan-
dard STS data. Note that the paraphrased sentences
from section 3.3 may exhibit high lexical and struc-
tural similarity to their original, while regular STS
data may not. For this reason, we chose not to use
common datasets such as the Chinese STS-B (Cer
et al., 2017), as they don’t meet our criteria. Instead,
we retrieved about 6,000 Mandarin sentence pairs
from PAWS-X (Yang et al., 2019a) and LCQMC
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请对以下句子中的成语部分进行改写，尽量保持句子原意和结构不变，并保持改写后的句子语法正确、
自然。

句子：他总是对牛弹琴，没人听得懂他的专业术语。

Idiom：对牛弹琴

Please paraphrase only the idiom in the following Chinese sentence. The paraphrased version should preserve the
original meaning and structure as much as possible, and be grammatically correct and natural.

Sentence: He is always cating pearls before swine — no one understands his technical jargon.

Idiom: 对牛弹琴 (to cast pearls before swine)

Table 4: An example prompt for paraphrasing using ChatGPT.

(Liu et al., 2018), prioritizing those sharing similar
structure and wording. Detailed statistics of the
final corpus are provided in Table 5 and Table 6
displays some data examples.

Idiom Homo. Advrl. Total

Train 3,452
9,129

(1,911)
8,898

(2,223)
18,027
(4,134)

Dev 1,219
1,968
(491)

1,895
(515)

3,863
(1,006)

Test 1,153
1,853
(460)

2,010
(549)

3,863
(1,009)

All 3,452
12,950
(2,862)

12,803
(3,287)

25,753
(6,149)

Table 5: Statistical details of the ChengyuSTS dataset. Num-
bers enclosed in () correspond specifically to the counts from
the standard STS data. Homo. represents a homogeneous
sentence pair, e.g., (S,Ac), and Avrl. denotes an adversarial
sentence pair, i.e., (S,Ai) or (Ac, Ai).

4 Experiments

To establish baseline performance for the
ChengyuSTS dataset, we use PLMs to generate
sentence embeddings for each sentence pair and
then evaluate their alignment with annotations by
measuring their pairwise cosine similarity.

We first evaluated the performance of current
models on the ChengyuSTS dataset in a zero-shot
setting in section 4.1, where a model was tested
without continuing pre-training or fine-tuning on
the ChengyuSTS data. Subsequently, we presented
fine-tuned models under the contrastive learning
framework in section 4.2. The performance was
assessed with the Spearman correlation coefficient,
following Tayyar Madabushi et al. (2022); He et al.
(2024a,b). 3

4.1 Zero-shot Evaluation

Importantly, the sentence representations produced
by most PLMs, such as BERT (Devlin et al., 2018),
are not inherently suitable for the iSTS task due to
anisotropy(Gao et al., 2019; Li et al., 2020), mean-
ing that the embeddings may not be distributed
uniformly across the entire space but rather con-
centrate within a hypercone, leading to a lack of
semantic isometry of the embedding space and in-
troducing biases in cosine similarity measurements
(Gao et al., 2019). As evidenced by Reimers and
Gurevych (2019), sentence embeddings generated
by simply averaging word embeddings or using
the CLS-token output from a Transformer demon-
strate poor performance in STS tasks. Given this,
we sought PLMs that are specifically tailored for
sentence representations and are available in Man-
darin4:

• Chinese-SBERTgeneral: a Mandarin-adapted
sentence Transformer trained for Mandarin
STS task.

• Chinese-SBERT (Reimers and Gurevych,
2019; Zhao et al., 2019, 2023): a Mandarin-
adapted sentence Transformer, trained for
Mandarin NLI (natural language inference)
task.

• XLM-SBERT a multilingual Sentence Trans-
former for clustering or semantic search tasks.

• XLM-SBERT-MPNet: a multilingual Sen-
tence Transformer for clustering or semantic
search tasks.

3The experimental details, including prompts and parame-
ters, can be found in the GitHub repo.

4Model keys on Hugging Face (sorted in chronologi-
cal order). sbert-base-chinese-nli, sbert-chinese-general-v2,
distiluse-base-multilingual-cased-v1, paraphrase-multilingual-
mpnet-base-v2, simcse-roberta-large-zh and promcse-bert-
large-zh.
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S Ac Ai sim

E1
有的网友{付之一笑}，同
时也有15名网友积极响
应...

有的网友{一笑了之}，同
时也有15名网友积极响
应...

有的网友{大笑不止}，同
时也有15名网友积极响
应...

Some netizens {brushed it
off with a smile}, while 15
others responded actively...

Some netizens {laughed it
off}, while 15 others re-
sponded actively...

Some netizens {couldn’t
stop laughing}, while 15 oth-
ers responded actively...

E2
这个丑闻有可能使原本大
有前途的政治生涯{戛然
而止}。

这个丑闻有可能使原本大
有前途的政治生涯{突然
中断}。

1.0

This scandal could {bring
an abrupt end to} what was
once a highly promising po-
litical career.

This scandal could
{abruptly interrupt} what
was once a highly promis-
ing political career.

E3
然而，大多数白马皮肤
呈粉红色，有些则有蓝眼
睛。

然而，大多数粉红马有白
色皮肤和一些蓝眼睛。 0.0

However, most white horses
have pink skin, and some
have blue eyes.

However, most pink horses
have white skin, and some
have blue eyes.

Table 6: Examples from the ChengyuSTS dataset. Target idioms and their replacement in iSTS data are denoted by {}. The
original sentence S and its correct paraphrase Ac share the same translation, and the translation for its incorrect paraphrase Ai

might be partially omitted. For instances with an explicit sim label (e.g., E2 and E3), we expect the model to produce a score
approximating the label. In other cases (e.g., E1), the model is expected to assign similar scores to (S,Ai) and (Ac, Ai).

S Ac

E1
指挥官还制订在全球多个地点发动{先发制人}或

者报复性袭击的计划。
指挥官还制订在全球多个地点发动{先声夺人}或者报复

性袭击的计划。

The commander has also formulated plans to launch
{preemptive} or retaliatory strikes at multiple

locations around the world.

The commander has also formulated plans to launch
{show-of-force} or retaliatory strikes at multiple locations

around the world.

E2
许巍的歌声给一代人留下了{不可磨灭}的回忆。 许巍的歌声给一代人留下了{不会随时间消逝}的回忆。

Xu Wei’s singing has left an {inedible} memory for a
generation.

Xu Wei’s singing has left a generation with a memory that
won’t fade with time.

Table 7: Hard examples: Only homogeneous sentence pairs (i.e., pairs with an expected similarity of 1) are included. These
examples receive calculated similarity scores lower than 0.6 from both DeepSeek and Chinese-SBERT. It can be observed that
the model struggles to identify similarity when the target idiom is replaced with either a near-synonym (e.g., E1) or a literal
interpretation (e.g., E2), suggesting the models’ weakness in iSTS.

Overall iSTS only

Chinese-SBERT 30.13 47.38

Chinese-SBERTgeneral 37.90 42.32

XLM-SBERT 10.59 32.21

XLM-SBERT-MPNet 21.84 35.98

SimCSE-RoBERTa 40.44 58.75

PromCSE-BERT 42.37 56.81

DeepSeek (R1) 72.67 89.89

Table 8: Spearman correlation scores the zero-shot evaluation
results on the test set (reported in %). Overall indicates scores
on the entire test dataset (3,863 instances), while iSTS shows
the scores solely on the iSTS data (2,834 instances).

• SimCSE-RoBERTa: a RoBERTa trained us-
ing the SimCSE framework (Gao et al., 2021)
for sentence embeddings.

• PromCSE-BERT: a BERT trained using the
PromCSE framework (Jiang et al., 2022) for
sentence embeddings.

Besides, we also presented the evaluation re-
sults with DeepSeek (DeepSeek-AI, 2025), a more
recent and advanced LLM that has outperformed
other LLMs, including GPT-4o (OpenAI, 2024)
and Claude-3.5 Sonnet (Anthropic, 2024), in multi-
ple Chinese benchmarks. In practice, we prompted
the model to assign a similarity score to each sen-
tence pair within [0, 1], where 0 suggests complete
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dissimilarity and 1 perfect similarity.5

The results are provided in Table 8. DeepSeek
achieves a strong performance, while others show
their weakness in discriminating similar/ dissimilar
sentences when Chinese idioms are replaced, even
though they have been (continuing) pre-trained on
large-scale corpora for NLI or STS tasks. This
suggests that such models fall short of modeling
the underlying meanings of idioms (see Table 7).

While the performance of the DeepSeek model
can be seen as an upper bound, the adoption of
specialized approaches may be necessary to im-
prove the understanding of less powerful models
like PLMs. In the next section, we propose an
additional experiment with contrastive learning.

4.2 Contrastive Learning to Mandarin
Idiomatic Representation

Contrastive learning, which brings similar embed-
dings closer and pushes dissimilar ones apart, has
been suggested to enhance the semantic isometry of
embedding spaces. As further evidenced in Table
8, the SimCSE framework exhibits notable advan-
tages in capturing semantic similarity. Motivated
by these findings, we fine-tuned models directly on
Chengyu-STS using the supervised version of Sim-
CSE (Gao et al., 2021). The training objective of
SimCSE within a mini-batch N is defined in Equa-
tion 2, where hi denotes the representation of sam-
ple xi, sim(h1, h2) the cosine similarity between
h1 and h2, and τ is a temperature hyperparameter.

− log
esim(hi,h

+
i )/τ

∑N
j=1(e

sim(hi,h
+
j )/τ + esim(hi,h

−
j )/τ )

(2)

The key aspect of this approach is to construct
a triplet (xi, x+i , x

−
i ) for instance xi, where x+i is

semantically similar to xi and x−i is dissimilar. In
our experiments, we used the correctly paraphrased
instances of xi as positive samples x+i , and their
incorrect paraphrases as negative samples x−i . If
an x+i is unavailable, we duplicate xi as its positive
sample and in the case of a missing x−i , we sample
a random instance from the dataset as a substitute.

In zero-shot evaluation, only a limited range of
models are available. However, for fine-tuning,
we explored a broader variety of base models, in-
cluding Mandarin-adapted BERT, RoBERTa, and

5We didn’t compare other LLMs, as DeepSeek has al-
ready demonstrated superior performance on multiple Chinese
benchmarks, and that evaluation with LLMs is not the major
goal of the study.

Overall iSTS only

BERT-Chinese 60.03 82.81

Chinese-BERT-WWM 63.65 83.95

Chinese-RoBERTa-WWM 63.28 84.40

Chinese-XLNet 44.50 79.87

Table 9: Spearman correlation scores of the fine-tuning exper-
iments results on the test set (reported in %). WWM denotes
whole-word-masking, a pre-training strategy (Cui et al., 2019).

XLNet (Yang et al., 2019b; Cui et al., 2019, 2020)6.
The results, obtained in 4 training epochs, are re-
ported in Table 9.

The fine-tuning results present a great improve-
ment over the zero-shot evaluation. The contrast
between them suggests that current sentence Trans-
formers struggle to model idiomaticity, without spe-
cific adaptation. The fact that Chinese-RoBERTa-
WWM (Cui et al., 2020, 2019) receives the best
fine-tuning performance on iSTS data may stem
from its WWM strategy during the pre-training
phase. By masking entire words rather than compo-
sitional units, the model is encouraged to learn the
representations of complete semantic units, which
aligns well with the fixed structures of idiomatic
expressions. However, the performance drop on
the overall test set may arise from the inherent dis-
crepancy between standard STS tasks and iSTS
tasks (requiring figurative semantic reasoning), in-
dicating that the PLM’s generalization ability is
still limited.

While the SimCSE-fine-tuned models still fall
short compared to DeepSeek, the improvements
they achieved remain meaningful, considering the
gaps between them in model scale (e.g., DeepSeek
has about 7B parameters while Chinese-RoBERTa-
WWM only has about 100M7) and data volume.
The performance gap could be further bridged in
the future with other lightweight strategies.

5 Conclusion and Future Work

Chengyu idioms are an essential component of
Chinese linguistics and cultural heritage, yet their
computational processing remains underexplored
in NLP, due to limited task-specific datasets and
evaluation frameworks.

In this paper, we have introduced iSTS (Tay-
yar Madabushi et al., 2021), the idiom-aware se-

6Model keys on the Hugging Face Hub (sorted in chrono-
logical order): bert-base-chinese, chinese-bert-wwm-ext,
chinese-roberta-wwm-ext, and chinese-xlnet-base.

7Information obtained by using the Transformers library.
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mantic textual similarity task, into Chinese, ac-
companied by a curated dataset ChengyuSTS. Our
experiments reveal that pre-trained sentence Trans-
former models fail to capture idiomaticity in Man-
darin under the zero-shot setting, and we presented
fine-tuned models using SimCSE (Gao et al., 2021),
which significantly improved the performance.

Finally, our work is the first presenting evalua-
tion results for the DeepSeek model on Chinese
idiom representation. DeepSeek achieved by far
the strongest performance, and it will likely repre-
sent the reference for future task approaches.

Limitations

We identify the following limitations in the study:
Data. The paraphrased sentences could be rigid

in syntax or inappropriate in grammar, especially
in the incorrect replacement scenario. Also, due
to time and resource constraints, we could only
source limited amounts of standard STS data from
existing datasets rather than constructing one. The
differences between these datasets and our iSTS
objectives may cause performance discrepancies
(as seen in Table 8 and 9).

Experiments. The limited variety of Sentence
Transformers and CSE models on Mandarin re-
stricts our exploration under the zero-shot setting.
And our fine-tuning experiments only employ the
SimCSE framework. Future work should incorpo-
rate more diverse model families and contrastive
learning paradigms.
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2. So I ask this Question: 
How do clouds form?

3. I receive an Answer: Clouds form when 
water vapor in the air cools and condenses into 
tiny droplets or ice crystals.

6. So I ask this Follow-up Question: 
(2) What causes the water vapor in the air to 
cool down?

1. I want to know this Knowledge:
(1) The key components needed for cloud 
formation
(2) The process of change and what triggers it
(3) The factors that influence cloud shape

4. I still want more Information: 
(1) Other essential components besides water
(2) The trigger for cooling down
(3) The factors that influence cloud shape

5. Several Follow-up Questions may be: 
(1) Where do the tiny droplets or ice crystals 
gather when they form clouds?
(2) What causes the water vapor in the air to 
cool down?
(1) What factors affect how clouds form?

Learner

Figure 1: Illustration of a learner’s cognitive process in generating follow-up questions.
Green: Implicit cognitive stages; Callouts: Explicit (question, answer, follow-up) triplets collected for the dataset.

Abstract

Generating diverse follow-up questions that
uncover missing information remains chal-
lenging for conversational agents, particularly
when they run on small, locally hosted models.
To address this, we develop an information-
gap-driven knowledge distillation pipeline1 in
which a teacher LLM generates a comprehen-
sive answer, contrasts it with the initial an-
swer to identify information gaps, and formu-
lates gap-bridging follow-up questions. Us-
ing this pipeline, we augment the existing
FOLLOWUPQG dataset tenfold. We then fine-
tune smaller student models on the augmented
dataset to distill the teacher’s knowledge. Ex-
periments with selected teacher-student model
pairs show that fine-tuned students achieve sig-
nificantly higher informativeness and diversity
than variations trained on the original dataset.
These findings indicate that our pipeline, which
mirrors the human cognitive process of infor-
mation seeking, provides an efficient distil-
lation channel from state-of-the-art LLMs to
smaller models, enabling resource-constrained
conversational systems to generate more di-
verse and informative follow-up questions.

1 Introduction

Asking questions is a fundamental mechanism for
humans to acquire new information, particularly

*Denotes Equal Contribution.
1Code available at https://github.com/zheliu92/

nlp_followupqg_public/

when existing information is incomplete. While
large language models (LLMs) excel at passively
answering questions from users, their ability to
proactively guide conversations by identifying and
addressing information gaps remains underdevel-
oped (Liu et al., 2025), with smaller models per-
forming even worse. Therefore, the task of ques-
tion generation (QG) has become a focal point in
natural language processing (NLP) for its role in
improving information-seeking dialogue systems
(Chen et al., 2024)—including, making informa-
tion seeking more accurate and efficient (Qi et al.,
2020), resolving ambiguities (Li et al., 2017), and
ultimately better understanding users’ needs to pro-
vide suitable assistance across various domains (La-
ban et al., 2022; Arslan et al., 2024; Li et al., 2024).

While most existing QG tasks focus on gener-
ating questions directly answerable from a given
context (Zhao et al., 2018; Pan et al., 2020; Ghanem
et al., 2022)—a process that diverges from how hu-
mans infer and pursue missing information, Meng
et al. (2023) propose the FOLLOWUPQG task,
which requires models to generate follow-up ques-
tions that build on, but are not answerable by, the
initial question-answer pair. They create the FOL-
LOWUPQG dataset and show that existing models
often produce repetitive or context-bound questions
that fail to target unexplored information (Meng
et al., 2023). The core challenges of the FOL-
LOWUPQG task can be formulated into two di-
mensions: (1) identifying information gaps, the
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unanswered aspects of the initial question, and (2)
generating diverse questions that target these gaps.

Building on traditional QG methods (Zhao et al.,
2018; Pan et al., 2020; Ghanem et al., 2022), re-
cent work attempts to generate information-seeking
follow-up questions using preference optimization
(Mazzaccara et al., 2024) and knowledge graphs
(Liu et al., 2025), but still lack explicit mechanisms
to model gaps or ensure diversity. To address these
limitations, we propose an information-gap-driven
teacher-student knowledge distillation pipeline. In
our approach, a teacher LLM generates a hypo-
thetical “complete” response to the initial question,
contrasts it with the often incomplete initial an-
swer to identify information gaps, and formulates
gap-bridging follow-up questions. By generating
multiple follow-up questions, each targeting some
unanswered information, this pipeline ensures the
diversity and informativeness of the follow-up ques-
tions. For example, in Figure 1, if the initial an-
swer to “how do clouds form?” is “clouds form
when water vapor cools,” a comprehensive answer
might add “. . . and condenses around dust par-
ticles,” which explicitly exposes the gap through
contrast and leads to an informative follow-up ques-
tion such as “What role do particles play in cloud
formation?”

Our pipeline can be applied across different
teacher-student model pairs. In this work, we
use GPT-4o (2024-02-15-preview) as the teacher
model and BART-large as the student model to ver-
ify the pipeline. Specifically, we use GPT-4o to
generate the comprehensive answers and follow-
up questions. After verifying the quality of the
follow-up questions via human evaluation, we then
augmented the original FOLLOWUPQG training set
tenfold and fine-tuned BART-large on both the orig-
inal dataset and our augmented dataset. Leveraging
GPT-4o to generate high-quality training data, and
then distilling the teacher’s knowledge into smaller
models, our approach achieves strong performance
at a significantly lower cost. The experimental
results demonstrate significant improvements of
the augmented dataset over the baselines, both in
terms of quality (validity, relevance, informative-
ness, etc.) and diversity. Our contributions are as
follows:
• We propose an information-gap-driven teacher-

student knowledge distillation pipeline that gen-
erates follow-up questions through contrastive
analysis of initial answers and generated compre-
hensive answers.

• We augment the FOLLOWUPQG training set with
over 25,000 high-quality synthetic examples.

• Experimental results show that small models
fine-tuned on our augmented dataset outperform
peer small-model baselines and achieve near par-
ity with representative LLM-based Teacher and
Chain-of-Thought models.

2 Related Work

Question generation (QG) focuses on automati-
cally generating semantically meaningful and well-
structured questions based on a given text (Ali
et al., 2010). While traditional QG techniques have
made significant strides in domains such as ma-
chine comprehension (Du et al., 2017; Uto et al.,
2023), e-commerce (Wang et al., 2021), and edu-
cation (Luo et al., 2024), they primarily generate
questions based on known answers. This approach
contrasts sharply with human questioning behavior,
which actively seeks new information from various
perspectives. This limitation has led to the emer-
gence of FOLLOWUPQG, a task whose goal is to
generate questions that explore previously unan-
swered or underexplored aspects of a given text.

FOLLOWUPQG has evolved from simpler meth-
ods, such as template-based and retrieval-driven
approaches (Kumar and Joshi, 2017; Soni and
Roberts, 2019; B et al., 2020), to more advanced
techniques that prioritize informativeness (Ma-
jumder et al., 2021; Mazzaccara et al., 2024).
Knowledge-enhanced approaches, like those in Ge
et al. (2023) and Gupta et al. (2022), leverage entity-
relation pairs and knowledge graphs to improve the
depth of the generated questions. Further advanc-
ing this, Liu et al. (2025) combined knowledge
graphs with LLMs to increase question informa-
tiveness. Efforts to model human-like questioning
behavior, such as InquisitiveQG (Ko et al., 2020),
have relied on crowd-sourced follow-up questions
written for news articles rather than those naturally
generated by humans, leading to a lack of depth
and cognitive diversity.

We follow the setting of the FOLLOWUPQG
(Meng et al., 2023), which formalizes information-
seeking follow-up question generation. Based on
questions and answers from the ELI5 (explain like
I’m 5) subreddit, follow-up questions in this dataset
build upon—but are not answerable by—the ini-
tial question-answer pair, resembling real-world
dialogues where follow-ups resolve ambiguities or
deepen understanding.
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Data Augmentation Pipeline

Initial Answer: 
If someone gets access to 
these records, they could use 
them to cause you trouble.…

GPT-4o

3. Privacy & Ethics

2. Cybersecurity

1.Legal and Compliance

Data retention is the 
practice of storing…

Generated Answers

GPT-4o

Comprehensive Answer

Data retention…to meet legal, 
regulatory requirements… 
investigate security 
incidents…can lead to privacy 
issues…

GPT-4o

Comprehensive Answer:
…investigate security 
incidents…which can lead to 
privacy issues…

Initial Answer:
If someone gets access to 
these records, they could use 
them to cause you trouble.…

Comprehensive Answer

…investigate security incidents, trace 
unauthorized activities…
…can lead to privacy issues and the 
risk of data breaches…
…analyzing changes in behaviors, 
economic patterns, health records…

Allows organizations to 
investigate security 

incidents…

Provides vital longitudinal 
data required for analyzing 

changes in behaviors…

Comprehensive Answer Generation

Information Gap Identification

Information Gap #3:
Validates that backup methods 
are secure and tested to avoid 

New Information

Initial Question: 
What is Data Retention and 
should I be worried about it?

Follow-up Question Generation

GPT-4o

Follow-Up Q3: "How 
can historical data 
support policy 
development?",

Follow-Up Q2: "How do 
organizations verify the 
accuracy and relevance 
of their retained data 

Follow-Up Q1: "What 
kinds of legal and 
regulatory requirements 
might mandate data 
retention?"

Information Gap #2:
Provides vital longitudinal data 
requiredInformation Gap #1:

Allows organizations to 
investigate security incidents…

Initial Answer: 
If someone gets access to 
these records, they could use 
them to cause you trouble.…

Initial Question: 
What is Data Retention and 
should I be worried about it?

Figure 2: Data augmentation pipeline. For a Q&A pair, a comprehensive answer is first generated to the question.
By comparing it with the initial answer, information gaps are identified. Finally, multiple follow-up questions are
generated targeting those gaps.

Meng et al. (2023) found that models often pro-
duce questions that are either repetitive or fail to
target unexplored information, thus lacking the
cognitive diversity and variability seen in human
questioning strategies (Sultan et al., 2020). While
follow-up QG has made significant progress, exist-
ing approaches largely focus on generating ques-
tions directly, using various model architectures
and knowledge enhancement techniques (Ge et al.,
2023; Liu et al., 2025). Our work, however, takes
a novel approach inspired by the human cogni-
tive process that models information gaps and uses
them to guide the follow-up question generation.

3 Data Augmentation

Effective FOLLOWUPQG requires models to infer
and target gaps between the provided answer and
the broader context of a conversation. Following
the task definition by Meng et al. (2023): “to gener-
ate follow-up questions that seek new information
given the initial question and answer”, we denote
the “initial question” as IQ, “initial answer” as IA,
and the “follow-up question” as FQ. We identified
critical limitations in the training dataset, includ-
ing quality issues, which we addressed through
dataset cleaning (§3.1). To overcome the small
scale (2,790 instances) and low diversity of the
dataset, we present a novel data augmentation

pipeline (§3.2). Finally, we demonstrate that the
augmented dataset retains high quality (§3.3).

3.1 Data Cleaning

The FOLLOWUPQG dataset is limited by its small
scale, comprising 3,790 samples: 2,790 for training,
500 for validation, and 500 for testing. Within
the 2,790 training instances, there are only 2,651
unique (IQ, IA, FQ) triplets, indicating duplication.
Moreover, the dataset consists of 2,648 unique (IQ,
IA) pairs, meaning that 99.8% of the (IQ, IA) pairs
have only one reference FQ. Training models on
this set could thus lead to poor follow-up question
diversity. Our further analysis also uncovered data
quality issues, likely stemming from automated
data collection (see Appendix A). To improve the
data quality, we did the following:
• Deduplication: We removed 139 duplicate (IQ,

IA, FQ) triplets.
• Reference quality check: We manually filtered

out 84 instances where the reference FQ diverged
entirely from the initial question.

• Sensitive content removal: We excluded 24 in-
stances involving topics like self-harm or crime,
which LLMs are likely to refuse to answer.
The cleaned dataset (2,543 instances) retained

broad topic coverage, containing 2,533 unique (IQ,
IA) pairs.
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3.2 Augmentation Pipeline
As discussed in §3.1, the limited scale of the dataset
and the lack of follow-up question diversity hinder
the coverage of diverse questioning strategies, re-
stricting model generalization. To address this, we
design a GPT-4o-based pipeline that augments the
original dataset by generating additional follow-up
questions. Our pipeline simulates human reasoning
through three interconnected stages: comprehen-
sive answer generation, information gap identifica-
tion, and follow-up question generation.2

Comprehensive answer generation. To identify
gaps in the IA, we generate a comprehensive an-
swer (CA) that represents a complete and thor-
ough response to the IQ. As shown in Figure 2,
we prompt GPT-4o iteratively to generate answers
to IQ that target different perspectives, and synthe-
size a unified CA. More specifically, GPT-4o was
prompted to generate a combination of new and
different answers that do not overlap with the other
answers, where each answer focuses on a unique
aspect not covered in the other generated answers.

Information gap identification. The next step
is to identify key concepts or details discussed in
the comprehensive answer (CA) but not covered in
the initial answer (IA). This is done by prompting
GPT-4o. As shown in Figure 2, the initial answer
covers the topic of privacy issues but does not cover
areas of cyber security (i.e. an information gap).
To confirm the validity and reasonableness of the
comprehensive answers and identified information
gaps, we manually evaluated a random sample of
comprehensive answers and ensured that they were
accurate and reasonable. Examples of comprehen-
sive answers can be seen in Table 7 and Table 23.

Follow-up question generation. Using the iden-
tified information gaps, we prompt GPT-4o to gen-
erate follow-up questions that address those gaps
while maintaining contextual relevance to the IQ
and IA. The generated questions must meet three
criteria: be (1) answerable by the CA, (2) unanswer-
able by the IA, and (3) grounded in terminology
and context from the IQ.

After augmentation, each (IQ, IA) pair now in-
cludes an average of 10.95 FQs. To preserve the
original FOLLOWUPQG format, we automatically
remove artifacts such as bullets or numbering from
the generated FQs and merge them with the cleaned

2Please refer to Appendix B for the LLM prompts used
for the following stages.

human-written examples. The resulting dataset
comprises 27,874 samples—about 10× the origi-
nal size—and better reflects the open-ended nature
of human questioning, providing models with di-
verse, explicit signals for addressing information
gaps.

3.3 Augmented Data Validation

To assess the quality of the generated follow-up
questions, we conducted a human evaluation study
on Cloud Connect, using Meng et al. (2023)’s sur-
vey. To ensure high-quality annotations, we re-
stricted participation to native English-speaking
annotators with a minimum of 1,000 completed
annotation tasks and an approval rating exceeding
90%. A randomly sampled subset of 100 (IQ, IA,
FQ) triplets was evaluated based on three key cri-
teria: (1) whether the FQ was a valid question,3

(2) whether any component of the triplet contained
sensitive information, and (3) the degree of relat-
edness between the FQ and the (IQ, IA) pair. The
full survey format, including example annotations,
is provided in Appendix C. The results show that
94% of the FQs are labeled as valid, 92% as not
sensitive, and 91% are related to the original (IQ,
IA) pair. Inter-annotator agreement was moderate,
with a Cohen’s Kappa score of κ = 0.73 (Cohen,
1960).

4 Experiment Setup

Model Variants. To assess our proposed pipeline
and augmented dataset, we fine-tuned BART-large
(Lewis et al., 2020) (24 layers, 16 attention heads,
hidden size = 1024) on several versions of the FOL-
LOWUPQG data (Meng et al., 2023), producing
three model variants. BART-large is a seq2seq
model that conditions on the concatenated IQ and
IA to generate an FQ. We chose it as our base
model because of its strong performance reported
by Meng et al. (2023). As their implementation
is not public, we reproduced their training setup
(batch = 8, epochs = 10, Adam (Kinga et al., 2015))
and found that the original learning rate of 5e-5
caused instability, so we reduced it to 2e-5; all
other hyperparameters remain unchanged.4

3Following Meng et al. (2023), a valid question must
be in a question format and ask for meaningful information,
including Wh-questions (what/why/where/etc.), open-ended
questions, probing questions, etc.

4Full hyperparameter details and reproduction results are
provided in Appendix D.
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Figure 3: The ORG/AUG/FULL Dataset. ORG is
the original dataset of ELI5 from the FollowupQG pa-
per. We augment ORG using GPT-4o. FULL combines
ORG with all GPT-4o-generated data (about 10× larger).
AUG is a random sample of only GPT-4o-generated in-
stances, equal in size to ORG and excluding its data.

We report three variants trained on the FOL-
LOWUPQG training set as shown in Figure 3:
the ORG model is trained on the 2,790 original
instances from Meng et al. (2023) and serves
as our small-model baseline; the AUG model,
trained on a size-matched random sample of 2,790
GPT-generated questions from our augmentation
pipeline (Sec. 3.2) to isolate the effect of data qual-
ity; and the FULL model, trained on the entire
27,874-instance augmented dataset. All variants
share identical hyperparameters and are evaluated
on the original FOLLOWUPQG validation and test
splits.

Decoding. To generate diverse but contextually
relevant follow-up questions, we input the initial
question and answer into the model in the following
format: IQ <SEP> IA, and generate 10 follow-up
questions by applying beam search with a beam
width of 20, selecting the top 10 candidates. We
added a diversity penalty of 10 to encourage unique
outputs across the groups and set the temperature
to t = 1.0 to maintain a balance between diversity
and coherence. The maximum length for each gen-
eration is set to 1024 tokens. Duplicate generations
are removed.

LLM Baselines. Beyond the three BART vari-
ants, we evaluated two GPT-4o baselines that repre-
sent current large-model performance. The Teacher
setting executes the full information-gap pipeline
from §3.2 on each test instance, returning GPT-4o’s
comprehensive answer, the identified gaps, and the
resulting follow-up questions. The CoT setting
applies the same chain-of-thought prompt but sup-
presses all intermediate reasoning, outputting only
the follow-up questions. Duplicate generations are
removed as in the BART variants.

Model Total Ungrammatical Filtered (%)

ORG 2349 781 33.25
AUG 1895 68 3.58
FULL 2061 130 6.31

Table 1: Percentage of filtered-out ungrammatical FQs.

Diversity Length (in token)

Model
Distinct-1

(%)
Distinct-2

(%)
Clusters
per FQ Avg. Shortest Longest Std. Dev.

ORG 66.06 91.12 0.651 14.25 3 111 10.13
AUG 77.36 94.41 0.857 13.13 4 24 2.98
FULL 77.09 94.85 0.866 13.17 4 73 3.77

Teacher 77.00 95.07 0.869 11.96 3 25 3.19
CoT 80.65 96.34 0.878 16.36 5 30 4.02

Table 2: Automatic evaluation of follow-up question
generation without human reference.

5 Results

To thoroughly assess the quality of the generated
follow-up questions, we employ both automatic
evaluation (§5.1) and human evaluation (§5.2).
As a first step for both evaluations, we automat-
ically identify and remove ungrammatical ques-
tions based on syntactic parsing (see Appendix E
for a complete description of the filtering process).
Table 1 shows the percentage of ungrammatical
questions that were filtered out for each model.
AUG (3.58%) and FULL (6.31%) produce far fewer
ungrammatical FQs compared to ORG (33.25%),
demonstrating their ability to generate more well-
formed outputs. We focus the rest of our evaluation
on the grammatical questions retained after the fil-
tering.

5.1 Automatic Evaluation

Diversity. We assess the diversity of each set of
FQs at the (IQ, IA) level and average the scores
across the dataset. First, we report Distinct-n (Li
et al., 2016), which measures the average distinct n-
gram in the FQs associated with each (IQ, IA) pair.
Table 2 shows that AUG and FULL achieve com-
parable Distinct-1/2 scores, both exceeding ORG.
Moreover, the AUG Distinct-1/2 scores are compa-
rable to those of the GPT-4o Teacher baseline and
only slightly lower than those of the advanced CoT
model.

We also compute a sentence-level diversity score.
We embed the FQs using all-mpnet-base-v2
(Reimers and Gurevych, 2019) and apply agglom-
erative clustering at a distance threshold of 1.0,
normalizing the number of clusters by the num-
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Model BERT
Sent.
Sim. B1 B2 B3 B4 METEOR ROUGE

ORG 86.28 76.74 40.34 8.49 2.54 1.15 17.57 19.09
AUG 85.72 71.91 32.54 4.02 0.69 0.17 13.84 11.07
FULL 85.74 72.42 32.95 4.19 0.85 0.25 14.16 11.79

Table 3: Automatic evaluation of follow-up question
generation with human reference. ORG (baseline) per-
forms slightly better.

ber of generated follow-up questions. A score of
1 denotes maximum diversity whereas lower val-
ues indicate that questions collapse into the same
cluster. Again, Table 2 confirms the trend that our
augmentation substantially improves the diversity.
Moreover, for both metrics, AUG is statistically
indistinguishable from the GPT-4o Teacher and
CoT baselines, showing that our pipeline elevates
small models to LLM-level diversity on the FOL-
LOWUPQG task.

Average question length. We report the average
question length in terms of the number of tokens.
We hypothesize that shorter questions are gener-
ally more readable. Table 2 lists the average length,
shortest and longest follow-ups, and standard devia-
tion (SD). The ORG model shows the greatest vari-
ation in question length (SD = 10.13). Notably, its
longest follow-up (111 tokens) far exceeds FULL
(73) and AUG (24). In contrast, AUG is the most
consistent (SD = 2.98; max = 24), with FULL close
behind (SD = 3.77)

Qualitatively examining the generated follow-up
questions, we find that AUG and FULL generally
produce concise, well-formed queries, while ORG
sometimes generates very short, vague prompts
(e.g., “So it’s cultural?”). Meanwhile, the longer
questions from ORG and FULL often include extra-
neous conversational filler. Overall, AUG maintains
structured, concise outputs for follow-up questions,
whereas FULL and ORG exhibit greater variability,
occasionally producing overly long or conversa-
tional phrasing. More examples are provided in
§6.1 and Appendix G.

Similarity to the references. To compare our re-
sults with those obtained by Meng et al. (2023),
we perform identical automatic evaluations. We
measure lexical overlap with BLEU-1-4 (Papineni
et al., 2002), METEOR (Lavie and Agarwal, 2007),
and ROUGE-L (Lin, 2004), and semantic sim-
ilarity with BERTScore (Zhang* et al., 2020)
and an embedding-based cosine score computed
with all-mpnet-base-v2 (Reimers and Gurevych,

2019), following Meng et al. (2023). For each met-
ric, we compute the highest score across all gen-
erated follow-ups with the human reference and
report the average for the entire dataset. Table 3
shows a consistent advantage for ORG. This is ex-
pected, as both its training data and the test set
come from the original FOLLOWUPQG distribu-
tion. The lower BLEU scores for AUG and FULL
reflect a common issue in open-ended QG: lexically
diverse yet valid questions are under-rewarded by
n-gram metrics (Pan et al., 2021). In contrast, the
gap between FULL and AUG is much smaller on
BERTScore and embedding similarity, which focus
on semantic alignment and discount stylistic differ-
ences. Consequently, we turn to human evaluation
to capture diversity and nuanced informativeness
that automatic metrics may overlook.

5.2 Human Evaluation

We conducted a human evaluation to assess the
quality of generated FQs on four criteria: valid-
ity, complexity (the level of reasoning required),
relevance, and informativeness (Details listed in
Table 4). We randomly sampled 30 (IQ, IA) pairs
from the FOLLOWUPQG testing set and evaluated
the generated FQs from all five models.

Human evaluation was conducted on Cloud Con-
nect. To ensure high-quality annotations, we re-
stricted participation to native English-speaking
annotators with a minimum of 1,000 completed
annotation tasks and an approval rating exceeding
90%. Annotators interacted with a structured eval-
uation interface (see Appendix H). Each task pre-
sented an initial question, its corresponding answer,
and a generated FQ candidate. Annotators first
assessed whether the FQ was valid. If deemed in-
valid, they proceeded directly to the next task. Oth-

Question Numeric Scale

Validity Is the FQ question a valid
question?

yes (1) / no (0)

Does the FQ contain any of
the following errors?

contains errors: • redundant
• repetitive • wrong seman-
tic collocation (1) / no er-
rors (0)

Complexity Does generating the FQ re-
quire reasoning?

complex (3) / moderate (2)
/ minimal (1) / no (0)

Relevance How relevant is FQ to the
initial question and answer?

strongly (3) / relevant (2) /
slightly (1) / not (0)

Informativeness Does the FQ elicit new in-
formation?

a lot (3) / some (2) / little (1)
/ no (0)

Table 4: The aspects evaluated in the human evaluation
with respect to the follow-up question (FQ).
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ORG AUG FULL

Mean Variance Mean Variance Mean Variance

Validity 0.7324 0.1964 0.9065* 0.0849 0.8743 0.1102
Complexity 0.9274 1.0129 1.4798* 0.9441 1.4454 0.7025
Relevance 1.6236 1.4716 2.0935* 1.0225 1.7377 1.0269
Informativeness 0.7755 0.9563 1.4517* 1.1297 1.2951 0.8223

Table 5: Human evaluation scores for each aspect com-
paring ORG, AUG and FULL. Best results are in bold;
only statistically significant results are marked with an
asterisk.

erwise, they answered four additional evaluation
questions, as detailed in Table 4 (See Appendix F
for the complete annotation guidelines). Each task
was annotated by 3 annotators, yielding substantial
inter-annotator agreement, with an average Cohen’s
Kappa of κ = 0.77 (Cohen, 1960).

Table 5 reports the mean and variance of each
evaluation criterion for ORG, AUG, and FULL.
Overall, AUG achieved the best results across all
criteria, with a statistically significant difference
from the other models (tested with a one-way
ANOVA). Over 90% of the FQs generated by AUG
were considered valid, and these questions were
rated as relevant, somewhat informative, and min-
imally to moderately complex. FULL closely fol-
lows across aspects, while ORG lags behind. The
only aspect on which ORG closely follows FULL is
relevance, aligning with the findings of Meng et al.
(2023) that current models perform well in main-
taining relevance. In sum, the results clearly prefer
the questions generated by AUG, which excel in va-
lidity, complexity, relevance, and informativeness—
qualities essential for meaningful follow-up ques-
tions.

To gauge how effectively our information-gap
pipeline distills LLM knowledge into smaller mod-
els, we repeated human evaluation on the GPT-4o
Teacher and CoT baselines described in §4. Ta-
ble 6 shows that both LLM baselines post slightly
higher mean scores than the distilled AUG model,

Teacher AUG CoT

Mean Variance Mean Variance Mean Variance

Validity 0.9457 0.0514 0.9065 0.0849 0.9647 0.0342
Complexity 1.6227 0.6604 1.4798 0.9441 1.5725 0.7575
Relevance 2.1240 0.7928 2.0935 1.0225 2.4863* 0.5500
Informativeness 1.6744 0.6502 1.4517 1.1297 1.6784 0.8095

Table 6: Human evaluation scores for each aspect com-
paring (i) AUG with Teacher and (ii) AUG with COT
GPT-4o. Best results are in bold; only statistically sig-
nificant results are marked with an asterisk.

yet the difference is statistically significant only
for the RELEVANCE metric. On validity, com-
plexity, and informativeness, AUG—a BART-large
model trained on a random, size-matched subset of
our augmented data—remains statistically indistin-
guishable from the much larger Teacher and CoT
models. These results underscore the strength of
our pipeline: by contrasting initial answers with
LLM-generated comprehensive answers, it simu-
lates the human information-seeking process and
produces synthetic follow-up questions rich in di-
versity and informativeness. Fine-tuning on this
augmented data enables small, locally deployable
models to reach teacher-level quality at a frac-
tion of the inference cost, thereby making high-
performance FOLLOWUPQG feasible on resource-
constrained hardware.

The comparative results across models reveal
key insights into the role of data quality versus
quantity in the task of FOLLOWUPQG. Notably,
AUG, trained on the same number of instances as
ORG but consisting solely of GPT-4o-generated,
high-quality, reasoning-heavy questions, consis-
tently outperforms both ORG and FULL across
most metrics, yielding greater validity, complex-
ity, relevance, and informativeness. This indicates
that data quality is more critical than dataset size.
Despite consisting of ten times more training data,
FULL failed to surpass AUG, likely because remain-
ing lower-quality or low-reasoning examples from
the original dataset dilute learning. These findings
challenge the assumption that larger datasets auto-
matically improve performance and underscore the
value of targeted augmentation with strict quality
control. Future work should explore strategies to
scale data while maintaining rigorous curation to
further advance follow-up question generation.

6 Analysis

To further understand the strengths and limitations
of our method, we present a qualitative comparison
of follow-up questions generated by all models
for the same (IQ, IA) pair (§6.1), as well as an
analysis of the expected information gain from the
generated follow-up questions (§6.2).

6.1 Qualitative Analysis

In Table 7, we compare follow-up questions gen-
erated by the ORG, AUG, and FULL models for
a given (IQ, IA) pair. Questions from ORG are
often redundant—e.g., “What is a heuristic?”—or
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IQ How would you explain the concept of a heuristic?

IA
It took me a long time to understand heuristics and I still don’t know if I can ELI5 after a handful of bachelor and
graduate degrees. A heuristic is like a clue or a key to help you solve a problem or remember something. That’s the
best I got.

CA

A heuristic is a practical approach or mental strategy used for problem-solving and decision-making, particularly
when dealing with complex or incomplete information. It serves as a cognitive shortcut, allowing individuals to
reach quick and satisfactory solutions without the need for exhaustive analysis or perfect precision. By focusing on
the most relevant aspects of a problem and often relying on past experiences, common sense, or general rules of
thumb, heuristics simplify the decision-making process and reduce cognitive load. While heuristic methods are not
guaranteed to provide the best solution, they are typically sufficient for achieving an immediate goal and are useful
in many everyday situations where speed and practicality are prioritized over exhaustive accuracy.

FQ
by

ORG

– How do you know if you can ELI5?
– What is a heuristic?
– Thanks for the answer. So, what I am trying to understand is, what is ELI5?
– That’s the best I got. I’m not a psychologist, but my brain picks out heuristics when I’m stressed and it usually
works. I don’t know if I can ELI5 after a handful of bachelor and graduate degrees. But I’m still working on it.

FQ
by

AUG

– What are some examples of cognitive strategies that rely on heuristics?
– How does the concept of a heuristic relate to the process of problem-solving?
– What role does the hippocampus play in heuristic formation?

FQ
by

FULL

– What are some examples of heuristics used in decision-making?
– What role do heuristics play in problem-solving?
– How do heuristics help in segmenting and segmenting information to specific tasks or objectives?
– I’m not sure I can ELI5 after a handful of bachelor and graduate degrees. I’m not even sure if I can understand
ELI4. I know that it’s a heuristic. But I don’t know if I understand ELII5. Like, I know what a heuristics are. And I
know how to use a heymn to solve problems. So I’m asking if you can ELII4?

Table 7: Example of follow-up question generated by three model variants, with comprehensive answers (ID 3182).

tangential, such as “How do you know if you can
ELI5?” to the original responder that mentioned
they didn’t know if they could explain it to a 5-
year-old (ELI5), thus drifting away from the tar-
get concept of heuristics. While the FULL model
yields a wider range of relevant questions and ex-
cels in diversity, it occasionally produces tangential
or wordy phrasing, for instance, “How do heuris-
tics help in segmenting and segmenting informa-
tion for specific tasks?”, which hurts clarity. By
contrast, AUG strikes the best balance of informa-
tiveness and diversity, offering focused, insightful
questions like “What are some examples of cogni-
tive strategies that rely on heuristics?” and “How
does the concept of a heuristic relate to the process
of problem-solving?”. Additional examples can be
found in Appendix G.

6.2 Quantifying Information Gain

In §5.2 we asked annotators to rate the informative-
ness of each follow-up question. We now introduce
an automated alternative that requires no human
raters, leveraging the GPT-4o “comprehensive an-
swers” (CA; see definition in §3.2). We treat each
CA as a proxy for the full body of information rel-
evant to its (IQ, IA) context. An FQ is informative
if it (i) cannot be answered from the IA alone—

Model Human-INF GPT-INF-All (%) GPT-INF-Sel (%)

ORG 0.7755 25.17 23.29
AUG 1.4517 36.19 35.91
FULL 1.2951 34.90 32.20

Table 8: Comparison of human-annotated informative-
ness scores and GPT-evaluated informative percentage
across models.

otherwise it adds no new information—and (ii) can
be answered from the CA—otherwise it is likely ir-
relevant. Guided by this rule, we prompt GPT-4o to
judge the answerability of every model-generated
FQ against both the IA and the corresponding CA.

Table 8 corroborates the human evaluation of in-
formativeness: AUG produces the largest share of
informative questions (36 %), followed by FULL
(35 %) and ORG (25 %). Comparing the GPT-4o la-
bels with human-annotated informativeness scores
(§5.1) further validates the automatic method: an-
notators assigned higher mean scores to FQs the
model classified as informative (1.29) than to those
it did not (1.07). A two-sample t-test (p = 0.0011)
confirms the statistical significance, although the
effect size is small (Cohen’s d = 0.215) (Cohen,
2013).
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7 Conclusion

In this work, we proposed a novel approach to en-
hance the diversity and informativeness of follow-
up questions by explicitly modeling information
gaps via an LLM-generated comprehensive an-
swer. We augmented the original FOLLOWUPQG
dataset with GPT-4o and distilled this data into
a small, locally deployable BART-large model.
Experiments show that our pipeline enables the
small model to outperform peer small-model base-
lines and to perform comparably to GPT-4o base-
line models in terms of validity, complexity, rel-
evance, and informativeness—all at a fraction of
the inference cost. These results suggest that tar-
geted, high-quality augmentation can be more im-
pactful than merely increasing dataset size. They
also demonstrate that our method offers a practi-
cal approach for improving information-seeking
dialogues—by reducing ambiguities and enhanc-
ing LLM responses—even on systems with limited
computational resources.

Future work could explore ways to increase
follow-up-question diversity while reducing redun-
dancy, and to extend the pipeline to downstream
tasks involving multi-turn dialogue. We also en-
courage research on stronger automated metrics for
evaluating question quality, given the high cost of
human annotation and the limitations of current
automatic measures.

Limitations

We acknowledge several limitations in our work.
First, while our CA-based pipeline is effective in
knowledge-driven contexts, its applicability to non-
knowledge-based conversations, such as opinion-
based questions (e.g., “What would you do in such
a scenario?”), remains unclear, as the subjective
judgment required in these conversations can be
difficult for a generated CA to capture. Addition-
ally, although our pipeline prioritizes informative-
ness, follow-up questions do not always need to
introduce new information (Kurkul and Corriveau,
2018)—for example, requests for simpler explana-
tions (e.g., “Can you explain this in an easier-to-
understand way?”).

Our work also calls for several future works and
expansions. For example, our pipeline can be tested
and evaluated on languages besides English, includ-
ing low-resource languages. Moreover, given the
pragmatic applicability of this pipeline and its fo-
cus on resource-efficiency, it would be pertinent to

evaluate the compute-cost tradeoffs to help users
make informed decisions. Lastly, our pipeline’s
performance can be evaluated on different combi-
nations of Teacher-Student models as well. In the
future, we hope to extend this method to support
various types of follow-up questions and integrate
it into downstream dialogue-based applications.

Ethical Considerations

All annotators involved in the human evaluation for
this research were fairly compensated, with pay-
ment rates exceeding the local minimum wage to
ensure equitable remuneration for their time and ef-
fort. Prior to recruiting annotators, ethical approval
was obtained from the research ethics board at the
authors’ institution, ensuring that the human evalu-
ation process adhered to ethical guidelines and that
no harm was caused to any individual involved. Ad-
ditionally, the FOLLOWUPQG dataset used in this
work is publicly available, and we also released
the new data created in this work, including the
augmented data and generated comprehensive an-
swers, to promote transparency and reproducibility
in future work.
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A Problematic and Unrelated Instance
Examples

Tables 9 and 10 show examples of a problem-
atic instance and an unrelated instance from FOL-
LOWUPQG training set, respectively.

Initial Question How exactly do you die if you touch electric wires? Do you
burn? Suffocate? Heart stop?

Initial Answer If the current going thru you is around 1 amp, the shock
may give you a heart attack. So it’s like the hospital shock
paddles, only it kills you. If the current is like 10 amps, it
probably won’t give you a heart attack, and you may survive
if your organs aren’t fully cooked. Which they definitely
could be if the current isn’t immediately stopped. And
cooked kidneys don’t function that good. So to summarize,
either heart attack or cooked organs/burned, depending on
the current. Edit: To clarify, it takes less than 1 amp to stop
your heart, and the current also has to go thru your heart. I
just used 1 amp and 10 amps as sample values.

Table 9: Problematic Instance 1696: Self-Harm-Related
Content.

Initial Question How its possible for the light to travel constantly with out
stop slowing down from the most old galaxies?

Initial Answer Okay, an NFT is a NON-FUNGIBLE TOKEN. Let’s take
the Mona Lisa for example. [...] So what you’ve done is
bought the off-brand version (online) instead of the real
thing. Also, the guy you paid doesn’t really own the Mona
Lisa. The TLDR is that you’re buying an online version of
a product and it says you own it, but you don’t own the real
thing.

Follow-up Ques-
tion

Thank you for this! My question is, what’s the appeal? Is
it just rich-guy-bragging-rights? [...] With, say, a baseball
card you can display it and know that it’s a rare item, and
someday resell it at (you hope) a profit. Are some of these
people just speculating and hoping the ‘value’ goes up?

Table 10: Unrelated Instance 641.

B LLM Prompts

Prompts

Initial Answer “Generate an answer focused on a single perspective only,
without any conversational fillers. Do not repeat the ques-
tion in the answer.”

Next Answer “Please provide a new answer focused on a different per-
spective, ensuring no overlap with previous answers. Focus
on unique aspects or insights not covered earlier, and pro-
vide the answer only without any conversational fillers. Do
not repeat the question in the answer.”

Comprehensive
Answer

“Synthesize the following answers into a single, compre-
hensive response. Integrate the key points and insights from
each answer, ensuring a cohesive and well-rounded expla-
nation. The final answer should be thorough and address
multiple aspects of the question without unnecessary repeti-
tion.”

Table 11: Comprehensive Answer Generation Prompts:
GPT-4o first generates an answer from a single perspec-
tive, then iteratively provides non-overlapping answers
from different perspectives, which are finally synthe-
sized into a unified response.
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Information Gap Identification & Follow-up Question Gen-
eration

“Generate all possible follow-up questions as candidates.
These follow-up questions must be related to the original ques-
tion, but must not be rephrases of the original question. These
follow-up questions should be answerable by the complete
answer. These follow-up questions should not be answered,
covered, or detailed by the original answer, but must target
terminologies mentioned in the original answer. Separate each
follow-up question with ‘<sep>‘.”

Table 12: Follow-up Question Generation Prompt.

C Augmented Data - Human Annotation
Guideline

Table 13 presents the job description and annotation
questions for our human annotation task.

Job Description

Welcome, and thank you for participating in this text evaluation task! In this
job, you’ll be helping us verify the quality of follow-up questions generated by
GPT.
For each task, we will provide you with a pair consisting of a question and
answer collected from Reddit’s “Explain Like I’m Five” (ELI5) forum. You will
be asked to evaluate the quality of the follow-up question generated by GPT.
These questions and answers aim to provide layperson-friendly explanations for
real-life queries. Here is an example of one task sample:
Each task may contain noise, such as invalid follow-up questions, sensitive
information, or questions unrelated to the original question or answer. Your role
is to help us identify these noisy samples.
For each task, you will be shown one triple (question, answer, follow-up ques-
tion). Carefully review each component and answer the following questions
based on your judgment:

Q1: Do you think the follow-up question is a valid question?
A. Yes B. No

Q2: Does the initial question, answer, or follow-up question contain sensitive
information?
A. Yes B. No

Q3: Do you think the follow-up question is related to the original question and
the answer?
A. Strongly Related B. Related C. Slightly Related D. Not Related

Table 13: Task description and evaluation questions
used for human annotation of augmented data.

C.1 Valid/Invalid Question Guideline

The follow-up question might contain multiple sen-
tences but it should consist of at least one valid
question. A valid question must be in a question
format and ask meaningful information, including
Wh-questions (what/why/where/etc.), open-ended
questions, probing questions and etc. Invalid ques-
tions like “10000 meters? really?”, are often used
in conversational speech to express feelings instead
of asking for new information. Table 14 contains
examples of valid and invalid follow-up questions.

Initial Question: Why is the sea calm in the mornings?

Initial Answer: There are two types of waves which can turn a
flat sea into a rougher one - swell waves and wind waves. Swell
waves can arrive at any time of day, but because wind waves are
generated by the wind, they only develop when the wind begins
to blow steadily. Since wind speeds are often low at night, and
increase during the daytime, wind waves often die out during the
night, leading to a relatively flat sea (perhaps with swell waves)
in the early morning. During the day, the wind waves increase
in size as the wind speed increases, leading to a rougher, more
choppy, sea surface during the afternoon and evening.

Valid Follow-up Invalid Follow-up

Why are winds always weak
in the morning and very strong
during the day?

Isn’t it common sense that the
sea is calmer in the morning?

Reason Reason

The follow-up question is a
“Why” question, asking spe-
cific reasons about the change
of the winds. Therefore, it is a
valid question.

This is a rhetorical question
because it does not genuinely
seek new information. It im-
plies that the answer is obvious
and does not contribute to the
discussion.

Table 14: Examples of valid and invalid follow-up ques-
tions. For the given initial question and answer, the left
column presents a valid follow-up question, while the
right column features an invalid one, each accompanied
by corresponding reasons below.

C.2 Inappropriate Question Guideline
Examples of racist comments include: “It’s credit
to your race,” “Black people will not understand.”
Examples of hate speech include: “He should go
back to where he comes from,” “All Mexicans are
rapists.” Examples of offensive or rude comments
include: “Women are not suitable for working in
the IT field,” “Gay will never understand.” Table 15
contains an example of an inappropriate follow-up
question.

Initial Question: Why do people develop eating disorders?

Initial Answer: Eating disorders are complex mental health
conditions influenced by a combination of genetic, psycholog-
ical, environmental, and social factors. While societal beauty
standards and pressures can contribute, eating disorders are not
simply about wanting to be thin. Conditions like anorexia, bu-
limia, and binge-eating disorder involve intricate relationships
between self-image, emotional regulation, and biological predis-
positions. Many individuals with eating disorders struggle with
anxiety, depression, or trauma, which can further complicate their
relationship with food.

Inappropriate Follow-up Reason

Why don’t people with eat-
ing disorders just stop starving
themselves and eat normally
like everyone else?

This question is dismissive.
The phrasing is insensitive and
could be harmful to individu-
als struggling with these condi-
tions.

Table 15: Example of an inappropriate follow-up ques-
tion for the given initial question and answer, accompa-
nied by corresponding reasons below.
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C.3 Relevance Question Guideline

• Strongly Related: The follow-up question
asks for specific definitions, particular reasons,
or meanings directly from the original ques-
tion and answer.

• Related: The follow-up question primarily
seeks information from the original question
or answer but also brings in additional, new
information.

• Slightly Related: The follow-up question
mainly addresses other cases but has some
relevance to the original question or answer.

• Not Related: The follow-up question does
not relate to the original question or answer.

Table 16 contains follow-up questions with various
levels of relevance.

Initial Question: Why do airplanes leave white trails in the
sky?

Initial Answer: Those white trails are called contrails, short
for condensation trails. They form when hot exhaust from the
airplane’s engines mixes with the cold air in the upper atmosphere.
The water vapor in the exhaust condenses and freezes into tiny
ice crystals, creating the white streaks you see in the sky. The
persistence of these trails depends on humidity levels; if the air
is dry, the contrail dissipates quickly, but if the air is humid, the
contrail can linger for a long time.

Strongly Related Question
Example

Related Follow-up Question
Example

Why do some contrails last
longer than others?

Do contrails have any impact
on the environment?

Reason Reason

The follow-up question di-
rectly builds on the informa-
tion provided in the answer,
specifically regarding the per-
sistence of contrails. Since the
answer already mentions hu-
midity as a factor, this question
seeks further clarification, mak-
ing it strongly related.

This follow-up question ex-
tends the topic of contrails by
asking about their environmen-
tal impact. While the origi-
nal answer does not discuss en-
vironmental effects, the ques-
tion is still relevant because it
builds on the phenomenon ex-
plained. Thus, it is considered
related.

Slightly Related Question Ex-
ample

Not Related Follow-up Ques-
tion Example

Why do some airplanes make
more noise than others?

What causes volcanoes to
erupt?

Reason Reason

The follow-up question is
about airplanes, which is the
general topic of the original
question, but it shifts the focus
from contrails to noise. While
both topics are related to avi-
ation, the connection between
them is weak, making the ques-
tion only slightly related.

The follow-up question intro-
duces a completely unrelated
topic (volcanoes) that has no
connection to airplanes, con-
trails, or atmospheric condi-
tions. Since it does not build
on the original question or an-
swer in any way, it is consid-
ered not related.

Table 16: Examples of follow-up questions’ relevance
for the given initial question and answer, accompanied
by corresponding reasons below.

D Baseline Reproduce

To establish a baseline, we attempted to reproduce
the results of Meng et al. (2023) using the reported
parameters, as the original implementation was un-
available. We use BART-large, consisting of 24
layers, 16 attention heads, and a hidden dimen-
sion of 1024. The initial learning rate (5e-5) led to
training instability, which we mitigated by adjust-
ing it to 2e-5 while keeping other hyperparameters
unchanged (batch size: 8, epochs: 10, optimizer:
Adam (Kinga et al., 2015)). The training was con-
ducted on an NVIDIA Tesla V100 GPU with 32GB
of memory, taking approximately 6 hours per run.
We set the random seed to 42. After multiple runs,
our reproduced model yielded similar overall per-
formance but with some variation-certain metrics
improved while others slightly declined (see Table
17). This model served as the baseline for subse-
quent experiments.

E Filtering Ungrammatical Follow-Up
Questions: Examples and Pseudocode

def is_valid_question(FQ, IQ, IA):
return (

# confirm that FQ ends with '?'
contains_question_mark(FQ) and
# use dependency parsing to

check for
# WH-Questions , Yes/No Questions
# and Rhetorical Questions ,
is_question_dependency_parsing(

FQ) and
# checks for meaningless/invalid

words
# e.g. <QUS >, <EQT >
not contains_invalid_word(FQ)

and
# checks for n-gram substring

that is
# duplicated in both FQ and (IQ/

IA)
not contains_duplicate_words(IQ,

IA, FQ)
)
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B1 B2 B3 B4 METEOR ROUGE BERT Sentence Similarity

Reported ORG 17.22 7.11 3.89 2.61 8.00 13.35 - -
Reproduced ORG 21.88 3.27 1.62 1.13 14.76 12.39 84.41 70.73

Table 17: Comparison of Results from Paper Report and Our Reproduction.

Error Type Example

Improper delimiter > Constant reflux can cause cancer of the sphincter.<QUS>
Is this true for people with GERD?

Non-question state-
ment

I think that’s the key. I’m not sure what you mean by “3
components”. The rotation is defined by the third compo-
nent. The fourth component is used to determine the degree
of rotation. So, if you have a 3d vector, you can rotate it in
any direction. But if you want to rotate it out to a 4d vector
you need to use a fourth component.

Excessive context
duplication

Now try doing it for tomorrow’s price chart. When you look
at the historical chart of a company’s price you’ll be able to
pick good buying and selling points 100% of the time. Now
try to do it for today’s price Is that impossible?

Table 18: Follow-up Question Error Types and Exam-
ples.

F Model Evaluation - Human Annotation
Guideline

Table 19 presents the job description and annotation
questions for our human annotation task.

Job Description

In this job, you’ll be helping us evaluate the quality of follow-up questions
generated by a language model called BART.
For each task, we will provide you with a pair consisting of a question and
answer collected from Reddit’s “Explain Like I’m Five” (ELI5) forum. You will
be asked to evaluate the quality of the follow-up question generated by BART.
These questions and answers aim to provide layperson-friendly explanations for
real-life queries.
Our data may contain noise, such as invalid follow-up questions, errors, lack of
reasoning, or follow-up questions unrelated to the original question or answer.
Your role is to help us identify these noisy samples.
For each task, you will be shown one triple (question, answer, follow-up ques-
tion). Carefully review each component and answer the following questions
based on your judgment:

Q1: Do you think the follow-up question is a valid question?
A. Yes B. No

Q2: How relevant is the follow-up question to the original question and answer?
A. Strongly Related B. Related C. Slightly Related D. Not Related

Q3: Does the follow-up question contain any of the following errors?
A. No Errors B. Redundant C. Repetitive D. Wrong Semantic Colloca-
tion E. Other Errors

Q4: Does generating this follow-up question require reasoning?
A. Requires complex amount of reasoning B. Requires moderate amount of
reasoning C. Requires minimal amount of reasoning D. Does not require
any reasoning

Q5: Does the follow-up question contain new information for the audience?
A. Introduces a lot of new information B. Introduces some new information
C. Introduces little new information D. Does not introduce any new informa-
tion

Table 19: Task description and evaluation questions
used for BART follow-up question evaluation.

F.1 Error Question Guideline

Does the follow-up question contain any of the
following errors?

Identify any language issues in the follow-up
question.

• No Errors – The follow-up question is appro-
priate and adds value.

• Redundant – The follow-up does not intro-
duce any new information.

• Repetitive – The follow-up question closely
mirrors the original question.

• Wrong Semantic Collocation – The question
contains unnatural or incorrect phrasing.

• Other Errors – Any issues that do not fit the
categories above.

Table 20 contains examples of follow-up questions
with various error status.

Initial Question: How do vaccines work?

Initial Answer: Vaccines work by training your immune system
to recognize and fight specific germs. They contain harmless parts
of the germ (or something similar) so that your body can learn to
defend against it. This way, if you ever encounter the actual germ,
your immune system can respond quickly and prevent illness.

No Errors Example Redundant Example

How does a vaccine train the
immune system?

Are vaccines used to help
the immune system recognize
germs?

Reason Reason

The follow-up question is well-
formed, relevant, and adds
value by diving deeper into a
key concept from the original
answer. It does not repeat in-
formation unnecessarily or con-
tain any language errors.

The follow-up question is re-
dundant because it merely re-
states information already pro-
vided in the initial answer with-
out adding depth or prompting
new discussion.

Repetitive Example Wrong Semantic Collocation
Example

What do vaccines do? Do vaccines memorize dis-
eases?

Reason Reason

This follow-up question is
nearly identical to the origi-
nal question, simply reworded.
Since it does not introduce new
angles or expand on any details,
it is considered repetitive.

The phrase“vaccines memorize
diseases” is unnatural and in-
correct in this context. A bet-
ter way to phrase the question
would be: “Do vaccines help
the immune system remember
diseases?”

Table 20: Examples of follow-up questions’ error status
for the given initial question and answer, accompanied
by corresponding reasonings below.
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F.2 Reasoning Question Guideline

Evaluate the level of reasoning needed to generate
the follow-up question.

• Complex reasoning involves synthesizing
multiple ideas or deeply analyzing informa-
tion.

• Moderate reasoning requires interpreting the
given content or slightly extending the discus-
sion.

• Minimal reasoning involves simple compre-
hension or directly rephrasing information.

• No reasoning applies to questions that are
direct repetitions or restatements without any
thought process.

Table 21 contains examples of follow-up questions
with various reasoning complexity.

Initial Question: How does sleep affect brain function?

Initial Answer: Sleep is essential for brain function because
it helps with memory consolidation, cognitive processing, and
emotional regulation. During sleep, the brain strengthens neural
connections, removes toxins, and allows different areas to reset
for the next day.

Complex Amount of Reason-
ing Example

Moderate Amount of Reason-
ing Example

What are the long-term cog-
nitive effects of chronic sleep
deprivation compared to occa-
sional sleep loss?

How does sleep remove toxins
from the brain?

Reason Reason

This follow-up question
requires complex reasoning
because it involves compar-
ing two different scenarios
(chronic vs. occasional sleep
deprivation) and analyzing
their distinct long-term effects
on cognition, requiring deeper
thought and synthesis of
information.

This follow-up question re-
quires moderate reasoning be-
cause it builds on a specific de-
tail from the original answer
(toxin removal) and asks for
an explanation of the biologi-
cal process involved.

Minimal Amount of Reason-
ing Example

Does Not Require Any Rea-
soning Example

What are the benefits of sleep
for memory?

Does sleep help with memory?

Reason Reason

This follow-up question re-
quires minimal reasoning as it
only asks for elaboration on a
topic already stated in the origi-
nal answer (memory consolida-
tion), without introducing any
new angle.

This follow-up question does
not require any reasoning since
it directly repeats a fact already
stated in the original answer,
making it redundant.

Table 21: Examples of follow-up questions’ reasoning
complexity for the given initial question and answer,
accompanied by corresponding reasons below.

F.3 Informativeness Question Guideline
Evaluate whether the follow-up question enriches
the topic by providing or eliciting new information.

• A Lot of New Information indicates a signif-
icant amount of new knowledge is introduced.

• Some New Information suggests moderate
enrichment.

• Little New Information implies minimal ad-
dition.

• No New Information means no new informa-
tion is provided to the audience.

Table 22 contains examples of follow-up questions
with various informativeness levels.

Initial Question: How do vaccines work?

Initial Answer: Vaccines train the immune system to recognize
and fight specific germs by introducing harmless parts of the
germ or something similar. This prepares the body to respond
quickly if exposed to the actual germ in the future.

A Lot of New Information
Example

Some New Information Ex-
ample

What are the differences be-
tween traditional vaccines and
mRNA vaccines?

How long does it take for a vac-
cine to provide immunity?

Reason Reason

This follow-up question intro-
duces a significantly new di-
mension by asking about dif-
ferent types of vaccines, which
were not mentioned in the orig-
inal answer, expanding the dis-
cussion substantially.

The follow-up question adds
moderately new information by
focusing on the timeline of im-
munity development, a relevant
but additional detail not cov-
ered in the initial answer.

Little New Information Ex-
ample

Does Not Introduce Any New
Information Example

Do vaccines help prevent dis-
ease outbreaks?

Do vaccines help the immune
system recognize germs?

Reason Reason

The follow-up question slightly
expands the discussion by ad-
dressing disease outbreaks, but
it is already implied in the orig-
inal answer, as vaccines train
the immune system to fight
germs.

This follow-up question does
not add any new information as
it directly restates a key point
from the original answer in
slightly different words.

Table 22: Examples of follow-up questions’ informa-
tiveness for the given initial question and answer, ac-
companied by corresponding reasons below.

G Additional Examples

See Tables 23

H Interface Examples

See Figures 4 and 5
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Figure 4: Human Evaluation Interface - Task Instructions and Examples.

Figure 5: Human Evaluation Interface - Annotation.
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IQ What causes occupational domination?

IA
In IT it is cultural. Women in the U.S. drop out of IT classes because they do not like the male-dominated culture.
Whereas India, Vietnam, and other countries where we outsource our IT have a much higher percentage of female
programmers. It is not something about women. It is something about western IT classes and tech culture.

CA

Occupation domination occurs due to a combination of historical, social, economic, and geographic factors.
Historically, certain groups have had greater access to education, resources, and opportunities, leading them to be
more prevalent in specific jobs or industries. This is often reinforced by network effects, where individuals within
a profession prefer to work with or hire people who share similar backgrounds, cultural norms, or experiences,
thus perpetuating the concentration of certain demographics in those fields. Legal and institutional barriers can
also play a significant role. Discriminatory policies or practices can systematically exclude certain groups from
specific professions, allowing other groups, who do not face such barriers, to dominate those fields. Geographic
and environmental factors further influence occupation domination. The presence of certain natural resources or
particular climate conditions in an area can dictate the types of industries that develop there. Local populations often
specialize in these industries, passing down specialized skills and knowledge through generations, which solidifies
their dominance in those fields over time.

FQ
by

ORG

– But why do women drop out of IT classes?
– In IT it is cultural. Women in the U.S. drop out of IT classes because they do not like the male-dominated culture.
This is a myth. It is not something about women. It’s a myth that women drop out because of the male-dominant
culture.
– So it’s cultural?
– What about women who want to be in tech but are not in the workforce?
– Is there a cultural component of IT that makes it more difficult for women to break into it?

FQ
by

AUG

– What are some examples of how outsourcing has impacted the gender imbalance in IT?
– How do cultural expectations influence the recruitment of female programmers?
– Can you explain the concept of ‘cultural fit’ in the context of occupational domination?

FQ
by

FULL

– How do traditional gender roles in professions like medicine and engineering contribute to occupation domination?
– Why might women feel more comfortable pursuing professions outside of traditional professions?
– Can you explain the concept of ‘perceived value’ in the context of occupation domination?

Table 23: Example of follow-up question generated by three model variants, with comprehensive answers (ID 3168).
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Abstract

Large Language Models (LLMs) have demon-
strated remarkable generalization across di-
verse NLP tasks, yet they often produce outputs
lacking semantic coherence due to insufficient
grounding in structured linguistic knowledge.
This paper proposes a novel method for inject-
ing Frame Semantics into a pretrained LLaMA
model using Low-Rank Adaptation (LoRA).
Leveraging FrameNet (a rich resource of over
1,000 semantic frames) we construct a training
corpus comprising structured triples of frame
definitions, frame elements, and lexical units.
Our method encodes these examples into the
model via LoRA adapters and evaluates perfor-
mance using zero-shot prompting for textual en-
tailment and semantic role labeling (SRL) over
FrameNet. Experimental results show that our
adapted frame-aware LLM substantially outper-
forms the baseline across closed, open-ended,
and multiple-choice prompts. Moreover, we
observe significant improvements in SRL accu-
racy, demonstrating the efficacy of combining
frame-semantic theory with parameter-efficient
pretraining.

1 Introduction

Large Language Models (LLMs) such as GPT-
4 (Achiam et al., 2023) and LLaMA (Dubey et al.,
2024) have demonstrated impressive capabilities
across a wide range of natural language processing
(NLP) tasks. However, despite their generalization
strength, these models often lack explicit ground-
ing in linguistic theories, which can occasionally
result in fluent outputs that overlook deeper seman-
tic distinctions and, in some cases, lead to factual
inconsistencies or semantic hallucinations (Ji et al.,
2023). To address this gap, enriching LLMs with
structured linguistic knowledge could certainly be
beneficial, as improved interpretability may sup-
port more reliable and semantically coherent out-
puts.

One promising direction is the integration of
Frame Semantics (Fillmore, 1976), a linguistic the-
ory that connects word semantics to situational,
i.e. conceptualized, information in terms of frames.
Each frame consists of a situation (i.e. the frame)
and prototypical participants, known as Frame El-
ements (FEs). It is triggered by specific Lexical
Units (LUs) in the text. For example, the verb
provide triggers a SUPPLY frame, with roles such
as SUPPLIER, RECIPIENT, and THEME. Unlike
purely distributional approaches, Frame Semantics
imposes situational constraints on semantic role
assignments, grounding language interpretation
in real-world scenarios. FrameNet (Baker et al.,
1998), a computational resource based on Frame
Semantics, offers a comprehensive repository of
over 1,000 frames and their annotated instances. In
fact, equipping models with frame-level informa-
tion can make a tangible difference for tasks like
semantic role labeling (Das and Smith, 2010), ques-
tion answering (Madabushi et al., 2024), and even
commonsense reasoning (Botschen et al., 2018b;
Wang et al., 2021b).

In this work, we present a parameter-efficient
method to inject Frame Semantics into large lan-
guage models (LLMs) through fine-tuning with
Low-Rank Adaptation (LoRA) (Hu et al., 2022).
Our central idea is to make an abstract linguistic
theory usable by LLMs by textualizing its core
concepts: we systematically convert FrameNet’s
structured knowledge (frame definitions, frame ele-
ments or FEs, and lexical units or LUs) into natural
language examples in the form of question–answer
pairs. For instance, we generate prompts that ask
for the definition of a frame, the roles it involves, or
the words that evoke it, thus producing an artificial
dataset that “translates” theoretical content into a
format suitable for instruction-based adaptation. In
total, this process yields a dataset of 6,628 ques-
tion–answer pairs covering 60 FrameNet frames.
By fine-tuning LLaMA models on this textualized
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dataset, we aim to encourage the model to inter-
nalize frame-semantic structures and relationships,
enabling it to better reason about frames, roles, and
their instantiations in text, even in the absence of
explicit annotation.

A critical question, however, is whether LLMs
fine-tuned on such examples merely memorize spe-
cific facts about the frames encountered during
training, or whether they actually generalize frame-
semantic knowledge to novel, previously unseen
frames. To address this, we explicitly evaluate
model performance on both seen frames (included
in fine-tuning) and unseen frames (held out from
training). This experimental design allows us to
disentangle the model’s ability to recall injected
knowledge from its capacity to abstract and apply
frame-semantic principles to new scenarios-an es-
sential property for robust knowledge integration.

We assess the effectiveness of our approach in
two ways. First, we probe the model’s frame-
semantic competence by evaluating its ability to an-
swer structured questions about frames, elements,
and lexical units-essentially measuring whether
the injected knowledge is accessible via prompt-
ing. Second, and more crucially, we test whether
this knowledge generalizes to downstream tasks
for which the model has not seen explicit train-
ing examples. In particular, we consider seman-
tic role labeling (SRL): given a sentence, can the
model correctly identify and assign core frame el-
ements? Notably, during fine-tuning, the model
is never shown labeled sentences (only definitions
and conceptual relations) so improvements on SRL
reflect genuine semantic knowledge transfer. Our
results show that the frame-aware LLM not only
answers frame-related questions more accurately,
but also outperforms the baseline on zero-shot SRL
tasks, supporting the claim that structured linguistic
knowledge can be effectively injected via prompt-
based fine-tuning.

Our main contributions are as follows: 1) We
propose a lightweight, LoRA-based method for
injecting frame-semantic knowledge into LLMs us-
ing structured FrameNet annotations. 2) We design
a diverse set of instructional prompting templates
and linguistic variations to simulate realistic use
cases for frame-role understanding. 3) We pro-
vide extensive evaluation on both seen and unseen
frames for zero-shot knowledge probing and SRL
inference, demonstrating enhanced interpretability
and generalization.

In the rest of the paper, Section 2 reviews re-

lated work, Section 3 describes our methodology,
Section 4 presents experiments and results, and
Section 5 concludes with final remarks and future
directions.

2 Background and Related Work

Frame Semantics, introduced by Fillmore (Fill-
more, 1976), provides a principled approach to
modeling linguistic meaning by organizing words
into conceptual structures called frames. Each
frame represents a prototypical scenario, described
by a set of frame elements (FEs), and is evoked
by specific lexical units (LUs). The FrameNet
project (Baker et al., 1998) operationalizes this
theory by cataloguing over 1,000 frames, their core
and peripheral elements, and annotated instances.

While Large Language Models (LLMs) such as
GPT-4 (Achiam et al., 2023) and LLaMA (Dubey
et al., 2024) achieve remarkable performance
across diverse NLP tasks, they are pre-trained on
general web corpora and lack explicit integration
of structured linguistic resources like FrameNet.
As a result, LLMs may generate fluent yet semanti-
cally misaligned outputs when required to interpret
or generate language in terms of frame-semantic
roles.

Recent research has sought to bridge this gap
by augmenting LLMs with frame-semantic knowl-
edge. Fine-tuning LLMs on FrameNet data has
been shown to enhance their ability to model se-
mantic structures and improve interpretability (Cui
and Swayamdipta, 2024a; Torrent et al., 2022).
Several works have proposed injecting frame-level
information into transformer architectures to sup-
port semantic role labeling (Das and Smith, 2010;
Zhang et al., 2023), question answering (Mad-
abushi, 2024), commonsense reasoning (Botschen
et al., 2018a; Wang et al., 2021a), and even named
entity recognition (Alexiev and Casamayor, 2016).
Frame-based representations have also been lever-
aged for more robust and factually grounded sum-
marization (Han et al., 2016; Guan et al., 2021).

Despite these advances, most prior work either
leverages FrameNet solely as a source of annota-
tions for supervised tasks or incorporates frame
information as static features. In contrast, our ap-
proach aims to internalize frame-semantic knowl-
edge by textualizing FrameNet diverse knowledge
into instructional prompts for LLM adaptation. Fur-
thermore, we explicitly assess the quality of in-
jected knowledge by evaluating the model not just
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on frames used for adaptation, but also on unseen
frames held out from training, a perspective rarely
addressed in prior studies.

In summary, while previous research has demon-
strated the benefits of integrating frame-semantic
supervision into neural models, there remains a
need for approaches that support robust general-
ization and interpretability via explicit, structured
knowledge injection. Our work aims to reduce this
gap by proposing a scalable, prompt-based method
for frame-semantic adaptation, and by providing a
systematic evaluation on both in-domain and out-
of-domain (seen/unseen) frames.

Our work also relates to recent efforts in dis-
course semantics that employ question answering
as a tool for evaluating consistency and logical
understanding. For example, (Miao et al., 2024)
introduce a Socratic QA framework to test whether
LLMs respond consistently to logically equivalent
or entailed discourse questions, while (Rabinovich
et al., 2023) propose QUDeval to measure semantic
consistency across related QA pairs grounded in
discourse theory. These studies highlight the im-
portance of consistency in QA-based evaluation,
which is complementary to our focus on injecting
frame-semantic knowledge into LLMs.

3 Injecting Frame-Semantics into LLMs

Our knowledge injection pipeline, illustrated in
Figure 1, is designed to make the structured con-
tent of FrameNet directly usable by large language
models. The process begins with the extraction of
frame-level information from FrameNet: for each
frame, we collect its definition (a concise descrip-
tion of the scenario the frame represents), its core
frame elements (the prototypical participants or
roles involved), and the set of lexical units (words
or multiword expressions that evoke that frame in
context).

To give a concrete example, Table 1 shows the
SUPPLY frame: its definition describes a scenario
where a “SUPPLIER provides a THEME to a RECIP-
IENT.” The core frame elements here are roles such
as SUPPLIER, RECIPIENT, and THEME, each map-
ping to a participant in this scenario, for instance,
“China” as the SUPPLIER, “Iran” as RECIPIENT

and “decontamination materials” as the THEME in
the sample sentence. The associated lexical units
(LUs) are verbs and nouns like “provide”, “sup-
ply”, or “equipment”, each capable of triggering
the frame in different contexts.
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Figure 1: System architecture for frame-semantic knowl-
edge injection into LLaMA-3. The pipeline extracts
frame-element-lexical unit triples from FrameNet, con-
verts them into multiple prompt formats (open-ended,
closed-ended, MCQ), and fine-tunes the model using
LoRA adapters. The resulting Frame-Aware LLM en-
ables zero-shot semantic role labeling and frame ele-
ment QA.

Frame: SUPPLY
A SUPPLIER provides a THEME to a RECIPIENT

FEs

SUPPLIER
Has China provided Iran with de-
contamination materials?

RECIPIENT
Has China provided Iran with de-
contamination materials?

THEME
Has China provided Iran with de-
contamination materials?

LUs
afford.v, equip.v, equipment.n, fix up.v, fuel.v,
furnish.v, issue.v, outfit.v, provide.v, provision.n,
provision.v, supplier.n, supply.n, supply.v

Table 1: Illustration of the SUPPLY frame with annotated
frame elements and associated lexical units.

Rather than using FrameNet only as a source
for supervised labeling, we transform this struc-
tured knowledge into a set of natural language
question–answer pairs. For each frame, we gener-
ate prompts that ask about its definition, the roles it
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contains, or which words evoke it, simulating realis-
tic queries a user or downstream application might
pose. Prompts are generated in various formats,
including open-ended, closed-ended, and multiple-
choice ensuring broad coverage of the theory.

This synthetic QA dataset serves as supervision
for fine-tuning a pretrained LLaMA-3 model via
Low-Rank Adaptation (LoRA) (Hu et al., 2022).
LoRA is a parameter-efficient fine-tuning tech-
nique that augments a frozen pretrained model
with small trainable low-rank matrices. During
training, only these additional parameters are up-
dated, greatly reducing memory and computational
cost while preserving the general linguistic compe-
tence already encoded in the model. These prop-
erties make LoRA particularly suitable for inject-
ing structured resources like FrameNet, where the
large number of frame–role combinations would
make full fine-tuning both expensive and prone
to catastrophic forgetting, i.e., the overwriting of
previously acquired knowledge. By constraining
learning to a compact set of additional parameters,
LoRA enables the integration of frame-semantic
knowledge without erasing the model’s broader
abilities. In our experiments, we adopt both 3B and
8B LLaMA models, which balance computational
feasibility with meaningful evaluation.

This allows the model to internalize the relation-
ships between frame definitions, roles, and lexical
units, without relying on explicit sentence-level an-
notation. After training, the resulting Frame-Aware
LLM can be probed on zero-shot tasks such as
semantic role labeling and frame-related question
answering.

Instructional Template Construction. To effec-
tively inject frame-semantic knowledge into large
language models (LLMs), we design natural lan-
guage templates (Zheng et al., 2023; Su et al.,
2021; Wen et al., 2024) that translate structured
FrameNet annotations-such as frame definitions,
frame elements (FEs), and lexical units (LUs)-into
instructive, contextualized prompts. In the Ques-
tion: “Can you list some frame elements in the X
frame?” with Answer: “The frame elements of the
X frame are: FE1, FE2, and FE3.” symbols, such
as X or FE1, are placeholders replaced with anno-
tations from FrameNet. This approach builds on
the principle that linguistic structure can be aligned
with QA-based representations (He et al., 2015),
supporting both training as well as augmenting in-
terpretability.

We compose 11 task-specific templates, grouped
as follows: six open-ended, four closed-ended,
and one multiple-choice (MCQ) format. Each
template addresses a distinct aspect of frame-
semantics, ranging from recognizing frame ele-
ments to identifying lexical units and mapping roles
to frames. This diversity enables the model to en-
counter a wide range of linguistic formulations,
enhancing generalization (Ma et al., 2022; Cui and
Swayamdipta, 2024b).

Prompt Types:

• Open-ended Prompts (6 templates): En-
courage free-form, descriptive responses and
probe the model’s ability to verbalize frame
knowledge in its own words. These cover
frame definitions (e.g., What is the definition
of the X frame?), frame elements (e.g., Can
you list some frame elements in the X frame?),
frame element definitions, and lexical units.
Example: Question: Can you identify a
few frame elements or roles in the ‘SUPPLY’
frame?
Answer: The frame elements “SUPPLIER,
THEME and RECIPIENT” are associated with
the SUPPLY frame.

• Closed-ended Prompts (4 templates): Bi-
nary (yes/no) or direct verification questions
to check specific facts about frames, roles, or
lexical units.
Example: Question: Are the roles ‘RECIPI-
ENT’ and ‘THEME’ part of the frame elements
of the ‘SUPPLY’ frame?
Answer: Yes

• Multiple-choice Prompts (1 template): The
model selects the correct answer among sev-
eral options, diagnosing confusion or gaps in
understanding.
Example: Question: Which role is part of the
frame elements in the ‘SUPPLY’ frame?
A) SUPPLIER B) RECIPIENT C) LOCA-
TION D) THEME

Answer: D) THEME

Linguistic Variations. Template diversity alone
is not sufficient to guarantee robustness: a model
could simply memorize fixed associations between
question forms and answers. To promote general-
ization, for each template and frame, we system-
atically construct five alternative phrasings of the
question and fifteen variants of the answer. For
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instance, for the “list frame elements” template,
questions might include: Which are the roles in the
X frame?, What are some frame elements defined
for X?, Who are the core entities in the X frame?,
etc. Answers likewise vary (e.g., The X frame in-
cludes FE1, FE2, and FE3; FE1, FE2, and FE3

define the X frame; and so on).
For each training instance, one question and one

answer variant are chosen at random and the pair
is used as a supervised example. This strategy,
inspired by Dong et al. (Dong et al., 2017), ex-
poses the model to a wide spectrum of natural lan-
guage formulations and minimizes spurious corre-
lations, crucial for supporting transfer to unseen
frames (see Section 4). In this way, the LLM can-
not “cheat” by matching surface forms; it must
internalize the underlying frame-semantic associ-
ations. Taken together, our prompt engineering
pipeline, spanning diverse task templates and sys-
tematic linguistic variation, supports both the depth
and breadth of frame-semantic knowledge acqui-
sition. This methodology improves robustness, in-
terpretability, and aligns the knowledge injection
process more closely with the real-world variability
of language. To further ensure quality, we manu-
ally inspected around 100 generated SRL exam-
ples, confirming that the questions and answers
were consistent with the intended frame-semantic
annotations (Mihaylov et al., 2018).

4 Experimental Evaluation

In this section, we evaluate the effectiveness of our
frame-semantic knowledge injection approach for
large language models (LLMs). Our experimen-
tal objectives are twofold: (1) determine whether
the injected knowledge substantially enhances the
model’s ability to reason about frames, frame el-
ements, and lexical units; and (2) assess whether
this acquired semantic knowledge generalizes effec-
tively to practical downstream tasks, most notably,
semantic role labeling (SRL)-even without explicit
SRL supervision during training.

4.1 Experimental Setup

Our experiments utilize FrameNet version 1.71

(Baker et al., 1998), a comprehensive lexical
database cataloging over 1,000 semantic frames,
their associated core and peripheral frame elements,
and lexical units.

1https://framenet.icsi.berkeley.edu/frameIndex

Frame Selection and Dataset Composition. For
our initial evaluation, we constructed a representa-
tive subset of 60 frames from FrameNet, designed
to maximize semantic diversity and ensure robust
hierarchical coverage (see Appendix A for full cri-
teria and the frame list). The selection process
began with a set of core “seed” frames (such as
ABANDONMENT, BRINGING, ASSISTANCE, MO-
TION, and COMMUNICATION) which were cho-
sen to span different domains and frame com-
plexities. From these seeds, we expanded the
set by systematically including frames that are
hierarchically related, either inheriting from or
being inherited by others within the FrameNet
taxonomy. This relational expansion yielded a
set of frames that are both semantically coherent
and structurally interconnected, capturing the full
breadth of frame–element–lexical unit configura-
tions observed in FrameNet. As a result, the fi-
nal subset covers 175 unique frame elements and
730 lexical units, with frames selected to reflect a
broad range of structures (from simple to highly
articulated) and to ensure that all major types of
frame–element relations and domains are repre-
sented. This principled construction ensures the
resulting dataset is both challenging and realistic
for frame-semantic evaluation.

Instance Sampling Strategy. Naturally, the sam-
pling process differs slightly depending on the type
of task. For now, we disregard the additional layer
of linguistic variation and focus on the core in-
stance generation procedure. For every open-ended
task, the approach is straightforward: for example,
when eliciting the definition of a frame or asking
which frame corresponds to a given definition, a
single core instance is generated per frame (be-
fore further expansion via linguistic paraphrasing).
However, for tasks that involve frame elements
(restricted here to core frame elements) or lexical
units, the number of instances per frame directly
depends on the number of relevant elements or
units present in that frame. In other words, frames
with more core frame elements or lexical units will
yield proportionally more question–answer pairs
for those tasks. Further details on the sampling
strategies adopted for frame elements and lexical
units are provided in Appendix B. Closed-ended
tasks require both positive and negative examples
to prevent the model from defaulting to trivial re-
sponses (e.g., always answering no). Positive sam-
ples are created by pairing correct annotations (e.g.,
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frame definitions, frame elements) with their re-
spective frames. Negative samples, however, must
be selected carefully to avoid class imbalance: us-
ing all incorrect annotations would overwhelm the
dataset with negatives. To address this, we fix the
ratio to p = 3 positives and q = 6 negatives per
frame–task pair. Negatives are drawn from unre-
lated frames and filtered to avoid duplication. This
results in a balanced and informative training sig-
nal: p − 2 positive and q − 2 negative samples
are assigned to training, with the rest evenly split
across validation and test. Full sampling proce-
dures for specific tasks are detailed in Appendix C.
Multiple-choice tasks were constructed with a fixed
number of k = 5 samples per frame, allocated as
k − 2 = 3 to the training set, and one each to the
validation and test sets. Each MCQ instance pre-
sented a single correct answer along with a set of
distractors sampled from alternative frames, ensur-
ing that all options were unique and plausible. To
increase the challenge and diagnostic value, some
prompts included an additional distractor option
such as “None of these”, following practices pro-
posed in prior work (Yatskar et al., 2016). The
training split intentionally contained both positive
and fully negative MCQs (i.e., questions with only
incorrect options), while the validation and test sets
each included one positive and one negative sample
per frame to support balanced evaluation.

Synthetic Dataset Construction. From the tar-
geted frames, we systematically generated a total of
6,628 synthetic question–answer pairs, employing
linguistically diverse prompt templates (described
in Section 3 and exemplified in Appendix D). Fol-
lowing generation, we allocated 3,642 samples to
the training set, 1,493 to the development (vali-
dation) set, and 1,493 to the test set. Except this
split, with same approach a separate set of 1,052
question–answer pairs was generated using 10 un-
seen frames to evaluate the model’s generalization
at unseen frame-semantic knowledge. Moreover,
no question or answer surface form is ever repeated
across different splits, preventing the model from
memorizing fixed linguistic patterns. Each of the 11
tasks was instantiated using multiple paraphrased
templates for both questions and answers. Specifi-
cally, for each task, three distinct question formu-
lations were assigned to the training set, one to
the validation set, and one to the test set. Answer
templates followed a similar logic: out of a total of
15 available variants per task, 10 were designated

as eligible for training (from which 3 were ran-
domly sampled for each frame), 2 were allocated
for validation (with one randomly selected), and 3
were reserved for testing (with one randomly se-
lected). This controlled partitioning ensures strict
paraphrastic separation across splits, preventing the
model from relying on surface-form memorization
and encouraging genuine generalization. Concrete
examples and the complete set of question–answer
paraphrases for a representative frame-based task
are provided in Appendix D. In particular, a de-
tailed summary of the prompt types, task formula-
tion strategies, and sampling counts is reported in
Table 6.

Evaluating Generalization. To rigorously as-
sess the model’s ability to generalize beyond mem-
orization, we adopted a frame-level splitting strat-
egy rather than random sampling: 50 frames were
designated as seen (utilized for training and vali-
dation), while 10 frames were held out as unseen
and reserved exclusively for zero-shot evaluation.
The unseen frames, such as RELEASING, MANIP-
ULATION or CONTROL, were selected to ensure
semantic and structural diversity against phenom-
ena not observed during training. Further details
on the selection process, as well as the full frame
list and distribution across tasks, are provided in
Appendix A.

Fine-tuning Configuration. We fine-tuned pre-
trained LLaMA models-LLaMA 3.2 3B2 and
LLaMA 3.1 8B3, using Low-Rank Adaptation
(LoRA) (Hu et al., 2022), building on the archi-
tecture described in (Touvron et al., 2023). LoRA
introduces trainable low-rank matrices into the
model’s attention and feedforward layers, allow-
ing for parameter-efficient adaptation with minimal
computational overhead. In our experiments, we
used a rank of 16, a scaling factor of α = 16,
and no dropout. Fine-tuning was carried out us-
ing instruction-style prompts consistent with the
supervised instruction tuning paradigm (Ouyang
et al., 2022). Each input was structured in a stan-
dardized format: ### Input: <QUESTION> -
### Response: <ANSWER>. We employed the
Unsloth framework (Daniel Han and team, 2023)
to enable efficient fine-tuning with 4-bit quantized
weights. Models were trained for 7 epochs using

2https://huggingface.co/meta-llama/Llama-3.
2-3B-Instruct

3https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct
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the AdamW optimizer (8-bit), with a learning rate
of 2 × 10−4, a batch size of 4 per device, and 8
gradient accumulation steps. To optimize mem-
ory usage, we activated gradient checkpointing and
used FP16 or BF16 precision depending on hard-
ware capabilities. Model selection was based on
validation loss, evaluated every 50 steps. All fine-
tuned LoRA models 45 and associated tokenizers
have been released on the Hugging Face Hub (Wolf
et al., 2020) to facilitate reproducibility.

4.2 Results and discussion

Evaluation of Injected Frame-Semantic Knowl-
edge. To evaluate the effectiveness of our frame-
aware supervision strategy, we group the 11 frame-
related tasks into three broad categories based on
the type of prompt: Closed-ended, Open-ended,
and Multiple-choice questions (MCQs). Each cate-
gory reflects a different cognitive demand: Closed-
ended tasks involve binary decisions (e.g., verify-
ing if a role belongs to a frame), Open-ended tasks
require free-form generative responses (e.g., defin-
ing a frame or a role), and MCQs present a set of
options from which the model must select the cor-
rect answer. We further assess performance under
two generalization regimes. The first includes the
50 seen frames used during training and validation
(“In-domain”). The second consists of 10 unseen
frames (“Out-of-domain”), explicitly held out for
zero-shot evaluation to test the model’s ability to
generalize beyond the training distribution. Results
for both the baseline LLaMA models (3.1 8B and
3.2 3B) and their fine-tuned variants are summa-
rized in Table 2. Each prompt category is evaluated
using a metric suited to its output type. For both
Closed-ended and Multiple-choice (MCQ) tasks,
we report the F1 score, which balances precision
and recall, effectively capturing the model’s ability
to make accurate binary and categorical predic-
tions. Although MCQs involve a selection among
distractors, their scoring is treated as a binary clas-
sification of correctness, hence the use of F1. For
Open-ended tasks, which require the model to pro-
duce free-form natural language responses (e.g.,
definitions, descriptions of frame elements), we
adopt a semantic similarity metric. Specifically,
we compute the cosine similarity between the pre-
dicted and reference answers using Sentence-BERT

4https://huggingface.co/shahidrai/llama_3.1_
8b/tree/main

5https://huggingface.co/shahidrai/llama_3.2_
3b_finetuned/tree/main

embeddings6. This approach, standard in semantic
textual similarity evaluation, allows us to assess
whether the model captures the intended meaning
even when surface forms differ.

Fine-tuned models consistently outperform their
pretrained counterparts across all prompt types and
model sizes. For instance, the LLaMA 3.1 8B
model shows a substantial improvement in F1 score
on Closed prompts, rising from 0.55 to 0.93, and
in cosine similarity on Open-ended tasks, from
0.64 to 0.87. The gains extend to Multiple-choice
questions as well, with F1 increasing from 0.27
to 0.66. The smaller LLaMA 3.2 3B model ex-
hibits similar trends, confirming the robustness of
the approach. These results demonstrate that in-
jecting structured frame-semantic supervision sig-
nificantly enhances the model’s ability to under-
stand and reason over semantic roles, definitions,
and frame-element associations. Despite not be-
ing exposed to ten frames during training, fine-
tuned models retain strong performance on these
held-out examples. For instance, the 8B model
drops only slightly from 0.87 to 0.73 in cosine sim-
ilarity on Open-ended prompts, and from 0.93 to
0.87 in F1 on Closed ones. This small degradation
indicates that the model generalizes well beyond
memorization, applying abstract frame-semantic
reasoning to novel lexical and conceptual configu-
rations. The original LLaMA models perform con-
sistently worse in all settings. On unseen frames,
the baseline 3.2 3B model achieves only 0.33 F1
on MCQs and 0.63 cosine on Open-ended tasks.
In contrast, the fine-tuned models maintain sub-
stantially higher scores. These discrepancies high-
light the necessity of targeted, frame-aware train-
ing signals: without them, the model struggles to
interpret even well-formed prompts about roles,
definitions, or lexical associations. In sum, our re-
sults provide strong evidence that explicit semantic
supervision-grounded in FrameNet and enhanced
by task- and template-level diversity-substantially
improves the model’s ability to understand and ma-
nipulate frame-semantic knowledge. Notably, the
generalization observed on zero-shot frames sug-
gests that the learned representations are not only
effective but also transferable, paving the way for
broader deployment in downstream tasks such as
frame disambiguation, SRL, and knowledge-based
QA.

6https://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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A detailed breakdown of performance across
individual tasks is provided in Appendix E.

Model Pr. Type Metric Zero-shot Fine-tuned
In Out In Out

LLaMA Closed F1 0.55 0.52 0.93 0.87
3.1 Open-ended Cos 0.64 0.63 0.87 0.73
8B MCQs F1 0.27 0.34 0.66 0.63

LLaMA Closed F1 0.49 0.50 0.91 0.86
3.2 Open-ended Cos 0.63 0.63 0.83 0.73
3B MCQs F1 0.25 0.33 0.52 0.50

Table 2: Performance comparison across models and
prompt types, grouped by evaluation setting. “In” refers
to seen frames; “Out” refers to unseen frames.

Semantic Role Labeling (SRL) Evaluation. To
evaluate whether frame-semantic knowledge ac-
quired through our supervision strategy transfers
to a practical downstream task, we design a con-
trolled Semantic Role Labeling (SRL) experiment.
In this setting, the model is prompted to identify the
lexical unit evoking a given frame and extract the
associated frame elements expressed in a sentence.
We employ a zero-shot prompting strategy inspired
by instructional paradigms (Devasier et al., 2025),
using structured, natural language instructions (de-
tailed in Appendix 2) rather than fine-tuning on
SRL-annotated data. We evaluate on the Open-
Sesame dataset7 (Swayamdipta et al., 2017), which
is based on FrameNet and originally released in
CoNLL format (Carreras and Màrquez, 2005). The
evaluation set contains 371 sentences covering 38
of the 50 frames used during training, totaling 468
annotated instances. While the task setup is not in-
tended to compete with dedicated SRL systems, it
provides a diagnostic test bed to verify whether the
model can apply definitional and structural knowl-
edge to recognize semantic roles in naturalistic text.

Table 3 breaks down model performance across
three increasingly strict evaluation criteria for
frame element identification. The first row (Roles
Only) considers predictions correct if the role label
matches, regardless of span alignment. The second
criterion (Roles + Span (25%)) adds a minimum
25% token-level overlap requirement between the
predicted and gold spans. The final setting (Roles
+ Span (75%)) requires a much tighter alignment,
with at least 75% span overlap. The fine-tuned
model significantly outperforms the baseline in all
settings, achieving a fourfold improvement in role-
only detection (0.60 vs. 0.14) and similarly large

7https://github.com/swabhs/open-sesame

gains in span-aware scoring (e.g., 0.41 vs. 0.10 at
25% threshold). Even under the strictest criterion
(75% overlap), it reaches 0.25 F1, far surpassing
the baseline’s 0.07.

Consider the sentence: “Has China provided
Iran with decontamination materials?” In this rep-
resentative example involving the SUPPLY frame,
both the base LLaMA model and our fine-tuned
version correctly identify China as the SUPPLIER.
However, the base model incorrectly labels Iran as
a LOCATION and fails to detect any additional role.
In contrast, our fine-tuned model correctly assigns
the RECIPIENT role to Iran and identifies materi-
als as the THEME. Although the predicted span
misses part of the full constituent (“with decon-
tamination materials”), it successfully captures the
semantic head, which is often sufficient for down-
stream tasks. This pattern is consistent with our
overall results: the fine-tuned model reliably recov-
ers nearly all core roles, in line with the aggregate
metrics, but span completeness can occasionally be
imprecise.

While our setup is simplified and intentionally
scoped, it is noteworthy that the fine-tuned model
achieves competitive (if not superior) performance
compared to recent LLM-based SRL systems. For
example, Cheng et al. (2024) report F1 scores of
0.40 and 0.38 using ChatGPT in a 3-shot setting on
CoNLL-2005 WSJ and CoNLL-2012 WSJ, respec-
tively, and just 0.22 F1 in a zero-shot setting on
CoNLL-2005 WSJ. In contrast, our model reaches
0.41 F1 in zero-shot SRL, despite being trained
on a smaller and more focused dataset comprising
only 50 FrameNet frames. This discrepancy can
be explained in part by the underlying resource dif-
ferences: while Cheng et al. (2024) evaluate over
PropBank-style predicates, our approach concen-
trates on a curated subset of FrameNet frames. This
narrower scope likely contributes to the higher ac-
curacy, as it allows the model to internalize more
structured and semantically grounded knowledge.

Evaluation Criterion Zero-shot Fine-tuned
Roles Only 0.14 0.60
Roles + Span (25% ov.) 0.10 0.41
Roles + Span (75% ov.) 0.07 0.25

Table 3: SRL Performance on Frame Element Prediction
(F1 Score)

These results confirm that frame-semantic su-
pervision improves both structural role identifica-
tion and token-level grounding of semantic roles,
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demonstrating generalization from injected knowl-
edge to real-world SRL inputs. These results, al-
though obtained in a controlled setting and limited
to a selected subset of frames, mark a promising
first step: their consistency indicates that the ap-
proach is robust and generalizable. The natural
next step is to scale the fine-tuning procedure to the
full FrameNet inventory, a conceptually straight-
forward extension that merely requires a longer
training cycle.

A brief analysis highlights both strengths and
weaknesses of the fine-tuned model. At the posi-
tive end, qualitative analysis shows clear improve-
ments over the baseline. For instance, in the SUP-
PLY frame the fine-tuned model correctly recov-
ers all gold-standard roles and spans in: “Has
[China]SUPPLIER provided [Iran]RECIPIENT [with de-
contamination materials]THEME?”. By contrast,
the baseline mislabels the THEME span, predict-
ing [materials]MATERIAL and missing the full con-
stituent. This suggests that frame semantics help
the model align roles and spans more faithfully
to gold annotations, correcting systematic errors
made by the baseline. At the same time, errors
remain. In the EXCHANGE frame, sentence “The
Mycenaeans were an acquisitive race who came to
conquer, not to trade”, the fine-tuned model halluci-
nates THEME and RECIPIENT alongside the correct
roles EXCHANGER 1 and EXCHANGER 2, inflating
false positives. Similarly, in the OBJECTIVE IN-
FLUENCE frame, sentence “Many Jamaicans head
to the States for further education, and the Amer-
ican economic influence on areas such as busi-
ness investment and planning is growing”, it adds
a spurious AREA role where none was annotated.
Another common error is predicting roles without
spans, which negatively impacts F1. By contrast,
in such difficult cases the baseline typically fails to
recover any meaningful roles at all.

5 Conclusion and Observations

In this work, we introduced an efficient and prin-
cipled methodology for injecting structured frame-
semantic knowledge into large language models
via LoRA-based fine-tuning. By transforming
FrameNet resources into instructional prompts, we
enabled the model to internalize rich semantic ab-
stractions grounded in linguistic theory. Our ex-
periments demonstrate substantial gains in both
frame and role recognition tasks, as well as in zero-
shot semantic role labeling (SRL). Importantly,

the model exhibits strong generalization to unseen
frames, highlighting its ability to abstract beyond
surface-level associations and apply learned struc-
tures in novel contexts.

These findings suggest that explicitly aligning
LLMs with Frame Semantics can meaningfully en-
hance their semantic behavior, without sacrificing
general language capabilities. This opens promis-
ing avenues for future research, including scaling to
broader frame inventories, by also exploring more
refined prompting strategies. Moreover, we will
study the overall impact of the proposed adaptation
framework on LLM interpretability and reliability
in other downstream tasks, like QA and dialogue.
Future work could also explore frame-to-frame re-
lations (e.g., inheritance links), which are highly
relevant for reasoning tasks such as NLI where en-
tailment often depends on recognizing hierarchical
or causal connections between events. In addi-
tion, future evaluations should stratify FrameNet
QA data to examine which question types (e.g.,
frame definitions, frame elements, lexical units)
drive the observed improvements, and extend the
study across multiple large language models to as-
sess the generalizability of frame-semantic knowl-
edge injection beyond a single architecture.
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Limitations

This study focuses on a constrained subset of
FrameNet frames and tasks, reflecting an inten-
tionally scoped investigation. While our model
shows substantial gains in frame-semantic reason-
ing, several limitations remain. First, it occasion-
ally predicts spurious frame elements, especially
in low-resource frames, reducing precision. Sec-
ond, it often fails to produce accurate spans for
correctly identified roles, limiting its effectiveness
in span-level SRL. Extending coverage to the full
FrameNet inventory and evaluating across addi-
tional tasks (e.g., QA, dialogue) are key directions
for future work.
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A Task-Frame Sample Distribution

In FrameNet, semantic relationships between
frames are organized through hierarchical links,
primarily defined as inherits from and inherited
by. To maximize semantic diversity and cover a
broad range of frame phenomena, we selected 60
FrameNet frames according to the following prin-
ciples:

• Each frame maintains at least one hierarchical
relationship with another (either inherits from
or inherited by), ensuring structural coverage
within the FrameNet taxonomy.

• Selection prioritizes frames with diverse num-
bers of frame elements and lexical units, and
spanning multiple FrameNet domains.

• Ten frames were held out as unseen for zero-
shot evaluation: RELEASING, MANIPULA-
TION, CONTROL, KIDNAPPING, and COM-
MUNICATION MANNER (see complete list be-
low in Table 8).

The complete set of frames used for prompt
generation and model training is listed in Table 9,
where each row represents a FrameNet frame and
each column corresponds to a template-based task.
The columns of Table 9 are ordered and numbered
as follows, and match the templates described in
Section 3:

1. Open-ended: What is the definition of the X
frame?

2. Open-ended: Which frame is defined by
“def(X)”?

3. Closed-ended: Is “def(X)” regarded as the
definition of Frame X?

4. Open-ended: Can you list some frame ele-
ments in the X frame?

5. Open-ended: Which is the frame involving
frame elements such as FE1 and FE2?

6. Multiple-choice: Which one of the following
roles belongs to the set of frame elements of
the X frame?

7. Closed-ended: Are roles such as Y and Z part
of the frame elements of Frame X?

8. Open-ended: How is frame element FEi de-
fined in X frame?

9. Closed-ended: Does the definition of frame
element “def(FEi)” accurately express FEi
in the X frame?

10. Open-ended: Could you list some lexical
units associated with the X frame?

11. Closed-ended: Can LUi, as a POSi, be con-
sidered as the lexical unit of the X frame?

Each cell in the table reports the number of
question–answer pairs generated for the corre-
sponding frame–task combination for details on
sampling). The final column reports the total num-
ber of samples generated for each frame.

Task Type Details:

• Open-ended Prompts (Tasks 1, 2, 4, 5, 8,
10): The model provides free-form or descrip-
tive responses, testing the ability to paraphrase
and verbalize frame knowledge.

• Closed-ended Prompts (Tasks 3, 7, 9, 11):
Require binary (yes/no) or direct verification,
probing recognition of frame facts or rejec-
tions.

• Multiple-choice Prompts (Task 6): The
model selects the correct answer among can-
didates, revealing confusion or gaps.

Unseen Frames for Zero-shot Evaluation: To
assess the model’s performance after fine-tuning,
we apply the same sample generation methodol-
ogy described in Section 3 to a separate set of un-
seen frames. By using a uniform prompt structure
and evaluation format, we isolate the effect of un-
seen knowledge on model behavior in a controlled
setting. Ten frames Table 8 were excluded from
training and validation and used only for zero-shot
testing:

• SUICIDE ATTACK (inherits from ATTACK)

• MOTION NOISE (inherits from MOTION)

• COMMERCE PAY (inherits from GIVING)

• RECEIVING (inherits from GETTING)

• CORPORAL PUNISHMENT (inherits from
REWARDS AND PUNISHMENTS)

• COMMUNICATION MANNER (inherits from
COMMUNICATION)

42



• KIDNAPPING (inherits from COMMITTING

CRIME)

• CONTROL (inherits from OBJECTIVE INFLU-
ENCE)

• MANIPULATION (inherits from INTENTION-
ALLY ACT)

• RELEASING (inherits from INTENTIONALLY

AFFECT)

These choices ensure challenging and diverse cov-
erage for generalization evaluation.

B Sampling Strategy for Open-ended
Tasks

As described in Appendix A, open-ended tasks are
sampled according to the specific structure of each
prompt.

For tasks that require only a single reference to
the frame-such as asking for the definition of a
frame (“What is the definition of the X frame?”) or
for the frame corresponding to a given definition
(“Which frame is defined by “def(X)”?”)-the sam-
pling process is straightforward. For each frame,
we generate a single instance per prompt type, later
augmented through linguistic variation in the main
dataset.

In contrast, for open-ended tasks that involve
frame elements or lexical units, sampling is more
nuanced due to the multiplicity of possible ele-
ments within each frame. For example, in prompts
like “Can you list some frame elements in the X
frame?” and “Which is the frame involving frame
elements such as FE1 and FE2?”, the core frame
elements are randomly sampled or grouped, ensur-
ing that not all elements always appear in the same
order or configuration.

A particularly important case is the prompt
“How is frame element FEi defined in the X frame?”.
Here, the number of generated samples is deter-
mined by the number of core frame elements asso-
ciated with each frame. To ensure coverage while
controlling dataset size, we generate p = 3 varia-
tions for each core frame element, allocating p− 2
samples to the training set, and one each to the
validation and test sets.

For prompts targeting lexical units, such as
“Could you list some lexical units associated with
the X frame?”, we employ the iterative prompting
technique from (Wang et al., 2022). The number
of samples generated depends on the number of

available lexical units, grouped by part of speech
(POS; e.g., verbs, nouns, adjectives) within each
frame. Specifically, let nPOS be the number of lexi-
cal units for a given POS. We partition the list of
lexical units into sub lists, each containing at most
five items. The number of samples sPOS for each
POS is thus computed as

sPOS =
⌈nPOS

5

⌉

where ⌈·⌉ denotes the ceiling function.
For instance, if the frame ARRIVING includes

nverb = 15 verb lexical units, then

sverb =

⌈
15

5

⌉
= 3

resulting in three samples for verbs. If there are
nnoun = 8 noun lexical units, then

snoun =

⌈
8

5

⌉
= 2

so two noun samples are produced.
For evaluation, the complete set of lexical units

per part of speech is exhaustively covered, with
three sample sets (each reflecting a different linguis-
tic variation) distributed across training, validation,
and test splits. This guarantees that all lexical units
are sampled without repetition or overlap between
sets (Fillmore et al., 2003).

C Sampling Strategy for Closed-ended
Tasks

Closed-ended tasks require a balanced set of pos-
itive and negative examples to support meaning-
ful learning and avoid degenerate behaviors (e.g.,
always predicting no). For tasks such as “Does
the definition of frame element def(FEi) accu-
rately express FEi in the X frame?”, we generate
k = p + q = 9 samples per frame element FEi,
where p = 3 are positive and q = 6 are negative.

Negative examples are created by pairing the tar-
get frame with distractor definitions, elements, or
lexical units sampled from unrelated frames (e.g.,
using definitions from ATTACK when evaluating
GESTURE). This ensures diversity while avoiding
overwhelming the model with negatives. To pre-
serve task balance, p−2 positive and q−2 negative
samples are included in the training set, with the re-
maining examples evenly split between validation
and test.

For tasks involving lexical unit verification, such
as “Can LUi, as a POSi, be considered a lexical
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unit of the X frame?”, samples are generated for
each sublist of five lexical units. Given a part of
speech POSi, the number of such sublists is com-
puted as:

sPOSi =
⌈ni
5

⌉

where ni is the number of lexical units with POS
equal to POSi in the given frame. For example, in
the frame ARRIVING, if there are nverb = 15 verb
lexical units:

sverb =

⌈
15

5

⌉
= 3

then the total number of samples for that POS is:

stotal = sverb × k = 3× 9 = 27

Similarly, for nnoun = 8, we compute:

snoun =

⌈
8

5

⌉
= 2 ⇒ snoun, total = 2× 9 = 18

This sampling strategy ensures a consistent bal-
ance of examples across frames and tasks, while
maintaining semantic relevance and avoiding anno-
tation redundancy.

D Linguistic Variations

A key aspect of our data construction process is
the use of diverse linguistic templates for both
questions and answers. Each template contains
placeholders—such as X for the frame name or
def(X) for the frame definition—that are instan-
tiated using FrameNet annotations during prompt
generation. This approach promotes generalization,
prevents the model from memorizing fixed surface
forms, and closely mirrors the variability found in
real-world user queries.

Tables 4 and 5 provide concrete examples of lin-
guistic variation for a representative open-ended
task: frame definition. For each data split (train-
ing, validation, test), we sample distinct phrasings,
ensuring that the same question or answer formu-
lation is never shared across different splits. This
careful partitioning avoids data leakage and tests
the model’s ability to generalize across different
linguistic realizations.

Training
Q1: What is the definition of the X frame?
Q2: Can you define the X frame?
Q3: How is the X frame defined?
Validation
Q4: Could you provide the definition of the X frame?
Test
Q5: Please can you provide the definition of the X
frame?

Table 4: Examples of question template variations for
the frame definition task, grouped by data split. Each
formulation is unique to a split to ensure maximal lin-
guistic diversity and strict separation between training,
validation, and test sets.

Training
Ans1: We can define the X frame as “def(X).”
Ans2: The X frame can be defined as “def(X).”
Ans3: The definition of the X frame is “def(X).”
Ans4: If we define the X frame, it would be “def(X).”
Ans5: We can define the X frame as “def(X).”
Ans6: The X frame can be defined as follows: “def(X).”
Ans7: We can outline the definition of the X frame as
“def(X).”
Ans8: The X frame is defined as “def(X).”
Ans9: The X frame can be described as “def(X).”
Ans10: The definition of the X frame is “def(X).”
Validation
Ans11: The X frame can be summarized as “def(X).”
Ans12: If we describe the X frame, it will be “def(X).”
Ans13: A possible definition of the X frame is “def(X).”
Test
Ans14: The definition of the X frame can be “def(X).”
Ans15: We could define the X frame as “def(X).”

Table 5: Examples of answer template variations for the
frame definition task, grouped by data split. As with
the questions, each answer formulation is assigned to a
single split, ensuring the model cannot rely on surface-
level memorization.

E Task-level Evaluation Breakdown

To better understand where our frame-aware super-
vision strategy yields the most impact, we provide
a task-level breakdown of performance. Table 7 re-
ports scores on each of the 11 prompt-based tasks,
comparing the original LLaMA model (zero-shot)
with its fine-tuned counterpart. Task types are cate-
gorized as Open-ended, Closed-ended, or Multiple-
choice (MCQs), and evaluated using appropriate
metrics: cosine similarity for generative outputs,
and F1 score for classification tasks.

The results consistently confirm the effective-
ness of semantic supervision: for each task, the
fine-tuned model outperforms the baseline. Partic-
ularly notable gains are observed in closed tasks
requiring precise frame-role or definition-role veri-
fication (e.g., T3, T7, T9, T11), and in open-ended
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ID Prompt type What varies? Instances per frame Why that number of instances?

T1 Open-ended Wording of question about frame definition 5 One definition, asked in 5 paraphrased forms
T2 Open-ended Wording of question about frame name from

definition
5 One definition, reversed as 5 distinct questions

T3 Closed-ended Match/mismatch of frame definitions 9 (3+6) 3 correct, 6 distractors from unrelated frames
T4 Open-ended Surface forms of request for FE list 5 FE list is fixed, asked in 5 paraphrased forms
T5 Open-ended Subset of core FEs and question formulation 5 2 FEs randomly sampled; question paraphrased 5

times
T6 Multiple-choice Set of distractors for correct FE 5 Each with 1 correct + 3–4 distractors; mix of cor-

rect/incorrect MCQs
T7 Closed-ended Pairings of roles with frames 9 (3+6) 3 true role sets, 6 sampled from unrelated frames
T8 Open-ended Question formulation per core FE 3 × |core FE| 3 paraphrases per core FE definition
T9 Closed-ended FE–definition pairs 9 × |core FE| 3 correct, 6 incorrect per FE
T10 Open-ended POS-based sublists of LUs

∑
p

⌈np
5

⌉
One question per LU-POS bucket; no overlap across
splits

T11 Closed-ended LU–POS verification questions 9 ×
⌈np

5

⌉
3 positives, 6 negatives per LU-POS bucket

Table 6: Summary of task-specific generation strategies and sample counts per frame. Task IDs correspond to the
columns of Table 9.

ID Task Type Metrics Os FT
T1 What is the definition of the X frame? Open-ended Cos 0.70 0.96
T2 Which frame is defined by def(X)? Open-ended Cos 0.50 0.84
T3 Is “def(X)” regarded as the definition of Frame X? Closed F1 0.48 0.70
T4 Can you list some frame elements in the X frame? Open-ended Cos 0.58 0.88
T5 Which is the frame involving frame elements such as FE1 and FE2? Open-ended Cos 0.47 0.83
T6 Which one of the following roles belongs to the set of frame elements of the X frame? MCQs F1 0.27 0.66
T7 Are roles such as Y and Z part of the frame elements of Frame X? Closed F1 0.61 0.85
T8 How is frame element FEi defined in X frame? Open-ended Cos 0.68 0.87
T9 Does the definition of frame element “def(FEi)” accurately express FEi in the X frame? Closed F1 0.51 0.99
T10 Could you list some lexical units associated with the X frame? Open-ended Cos 0.75 0.85
T11 Can LUi, as a POSi, be considered as the lexical unit of the X frame? Closed F1 0.60 0.98

Table 7: Task-wise evaluation results across the 11 prompt templates. Metrics are cosine similarity for open-ended
prompts and F1 score for closed-ended and MCQ formats.

prompts involving structured natural language re-
sponses (e.g., T1, T5, T8).

F Instruction-style Prompt Used for SRL
Evaluation

We evaluate our model’s semantic role labeling
(SRL) capabilities using a controlled instruction-
style prompt, shown in Figure 2. The prompt re-
quires the model to extract both the lexical unit
evoking the frame and the associated frame ele-
ments, returning a structured JSON object. The
input consists of a sentence and its corresponding
frame label.

Although the prompt includes a single illustra-
tive example, this is not intended as one-shot learn-
ing: the example solely clarifies the expected out-
put format and does not correspond to the frame
used in the actual input. A true one-shot setting
would require frame-specific exemplars for each
evaluation case, which are not provided. Thus, the
evaluation remains fully zero-shot with respect to
frame-specific role assignments.
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"""
You are an expert in Frame Semantics and Semantic Role Labeling. Your task is to identify the **

lexical unit** evoking a given frame and extract the corresponding ** frame elements ** with
their roles from a given sentence.

### Instructions:
1. Identify the ** lexical unit** that evokes the given frame.
2. Extract ** frame elements ** present in the sentence and map them to their respective roles
3. Format your response strictly as a JSON object following the structure provided.
4. Do not include any additional explanations -return only the JSON.
5. Use only **frame elements ** you know.

### Example:
#### Given Frame: LOCATION
#### Input Sentence:
Hall , who recently returned from a trip to Iraq ....
#### Expected Output:
{

"input_sentence ": "Hall , who recently returned from ...." ,
"annotations ": [

{
"frame": "LOCATION",
"lexical_unit ": "trip",
"frame_elements ": {

"PLACE ": "Iraq",
"TRAVELER ": "Hall"

}
}

]
}
Now , process the following input and return a JSON object:

#### Given Frame:
#### Input Sentence:
#### Your Output:
"""

Figure 2: Instructional prompt used for SRL evaluation.

Frame Name T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 Total
RELEASING 5 5 9 5 5 5 9 9 27 2 18 99
MANIPULATION 5 5 9 5 5 5 9 9 27 2 18 99
CONTROL 5 5 9 5 5 5 9 21 63 2 18 147
KIDNAPPING 5 5 9 5 5 5 9 6 18 3 27 97
COMMUNICATION MANNER 5 5 9 5 5 5 9 9 27 2 18 99
CORPORAL PUNISHMENT 5 5 9 5 5 5 9 9 27 2 18 99
SUICIDE ATTACK 5 5 9 5 5 5 9 6 18 1 9 77
MOTION NOISE 5 5 9 5 5 5 9 15 45 1 9 113
COMMERCE PAY 5 5 9 5 5 5 9 15 45 2 18 123
RECEIVING 5 5 9 5 5 5 9 9 27 2 18 99
Total 50 50 90 50 50 50 90 108 324 19 171 1052

Table 8: Summary of the sample counts produced for each task across the unseen frames.
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Frame Name T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 Total
ABANDONMENT 5 5 9 5 5 5 9 6 18 12 27 106
ABUSING 5 5 9 5 5 5 9 6 18 12 27 106
APPOINTING 5 5 9 5 5 5 9 15 45 9 27 139
ARREST 5 5 9 5 5 5 9 12 36 9 27 127
ARRIVING 5 5 9 5 5 5 9 6 18 11 45 123
ASSEMBLE 5 5 9 5 5 5 9 12 36 4 9 104
ASSISTANCE 5 5 9 5 5 5 9 12 36 13 36 140
ATTACK 5 5 9 5 5 5 9 6 18 18 81 166
ATTEMPT MEANS 5 5 9 5 5 5 9 9 27 4 9 92
BRINGING 5 5 9 5 5 5 9 21 63 17 72 216
COME TOGETHER 5 5 9 5 5 5 9 12 36 6 27 124
COMMITTING CRIME 5 5 9 5 5 5 9 6 18 8 18 93
COMMUNICATION 5 5 9 5 5 5 9 12 36 10 36 137
COMMUNICATION RESPONSE 5 5 9 5 5 5 9 15 45 10 36 149
CONTACTING 5 5 9 5 5 5 9 15 45 12 54 169
DEPARTING 5 5 9 5 5 5 9 6 18 9 27 103
ENFORCING 5 5 9 5 5 5 9 9 27 8 18 105
ESCAPING 5 5 9 5 5 5 9 6 18 9 27 103
EVENT 5 5 9 5 5 5 9 9 27 8 18 105
EVENTIVE AFFECTING 5 5 9 5 5 5 9 6 18 5 18 90
EXAMINATION 5 5 9 5 5 5 9 15 45 8 18 129
EXCHANGE 5 5 9 5 5 5 9 6 18 8 18 93
EXECUTE PLAN 5 5 9 5 5 5 9 9 27 8 18 105
EXECUTION 5 5 9 5 5 5 9 6 18 9 27 103
FUNDING 5 5 9 5 5 5 9 9 27 4 9 92
GESTURE 5 5 9 5 5 5 9 15 45 9 27 139
GETTING 5 5 9 5 5 5 9 6 18 10 36 113
GIVING 5 5 9 5 5 5 9 9 27 12 54 145
INTENTIONALLY ACT 5 5 9 5 5 5 9 6 18 10 36 113
INTENTIONALLY AFFECT 5 5 9 5 5 5 9 9 27 4 9 92
KILLING 5 5 9 5 5 5 9 15 45 24 135 262
MOTION 5 5 9 5 5 5 9 21 63 8 45 180
OBJECTIVE INFLUENCE 5 5 9 5 5 5 9 21 63 8 18 153
PIRACY 5 5 9 5 5 5 9 9 27 12 27 118
RAPE 5 5 9 5 5 5 9 9 27 12 27 118
REPLACING 5 5 9 5 5 5 9 9 27 9 27 115
RESIDENCE 5 5 9 5 5 5 9 9 27 15 54 148
RESPONSE 5 5 9 5 5 5 9 12 36 8 18 117
REWARDS AND PUNISHMENTS 5 5 9 5 5 5 9 12 36 12 27 130
SELF MOTION 5 5 9 5 5 5 9 18 54 45 297 457
SMUGGLING 5 5 9 5 5 5 9 15 45 12 27 142
SUMMARIZING 5 5 9 5 5 5 9 9 27 8 18 105
SUPPLY 5 5 9 5 5 5 9 12 36 9 27 127
SUPPORTING 5 5 9 5 5 5 9 6 18 4 9 80
TAKING 5 5 9 5 5 5 9 9 27 8 18 105
TEMPORARY STAY 5 5 9 5 5 5 9 12 36 9 27 127
THEFT 5 5 9 5 5 5 9 12 36 20 99 210
USING 5 5 9 5 5 5 9 12 36 13 36 140
VEHICLE LANDING 5 5 9 5 5 5 9 6 18 4 9 80
VISITING 5 5 9 5 5 5 9 6 18 8 18 93
Total 250 250 450 250 250 250 450 525 1,575 524 1,854 6,628

Table 9: Overview of the number of samples generated for each task across frames, with tasks represented as
columns and frames as rows. The table also includes the total number of sample pairs for each frame. Each cell
reflects the actual number of QA pairs generated, which may vary according to (a) the number of frame elements or
lexical units per frame, (b) the mix of positive and negative samples, and (c) the paraphrasing strategy adopted for
data splitting. These design choices are fully detailed in Appendix B (for open-ended tasks) and Appendix C (for
closed-ended tasks)
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Abstract

Lexical-level sentence simplification is essen-
tial for improving text accessibility, yet tradi-
tional methods often struggle to dynamically
identify complex terms and generate contextu-
ally appropriate substitutions, resulting in lim-
ited generalization. While prompt-based ap-
proaches with large language models (LLMs)
have shown strong performance and adaptabil-
ity, they often lack interpretability and are
prone to hallucinating. This study proposes
a fine-tuning approach for mid-sized LLMs to
emulate the lexical simplification pipeline. We
transform complex word identification datasets
into an instruction–response format to support
instruction tuning. Experimental results show
that our method substantially enhances com-
plex word identification accuracy with reduced
hallucinations while achieving competitive per-
formance on lexical simplification benchmarks.
Furthermore, we find that integrating fine-
tuning with prompt engineering reduces depen-
dency on manual prompt optimization, leading
to a more efficient simplification framework.

1 Introduction

Lexical simplification (LS) aims to enhance text
readability and understandability by replacing com-
plex words or phrases with simpler alternatives
without shifting the original meaning or introduc-
ing grammatical errors. Traditional LS methodolo-
gies typically follow the pipeline, including iden-
tifying complex components, finding substitution
candidates, and choosing the optimal candidate
(Qiang et al., 2020; Lee and Yeung, 2019; Atharva
et al., 2023; Paetzold and Specia, 2017; Glavaš and
Štajner, 2015). Although this strategy is widely
adopted, it suffers from fundamental limitations
in both design and execution. In particular, the
sequential architecture is prone to error propaga-
tion, where errors in early steps negatively impact

* Equal contribution.
† Corresponding author.

the quality of the subsequent outcomes. Conse-
quently, accurately identifying complex words and
phrases within a given sentence plays a pivotal role
in the entire LS system. However, existing LS sys-
tems identify complex words by evaluating each
word separately. The word semantic complexity
relies on its context in real-world linguistic envi-
ronments. The isolated evaluation strategy tends
to reduce the recall of the complex word identi-
fication (CWI) module, lowering overall system
performance. Although n-gram-based tokeniza-
tion strategies can partially alleviate this issue, this
static segmentation scheme limits its effectiveness
in dealing with dynamic language environments
(Ferrés et al., 2017).

Furthermore, previous approaches face chal-
lenges in generating appropriate substitutions and
effectively ranking them. Static approaches, such
as vector space-based approaches (Glavaš and Šta-
jner, 2015; Ferrés et al., 2017), rank the substitute
candidates by measuring the lexical semantic dis-
tance, which may result in semantic drift (Paetzold
and Specia, 2017) or part-of-speech (PoS) tag mis-
matching (Glavaš and Štajner, 2015). Although
dynamic approaches mitigate these limitations by
leveraging pre-trained language models that uti-
lize contextual knowledge to generate substitutes
(Qiang et al., 2020; Atharva et al., 2023), similar to
static approaches, these models are constrained to
replace complex terms using isolated lexical units,
which results in limited effectiveness in handling
complex multi-word terms. As shown later in Sec-
tion 4.2, our fine-tuned system is competitive with
traditional models in preserving both grammatical-
ity and adequacy.

Large language models have demonstrated re-
markable language understanding capabilities in
text generation tasks. Using LLMs enables effec-
tive adaptation to diverse linguistic contexts, effi-
ciently identifying complex words and phrases, and
generating appropriate substitutions by analyzing
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the entire context (Baez and Saggion, 2023; North
et al., 2024). However, since LLMs suffer from
hallucinations, inconsistency, and limited controlla-
bility, depending on prompting alone is unreliable
for LS tasks. Moreover, LLMs are sensitive to the
prompt format, leading to an extensive manual de-
sign and tuning, making the development process
both time-consuming and resource-intensive.

This paper proposes an LS approach that fine-
tunes LLMs on a modified corpus and instructs
the model to identify and simplify complex terms
within given sentences. The experimental results
demonstrate that the proposed system can identify
variable-length phrases or single words by leverag-
ing its advanced language understanding capability.
It simultaneously replaces all complex terms dur-
ing simplification, while avoiding semantic drift
arising from iterative substitution processes in tradi-
tional approaches. Moreover, this system addresses
the limitations of purely prompt-based methods.
Since our system only requires the user to write
the instructions in the same format as the train-
ing corpora, it does not require users to engage
in tuning prompt format. Besides, the fine-tuning
process effectively enhances the accuracy rate with
decreasing hallucinations. To enable LLMs to com-
prehend and execute instructions precisely, we con-
struct an LS-instruction-answer (LS-I-A) dataset
based on the CWIG3G2 English dataset (Yimam
et al., 2017). Experimental results indicate that the
proposed approach, integrating fine-tuning with
a prompt mechanism, achieves superior simpli-
fication efficiency compared with traditional LS
pipelines. Moreover, unlike few-shot and zero-shot
methods, this approach eliminates the requirements
for prompt tuning while effectively mitigating hal-
lucination rates. The key contributions of this paper
are as follows.

• We propose a two-step instruction-tuned
framework for lexical-level sentence simpli-
fication, which explicitly separates complex
word identification and lexical substitution,
enabling more accurate, context-aware simpli-
fications.

• We construct an instruction-based dataset by
reformatting the CWIG3G2 (Yimam et al.,
2017) corpus into structured CWI and LS
instances, facilitating instruction tuning and
downstream evaluation on lexical simplifica-
tion.

• We conduct comprehensive experiments
across multiple LLM backbones (Mistral
(Jiang et al., 2023), Qwen (Yang et al., 2025),
and LLaMA (Touvron et al., 2023)), compar-
ing fine-tuned and non-fine-tuned settings us-
ing both standard automatic metrics (Section
4).

2 Related Works

Traditional LS approaches follow a three-step
pipeline—complex word identification, substitu-
tion generation, and ranking—yet suffer from er-
ror propagation and context-insensitive evaluations
(Paetzold and Specia, 2017; Glavaš and Štajner,
2015). To address these issues, edit-based mod-
els such as EditNTS (Dong et al., 2019) and Edit-
TS (Kumar et al., 2020) perform explicit token-
level operations (e.g., delete, replace, keep), achiev-
ing practical simplification with interpretable edits.
Similarly, GRS (Dehghan et al., 2022) combines
generation and revision in an unsupervised man-
ner, incorporating paraphrasing and deletion at the
lexical level. Dress-LS (Zhang and Lapata, 2017)
introduces a sequence-to-sequence model trained
with reinforcement learning to optimize simplifica-
tion quality, but offers limited control over specific
linguistic properties. ACCESS (Martin et al., 2019)
extends this by enabling controllable simplification
through attribute-specific constraints such as length
and lexical complexity. Despite these advances,
many of these systems rely on rigid heuristics or
lack the scalability to handle diverse inputs dynam-
ically.

Recent work also explores the use of LLMs such
as LLaMA (Touvron et al., 2023) and Mistral (Jiang
et al., 2023) for lexical simplification (Baez and
Saggion, 2023; North et al., 2024). With strong
instruction-following and contextual understanding
abilities, these models can simplify complex terms
in context via prompting or fine-tuning, offering
greater flexibility and scalability. However, they
often suffer from limited interpretability and occa-
sional hallucinations, making them less reliable for
controlled LS tasks.

In contrast, our work leverages LLMs fine-tuned
on a structured instruction-based dataset to identify
and directly simplify complex terms in context.
Unlike edit-based systems or prompt-only LLM
approaches, our method balances controllability
and robustness while mitigating hallucinations and
format sensitivity.
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Figure 1: The workflow of the LS system: it first identifies complex words using CWI instructions. Then, it builds
LS instructions by utilizing the extracted complex words. Finally, the system outputs the simplified versions under
the guidance of the constructed LS instructions.

3 Methodologies

We design a two-stage workflow for lexical simpli-
fication using a large language model, as Figure
1 shows. The first stage identifies complex words
and phrases within a given sentence. In the sec-
ond stage, the LLM is prompted with the original
sentence and the list of identified complex terms.
It is instructed to generate simpler, contextually
appropriate alternatives that preserve the original
meaning and ensure grammatical correctness. The
model may also perform minor syntactic adjust-
ments such as reordering words, modifying prepo-
sitions, or removing redundant tokens to maintain
fluency. This approach leverages the LLM’s con-
textual understanding and generation capabilities
to perform high-quality, semantic-preserving sim-
plification without requiring manually crafted rules
or external linguistic resources.

In the following sections, we detail methodolo-
gies used in designing this LS system, including
constructing the LS-I-A corpus, fine-tuning strat-
egy for LLMs, and evaluation metrics.

3.1 LS-I-A Dataset
3.1.1 Complex Word Identification
We build on the CWI instruction dataset based
on the CWIG3G2 English dataset (Yimam et al.,
2017) which contains human annotations of com-
plex words across various genres such as News,
WikiNews, and Wikipedia. In this study, we manu-
ally alter the dataset to transfer the original dataset
into instruction-answer format. To convert the
dataset into an instruction–answer format suitable
for prompting LLMs, we manually revise each in-
stance. This process involves the following steps:

• Sentence reformatting: we extract sentences
from the original tabular format and integrate
them into instructional prompts as is presented
in Figure 1 (CWI Instruction).

• Annotation consolidation: All annotated com-
plex terms within each sentence are aggre-
gated and listed in the answer as follows.

The complex words and phrases:
investigation, get the why.

3.1.2 Lexical Simplification
We further adapt the dataset for lexical simplifi-
cation. While CWIG3G2 was originally designed
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for CWI, we extend it via GPT-assisted simplifi-
cation and expert validation, converting it into an
instruction-tuning dataset for LS. First, we employ
GPT-4o to generate appropriate simple substitute
candidates for each complex term. Next, the com-
plex terms are replaced with their corresponding
substitutes. To ensure adequacy and grammatical
correctness, we engage native English speakers to
assess and correct the simplified sentences. Si-
multaneously, non-native English speakers with
experience in English language teaching in China
assess the readability of the simplified terms for
non-native readers. Following the evaluation and
revision processes, we retain 1,784 instances in the
training set and 225 instances in the validation set.
The final dataset is formatted into an instruction-
answer format with the following structure.

• Instruction: It contains the original com-
plex sentence, followed by identified complex
terms. The instruction also specifies that each
complex term should be simplified based on
contextual knowledge. Furthermore, we out-
line certain restrictions to keep the original
meaning and avoid grammatical errors. The
instance is detailed in Figure 1 (LS Instruc-
tion)

• Answer: The answer should list simple sub-
stitution terms and present the simplified sen-
tence.

Therefore, the LS-I-A dataset comprises
four groups of attributes. The attributes
cwi_instruction and cwi_answer provide in-
structions and references designed for fine-tuning
LLMs to identify complex terms. Similarly,
ls_instruction and ls_answer are constructed
to guide the fine-tuning process for lexical simplifi-
cation.

3.2 Fine-tuning

Notably, our fine-tuning is performed on a small-
scale dataset, demonstrating the feasibility of low-
resource instruction tuning for lexical simplifica-
tion. In the training process, to enable the model
to simulate the LS pipeline, for each instance, its
cwi_instruction is first fed into the LLMs, im-
mediately followed by its ls_instruction. All
the instances are iteratively fed into the LLMs fol-
lowing these steps, enabling them to learn the sim-
plification rules and strategies.

We use our newly constructed dataset to fine-
tune LLMs for complex word identification and
lexical simplification. In this study, we select
three mid-sized open-source instruction-aligned
LLMs: Llama-3.1-8B-Instruct1, Qwen2.5-7B-
Instruct-1M2, and Mistral-8B-Instruct-24103.

All models are fine-tuned using LoRA (Low-
Rank Adaptation) with 4-bit precision (NF4 quan-
tization) to enhance memory efficiency. The fine-
tuning process is executed on an RTX 4090 GPU,
with gradient checkpointing enabled to reduce
memory consumption. The models are trained for
10 epochs with a per-device batch size of 2 and
a gradient accumulation of 4. To optimize per-
formance, a cosine learning rate scheduler with
an initial learning rate of 1e-4 is applied, comple-
mented by mixed precision (fp16). The optimizer
is configured as AdamW, with a weight decay of
0.05 and a maximum gradient norm of 0.3. Model
checkpoints and evaluations are performed at the
end of each epoch, and the best-performing model
is restored after the completion of training.

3.3 Evaluation Metrics
For CWI tasks, information retrieval metrics (preci-
sion, recall, and F1-score) are employed to evaluate
the systems, with the basic metrics illustrated by
Manning (2009). In addition to these basic infor-
mation retrieval metrics, we introduce a novel eval-
uation metric, hallucination rate (HR), to assess
the reliability of the LLMs. To obtain the HR, we
define a hallucination term as follows.

A hallucination term is defined as any term gen-
erated by the LLMs that either does not appear in
the original sentence or is identified as a numerical
value, special character, or stop word.

The equation for calculating HR is presented
below.

HR =
1

n

[
n∑

i=1

hi
mi

]
(1)

where, n represents the test size, hi denotes the
number of hallucination terms in instance i, and mi

is the number of identified terms in instance i.
We evaluate the effectiveness of our system on

the lexical-level sentence simplification task us-
ing three established metrics: SARI (Xu et al.,
2016) for simplicity, FKGL (Flesch–Kincaid Grade

1https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

2https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
3https://huggingface.co/mistralai/Ministral-8B-Instruct-

2410
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Level) (Kincaid et al., 1975) for fluency, and
BERTscore (Zhang et al., 2019) for adequacy. SARI
and FKGL are obtained through the EASSE eval-
uation toolkit (Stodden, 2024), which provides a
standardized framework for assessing simplifica-
tion quality, while BERTscore (Zhang et al., 2019)
is calculated via the bert-score module4.

4 Results

4.1 CWI results

The reformulated CWI task requires the model to
extract all complex terms in a sentence rather than
focusing on preselected target words, thereby ex-
panding the instance space and altering the task
definition. Consequently, direct comparison with
traditional CWI methods is not methodologically
valid. Instead, we investigate the effectiveness of
instruction-based fine-tuning by contrasting it with
non-fine-tuned counterparts under identical condi-
tions.

We revise the CWIG3G2 test set following the
methodology outlined in Section 3.1.1 to assess
the performance of our system on CWI tasks. The
resulting test set comprises 325 instances, each
consisting of an instruction paired with a corre-
sponding reference. The evaluation results are
presented in Table 1. As demonstrated, the fine-
tuned LLaMA model achieves the highest F1-score
(0.8188), along with notable precision (0.7784)
and the highest recall (0.8635), indicating a bal-
anced and highly effective identification of com-
plex words. The fine-tuned Mistral model also per-
forms strongly, with an F1-score of 0.8064 and the
lowest hallucination rate of 0.0055, demonstrating
its reliability. Additionally, the fine-tuned Qwen
model shows competitive performance, achieving
an F1-score of 0.8079 and the highest precision
(0.7864) among all fine-tuned models while main-
taining a reasonable recall (0.8306).

In contrast, the non-fine-tuned versions of all
three models yield substantially lower F1 scores
and significantly higher hallucination rates. For
example, non-fine-tuned Qwen, despite achieving
the highest precision overall (0.8388), suffers from
a low recall (0.4727), resulting in a significantly
lower F1-score (0.6077). These results underscore
the effectiveness of fine-tuning in enhancing the
accuracy and robustness of LLMs for CWI tasks.

4https://github.com/Tiiiger/bert_score

4.2 Simplification Results

This section presents the simplification results of
our system and provides a comparative analysis
against state-of-the-art lexical simplification mod-
els as well as non-fine-tuned LLMs. All the LS
systems are evaluated on the TurkCorpus (Xu et al.,
2016) and ASSET (Alva-Manchego et al., 2020)
datasets. This study selects NTS+SARI (Nisioi
et al., 2017), ACCESS (Martin et al., 2019), Ed-
itNTS (Dong et al., 2019), Edit-Unsup-TS (Ku-
mar et al., 2020), Dress-LS (Zhang and Lapata,
2017), GRS (Dehghan et al., 2022), non-fine-tuned
LLaMA, non-fine-tuned Qwen, and non-fine-tuned
Mistral as baseline models due to their relevance
to lexical-level sentence simplification. The evalu-
ation results are summarized in Table 2 for clarity
and comparison.

As shown in Table 2, our fine-tuned models
demonstrate competitive or superior performance
compared with both traditional lexical simplifica-
tion systems and non-fine-tuned LLMs. Notably,
the fine-tuned Qwen model achieves the highest
SARI score on the ASSET benchmark (41.41),
along with a BERTscore of 0.9492 and an FKGL
of 7.568, indicating its strong capability in produc-
ing simplified text while preserving semantic con-
tent. Fine-tuned Mistral also performs well, with
SARI scores of 39.55 on TurkCorpus and 41.24
on ASSET, BERTscores of 0.942 and 0.953, and an
FKGL of 7.32 on both datasets. Similarly, fine-
tuned LLaMA attains SARI scores of 39.13 on
TurkCorpus and 40.59 on ASSET, with correspond-
ing BERTscores of 0.941 and 0.950.

Among traditional systems, ACCESS achieves
the best performance on TurkCorpus, with the high-
est SARI score (42.08) and the lowest FKGL (7.29).
However, its BERTscore (0.955) remains slightly
lower than those of EditNTS (0.961) and Dress-LS
(0.964). On ASSET, GRS yields the lowest FKGL
(4.17), indicating enhanced readability, while Ed-
itNTS achieves the highest BERTscore (0.970), re-
flecting strong semantic fidelity.

Overall, these results confirm the effectiveness
of fine-tuning large language models for lexical
simplification. All fine-tuned models consistently
outperform their non-fine-tuned counterparts and
match or exceed the performance of established
simplification systems.
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model precision ↑ recall ↑ F1 ↑ HR ↓
ft Mistral 0.7667 0.8545 0.8064 0.0055
ft Qwen 0.7864 0.8306 0.8079 0.0145
ft LLaMA 0.7784 0.8635 0.8188 0.0065

non-ft Mistral 0.6207 0.7388 0.6778 0.0616
non-ft Qwen 0.8388 0.4727 0.6077 0.0335
non-ft LLaMA 0.7300 0.6712 0.6994 0.0532

Table 1: Evaluation results for the CWI task, comparing fine-tuned models with their original versions. Background
color indicates performance level (darker green = better; lower is better for HR).

Model TurkCorpus ASSET
SARI ↑ FKGL ↓ BERTscore ↑ SARI ↑ FKGL ↓ BERTscore ↑

NTS+SARI (Nisioi et al., 2017) 36.93 8.18 0.959 34.02 8.18 0.967
ACCESS (Martin et al., 2019) 42.08 7.29 0.955 40.12 7.29 0.966
EditNTS (Dong et al., 2019) 38.51 8.37 0.961 34.94 8.37 0.970
Edit-Unsup-TS (Kumar et al., 2020) 38.09 6.44 – 38.94 6.39 –
Dress-LS (Zhang and Lapata, 2017) 36.89 7.58 0.964 36.90 7.58 0.951
GRS (Dehghan et al., 2022) – – – 37.9 4.17 –
non-ft Mistral 33.43 8.99 0.924 38.69 8.99 0.936
non-ft Qwen 32.61 5.24 0.901 39.13 5.24 0.915
non-ft LLaMA 34.68 7.47 0.921 39.71 7.47 0.932
ft Mistral 39.55 7.32 0.942 41.24 7.32 0.953
ft Qwen 38.60 7.57 0.940 41.41 7.568 0.949
ft LLaMA 39.13 7.59 0.941 40.59 7.59 0.950

Table 2: Performance of different models on TurkCorpus and ASSET benchmarks. Cell background color indicates
performance: darker green = better. For FKGL, lower values are better and mapped to deeper green.

5 Analysis

As shown in Table 1 and Table 2, the instruction-
tuned models exhibit substantial improvements
over their non-fine-tuned counterparts on the CWI
and LS tasks. These results suggest that instruction-
based fine-tuning enhances the ability of large lan-
guage models to identify complex lexical items
with greater accuracy. Furthermore, our system
is competitive with existing systems, generating
simplifications that are more fluent and contextu-
ally aligned. These findings underscore the ef-
fectiveness of our framework in steering LLMs
toward more precise, context-aware, and semanti-
cally faithful simplification.

To gain deeper insight into the behavior of our
instruction-tuned lexical simplification system, we
analyze the SARI subcomponents alongside the
structural and lexical metrics presented in Figures
2 and 3. These fine-grained evaluations go beyond
aggregate performance scores, offering a more nu-
anced understanding of how the model balances
adequacy, fluency, and simplicity in its simplifica-

tion strategy.

5.1 SARI Subcomponent Analysis

As shown in Figure 2, our fine-tuned mod-
els exhibit competitive performance across the
three SARI subcomponents—add, keep, and
delete—demonstrating the effectiveness of our sys-
tem in capturing the diverse operations involved
in sentence simplification. Notably, the fine-tuned
LLaMA model achieves the highest add score on
TurkCorpus and maintains strong performance on
ASSET, indicating that it is particularly effective at
introducing simplified content that aligns well with
the surrounding context. This capability is associ-
ated with our instruction tuning framework, which
separates complex word identification from substi-
tution generation. By decoupling these stages, the
model is first guided to identify complex items by
leveraging word morphology and contextual cues,
and subsequently to generate replacements that are
better informed by the identified term and its con-
textual knowledge, resulting in more appropriate
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Figure 2: SARI subcomponent ratio (add, keep, delete) for TurkCorpus and ASSET datasets across different models.

and semantically coherent simplifications.
Although the keep scores of our fine-tuned mod-

els are lower than those of traditional systems such
as EditNTS and ACCESS, they reflect a more trans-
formative simplification strategy. While higher
keep scores generally indicate stronger preserva-
tion of the original sentence structure, they may
also reflect a more conservative editing approach
with limited modification. In contrast, our models
are more inclined to rephrase the complex items
and partially restructure the input, yielding moder-
ate keep scores that maintain core semantic content
while enabling both lexical and syntactic simplifi-
cation. This editing behavior is further supported
by consistently strong delete scores, which suggest
that our models are effective at removing unneces-
sary or overly complex content, thereby enhancing
clarity and conciseness.

5.2 Structural and Lexical Evaluation

Figure 3 offers a visual demonstration of how
instruction-based fine-tuning enhances the qual-
ity of text simplification along both structural and
lexical dimensions. Compared to baseline models,
our fine-tuned models exhibit a balanced distri-
bution across key structural indicators. Notably,
the compression ratio (blue segments) for the fine-
tuned models remains close to 0.90, indicating that
they reduce sentence length effectively without ag-
gressive truncation. In contrast, non-fine-tuned
models display more extreme behaviors—for ex-
ample, non-fine-tuned Qwen heavily compresses

(left-shifted blue segment), while non-fine-tuned
Mistral barely shortens inputs at all.

Sentence split proportions (orange segments)
are consistent across all models, with fine-tuned
variants maintaining structural cohesion. The
"Exact copies" segments (green) are minimal
for fine-tuned models—remarkably fine-tuned
LLaMA—highlighting their strong rewriting capa-
bility compared to traditional models like Dress-LS,
which retain a higher proportion of copied content.

Additionally, the red (Additions) and cyan (Dele-
tions) segments show that the fine-tuned models
engage in more balanced and substantive edits. For
example, fine-tuned LLaMA and Qwen demon-
strate nearly symmetrical proportions of additions
and deletions, indicating that the models are not
merely replacing individual words (as in shallow
lexical simplification) but are actively restructuring
sentences by inserting relevant information and re-
moving redundant or complex segments, thereby
engaging in more meaningful and substantive sim-
plification.

Finally, the Levenshtein similarity (gray seg-
ments) and lexical complexity scores indicate that
our fine-tuned models strike a desirable balance
between adequacy and fluency. The longer gray
bars in fine-tuned models signify sufficient diver-
gence from the source while maintaining coher-
ence. These visual patterns affirm the benefits of
fine-tuning LLMs in sentence simplification, align-
ing more closely with human-like simplification
behaviors.
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Figure 3: Distribution of Structural and Lexical Metrics Across Simplification Models.

In summary, these results validate the strength
of our instruction-based fine-tuning approach. By
structurally isolating CWI and LS within modular
prompt designs, our models consistently outper-
form their non-fine-tuned counterparts and match
or exceed the performance of existing state-of-the-
art lexical simplification systems across various
evaluation criteria, including simplification depth,
fluency, and adequacy. Further illustrations are de-
tailed in Appendix A, which includes three repre-
sentative cases comparing traditional models, non-
fine-tuned LLMs, and fine-tuned LLMs. The anal-
ysis demonstrates how instruction tuning enables
more fluent, semantically faithful, and structurally
appropriate simplifications across varied sentence
types.

6 Conclusion

This study proposes a lexical-level sentence sim-
plification system based on LLMs that emulate the
traditional LS pipeline. We revise the CWIG3G2
dataset to develop this system and construct a new
instruction–answer corpus, LS-I-A, for fine-tuning
LLMs. Experimental results demonstrate that fine-
tuning significantly enhances LLM performance
in CWI and LS tasks. On LS tasks, our system
achieves performance comparable to several state-
of-the-art models. Despite the strong performance,
our system still requires further improvements. No-
tably, while LS-I-A performs well in practice, it
lacks reasons for explaining the selection of com-
plex words and the generation of simplified alter-
natives. As a result, the system does not support
Chain-of-Thought reasoning in either the identi-
fication or substitution stages, limiting the inter-

pretability of its outputs. In future work, we aim to
refine the LS-I-A dataset and incorporate strategies
that enhance the system’s reasoning capabilities.

Limitations

Our study has several limitations. First, the LS-I-A
dataset is designed to fine-tune LLMs by mimick-
ing the traditional LS pipeline, identifying complex
words, and providing substitutions. However, it
offers no explanations or rationales for simplify-
ing choices, lacking interpretability. Moreover, the
dataset does not consider stylistic factors; it primar-
ily emphasizes semantic preservation and grammat-
ical correctness, neglecting aspects such as tone or
fluency. Second, although fine-tuning improves
LLM performance on simplification tasks, the gen-
eration process remains largely uninterpretable and
challenging to control. As a result, models can still
produce hallucinations or overly aggressive simpli-
fications that distort the original meaning. Finally,
current evaluation metrics are insufficient for thor-
oughly assessing simplification quality. Sentence
simplification involves multiple dimensions that are
not comprehensively captured by existing metrics.
In particular, SARI is heavily reference-dependent
and can be biased by the lexical and stylistic pref-
erences in the reference simplifications.
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Case 1 She was among the first doctors to object to cigarette smoking around children, and drug use in pregnant
women.

NTS+SARI She was among the first doctors to object to cigarette smoking around children, and drugs use in pregnant
women.

ACCESS She was one of the first doctors to find out how to cigarette smoking around children, and use in pregnant
women.

EditNTS She was among the first doctors to object to cigarette smoking around children, and drug use in pregnant
women.

Dress-LS She was among the first doctors to make cigarette smoking around children .
non-ft Mistral She was a first medical professional to oppose smoking near kids and drug misuse during pregnancy.
non-ft Qwen She was among the earliest doctors to oppose smoking near kids and taking drugs while pregnant.
non-ft LLaMA She was among the first doctors who opposed cigarette smoking near children, and drug use when women

were expecting a baby.
ft Mistral She was among the first doctors to protest against smoking around children, and drug use in expecting women.
ft Qwen She was among the first doctors to protest smoke around children, and drug use by expecting mothers.
ft LLaMA She was among the first doctors to protest smoking around children, and drug use in expecting women.
Case 2 They are culturally akin to the coastal peoples of Papua New Guinea.
NTS+SARI They are culturally akin to the coastal communities of Papua New Guinea.
ACCESS They are to the coastal peoples of Papua New Guinea, Papua New Guinea.
EditNTS They are akin to the coastal peoples of Papua New Guinea.
Dress-LS They are culturally referring to the coastal peoples of Papua New Guinea.
non-ft Mistral They have similar cultures to the people who live near the coasts of Papua New Guinea.
non-ft Qwen They are similar to people who live near the coast in Papua New Guinea.
non-ft LLaMA The coastal peoples of Papua New Guinea have much in common with them.
ft Mistral They are similar in culture to the near-sea people of Papua New Guinea.
ft Qwen They are similar to the people near the sea in Papua New Guinea.
ft LLaMA They are similar in culture to the people near the sea in Papua New Guinea.
Case 3 These attacks may have been psychological in origin rather than physical.
NTS+SARI These attacks may have been psychological in origin than physical.
ACCESS These attacks may have been different in origin rather than physical.
EditNTS These attacks may have been psychological in origin and physical.
Dress-LS These attacks may have been psychological in origin rather than physical.
non-ft Mistral These actions could have started mentally instead of physically.
non-ft Qwen These assaults might have started in people’s minds instead of causing direct harm.
non-ft LLaMA These attacks may be caused by emotional pain instead of causing physical harm.
ft Mistral These attacks may have been meant to scare people rather than hurt them.
ft Qwen These attacks may have been mental in source rather than physical.
ft LLaMA These attacks may have been mental cause rather than physical.

Table 3: Lexical simplification examples across three cases. Our instruction-tuned models produce simpler, more
fluent outputs while retaining the original meaning.

A Appendix

Three representative examples are used to ana-
lyze the behavioral differences across simplifica-
tion systems. The comparison includes outputs
from traditional models, non-fine-tuned LLMs, and
instruction-fine-tuned LLMs.

The first case contains multiple complex expres-
sions joined by coordination. Traditional models
such as Dress-LS and EditNTS perform primarily
local edits, often deleting or replacing single-word
units. This strategy frequently results in incomplete
simplifications or loss of important content. Non-
fine-tuned LLMs produce more syntactically varied
outputs, but these are often semantically inaccurate.

Instruction-fine-tuned models apply edits across
multiple spans, preserving the core meaning while
improving surface fluency. The instruction–answer
format used during training presents simplification
as a global transformation task, requiring the model
to operate over the entire sentence rather than iso-
lated tokens.

The second case includes a long noun phrase
with generalized referents. Outputs from traditional
models exhibit minimal restructuring and mostly
retain the original phrasing. Non-fine-tuned LLMs
attempt paraphrasing but often generate repetitive
or verbose alternatives. Instruction-fine-tuned mod-
els produce simpler constructions that reduce lexi-
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cal and syntactic complexity without distorting the
original meaning. The presence of sentence-level,
span-aligned annotations in the LS-I-A dataset pro-
vides direct supervision for such multi-span trans-
formations, encouraging broader structural adjust-
ment rather than surface-level replacement.

The third case features contrastive lexical ele-
ments and implicit logical relations. Traditional
models often simplify only part of a contrastive ex-
pression or leave the contrast unclear, reducing se-
mantic clarity in the output. Non-fine-tuned LLMs
vary in output quality, often generating inconsis-
tent or logically disjointed results. Instruction-fine-
tuned models consistently preserve the contrast and
simplify the associated expressions in a controlled
manner. The simplification objective in training is
framed around semantic preservation under min-
imal complexity, which supports stable handling
of discourse-level relationships in cases involving
contrast or attribution.

The observed differences across systems corre-
spond to their supervision regimes. Traditional
models rely on local alignment or rule-based edit-
ing, which constrains their capacity for struc-
tural rewriting. Non-fine-tuned LLMs lack ex-
plicit task grounding and produce unstable outputs.
Instruction-fine-tuned LLMs receive training on
task-specific instructions and span-level supervi-
sion, which enables more consistent simplification
at both lexical and structural levels.
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Abstract

Semantic prosody is a collocational meaning
formed through the co-occurrence of a linguis-
tic unit and a consistent series of collocates,
which should be treated separately from se-
mantic meaning. Since words that are literal
translations of each other may have different
semantic prosody, more attention should be
paid to this linguistic property to generate ac-
curate translations. However, current machine
translation models cannot handle this problem.
To bridge the gap, we propose an approach to
teach machine translation models about seman-
tic prosody of a specific structure. We focus
on Chinese BEI passives and create a dataset
of English-Chinese sentence pairs with the pur-
pose of demonstrating the negative semantic
prosody of BEI passives. Then we fine-tune
OPUS-MT, NLLB-600M and mBART50 mod-
els with our dataset for the English-Chinese
translation task. Our results show that fine-
tuned MT models perform better on using BEI
passives for translating unfavourable content
and avoid using it for neutral and favourable
content. Also, in NLLB-600M, which is a
multilingual model, this knowledge of seman-
tic prosody can be transferred from English-
Chinese translation to other language pairs,
such as Spanish-Chinese.

1 Introduction

The notion of semantic prosody was first proposed
in corpus linguistics in the 1990s. It was Sin-
clair (1987) who first noticed the phenomenon that
some words or phrases tend to co-occur with un-
pleasant events, such as HAPPEN and SET IN.
This property was later named Semantic Prosody
(an analogy to Firth (1964)’s concept of phono-
logical prosody) by Louw (1993) and defined as
“a consistent aura of meaning with which a form
is imbued by its collocates”. Another well-known
example is CAUSE as a verb (Stubbs, 1995). As
shown in Figure 1, entities “caused” are generally

considered undesirable: rupture, death, pain, mis-
ery, damage, and diseases.
Sinclair (1996) considers semantic prosody

to be on the “pragmatic side of the seman-
tics/pragmatics continuum” and can reveal the
speaker or writer’s attitude. However, semantic
prosody cannot be precisely perceived by individ-
ual native speakers through intuition (Louw, 1993;
McEnery et al., 2006). A statistical analysis of
corpus data is needed to correctly interpret the se-
mantic prosody of a linguistic unit (a node), since
corpus data can provide multiple usage patterns
across many speakers and reflect the general intu-
ition of native speakers (Stubbs, 2001; McEnery
et al., 2006; Stewart, 2010). The co-occurrence of
a node and a predominantly positive/negative con-
text can foster subtle associative meaning, and the
node is then considered to have positive/negative
semantic prosody.
A word in English probably has a synonym in

Chinese with the same semantic meaning. How-
ever, the two words do not necessarily have the
same semantic prosody due to language variation.
For example, the semantic meaning of the En-
glish word BECAUSE and the Chinese word “由
于 YOUYU” are equivalent, but their semantic
prosodies are not. BECAUSE has a neutral seman-
tic prosody, while YOUYU has a negative one (Wu
and Lan, 2019). Another example is INSIST ON,
which is often used to describe annoying stubborn-
ness, while its literal translation in Chinese “坚
持 JIANCHI” has positive semantic prosody. This
divergence in semantic prosody has even caused
English learners who are native Mandarin Chinese
speakers to use INSIST ON to mean encourage-
ment. At the same time, this usage has never ap-
peared in COCA1 (Dong, 2020).
During the translation process, semantic

1Available at: https://www.english-corpora.org/
coca/
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Figure 1: Concordance lines of CAUSE in the Corpus of Contemporary English in the United States (COCA).

prosody should be considered in order to achieve
semantic/pragmatic equivalence and avoid miss-
ing information. Since it is difficult for individual
non-native speakers of a language to correctly
perceive semantic prosody with intuition, even
professional human translators may fail to convey
it into the target text, as they usually translate
from their second language (L2) into their mother
tongue. In both translation pedagogy and L2
learning, semantic prosody awareness has been
considered to be important and of value to learners
(Stewart, 2009; McGee, 2012).
Inequivalence of semantic prosody is also a

problem for Machine Translation (MT), yet little
attention has been paid to it. If we ask a model
to translate “I was praised by my teacher” into
Chinese, Google Translate, ChatGPT 4 and DeepL
would give the following translations:

(1) 我
1SG

被
BEI
老师
teacher

表扬
praise

了。
PERF

‘I was praised by my teacher.’

Google Translate & ChatGPT 4:

(2) 我
1SG

受到
SHOUDAO2

了
PERF

老师的
teacher’s

表扬。
praise-VN

‘I was praised by my teacher.’

DeepL:

These are two different literal translations in pas-
sive voice. In English, passive structures such as
“be + past participle” (hereafter referred to as “BE
passive”) mainly occur in neutral contexts (Xiao
et al., 2006). However, these structures have neg-
ative semantic prosody in Mandarin Chinese (Wu,

2SHOUDAO (“be given or undergo”) is a delexicalized
verb (light verb) and marks passive voice (Cai et al., 2019).
In this light verb pattern, the main semantic content of the
predicate is provided not by it, but by its action nominal com-
plement，verbal noun 表扬 BIAOYANG (“praising”). The
subject is the patient here.

2022; Dong et al., 2023). As the standard and most
common passive structure in Chinese, the “被 BEI
+ verb” structure (hereafter referred to as BEI pas-
sive) has obvious negative prosody, which is not
an adequate option for translating a sentence talk-
ing about “being praised” or any other favourable
situation.
To the best of our knowledge, no previous stud-

ies have attempted to teach an MT model about se-
mantic prosody awareness. In this paper, we pro-
pose a method to incorporate semantic prosody in-
formation regarding a specific structure, namely
BEI passive ofMandarin Chinese, into a Sequence-
to-Sequence machine translation model. To this
end, we introduce a dataset created to demonstrate
the negative semantic prosody of BEI passives,
which is later used to fine-tune MT models.
The main contributions of this paper are as fol-

lows:
1. We propose a method to teach seman-

tic prosody awareness of a specific structure to
Seq2SeqMTmodels, that is, fine-tuning themwith
a dataset that explicitly demonstrates the semantic
prosody of the node.
2. We create a first-of-its-kind English-Chinese

parallel dataset on semantic prosody. All sen-
tence pairs are manually selected to illustrate the
fact that Chinese BEI passive has negative seman-
tic prosody and is the appropriate translation of
English BE passives only if the context is un-
favourable.
3. We employ a probing task to validate the

idea that fine-tuned models contain more informa-
tion that helps to decidewhether a passive structure
should be used in translation.
4. We achieve better performance with our fine-

tuned models on translating passives while main-
taining original BLEU, chrF2 and CometKiwi
scores on Flores+ and Tatoeba datasets.
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2 Related Work

Research on semantic prosody has developed in
multiple directions, ranging from theoretical dis-
cussions to empirical studies in contrastive linguis-
tics and translation. In this section, we first out-
line the key concepts related to semantic prosody,
and then examine how it has been applied in cross-
linguistic studies and translation research.

2.1 Semantic Prosody

Semantic prosody is a collocational meaning
formed through the co-occurrence of a node and
a consistent series of collocates (Louw, 2000). An-
other related concept is semantic preference. A
node can display its semantic preference by co-
occurring with several items from a specific se-
mantic set, which can contain favourable and un-
favourable items at the same time. According to
Partington (2004) semantic preference and seman-
tic prosody have different operating scopes: the
former relates the node item to another item from
a particular semantic set whereas the latter can
affect wider stretches of text. Semantic prefer-
ence is a feature of the collocates, while seman-
tic prosody is a feature of the node word. For
example, ABSOLUTELY shows a semantic prefer-
ence for words with a strong or superlative sense,
such as DELIGHTED, ENCHANTING, SPLEN-
DID, PREPOSTEROUS, APPALLING, INTOLER-
ABLE (Partington, 1991). Both semantic prosody
and semantic preference are established through
collocates, and semantic preference “contributes
powerfully” to building semantic prosody (Parting-
ton, 2004).
The definition of semantic prosody has not been

undisputed over the last thirty years. Sardinha
(2000) and Stubbs (2001) seem to consider that se-
mantic prosody and connotation are synonymous,
while Louw (2000) takes a different view. Accord-
ing to the Collins Cobuild English Dictionary defi-
nition of connotation, “the connotations of a partic-
ular word or name are the ideas or qualities which
it makes you think of” (Sinclair, 1995). For exam-
ple, URCHIN has a connotation of mischievous-
ness. Louw (2000) takes connotation as “a form
of schematic knowledge of repeatable events, e.g.,
what urchins do, where they live, their financial
means or lack of it and how they behave, etc.”. At
the same time, semantic prosody is more contin-
gent to collocates and requires corpus data to pin
it down. It should be noted that although seman-

tic prosody and connotation share the property of
being attitudinal, the concealed quality is more fun-
damental to semantic prosody than it is to connota-
tion (Stewart, 2010), which is far more accessible
and can be learned in daily life.

2.2 Semantic Prosody in Contrastive
Linguistics and Translation

In the field of contrastive linguistics, many case
studies have been conducted on various lan-
guage pairs of Indo-European languages and Sino-
Tibetan languages. Xiao and McEnery (2006)
compared the prosodies of near-synonyms across
English and Chinese, and Sardinha (2000) ana-
lyzed English and Portuguese. Both studies con-
clude that the collocational behaviour and seman-
tic prosodies of near-synonyms are unpredictable
across the two language pairs, sometimes appear-
ing similar and other times distinct. As for recent
works, Wu and Lan’s study on BECAUSE and由
于 YOUYU (Wu and Lan, 2019), and Dong’s study
about INSIST ON and 坚持 JIANCHI (Dong,
2020) also validate this observation. Partington
(1998) claims that perfect equivalents across En-
glish and Italian are rare between because even
words and expressions that are “look-alikes” (e.g.,
English CORRECT vs. Italian CORRETTO) may
have very different lexical environments. Fur-
thermore, there are many case studies discussing
the more appropriate translation of a certain word
or phrase (see example (3)). Wang and Ge
(2021) claim that considering the negative seman-
tic prosody of “It is what it is”, (3-b) is a bet-
ter translation than (3-a), since the former also
has negative semantic prosody whereas the latter
mainly appears in a neutral context.

(3) Source text: It is what it is.
a. 情况就是这样。

‘This is the situation.’
b. 事已至此。

‘The matter has come to this.’

Currently, although the application of semantic
prosody to translation, translation pedagogy and
L2 learning is the subject of research, yet no study
has tried to appreciate it for improving MT per-
formance. Considering its importance in transla-
tion equivalence, teaching models about semantic
prosody awareness is a feasible way to improve
MT translation performance.
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3 Dataset Description

We propose teaching machine translation models
about the negative semantic prosody of Chinese
BEI passives by fine-tuning them with a dataset
focusing on this structure, (hereafter referred to
as the BEI dataset). Detailed information on the
dataset is presented in this section.

3.1 Linguistic Structures

3.1.1 BEI Passives
The BEI dataset was created to explicitly demon-
strate the negative semantic prosody of a passive
structure in Chinese (BEI + verb) to a translation
model. BEI is a grammatical passive marker with-
out a concrete semantic meaning and is the most
frequently used one among all passive markers. In
Chinese, an active sentence can be turned into a
passive one through adding a passive marker, and
switching the subject and object, that is, the patient
becomes the subject. Example (4) shows how such
change is made.

(4) a. 张三
Zhangsan

打
beat
了
PERF

李四
Lisi

‘Zhangsan beat Lisi’

b. 李四
Lisi

被
BEI
张三
Zhangsan

打
beat
了
PERF

‘Lisi was beaten by Zhangsan’

The frequency, genre distribution, and semantic
prosody of the passive voice differ in Chinese and
English. Through an analysis of a corpus of re-
cent materials (literature, news, and papers from
January 1st to October 20th, 2021), Dong et al.
(2023) reveals that the passive voice is approxi-
mately eight times more common in English than
in Chinese. In English, it primarily conveys neu-
tral content and is more frequent in news and aca-
demic articles, which require objectivity, than in
novels. In contrast, Chinese uses the passive voice
mainly for negative content, with little variation
across genres, as illustrated in example (5).

(5) 家珍被拖出去时，双手紧紧捂着凸起的肚
子，那里面有我的儿子呵。

‘As Jiazhen was carried out, her hands firmly
clasped her protruding belly, which held my
son.’

The frequency of BEI passives in fiction is higher
than in other genres, appearing 153 times per
100,000words in literary texts, while only 94 times

100,000 in news texts and even less frequently in
scientific papers and miscellaneous texts. Mean-
while, the semantic prosody of BEI passives is also
themost negative in literary texts, compared to that
in other genres. In 66% of cases, the BEI passive
has negative collocates, whereas the percentage in
news text is 51.5% (Xiao et al., 2006). The fre-
quency of passive sentences in Chinese translated
fiction is lower and the semantic prosody of BEI
passives is more negative than in Chinese original
fiction, showing a tendency toward domestication
in translation (Jia, 2010). Considering these facts,
the dataset was created only with literary texts.
It should also be noted that although the passive

voice is mainly used for unfavourable events in
Chinese, its usage in a positive context is not en-
tirely nonexistent. As with the active voice, it can
be used in any context, positive and negative alike.

3.1.2 BE Passives

The structure BE + past participle can be consid-
ered the norm for English passives (Xiao et al.,
2006) and is the most frequent passive structure
used in English. BE passives appeared 9,908 times
in FLOB (Freiburg-LOB corpus3, an update of the
Lancaster-Oslo-Bergen corpus of British English
that contains texts published between 1991 and
1992), while GET passives appeared only 59 times.
Thus, the BE passive is the structure we looked for
when collecting sentence pairs.
English BE passives and Chinese BEI passives

show great divergence in semantic prosody. Ac-
cording to Xiao and McEnery (2006), unlike
BEI passives, 80% of BE passives in FLOB and
BNCdemo (a demographic sampled component of
the British National Corpus4, the World edition)
express neutral content.

3.2 Dataset Creation

Our dataset contains 900 English-Chinese paral-
lel sentences manually selected from the fiction
genre of The Babel English-Chinese Parallel Cor-
pus (244,696 words in total) created by Richard
Xiao, and from the China English-Chinese Paral-
lel Corpus-Core (CECPC-Core, 5,499,591 words
in total) created by Kefei Wang of BFSU 5.

3Available at: https://clarino.uib.no/korpuskel/
corpora

4Available at: http://www.natcorp.ox.ac.uk/
5All available at the CQPweb of Beijing Foreign Studies

University: http://114.251.154.212/cqp/.
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3.3 Dataset Analysis

In the BEI dataset, the source texts contain BE pas-
sives in all persons and tenses. There are two sub-
sets created with different requirements, namely
positive evidence and negative evidence of the us-
age of BEI passives in the translation of English
BE passives:
Positive evidence: 476 sentence pairs in which

English BE passives are translated to Chinese BEI
passives by a human translator and express nega-
tive content. They are selected to reinforce the re-
lation between BEI passives and negativity.
Negative evidence: 424 English BE passives

translated into Chinese with active voice by human
translators, and the corresponding Chinese transla-
tion. This subset is intended to attenuate the de-
gree of correspondence between the two passives,
so that models may use more active voice when
translating BE passives into Chinese.

4 Experimental Setup and Analysis

In this section, we describe our experiments
teaching MT models about the negative seman-
tic prosody of BEI passives. We also present the
experimental setup for fine-tuning and probing, a
comprehensive analysis of the evaluation and our
results.
We experimented with three Sequence to

Sequence (Seq2Seq) MT models: Helsinki-
NLP/opus-mt-en-zh (Tiedemann and Thottingal,
2020; Tiedemann et al., 2023), facebook/nllb-
200-distilled-600M (Costa-Jussà et al., 2022)
and facebook/mbart-large-50-many-to-many-mmt
(Tang et al., 2020)—hereinafter referred to as
OPUS-MT, NLLB-600M and mBART50-mmt.
All models reach state-of-the-art performance on
English-Chinese text translation.
The evaluation was done in two parts. We

tested the performance of the fine-tunedmodels for
translating general text with the Flores+ (NLLB
Team et al., 2024; Costa-Jussà et al., 2022) and
Tatoeba (Tiedemann, 2020) datasets. BLEU (Pa-
pineni et al., 2002), chrF2 (Popović, 2017) and
CometKiwi (Rei et al., 2022) metrics were used
to evaluate the translation. After that, we used the
BEI dataset test split to see whether the fine-tuned
models had learned about the negative semantic
prosody of BEI passives and if they had a higher ac-
curacy deciding when to use BEI passives in trans-
lation.
Finally, a probing task was conducted to assess

whether the pretrained and fine-tuned models pos-
sess information that aids in correctly using the ac-
tive or passive voice when translating English pas-
sives into Chinese. The task also aimed to identify
which layers of the encoder or decoder store this
information.

4.1 Model Fine-tuning
We fine-tuned OPUS-MT, NLLB-600M and
mBART50-mmt with the BEI dataset for English-
Chinese text translation. The BEI dataset was
split into 75% training, 11.25% validation and
13.75% test. We conducted a hyperparameter
search for the learning rate and used batches
of 32. For OPUS-MT, we trained with a learn-
ing rate of 10−5 and acquired the model with
the best validation BLEU after 6 epochs. For
NLLB-600M, we trained with a learning rate of
5 × 10−4 for 5 epochs, and kept the checkpoint
with the best validation BLEU (at step 60). For
mBART50-mmt, the appropriate learning rate is
also 10−5. We trained for 5 epochs and at step 120
we obtained the model with the best BLEU.

4.2 Model Performance Analysis
4.2.1 General Text Translation
In Table 1, we can see that the fine-tuned OPUS-
MT achieved slightly higher BLEU and chrF2
scores on the Tatoeba dataset, fine-tuned NLLB-
600M achieved a higher BLEU on Flores+ and
a higher CometKiwi on Tatoeba, and fine-tuned
mBART50-mmt achieved a higher CometKiwi on
Tatoeba dataset. In general, after fine-tuning, the
models maintained their original accuracy in the
English-Chinese text translation task.

4.2.2 BEI Test Set Translation
The BEI test set contains 65 positive evidence
sentence pairs and 59 negative evidence sentence
pairs. The performance of pretrained and fine-
tunedmodels is shown in Table 2. Generally speak-
ing, all three models tend to use BEI passives to
translate BE passives, with the positive evidence
test set yielding higher accuracy than the negative
evidence test set. All three models achieved higher
accuracy in using BEI passives when translating
BE passives after fine-tuning. For the positive ev-
idence test set, fine-tuned mBART50-mmt shows
the highest accuracy, which means it used BEI pas-
sives to translate BE passives with unfavourable
content in most cases. For the negative evidence
dataset, fine-tuned NLLB-600M performs the best,
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Models Flores+ Tatoeba

BLEU chrF2 CometKiwi BLEU chrF2 CometKiwi

OPUS-MT 32.1 21.6 83.9 32.7 21.9 79.5
Fine-tuned OPUS-MT 31.7 21.3 84.3 33.7 22.7 80.9

NLLB-600M 23.3 17.1 82.3 27.7 18.4 69.7
Fine-tuned NLLB-600M 24.4 16.4 80.4 25.3 18.1 74.7

mBART50-mmt 32.8 22.6 84.8 33.9 22.8 81.6
Fine-tuned mBART50-mmt 32.3 21.4 84.7 33.2 22.4 82.0

Table 1: BLEU, chrF2 and CometKiwi scores (in %) of pretrained and fine-tuned models on Flores+ and Tatoeba
datasets (English to Chinese). Fine-tuning leads to a minor drop in general translation quality, the models retain
accuracy close to the original ones.

avoiding BEI passives in the translation of BE pas-
sives with neutral or favourable content.

Since in Chinese it is always acceptable to use
the active voice for all kinds of content in Chinese,
it is more important to achieve high accuracy in
the negative evidence test set. Examples (6) and
(7) show how fine-tuned models avoid using BEI
passives when translating a BE passive stating a
neutral or favourable event:

(6) Source text: Ohyes, and I have been told they
played all sorts of mad pranks.
Target text: 有的。人家和我说，他们做了
好多发疯似的把戏。

‘Yes. They have told me that they played
many mad pranks.’

OPUS-MT:哦，是的，我被告知他们玩各
种疯狂的恶作剧。

‘Oh yes. I have been told that they played all
sorts of mad pranks.’

Fine-tuned OPUS-MT:哦，是的，有人告诉
我，他们玩各种疯狂的恶作剧。

‘Oh yes. Someone has told me that they
played all sorts of mad pranks.’

(7) Source text: You were treated as a son in my
friend’s house.
Target text: 你在我朋友家里是待你同儿子
一样的。

“In my friend’s house they treated you as a
son.”

NLLB-600M:在我朋友的家里,你被当作儿
子。

‘In my friend’s house, you were treated as a
son.’

Fine-tuned NLLB-600M: 你在我朋友的家
里就像一个儿子一样。

‘In my friend’s house you were like a son.’

4.2.3 Transference to Spanish-Chinese
Since NLLB-600M is a multilingual model, we hy-
pothesize that the knowledge regarding the nega-
tive semantic prosody of BEI passives can be trans-
ferred and applied when translating passive sen-
tences from other languages into Chinese. Accord-
ing to data from CORPES (Corpus del Español
del Siglo XXI6), like in English, Spanish passive
structures SER/ESTAR + past participle also have
neutral semantic prosody (appearing in neutral con-
texts in around 78% of all cases). We had the
BEI test set translated into Spanish by a native
Spanish speaker and guaranteed that all the pas-
sive structures were preserved. Pretrained and fine-
tuned NLLB-600M performance on the Flores+
and Tatoeba dataset (Spanish-Chinese), as well as
BEI test set in Spanish, is shown in Table 3. Due
to the unsolved issue of producing approximately
50% its output in Englsih when asked to trans-
late Spanish to Chinese, mBART50-mmt performs
poorly on this task and is not discussed here7.
After fine-tuning with the English-Chinese BEI

dataset, NLLB-600M achieved higher accuracy on
both positive and negative evidence sentences in

6Available at: https://www.rae.es/corpes/
7Discussion raised at: https://huggingface.co/

facebook/mbart-large-50-many-to-many-mmt/
discussions/13.
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BEI test set OPUS-MT Fine-tuned
OPUS-MT NLLB-600M Fine-tuned

NLLB-600M mBART50-mmt Fine-tuned
mBART50-mmt

positive evidence 75.4 81.5 69.2 78.5 81.5 84.6
negative evidence 10.2 25.4 35.6 59.3 35.6 50.8

Table 2: Accuracy (in %) of pretrained and fine-tuned models on BEI test set (English to Chinese).

Model Flores+ Tatoeba Spanish-Chinese BEI test set

BLEU chrF2 CometKiwi BLEU chrF2 CometKiwi pos-evi neg-evi

NLLB-600M 16.8 13.1 65.8 35.1 23.6 81.0 66.2 28.8
Fine-tuned
NLLB-600M 17.9 13.0 65.5 29.5 21.9 78.3 80.0 59.3

Table 3: Performance (in %) of pretrained and fine-tuned NLLB-600Mmodel on Flores+, Tatoeba and the Spanish-
Chinese BEI test set (transfer learning).

the BEI test set translated into Spanish. This in-
dicates that knowledge of the negative semantic
prosody of BEI passives learned from English-
Chinese fine-tuning can be applied to other lan-
guage pairs. As for the Spanish-Chinese transla-
tion performance, NLLB-600M maintained it on
Flores+, but it worsened slightly on Tatoeba.

4.3 Probing Task

Probing classifiers have been used to measure and
interpret how certain linguistic information is en-
coded in deep neural networks. The idea is to train
a classifier (a probe) to predict a linguistic property
from a model representation (Belinkov, 2022). In
our case, we use probing to determine whether MT
models store information in their representations,
and whether such information helps to decide on
the use of the passive voice in the Chinese transla-
tion of a BE passive.
The probe input consists of the hidden state of

each layer of the models, including encoder lay-
ers and decoder layers. Our probing classifier has
a single linear layer initialized with the same set
of weights for all models and layers. The probing
task is a simple classification task. We built a prob-
ing dataset with the validation and test set of the
BEI dataset, which includes 225 BE passives, and
a number indicating whether the translation should
be an active or passive sentence (0 for active and 1
for passive). We used 80% of the probing dataset
for training the probe, and the remaining 20% for
testing probing accuracy. We trained a probe and
recorded its accuracy on the probing test set for
each layer of all three pretrained models and our
fine-tuned models. This revealed which layer en-
codes the most information that could help models

decide whether active or passive voice is more ap-
propriate for the translation. The probing results
are shown in Figure 2.
NLLB-600M and mBART50-mmt models have

the same architecture. Both consist of a 12-layer
encoder and a 12-layer decoder. In the encoders,
we can observe that deeper layers tend to achieve
higher accuracy on the probing task. Fine-tuning
improved the mean accuracy of the encoder probes
on mBART50-mmt by approximately 3%, but for
NLLB-600M, it did not make a great difference.
As for the decoders, it seems that the linguistic in-
formation that helps choose the correct voice in
Chinese translation is distributed equally in all lay-
ers. The probes for the decoders of both models
reached a higher mean accuracy after fine-tuning
(an approximate 4.5% improvement). OPUS-MT
has a 6-layer encoder and a 6-layer decoder, with a
smaller layer size compared to the other two mod-
els8. In the encoder, fine-tuning had almost no ef-
fect on probing accuracy. We observe that layer 3
achieved a higher accuracy compared to all other
layers. As for the decoder, fine-tuning caused lay-
ers 3 and 4 to contain less linguist information re-
lated to our task, while giving more information to
the last layer.
Overall, with input from the NLLB-600M and

mBART50-mmt layers, the probe shows a better
ability to distinguish those BE passives that should
be translated into Chinese active sentences from
those that can keep their passive voice, whereas
layers of OPUS-MT contain less information. This
is in line with the performance of the models on the
BEI test set andmay suggest thatmodels withmore

8The hidden size of NLLB-600M and mBART50-mmt is
1024, while for OPUS-MT it is 512.
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Figure 2: Layer-wise probing accuracy of pretrained
and fine-tuned models. Encoder probes for NLLB-
600M and mBART50-mmt show higher accuracy in
deeper layers. Fine-tuning improves probe accuracy,
particularly for the decoder layers. OPUS-MT encoders
contain less task-relevant information overall, with ac-
curacy peaking at layer 3.

layers have a higher ability to capture information
related to semantic prosody.

5 Discussion

After fine-tuning the different models with the BEI
dataset, they all showed improvements in reserv-
ing Chinese BEI passives for negative contexts.
Here, we have a closer look at those cases with
negative evidence that the model managed to trans-
late correctly into the active voice, in order to find
potential methods to further improve model perfor-
mance.
The cases that models corrected after fine-

tuning can be categorized into two kinds according
to the translation strategy. For some BE passives,
models switched the position of the subject and the
object and removed the passivemarker—such as in
example (6)—in order to give a sentence in active
voice. This is the kind of change we expected to

see. The second translation strategy is to use a no-
tional passive, which is also called a topic sentence,
as in example (8):

(8) Source text: That they have been preserved
so well.
Target text: 它们都保存得十分完整。
‘They are in perfect preservation.’

mBART50-mmt: 它们被保存得如此好。
‘They have been preserved so well.’

Fine-tuned mBART50-mmt: 它们保存得很
好。

‘They are in very good preservation.’

In a topic sentence, the subject argument is the
topic and the patient of the verb (THEY in ex-
ample (8)), while the remaining constituent is the
comment. Topic sentences can express passive
meaning because of the nature of their subjects,
and sometimes it is grammatical to add a passive
marker and turn it into a marked passive sentence,
depending mainly on the verb. However, notional
passives are only compatible with a very restricted
number of verbs, and are not considered passive
constructions in a strict sense (Tang, 2003).
InmodernMandarin Chinese literature, notional

passives mainly occur in neutral contexts (over
80% of the time) and are twice as frequent as BEI
passives (Guo and Chow, 2013), which means it is
a plausible choice for translating BE passives into
Chinese. Moreover, in example (8) we can observe
that translating a BE passive into a notional passive
does not require the model to change the order of
subject and verb or to add back the omitted agent
of the verb. The fine-tuned model only had to drop
BEI 被 between the patient THEY 它们 and verb
PRESERVE 保存 to obtain a topic sentence. In
this case, THEY 它们 refers to non-human argu-
ments, which means THEY cannot conduct the ac-
tion of preserving something, but can only be the
patient of the verb PRESERVE. Without the need
to add the passivemarkerBEI, the sentence already
transfers the passive notion that THEY are PRE-
SERVED.
Using topic sentences to translate BE passives

requires less movement and can preserve the pas-
sive meaning and neutral semantic prosody at the
same time. However, while the BEI passive is
more frequent in translated Chinese literature than
in original Chinese literature, the opposite is the
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case with the notional passive (Guo and Chow,
2013). Both human translators and machine trans-
lation models should pay more attention to this
structure to generate more accurate Chinese trans-
lations for passive sentences.

6 Conclusion and Future Work

In this work, we propose an approach for teach-
ing sequence to sequencemachine translationmod-
els about the semantic prosody of a specific struc-
ture, namely the Chinese BEI passive, and to im-
prove model performance on translating English
BE passives into Chinese. The primary focus of
our approach is to fine-tune MT models with a
dataset that explicitly demonstrates the negative se-
mantic prosody of BEI passives through the con-
trast with using BEI passives to translate BE pas-
sives with negative context, while for BE pas-
sives with neutral and positive content, the trans-
lations are in the active voice. After fine-tuning
OPUS-MT, NLLB-600M and mBART50-mmt, all
models showed improvements in using BEI pas-
sives correctly in translation while maintaining
their original performance on general text trans-
lation, showing that our approach is a valid one.
Moreover, for multilingual models such as NLLB-
600M, the knowledge of semantic prosody is trans-
ferable to translation tasks in other language pairs
(e.g. from English-Chinese translation to Spanish-
Chinese translation).
Through probing experiments, we found that,

for NLLB-600M and mBART50-mmt, informa-
tion that helps to decide whether the active or pas-
sive voice is more plausible in translation is con-
centrated in the deeper layers of the encoder and
equally distributed in the decoder. Fine-tuning im-
proved the probing accuracy of decoders signifi-
cantly, but did not have a great influence on the
encoders.
Our work focused on the BEI structure. A po-

tential future research direction will be fine-tuning
a model with combined data that can show the se-
mantic prosody of multiple linguistic units and ob-
serve whether the model can learn different seman-
tic prosodies simultaneously. Having a more di-
verse dataset can also prevent the problem of over-
fitting. However, there is no comprehensive list of
linguistic units from different languages with se-
mantic prosody that may cause inequivalence in
translation. It would be of great value to com-
pile such a list and create datasets that demonstrate

their semantic prosody.
In English and Spanish, passive structures can

be categorized into two different kinds, namely ad-
jectival and verbal passives. In this work, we did
not distinguish between them, as they present the
same problemwhen translated into Chinese byMT
models. However, we plan to investigate further to
determine whether model performance varies on
different kinds of passives.
Finally, another avenue for future work would

be multilingual fine-tuning, which may yield bet-
ter results on multilingual models. The difficulty
here lies in the limited numbers of annotated mul-
tilingual parallel corpora, without which it would
be difficult to collect data on a specific structure.

Limitations

Although our dataset is enough to demonstrate
the negative semantic prosody of Chinese BEI
passives, there is another important fact that our
dataset does not show. That is, the low frequency
of passive sentences (including BEI passives and
others) in general Chinese texts, which should
also affect the usage of BEI passives in transla-
tion. Since all the models are pretrained models,
they should have seen this fact in the training pro-
cess already. Whether there is necessity of fine-
tuning models with BEI dataset mixed in general
text needs future work to justify.
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Abstract

Speech Emotion Recognition (SER) is essen-
tial for improving human-computer interaction,
yet its accuracy remains constrained by the
complexity of emotional nuances in speech.
In this study, we distinguish between descrip-
tive semantics, which represents the contextual
content of speech, and expressive semantics,
which reflects the speaker’s emotional state.
After watching emotionally charged movie seg-
ments, we recorded audio clips of participants
describing their experiences, along with the in-
tended emotion tags for each clip, participants’
self-rated emotional responses, and their va-
lence/arousal scores. Through experiments, we
show that descriptive semantics align with in-
tended emotions, while expressive semantics
correlate with evoked emotions. Our findings
inform SER applications in human-AI interac-
tion and pave the way for more context-aware
AI systems.

1 Introduction

The ability to accurately detect and interpret emo-
tions in speech is vital for developing intelligent
systems capable of natural and empathetic human-
computer interactions. Speech Emotion Recogni-
tion (SER) has gained significant traction in recent
years, driven by applications ranging from virtual
assistants to mental health monitoring (Ley et al.,
2019; Rumpa et al., 2015). Despite these advance-
ments, SER faces persistent challenges due to the
complex and multi-dimensional nature of emotions,
which often intertwine with contextual and speaker-
specific factors.

Traditional approaches to SER have largely focused
on acoustic features, such as pitch, energy, and
spectral properties, to infer emotional states (Wu
et al., 2011; Bitouk et al., 2010; Venkataramanan
and Rajamohan, 2019; Likitha et al., 2017; Kwon

∗ Equal contributions
† Corresponding author

et al., 2003). While effective to some extent, these
methods often overlook the semantic content of
speech, which can provide crucial contextual in-
formation. With the advances in natural language
processing, it has become increasingly feasible to
analyze the semantic aspects of speech for emo-
tion recognition (Tzirakis et al., 2021; Xu et al.,
2021). However, the interplay between semantic
roles and emotional expression remains underex-
plored. Specifically, the distinction between in-
tended emotions elicited by a stimulus and evoked
emotions experienced by the speaker is rarely ad-
dressed, leaving a critical gap in the field.

This paper introduces a novel framework to ad-
dress this gap by distinguishing two types of seman-
tic roles in speech. We hypothesize that Descrip-
tive semantics captures scenario-specific content,
such as the narrative or context described in the
speech. In contrast, Expressive semantics reflects
the speaker’s subjective emotional stance, shaped
by their personal experiences and delivery style. In
our framework, descriptive segments are expected
to align with the intended emotion of the stimu-
lus (the target emotion the video was designed to
elicit), while expressive segments are expected to
align with the evoked emotion (the participant’s
self-reported experience). This mapping allows us
to distinguish stimulus-driven affect from speaker-
specific affect, thereby addressing a critical gap
in prior SER research that often assumes a single
ground-truth label. This semantic distinction is par-
ticularly important in settings where it is essential
to understand not only what happened — the con-
textual content of speech — but also how it was
felt — the speaker’s emotional state and tone. Such
an understanding has practical implications for ap-
plications like emotion-aware AI systems, educa-
tional tools, and interactive entertainment, where
both the content and emotional delivery of speech
play key roles in creating engaging and effective

70



Figure 1: Data Collection and Algorithm Workflow: Participants watched six videos eliciting specific emotions
and provided speech descriptions, emotion ratings, and valence/arousal scores. Speech data were transcribed,
segmented into descriptive and expressive semantics, and used to train models for three tasks: predicting intended
emotions (TASK-1), evoked emotions (TASK-2), and valence/arousal (TASK-3).

human-computer interactions.

To validate our hypothesis, we collected a dataset
comprising emotionally evocative movie clips to
elicit a specific emotion. Participants watched the
videos and provided ratings for the actual evoked
emotions, alongside valence and arousal scores,
creating a robust foundation for analysis. Our
methodology to uncover the distinct relationships
between semantic roles and intended versus evoked
emotions involves three key steps: speech transcrip-
tion with automatic speech recognition (ASR), se-
mantic segmentation with LLMs, and emotion pre-
diction with fine-tuned text classifiers/regressors.
This work makes the following contributions:

• First, we curated a SER dataset with 582 audio
recordings spanning six emotion categories.
Audio transcriptions are generated, and in-
tended emotions, as well as evoked emotions,
are measured in an experimental setup.

• Second, we implemented an LLM-based se-
mantic segmentation approach to separate the
expressive and descriptive parts of speech and
validated that through human evaluation.

• Third, through experimentation, we show that
descriptive semantics are more predictive of
intended emotions, while expressive seman-
tics are better aligned with evoked emotions.

Importantly, our work goes beyond simply predict-
ing emotion labels from participants’ descriptions.
By explicitly segmenting speech into descriptive

and expressive roles, we quantify how different se-
mantic functions relate to stimulus-intended versus
self-experienced emotions. This role-based sepa-
ration provides a principled way to reconcile dis-
crepancies between intended and evoked affect and
offers interpretable insights that are not available
from standard text-only or audio-only models.

Our findings have significant implications for de-
signing more accurate and context-aware emotion
recognition systems, with potential applications
in virtual assistants, customer service, and mental
health support. By bridging the gap between se-
mantics and emotion, this research advances the
state-of-the-art in SER and sets the stage for fu-
ture exploration of semantic roles in emotional AI
systems.

2 Related Work

Emotions are complex psychological and physio-
logical responses to salient events, involving bod-
ily sensations, expressive behaviors, and cogni-
tive evaluations (Moors, 2024, 2009). Various lin-
guistic features, including prosody, lexical choice,
and sentence structure, play a role in the percep-
tion and expression of emotions (Mohammad and
Turney, 2010; Barrett et al., 2007; Keltner et al.,
2019). Speech emotion recognition (SER) mod-
els aim to detect emotional states from speech us-
ing acoustic, textual, or multimodal signals. With
the advancement of LLMs and automatic speech
recognitions (ASR), text-based emotion classifi-
cation has seen improved accuracy (Hama et al.,
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2024; Bekmanova et al., 2022; Bharti et al., 2022).
Acoustic-based emotion detectors have also pro-
gressed using acoustic feature extractors, such as
openSMILE (Eyben et al., 2010) or audio embed-
ding models, such as wav2vec (Baevski et al.,
2020) and HuBERT (Hsu et al., 2021), which
embed paralinguistic cues such as pitch, tempo,
and energy into speech representations (Ulgen
et al., 2024; Chakhtouna et al., 2024; Zhao et al.,
2024; Dutta and Ganapathy, 2024; Ghosh et al.,
2016). Multi-modal approaches, which combine
speech, facial expressions, and physiological sig-
nals, have also become increasingly prominent in
recent years (Cheng et al., 2024; Khan et al., 2024;
Morency and Baltrušaitis, 2017; Yoon et al., 2018;
Niu et al., 2023).

Emotion elicitation via multimedia stimuli (e.g.
short film clips) is a common technique in SER
to induce targeted emotions (e.g., sadness, joy,
fear) (Li et al., 2021; Rumpa et al., 2015). These
movie-based emotion elicitation techniques have
applications in various fields, including e-health
monitoring and human-computer interaction (Ley
et al., 2019; Rumpa et al., 2015). The stimuli are
selected and validated through self-report and phys-
iological measures (Chen et al., 2021; Handayani
et al., 2015; Soleymani et al., 2012). While these
methods control for the intended emotional target,
they do not always account for the evoked emotion
the speaker experiences and expresses. Prior work
such as Siedlecka and Denson (2019) reviewed
these paradigms in detail, but focused primarily on
affect induction rather than the emotional content
of participants’ verbal responses. In our work, we
analyze speech collected after stimulus exposure
and study how intended and evoked emotions are
reflected in participants’ spoken descriptions. In
doing so, we explore a novel distinction between
semantic roles in language—namely, whether a
speaker is being descriptive (e.g., summarizing the
movie) or expressive (e.g., conveying their own
reaction)—and how these roles align with different
emotion types.

Many SER datasets have been developed. In acted
speech datasets, such as IEMOCAP (Busso et al.,
2008) and SAVEE (Jackson and Haq, 2014), ac-
tors are recruited to read sentences or act in scenes
that portray different emotions. In spontaneous
speech datasets, such as MSP-Podcast (Lotfian and
Busso, 2017), MSP-Conversation (Martinez-Lucas

et al., 2020), SAMAINE (McKeown et al., 2011),
and RECOLA (Ringeval et al., 2013), and elicited
speech datasets, such as LSSED (Fan et al., 2021),
BAUM-1 (Zhalehpour et al., 2016), and eNTER-
FACE (Batliner et al., 2006), audios are recorded
in a freely speaking environment or with emotion
elicitation methods. Speech is then annotated by a
third party (perception-of-other). However, these
datasets focus on one emotion label per speech
and do not distinguish different types of emotions.
To this end, EMO-DB (Burkhardt et al., 2005)
and IEMOCAP (Busso et al., 2008) analyzed emo-
tional evocative sentences and perception-of-other
in acted speech. Most similar to us, MuSE (Jaiswal
and Bara, 2020) collects speech following emo-
tional video stimuli and reports both self-reported
and intended emotion annotations. While similar in
structure, our work uniquely interprets the relation-
ship between stimulus-intended and self-reported
emotions through a semantic lens, enabling direct
analysis of misalignment between the two emotion
types.

Furthermore, some recent studies in NLP have ex-
plored emotion elicitation and manipulation in con-
versational settings (Gong et al., 2023; Ma et al.,
2025; Qian et al., 2023; Meng et al., 2024). While
our study does not model conversational interac-
tions, our semantic framework may offer insights
into these settings by helping to identify when emo-
tional influence is being attempted or received. For
example, expressive speech segments may signal
internal affective states, while descriptive segments
may reflect contextual awareness or narrative fram-
ing. These distinctions could inform models of
emotion transfer and regulation in human-computer
dialogue.

Our contribution lies in bridging the gap between
stimulus-based emotion elicitation and the actual
emotions conveyed by participants in speech. By
segmenting utterances according to their semantic
roles and analyzing how different roles align with
either intended or evoked emotions, we propose a
novel way to interpret emotional speech beyond tra-
ditional modality-based or label-based approaches.
While prior SER studies have emphasized either
acoustic or multimodal representations, our work
suggests that semantic structure in language - ac-
cessible only through text - offers a distinct and in-
terpretable signal for differentiating between types
of emotion.
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Movie Clip Tag Scene Description Duration Validation Source
The Blair Witch
Project (Myrick et al.,
1999)

Fear Final scene when screaming intensifies,
man standing facing the wall and camera
falls.

2:03 Schaefer et al. (2010)

The Conjuring (Wan, 2013) Fear Girl gets out of bed at night and bags her
head on a cupboard. Frantic scene.

2:26 İyilikci et al. (2024)

American History X (Kaye,
1998)

Anger Neo-Nazi kills a black man, smashing
his head on the curb and then smiles
after being arrested.

3:24 Schaefer et al. (2010)

Platoon (Stone, 1986) Anger Villagers pushed around in burning vil-
lage and soldier stops other soldiers
from raping a child.

2:42 Author tested in pilot.

Baby laughing at ripping pa-
per (YouTube, 2011)

Joy 8-month-old Micah (a boy) laughing
hysterically while at-home daddy rips
up a job rejection letter.

1:44 Author tested in pilot.

Cats and Dog playing to-
gether (YouTube, 2022a)

Joy Dog lies peacefully on a large bed with
kittens and adult cat moving around.
With happy music.

1:53 Author tested in pilot.

One Day (Scherfig, 2011) Surprise Woman rides a bicycle; she gets hit by a
truck.

2:26 Zupan and Eskritt (2020)

Neighbors (Nicholas Stoller
and O’Brien, 2014)

Surprise Woman calls man about missing airbags
Man is ejected to an office ceiling.

1:07 Author tested in pilot.

Trainspotting (Boyle, 1996) Disgust The main character enters “The worst
toilet in Scotland” and later dives into a
filthy toilet bowl.

1:23 Schaefer et al. (2010)

Planet Terror (Rodriguez,
2007)

Disgust Scene where man is examined by doc-
tors in a hospital and exposes infected
parts of his body.

2:01 Michelini et al. (2019)

Young impala and dead
mother (YouTube, 2022b)

Sadness Young impala finds adult impala lying
down and apparently dead. Then lies by
dead animal.

1:44 Author tested in pilot.

My Girl (Zieff and Ele-
hwany, 1991)

Sadness Funeral scene where girl cries and runs
away after approaching the casket where
a little boy lies.

1:39 Gabert-Quillen et al. (2015)

Table 1: Listing and information about the 12 movie clips used to elicit discrete emotions in the main study.

3 Dataset

The block diagram in Figure 1 summarizes our
data collection, task definitions, and methodology,
which we will elaborate on here and in the next sec-
tion. Data collection was carried out in person at
INSPIRE Laboratory of the School of Psychology
at University of Ottawa. The experiment proce-
dure was approved by the Research Ethics Board
of University of Ottawa. The study included 97
student participants aged 18 to 27 (M = 19.9, SD
= 2.5). The majority were women (81 women,
15 men, and 1 non-binary), and most participants
were native English speakers (65 spoke English
as their first language, 12 spoke French, and 20
spoke other languages). The sample was ethnically
diverse, comprising 16 Asian, 20 Black/African, 7
Hispanic/Latino, 1 Indigenous, 15 Mixed/Multiple
Ethnicities, 33 White/Caucasian, and 5 participants
identifying as Other.

Our study focused on the six basic emotions iden-
tified by Ekman (1992) as the target emotions
in our experimental setup: sadness, fear, joy, dis-

gust, surprise, and anger. Two movie clips for each
emotion were sourced from film stimuli in the exist-
ing literature and validated in our pilot study. The
twelve movie clips used in the study and their meta-
information are listed in Table 1. We trimmed clips
to ensure optimal emotional salience and duration.
Their effectiveness was validated in a pilot study
with 25 participants before the final data collection.

In the main study, participants watched six emo-
tional video clips, one from each emotion cate-
gory. To re-establish baseline levels of valence
and arousal, the presentation of each emotional
clip was preceded by a neutral video clip. To fur-
ther mitigate potential carryover effects between
conditions, a two-minute rest period was inserted
between each neutral–emotional clip sequence, dur-
ing which one of six still images was displayed on
the computer screen. All video clips and still im-
ages were presented in random order to minimize
potential sequence effects. The collected dataset
consists of 97× 6 entries, with five elements: 1)
Speech: a 30-second audio recording of the partic-
ipant’s verbal response to the following instruction:
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"You are asked to verbally describe the scene dur-
ing which you felt the strongest emotion in the last
film clip and say how it made you feel." 2) Intended
emotions: Each video is expected to provoke a cer-
tain emotion. 3) Evoked emotions: the intensities
at which each of the emotions (sadness, fear, joy,
disgust, surprise, anger) was felt, as rated by the
participants on a 7-point Likert scale going from
not at all to strongly. 4) Valence: the extent to
which the overall feeling of the participant was pos-
itive or negative. 5) Arousal: the intensity of the
overall feeling of the participant while watching
the video. Valence and arousal were measured on
a validated sliding scale where each extreme was
illustrated by an emoticon.

4 Tasks

We define three tasks to examine the relationship
between semantic types and emotion recognition.
To determine the most predictive semantic type
for each task, we experimented with three differ-
ent inputs: full transcriptions, descriptive semantic
segments, and expressive semantic segments.

TASK-1: Classification of Intended Emotion in-
volves classifying the intended emotion associated
with each video based on participants’ speech.

TASK-2: Classification of Evoked Emotion in-
volves classifying participant-reported evoked emo-
tions, which are subjective and may include multi-
ple emotions simultaneously. While evoked emo-
tions often include the intended emotion, individ-
ual differences can lead to variations. This task
is framed as a multi-label classification problem,
where each emotion (on a scale of 0 to 6) is bina-
rized based on whether it is evoked or not.

TASK-3: Regression of Valence and Arousal pre-
dicts participants’ self-reported valence and arousal
ratings, which provide a two-dimensional represen-
tation of emotional states.

5 Methodology

As depicted in Figure 1, our methodology consists
of three sequential steps: speech recognition, se-
mantic segmentation, and emotion prediction.

Step-1: Automatic Speech Recognition - We
used Whisper (Radford et al., 2023), an automatic
speech recognition model, to transcribe the partici-
pants’ speech data into text.

Descriptive Expressive
semantics semantics

LLM & Annotator 1 0.71 0.73
LLM & Annotator 2 0.84 0.83
Annotator 1 & Annotator 2 0.77 0.74
Random & Random 0.63 0.64

Table 2: Human evaluations of GPT-4o text segmenta-
tions. The agreement between two human annotators
was comparable to human-LLM agreements.

Step-2: Semantic Segmentation - We used GPT-
4o (OpenAI, 2023) to extract descriptive and ex-
pressive segments from the transcription obtained
in step 1. The prompt is given in Table 3. We set
the sampling temperature to 0 to make the process
more deterministic. Overlapping phrases were al-
lowed when semantic roles intersected, ensuring
comprehensive representation.

Step-3: Emotion Prediction - The last step is to
perform tasks described in Section 4 to study the
relationship between semantic roles and emotion
recognition. Each model is trained and evaluated
on three input types: full transcriptions, descriptive
segments, and expressive segments.

Audio-Based Emotion Classification - In addition
to text-based models, we also experimented with
audio-based models trained directly on the speech
recordings. These included a HuBERT model (Hsu
et al., 2021), a Wav2Vec2 model (Baevski et al.,
2020), and a baseline MFCC (mel-frequency cep-
stral features) classifier. The audio classifiers were
evaluated on TASK-1 and TASK-2 using the full ut-
terance audio as input. However, all speech-based
models performed significantly worse than text-
based classifiers. Since semantic role segmentation
(i.e., distinguishing between descriptive and expres-
sive segments) is inherently a linguistic task and
not inferable from acoustic signals alone, we prior-
itized text-based methods for the core analyses of
this paper moving forward.

6 Experiments

6.1 Implementation Details

For Step-1, automatic speech recognition, we used
‘whisper-large-V3‘ 1, a state-of-the-art system ASR
model known for its robustness across diverse ac-
cents and noise conditions. We manually reviewed
transcriptions in the development set, consisting of
33 × 6 audio transcriptions. Whisper achieved a

1https://huggingface.co/openai/whisper-large-v3
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Figure 2: Examples of participants’ rated emotions. Each row represents a participant who watched six movie
segments (6 columns) from each of the six emotional categories. The intended emotion tag associated with the
video is plotted in a yellow bar. Other rated emotions are colored blue. The height of the bars represents the emotion
ratings from participants. For example, in the second movie clip watched by Participant P93, the intended emotion
was "disgust," as shown by the yellow bar. After watching the clip, P93 reported experiencing four emotions:
disgust, fear, sadness, and surprise, indicated by the blue bars. Among these, “disgust” was the strongest emotion,
receiving the highest score of 6.

The user will provide a paragraph describing their feelings
towards a particular movie, delimited with “‘####“‘.

Your task is to segment the paragraph into two parts ac-
cording to the type of content: descriptive segments and
expressive segments.

Descriptive segments refer to elements or clauses that
provide factual or narrative information about the movie
content without explicitly reflecting personal emotions or
opinions.

Expressive segments refer to elements or clauses that con-
vey personal feelings, attitudes, or opinions. These seg-
ments reflect individual reactions, emotions, and percep-
tions, or the intensity of these emotions.

The two parts (descriptive segments and expressive seg-
ments) can overlap, but all clauses of the given paragraph
must be contained in at least one of the two parts.

Output your answer in the following format:

<answer>
<descriptive> [descriptive segments] </descriptive>
<expressive> [expressive segments] </expressive>

</answer>

Table 3: Prompt for extracting descriptive and expres-
sive semantics from speech transcription.

4.13% word error rate, with errors mainly in un-
clear utterances at speech boundaries and between
clauses.

For Step-2, we validated the effectiveness of GPT-
4o segmentation again on the development set with
33 × 6 transcriptions. Two authors of this paper,
one from the Computer Science department and
the other from the Psychology department, were
given the same instructions as the LLM and inde-

pendently performed the same segmentation task.
To calculate the agreement between human anno-
tators and also between LLM and annotators, we
computed cosine similarities of the segments, us-
ing sentence-transformer embeddings 2. From Ta-
ble 2, the average agreement between two human
annotators (0.76) was comparable to human-LLM
agreement (0.73 and 0.83). Most discrepancies
arose from minor conjunctions to make sentences
more complete. As a baseline, two random text
segmentations would result in a similarity score
of 0.63 - 0.64. Overall, GPT-4o has an acceptable
segmentation quality.

For Step-3, emotion prediction, we fine-tuned dif-
ferent classifiers/regressors, including BERT (De-
vlin, 2018), RoBERTa (Liu, 2019), and De-
BERTa (He et al., 2020). Different text seman-
tics identified in Step-2 are used as inputs to the
models. For emotion classification (Tasks 1 and
2), we used the text embeddings from the mod-
els and applied a standard classification head with
a softmax activation function to predict categori-
cal emotions. For regression (Task 3), we modi-
fied the models by replacing the classification head
with a fully connected layer that outputs a single
continuous value, trained with mean squared error
(MSE) loss to predict valence and arousal scores.
This approach follows standard practice in adapt-
ing transformer encoders for regression tasks (Xin
et al., 2021; Taha, 2024; Orso and Xie, 2008). Data
are split on participants’ level, with 1/3 of partici-

2https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2
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How often do participants experience the intended emotion conveyed by the videos? 96.63%
How frequently do participants feel emotions other than the intended one? 89.39%
How often is the intended emotion rated as the highest by participants? 79.29%
Chippendale’s alpha coefficientbetween intended emotion and evoked emotions 0.1466

Table 4: Statistics of relationships between movie intended emotion tags and evoked emotions. Predicting the
evoked emotions is a much more subjective task than predicting the intended emotion tag.

pants (33 participants) data used for training, 1/3
for validation, and the rest 1/3 for testing.

6.2 Comparative Analysis of Intended and
Evoked Emotions

Table 4 shows the relationship between the in-
tended and evoked emotions. While the partici-
pants experienced the intended emotion 96.63% of
the time, they also reported other emotions 89.39%
of the time. Surprisingly, more than 20% of the
time, an emotion other than the intended one is
experienced most. These results suggest that the
experienced emotion is highly subjective and can
deviate from the intended emotions.

To better quantify the subjectivity of Task-2, we
calculate the Krippendorff’s alpha coefficient (Krip-
pendorff, 2011, 2018) between the intended emo-
tion and evoked emotions. We treat the agreement
between intended emotion and evoked emotion as
the agreement between two annotators performing
multi-label annotations. Each annotator labels 594
data points, since there are 99 × 6 speech. One
annotator always label the intended emotion as true
and other emotions as false. The other annotator
labels the data with the participant’s evoked emo-
tion ratings in a multi-label fashion. Krippendorff’s
alpha coefficient is calculated as the inter-annotator
agreement index on this multi-label annotation task
with MASI distance (Passonneau, 2006) as the dis-
tance measurement between two sets of multi-label
annotations. The low score of Krippendorff’s al-
pha coefficient shows the high subjectivity of task
T2 and the high variation of evoked emotions with
respect to the intended emotion.

Figure 2 gives examples of emotion ratings by
three different participants in response to the six
movie segments. Each row in the grid represents
data from a different participant, while each col-
umn corresponds to one of the six movie segments.
Within the bar charts, yellow bars indicate the in-
tended emotion that the video clip aimed to elicit,
while blue bars represent the emotions self-reported

Figure 3: Valence and arousal ratings, colored by the
intended emotion tags of movie segments.

by the participants after watching the clips. The
height of the bars reflects the intensity of the rated
emotions on a numerical scale. These examples
highlight variability in participants’ emotional re-
sponses, often revealing discrepancies between the
intended emotions and the emotions participants
actually experienced.

6.3 Classification of Intended Emotion

Aligned with our hypothesis, the classification re-
sults for TASK-1 demonstrate a clear advantage of
using descriptive semantics as input for predicting
the intended emotions associated with each movie
segment. Table 5 shows the classification accuracy
for both semantic types across three different clas-
sifiers. Across all models, descriptive semantics
consistently yield significantly higher accuracy in
predicting the intended emotions.

6.4 Classification of Evoked Emotion

In TASK-2, we classified participant-reported
evoked emotions, which are inherently subjective
and may include multiple emotions simultaneously.
Aligning with our hypothesis that expressive se-
mantics better capture speaker-specific emotional
experiences, results in Table 6 indicate that using
expressive semantics as input achieves higher clas-
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Model Semantics Precision Recall F1
BERT Descriptive 0.83 0.81 0.81

Expressive 0.68 0.65 0.65
Full 0.89 0.88 0.88

RoBERTa Descriptive 0.85 0.83 0.83
Expressive 0.69 0.69 0.69

Full 0.93 0.93 0.93
DeBERTa Descriptive 0.81 0.81 0.81

Expressive 0.65 0.64 0.64
Full 0.91 0.90 0.90

Table 5: Model performances on classifying intended emotion associated with the movies.

Model Semantics Precision Recall F1
BERT Descriptive 0.72 0.77 0.73

Expressive 0.75 0.77 0.75
Full 0.78 0.82 0.78

RoBERTa Descriptive 0.73 0.76 0.73
Expressive 0.74 0.82 0.77

Full 0.76 0.82 0.77
DeBERTa Descriptive 0.71 0.76 0.72

Expressive 0.74 0.81 0.76
Full 0.76 0.81 0.77

Table 6: Average model performances on classifying evoked emotions (std is always less than 0.1 over 5 run).

sification accuracy compared to using descriptive
semantics. We also observe that even with full
semantics, TASK-2 achieves significantly lower
F-scores than Task-1, as expected due to the sub-
jectivity of this task.

6.5 Discussion of Audio-Based Classifications

To assess the role of acoustic features in emo-
tion recognition, we trained several audio-only
classifiers, including models based on HuBERT 3,
Wav2Vec2 4, and MFCC features, for both TASK-
1 and TASK-2. Across all models, we observed
consistently poor performance, with classifiers fre-
quently defaulting to one or two majority emotion
classes. This suggests that prosodic and paralin-
guistic cues in our dataset were not strongly indica-
tive of emotional content. One likely explanation is
that participants generally delivered their responses
in a steady and emotionally neutral tone, which
limited the expressiveness of acoustic features.

Moreover, unlike text-based inputs, speech signals
do not easily lend themselves to semantic segmenta-
tion without speech recognition (Wang et al., 2003;

3facebook/hubert-base-ls960
4facebook/wav2vec2-base

Ong and Herrera, 2005). Audio-based classifiers
cannot distinguish between descriptive and expres-
sive segments in an obvious way, making it difficult
to explore the semantic roles that are central to our
research questions. While acoustic features are
valuable in many speech emotion recognition tasks,
in our study design where subjective emotional ex-
perience is linked to semantic framing, textual cues
proved more informative and interpretable.

6.6 Regression of Emotion Valence and
Arousal:

Figure 3 shows the distributions of valence and
arousal across different intended emotions, which
exhibit high variability without clear patterns
across emotions. Positive emotions, such as joy,
correlates with higher valence, and negative emo-
tions, such as fear, have lower valence and higher
arousal. But there is no obvious clusters among the
six emotions.

The results reported in Table 7 show that expres-
sive semantics lead to more accurate predictions
for both emotional valence and arousal compared
to descriptive semantics. A statistical analysis in
Table 8 shows that the differences in the prediction
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Model Semantics Valence MSE Valence MAE Arousal MSE Arousal MAE
BERT Descriptive 0.068 0.209 0.057 0.192

Expressive 0.055 0.183 0.054 0.187
Full 0.053 0.185 0.053 0.184

RoBERTa Descriptive 0.050 0.184 0.055 0.184
Expressive 0.037 0.151 0.051 0.182

Full 0.034 0.146 0.051 0.182
DeBERTa Descriptive 0.077 0.224 0.053 0.183

Expressive 0.037 0.153 0.045 0.166
Full 0.059 0.192 0.049 0.172

Table 7: Model performances on regression of emotion valence and arousal. Expressive semantics leads to smaller
errors in estimating evoked valence and arousal. The difference is most pronounced for the DeBERTa-based model.

Valence Arousal
Model Z p Z p
BERT −1.74a 0.083 −1.24a 0.215

RoBERTa −2.98a 0.003 −0.16a 0.874
DeBERTa −5.86a < 0.001 −3.70a < 0.001

Table 8: Wilcoxon signed-rank tests results to compare MSE between descriptive and expressive semantics for each
model. aBased on positive ranks.

errors between descriptive and expressive seman-
tics are statistically significant for valence under
two of the three models and one model for arousal.
The regression results are in line with the TASK-2
results and the statistical analysis partially supports
the hypothesis that expressive semantics better cap-
ture subjective experience.

7 Conclusion

This study introduces a novel framework for
Speech Emotion Recognition (SER) by distinguish-
ing between semantic roles in speech. By leverag-
ing LLMs’ zero-shot capabilities in text segmen-
tation, we tackle a previously difficult challenge.
To our knowledge, this is the first work to segment
speech into two semantic roles, expressive and de-
scriptive content, to enable more fine-grained and
nuanced emotion detection.

Our findings reveal that descriptive semantics are
more predictive of intended emotions, while ex-
pressive semantics are more closely aligned with
evoked emotions and their valence and arousal di-
mensions. This differentiation can inform future
research in emotion detection. In some contexts, it
might be more useful to instruct users and guide
them toward only one of these modes of expressing
emotions. In other applications, it might be more
suitable to leave it to the users to express their emo-

tions in a mixture of expressive and descriptive
modes. The LLMs can then be used to segment the
speech and use the segments depending on the pre-
dictive goals. This approach enhances the develop-
ment of more accurate and context-aware emotion
recognition systems, with applications in mental
health, virtual assistants, and customer service.

Limitations

This study, while providing valuable insights into
the segmentation of speech for emotion recognition,
has limitations. First, the dataset used in this re-
search is curated from emotionally evocative movie
clips, which, although varied, may not fully rep-
resent the broad diversity of real-world speech in-
teractions. The emotional expressions captured in
these clips might not encompass the full spectrum
of spontaneous and everyday speech, which could
limit the generalizability of the findings.

Second, although we included baseline speech-
based emotion classifiers, their performance was
substantially lower than that of text-based models.
This gap likely stems from the emotional neutral-
ity of the participants’ tone and the nature of the
task. However, future work could explore whether
jointly modeling text and acoustic features, perhaps
guided by semantic segmentation, might uncover
latent prosodic patterns aligned with specific se-
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mantic roles.

Third, while the study distinguishes between de-
scriptive and expressive semantics, it focuses pri-
marily on self-reported emotional responses, which
can be subjective and influenced by individual dif-
ferences in emotional expression and perception.
This subjectivity introduces variability in the emo-
tional ratings, potentially affecting the accuracy
and robustness of the regression models.

Ethics Statement

This research was approved by the Research Ethics
Board of University of Ottawa. All participants
provided their informed consent prior to partici-
pating in the study. Participants had the option
to withdraw from the experiment at any time and
for any reason, including emotional distress. Data
collected during the study were handled securely
and used exclusively for research purposes. All
personal data was anonymized.

In Ethics Sheet for Automatic Emotion Recogni-
tion and Sentiment Analysis, Mohammad (2022)
provides a structured ethical framework for devel-
oping and deploying Automatic Emotion Recog-
nition (AER) systems, along 50 ethical considera-
tions. He specifically emphasizes on the risks of
privacy violations, reinforcing biases, and potential
misuse in surveillance or manipulation. This Ethics
Sheet serves as a guide for responsible AER devel-
opment, and encourages researchers to question
why they automate, whose interests are served, and
how success is measured.

Recognizing the ethical risks and potential misuse
of SER technologies, we strongly caution against
issues such as biases in emotion datasets, AI mod-
els enforcing rigid norms on emotional expression,
and the exclusion of neurodiverse and marginal-
ized groups. These concerns must be carefully
addressed before deploying SER systems in real-
world applications. We urge industries to adopt
responsible, explainable, and inclusive AI devel-
opment practices, ensuring that these technologies
are fair, transparent, and beneficial to all users.
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Abstract

Frames capture aspects of an issue that are
emphasized in a debate by interlocutors and
can help us understand how political language
conveys different perspectives and ultimately
shapes people’s opinions. The Media Frames
Corpus (MFC) is the most commonly used
framework with categories and detailed guide-
lines for operationalizing frames. It is, how-
ever, focused on a few salient U.S. news issues,
making it unclear how well these frames can
capture news issues in other cultural contexts.
To explore this, we introduce FrameNews-PT,
a dataset of Brazilian Portuguese news articles
covering political and economic news and an-
notate it within the MFC framework. Through
several annotation rounds, we evaluate the ex-
tent to which MFC frames generalize to the
Brazilian debate issues. We further evaluate
how fine-tuned and zero-shot models perform
on out-of-domain data. Results show that the
15 MFC frames remain broadly applicable with
minor revisions of the guidelines. However,
some MFC frames are rarely used, and novel
news issues are analyzed using general ‘fall-
back’ frames. We conclude that cross-cultural
frame use requires careful consideration.

1 Introduction

Frames are interpretation schemes used to organize
reality by isolating and highlighting salient aspects
of it (Otmakhova et al., 2024). They combine three
levels: cognitive (concerning the mental represen-
tations of the world); semantic (concerning the
linguistic structures involved); and communicative
(their usage and impact on the audience).

Frames are finding increasing application in NLP
as a framework to analyze social media and news
coverage. In particular the communicative dimen-
sion of frames can be seen as a bridge between
belief and action (Snow and Benford, 2005). Fol-
lowing Entman (1993), frames have four objectives:
i) promote a particular definition of a problem;

ii) promote an interpretation of it; iii) propose a
moral evaluation; and iv) recommend a treatment
or a solution. This makes them a valuable tool for
identifying, measuring, and quantifying particular
worldviews and communication strategies (Card
et al., 2015; Mendelsohn et al., 2021).

Frames are primarily a methodological frame-
work, and not a fixed set of categories. However,
a widely used set is based on the Media Frames
Corpus (MFC), 15 frames (see Table 1) with an-
notation guidelines, developed to cover a limited
number of issues concerning the U.S. context, e.g.,
gun control and climate change (Card et al., 2015).

As in other NLP tasks, however, generalization
is an issue: coarse-grained frames risk failing to
capture important aspects of a debate, notably ide-
ological bias, while fine-grained frames may not
generalize across debates. For example, Mendel-
sohn et al. (2021) demonstrate that in news about
migration, the generic frame cultural identity is
correlated with liberal texts; introducing two re-
lated sub-frames hero: cultural diversity and threat:
national cohesion leads to a clear separation by
political ideology – liberal in the former and con-
servative the latter case – but these subframes are
presumably irrelevant for other debates. Similar
questions arise in cross-lingual contexts: the MFC
frames were applied by SemEval 2023 Task 3 to
9 languages (Piskorski et al., 2023b), but the ap-
plicability of the frames was not assessed, nor was
inter-annotator agreement reported.

Indeed, full cross-linguistic generalization of
frames is far from clear, given previous work on the
cross-lingual generalization of semantic inventories
(Peters et al., 1998; Reddy et al., 2017; Gilardi and
Baker, 2018). For full generalization, frames would
show high agreement – their definitions and annota-
tion guidelines would allow each markable in a new
language to be assigned to a unique frame – and
completeness – for each instance in the new lan-
guage, there would be a suitable frame. However,
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we do not have empirical evidence so far.
Thus, we set out to answer these questions:

1. How high are agreement and completeness for
MFC frames when annotating a representative
sample of news articles despite having been
originally developed on a small number of
issues?

2. How high are agreement and completeness of
the MFC frames when applied to news report-
ing from other countries?

3. Even if the frames generalize well, is it possi-
ble to transfer computational models of frame
prediction between languages?

Our study proceeds by creating FrameNews-PT,
a corpus of 300 news articles of ‘hard news’
(Reinemann et al., 2012) in Brazilian Portuguese.1

FrameNews-PT is based on the News Portal Recom-
mendation dataset (Lucas et al., 2023). It contains
Brazilian news about, e.g., new regulations, taxes,
and finance. We manually annotate the articles
with MFC frames using a perspectivist approach
(Cabitza et al., 2023). We carry out several rounds
of annotation to a) adapt the MFC guidelines while
maintaining their level of detail, b) value the indi-
vidual perspectives of annotators, and c) examine
generalizability and overlap of frames (RQ1+2).

After corpus creation, we conduct modeling
experiments (RQ3). We use two transformer-
based models fine-tuned on the MFC and 9 chat-
instructed models in a zero-shot setting, and ana-
lyze how well models perform out of domain on
FrameNews-PT in comparison with the MFC.

Our results are generally promising: (Most)
MFC frames are annotated with high agreement
in Brazilian hard news, with little confusion among
them. However, some frames appear rarely, being
bound to U.S.-specific issues. Also, completeness
is not perfect: Brazilian issues outside the scope
of the original MFC are often annotated with rela-
tively general frames as a fallback (e.g., Economic),
leading to some loss of information. On the mod-
eling side, we find that zero-shot models perform
better at frame prediction on the Brazilian data than
transferred English classifiers, indicating that the
data distributions are sufficiently dissimilar. Over-
all, use of MFC frames in new languages and issues
calls for a reflected process.

1The corpus is available for the community at this link:
https://github.com/tceron/FrameNews-PT

2 Related Work

Previous work in NLP has investigated how fram-
ing political language influences society and public
opinion (Lecheler et al., 2015), and how it shapes
the spread of information (Gilardi et al., 2021)
across communication contexts, such as agenda-
setting campaigns (Tsur et al., 2015; Field et al.,
2018) and news media (Card et al., 2015). Frames
can help analyze argumentation, and frame detec-
tion can be seen as argument assessment (Lauscher
et al., 2022). Given their connection to political
ideologies (Alashri et al., 2015), frames are also
useful for analyzing and diversifying perspectives,
e.g. in news recommendation (Mulder et al., 2021;
Dattawad et al., 2025).

The task of frame detection has often been
approached through topic modeling with unsu-
pervised methods (Nguyen et al., 2013; Roberts
et al., 2014; Tsur et al., 2015; Ajjour et al., 2019),
which, however, tend to be highly corpus-specific.
Other studies employ supervised classification tech-
niques, including logistic regression (Card et al.,
2016), neural networks (Naderi and Hirst, 2017;
Liu et al., 2019), and fine-tuning of pre-trained
models (Kwak et al., 2020), all of which require
robust gold standard annotations.

The Media Framing Corpus (MFC) (Card et al.,
2016), building on the foundational work of Boyd-
stun et al. (2014), introduced a novel annotation
framework that has become a reference for frame
identification (cf. Section 3). Several studies either
use parts of the MFC or applied its guidelines to
related datasets, e.g., Kwak et al. (2020) conduct a
systematic analysis of the 15 frames in New York
Times articles across 17 years.

Khanehzar et al. (2019) are the first to test the
generalizability of MFC frames to other contexts.
They apply the framework to Australian parliamen-
tary speeches on same-sex marriage and migration,
and fine-tuned three BERT-based classifiers. Their
findings show a drop in accuracy when the models
are applied across different contexts. It is unclear,
however, if this is due to the failure of the frames to
generalize, or only to a shift in frame distribution.

Other corpora and labeling schemes have been
proposed, though they often focus on specific de-
bate issues. Examples include the Ballistic Missile
Defense corpus (Morstatter et al., 2018), the Gun
Violence Corpus (Liu et al., 2019), and the migra-
tion corpus by Mendelsohn et al. (2021).2

2For a comprehensive overview of framing detection and
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SemEval-2023 Task 3 introduced a sub-task on
framing detection in online news within a multilin-
gual setting (Piskorski et al., 2023b). The dataset
spans multiple topics and languages. It is annotated
with an adaptation of the MFC framework (Pisko-
rski et al., 2023a) and the proposed models, based
on Transformer architectures, achieved strong per-
formance. The focus of the study was on modeling,
however, not on assessing frame generalizability.

3 Data

The Policy Frames Codebook A key contribu-
tion to the study of frames is the Policy Frames
Codebook by Boydstun et al. (2014), which in-
troduced 15 framing dimensions applied to three
debate issues: immigration, tobacco, and same-
sex marriage. The guidelines for frame annotation
in this codebook have been dynamically updated
over time (Boydstun and Gross, 2014). This work
led to the creation of the Media Frames Corpus
(Card et al., 2015), later expanded to include three
additional issues: gun control, death penalty, and
climate (MFC v4.0). The MFC was explicitly de-
veloped for three debate issues and the U.S. con-
text, which is a potential limitation. Additionally,
as noted by Ali and Hassan (2022), it may not dis-
tinguish sufficiently between issues and frames by
introducing overly broad categories, such as Eco-
nomic.

For our study, we adopt the 15 framing dimen-
sions as labeled in Card et al. (2015), cf. full list in
Table 1. Our guidelines are a version of the Policy
Frames Codebook, shortened from 45 to 9 pages
to preserve the original information while making
it more accessible. We remove specific edge cases
and marginal notes, but our annotators are encour-
aged to consult the original guidelines in cases of
doubt. Our version of the guidelines, in English,
includes a description for each frame and the cues
to recognize it (cf. Appendix A.6). In addition,
they include: i) a contextualization of the project,
presenting the tool used for annotation (Google
Sheets with drop-down menus), and ii) for each
frame, an example drawn from MFC headlines on
migration where annotators agreed on the frame.
In contrast to the version used in SemEval 2023
(Piskorski et al., 2023a), our guidelines retain all
relevant content from the original codebook. The
guidelines are made available in the repository.

analysis, see Ali and Hassan (2022) and Otmakhova et al.
(2024), offering a multidisciplinary perspective on the field.

Frame Example
Capacity and Resources Immigration debate: Illegals

take jobs from Americans
Crime and Punishment Two charged in deaths of illegal

immigrants in truck
Cultural Identity Ethnic shift: Immigration—an

Irish enclave learns a new
language; Mexican immigrants
boost a growing Latino popula-
tion

Economic Society makes no-interest loans
to New York’s immigrants

Fairness and Equality Strict immigration law unfairly
targets Hispanics

External Regulation and
Reputation

‘International village’ gets hos-
tile reception

Health and Safety Colombian drug violence leads
to exodus

Legality, Constitutional-
ity and Jurisprudence

House approves bill to abolish
INS; The Senate will begin work
next week on its own measure
dealing with the immigration
agency

Morality County’s undocumented work-
ers say they aren’t here to ‘steal’

Other U.S. under pressure to carry big-
ger load

Policy Prescription and
Evaluation

President Donald Trump stalls
on promise to eliminate J-1 visa
program

Political Following Trump voter fraud al-
legations, claim that 5.7 million
non-citizens voted is wrong

Public Opinion Immigration: Political evangeli-
cals feel push to take sides

Quality of Life Big money, cheap labor
Security and Defense Decision on refugees overdue;

U.S. officials must loosen immi-
gration restrictions

Table 1: The 15 frames and their examples extracted
from the MFC headlines on migration.

Data collection Our dataset consists of 300 news
articles randomly extracted from the News Portal
Recommendation Corpus (NPR), a collection of
148,099 news articles in Portuguese from a Brazil-
ian news portal called G1 with user click history
(Lucas et al., 2023). The inclusion of click data
makes it suitable for potential future applications
in multi-perspective, frame-based news recommen-
dation. The dataset was selected not only for its
relevance to recommendation scenarios, but also
because it covers a broad range of issues from a
cultural and linguistic context different from the
U.S. and the Global North generally. This allows
us to investigate our research questions on the gen-
eralizability of framing annotations and model per-
formance across news issues.

We select articles belonging to the economics
and politics sections of the newspaper. The articles
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O ministro do Trabalho, Luiz Marinho, afirmou nesta terça-feira (31) que quer estabelecer uma mesa
redonda entre os trabalhadores das lojas Americanas e os controladores da empresa. A declaração
acontece um dia após as maiores centrais sindicais do país terem divulgado comunicado conjunto
defendendo a participação direta do Ministério do Trabalho no processo de recuperação judicial da
Americanas, ocorrido após a revelação no início do mês de pelo menos R$ 20 bilhões em problemas
contábeis. As centrais querem preservar empregos na varejista, que têm mais de 44 mil
trabalhadores, além de "centenas de milhares" na rede de fornecedores. "Vamos providenciar mesa
redonda das Americanas com representantes dos trabalhadores para buscar compreender o que
aconteceu. Se houve fraude, vamos acionar os órgãos responsáveis pelas fraudes. Não posso
afirmar que houve fraude, mas que tem cheiro tem cheiro", declarou o ministro. [...]

Ministro do Trabalho quer mesa de negociação entre trabalhadores e controladores das AmericanasHeading

Body

Annotator 1 Annotator 2

Economic Legality

LegalityPrimary (global)

Economic Economic

Crime Crime

Morality Fairness

Morality

Figure 1: Example of an annotation in FramesNews-PT (full article and translation in English are provided in
Appendix A.2). Each annotator assigns, in this order: (i) one frame to the article heading, (ii) multiple frames to the
article body, and (iii) a primary frame to the article as a whole.

in the NPR dataset often belong to more than one
category, so they also span across other news cate-
gories as well. In this way, we ensure that articles
i) consist of hard news, typically including topics
such as foreign and domestic politics, economy
and finance (Reinemann et al., 2012), and ii) cover
a broad domain, spanning multiple debate issues.
A topic modeling analysis with BerTopic (Groo-
tendorst, 2022) on NPR and FrameNews-PT shows
that our selection of topics is representative of the
whole NPR corpus (see Appendix A.3). To com-
ply with model input length limitations, we limit
our selection to articles shorter than 300 words and
remove boilerplate (banners, ads).

Data annotation We hired two annotators, both
Master’s students: one Brazilian and one Por-
tuguese. We expect their cultural backgrounds
to influence the interpretation and application of
frames during the task. In order to acknowledge
individual perspectives and subjectivity, we keep
the annotations disaggregated and we evaluate the
models on each annotator, adopting a perspectivist
approach (Cabitza et al., 2023).

Like in the MFC, our annotators label in the
following order: (i) the heading frame (single la-
bel), (ii) the body frames (multiple labels), and (iii)
the primary frame, i.e., the most prominent frame
throughout the article (single label). Following the
MFC guidelines, the primary frame must be se-
lected from among the annotated frames; in case of
doubt, it defaults to the heading frame. Unlike the
MFC, however, our annotations are performed at

the article level. While span-level annotation may
be preferable for certain applications, article-level
annotation can still supports various tasks, such as
news recommendation with frame diversification.
Figure 1 presents an example annotation.

In the MFC, the annotators also decide whether
an article is relevant and do not carry out anno-
tations on irrelevant articles3. We skip this anno-
tation phase, and therefore annotate all the arti-
cles, for two main reasons: i) models are presented
with both relevant and potentially irrelevant articles
for classification, and we want the annotation pro-
cess to align with the modeling setup; and ii) our
dataset includes only hard news and has already
been cleaned. We aggregate irrelevant articles and
those that do not match any frame’s guidelines un-
der a single label, namely Other. This frequently
includes news on a personal rather than societal
level, such as advice on personal finance, new com-
mercial products, or celebrity news. An example
of this category is the following headline, which
describes a private decision by President Lula that
does not match any frame dimension:

(1) Lula decide não se mudar para a Granja do
Torto antes da posse.
Lula decides not to move to Granja do Torto
before the inauguration.

3A relevant article: i) concerns the policy issue in question,
ii) takes place in or explicitly regards the United States, iii)
has more than four lines, and iv) is a proper article, not a
correction of a previous error or an obituary.
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The annotation process was organized into four
weekly rounds, with an increasing number of arti-
cles, based on the assumption that annotators be-
come more efficient and familiar with the task over
time: the first two rounds comprised 50 articles
each, and the last two rounds contained 100 arti-
cles each. After each round, the annotators partici-
pated in a discussion session to address ambiguous
cases and refined the application of the guidelines.
Inter-annotator agreement (IAA) is measured using
Krippendorff’s α4 after each round. We hypothe-
size that i) the IAA increases at each round because
of the discussions, and ii) that the score before and
after discussion becomes closer at each round.

Annotators’ perspectives In the discussion
rounds, we observe the influence of the annota-
tors’ cultural backgrounds on the usage of frames.
The Portuguese annotator struggled to understand
certain contexts due to her different cultural per-
spective and she would sometimes need to look
up acronyms, such as STF (Supremo Tribunal Fed-
eral). The Brazilian annotator, familiar with the
local context, often had a deeper understanding of
the reasons and potential consequences of news
articles. Consider the following heading sentence,
referring to scholarships for students:

(2) Reajuste de bolsas da Capes e do CNPq
deve ser anunciado ainda em janeiro, diz
Camilo Santana.
Adjustment of Capes and CNPq scholar-
ships should be announced in January, says
Camilo Santana.

The Brazilian annotator, aware that access to schol-
arships is a major issue in Brazil, considered the in-
troduction of such a policy to be significant and la-
beled the article as Policy Prescription and Evalua-
tion. By contrast, the Portuguese annotator, having
associated the term bolsas with the stock exchange
(bolsa de valores), labeled it as Economic. These
differences show that a perspectivist approach is
helpful in annotation and modeling. We keep the
annotations disaggregated in the evaluation (see
Section 5.1 and Table 4 for more details).

4 Analysis of Frame Generalization

We can now investigate the generalization of the
MFC frames to the Brazilian context.

4Krippendorff’s α was adopted following the MFC. It
calculates agreement considering the whole pool of labels
rather than individual frequency of use (Card et al., 2015).

Inter-annotator agreement As Figure 2 shows,
the agreement score on the primary frame kept im-
proving generally over the four rounds, with the
exception of the third round, which contained more
complex cases. The discussion was useful in distin-
guishing difficult frames. After the final revision,
the global agreement after discussion on the dataset
was α=0.78. It is substantially higher than the one
reported on the MFC by (Card et al., 2015), which
never exceeds 0.70. This can be attributed to four
main reasons: i) in the MFC, new annotators with
no previous knowledge were introduced in each
round, potentially lowering the overall score; ii)
discussing the guidelines with the same person, as
we did, could in the worst case lead to overfitting
(we alleviate the effects in modeling by keeping an-
notations disaggregated); iii) annotators usually fell
back to general frames rather than specific ones5;
iv) they used Other to annotate articles about per-
sonal stories that did not match other frames in the
guidelines, consequently raising the agreement.

Figure 2: Inter-annotator agreement on the primary
frame over four rounds, before and after discussion.

IAA on single frames We also compute agree-
ment on single frames (Figure 3). The results con-
firm highest agreement for Other, arguably due
to its particular function in our annotations (see
Section 3). Other frames with high scores include
External Regulation and Reputation, suggesting
that it is particularly well defined, Political, and
Economic, which is not surprising given that these
are the dominant categories in the dataset. On the
other hand, the frames with the lowest agreement
are Capacity and Resources and Quality of Life.

5We use ‘general frames’ to refer to high-frequency frames
— such as Political, Economic, and Legality, Constitutionality
and Jurisprudence — that frequently overshadow other frames
during annotation. By contrast, ‘specific frames’ denote low-
frequency frames that are more easily obscured by broader
categories and potentially tied to specific issues, for example
Capacity and Resources (see Figures 4, 5, and 6).

87



Figure 3: Agreement on each frame (primary).

Frame overlap Figure 4 shows the overlap be-
tween the two annotators on primary frames, indi-
cating which frame pairs struggle with high agree-
ment. These include: i) Crime and Punishment
vs. Legality, Constitutionality and Jurisprudence
ii) Fairness and Equality vs. Quality of Life, iii)
Policy Prescription and Evaluation vs. Economic.

Quality of Life and Fairness and Equality fre-
quently co-occur when discussing social issues, as
in the following:

(3) Ministério diz que novo Bolsa Família terá
R$ 18 bilhões para crianças de até 6 anos.
The Ministry says that the new Bolsa
Família will have R$ 18 billion for children
up to 6 years old.

Crime and Punishment and Legality, Constitution-
ality and Jurisprudence overlap when talking about
legal measures to punish someone, while Policy
Prescription and Economic occur together when
speaking of policies that affect economy.

We would argue that this overlap is not due to
failure of a frame to generalize. Rather, it is a case
of a complex situation which is described as having
an import on multiple aspects. Such multi-class
cases are intrinsic to framing.

Completeness: Frame frequency While a low
frequency does not imply that a frame does not
generalize, high frequencies for Other or general
frames may indicate lack of completeness. We
therefore compare frame frequencies between MFC
and FrameNews-PT (Figures 5 and 6).

Some frames, like Economic, Fairness and
Equality, and External Regulation and Reputation
appeared more frequently in FrameNews-PT, sug-
gesting they transfer well to Brazilian debate cov-
erage. In contrast, six frames were used fewer than
20 times: Health and Safety, Security and Defense,
Quality of Life, Capacity and Resources, Morality,

Figure 4: Primary frames overlap between annotators.

and Public Opinion. We hypothesize that these
frames are not used frequently because they are
tied to specific issues in the MFC; for example,
Capacity and Resources is strongly associated to
climate change. Cultural Identity was never used
by our annotators, which appears due to its specific
use in the U.S. issues migration and gun control.

The proportion of Other in our corpus is almost
the same as in the MFC (13%), although it is used
more broadly in our annotations (see Section 3).
This means that, even though we sample from a
much broader range of issues, the 15 frames still
suffice to classify the news. However, annotators in
our case tended to fall back to more general frames,
indicating a lack of completeness.

Annotator survey To validate our interpretations
from above, we asked the annotators to fill a sur-
vey about the annotation process, and discussed
the results in a meeting. The feedback from the
survey confirmed that annotators found our sum-
marized guidelines easier to read and understand
than the original one by Boydstun et al. (2014).
They identified two main limitations. First, some
frame descriptions are overly specific to the U.S.
context. For example, Security and Defense in-
cluded immigration issues at the U.S. border (cf.
Appendix A.6), a topic not prominent in Brazil.
Second, some frames are not described sufficiently
distinctly by the guidelines, leading to overlap.

Regarding the frequency of frames, the anno-
tators attributed the low usage of certain frames
to the topics covered, confirming our hypothesis
that some frames are specific to particular issues.
However, when asked whether they would add or
eliminate any category, they agreed that the same
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Figure 5: Frames frequencies across policy issues in the MFC.

Figure 6: Primary frames frequency in the MFC com-
pared to FrameNews-PT (normalized).

tagset could be used for future tasks, provided that
some adjustments are made, making the frames
more context-aware and contrastive.

The articles tagged as Other mainly focused on
private issues rather than on societal-level concerns,
which is why they did not match any frame. While
these could be covered by new frames (e.g., Per-
sonal Finance, Advertisement), adding such fine-
grained categories would be misaligned with the
goals of framing analysis for hard news.

Conclusions In sum, we find that the 15 frames
generalize well enough that they can be employed
in future comparable projects, with the following
revisions to the guidelines: i) replace U.S.-specific
examples with locally relevant counterparts (e.g.,
substitute Medicare with Bolsa Família); ii) clar-
ify contrasts between overlapping frames based on
the local context (e.g., Quality of Life vs. Health
and Safety); iii) better define the scope of Other.
The addition of culturally specific frames does not
appear necessary, as the existing inventory already
provides adequate coverage; rather, adapting the

guidelines ensures better fit to the local context.

5 Frame Prediction on FrameNews-PT

Even very good frame generalizability does not
imply that frame prediction models transfer well
across languages, and at least for some frames we
see substantial shifts in frequency (cf. Figure 6).
Therefore, a) we run two classifiers trained on the
MFC corpus, testing them both on MFC and on
FrameNews-PT; b), we classify FrameNews-PT in a
zero-shot setting with 8 chat-instructed LLMs rang-
ing from 1B to 12B parameters as well as ChatGPT-
4o (exact parameter size unknown). All chosen
models are multilingual since FrameNews-PT is in
Portuguese.

5.1 Experimental Setup

We split the Media Frames Corpus (MFC) into
70% training (21,751 examples), 10% validation
(3,107), and 20% test (6,214). The test set is held
out and only used for final evaluation. All splits
are fixed across runs to ensure consistency. The
FrameNews-PT corpus is always used as a test set,
in order to understand how classifiers perform on a
novel set of news issues from a different country.

Supervised classifiers We fine-tune two pre-
trained multilingual language models: XLM-
RoBERTa-base (Conneau et al., 2019) and
Multilingual-E5-base (Wang et al., 2024) for single-
label classification over 15 frames. Inputs are tok-
enized using the model tokenizers with a maximum
sequence length of 512, and models are trained us-
ing cross-entropy loss. Each model is trained for
up to 10 epochs with early stopping based on vali-
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Model Dataset Accuracy Global F1 F1 (ann 1) F1 (ann 2) Cohen’s κ

Majority class baseline MFC 0.21 - - - -
FrameNews-PT 0.23 - - - -

Fine-tuned XLM-RoBERTa MFC 0.67 ±0.00 0.68 ±0.00 - - -
FrameNews-PT 0.53 ±0.00 0.48 ±0.01 0.49 ±0.00 0.47 ±0.01 -

Fine-tuned Multilingual-E5 MFC 0.66 ±0.00 0.67 ±0.01 - - -
FrameNews-PT 0.56 ±0.01 0.50 ±0.01 0.51 ±0.01 0.49 ±0.01 -

Zero-shot Qwen2.5-7B-Instruct MFC 0.40 ±0.10 0.38 ±0.01 - - 0.50 ±0.00

FrameNews-PT 0.53 ±0.02 0.44 ±0.02 0.45 ±0.03 0.42 ±0.03 0.49 ±0.18

Zero-shot gpt-4o-2024-08-06 MFC 0.46 ±0.00 0.46 ±0.00 - - 0.69 ±0.00

FrameNews-PT 0.59 ±0.01 0.50 ±0.03 0.51 ±0.04 0.49 ±0.03 0.75 ±0.06

Table 2: Results of the models on the two datasets. For XLM-RoBERTa and Multi-E5, standard deviations are
across random seeds. For Qwen and ChatGPT, they are across templates. Accuracy considers the output as correct
if it matches at least one annotation. Global F1 is calculated on the Gold Standard for the MFC, while it is averaged
on both annotators for FramesNews-PT. Cohen’s κ measures reliability across prompt templates. Best results for
encoder-based and generative models are in bold.

dation loss, using a patience of 3. We use a batch
size of 64 for both training and evaluation. The
learning rate is 5e-5. All experiments are repeated
with five different random seeds.

Zero-shot classifiers For zero-shot classification,
we prompt multilingual chat-instructed models
from the Qwen (Qwen Team et al., 2024), Google
Gemma (Kamath et al., 2025), Llama (Grattafiori
et al., 2024), and GPT (Achiam et al., 2023) fami-
lies. Our prompts include the article to be labeled,
the shortened annotation guidelines, and a task de-
scription. We evaluate the models on 3 prompt
templates (see examples in A.5) and temperature 0.

Evaluation metrics We evaluate the perfor-
mance of the models on accuracy and F1-score.
Accuracy is measured taking the perspectivist ap-
proach into account. That is, we consider the an-
swer of the model correct when it matches the pri-
mary labels of one of the annotators. The F1-score
for the MFC corpus is based on the gold labels
while we report the F1-scores for each annotator in
FrameNews-PT separately. We also calculate Co-
hen’s κ for checking the reliability of the models
answers across the evaluated prompt templates.

5.2 Results

We report results for the two supervised models
and the two best-performing zero-shot models in
Table 2; for the remaining results see the Appendix.

The best model among the supervised learning
classifiers for MFC is RoBERTa-XLM (acc=67%)
while for FrameNews-PT it is Multi-E5 (acc=56%).
RoBERTa-XLM clearly outperforms the zero-shot

classifiers on the MFC. On the other hand,
ChatGPT-4o is the best model among the zero-shot
classifiers for MFC (acc=46%) and FrameNews-PT
(acc=59%) – not surprisingly, given its parameter
count. Note that when comparing ChatGPT-4o and
RoBERTa-XLM, ChatGPT-4o yields the best result
on FrameNews-PT, while RoBERTa-XLM outper-
forms it by 8 points accuracy on the MFC. The
F1-score results follow similar patterns.

These findings suggest a trade-off: supervised
models trained on annotated data achieve strong in-
domain performance but are less effective in trans-
fer to new corpora, whereas large zero-shot models
offer more robust cross-domain performance but
fall short in accuracy when compared to supervised
models in an in-domain setup.

As for reliability across prompt templates, larger
models are more reliable (Ceron et al., 2024):
ChatGPT-4o achieves 0.75 and 0.69 Cohen’s κ on
the MFC and FrameNews-PT respectively, whereas
Qwen2.5-7B reaches only 0.46 and 0.49.

Figure 7 shows model performance and inter-
annotator agreement across frames. The agreement
between human annotators is always higher than
model-human agreement, except for Quality of Life.
The models struggle the most with the category
Other – for the supervised models, this is presum-
ably because this category is very infrequent in the
MFC; for the zero-shot models, we hypothesize
that this is due to its status as a ‘catch-all’ category
which is hard to learn.

While supervised models perform relatively well
across all frames on the MFC (acc=66%-67%), they
struggle to generalize to FrameNews-PT (acc=53%-
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Figure 7: Agreement between models’ predictions and annotator 1 on FrameNews-PT and MFC, and agreement
between annotators on FrameNews-PT.

56%), particularly for Policy Prescription and Eval-
uation, Morality, Fairness and Equality, Capac-
ity and Resources, and Quality of Life. The latter
three also have the lowest inter-annotator agree-
ment. Our best zero-shot model, GPT-4o, performs
worst for Policy Prescription and Evaluation and
Quality of Life on the MFC, arguably due to blurred
boundaries of these frames (cf. Section 4). On
FrameNews-PT, it struggles the most with Morality
and Capacity and Resources, likely due to the shift
in topics.

These observations give rise to a final question:
is the ‘limiting factor’ in the models’ performance
on FrameNews-PT data quality on the MFC, on
FrameNews-PT, or the shift in distribution? To un-
derstand this, we ran a linear regression to predict
GPT-4o’s accuracy on the MFC at the frame level
(cf. Figure 7). Using three predictors: IAA on
MFC, IAA on FrameNews-PT, the regression ex-
plains 53% of the variance, with only the IAA on
the MFC being a significant predictor at p<0.05.
This is surprising, since GPT-4o is not even trained
on the MFC. Our take on this result is that the MFC
inventory includes frames with vague or otherwise
deficient definitions, which leads to problems both
in terms of annotation (low IAA) and in terms of
prediction (low performance).

6 Conclusion

This study introduces FrameNews-PT, the first
dataset of Brazilian Portuguese news with both
users’ click history (sampled from the NPR corpus)
and annotation with the 15 Media Frames Corpus

frames. It offers a valuable resource for both the
NLP and recommender systems communities. By
including frame annotations, it also enables new
research directions, such as investigating the rela-
tionship between frames and topics.

Our analysis focuses on the generalizability of
the MFC frames to the Brazilian context. We find
generally high agreement among annotators, which
we interpret as a promising sign; however, the MFC
frames are not complete. In the absence of specific
frames, annotators tend to fall back to general ones,
with reduced specificity as consequence. This trend
is largely due to the original frames and annotation
guidelines being developed for the U.S. context on
a limited number of policy issues.

Our modeling experiments show that zero-shot
generative models achieve robust results on our
dataset. However, the very good in-domain re-
sults for supervised MFC models indicate that an-
notated data is still pivotal to reach strong perfor-
mance; both model types suffer from shortcomings
in frame definition and data creation.

We conclude that the 15 MFC frames remain
broadly applicable and continue to capture essential
dimensions of political discourse, even across coun-
tries and languages. To improve generalization, we
recommend refining the annotation guidelines to
offer clearer distinctions between overlapping cate-
gories and incorporating locally relevant examples
(e.g., Bolsa Família instead of Medicare). Such
refinements would enhance the framework’s adapt-
ability to diverse cultural contexts and evolving
policy debates.
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Limitations

The main limitation of our study is the size of our
dataset. We had to limit the number of articles to
300, which is a small sample. The main reason is
the expense of running this type of study. Anno-
tating frames in news articles is costly because the
guidelines are extensive to learn and the articles
are long. Annotators also need time to identify all
body frames and then the primary frame for each
article. For the same reason, we hired only two an-
notators and chose articles from a single Brazilian
news portal, which may limit the generalizability
of our results. In modeling, we focused on the
primary frame, assuming it represents the article,
but considering multiple frames could yield more
accurate analysis. Moreover, including few-shot
examples could help assess whether they improve
performance.
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A Appendix

A.1 Frames labels

We adopt the labels from Card et al. (2015). Note
that some names from Boydstun et al. (2014) were
changed. For example, Constitutionality and Ju-
risprudence was modified to Legality, Constitu-
tionality and Jurisprudence, while Law and Order,
Crime and Justice was changed into Crime and
Punishment. In the updated Codebook (Boydstun
and Gross, 2014), the names of some labels were
adapted again (e.g., Morality is called Morality and
Ethics).

A.2 Annotation example

Here we report the complete text of the exam-
ple news introduced in Figure 1 in Brazilian Por-
toguese (PT) and its translation in English (EN).

PT Headline: Ministro do Trabalho quer mesa de negoci-

ação entre trabalhadores e controladores das Americanas.

Body: O ministro do Trabalho, Luiz Marinho, afirmou nesta

terça-feira (31) que quer estabelecer uma mesa redonda entre

os trabalhadores das lojas Americanas e os controladores da

empresa. A declaração acontece um dia após as maiores cen-

trais sindicais do país terem divulgado comunicado conjunto

defendendo a participação direta do Ministério do Trabalho

no processo de recuperação judicial da Americanas, ocorrido

após a revelação no início do mês de pelo menos R$ 20 bilhões

em problemas contábeis. As centrais querem preservar empre-

gos na varejista, que têm mais de 44 mil trabalhadores, além de

"centenas de milhares" na rede de fornecedores. "Vamos prov-

idenciar mesa redonda das Americanas com representantes

dos trabalhadores para buscar compreender o que aconteceu.

Se houve fraude, vamos acionar os órgãos responsáveis pelas

fraudes. Não posso afirmar que houve fraude, mas que tem

cheiro tem cheiro", declarou o ministro. Acionistas de refer-

ência da Americanas divulgam nota pública A Americanas

tem entre os principais acionistas os bilionários Jorge Paulo

Lemann, Carlos Sicupira e Marcel Telles. Luiz Marinho ques-

tionou nesta terça-feira onde estavam os "compliances" das

lojas Americanas, ou seja, as regras de boa gestão e de gover-

nança da empresa. "Então é o momento de a gente colocar em

dúvida alguns valores do chamado mercado, que é o senhor

da razão. Dita regra para lá e para cá, e a regra sagrada não

foi observada, que é cuidar da saúde de uma empresa que

tem 1.790 lojas espalhadas pelo Brasil e tem 44 mil trabal-

hadores e trabalhadoras", disse ele. O ministro do Trabalho

avaliou, ainda, que a Americanas "pode dar calote no Estado

brasileiro, pode dar calote nos credores, nos que estavam de

boa fé. E acrescentou que os "espertalhões provavelmente não

têm problema". "Quem estava no comando, provavelmente

já se livrou", disse. "Os acionistas provavelmente vão poder

se locupletar, é possível que tenham se locupletado. Os con-

troladores né. Os acionistas minoritários, coitados, estão na

mesma situação dos trabalhadores", concluiu.

EN Headline: Minister of Labor wants negotiation table

between Americanas’ workers and controllers.

Body: The Minister of Labor, Luiz Marinho, stated this Tues-

day (31) that he wants to establish a roundtable between the

workers of the Americanas stores and the company’s con-

trollers. The statement comes one day after the country’s

largest union federations released a joint communiqué de-

fending the direct participation of the Ministry of Labor in

Americanas’ bankruptcy protection process, which followed

the revelation earlier this month of at least R$ 20 billion in ac-

counting irregularities. The unions want to preserve jobs at the

retailer, which employs more than 44,000 workers, in addition

to “hundreds of thousands” in its supplier network. “We are

going to set up a roundtable between Americanas and worker

representatives to try to understand what happened. If there

was fraud, we will trigger the authorities responsible for fraud

cases. I cannot say there was fraud, but it certainly smells

like it,” said the minister. Major shareholders of Americanas

release public note Americanas’ main shareholders include

billionaires Jorge Paulo Lemann, Carlos Sicupira, and Mar-

cel Telles. On Tuesday, Luiz Marinho questioned where the

“compliances” of Americanas were, meaning the company’s

good management and governance practices. “So this is the

moment for us to question certain values of the so-called mar-

ket, which claims to be the voice of reason. It sets rules here

and there, yet the sacred rule was not observed: taking care of

the health of a company with 1,790 stores across Brazil and

44,000 workers,” he said. The Minister of Labor also argued

that Americanas “may default on the Brazilian state, may de-

fault on creditors, on those who acted in good faith. And he

added that the ‘smart operators probably have no problems.’

‘Those in charge probably already got away,’ he said. “The

shareholders will probably be able to enrich themselves, it is

possible that they already have. The controllers, right. The

minority shareholders, poor them, are in the same situation as

the workers,” he concluded.

A.3 FrameNews-PT and NPR analysis

For the NPR dataset, the average number of words
in article titles is 14.9 ± 3.6, while the average
number of words in article bodies is 471.7± 391.9
(Lucas et al., 2023). Table 3 shows the most fre-
quent topics in NPR and FrameNews-PT.

A.4 Expenses

We spent 96 dollars for evaluating ChatGPT-4o
with the OpenAI API (3 prompt templates x 6,214
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id FrameNews-PT NPR
0 presidente, lula, bolsonaro, governo, ex, feira, nesta,

petrobras, conselho, pt
lula, presidente, governo, ex, petrobras, conselho, feira,
ministro, cargo, nesta

1 governo, haddad, sobre, fiscal, tributária, imposto, vai,
ministro, câmara, texto

bolsonaro, presidente, federal, atos, stf, tribunal, ex, min-
istro, república, justiça

2 federal, atos, stf, tribunal, prisão, justiça, torres, ministro,
polícia, pf

governo, haddad, fiscal, sobre, tributária, proposta, câ-
mara, regra, ministro, imposto

3 mínimo, bilhões, inflação, salário, 2023, pib, governo,
valor, anno, tesouro

juros, taxa, brasil, tesouro, dívidas, bancos, milhões,
bilhões, inss, estados

4 dívidas, bancos, tesouro, milhões, bilhões, empréstimos,
governo, juros, estados, taxa

café, rural, vídeos, bacalhau, globo, produtos, soja, onde,
vem, produção

5 empresa, petrobras, bahia, companhia, vendas, marca,
varejo, ford, refinaria, unilever

empresa, petrobras, bahia, companhia, vendas, marca,
ford, varejo, refinaria, bilhões

6 rural, bacalhau, globo, vídeos, soja, produtos, saiba,
água, assistidos, café

mínimo, inflação, salário, bilhões, 2023, pib, governo,
anno, reajuste, família

7 brasil, auxílio, divórcios, mulheres, milhões, número,
julho, ativos, datafolha, analisa

microsoft, internet, telemarketing, explorer, uso, blo-
queadores, partir, clienti, codice, applicazione

8 microsoft, telemarketing, internet, explorer, ataque,
clientes, secretaria, código, aplicativo, partir

crédito, cartão, americanas, causas, trabalho, bancos,
linha, trabalhadores, diagnóstico, câmbio

Table 3: Comparison between top topics in FramesNews-PT and NPR, detected with BERTopic (Grootendorst,
2022). Topics: politics, economics, justice, production, companies, technology, social support.

= 18,642 prompts). We paid 445 euros for each
annotator to annotate the 300 examples in 27 hours
of work.

A.5 Prompt templates

### PROMPT:
"{content}"

### TASK:
Classify the PROMPT above into exactly ONE of

these frame categories:

"1" Economic
"2" Capacity and resources
"3" Morality
"4" Fairness and equality
"5" Legality, Constitutionality, Jurisdiction
"6" Crime and punishment
"7" Security and defense
"8" Health and safety
"9" Quality of life
"10" Cultural identity
"11" Public opinion
"12" Political
"13" Policy prescription and evaluation
"14" External regulation and reputation
"15" Other

### CLASSIFICATION GUIDELINES:

{guidelines}

Base your answer only on the PROMPT and the
guidelines provided above. Answer as a
single number ("1", ..., "15") corresponding
to the most appropriate category.

### ANSWER:

Listing 1: Prompt template without guidelines: zero1

### CLASSIFICATION GUIDELINES:

{guidelines}

### PROMPT:
"{content}"

### TASK:
Classify the PROMPT above into exactly ONE of

the categories below.
"1" Economic
"2" Capacity and resources
"3" Morality
"4" Fairness and equality
"5" Legality, Constitutionality, Jurisdiction
"6" Crime and punishment
"7" Security and defense
"8" Health and safety
"9" Quality of life
"10" Cultural identity
"11" Public opinion
"12" Political
"13" Policy prescription and evaluation
"14" External regulation and reputation
"15" Other

Answer as a single number ("1",..., "15")
corresponding to the most appropriate
category.

### ANSWER:

Listing 2: Prompt template with guidelines: The
guidelines can be found in the github link.

A.6 Description of frames
Here we provide the descriptions of frames in our guidelines.
The full guidelines are provided in the repository.

1. Economic: The costs, benefits, or any monetary/fi-
nancial implications of the issue (to an individual, family,
organization, community or to the economy as a whole). Can
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include the effect of policy issues on trade, markets, wages,
employment or unemployment, viability of specific industries
or businesses, implications of taxes or tax breaks, financial
incentives, etc.

2. Capacity and resources: The lack or availability
of resources (time, physical, geographical, space, human, and
financial resources). The capacity of existing systems and
resources to carry out policy goals. The easiest way to think
about it is in terms of there being "not enough" or “enough” of
something. The capacity or resources may be an impediment
to solving a problem or adequately addressing an issue.

3. Morality: Any perspective that is compelled by re-
ligious doctrine or interpretation, duty, honor, righteousness
or any other sense of ethics or social or personal responsibil-
ity. It is sometimes presented from a religious perspective
(i.e. “eye for an eye”), but non-religious frames can also be
used. For example, the moral imperatives to help others can be
used to justify military intervention or foreign aid, social pro-
grams such as Medicare, welfare, and food stamps. Appeals
that a policy move “is just the right thing to do” or “would
indicate a recognition of our shared humanity” may reflect
humanist morality. The commitment aspect of marriage would
evoke feelings of morality. Environmental arguments that fo-
cus on responsible stewardship or “leaving something for our
children” are based in a sense of responsibility or morality.
Lawbreakers, including illegal immigrants, can be presented
as fundamentally immoral, conversely breaking a law that is
bad or unjust can be presented as moral (e.g., Rosa Parks). En-
acting protective legislation, such as laws that protect children
from pedophiles, guns, violence, poverty, or failure to do so
can also be presented using moral frames.

4. Fairness and equality: The fairness, equality or in-
equality with which laws, punishment, rewards, and resources
are applied or distributed among individuals or groups. Also
the balance between the rights or interests of one individual
or group compared to another individual or group. Fairness
and Equality frame signals often focus on whether society and
its laws are equally distributed and enforced across regions,
race, gender, economic class, etc. Many gender and race
issues, in particular, include equal pay, access to resources
such as education, healthcare and housing. Another example
could be fairness considerations about whether punishments
are proportional to crimes committed. The frame is also used
when discussing social justice, discrimination and talk of an
inmate’s innocence or exogeneration.

5. Legality, Constitutionality, Jurisdiction: The
legal, constitutional, or jurisdictional aspects of an issue. Legal
aspects include existinglaws, reasoning on fundamental rights
and court cases; constitutional aspects include all discussion
of constitutional interpretation and/or potential revisions; ju-
risdiction includes any discussion of which government body
should be in charge of a policy decision and/or the appropriate
scope of a body’s policy reach. This frame deals specifically
with the authority of government to regulate, and the authority
of individuals/corporations to act independently of govern-
ment. Of special note are constraints imposed on freedoms
granted to individuals, government, and corporations via the
Constitution, Bill of Rights and other amendments. Some
frequent arguments and issues are: i) the right to bear arms; ii)
equal protection; iii) free speech and expression; iv) the con-
stitutionality of restricting individual freedoms and imposing
taxes; v) conflicts between state, local or federal regulation
and authority, or between different branches of government;
vi) legal documentation (green card, visas, passports, driver
licenses, marriage license, etc.).

6. Crime and punishment: The violation of policies
and its consequences. It includes enforcement and interpre-

tation of civil and criminal laws, sentencing and punishment
with retribution or sanctions. This frame includes: i) depor-
tation when an individual does not have the necessary docu-
ments that grant legal standing; ii) increases or reductions in
crime; iii) punishment and execution; iv) resources analysis
like DNA analysis. Usually found together with other frames,
such as Economic, Legality, constitutionality and jurisdiction,
Morality, and Capacity and resources. The primary frame
should be chosen according to where the emphasis is.

7. Security and defense: Any threat to a person,
group, or nation, or any defense that needs to be taken to avoid
that threat. Security and Defense frames differ from Health
and Safety frames in that Security and Defense frames address
a preemptive action to stop a threat from occurring, whereas
Health and Safety frames address steps taken to ensure safety
in the event that something happens. It can include efforts to
build a border fence or “secure the borders,” issues of national
security including resource security, efforts of individuals to
secure homes, neighborhoods or schools, and efforts such as
guards and metal detectors that would defend children from a
possible threat. Discussion regarding terrorist activity should
be coded as Security and Defense (e.g. arrests of terrorists, im-
migrants linked to terrorism activity, increased border security
to prevent terrorism). Arrests at the border will receive both a
Crime and Punishment and Security and Defense frame but
the primary frame would be Security and Defense since the
action is taking place on the border. All terrorist attacks are
coded as Security and Defense, but attention should be paid
to potential criminal, legal, or any other aspects and double
coded accordingly.

8. Health and safety: The potential health and safety
outcomes of any policy issue (e.g. health care access and
effectiveness, illness, disease, sanitation, carnage, obesity,
mental health infrastructure and building safety). Also policies
taken to ensure safety in case of a tragedy would fit under this
(e.g. emergency preparedness kits, lock down training in
schools, disaster awareness classes for teachers). It includes
any discussion of the various capital punishment methods
and procedures and any mentions of refugees. Often used in
conjunction with Quality of Life.

9. Quality of life: The benefits and costs of any policy
on quality of life. The effects of a policy on people’s wealth,
mobility, access to resources, happiness, social structures,
ease of day-to-day routines, quality of community life, etc. It
includes any mention of people receiving generic “benefits”,
adoptions, and weddings. Often used in conjunction with
Health and Safety.

10. Cultural identity: The social norms, trends, values
and customs constituting any culture(s). It includes: i) lan-
guage issues and language learning; ii) patriotism and national
traditions, the history of an issue or the significance of an issue
within a group or subculture; iii) census and demographics; iv)
cultural shifts in a group or society; v) cultural norms of ethnic
and political groups. May also include stereotypes or assumed
preferences and reactions of a group (e.g., an affinity for Re-
publicans to wear cowboy hats); vi) references and quotations
of famous people like politicians, leaders or representatives of
a subculture.

11. Public opinion: The opinion of the general pub-
lic. It includes references to general social attitudes, protests,
polling and demographic information, as well as any public
passage of a proposition or law (i.e. “California voters passed
Prop 8”). All the opinions that represent the sentiment of a
group will be coded as Public opinion. However, a group of
experts in a particular domain gets coded according to their
domain (e.g. police officers in Crime and Punishment, or
climate scientists in Capacity and Resources).
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12. Political: In general, any political considerations sur-
rounding an issue. It includes political actions, maneuvering,
efforts or stances towards an issue (e.g. partisan filibusters,
lobbyist involvement, deal-making and vote trading), mentions
of political entities or parties (e.g., Democrats, Republicans,
Libertarians, Green Party). When a headline mentions “both
sides” this refers to politics.

13. Policy prescription and evaluation: The anal-
ysis of whether hypothetical policies will work or existing
policies are effective. What is/isn’t currently allowed and
what should/shouldn’t be done? “Policy” encompasses formal
government regulation (e.g., federal or state laws) as well as
regulation by businesses (e.g., sports arenas not allowing the
sale of alcohol). This frame dimension—perhaps more than
any other—is likely to appear frequently across texts. Yet care
should be given to only use this code category as the primary
frame when the main thrust of an article is really about pol-
icy, for example when it describes the success and failure of
existing policies or proposes policy solutions to a problem.

14. External regulation and reputation: In gen-
eral, the country’s external relations with another nation; the
external relations of a state with another.This frame includes:
i) trade agreements and outcomes; ii) comparisons of pol-
icy outcomes between different groups or regions; iii) the
perception of one nation, state, and/or group byanother (for
example, international criticisms of the United States main-
taining capital punishment); iv) border relations, interstate or
international efforts to achieve policy goals; v) alliances or
disputes between groups.

15. Other: Any frame signal that does not fit in the first
14 dimensions.

A.7 Further results

Figure 8: Confusion matrix of the best prompt and best
model (chatGPT-4o) in comparison with annotator 1.
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Model Global F1 F1 (ann 1) F1 (ann 2) Accuracy

gpt-4o-2024-08-06 0.50 ±0.04 0.51 ±0.04 0.49 ±0.03 0.59 ±0.02

Qwen2.5-7B-Instruct 0.45 ±0.04 0.46 ±0.04 0.43 ±0.03 0.54 ±0.02

Llama-3.1-8B-Instruct 0.36 ±0.04 0.37 ±0.03 0.34 ±0.04 0.44 ±0.04

gemma-3-4b-it 0.35 ±0.03 0.36 ±0.02 0.34 ±0.04 0.43 ±0.02

Qwen2.5-1.5B-Instruct 0.29 ±0.09 0.30 ±0.09 0.28 ±0.08 0.41 ±0.08

Qwen2.5-3B-Instruct 0.33 ±0.08 0.34 ±0.08 0.32 ±0.07 0.40 ±0.07

Llama-3.2-3B-Instruct 0.11 ±0.07 0.12 ±0.06 0.10 ±0.07 0.26 ±0.06

Llama-3.2-1B-Instruct 0.16 ±0.02 0.17 ±0.02 0.15 ±0.02 0.24 ±0.03

(a) FrameNews-PT zero-shot results. We report F1 scores averaged on both annotators (global F1), against annotator 1 (ann1) and
annotator 2 (ann 2).

Model Global F1 Accuracy

gpt-4o-2024-08-06 0.47 ±0.01 0.46 ±0.01

Qwen2.5-7B-Instruct 0.39 ±0.02 0.40 ±0.01

Llama-3.1-8B-Instruct 0.35 ±0.02 0.37 ±0.02

gemma-3-4b-it 0.34 ±0.01 0.37 ±0.03

Qwen2.5-3B-Instruct 0.30 ±0.05 0.30 ±0.04

Llama-3.2-3B-Instruct 0.16 ±0.12 0.27 ±0.09

Qwen2.5-1.5B-Instruct 0.21 ±0.12 0.23 ±0.11

Llama-3.2-1B-Instruct 0.06 ±0.06 0.12 ±0.07

(b) MFC zero-shot results. We report scores against the gold label.

Table 4: Zero-shot results with generative models on both datasets. Accuracy is calculated by considering the output
as correct if it matches at least one annotation. The standard deviation is calculated based on the three prompt
templates used to evaluate each model. Best results are in bold.
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Abstract
Cross-lingual Extractive Question Answering (EQA)
extends standard EQA by requiring models to find
answers in passages written in languages different
from the questions. The Generalized Cross-Lingual
Transfer (G-XLT) task evaluates models’ zero-shot
ability to transfer question answering capabilities
across languages using only English training data.
While previous research has primarily focused on
scenarios where answers are always present, real-
world applications often encounter situations where
no answer exists within the given context. This
paper introduces an enhanced G-XLT task defini-
tion that explicitly handles unanswerable questions,
bridging a critical gap in current research. To ad-
dress this challenge, we present two new datasets:
miXQuAD and MLQA-IDK, which address both
answerable and unanswerable questions and respec-
tively cover 12 and 7 language pairs. Our study
evaluates state-of-the-art large language models us-
ing fine-tuning, parameter-efficient techniques, and
in-context learning approaches, revealing interesting
trade-offs between a smaller fine-tuned model’s per-
formance on answerable questions versus a larger
in-context learning model’s capability on unanswer-
able questions. We also examine language similarity
patterns based on model performance, finding align-
ments with known language families.1

1 Introduction

Extractive Question Answering (EQA) is the task
of finding text spans within given contexts that an-
swer given natural language questions. This field
was formalized with the Stanford Question An-
swering Dataset (SQuAD, Rajpurkar et al., 2016),
which set a key benchmark for EQA. Recent ad-
vances in large language models (LLMs, Brown
et al., 2020) have significantly improved EQA per-
formance, marking important progress in Natural
Language Understanding. Cross-lingual EQA is a
task where the question and its corresponding con-
text are presented in different languages2, address-
1The code and datasets are publicly available at https://gi
thub.com/NLU-BGU/Cross-Lingual-Extractive-Quest
ion-Answering-with-Unanswerable-Questions.

2This term is sometimes also used for referring to the case
where the training and test corpora are in different languages,
while in each of them the question and the context are in the
same language (Artetxe et al., 2020).

Figure 1: Illustration of Cross-lingual EQA task using
MiXQuAD examples. In these examples, questions are in
Spanish and contexts/answers are in English, demonstrating
both answerable and unanswerable cases. The English transla-
tion of each question is provided for reference.

ing a critical need in today’s globalized world. For
instance, an English-speaking user might need to
query content available only in Chinese or Arabic,
challenging the monolingual assumptions in tradi-
tional QA systems. Recent research has demon-
strated that EQA techniques can be effectively
applied to downstream tasks, showing promis-
ing results for example in zero-shot event extrac-
tion (Lyu et al., 2021) and summarization evalu-
ation (Deutsch et al., 2021; Durmus et al., 2020).
While these studies focused on English, their QA-
based approaches could naturally extend to cross-
lingual scenarios such as cross-lingual summariza-
tion (Wang et al., 2022) and cross-lingual event ex-
traction (Subburathinam et al., 2019). Lewis et al.
(2020) introduced the Generalized Cross-Lingual
Transfer (G-XLT) task, addressing cross-lingual
QA in the case where models are trained on En-
glish and evaluated on multiple language pairs, as-
suming that all questions are answerable. However,
the ability to identify when a question cannot be
answered is crucial for real-world applications.
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In this paper, we expand the G-XLT frame-
work by introducing unanswerable questions, as
illustrated in Figure 1. This extension reflects
real-world scenarios where answers may not ex-
ist within the given context. Our approach also
broadens the evaluation of Lewis et al. (2020), lim-
ited to encoder-based models, to include state-of-
the-art models, encompassing large language mod-
els (LLMs) and various transformer architectures,
providing a more comprehensive assessment of
cross-lingual QA capabilities. To address the limi-
tations in current datasets and to provide a robust
benchmark for this extended task, we have devel-
oped two test datasets: miXQuAD and MLQA-
IDK. The miXQuAD dataset combines elements
from SQuAD v2.0 and XQuAD (Rajpurkar et al.,
2018; Artetxe et al., 2020), integrating unanswer-
able questions into a multilingual framework. It
covers 12 languages and includes a total of 2,072
examples per language, balancing answerable and
unanswerable questions. The MLQA-IDK dataset,
derived from MLQA (Lewis et al., 2020), specifi-
cally focuses on cross-lingual unanswerability, cov-
ering 7 language pairs and employing techniques
such as antonym and entity augmentation to gener-
ate unanswerable questions.

Our cross-lingual QA analysis reveals a trade-off
between fine-tuned small models and large models
with in-context learning: mT5-large (1.2B param-
eters) with fine-tuning excelled at detecting unan-
swerable questions, while AYA-101 (13B parame-
ters) with hint prompting, where the unanswerabil-
ity option is mentioned in the prompt, performed
better on answerable questions. Hint prompting
significantly improved unanswerable question de-
tection across models while maintaining perfor-
mance on answerable questions. Fine-tuned AYA-
101 achieved the best performance, outperform-
ing both its regular prompt version and mT5-large
across both answerable and unanswerable ques-
tions. Out-of-domain testing on MLQA-IDK and
open-domain evaluation on XTREME-UP (Ruder
et al., 2023) demonstrate model robustness across
diverse QA scenarios, including low-resource lan-
guages.

We also examine the dependence of the results
on the specific languages and on linguistic rela-
tionships. First, comparing between cases where
the question is in English (English-Questions) to
those where the context is in English (English-
Contexts), we observe that models performed bet-
ter when contexts are in English, indicating that

processing questions in various languages while
keeping English contexts is more manageable. Sec-
ond, language clustering analysis revealed three
groups that align to some extent with language
typology—suggesting linguistic relationships influ-
ence model behavior.

In an advanced analysis, we examine
answerability-related error patterns, test the
models’ reliance on parametric knowledge, and
explore their uncertainty in the different types
of prediction. In particular, we observe that hint
prompting reduces uncertainty when classifying
unanswerable questions, while fine-tuning im-
proves overall certainty but reduces the confidence
gap between correct and incorrect predictions.

Our main contributions are the following. First,
we expand the Generalized Cross-Lingual Transfer
(G-XLT) task to explicitly handle unanswerable
questions. Second, we introduce two novel test
sets, miXQuAD and MLQA-IDK for the extended
task. Third, through the analysis of state-of-the-art
models with varying architectures and parameter
sizes, we provide insights into performance pat-
terns and language dependency, and reveal trade-
offs between model size and training approaches,
advancing cross-lingual QA understanding.

2 Related Work

2.1 Extractive Question Answering

EQA is a fundamental Natural Language Under-
standing (NLU) task that involves identifying and
extracting answer spans from a given context in
response to natural language questions. This task
serves as a critical benchmark in evaluating ma-
chine reading comprehension capabilities (Wang
et al., 2018). Initially, EQA research focused
primarily on monolingual settings, with SQuAD
(Rajpurkar et al., 2016) establishing foundational
benchmarks through English Wikipedia-derived
question-answer pairs. The introduction of BERT
(Devlin et al., 2019) marked a significant advance-
ment through its use of bidirectional transform-
ers, though early development remained largely
English-centric, with other language datasets often
being SQuAD translations such as Arabic (Mozan-
nar et al., 2019) and Spanish (Carrino et al., 2020).

2.2 Evolution of Cross-lingual QA

The development of QA in multiple languages
has followed two main strategies: fine-tuning ex-
isting models for new languages and developing
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zero-shot transfer capabilities across languages.
Datasets like XQuAD (Artetxe et al., 2020), Ty-
DiQA (Clark et al., 2020), and XTREME (Hu
et al., 2020) have facilitated this research through
multilingual question-answer pairs. The Multilin-
gual Transfer (XLT) task, introduced with MLQA
(Lewis et al., 2020), pioneered generalization from
English-trained models to other languages, where
questions and contexts are in the same language.
Its extension, the G-XLT task, formalized cross-
lingual QA by requiring models trained solely on
English data to handle questions and contexts in
different languages. Recent work has explored
retrieval-augmented approaches to address cross-
lingual challenges. Cross-lingual QA has also been
studied in open-domain QA, where document re-
trieval is required before answering the question.
In particular, XOR-TyDi QA (Asai et al., 2020) re-
vealed severe performance drops when answers ex-
ist only in foreign-language documents, requiring
retrieval across massive multilingual corpora. More
recently, Ranaldi et al. (2025) demonstrated that
multilingual RAG systems face unique difficulties
when retrieved documents span multiple languages,
with performance degrading when models must
integrate information across linguistic boundaries.
However, all these frameworks assumed questions
were answerable. We extend the G-XLT frame-
work to address this gap by introducing two com-
plementary benchmarks: miXQuAD and MLQA-
IDK, providing evaluation capabilities across mul-
tiple languages with explicit no-answer detection.
We also explore the adaptability of our study to
open-domain settings in Section 5.4.

2.3 No Answer Importance

The ability to identify unanswerable questions
is critical in real-world applications, with NQ
(Kwiatkowski et al., 2019) showing that 51% of
real queries lack answers in their given context.
While this challenge has been studied in English
monolingual settings, beginning with SQuAD v2.0
(Rajpurkar et al., 2018), research has shown that
even advanced language models struggle with this
task, often hallucinating plausible but incorrect an-
swers (Slobodkin et al., 2023). English-focused
datasets like HotpotQA (Yang et al., 2018) and
MuSiQue (Trivedi et al., 2022) further demon-
strated this challenge through multi-document rea-
soning requirements, with MuSiQue introducing
contrast questions to increase evaluation rigor.
However, these existing datasets and research have

focused on monolingual settings, leaving a gap in
understanding how models perform on unanswer-
able questions in cross-lingual scenarios, which we
address in this paper.

3 Task, Dataset Creation And Structure

3.1 The Task
The task of Generalized Cross-Lingual EQA with
IDK is defined as follows. Given a training dataset
D = {(ci, qi, ai)}Ni=1, N ∈ N, where ci is a con-
text, qi is a question, ai is an answer, and all ele-
ments ci, qi, ai are in English, we aim to learn a
mapping:

f : (q ∈ Lq, c ∈ Lc)→
{
s ⊆ c if answer exists
IDK otherwise

where Lc and Lq are the context and question lan-
guages respectively, and Lc = Lq = English.

During evaluation, we consider two settings:
(i) English-Questions: where questions are in En-
glish and contexts are in other languages (Lq =
English, Lc ̸= English), and (ii) English-Contexts:
where contexts are in English and questions are in
other languages (Lc = English, Lq ̸= English).

3.2 Dataset Creation and Structure
To evaluate cross-lingual EQA capabilities, we
present two evaluation test sets: miXQuAD and
MLQA-IDK.

miXQuAD Creation The miXQuAD dataset
was created by combining XQuAD (which con-
tains questions and contexts in 12 languages) with
unanswerable questions from SQuAD v2.0. Since
XQuAD only includes answerable questions, we
enhanced it by identifying matching contexts in
SQuAD v2.0 that contained unanswerable ques-
tions and aligning these with the corresponding
XQuAD contexts across all languages. For the
English-Questions setting, we paired English unan-
swerable questions with contexts in each target lan-
guage. For the English-Contexts setting, we trans-
lated these unanswerable questions into the 11 non-
English languages. This design ensures no data
leakage, as XQuAD derives from SQuAD v2.0’s
dev set while models train exclusively on SQuAD
v2.0’s train set. The resulting miXQuAD dataset
contains 12 language-specific test sets available in
both English-Questions and English-Contexts con-
figurations. In the English-Questions setting, each
language maintains exactly 1,190 answerable and
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882 unanswerable examples (2,072 total). In the
English-Contexts setting, while answerable ques-
tions remain constant at 1,190, unanswerable ques-
tion counts vary by language as shown in Table 1.
The languages covered are English (en), Spanish
(es), German (de), Greek (el), Russian (ru), Turkish
(tr), Arabic (ar), Vietnamese (vi), Thai (th), Chi-
nese (zh), Hindi (hi), and Romanian (ro).

en ar es th de hi tr el ro vi ru zh

A 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K 1.2K
U .9K .7K .8K .6K .8K .8K .8K .8K .8K .8K .8K .7K
T 2.1K 1.9K 2.0K 1.8K 2.0K 2.0K 2.0K 2.0K 2.0K 2.0K 2.0K 1.9K

Table 1: miXQuAD English-Contexts statistics. A: answer-
able, U: unanswerable questions. T: total. Overall, there are
24,000 questions (14,400 answerable, 9,600 unanswerable)
across 12 languages.

MLQA-IDK Creation Starting from MLQA, a
cross-lingual dataset containing answerable ques-
tions, we extended it to include unanswerable cases
to create MLQA-IDK. Following techniques from
Gautam et al. (2023), we employed two primary
methods for generating unanswerable questions:
entity swapping and antonym substitution (exam-
ples shown in Figure 6, Appendix A). These meth-
ods create unanswerable questions by substituting
key information while preserving the overall struc-
ture and domain relevance of the original questions.
We generated the unanswerable questions in En-
glish to create the English-Questions setting, and
translated these questions into the other six lan-
guages to create the English-Contexts setting. Due
to MLQA’s incomplete overlap between questions
and contexts across languages, the amount of data
varies by language, as summarized in Table 2. The
dataset encompasses seven languages: English (en),
Spanish (es), German (de), Arabic (ar), Vietnamese
(vi), Chinese (zh), and Hindi (hi). Our quality as-
sessment of MLQA-IDK’s generated unanswerable
questions, performed by two of the authors on a
random sample of 100 questions, achieved 95%
inter-annotator agreement on both unanswerability
and well-formedness. The analysis revealed a 7%
noise rate, comparable to that reported in SQuAD
v2.0’s manual analysis (Rajpurkar et al., 2018).

ar de en es hi vi zh

A 5.3K 4.5K 11.6K 5.3K 4.9K 5.5K 5.1K
U 3.7K 3.2K 12.9K 3.7K 3.5K 4.0K 3.6K
T 9.1K 7.7K 24.5K 9.0K 8.4K 9.5K 8.8K

Table 2: MLQA-IDK dataset statistics. A: answerable, U:
unanswerable questions, T: total. Overall, there are 76.9K
questions (46.7K A, 30.2K U) across 7 languages.

Evaluating Machine Translation All transla-
tions were performed using the Google Translate
API. To ensure the accuracy of translations within
our dataset, we implemented a back-translation
strategy, as described in Lin et al. (2021). This
involved translating the questions from foreign
languages back into English. We then employed
Sentence-BERT (Reimers and Gurevych, 2019) to
generate embeddings for both the original and back-
translated English texts, subsequently computing
the cosine similarity between them. Only ques-
tions with a cosine similarity score above 0.75 were
retained. This stringent validation procedure, de-
picted in Figure 2, guarantees the reliability of our
dataset for evaluating the effectiveness of EQA
systems across language pairs. All the statistics
reported in this section, including those in Tables
1 and 2 concern the final versions of the corpora,
after validation.

Figure 2: Example of the back-translation strategy encoding
an Arabic sentence.

4 Methodology

All our experiments were conducted in a zero-shot
setting, where the training data (for fine-tuning)
and provided examples (for in-context learning)
are exclusively in English from the SQuAD v2.0
dataset. As detailed in Appendix B, we experi-
mented with a diverse set of models ranging from
168M to 13B parameters, using either fine-tuning
or in-context learning approaches depending on
model architecture and size.

4.1 Fine-Tuning Language Models

Our methodological framework centers on fine-
tuning state-of-the-art multilingual language mod-
els for EQA tasks. We employ two main fine-tuning
strategies to optimize model performance:

Fine-Tuning We conduct full fine-tuning on
smaller multilingual models including mBERT
(168M parameters), XLM-RoBERTa (279M pa-
rameters), mDeBERTa (276M parameters), and
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mT5-large (1.2B parameters). This approach al-
lows us to thoroughly adapt these models to the
specific requirements of cross-lingual EQA.

Parameter-Efficient Fine-Tuning For larger
models like AYA-101 (13B parameters) and AYA-
23 (8B parameters), we utilize two efficient fine-
tuning techniques: Low-Rank Adaptation (LoRA,
Hu et al., 2021) and Quantized LoRA (QLoRA,
Dettmers et al., 2024). LoRA enables efficient
training without fully retraining the model, while
QLoRA further reduces memory usage through
quantization. These methods are particularly valu-
able for fine-tuning large-scale LLMs while main-
taining computational efficiency.

4.2 In-Context Learning

In-context learning is a pivotal methodology in our
research for training models on EQA tasks, lever-
aging the model’s ability to learn from a few exam-
ples. For this approach, we employed several large
language models: GPT4-O-mini (8B parameters)
using OpenAI API, Gemma-2 (9B parameters),
Mistral-Nemo (12.2B parameters), AYA-101 (13B
parameters), BLOOMZ (7B parameters), and AYA-
23 (8B parameters). We adapted prompt formats
from Slobodkin et al. (2023) to the cross-lingual
case. For each prompt type, we used three differ-
ent variants of few-shot prompts, each containing
three examples (two answerable and one unanswer-
able), thus minimizing potential bias from specific
example selections.

As shown in Figure 3, our approach uses two
prompt families. The Question Answering fam-
ily includes Regular-Prompt, Hint-Prompt, and
Hint-Translate-Prompt, guiding models to provide
answers or identify when no answer exists. The
Hint-Prompt alerts models to potential answer ab-
sence, while Hint-Translate-Prompt adds a question
translation step. The Classification family, using
Answerability-Prompt, focuses solely on determin-
ing if sufficient information exists to answer the
question. To identify unanswerable questions, we
implemented pattern matching that includes varia-
tions of “unanswerable”, “no answer”, “unknown”,
“not enough information”, and similar phrases in
different contexts and formulations.

5 Results

5.1 Model Architecture and Training
Approach Effects

Our analysis primarily focuses on the English-
Questions setting, while a detailed discussion of
the English-Contexts setting is presented in Section
5.3.1.

Encoder-only architectures Early cross-lingual
EQA research relied heavily on encoder-only archi-
tectures. Table 3 reveals an intriguing characteristic
of these models: while mDeBERTa achieved the
best overall performance among encoders (63.64
F1), all three models exhibited remarkably strong
No Answer performance (76.18-86.06 F1) but
struggled significantly with answerable questions
(34.13-52.26 F1). This severe imbalance suggests
that encoder-only architectures excel at identifying
when questions cannot be answered from the given
context.

Model Avg Has Ans No Ans

mBERT 56.23 34.13 86.06
XLM-R 58.57 45.52 76.18
mDeBERTa 63.64 52.26 78.98

Table 3: F1 scores comparison of encoder-only models aver-
aged across all languages in miXQuAD English-Questions
setting. The bold scores represent the best performance for
each category.

5.2 Model Size and Training Approach Effect
Given the limitations of encoder-only models, we
focus on encoder-decoder and decoder-only archi-
tectures. Table 4 presents a comprehensive compar-
ison revealing several key patterns in cross-lingual
QA performance.

Hint prompting improves unanswerability de-
tection. Adding hints about potential unanswer-
ability substantially increased No Answer F1
scores across all models. AYA-101 improved from
35.16 to 54.74, while GPT4o-mini showed the most
dramatic increase from 4.97 to 60.23. Crucially,
this improvement maintained comparable answer-
able question performance (AYA-101: 67.86 vs.
66.71), suggesting that hint prompting helps mod-
els better calibrate confidence thresholds rather
than simply biasing toward ’unanswerable’ pre-
dictions.

Parameter count alone does not determine per-
formance. Despite having over 10× more param-
eters, AYA-101 (13B) with regular prompting un-
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Figure 3: Example prompts used to evaluate the in-context learning methodology.

derperformed mT5-large (1.2B)—64.03 vs. 53.94
Average F1—revealing complementary strengths
across architectures.3 AYA-101 excelled at an-
swer extraction (67.86 vs. 50.55 F1) while mT5-
large dominated unanswerability detection (82.20
vs. 54.74 F1). Only through fine-tuning did AYA-
101 achieve the best overall performance (81.23
F1), demonstrating that the training approach mat-
ters more than parameter count.

Verbosity correlates with poor task adaptation.
Answer verbosity appears to impact only untrained
large models. GPT4o-mini and Mistral-Nemo, both
large models without task-specific training, pro-
duced excessively verbose answers (6-9 words on
average) which likely contributed to their lower F1
scores through partial match penalties. In contrast,
all other models regardless of size maintained con-
cise responses similar to gold answer length (1-3
words), as detailed in Appendix G. This pattern
suggests that excessive verbosity is a symptom of
insufficient task adaptation rather than an inherent
characteristic of model size.

Translation-based prompting consistently un-
derperforms. Hint-translate prompting system-
atically underperformed standard hint prompting
across all models and languages. This degra-
dation was particularly severe for answerable
questions—GPT4o-mini dropped from 49.60 to
30.98 F1, while even well-performing models like
BLOOMZ showed similar patterns. The consis-
tency of this effect suggests that additional transla-

3Statistical significance was assessed using t-tests between
systems across all languages.

tion steps introduce systematic errors rather than
beneficial cross-lingual signals.

Model Avg Has Ans No Ans

mT5-large 64.03 50.55 82.20
Aya-101 53.94 67.86 35.16
+Hint 61.61 66.71 54.74
+Hint-translate 61.41 66.20 54.94
+Fine tuned 81.23 77.09 86.80

GPT4o-mini 28.90 46.65 4.97
+Hint 54.12 49.60 60.23
+Hint-translate 43.49 30.98 60.37

Aya-23 41.01 58.98 16.77
+Hint 48.56 56.87 37.36
+Hint-translate 47.10 54.12 37.63
+Fine tuned 53.36 50.65 59.02

BLOOMZ 41.57 42.33 40.56
+Hint 48.03 37.69 61.98
+Hint-translate 47.96 39.11 59.89

Gemma-2 30.63 34.87 24.91
+Hint 38.93 40.04 37.44
+Hint-translate 38.99 43.61 32.75

Mistral-Nemo 29.96 42.59 12.91
+Hint 50.96 43.86 60.54
+Hint-translate 48.39 42.50 56.33

Table 4: Average F1 scores by category on miXQuAD English-
Questions setting. The bold scores represent the best perfor-
mance for each category.

5.3 Language Dependency

5.3.1 English-Questions vs. English-Contexts
In the English-Contexts setting (Table 5), hint
prompting maintained its effectiveness across mod-
els. AYA-101 showed improvement from its reg-
ular prompt version. Similar enhancements were
observed in other models like BLOOMZ, Gemma-
2, and notably Mistral-Nemo. As shown in Fig-
ure 4, analyzing Average F1 scores across all
model variants (regular, hint, hint-translate, and
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Figure 4: Average F1 scores across languages for English-
Questions and English-Contexts settings. Each bar represents
the mean performance of all models and their variants (reg-
ular, hint, hint-translate, and fine-tuned) for each language,
comparing both experimental settings.

fine-tuned), models consistently performed better
in the English-Contexts setting compared to the
English-Questions setting. The gap is largest for
Asian languages (Thai: 47.56 vs. 31.91, Hindi:
51.81 vs. 29.03) and the performances are com-
parable for European languages (Spanish: 56.84
vs 56.89, German: 56.16 vs. 57.02). The data
suggests that processing questions in various lan-
guages while keeping English contexts is more
manageable than handling contexts in different lan-
guages. This pattern can be attributed to two key
factors: (1) questions generally have simpler lin-
guistic structures than full contexts, making them
easier to process across languages, and (2) answer
extraction in English (the training data language) is
more straightforward than in other languages. The
complete model-specific performance can be found
in Appendix B.

5.3.2 Language Similarity
The clustering methodology comprised two se-
quential phases, first applying K-Means clustering
(k=3) to each model’s F1 performance data across
has-answer, no-answer, and combined metrics,
then synthesizing results through a co-occurrence
matrix quantifying language pair clustering fre-
quency. Final consensus clusters were determined
using hierarchical clustering with Ward’s linkage
(Ward Jr, 1963). The analysis reveals three dis-
tinct clusters (Figure 5): (1) five Indo-European
languages (Russian, Romanian, Spanish, German,
English); (2) Vietnamese, Turkish, Arabic, and
Greek—languages from four different language

Model Avg Has Ans No Ans

mT5-large 72.38 70.99 74.24
Aya-101 70.30 81.07 55.77
+Hint 73.24 79.03 65.43
+Hint-translate 72.94 79.13 64.59
+Fine tuned 80.96 78.44 84.35

GPT4o-mini 17.34 26.40 5.12
+Hint 47.42 39.48 58.15
+Hint-translate 28.52 28.99 27.87

Aya-23 51.59 72.31 23.65
+Hint 57.28 70.31 39.69
+Hint-translate 55.53 69.58 36.56
+Fine tuned 63.07 68.03 56.38

BLOOMZ 52.14 53.57 50.22
+Hint 57.54 47.66 70.88
+Hint-translate 57.79 46.99 72.35

Gemma-2 47.75 61.07 29.79
+Hint 50.23 61.02 35.67
+Hint-translate 49.49 62.20 32.34

Mistral-Nemo 30.23 44.84 10.50
+Hint 51.77 36.38 72.53
+Hint-translate 49.79 37.97 65.73

Table 5: Average F1 scores by category on miXQuAD English-
Contexts setting. The bold scores represent the best perfor-
mance for each category.

Figure 5: Hierarchical clustering dendrogram of languages
based on consensus clustering across all models, using F1
scores averaged over has-answer and no-answer questions

families; and (3) Chinese, Hindi, and Thai, which
all use non-Latin scripts. The second cluster’s un-
expected grouping of unrelated languages suggests
that factors other than linguistic family relation-
ships determine model performance patterns in
cross-lingual transfer.

5.4 Evaluating Model Robustness
We evaluated model robustness using MLQA-IDK
beyond their original training domain. Since all
models were trained on SQuAD v2.0 or received
examples from it during in-context learning, this
dataset provides insight into their ability to gen-
eralize to unseen data sources. Results, shown in
Table 6, confirm that hint prompting improves per-
formance across models, particularly for unanswer-
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able questions, while fine-tuned AYA-101 main-
tains performance on unseen data, achieving 69.96
F1 and 76.23 F1 in English-Questions and English-
Contexts respectively.

We examined model adaptability to open-
domain question answering using XTREME-UP

QA (Ruder et al., 2023), which includes Arabic,
Finnish, Japanese, Korean, Russian, and 26 low-
resource Indic languages. This dataset pairs ques-
tions with gold paragraphs for evaluation of answer
extraction capabilities in multilingual settings. Re-
sults are in Table 16 (Appendix F). In this case too,
hint prompting enhanced performance on unan-
swerable questions, improving the ability to clas-
sify cases where no answer exists in the provided
context. We also observe that fine-tuning AYA-101
improved performance on unanswerable questions.
The inclusion of XTREME-UP emphasizes evalu-
ation in open-domain QA settings, particularly in
low-resource language contexts.

6 Advanced Analysis

6.1 Error Pattern Analysis

We conducted a detailed analysis of models’ perfor-
mance as binary classifiers for question answerabil-
ity across different prompting strategies. Two main
approaches were evaluated: Hint-Prompt, which
explicitly warns about potential unanswerable ques-
tions, and Answerability-Prompt, which focuses
solely on determining answerability. As shown in
Table 7, our analysis reveals a consistent trade-off
across models. Hint-Prompt achieves higher recall
on answerable questions but moderate recall on
unanswerable ones, while Answerability-Prompt
shows the opposite pattern. For example, AYA-101
with Hint-Prompt achieves 0.929/0.601 recall (an-
swerable/unanswerable) compared to 0.706/0.849
with Answerability-Prompt. These patterns suggest
that the choice between prompting strategies de-
pends on whether correctly identifying answerable
questions or detecting unanswerable ones is more
critical for the specific application.

6.2 Testing Models’ Reliance on Parametric
Knowledge

Parametric knowledge refers to information stored
in the model’s parameters during pre-training that
can be accessed without external context. To eval-
uate the extent of this knowledge in our models,
we conducted two experiments. First, using reg-
ular prompts, we evaluated answerable questions

without their corresponding contexts. All models
showed performance drops when context was re-
moved, with AYA-101’s average F1 score falling
from 73.23 to 2.63 (see in Appendix D). To further
validate these findings on truly unseen data, we
evaluated our models on repliQA-Trans, which was
created after all models’ pre-training by translating
500 answerable questions from RepliQA (Mon-
teiro et al., 2024) into 11 languages using our val-
idated machine translation pipeline ( Section 3.2).
The results show that Gemma-2 achieved the high-
est average performance (87.37 F1), followed by
fine-tuned AYA-101 (81.87 F1) and AYA-23 (80.14
F1). The complete language-specific results are pre-
sented in Appendix E, demonstrating that models
maintain performance even on post-training data.

6.3 Uncertainty Estimation

We analyzed model confidence in cross-lingual QA
using the Claim Conditioned Probability method
from Vashurin et al. (2025). This white-box method
estimates uncertainty based on the probability of
the predicted answer conditioned on the input us-
ing the model’s internal logits. The evaluation in-
cluded six models: AYA-23, AYA-101, BLOOMZ,
and a fine-tuned variant of AYA-101, evaluated
on the miXQuAD dataset. Building on our find-
ings that hint prompting improves unanswerable
question classification, we observe two key results:
hint prompting reduces uncertainty when classi-
fying unanswerable questions compared to reg-
ular prompting, aligning with the improved per-
formance on "No answer" cases in our F1 eval-
uations (Section 5.2). Additionally, while fine-
tuning improves overall model certainty, it reduces
the confidence gap between correct and incorrect
predictions—fine-tuned models show lower uncer-
tainty overall but lose the ability to distinguish
between confidence levels for right versus wrong
answers compared to non-fine-tuned models. De-
tailed uncertainty scores and calibration analysis
are in Appendix H.

7 Conclusion

Our study advances cross-lingual EQA through sev-
eral key findings. Fine-tuning large language mod-
els proved most effective, with AYA-101 outper-
forming both smaller fine-tuned models and large
models using in-context learning. Hint prompting
enhanced unanswerable question detection without
compromising answerable performance. Models
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English-Questions English-Contexts

Model Average Has Ans No Ans Average Has Ans No Ans

mT5-large 51.24 44.50 70.79 65.66 66.72 64.57
Aya-101 48.47 57.50 37.09 59.69 76.11 37.89
+Hint 52.68 56.08 48.50 65.42 73.91 54.08
+Hint-translate 52.44 55.62 48.61 65.20 73.95 53.52
+Fine tuned 69.96 62.05 81.02 76.23 76.43 75.88

GPT4o-mini 25.47 40.37 6.51 16.30 26.59 3.84
+Hint 47.20 41.87 55.41 41.52 37.79 47.50
+Hint-translate 40.99 27.91 59.42 27.55 29.67 24.59

Aya-23 36.71 56.35 11.38 49.26 73.43 17.52
+Hint 42.78 53.28 29.83 52.96 70.72 29.75
+Hint-translate 41.49 51.89 28.79 51.28 69.91 26.94
+Fine tuned 43.41 42.69 44.98 56.35 61.89 49.09

BLOOMZ 43.01 55.01 27.79 54.58 71.66 32.15
+Hint 46.42 48.18 44.83 57.79 65.28 48.05
+Hint-translate 46.77 51.89 40.40 57.94 65.22 48.49

Gemma-2 27.31 37.54 14.87 42.17 59.42 19.79
+Hint 33.11 41.13 24.00 43.09 59.54 22.07
+Hint-translate 32.65 43.98 19.08 42.87 61.20 19.38

Mistral-Nemo 29.43 41.85 13.81 30.64 45.14 12.08
+Hint 45.60 39.06 55.43 47.69 35.29 65.76
+Hint-translate 44.43 38.93 52.75 47.11 36.38 62.81

Table 6: Average F1 scores by category on MLQA-IDK comparing English-Questions and English-Contexts settings. The bold
scores represent the best performance for each category.

H-Prompt Answerability

Model HA NA HA NA
P R P R P R P R

AYA-23 .67 .94 .83 .39 .75 .83 .73 .62
BLOOMZ .73 .65 .59 .66 .64 .83 .61 .36
AYA-101 .76 .93 .86 .60 .86 .71 .68 .85
GPT4-O .76 .94 .88 .59 .90 .71 .69 .89
Gemma-2 .66 .90 .72 .37 .74 .61 .58 .71
M-Nemo .75 .76 .67 .67 .89 .35 .52 .94

Table 7: Precision (P) and Recall (R) metrics averaged across
MiXQuAD test sets for question answerability. Acronyms:
HA (Has Answer), NA (No Answer), H-Prompt (Hint-
Prompt), M-Nemo (Mistral-Nemo), GPT4-O (GPT4o-mini).

showed better performance with English contexts
versus English questions. Performance patterns
aligned to some extent with traditional language
families, indicating the influence of linguistic re-
lationships. Our study also suggests that models
rely on contextual understanding rather than mem-
orized knowledge. These findings support devel-
oping more effective cross-lingual EQA systems
across diverse languages.

Limitations

This work evaluated scenarios where one language
is English, leaving unexplored the model’s capabil-
ity to handle question-answer pairs between two
non-English languages. While our study focuses
on datasets derived from SQuAD and MLQA, fu-
ture research should explore cases of longer con-

texts and more complex reasoning, such as in the
monolingual HotpotQA dataset. Additionally, for
the use of prompting with LLMs, we only consid-
ered few-shot prompting with English examples.
Future work could explore instruction-only prompt-
ing, where no examples are provided.
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A Examples of Unanswerable Questions

Figure 6 shows examples of our unanswerable ques-
tions generation methods: entity swapping (ques-
tions 1-2) and antonym substitution (question 3).

B Additional Details of Models

Table 8 provides a comprehensive overview of the
transformer models used in our experiments, in-
cluding their architectures, parameter counts, and
adaptation methods.

C Model Performance on Different
Settings

In this section, we present detailed performance
results across different experimental settings. Ta-
bles 9 and 10 show the full results on miXQuAD
English-Questions and English-Contexts settings,
respectively. While Tables 11 and 12 show results
on MLQA-IDK English-Questions and English-
Contexts settings, respectively.

D Analysis of Context Dependency

To investigate how models leverage contextual in-
formation versus parametric knowledge, we com-
pare performance with and without providing the

context passage. Our analysis examines the mod-
els’ performance across different languages and
question types when contextual information is in-
troduced. Table 13 demonstrates the substantial
performance improvements observed when contex-
tual information is provided.

E Performance on Post-Training Data

To validate our findings on truly unseen data, we
evaluate performance on repliQA-Trans, created
after model pre-training. Table 14 shows Has An-
swer F1 scores across all languages, demonstrating
the models’ ability to generalize to new content.

F Performance on Open-Domain Data

We evaluated our models as answer extraction
components for open-domain QA systems using
XTREME-UP QA’s reading comprehension data
(Ruder et al., 2023), where questions are paired
with gold paragraphs. Table 16 shows detailed per-
formance across languages, while the full dataset
statistics can be found in Table 15, demonstrat-
ing the models’ effectiveness at extracting answers
from retrieved documents.

G Answer Length Analysis

To analyze the verbosity of model responses, we
compared the average number of words in model
predictions with gold answers across different set-
tings. Table 17 presents this analysis for both
MiXQuAD and MLQA-IDK datasets in English-
Questions and English-Contexts settings. Notably,
larger models like GPT4o-mini and Mistral-Nemo
tend to produce longer answers, with averages up to
3 times the length of gold answers in some settings.

H Uncertainty Estimation Analysis

This section provides detailed results from our un-
certainty estimation analysis using the Claim Con-
ditioned Probability method. The uncertainty score
is calculated as:

Uncertainty = logP (claim|input) (1)

where P (claim|input) is the probability of the
model’s predicted answer (claim) given the input
question and context. This method leverages the
model’s internal logits to estimate confidence in
the prediction.

Table 18 presents uncertainty scores for correctly
classified unanswerable questions across different
models and prompting strategies.
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Context:
As of 2005, recombinant growth hormones available in the United States (and their manufacturers)
included Nutropin (Genentech), Humatrope (Lilly), Genotropin (Pfizer), Norditropin (Novo),
and Saizen (Merck Serono). In 2006, the U.S. Food and Drug Administration (FDA) approved
a version of rHGH called Omnitrope (Sandoz). A sustained-release form of growth hormone,
Nutropin Depot (Genentech and Alkermes) was approved by the FDA in 1999, allowing for
fewer injections (every 2 or 4 weeks instead of daily); however, the product was discontinued by
Genentech/Alkermes in 2004 for financial reasons.

Unanswerable Questions:

1. [Entity Swap] What company manufactured the first Genotropin approved rHGH?

2. [Entity Swap] What company manufactured the first FDA approved Omnitrope?

3. [Antonym] What company manufactured the last FDA approved rHGH?

Figure 6: Example of unanswerable questions from MLQA-IDK. While the questions appear answerable and are related to the
context, they require information beyond what is provided in the passage.

Model Arch Params FT ICL
mBERT (Devlin et al., 2019) E 168M ✓ x
XLM-RoBERTa (Conneau et al., 2020) E 279M ✓ x
mDeBERTa (He et al., 2020) E 276M ✓ x
mT5-large (Xue et al., 2021) E-D 1.2B ✓ x
GPT4o-mini (Hurst et al., 2024) D 8B x ✓
Gemma-2 (Team et al., 2024) D 9B x ✓
Mistral-Nemo (Sreenivas et al., 2024) D 12.2B x ✓
AYA-101 (Üstün et al., 2024) E-D 13B ✓ ✓
BLOOMZ (Muennighoff et al., 2023) D 7B x ✓
Aya-23 (Aryabumi et al., 2024) D 8B ✓ ✓

Table 8: Overview of Transformer Models and Methodologies. Arch: Architecture (E: Encoder, D: Decoder); Params: Number
of parameters; FT: Fine-Tuning; ICL: In-Context Learning. FT and ICL represent our proposed methods for adapting models to
the G-XLT task. ✓ indicates the method was applied to the model.

The results demonstrate that hint prompting con-
sistently reduces uncertainty (increases confidence)
when correctly classifying unanswerable questions
across most models. Notably, hint prompting also
increases the number of correctly classified unan-
swerable instances, supporting our main findings
about improved performance on "No answer" cases.
Table 19 compares uncertainty scores between cor-
rect and incorrect predictions to assess model cal-
ibration. Well-calibrated models should exhibit
higher confidence (lower uncertainty) for correct
predictions compared to incorrect ones.

I Hyperparameters

All experiments were conducted using NVIDIA
RTX 6000 Ada GPUs for LLMs (AYA-101, AYA-
23, BLOOMZ) and RTX 4090 GPUs for encoder-
only models (mBERT, XLM-RoBERTa, mDe-
BERTa) and mT5-large.

I.1 Encoder-Only Models
For fine-tuning the encoder-only models mBERT4,
XLM-RoBERTa5, and mDeBERTa6, we utilized a
4https://huggingface.co/bert-base-multilingual-c
ased

5https://huggingface.co/xlm-roberta-base
6https://huggingface.co/microsoft/mdeberta-v3-b
ase
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Category Model\Language ar es th de hi tr el ro vi en ru zh Avg

Av
er

ag
e

mT5-large 52.64 72.72 59.29 70.78 57.70 63.35 56.06 72.26 63.96 84.19 56.97 58.40 64.03
AYA-101 51.85 63.35 26.63 66.77 25.12 55.45 58.83 63.40 58.55 74.23 52.89 50.23 53.94

+Hint 58.52 72.09 34.98 73.10 33.29 63.11 65.76 72.58 66.77 80.22 59.70 59.18 61.61
+Hint-translate 58.04 71.11 35.17 72.79 34.18 62.52 65.75 71.89 66.34 79.90 59.31 59.86 61.41
+Fine tuned 78.42 84.10 81.39 83.54 81.96 77.35 80.55 82.91 79.03 88.43 78.85 78.17 81.23

GPT4o-mini 31.82 34.56 9.80 37.61 6.75 30.80 34.30 31.70 38.56 40.22 28.97 21.76 28.90
+Hint 55.02 62.58 34.49 64.53 33.58 57.64 59.87 61.31 63.37 66.89 48.97 41.24 54.12
+Hint-translate 45.27 47.27 32.69 50.80 28.30 43.93 47.93 45.20 52.00 60.84 35.21 32.44 43.49

Aya-23 40.71 51.58 13.03 53.13 14.66 43.68 40.20 50.23 48.40 65.76 38.49 32.23 41.01
+Hint 48.07 61.67 21.69 60.68 20.41 52.46 46.99 58.25 55.73 70.53 46.40 39.88 48.56
+Hint-translate 45.41 59.69 24.60 58.12 21.28 50.49 44.23 56.97 54.13 69.23 43.85 37.15 47.10
+Fine tuned 49.04 54.20 42.02 65.69 36.09 53.13 52.07 54.82 58.51 79.00 50.70 45.06 53.36

BLOOMZ 44.89 55.71 29.97 43.39 19.00 34.93 31.88 39.52 51.13 73.74 29.55 45.15 41.57
+Hint 50.54 60.39 38.83 50.35 24.37 42.99 40.80 46.03 55.63 77.17 38.37 50.88 48.03
+Hint-translate 50.81 61.25 38.61 50.17 22.77 42.93 40.86 45.80 55.94 77.10 38.39 50.87 47.96

Gemma-2 22.07 39.05 22.74 40.17 20.55 28.54 23.13 37.68 32.92 62.22 20.00 18.45 30.63
+Hint 32.21 49.80 29.55 49.80 27.57 38.04 31.06 46.67 43.70 62.08 29.85 26.85 38.93
+Hint-translate 31.02 50.39 28.00 50.01 26.65 39.89 30.44 47.41 44.98 60.50 31.42 27.16 38.99

Mistral-Nemo 22.32 33.57 11.70 40.15 12.90 29.50 26.82 38.21 37.32 59.15 27.78 20.06 29.96
+Hint 43.57 57.80 29.10 59.67 32.12 53.39 48.44 59.45 58.54 72.87 53.48 43.09 50.96
+Hint-translate 40.13 51.83 25.86 56.24 30.47 52.55 42.46 59.51 58.46 70.97 53.00 39.18 48.39

H
as

an
sw

er

mT5-large 30.15 66.28 43.90 62.05 37.95 51.65 36.85 65.47 52.88 82.89 35.32 41.26 50.55
AYA-101 74.76 81.59 24.65 81.35 20.62 71.11 78.40 81.66 77.68 85.35 74.24 62.90 67.86

+Hint 74.47 80.15 24.60 79.01 20.57 70.45 76.86 80.52 76.71 83.22 72.68 61.22 66.71
+Hint-translate 73.99 79.25 24.42 78.48 20.55 69.84 76.45 79.88 77.08 83.26 72.07 59.15 66.20
+Fine tuned 73.09 81.15 78.40 80.03 79.32 71.86 76.67 80.47 75.08 84.76 72.61 71.68 77.09

GPT4o-mini 51.53 58.70 17.06 56.24 11.75 51.60 58.80 54.40 56.25 64.14 49.81 29.49 46.65
+Hint 52.98 63.03 17.57 59.03 13.43 55.11 59.75 58.98 58.69 70.54 51.81 34.29 49.60
+Hint-translate 34.66 40.84 12.46 33.29 7.88 32.87 30.97 33.23 38.19 56.90 34.24 16.18 30.98

Aya-23 62.54 76.48 16.89 71.64 18.43 61.91 60.64 73.98 72.17 84.75 58.42 49.87 58.98
+Hint 60.64 71.52 16.70 67.75 18.64 58.88 59.97 70.47 68.78 83.22 57.14 48.76 56.87
+Hint-translate 56.62 70.20 16.14 66.52 17.75 56.67 53.45 68.65 66.34 83.43 51.48 42.14 54.12
+Fine tuned 52.68 67.74 4.07 61.78 6.76 55.63 57.05 65.38 65.92 77.13 56.76 36.94 50.65

BLOOMZ 61.01 61.56 3.89 46.93 20.17 20.59 15.82 40.74 73.54 83.55 21.23 58.90 42.33
+Hint 53.31 54.06 2.53 41.42 19.53 14.87 11.73 35.44 69.66 77.47 17.87 54.34 37.69
+Hint-translate 62.44 56.37 2.61 41.08 19.98 14.91 11.78 34.72 73.68 76.42 17.57 57.78 39.11

Gemma-2 16.40 45.61 17.79 51.35 16.64 39.19 26.05 43.90 40.85 74.89 21.45 24.28 34.87
+Hint 23.50 49.51 19.07 55.45 17.36 47.60 30.21 49.53 48.97 77.70 28.38 33.18 40.04
+Hint-translate 25.76 58.43 19.33 58.43 17.10 52.41 31.67 55.75 55.68 78.83 31.90 38.07 43.61

Mistral-Nemo 36.00 52.40 18.71 55.22 14.78 43.43 45.15 53.83 47.05 78.56 41.45 24.53 42.59
+Hint 41.29 56.06 19.13 56.31 14.97 45.60 52.93 54.44 40.30 75.17 44.71 25.38 43.86
+Hint-translate 44.25 53.35 18.02 50.53 13.61 46.61 47.98 51.62 39.80 73.88 42.38 27.97 42.50

N
o

an
sw

er

mT5-large 83.00 81.41 80.05 82.54 84.36 79.14 81.98 81.41 78.92 85.95 86.17 81.52 82.20
AYA-101 20.94 38.74 29.29 47.09 31.18 34.32 32.43 38.78 32.73 59.23 24.08 33.15 35.16

+Hint 37.00 61.23 48.98 65.12 50.46 53.22 50.80 61.87 53.37 76.16 42.18 56.43 54.74
+Hint-translate 36.51 60.13 49.66 65.12 52.57 52.65 51.33 61.12 51.86 75.36 42.11 60.81 54.94
+Fine tuned 85.61 88.06 85.42 88.29 85.53 84.77 85.79 86.21 84.36 93.39 87.27 86.93 86.80

GPT4o-mini 5.22 1.99 0.00 12.48 0.00 2.73 1.25 1.08 14.69 7.94 0.86 11.34 4.97
+Hint 57.77 61.97 57.32 71.94 60.78 61.06 60.04 64.46 69.68 61.97 45.13 50.63 60.23
+Hint-translate 59.59 55.96 59.98 74.44 55.84 58.85 70.81 61.34 70.64 66.16 36.51 54.37 60.37

Aya-23 11.27 17.99 7.83 28.16 9.57 19.09 12.63 18.18 16.33 40.14 11.61 8.43 16.77
+Hint 31.11 48.38 28.43 51.14 22.79 43.81 29.48 41.77 38.14 53.41 31.90 27.90 37.36
+Hint-translate 30.28 45.51 36.02 46.79 26.04 42.14 31.79 41.20 37.65 50.08 33.57 30.43 37.63
+Fine tuned 46.04 38.67 93.13 73.17 76.08 54.05 48.61 39.80 52.01 81.30 43.88 61.49 59.02

BLOOMZ 23.13 47.81 65.16 38.63 17.43 54.28 53.56 37.87 20.90 60.51 40.78 26.61 40.56
+Hint 46.79 68.94 87.80 62.40 30.88 80.92 80.01 60.32 36.70 76.76 66.03 46.23 61.98
+Hint-translate 35.11 67.84 87.19 62.44 26.54 80.73 80.09 60.74 32.02 78.01 66.48 41.54 59.89

Gemma-2 29.71 30.20 29.41 25.10 25.82 14.18 19.20 29.29 22.23 45.13 18.03 10.59 24.91
+Hint 43.96 50.19 43.69 42.18 41.35 25.14 32.20 42.82 36.59 41.01 31.83 18.30 37.44
+Hint-translate 38.10 39.54 39.69 38.67 39.54 22.98 28.77 36.17 30.54 35.76 30.77 12.44 32.75

Mistral-Nemo 3.86 8.17 2.23 19.81 10.36 10.70 2.08 17.13 24.19 32.96 9.34 14.03 12.91
+Hint 46.64 60.13 42.56 64.22 55.26 63.91 42.37 66.22 83.15 69.77 65.31 66.97 60.54
+Hint-translate 34.59 49.78 36.44 63.95 53.22 60.55 35.00 70.15 83.64 67.05 67.31 54.31 56.33

Table 9: F1 scores (averaged over 3 model seeds) across three categories (Average F1, Has answer F1, and No answer F1) on
miXQuAD, English-Questions across 12 language pairs. The best performance for each category and language appears in bold.

learning rate of 5e-5, a batch size of 12, and a max-
imum sequence length of 384. A document stride
of 128 was applied to handle overlapping text seg-
ments. Training was conducted over 2 epochs with
a weight decay of 0.01 using the AdamW optimizer.
The inputs were lowercased before processing to
ensure consistency.

I.2 mT5-large Fine-tuning

For fine-tuning the mT5-large model7 on SQuAD
2.0, we used a learning rate of 5e-5 and a training
batch size of 2. The model was trained for 5 epochs
with a maximum sequence length of 512. AdamW
was employed as the optimizer to facilitate effective
gradient updates during fine-tuning.

7https://huggingface.co/google/mt5-large
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Category Model\Language ar es th de hi tr el ro vi en ru zh Avg

Av
er
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e

mT5-large 66.29 76.19 71.35 75.19 69.72 69.83 72.41 74.71 65.92 84.19 73.77 68.96 72.38
AYA-101 61.68 68.03 69.26 74.73 69.68 71.86 70.71 72.43 69.81 74.23 71.65 69.52 70.30

+Hint 69.10 75.06 71.75 75.72 72.31 73.42 72.92 73.77 71.28 80.22 72.93 70.38 73.24
+Hint-translate 68.73 74.74 71.81 75.45 71.79 72.96 72.55 73.41 71.17 79.90 72.50 70.26 72.94
+Fine tuned 78.46 83.12 79.69 84.07 78.94 79.06 79.74 81.59 77.50 88.43 81.21 79.66 80.96

GPT4o-mini 9.66 13.74 22.22 17.57 13.65 18.49 12.01 14.87 17.80 40.22 12.57 15.33 17.34
+Hint 39.97 45.25 52.56 48.41 42.69 42.07 46.08 43.95 49.71 66.89 46.28 45.23 47.42
+Hint-translate 24.17 30.45 22.63 29.24 24.06 26.30 23.31 25.37 24.42 60.84 25.78 25.61 28.52

Aya-23 51.45 56.17 28.27 57.88 46.65 52.51 52.90 53.00 51.18 65.76 53.64 49.71 51.59
+Hint 56.41 62.27 34.52 64.28 52.31 57.60 58.51 59.30 57.05 70.53 59.65 54.89 57.28
+Hint-translate 54.38 59.67 35.03 62.62 50.10 55.82 56.52 57.88 54.90 69.23 57.82 52.33 55.53
+Fine tuned 62.53 65.57 43.52 68.50 58.22 61.33 64.78 57.88 62.19 78.90 65.65 67.75 63.07

BLOOMZ 56.19 63.78 33.02 51.88 57.45 41.25 40.04 38.32 59.42 73.74 48.46 62.16 52.14
+Hint 61.29 69.66 41.60 56.83 63.55 43.77 44.92 45.34 64.04 77.17 54.61 67.72 57.54
+Hint-translate 61.99 69.92 41.77 56.57 63.94 43.49 44.96 45.89 64.84 77.10 55.08 67.89 57.79

Gemma-2 50.66 48.81 50.20 47.84 45.09 38.74 49.66 43.66 46.13 62.22 48.93 41.09 47.75
+Hint 52.44 52.20 53.15 50.84 47.60 40.13 53.39 48.44 47.85 62.08 51.58 43.05 50.23
+Hint-translate 51.87 51.83 51.31 50.50 47.33 39.00 52.69 47.97 46.26 60.50 51.91 42.73 49.49

Mistral-Nemo 24.02 27.21 28.66 29.79 24.92 25.53 27.21 22.58 36.70 59.15 31.20 25.73 30.23
+Hint 50.21 51.20 50.24 51.69 46.06 47.12 49.74 47.05 50.92 72.87 53.67 50.47 51.77
+Hint-translate 49.99 48.71 46.24 49.68 41.92 44.67 47.25 44.81 50.36 70.97 53.28 49.54 49.79

H
as

an
sw

er

mT5-large 60.21 75.76 69.68 73.02 73.99 70.91 71.20 74.36 62.84 82.89 71.46 65.61 70.99
AYA-101 79.91 82.63 79.36 81.64 79.28 79.97 82.78 82.07 80.52 85.35 81.34 77.99 81.07

+Hint 77.46 80.09 77.98 79.34 77.58 77.84 81.55 80.37 78.50 83.22 79.02 75.37 79.03
+Hint-translate 77.56 79.96 78.23 79.61 77.51 77.94 81.65 80.30 78.59 83.26 79.29 75.66 79.13
+Fine tuned 73.84 80.29 77.52 82.35 77.64 77.18 76.76 80.25 75.60 84.76 77.45 77.69 78.44

GPT4o-mini 14.55 21.05 34.65 24.16 21.15 28.46 17.55 23.44 26.45 64.14 18.74 22.49 26.40
+Hint 28.58 33.15 46.85 36.98 40.96 37.08 34.86 33.62 41.68 70.54 32.31 37.15 39.48
+Hint-translate 22.84 28.47 24.07 29.60 27.26 27.90 24.32 25.68 27.40 56.90 26.10 27.36 28.99

Aya-23 73.80 78.42 41.06 76.65 66.71 72.15 78.54 72.87 72.84 84.75 77.79 72.10 72.31
+Hint 71.86 76.43 37.85 74.30 63.26 69.16 76.66 71.03 71.96 83.22 76.83 71.11 70.31
+Hint-translate 70.73 74.65 40.32 73.31 61.90 68.58 75.75 70.07 70.60 83.43 75.86 69.80 69.58
+Fine tuned 69.32 74.17 44.39 71.23 66.03 65.38 72.01 70.52 69.30 77.13 70.28 66.58 68.03

BLOOMZ 72.87 80.60 3.63 57.72 75.88 8.07 15.26 34.84 74.49 83.55 60.96 74.93 53.57
+Hint 67.32 75.71 1.31 48.24 71.32 4.08 9.14 26.28 68.20 77.47 54.63 68.19 47.66
+Hint-translate 67.15 75.12 1.46 45.62 71.02 3.43 8.78 24.49 68.01 76.42 54.67 67.72 46.99

Gemma-2 61.25 55.68 61.28 52.73 60.24 57.65 67.34 54.85 61.47 74.89 66.01 59.42 61.07
+Hint 59.91 57.32 61.62 53.20 58.76 56.85 66.43 54.65 61.04 77.70 64.67 60.09 61.02
+Hint-translate 62.47 58.61 62.30 55.20 59.72 57.14 67.43 55.25 61.99 78.83 66.06 61.39 62.20

Mistral-Nemo 40.42 41.27 48.77 42.70 40.92 38.51 45.89 34.07 44.51 78.56 43.76 38.69 44.84
+Hint 33.94 37.27 49.67 33.36 36.80 26.82 35.82 21.22 21.12 75.17 28.29 37.09 36.38
+Hint-translate 34.44 38.26 51.18 34.08 39.09 29.46 38.52 23.40 21.84 73.88 31.36 40.10 37.97

N
o

an
sw

er

mT5-large 74.49 76.76 73.59 78.12 63.95 68.37 74.04 75.18 70.07 85.95 76.88 73.47 74.24
AYA-101 37.08 48.34 55.64 65.42 56.73 60.93 54.43 59.42 55.37 59.23 58.58 58.09 55.77

+Hint 57.83 68.26 63.35 70.83 65.20 67.47 61.27 64.86 61.53 76.16 64.71 63.65 65.43
+Hint-translate 56.81 67.69 63.16 69.85 64.06 66.26 60.28 64.10 61.15 75.36 63.35 62.97 64.59
+Fine tuned 84.70 86.93 82.62 86.40 80.69 81.60 83.75 83.41 80.05 93.39 86.29 82.32 84.35

GPT4o-mini 3.07 3.86 5.45 8.68 3.52 5.05 4.54 3.29 6.13 7.94 4.26 5.67 5.12
+Hint 55.33 61.57 60.27 63.84 45.02 48.81 61.23 57.88 60.55 61.97 65.14 56.13 58.15
+Hint-translate 25.97 33.11 20.70 28.75 19.73 24.15 21.94 24.95 20.41 66.16 25.35 23.25 27.87

Aya-23 21.28 26.16 11.00 32.54 19.58 26.01 18.30 26.20 21.96 40.14 21.06 19.51 23.65
+Hint 35.57 43.16 30.01 50.76 37.53 41.99 34.02 43.47 36.93 53.41 36.48 33.00 39.69
+Hint-translate 32.32 39.46 27.90 48.19 34.17 38.59 30.58 41.43 33.72 50.08 33.49 28.77 36.56
+Fine tuned 53.37 53.97 42.33 64.82 47.70 55.86 55.03 40.82 52.61 81.30 59.42 69.32 56.38

BLOOMZ 33.68 41.09 72.68 44.00 32.58 86.02 73.47 43.01 39.08 60.51 31.60 44.94 50.22
+Hint 53.14 61.49 95.96 68.41 53.07 97.32 93.20 71.06 58.43 76.76 54.58 67.09 70.88
+Hint-translate 55.03 62.89 96.15 71.36 54.39 97.55 93.77 74.76 60.55 78.01 55.64 68.11 72.35

Gemma-2 36.36 39.54 35.27 41.24 24.65 13.23 25.82 28.58 25.44 45.13 25.89 16.37 29.79
+Hint 42.37 45.28 41.73 47.66 32.54 17.58 35.79 40.07 30.05 41.01 33.91 20.07 35.67
+Hint-translate 37.57 42.67 36.48 44.15 30.62 14.52 32.81 38.14 25.02 35.76 32.81 17.54 32.34

Mistral-Nemo 1.89 8.24 1.52 12.36 3.33 8.02 2.01 7.07 26.16 32.96 14.25 8.24 10.50
+Hint 72.15 70.00 51.03 76.42 58.55 74.49 68.52 81.90 91.12 69.77 87.91 68.52 72.53
+Hint-translate 70.98 62.82 39.57 70.72 45.73 65.20 59.04 73.70 88.86 67.05 82.85 62.29 65.73

Table 10: F1 scores (averaged over 3 model seeds) across three categories (Overall F1, Has answer F1, and No answer F1) on
miXQuAD English-Contexts setting across 12 language pairs. The bold scores represent the best performance for each category
and language.

I.3 In-Context Learning Settings

In-context learning experiments were conducted
using AYA-1018, AYA-239, BLOOMZ10, GPT4o-
mini (via OpenAI API), Gemma-211, and Mistral-
8https://huggingface.co/CohereForAI/AYA-101
9https://huggingface.co/CohereForAI/aya-23
10https://huggingface.co/bigscience/bloomz
11https://huggingface.co/google/gemma-2b

Nemo12. The models were configured with a maxi-
mum of 25 new tokens and an input window size
of 4024. To provide the models with sufficient con-
textual information, we employed three few-shot
examples. The hint prompt template used was, "If
it cannot be answered based on the passage, reply

12https://huggingface.co/mistralai/Nemo-2.0
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ag
e

mT5-large 46.10 52.55 65.94 55.54 46.41 49.77 42.38 51.24
AYA-101 44.62 59.27 59.91 56.91 22.72 52.01 43.84 48.47

+Hint 47.86 60.24 67.89 62.85 27.22 56.05 46.62 52.68
+Hint-translate 47.31 60.19 67.71 62.63 27.48 55.24 46.51 52.44
+Fine tuned 67.57 66.87 81.64 72.48 71.70 70.80 58.63 69.96

GPT4o-mini 27.84 32.98 30.11 32.21 6.28 33.68 15.19 25.47
+Hint 47.80 55.64 55.62 55.30 28.49 54.93 32.65 47.20
+Hint-translate 42.20 47.60 51.19 45.96 25.42 48.15 26.38 40.99

Aya-23 35.95 44.96 51.08 45.72 12.39 44.89 21.98 36.71
+Hint 41.78 51.74 55.72 53.18 17.03 51.32 28.71 42.78
+Hint-translate 40.04 50.09 54.60 52.15 17.50 49.34 26.74 41.49
+Fine tuned 39.13 51.09 59.26 45.49 33.84 47.23 27.82 43.41

BLOOMZ 45.86 39.56 55.11 48.42 18.50 51.71 41.89 43.01
+Hint 48.01 43.84 59.85 51.00 22.79 54.17 45.30 46.42
+Hint-translate 50.19 43.67 59.99 51.72 20.97 55.07 45.75 46.77

Gemma-2 18.60 34.44 46.39 33.14 14.13 30.75 13.69 27.31
+Hint 27.17 40.39 45.56 42.06 19.55 38.24 18.79 33.11
+Hint-translate 26.01 39.96 44.46 42.59 18.56 38.97 18.01 32.65

Mistral-Nemo 23.05 38.45 48.37 32.57 11.58 34.44 17.52 29.43
+Hint 39.78 51.96 61.09 50.52 28.08 51.62 36.14 45.60
+Hint-translate 38.28 51.03 60.27 49.10 27.51 52.56 32.26 44.43

H
as

an
sw

er

mT5-large 26.53 49.23 78.65 54.61 30.17 51.83 20.50 44.50
AYA-101 60.40 64.84 78.17 72.16 17.83 66.54 42.58 57.50

+Hint 59.89 62.56 76.33 69.43 17.59 64.88 41.87 56.08
+Hint-translate 59.61 62.07 76.41 69.32 17.36 64.66 39.88 55.62
+Fine tuned 58.04 57.85 80.42 67.33 66.71 63.23 40.78 62.05

GPT4o-mini 44.19 48.23 57.77 53.60 10.72 48.85 19.21 40.37
+Hint 44.92 46.11 65.18 53.74 11.89 49.03 22.22 41.87
+Hint-translate 30.21 27.07 51.39 37.35 7.35 33.67 8.32 27.91

Aya-23 56.65 63.10 82.64 71.18 16.62 69.99 34.25 56.35
+Hint 54.89 58.27 80.62 64.42 16.53 66.07 32.14 53.28
+Hint-translate 52.67 57.87 80.88 64.24 15.88 63.51 28.20 51.89
+Fine tuned 41.60 47.13 66.69 60.19 7.02 54.21 21.96 42.69

BLOOMZ 62.87 39.11 77.70 55.58 20.94 76.97 51.90 55.01
+Hint 54.13 30.66 71.13 46.23 19.64 71.84 43.60 48.18
+Hint-translate 65.06 31.34 71.14 48.76 20.55 76.69 49.67 51.89

Gemma-2 18.61 50.41 72.48 44.49 13.45 44.61 18.70 37.54
+Hint 24.94 52.19 74.79 47.47 13.85 51.41 23.28 41.13
+Hint-translate 26.39 54.46 76.16 54.83 13.87 56.42 25.73 43.98

Mistral-Nemo 36.44 51.44 74.28 50.57 13.00 45.85 21.40 41.85
+Hint 38.93 46.23 69.99 50.23 12.63 36.54 18.86 39.06
+Hint-translate 42.84 42.52 69.01 49.24 12.37 35.36 21.16 38.93

N
o

an
sw

er

mT5-large 73.98 67.14 69.20 67.87 76.73 67.25 73.39 70.79
AYA-101 22.05 51.46 43.57 35.33 29.61 31.97 45.62 37.09

+Hint 30.65 56.98 60.34 53.55 40.75 43.86 53.37 48.50
+Hint-translate 29.73 57.56 59.92 53.17 41.70 42.25 55.94 48.61
+Fine tuned 81.20 79.51 82.73 79.76 78.73 81.23 83.97 81.02

GPT4o-mini 4.45 11.58 5.34 1.93 0.03 12.77 9.49 6.51
+Hint 51.92 69.00 47.07 57.51 51.85 63.08 47.46 55.41
+Hint-translate 59.33 76.43 51.01 58.14 50.85 68.11 52.04 59.42

Aya-23 6.35 19.51 22.82 9.69 6.46 10.27 4.53 11.38
+Hint 23.04 42.56 33.43 37.27 17.74 30.97 23.83 29.83
+Hint-translate 21.97 39.17 31.07 35.05 19.78 29.80 24.67 28.79
+Fine tuned 35.60 56.65 52.60 24.69 71.55 37.61 36.15 44.98

BLOOMZ 21.54 40.20 34.88 38.30 15.08 16.87 27.67 27.79
+Hint 39.27 62.32 49.76 57.76 27.23 29.80 47.70 44.83
+Hint-translate 28.94 60.97 50.00 55.90 21.56 25.26 40.18 40.40

Gemma-2 18.60 12.04 23.04 17.08 15.09 11.63 6.58 14.87
+Hint 30.37 23.82 19.39 34.40 27.56 20.07 12.42 24.00
+Hint-translate 25.47 19.62 16.07 25.27 25.15 14.91 7.04 19.08

Mistral-Nemo 3.90 20.22 25.17 7.11 9.58 18.71 12.01 13.81
+Hint 41.00 59.99 53.13 50.94 49.81 72.43 60.70 55.43
+Hint-translate 31.76 62.99 52.44 48.91 48.81 76.29 48.05 52.75

Table 11: F1 scores (averaged over 3 model seeds) across three categories (Overall F1, Has answer F1, and No answer F1) on
MLQA-IDK English-Questions setting across 7 language pairs. The bold scores represent the best performance for each category
and language.

“unanswerable”," as illustrated in Figure 3.

I.4 AYA-101 Fine-tuning

To fine-tune AYA-101 on the SQuAD 2.0 dataset,
we employed the QLoRA method to optimize mem-
ory efficiency and maintain high performance. The
input window size was set to 2048 tokens to accom-
modate longer context passages effectively. The

training process used a learning rate of 3e-5 and
a batch size of 2 for both training and evaluation.
The LoRA-specific parameters included a rank of
64, a scaling factor (alpha) of 32, and a dropout
rate of 0.1 to prevent overfitting. The LoRA bias
was configured as “none ”, and all linear layers
in the model were targeted for parameter-efficient
updates.
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Av
er

ag
e

mT5-large 61.12 68.09 73.66 69.06 63.41 61.67 62.64 65.66
AYA-101 56.29 67.44 59.91 59.56 57.93 57.32 59.35 59.69

+Hint 62.30 68.76 67.89 65.44 63.74 63.90 65.91 65.42
+Hint-translate 62.08 68.45 67.71 65.32 63.52 63.73 65.60 65.20
+Fine tuned 73.03 78.05 81.64 77.64 73.86 73.53 75.85 76.23

GPT4o-mini 10.06 17.56 30.11 13.58 12.31 16.84 13.65 16.30
+Hint 36.40 42.71 55.62 39.31 35.77 42.09 38.72 41.52
+Hint-translate 21.26 26.48 51.19 24.58 21.52 22.78 25.02 27.55

Aya-23 48.81 54.51 51.08 53.06 43.96 48.33 45.07 49.26
+Hint 51.99 58.36 55.72 57.07 47.04 52.23 48.32 52.96
+Hint-translate 50.38 57.26 54.60 55.56 44.63 50.33 46.19 51.28
+Fine tuned 54.82 59.72 59.26 58.24 51.19 52.94 58.26 56.35

BLOOMZ 55.67 46.67 55.11 57.45 53.63 55.93 57.57 54.58
+Hint 58.77 49.66 59.85 60.42 56.68 59.00 60.16 57.79
+Hint-translate 58.86 49.58 59.99 60.46 57.12 59.21 60.37 57.94

Gemma-2 44.63 42.94 46.39 43.29 39.60 42.08 36.24 42.17
+Hint 45.92 44.25 45.56 44.98 41.18 42.46 37.29 43.09
+Hint-translate 45.75 44.25 44.46 45.25 41.25 41.51 37.63 42.87

Mistral-Nemo 25.70 31.13 48.37 27.46 24.24 33.80 23.80 30.64
+Hint 43.94 48.08 61.09 46.46 42.34 47.67 44.24 47.69
+Hint-translate 44.39 47.16 60.27 45.62 40.95 47.19 44.16 47.11

H
as

an
sw

er

mT5-large 55.81 69.47 78.65 70.37 68.78 61.60 62.33 66.72
AYA-101 73.70 80.73 78.17 76.38 75.88 74.82 73.08 76.11

+Hint 71.54 79.10 76.33 74.01 73.73 72.38 70.29 73.91
+Hint-translate 71.42 79.33 76.41 74.05 73.65 72.46 70.33 73.95
+Fine tuned 70.17 78.90 80.42 76.41 77.11 75.73 76.25 76.43

GPT4o-mini 15.19 26.43 57.77 21.01 19.20 26.13 20.43 26.59
+Hint 27.41 37.03 65.18 31.23 35.46 36.28 31.91 37.79
+Hint-translate 21.12 28.84 51.39 25.78 26.79 26.54 27.24 29.67

Aya-23 72.49 77.45 82.64 76.95 65.78 71.23 67.46 73.43
+Hint 69.83 74.51 80.62 73.79 61.48 69.40 65.44 70.72
+Hint-translate 69.11 73.81 80.88 73.38 60.18 68.21 63.82 69.91
+Fine tuned 60.61 64.78 66.69 65.29 59.70 58.89 57.30 61.89

BLOOMZ 74.94 52.51 77.70 76.22 73.86 73.53 72.83 71.66
+Hint 69.08 43.93 71.13 70.70 68.97 67.66 65.50 65.28
+Hint-translate 69.11 42.99 71.14 70.73 69.30 67.62 65.62 65.22

Gemma-2 59.10 56.26 72.48 56.01 57.52 60.03 54.53 59.42
+Hint 58.47 56.04 74.79 56.95 56.18 59.57 54.77 59.54
+Hint-translate 60.88 58.09 76.16 58.62 57.63 60.54 56.46 61.20

Mistral-Nemo 40.39 43.98 74.28 41.89 39.29 42.51 33.67 45.14
+Hint 28.87 29.95 69.99 34.42 34.06 19.56 30.19 35.29
+Hint-translate 29.03 30.30 69.01 35.12 37.08 20.58 33.51 36.38

N
o

an
sw

er

mT5-large 68.73 66.14 69.20 67.19 55.85 61.78 63.08 64.57
AYA-101 31.39 48.80 43.57 35.76 32.69 33.18 39.85 37.89

+Hint 49.08 54.25 60.34 53.31 49.70 52.20 59.69 54.08
+Hint-translate 48.72 53.19 59.92 52.97 49.28 51.70 58.86 53.52
+Fine tuned 77.12 76.85 82.73 79.38 69.28 70.50 75.28 75.88

GPT4o-mini 2.71 5.12 5.34 3.08 2.61 4.03 4.02 3.84
+Hint 49.25 50.67 47.07 50.75 36.21 50.11 48.41 47.50
+Hint-translate 21.47 23.18 51.01 22.89 14.10 17.59 21.87 24.59

Aya-23 14.94 22.33 22.82 19.26 13.27 16.75 13.24 17.52
+Hint 26.48 35.71 33.43 33.40 26.73 28.55 23.98 29.75
+Hint-translate 23.59 34.02 31.07 30.35 22.76 25.67 21.14 26.94
+Fine tuned 46.54 52.63 52.60 48.25 39.21 44.74 59.63 49.09

BLOOMZ 28.11 38.47 34.88 30.88 25.17 31.66 35.89 32.15
+Hint 44.04 57.69 49.76 45.87 39.39 47.05 52.57 48.05
+Hint-translate 44.19 58.84 50.00 45.93 39.99 47.61 52.90 48.49

Gemma-2 23.95 24.25 23.04 25.28 14.41 17.32 10.25 19.79
+Hint 27.97 27.71 19.39 28.05 20.08 18.86 12.45 22.07
+Hint-translate 24.11 24.84 16.07 26.32 18.20 15.26 10.87 19.38

Mistral-Nemo 4.70 13.08 25.17 7.03 3.06 21.78 9.77 12.08
+Hint 65.50 73.52 53.13 63.51 53.98 86.44 64.21 65.76
+Hint-translate 66.35 70.81 52.44 60.48 46.39 83.89 59.29 62.81

Table 12: F1 scores (averaged over 3 model seeds) across three categories (Overall F1, Has answer F1, and No answer F1) on
MLQA-IDK English-Contexts setting across 7 language pairs. The bold scores represent the best performance for each category
and language.

The model was fine-tuned over 2 epochs using
the AdamW8bit optimizer, which supports low-
memory operations while ensuring efficient gradi-
ent updates. Additionally, a weight decay of 0.01
was applied to regularize the model and prevent
overfitting. This configuration enabled effective
fine-tuning of AYA-101 on the question-answering
task while optimizing for both memory and com-

putational efficiency.
To further optimize memory and computational

efficiency, we employed 4-bit quantization.

I.5 Fine-tuning AYA-23

For fine-tuning AYA-23 on SQuAD 2.0, we used
a learning rate of 3e-5 and set the batch size to
2 for both training and evaluation. The LoRA-
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Model ar es th de hi tr el ro vi en ru zh Avg

Aya-23 7.08 10.43 0.78 13.63 5.76 9.44 10.31 10.32 11.66 24.07 12.20 6.73 10.20
+context 68.19 74.80 38.72 73.87 61.53 67.91 76.18 67.23 66.73 83.77 73.97 64.12 68.09

BLOOMZ 0.38 0.23 0.00 0.00 0.17 0.00 0.00 0.00 0.41 0.66 0.10 0.23 0.18
+context 70.82 77.73 2.71 56.62 73.13 7.63 14.51 31.70 72.74 82.04 59.74 73.92 51.94

AYA-101 2.53 2.57 4.28 1.24 2.14 4.17 0.88 4.26 2.13 1.24 4.41 1.73 2.63
+context 70.00 73.74 70.50 74.71 70.16 72.79 76.65 74.20 73.90 79.01 73.65 69.46 73.23

Gemma-2 8.42 9.78 8.31 10.70 6.43 9.13 11.12 11.24 10.97 16.00 11.00 8.07 10.10
+context 58.40 51.93 58.94 49.76 59.93 55.92 64.21 52.23 58.79 72.10 63.29 60.17 58.81

Mistral-Nemo 10.65 8.32 9.69 10.31 8.31 7.35 10.86 6.70 10.50 20.87 8.83 8.05 10.04
+context 41.43 41.70 50.95 43.34 43.41 40.26 48.76 36.02 46.62 79.19 45.51 40.59 46.48

Table 13: Has Answer Performance Across Languages: No Context vs. With Context

Model\Language ar es th de hi tr el ro vi en ru zh Avg

AYA-101 71.29 66.32 59.13 69.23 71.20 69.61 72.33 71.39 64.37 62.86 70.79 68.80 68.11
+hint 71.83 67.43 58.84 69.25 71.53 70.88 73.21 72.44 65.68 62.14 71.95 69.11 68.69
+hint translate 71.40 66.61 58.58 68.50 69.87 70.52 72.57 71.78 64.99 61.57 71.15 67.83 67.95
+fine tuned 85.44 84.08 60.93 80.36 85.34 78.28 85.29 84.12 83.10 88.64 83.54 83.27 81.87

GPT4o-mini 36.37 27.06 41.24 34.91 45.50 40.25 28.99 34.50 36.97 58.15 40.91 33.27 38.18
+hint 70.73 56.94 63.76 64.16 78.90 65.65 66.74 61.00 62.95 85.18 70.92 60.88 67.32
+hint translate 15.73 19.85 17.75 22.44 19.89 19.32 16.87 21.86 19.22 57.78 18.39 18.31 22.28

Aya-23 79.60 87.96 45.25 88.00 67.94 81.45 89.81 86.67 78.37 95.07 85.91 75.68 80.14
+hint 79.33 84.99 44.87 87.51 64.36 80.36 88.45 85.06 77.48 95.38 84.22 73.59 78.80
+hint translate 74.75 81.04 46.41 87.19 64.19 78.68 85.19 82.96 75.21 95.37 82.14 72.10 77.10

BLOOMZ 82.27 86.27 16.76 66.57 84.23 34.52 35.27 55.91 81.01 89.88 73.54 83.67 65.83
+hint 79.50 84.53 11.03 62.67 82.58 24.64 26.39 51.20 77.89 87.91 69.26 81.49 61.59
+hint translate 76.68 82.99 9.17 58.66 79.98 21.77 23.03 47.42 76.28 86.16 64.95 78.47 58.80

Gemma-2 91.06 88.42 86.67 89.19 83.67 84.49 92.34 82.13 85.06 96.02 85.97 83.41 87.37
+hint 90.48 88.13 86.12 88.90 81.70 83.18 90.76 82.70 83.84 96.33 85.98 80.55 86.56
+hint translate 90.42 87.53 85.30 89.49 83.32 83.73 90.68 83.35 83.62 96.41 87.10 82.13 86.92

Mistral-Nemo 62.10 60.34 60.03 66.30 56.51 66.10 68.34 62.70 66.21 94.42 64.27 54.08 65.12
+hint 60.38 58.86 60.12 53.15 56.01 57.84 62.81 58.15 46.60 94.68 57.41 55.49 60.13
+hint translate 55.40 53.06 52.50 47.55 50.69 51.40 57.08 53.91 43.50 94.03 54.16 52.34 55.47

Table 14: Has Answer F1 scores across 12 language pairs on repliQA-Trans dataset (English-Contexts setting). The bold scores
represent the best performance for each category and language.

Category ar fi ja ko ru avg_indi

Answered (A) 301 312 240 282 235 538
Unanswered (U) 281 294 231 266 213 96
Total 582 606 471 548 448 634

Table 15: XTREME-UP QA dataset statistics on English con-
text settings. A: answerable questions, U: unanswerable ques-
tions, Total: total number of questions. The avg_indi column
represents the average over 26 low-resource languages in-
cluded in XTREME-UP (Ruder et al., 2023).

specific parameters included a rank of 64, an alpha
value of 32, and a dropout rate of 0.1, with the
bias set to “none ”. All linear layers were targeted
for parameter-efficient fine-tuning. The model was
trained for 3 epochs using the AdamW optimizer
with a weight decay of 0.01, and the maximum
sequence length was configured to 2048 tokens.

J Prompt Control Analysis

We conducted control experiments to evaluate
model sensitivity to prompt variations, particularly
focusing on language specification placement and
minor prompt changes. As shown in Figure 7, we
tested four prompt variants: Hint-Prompt, Hint-
Translate-Prompt, and their respective control ver-
sions that explicitly mention the target language in
the question description. Results in Table 20 show
minimal performance differences between these
variants, indicating that the model is robust to such
prompt modifications.
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Category Model\Language ar fi ja ko ru avg_indi avg

Av
er

ag
e

mT5-large 59.66 59.23 67.11 65.36 70.78 50.77 53.30
AYA-101 73.20 72.12 73.19 73.09 73.63 65.99 67.30

+hint 73.47 71.30 72.89 72.91 74.33 63.90 65.58
+hint translate 73.39 72.09 72.80 72.72 74.72 63.89 65.60
+fine tuned 72.57 68.03 72.81 75.22 70.60 52.90 56.41

GPT4o-mini 10.87 11.95 13.60 15.47 9.44 20.54 19.01
+hint 60.25 56.37 62.40 63.64 54.19 44.80 47.50
+hint translate 20.78 28.82 33.20 45.17 32.77 19.00 21.44

Aya-23 50.44 48.92 45.35 54.34 53.29 39.49 41.53
+hint 61.80 60.98 60.45 66.14 64.39 40.08 44.28
+hint translate 57.45 60.26 55.49 63.44 60.43 40.67 44.14
+fine tuned 61.86 54.94 68.42 62.10 64.26 40.40 44.46

BLOOMZ 68.44 - 65.91 53.41 60.81 52.61 53.86
+hint 67.63 - 64.55 52.27 62.11 47.69 49.80
+hint translate 68.03 - 64.47 52.75 62.21 47.66 49.81

Gemma-2 23.25 10.69 22.44 22.99 25.37 22.06 21.86
+hint 31.70 40.34 46.34 42.86 40.53 26.97 29.45
+hint translate 35.52 42.97 46.92 41.57 46.30 30.06 32.39

H
as

an
sw

er

mT5-large 54.71 41.96 59.83 59.99 58.98 47.30 48.74
AYA-101 65.67 56.22 56.83 63.41 66.60 62.04 61.99

+hint 63.53 53.33 55.12 60.12 65.81 58.74 58.90
+hint translate 63.95 54.44 54.94 60.11 67.13 58.85 59.09
+fine tuned 54.60 46.12 55.59 59.47 52.45 45.46 46.98

GPT4o-mini 18.03 19.67 20.43 24.03 16.29 23.09 22.46
+hint 30.44 22.94 32.45 37.50 19.89 34.84 33.69
+hint translate 11.60 16.55 15.14 20.39 13.95 13.23 13.65

Aya-23 70.40 53.14 57.04 74.62 71.22 41.66 46.04
+hint 67.77 42.27 56.41 68.36 67.28 34.09 38.97
+hint translate 65.44 44.61 54.73 70.56 66.40 35.81 40.35
+fine tuned 67.34 34.15 60.93 62.98 65.62 39.27 42.77

BLOOMZ 57.58 - 50.19 19.87 49.54 47.74 45.53
+hint 45.27 - 39.17 11.38 41.94 38.85 36.80
+hint translate 45.37 - 38.88 12.32 42.15 38.69 36.70

Gemma-2 44.06 19.69 40.01 43.02 45.66 27.15 29.25
+hint 39.69 13.93 36.21 40.25 36.55 21.06 23.33
+hint translate 42.54 19.25 37.07 40.34 41.03 24.28 26.46

N
o

an
sw

er

mT5-large 64.95 77.56 74.68 71.06 83.81 69.43 70.35
AYA-101 81.26 89.01 90.19 83.34 81.38 85.50 85.41

+hint 84.11 90.37 91.35 86.47 83.73 89.06 88.72
+hint translate 83.52 90.82 91.35 86.10 83.10 88.54 88.25
+fine tuned 91.82 91.27 90.70 91.92 90.62 88.52 89.03

GPT4o-mini 3.21 3.75 6.50 6.40 1.88 6.84 6.38
+hint 92.18 91.84 93.51 91.36 92.02 90.62 90.91
+hint translate 30.61 41.84 51.95 71.43 53.53 43.01 44.28

Aya-23 29.07 44.45 33.19 32.84 33.49 31.88 32.39
+hint 55.40 80.84 64.65 63.79 61.19 71.71 70.50
+hint translate 48.88 76.88 56.28 55.89 53.84 67.31 65.65
+fine tuned 56.00 76.99 76.20 61.16 62.76 47.41 50.97

BLOOMZ 80.08 - 82.26 88.98 73.24 77.16 78.50
+hint 91.58 - 90.91 95.62 84.36 90.31 87.71
+hint translate 90.29 - 91.06 95.62 84.36 90.76 86.11

Gemma-2 0.95 1.14 4.19 1.76 2.98 1.15 1.34
+hint 23.14 68.37 56.86 45.62 44.92 59.53 57.35
+hint translate 28.00 68.15 57.15 42.86 52.12 61.52 59.32

Table 16: F1 scores across three categories (Overall F1, Has answer F1, and No answer F1) on XTREME-UP dataset with English-
Contexts setting. The table shows performance across different languages with various models. The bold scores represent the
best performance for each category and language. The avg_indi column represents the average over 26 low-resource languages
included in XTREME-UP.

Figure 7: Prompt variations used in control experiments to test model robustness to language specification and prompt formatting.
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Model MiXQuAD MiXQuAD MLQA-IDK MLQA-IDK
English-Questions English-Contexts English-Questions English-Contexts

mBERT 1.36 1.58 1.51 1.45
XLM-R 1.80 1.69 1.74 1.53
mDeBERTa 1.99 2.47 1.89 2.21
mT5-large 1.91 2.43 1.79 2.39

AYA-23 3.58 3.52 3.52 3.60
+Hint 3.25 3.36 3.19 3.45
+Hint-translate 3.34 3.44 3.27 3.51
+Fine tuned 1.86 2.21 1.69 2.01

BLOOMZ 1.94 1.84 2.01 2.16
+Hint 1.56 1.48 1.70 1.91
+Hint-translate 1.69 1.51 1.95 2.00

AYA-101 2.61 2.34 2.54 2.05
+Hint 2.50 2.13 2.28 1.46
+Hint-translate 2.56 2.14 2.36 1.44
+Fine tuned 2.30 2.42 2.01 2.32

GPT4o-mini 6.08 9.38 6.92 9.41
+Hint 4.78 7.48 4.95 7.26
+Hint-translate 7.25 11.36 6.67 9.38

Gemma-2 2.43 2.34 2.33 2.28
+Hint 2.39 2.52 2.34 2.52
+Hint-translate 2.72 2.73 2.69 2.75

Mistral-Nemo 4.77 6.88 4.69 6.49
+Hint 3.61 3.80 3.38 3.39
+Hint-translate 3.97 4.59 3.74 3.85

Average (gold) 2.86 2.92 3.31 3.18

Table 17: Average number of words in model predictions compared to gold answers across development sets in MiXQuAD and
MLQA-IDK datasets for both English-Questions and English-Contexts settings.
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Model Method Count Uncertainty

AYA-23 Regular-Prompt 4034 -0.8205
AYA-23 Hint-Prompt 8939 -0.8802
AYA-101 Regular-Prompt 11752 -0.8738
AYA-101 Hint-Prompt 12347 -0.8917
BLOOMZ Regular-Prompt 8309 -0.6782
BLOOMZ Hint-Prompt 13351 -0.7840

Table 18: Uncertainty scores for correctly classified unanswer-
able questions across models and prompting methods. Lower
uncertainty values (more negative) indicate higher confidence.
Count represents the number of questions where the model
predicted "unanswerable" and the true label was also "unan-
swerable" (true positives for the unanswerable category).

Model Method Correct Incorrect Diff.

AYA-23 Regular-Prompt -0.8492 -0.7198 -0.1295
AYA-23 Hint-Prompt -0.8571 -0.7256 -0.1315
AYA-101 Regular-Prompt -0.9001 -0.8288 -0.0713
AYA-101 Hint-Prompt -0.9087 -0.8273 -0.0814
AYA-101 Fine-Tuned -0.8652 -0.8751 0.0099
BLOOMZ Regular-Prompt -0.7713 -0.6675 -0.1038
BLOOMZ Hint-Prompt -0.8168 -0.7108 -0.1060

Table 19: Mean uncertainty scores for correct versus incorrect
predictions. Negative differences indicate higher confidence
for correct predictions. The fine-tuned AYA-101 model shows
reduced calibration with near-zero difference.
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Category Model\Language ar es th de hi tr el ro vi en ru zh Avg

Average

hint 55.49 71.42 35.69 71.73 31.65 62.50 62.01 68.66 54.86 79.02 59.50 58.09 59.22
hint-control 55.12 70.54 35.84 70.91 30.29 62.13 61.42 67.92 53.22 78.79 59.61 57.55 58.61
hint-translate 54.62 71.06 35.39 70.60 31.31 61.36 60.43 66.74 53.10 78.63 58.94 58.12 58.36
hint-translate-control 54.15 68.96 35.35 70.13 30.89 61.09 58.46 65.52 51.85 78.33 58.41 57.41 57.55

Has answer

hint 71.31 76.79 23.73 76.65 19.23 68.74 71.66 75.60 63.59 80.53 70.90 59.13 63.16
hint-control 71.10 76.43 23.65 75.57 17.77 68.27 71.14 74.81 60.56 80.20 70.94 59.18 62.47
hint-translate 70.40 76.16 23.72 74.69 17.62 67.16 70.18 73.76 61.36 80.68 70.36 56.48 61.88
hint-translate-control 69.66 75.52 23.56 73.96 17.23 66.86 67.33 72.83 60.36 80.50 70.10 57.10 61.25

No answer

hint 34.13 64.18 51.82 65.08 48.42 54.09 48.98 59.30 43.09 76.99 44.11 56.69 53.91
hint-control 33.57 62.59 52.27 64.63 47.17 53.86 48.30 58.62 43.32 76.88 44.34 55.33 53.41
hint-translate 33.34 64.18 51.14 65.08 49.78 53.52 47.28 57.26 41.96 75.86 43.54 60.32 53.61
hint-translate-control 33.22 60.10 51.25 64.97 49.32 53.29 46.49 55.67 40.37 75.40 42.64 57.83 52.55

Table 20: F1 scores across three categories (Average F1, Has Answer F1, and No Answer F1) for AYA-101 on miXQuAD in
the English-Questions setting across 12 language pairs. The bold scores represent the best performance for each category and
language.
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Abstract
A fundamental aspect of the semantics of nat-
ural language is that novel meanings can be
formed from the composition of previously
known parts. Vision-language models (VLMs)
have made significant progress in recent years,
however, there is evidence that they are unable
to perform this kind of composition. For exam-
ple, given an image of a red cube and a blue
cylinder, a VLM such as CLIP is likely to in-
correctly label the image as a red cylinder or
a blue cube, indicating it represents the image
as a ‘bag-of-words’ and fails to capture com-
positional semantics. Diffusion models have
gained significant attention for their impres-
sive generative abilities, and zero-shot clas-
sifiers based on diffusion models have been
shown to perform competitively with CLIP
in certain compositional tasks. In this work
we explore whether the generative Diffusion
Classifier has improved compositional gener-
alisation abilities compared to discriminative
models. We assess three models—Diffusion
Classifier, CLIP, and ViLT—on their ability
to bind objects with attributes and relations in
both zero-shot learning (ZSL) and generalised
zero-shot learning (GZSL) settings. Our results
show that the Diffusion Classifier and ViLT
perform well at concept binding tasks, but that
all models struggle significantly with the re-
lational GZSL task, underscoring the broader
challenges VLMs face with relational reason-
ing. Analysis of CLIP embeddings suggests
that the difficulty may stem from overly similar
representations of relational concepts such as
left and right. Code and dataset are available at:
github.com/otmive/diffusion_classifier_clip

1 Introduction

Compositionality is a fundamental part of how hu-
mans learn (Chomsky, 1957; Janssen and Partee,
1997). It allows us to take familiar concepts and
combine them in new ways to interpret novel situ-
ations, learn from limited examples, and build in-
creasingly complex ideas. Within formal semantics

Figure 1: We evaluate the compositional generalisa-
tion of Vision-Language Models (VLMs) by assessing
their ability to bind colours to objects and relations to
objects in both zero-shot and generalised zero-shot set-
tings across single-object, two-object, and relational
scenarios

as in e.g. (Montague, 1973), compositionality is as-
sumed in the formalism. However, vision-language
models (VLMs) fall short in tasks requiring com-
positional understanding (Diwan et al., 2022; Yuk-
sekgonul et al., 2022; Lewis et al., 2024). Even
with advances in attention mechanisms (Vani et al.,
2024) and positional encoding (Su et al., 2024),
VLMs are unable to match the compositional rea-
soning skills of humans (Sinha et al., 2024; Hua
et al., 2024b). VLMs such as CLIP (Radford et al.,
2021) have been shown to treat captions as a bag-
of-words (Thrush et al., 2022) and are not able to
bind concepts to objects in the same way humans
can. For example, given an image of a red cube
and a blue cylinder, a VLM may misinterpret the
image as containing a blue cube or a red cylinder
(see Figure 1). Additionally, a VLM should be
able to generalise learned concepts to new unseen
combinations of attributes and objects: if a model
learns the colour cyan through images of cyan cone
and the shape cube through images of green cubes,
it should also be able to recognise images of cyan
cubes or green cones. In formal semantics, given
correct representations of the words green, cyan,
cube, and cone, this property would naturally oc-
cur.
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Diffusion Models have gained significant inter-
est in recent years for their state-of-the-art per-
formance on image generation (Ramesh et al.,
2022; Dhariwal and Nichol, 2021) and editing
tasks (Brooks et al., 2023). Their performance
as zero-shot classifiers in vision tasks is a recent
topic of exploration (Clark and Jaini, 2023; Krojer
et al., 2023). On compositional benchmarks such
as Winoground (Thrush et al., 2022) or the Con-
cept Binding Benchmark from Lewis et al. (2024),
their performance has been shown to be compara-
ble to that of CLIP (Li et al., 2023; Clark and Jaini,
2023). However, Winoground has been argued to
require commonsense and world knowledge rather
than purely testing for compositional abilities (Di-
wan et al., 2022), and performance on the Concept
Binding Benchmark can be at chance.

In this paper, we contribute to the understanding
of the compositional abilities of diffusion model-
based classifiers by comparing with transformer-
based classifiers on compositional tasks. Specifi-
cally, we explore how these two types of models
are able to compose attributes and relations—tasks
VLMs particularly struggle with. We aim to assess
whether Diffusion Classifier can offer new insights
or improvements in handling these challenging as-
pects of compositional semantics.

We consider two settings for our experiments—
zero-shot learning (ZSL) and generalised zero-shot
learning (GZSL). In ZSL, the aim is to recognise
only unseen classes whereas GZSL aims to train
models that are able to discriminate between both
seen and unseen classes during test time (Pour-
panah et al., 2022; Xian et al., 2017). The GZSL
setting is particularly important for real world sce-
narios as there may only be labelled data for a
small number of classes and capturing every pos-
sible class in the training set is often impossible.
Therefore, it is important for models to be able
to generalise to unseen classes in the presence of
labels that have previously been seen.

To probe these abilities, we extend the Con-
cept Binding Benchmark from Lewis et al. (2024),
which evaluates model performance on attribute-
object binding and relational composition. We
evaluate the performance of Diffusion Classifier—
a classifier built from Stable Diffusion (Rom-
bach et al., 2022)—comparing it with CLIP and
ViLT (Kim et al., 2021). Despite the dataset be-
ing lightweight, it still proves challenging for the
models, particularly in the important GZSL setting.

The main contributions of this work are three-

fold: (1) We compare Diffusion Classifier, CLIP,
and ViLT on compositional tasks. Diffusion Classi-
fier generalises best in single-object settings, how-
ever, ViLT has by far the best two-object perfor-
mance. All models struggle to reliably compose
relations with objects. (2) To provide a more ro-
bust evaluation of compositional generalisation,
we present our extension of the Concept Binding
Benchmark from Lewis et al. (2024). This extended
benchmark consists of three datasets to test VLMs
in both zero-shot learning (ZSL) and generalised
zero-shot learning (GZSL) scenarios. (3) We anal-
yse the effects of fine-tuning on compositional se-
mantic understanding, showing that models fail to
form correct representations for spatial relations.

2 Related Work

Benchmarking Compositionality in VLMs
There is a growing interest in the ability of VLMs to
reason compositionally, with several benchmarks
being proposed in recent years (Yuksekgonul et al.,
2022; Ma et al., 2023; Hsieh et al., 2024; Dumpala
et al., 2024; Ray et al., 2024; Zhao et al., 2022;
Huang et al., 2024; Thrush et al., 2022; Hua et al.,
2024a). Compositional generalisation is an im-
portant ability for VLMs to have because it en-
courages the interpretability and data efficiency
of models (Bommasani et al., 2021). However, it
has been argued (Lewis et al., 2024; Hsieh et al.,
2024) that various compositionality benchmarks
are ‘hackable’, showing that in some cases it is
possible to solve the benchmark simply by com-
paring prompts (Wu et al., 2023) and ignoring the
image. SugarCrepe (Hsieh et al., 2024) is designed
to deal with this problem, but is still prone to the
issue that the correct caption is statistically more
likely in the training corpus. Unlike benchmarks
that use complex real-world images, we use simple,
synthetic images to ensure no spurious correlations
and to directly test compositional understanding.
We argue that VLMs should be able to handle these
simpler reasoning tasks before advancing to more
complex, real-world images.

Improving Compositionality in VLMs Meth-
ods have been proposed to improve the composi-
tional abilities of VLMs (Cascante-Bonilla et al.,
2023; Doveh et al., 2023). Several works use hard
negative sampling to fine-tune CLIP on batches
of similar images e.g. “a black cat sitting on a
desk” and “a black desk sitting on a cat” which
force the model to learn more detailed representa-
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tions of the data (Yuksekgonul et al., 2022; Shou
and Lin, 2024; Sahin et al., 2024). Other meth-
ods include different representations for objects
within images such as trees or graphs (Singh et al.,
2023; Yellinek et al., 2025) and adaptations to the
contrastive loss function of CLIP to include more
compositional supervision (Pandey et al., 2023;
Zhang et al., 2024). Despite advancements, VLMs
still struggle with compositional reasoning (Hsieh
et al., 2024; Dumpala et al., 2024). Our bench-
mark aims to investigate why VLMs struggle with
compositional tasks by testing in GZSL settings
using in-distribution and out-of-distribution images
to identify potential biases.

Diffusion Model Classifiers Recently, methods
have been proposed to leverage diffusion models
as zero-shot classifiers (Chen et al., 2023; Li et al.,
2023; Krojer et al., 2023; Clark and Jaini, 2023).
Li et al. (2023) propose Diffusion Classifier, a
model built from Stable Diffusion, which achieves
a higher accuracy than CLIP on tasks requiring
compositional reasoning such as concept binding.
Krojer et al. (2023) use a similar method for us-
ing Stable Diffusion (Rombach et al., 2022) as a
classifier but include a normalising value based
on the noise prediction error calculated with no
text guidance. He et al. (2023) use the attention
scores between the image and text representations
of Stable Diffusion to adapt it for image-text match-
ing tasks. Clark and Jaini (2023) also propose a
zero-shot classifier created from Google’s Imagen,
which shows some ability to bind attributes such as
shape, size and colour where CLIP fails to do so.
For our experiments we use the Diffusion Classifier
from Li et al. (2023) as Stable Diffusion is open
source with easily accessible fine-tuning methods.

3 Experiments

We base the design of our benchmark on the ex-
periments from Lewis et al. (2024) where three
datasets were created for exploring composition
of attributes and relations with objects. While this
setup reveals that models often struggle even with
simple object compositions, our aim is to extend
this evaluation to include both Zero-Shot Learning
(ZSL) and Generalised Zero-Shot Learning (GZSL)
settings. To enable this, we adapt and expand the
original benchmark to support systematic and rig-
orous testing in both settings.

The images are generated using the genera-
tion script for the CLEVR dataset (Johnson et al.,

2017)—using a Blender script (Community, 2018)
to render 3D shapes. The original code included
only three shapes cubes, cylinders, and spheres
which we extend with an additional shape, cones,
to increase the diversity across the dataset splits.
For the single and two-object datasets, we consider
the following colours: blue, brown, cyan, gray,
green, purple, red, and yellow. We define the la-
bel sets for the single and two-object datasets as
follows:

Let C be the set of colours and S the set of
shapes. For object classification, each object is
identified by its colour–shape pair, and the label set
is defined as:

Y = {(c, s) | c ∈ C, s ∈ S}.

Each element of Y represents a unique object
(e.g., red square, blue circle). In the two-object
dataset, labels consist of two such tuples, e.g.,
((c1, s1), (c2, s2)). For the relational dataset, we
define a set of spatial relations R = {left, right}.
We exclude the relations front and behind which
were included in Lewis et al. (Lewis et al.,
2024) as we found these to be too ambiguous—
distinguishing which shape is further forward is
often difficult even for humans. The relational la-
bel set is then defined as:

Yrel = {(si, r, sj) | si, sj ∈ S, si ̸= sj , r ∈ R},

where each triple describes a relation between two
distinct shapes—for example, (circle, left, square).
All datasets are partitioned into five subsets:
training (Y train), in-distribution validation/test
(Y IDval,Y IDtest), and out-of-distribution valida-
tion/test (YOODval,YOODtest). In-distribution sub-
sets use the same label space as the training set, i.e.
Y train = Y IDval = Y IDtest, while OOD splits are
defined such that:

Y train ∩ YOODval = ∅, Y train ∩ YOODtest = ∅,
YOODval ∩ YOODtest = ∅.

This setup enables evaluation both within the train-
ing distribution and on novel combinations, to as-
sess generalisation. We give the structure of our
single and two-object datasets within Figure 2. The
label red cube is in the test set, meaning that it is
not seen during training, but red (e.g. in red sphere)
and cube (e.g. in gray cube) have both been seen
during training in other combinations. The struc-
ture of the relational dataset is given in Figure 3.
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Figure 2: Single and Two-Object dataset design. Class
labels belonging to each dataset split: train and in-
distribution are highlighted in green, OOD validation in
yellow, and OOD test in red.

Train ID Val ID Test OOD Val OOD Test
Single-Object 1360 340 340 400 1100
Two-Object 7440 1860 1860 600 3700
Relational 440 110 110 250 400

Table 1: Our extended benchmark statistics for the three
datasets showcasing the number of images within each
of the splits.

For both ZSL and GZSL tasks, models are fine-
tuned on images and labels from the training split
of the data. In the ZSL setting, at test time, mod-
els must pick the correct label for an image from
a set S of unseen labels, i.e. S ⊆ YOODtest. In
the GZSL task, at test time, models must pick the
correct label for an image from a set of both seen
and unseen labels, i.e. S ⊆ Y or S ⊆ Yrel. This
setup evaluates the ability of models to generalise
colours or relations learned during fine-tuning to
new unseen shape combinations. Because of this,
the single and two-object train split contains at least
one class containing each shape and each colour.
Similarly, the relational train split contains at least
one of each shape.

We only use positive examples when fine-tuning
CLIP rather than both positive and negative ex-
amples to keep consistent with the DreamBooth
fine-tuning method for Stable Diffusion which only
accepts positive training examples. In addition, to
further align with DreamBooth, we fine-tune CLIP
with a small number of samples from each class
(20-40 per class).

3.1 Single-Object

The single-object task tests the ability of mod-
els to recognise attribute-object pairs and is used
as a baseline for analysing which combinations
the models can recognise before experimenting in
a two-object setting. Examples from the single-
object dataset are shown in Figure 4 a) and b). In
the single-object setting, we evaluate only on the
GZSL task, and require models to select the correct
label for the image from all possible label com-
binations, i.e. from the whole of Y . Following

convention, the class labels are given in the form
of a prompt “a photo of a <class>”.

3.2 Two-Object
The two-object dataset contains images of exactly
two-objects which differ in both shape and colour.
For example, the dataset contains images of a blue
cube and a red sphere but not of a blue cube and
a blue sphere. We follow Lewis et al. (2024) and
present the model with labels for individual objects
whereby the true label correctly describes one of
the objects in the image and the others are incorrect.
In comparison to giving the model a full description
of the image (e.g. green cone and purple cylinder),
this is a challenging setup which minimises the use
of shortcuts by the model, for example if the model
can recognise green cones correctly but not purple
cylinders. As an example, the images in Figure 4
c) may have the true label green cylinder and hard
negatives green cone and purple cylinder.

In the ZSL setting, models are given one correct
label and two distractors from the same (unseen)
split. For example, an image of a yellow cube may
be paired with gray cylinder and brown sphere as
distractors (see Figure 4 column d)).

In the GZSL setting, models choose from five
labels: the true label, two standard distractors, and
two hard negatives created by swapping attributes
and shapes (e.g., yellow cone, cyan cube for Figure
4 d)). This makes the task more challenging and
tests whether models prefer familiar (seen) classes
over novel ones.

3.3 Relational
The relational dataset tests compositions of the re-
lations left and right between two-objects in an
image. The two-objects are always two distinct
shapes, that is, we don’t consider cases such as
sphere left sphere. As with the two-object dataset,
each image has two possible true labels. For in-
stance, the images in Figure 4 column e) would
have the true labels cube left sphere and sphere
right cube. Again, we consider a ZSL and GZSL
setting. In the GZSL setting, models choose from
five options: the true label, two randomly selected
labels, and two hard negatives. One hard negative
alters the spatial relation (e.g., cube left sphere→
cube right sphere), while the other swaps object or-
der (e.g., cube left sphere→ sphere left cube). The
hard negatives require the model to recognise the
specific relation in the image and not just recognise
which two shapes are present—a task at which a
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bag-of-words model would fail.

Figure 3: Relational dataset design. Class labels be-
longing to each dataset split: train and in-distribution
are highlighted in green, OOD validation in yellow, and
OOD test in red.

4 Results

We conduct experiments comparing frozen and fine-
tuned CLIP, ViLT, and Diffusion Classifier (DC)
on three datasets: single-object, two-object, and
relational. Experiments are carried out in a Linux
environment using an RTX 2080 GPU for both
training and inference.

4.1 Single-Object

We test models’ ability to compose single attribute-
noun pairs. For each of the models we fine-tune
with three different seeds and report the mean and
standard deviation of each. Fine-tuning details and
hyperparameters for each dataset are provided in
Appendix A.

Model ID Validation ID Test OOD Validation OOD Test

Frozen CLIP 85.290.00 80.590.00 67.750.00 87.360.00

CLIP-FT 95.293.01 95.592.92 93.573.81 91.216.54

Frozen ViLT 51.470.00 50.00.00 34.50.00 44.910.00

ViLT-FT 95.880.00 94.710.00 63.50.00 77.180.00

Frozen DC 40.800.89 40.980.37 58.00.50 60.01.08

DC-FT 97.741.6 97.160.78 99.500.12 99.470.87

Table 2: Accuracy of models on the single-object task.

Results We see in Table 2 that CLIP has the
best accuracy of the frozen models on this task.
However, after fine-tuning, DC has the best over-
all accuracy. Both CLIP and DC show a strong
performance on ID and OOD splits indicating that
in the simple single-object setting they are able to
generalise to unseen colour-shape combinations.
In contrast, fine-tuned ViLT showcases strong per-
formance only on the ID splits and shows a drop
in accuracy to 63.5% and 77.18% on the OOD

splits. ViLT frequently makes errors such as pre-
dicting blue cone for cyan cone or gray cube for
gray cylinder—failing to generalise from famil-
iar components seen during training (such as the
colour cyan with a sphere, or the shape cylinder
with other colours like red, green, or purple). Fine-
tuned CLIP and DC are able to generalise in the
single-object setting but ViLT’s lower OOD perfor-
mance shows even in simple settings composing
unseen combinations can be difficult for VLMs.

4.2 Two-Object Zero-Shot

The two-object experiment tests whether models
can correctly bind attributes to their correspond-
ing objects, rather than simply recognising which
shapes and colours are present. We report the av-
erage accuracy with the standard deviation for all
models as shown in Table 3.

Model ID Validation ID Test OOD Validation OOD Test

Frozen CLIP 83.710.00 85.270.00 93.00.00 69.510.00

CLIP-FT 90.130.55 90.390.01 99.390.75 80.151.11

Frozen ViLT 72.780.56 73.800.73 70.00.00 66.820.32

ViLT-FT 99.780.00 99.890.08 99.50.00 99.260.18

Frozen DC 61.180.00 64.530.00 91.830.00 58.30.00

DC-FT 82.593.34 83.213.59 93.892.49 72.802.06

Table 3: Accuracy of models on the ZSL two-object
task.

ViLT-FT has the highest accuracy achieving over
99% on all dataset splits. This is particularly sur-
prising given its lower performance in the single-
object task. ViLT may benefit from the reduced
label space in the two-object ZSL experiment com-
pared to having the full range of prompts in the
single-object setting. CLIP-FT and DC-FT both
show a decrease in performance on OOD test but
not on OOD val. We believe the high OOD val ac-
curacies are due to the reduced size of the OOD val
split meaning there are only 4 very distinct prompts
to choose from. The drop in performance of all
models on the OOD test split further highlights
that VLMs lack robust compositional understand-
ing, even for the simpler zero-shot case. Current
pre-training strategies rarely require models to ex-
plicitly learn compositional knowledge, suggesting
that adjustments to pre-training may be necessary.

4.3 Two-Object Generalised Zero-Shot

In the GZSL two-object task, models must com-
pose attributes with objects while also handling
previously seen labels, providing a more rigorous
test of generalisability. We report the accuracies
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Figure 4: Samples from our extended benchmark with two example classes displayed from each dataset—single,
two-object, and relational.

and standard deviations for the two-object GZSL
experiment in Table 4.

Model ID Validation ID Test OOD Validation OOD Test

Frozen CLIP 23.330.00 21.560.00 35.330.00 34.270.00

CLIP-FT 78.823.05 76.400.86 55.505.92 23.385.28

Frozen ViLT 31.560.12 32.710.29 47.830.00 29.10.21

ViLT-FT 99.710.07 99.860.03 91.670.00 83.460.06

Frozen DC 33.580.00 34.640.00 38.460.00 39.320.00

DC-FT 53.063.20 51.863.41 57.065.03 72.972.05

Table 4: Accuracy of models on GZSL two-object.

Again ViLT-FT has the strongest performance
for all dataset splits significantly outperforming
other models. This suggests it is less biased to-
wards seen labels as evidenced by the relatively sta-
ble performance across ZSL and GZSL. However,
it does still exhibit a small drop in performance
on the OOD splits indicating some limitations in
generalising. CLIP-FT experiences a substantial
drop in performance on the OOD splits especially
OOD test, showing it has overfit to the training
data. DC-FT interestingly shows the reverse pat-
tern to the other models and has the highest ac-
curacy on OOD. We hypothesise that this is due
to the composition of the test split—for example,
challenging colours like yellow and brown, which
DC frequently confuses, constitute a smaller pro-
portion of the OOD labels. While the high OOD
test accuracy is particularly notable in the chal-
lenging GZSL setting, DC’s lower accuracy on the
ID splits (53.06% and 51.86%) suggests it lacks
consistent attribute-object binding ability. Even
ViLT-FT, the best-performing model overall, has a
reduced performance on the OOD splits, highlight-
ing limitations in the way models represent and
combine attributes and objects.

In table 5 we show the percentage of total predic-
tions made by the models which fall into each error
category on the GZSL two-object task for the ID

and OOD test splits. The Colour column is the per-
centage of predictions where the model correctly
identifies the shape but chooses the colour of the
second object in the image, the Shape column is
the percentage of predictions correctly guessing the
colour but choosing the second object’s shape. The
Other column is the predictions from the other two
non-hard negatives.

Model ID test OOD Test
Colour Shape Other Colour Shape Other

Frozen CLIP 35.970.0 37.420.0 5.060.0 22.050.0 30.030.0 13.650.0

CLIP-FT 7.151.58 8.300.53 8.161.28 34.173.64 34.782.95 7.721.29

Frozen ViLT 35.570.4 26.540.47 5.180.51 35.980.05 28.560.19 6.350.02

ViLT-FT 0.030.04 0.00.0 0.00.0 8.760.02 7.540.02 0.170.04

Frozen DC 21.460.0 26.250.0 17.640.0 14.700.0 18.180.0 27.810.0

DC-FT 18.530.55 16.791.24 12.811.63 16.510.71 10.531.75 0.00.0

Table 5: Breakdown of errors in two-object GZSL.

Both frozen and fine-tuned CLIP have a roughly
even distribution of errors on colour and shape
mistakes showing both types of composition are
equally challenging. Frozen ViLT makes slightly
more errors on colour, but after fine-tuning, er-
rors across all categories drop to near zero with
a slight tendency for colour errors remaining in
OOD. Frozen DC makes slightly more mistakes
on shape but after fine-tuning finds colour slightly
more difficult especially in OOD. All incorrect pre-
dictions made by DC-FT in the OOD split cor-
respond to hard negative labels, highlighting that
binding colours to the correct objects is particularly
challenging.

4.4 Relational Zero-Shot

The relational experiment tests how well models
can compose spatial relations with objects, specifi-
cally we test the composition of the relations ‘left’
and ‘right’ with the object’s shape eg. ‘cube’. We
show the relational ZSL results in Table 6.
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Model ID Validation ID Test OOD Validation OOD Test

Frozen CLIP 56.360.00 56.600.00 38.400.00 68.000.00

CLIP-FT 99.390.86 99.310.57 68.0013.91 94.083.86

Frozen ViLT 74.551.48 68.520.87 42.400.00 64.670.31

ViLT-FT 78.182.57 76.041.98 70.530.19 65.00.35

Frozen DC 68.180.00 69.440.00 30.700.00 65.250.00

DC-FT 89.094.64 92.941.18 51.862.31 87.189.18

Table 6: Accuracy of models on the ZSL relational task.

All models except ViLT-FT have a lower accu-
racy on OOD validation than OOD test. This could
be due to the smaller size of the validation split,
which limits prompt diversity making the distractor
labels more likely to share shapes with the shapes in
the true label. Both DC and CLIP only show slight
drops in performance between OOD test and the
ID splits demonstrating the capacity to recognise
unseen object-relation combinations in ZSL set-
tings. ViLT, while having overall lower accuracies,
shows less variation across dataset splits, showing
some capacity to generalise. All models show a
substantial drop in performance in the relational
ZSL compared with the two-object ZSL showing
that systematically combining objects with rela-
tions is harder for these models than combining
colour-object pairs. The difficulty the models have
with relational information suggests they are fo-
cusing on recognising objects in the image rather
than compositions between objects. While VLMs
can often rely on these shortcuts and still achieve
a strong performance, tasks that require relational
reasoning reveal that they lack a full understanding
of visual scenes.

4.5 Relational Generalised Zero-Shot

In the relational GZSL experiment, models must
bind spatial relations to objects and predict previ-
ously unseen combinations of relations and objects
in the presence of previously seen labels. We show
the performance of the models on the GZSL re-
lational task in Table 7 reporting the mean and
standard deviation for the fine-tuned models.

Model ID Validation ID Test OOD Validation OOD Test

Frozen CLIP 27.270.00 27.430.00 18.000.00 25.00.00

CLIP-FT 62.120.43 72.223.97 42.8018.39 34.7516.33

Frozen ViLT 13.940.43 16.550.65 22.530.19 26.50.35

ViLT-FT 16.550.65 22.530.19 26.50.35 25.501.08

Frozen DC 24.550.00 21.530.00 10.000.00 24.500.00

DC-FT 32.732.57 34.722.60 41.204.57 38.254.02

Table 7: Accuracy of models on relational GZSL.

In the GZSL relational setting, CLIP-FT per-
forms reasonably well on the ID splits with 62.12%
and 72.22%, however, there is a significant drop in
performance for the OOD splits with 42.80% and
34.75% on validation and test respectively. CLIP
therefore seems to overfit to the training data and
is not able to generalise to unseen labels. ViLT
struggles with this task, with even the fine-tuned
model hardly performing better than chance at 20%.
Interestingly, DC has a lower accuracy on the ID
splits than the OOD splits. Given DC’s reasonable
accuracies of 89.09% and 92.94% in the ID ZSL
experiment, it appears DC is particularly confused
by the presence of hard negative labels showing
it is lacking fine-grained understanding. All mod-
els have a drop in performance from the ZSL task
showing they struggle to compose relational con-

Figure 5: Images generated by Frozen and Fine-Tuned Diffusion-Classifier using prompts from the single, two-
object and relational, shown from left to right. The top two rows are generated by labels from the train set and the
bottom two from the test set.
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cepts and especially cannot distinguish between
hard negatives in the GZSL setting such as sphere
left cube and sphere right cube. This suggests that
the models are relying on object recognition rather
than understanding relational positions.

We show the percentage of total predictions
made by the models which fall into each error cat-
egory for the ID and OOD test splits in Table 8.
The column Left/Right shows the percentage of
predictions which choose the hard negative where
only the relation is incorrect e.g. cube left sphere
instead of cube right sphere. The Shape column
displays the percentage of predictions where the
shapes are correct but in the incorrect order e.g.
sphere left cube instead of cube left sphere. The
Other column is the predictions from the other two
non-hard negative labels.

Model ID test OOD Test
Left/Right Shape Other Left/Right Shape Other

Frozen CLIP 26.040.0 28.130.0 18.410.0 20.00.0 25.50.0 29.50.0

CLIP-FT 10.071.99 17.593.46 0.120.16 30.5010.5 29.05.75 5.754.13

Frozen ViLT 31.250.75 36.340.65 15.861.28 8.00.2 40.671.0 24.831.05

ViLT-FT 25.870.19 24.400.75 27.200.33 9.081.0 36.421.04 28.830.72

Frozen DC 25.00.0 30.560.0 22.920.0 22.250.0 22.50.0 30.750.0

DC-FT 24.081.99 36.921.34 4.282.78 22.331.48 28.925.60 10.54.30

Table 8: Breakdown of errors in relational GZSL.

Frozen CLIP and DC have fairly evenly dis-
tributed errors across the 3 categories while ViLT
on the OOD test split has a larger proportion of
shape errors. After fine-tuning, DC and CLIP have
a reduced proportion of errors in the other category
however ViLT still makes a considerable number of
predictions where the two shapes in the image are
not correctly identified. For fine-tuned CLIP and
DC, the hard negative captions present the most
difficulty with both types of hard negative being
frequently predicted instead of the true label.

5 Model Understanding

Stable Diffusion Images We compare images
generated by frozen and fine-tuned Stable Diffu-
sion to evaluate what features Diffusion Classifier
is able to learn from fine-tuning on each dataset.
We use a guidance scale of 7 and 50 inference
steps. Examples using prompts from each dataset
are shown in Figure 5. Frozen Stable Diffusion is
generally very poor at generating images in align-
ment with the specified prompt, except in the single-
object case. Interestingly, the two-object and re-
lational fine-tuned Stable Diffusion generate three
objects fairly frequently showing some pre-training
bias and knowledge is still preserved. The rela-

tional fine-tuned model fails to understand the dif-
ference between the left and right relations with
the prompts “a cylinder to the left of a cone” and
“a cylinder to the right of a cone” both resulting
in images of a cylinder on the left—the class seen
during training.

CLIP embeddings We show t-SNE visualisa-
tions of image and text embeddings from relational
dataset examples for frozen and fine-tuned CLIP.
For images, we show the embeddings of 5 sam-
ples from each class and only consider classes con-
taining left since corresponding classes containing
right use the same images.

Figure 6a shows the text embeddings which are
clearly clustered into quadruples corresponding to
prompts where the object shapes are the same, with
no clear separation between prompts correspond-
ing to different arrangements of objects. For ex-
ample, the closest neighbours of cube left sphere
are sphere left cube, cube right sphere and sphere
right cube. Fine-tuning (right-hand plot) fails in
most cases to overcome this clustering of similar
prompts. An exception is the cluster of prompts
containing sphere left cube and cube right sphere,
which have been moved closer together, and are
visibly distinct from sphere right cube and cube
left sphere. Other groups of prompts tend to cluster
according to ordering of nouns (e.g. cube left cone
and cube right cone), or by bag-of-words similarity
(e.g. cube left cylinder and cylinder left cube). This
inability to distinguish prompts corresponding to
different arrangements of objects likely contributes
towards CLIP’s inability to correctly caption im-
ages with the same shapes but different relations.

The t-SNE visualisation of image embeddings
presented in Figure 6b shows that images belong-
ing to the same class are mostly well-clustered.
However, there are a few instances of classes in
the wrong cluster e.g. a cube left cylinder sample
appears within the sphere left cube cluster. No-
tably, we observe that embeddings of images with
reversed relational structures tend to occupy simi-
lar regions in the space—for instance, cylinder left
cone and cone left cylinder appear close together
at the bottom of the plot, while cylinder left sphere
and sphere left cylinder are both near the left side
of the plot. This spatial overlap may contribute to
CLIP’s difficulty with relational reasoning. OOD
classes such as cube left cylinder and sphere left
cylinder, which are not directly fine-tuned, appear
slightly less well clustered.
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(a) t-SNE visualisation of frozen and fine-tuned CLIP text
embeddings for relational prompts. Best viewed electronically
or in colour.

(b) t-SNE visualisation of frozen and fine-tuned CLIP image
embeddings for relational prompts. Best viewed electronically
or in colour.

Figure 6: t-SNE visualisations of CLIP text and image embeddings for relational prompts after fine-tuning.

6 Discussion

We extend the Concept Binding Benchmark
from Lewis et al. (2024) to assess concept bind-
ing in zero-shot (ZSL) and generalised zero-shot
(GZSL) settings. Using this extended framework,
we compare the performance of the discriminative
models CLIP and ViLT against a generative model,
Diffusion Classifier, on single-object, two-object,
and relational compositional tasks. Diffusion Clas-
sifier shows the highest generalisation accuracy on
the single-object task. ViLT achieves state-of-the-
art performance on both ZSL and GZSL two-object
tasks, demonstrating strong compositional ability
in binding attributes to objects even in GZSL set-
tings. Diffusion Classifier shows some capacity to
generalise in the two-object GZSL setting, however,
it falls short of ViLT’s performance.

On the relational composition task, all models
perform poorly, showing considerable drops in per-
formance on the GZSL from the ZSL task showing
that hard distractors such as cube left sphere versus
cube right sphere are a particular problem. Despite
initial hopes that Diffusion Classifier’s generative
approach might better handle compositionality, re-
lational reasoning remains a major challenge for
all models tested.

On all our experiments, our fine-tuned CLIP
model consistently outperforms the model from
Lewis et al. on the OOD splits (Lewis et al., 2024).
We attribute this to our fine-tuning strategy of only
using positive examples unlike Lewis et al. who use
both positive and negative examples. We hypothe-
sise that the inclusion of negative examples exacer-
bates overfitting. This is due to prompts appearing
as negative training examples which then appear
as positive examples in the OOD splits, causing

CLIP to suppress their prediction. Therefore our
positive-only approach appears to lead to better
generalisation and reduced overfitting.

The low performance on the GZSL relational
task suggests current VLMs may rely too heavily
on shortcuts such as object recognition rather than
developing structured, compositional representa-
tions. Our analysis of image and text embeddings
in CLIP further supports this: relational concepts
(e.g., left vs. right) are not sufficiently disentan-
gled, especially in the text embedding space, lim-
iting the models’ capacity to reason about spatial
relationships. Potential avenues to address this are
training on datasets with more explicit composi-
tional objectives and developing better prompting
or fine-tuning strategies that encourage attribute
and relation disentanglement. Further work in this
area also includes analysis of where exactly the
models fail: do they fail in forming correct repre-
sentations of individual words, or do they fail in
how these words are combined? This could be tack-
led using a formal semantic approach that has been
integrated with a vector-based semantics, such as
in Coecke et al. (2010) or Baroni and Zamparelli
(2010).

However, while these routes to improved com-
positional understanding are important, we argue
that our results highlight an important limitation
of the tested models as they stand: at present com-
positional understanding is clearly limited. Since
there may be a number of aspects of composition
that we require models to perform, these should
be considered at the pre-training stage rather than
expecting users to fine-tune for these fundamental
semantic abilities.
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Limitations

While our benchmark uses synthetic, simplistic im-
ages, we chose this design specifically to reduce
the risk of spurious correlations (Wu et al., 2023)
and enable precise compositional structures to be
tested for. We view this benchmark as a diagnostic
test for probing specific compositional generalisa-
tion properties in VLMs that may be masked in
more complex, real-world scenarios. Future work
could include expanding these experiments to test
other attributes such as material or size. Another
interesting avenue for future research would be to
expand the experiments to include more than two
objects.
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A Fine-tuning Details

Optimal hyper-parameters were selected by per-
forming a search for each model. We consider the
parameters: learning rate, images per class, epochs
and LoRA parameters where applicable. We select
final parameters based on averaged performance
on the ID val and OOD val dataset splits.

Single-Object CLIP was fine-tuned using 40 im-
ages per class for 30 epochs, using an Adam op-
timiser with a learning rate of 1 · 10−6, a batch
size of 16, and a contrastive loss. For DC, we used
DreamBooth to fine-tune Stable Diffusion’s U-Net
and text-encoder. We use 30 images per class for
4000 steps with a learning rate of 5 · 10−6 and a
batch size of 1. All inferences were performed us-
ing 200 noise samples. ViLT was fine-tuned on 80
images per class using LoRA with a learning rate
of 1 · 10−5 setting the LoRA rank (r) to 16 and the
scaling factor (alpha) to 32.

Two-Object CLIP was fine-tuned using 40 im-
ages per class for 30 epochs, using an Adam op-
timiser with a learning rate of 1 · 10−6, a batch
size of 16, and a contrastive loss. For DC, we
fine-tuned using 30 images per class for 4000 steps
with a learning rate of 5 · 10−6 and a batch size of
1. All inferences were performed using 200 noise
samples. ViLT was fine-tuned using LoRA with a
learning rate of 1 · 10−5 setting the LoRA rank (r)
to 16 and the scaling factor (alpha) to 32.

Relational CLIP uses the same parameters as
the single-object model except using 20 images
per class for 50 epochs. DC is fine-tuned on 40
images per class for 5000 steps with the remaining
parameters the same as the previous two models.
ViLT is fine-tuned on 40 images per class using
LoRA with a learning rate of 1 · 10−6 setting the
LoRA rank (r) to 8 and the scaling factor (alpha) to
16.
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Abstract

Antonymy has long received particular atten-
tion in lexical semantics. Previous studies have
shown that antonym pairs frequently co-occur
in text, across genres and parts of speech, more
often than would be expected by chance. How-
ever, whether this co-occurrence pattern is dis-
tinctive of antonymy remains unclear, due to
a lack of comparison with other semantic re-
lations. This work fills the gap by comparing
antonymy with three other relations across parts
of speech using robust co-occurrence metrics.
We find that antonymy is distinctive in three
respects: antonym pairs co-occur with high
strength, in a preferred linear order, and within
short spans. All results are available online.

1 Introduction

Among various semantic relations, antonymy has
long received particular attention. Charles and
Miller (1989) proposed the co-occurrence hypothe-
sis, suggesting that adjectival antonymy pairs tend
to co-occur within a sentence more often than ex-
pected by chance. Subsequent studies have pro-
vided empirical support for this hypothesis (Juste-
son and Katz, 1991). This co-occurrence tendency
has also been observed in parts of speech (PoS)
other than adjectives (Fellbaum, 1995; Mohammad
et al., 2008) and across various genres (Jones and
Murphy, 2005; Jones, 2006).

Prior studies have identified several characteris-
tics of the co-occurrence of antonymy pairs. One
is that co-occurrence is likely to be ordered. Each
antonymy pair often appears in a specific linear
order (Kostić, 2015, 2017; Wu and Zhang, 2022).
The more frequent antonym tends to precede its
less frequent counterpart (Jones, 2002). Another
characteristic is that antonymy pairs likely co-occur
in close proximity. This proximity typically falls
within five-word windows or appears in coordi-
nated constructions (Jones et al., 2007; Mohammad

et al., 2008). Therefore, antonymy pairs are charac-
terised by an intra-sentential co-occurrence pattern,
which might be distinctive of antonymy.

However, this assumption remains largely
untested, as the intra-sentential co-occurrence char-
acteristics of non-antonymy relations have been
underexplored. Some indirect evidence does exist.
For example, hypernymy or holonymy pairs can
be retrieved using lexico-syntactic patterns (Hearst,
1992; Girju et al., 2006; Roller et al., 2018). Yet
these approaches rely on specific constructions
rather than reflecting the general co-occurrence pat-
terns within sentences. As a result, existing work is
insufficient to determine whether the co-occurrence
pattern uniquely characterises antonymy.

There is also a methodological concern. Prior
studies commonly relied on raw co-occurrence
counts or pointwise mutual information (PMI) of
word pairs. Such metrics are biased toward ex-
tremely low or high frequencies that are common
due to the sparsity of word frequencies (Schulte
Im Walde and Melinger, 2008). The sparsity
also makes many statistical tests (such as the Chi-
square test used by Kostić (2017)) unreliable (Dun-
ning, 1993), raising concerns about whether the
co-occurrence observed is truly significant.

If antonymy indeed stands out in its co-
occurrence, this distinctiveness needs to be estab-
lished rather than assumed. Understanding dif-
ferent semantic relations in natural text is foun-
dational not only to linguistic theory but also to
computational modeling. Recently, pretrained lan-
guage models (PLMs) have exhibited a puzzling
phenomenon, antonymy bias. Regardless of ar-
chitecture and size, PLMs perform substantially
better on predicting the antonym of a given word
over other relations (Pitarch et al., 2023; Cao et al.,
2025a). Establishing the distinctive co-occurrence
characteristics of antonymy will lay the ground-
work for analysing the semantic behavior of PLMs
trained on a plain corpus.
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Research Objective In summary, although prior
studies have suggested that antonymy exhibits dis-
tinctive co-occurrence characteristics, existing evi-
dence remains insufficient to validate this assump-
tion. The present work evaluates and compares
the co-occurrence of antonymy and other semantic
relations across PoS, using robust and statistically
grounded co-occurrence metrics. We aim to estab-
lish whether antonymy presents a unique pattern of
co-occurrence characteristics.

2 Metrics

Semantic relations theoretically hold between word
lemmas that share the PoS. We then define metrics
at the lemma level.

2.1 Strength of Co-occurrence

The first metric, G2 score (Dunning, 1993), mea-
sures the co-occurrence strength. It directly ad-
dresses the methodological concerns of prior stud-
ies because it is theoretically and empirically ro-
bust to data sparsity (Moore, 2004; Evert, 2009)
and supports a reliable statistical test.

The G2 score of a word pair (w, v) is essentially
the logarithm of the likelihood ratio test statistic.
The underlying null hypothesis is that (w, v) co-
occurs in the same sentence at a chance level1. G2

scores asymptotically follow a χ2 distribution with
one degree of freedom. This allows us to inter-
pret the score in two ways: 1) whether the co-
occurrence is statistically significant, and 2) if it is,
a higher score means stronger co-occurrence.

Formally, the G2 score is defined as

G2(w, v) = 2
∑

c∈C
Oc log

Oc
Ec
, (1)

where C denotes a set of the possible events re-
garding the co-occurrence of (w, v) in a sentence:
{wv,wv̄, w̄v, w̄v̄}. Here, wv indicates that both w
and v appear in the same sentence; wv̄ and w̄v de-
note that onlyw or only v appears, respectively; w̄v̄
denotes that neither occurs. Oc and Ec represent
the observed and expected number of sentences for
each event c. The expected count Ec is calculated
under the assumption that w and v occur indepen-
dently. For example, when c = wv, the expected
count is computed as Ec =

|w|×|v|
N where |w| and

1The original null hypothesis is that (w, v) co-occurs ad-
jacently by chance. We relax it according to our research
objective.

|v| are the number of sentences containing w and
v, respectively, and N is the total sentence number.

The advantages ofG2 scores are three-fold. First,
G2 scores normalise the co-occurrence of two
words by their individual frequency and are hence
robust to extremely high frequencies. Second, the
use of logarithm mitigates the effect of extremely
low frequencies. Finally, G2 scores incorporate
more information than PMI and raw counts by con-
sidering both how often a pair co-occurs and how
often it does not. This enables an evaluation of
the co-occurrence strength more comprehensively
without being biased only by the co-occurred side.

2.2 Order of Co-occurrence

Prior studies (Kostić, 2015, etc.) suggest the order
might distinguish antonymy from other relations.
Our second metric evaluates the linear order of a
word pair (w, v). We let w always be the more
frequent word and v the less frequent one. For each
sentence where (w, v) co-occurs, we assign an or-
der score of +1 if w precedes v, and −1 otherwise.
Then, for every word pair (w, v), we obtain a list
of order scores. We determine whether there is a
preferred order of (w, v) by conducting a binomial
test on whether the proportion of +1 is significantly
greater or less than 0.5. The order of a pair is de-
fined as the average order score if the pair has a
preferred order, and zero otherwise.

2.3 Distance of Co-occurrence

Whether the co-occurrence takes place in close
proximity may be a distinctive characteristic of
antonymy (Mohammad et al., 2008, etc.). The
last metric measures the distance of co-occurrence,
defined by the average number of words separating
the two co-occurring words in a sentence.

Statistical Tests In order to establish whether
the antonymy is statistically different from other
relations, for each metric, we conduct a Brunner-
Munzel test on every possible relation pair. It gen-
eralises the Mann-Whitney U test by relaxing the
assumption of equal variances between samples
being compared, showing better empirical robust-
ness (Brunner and Munzel, 2000). For statistical
tests described above (test of individual G2 scores,
binomial test, and Brunner-Munzel test), the signif-
icance level is set at 0.01.

pos relation NOUN HYP-HPO 11664
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POS ANT HOL HYP SYN UNR

NOUN 97 758 11,664 1,078 7,618
VERB 74 – 6,853 1,214 869
ADJ 192 – – 309 1,409
ADV 20 – – 140 104

Total 383 758 18,517 2,741 10,000

Table 1: Counts of lemma pairs. “–” means the relation
is not defined for the PoS in WordNet.

3 Data

We evaluate four semantic relations: antonymy
(ANT), synonymy (SYN), hyper-hyponymy (HYP),
and holo-meronymy (HOL). The hyper-hyponymy
is defined to hold if either word in a pair is a hyper-
nym of the other; similarly, holo-meronymy holds
if either is a holonym of the other. This treatment
aligns the definitions of all relations with the sym-
metric nature of antonymy and synonymy, making
all relations comparable.

We retrieve lemma pairs of nouns, verbs, ad-
jectives, and adverbs in any of the four relations
from WordNet (Miller, 1995). A series of filtering
steps is applied in order to ensure that all lemma
pairs are of the same linguistic unit level and are
lexico-semantically interpretable.

We exclude: 1) pairs containing multi-word ex-
pressions, abbreviations, or named entities; 2) pairs
where either word has a frequency of zero or one
in WordNet; 3) pairs where multiple semantic rela-
tions exist between the two lemmas; 4) verb pairs
involving linking verbs, auxiliary verbs, or light
verbs; 5) hypernymy pairs with a path length more
than two in WordNet hierarchy2. These procedures
result in 25,115 lemma pairs.

We estimate the metrics on the Corpus
of Contemporary American English (COCA,
Davies, 2008). It is designed to reflect the gen-
eral usage patterns of the English language across
balanced genres.

Choosing COCA brings an additional benefit: it
is annotated with both PoS tags and lemmas. The
PoS and lemma annotations allow us to efficiently
check semantic relations between two co-occurring
lemmas using WordNet.

To reduce noise, we exclude sentences shorter
than five words, which are often exclamatory or
fragmentary. This leaves 17,718,403 sentences for
analysis. Among the 25,115 lemma pairs retrieved

2Because hypernymy pairs with a path length of two or
less are most intuitive to human judgments (Vulić et al., 2017).

PoS ANT HOL HYP SYN UNR

NOUN 11,144 1,819 406 628 19
99% 92% 75% 88% 36%

VERB 915 – 83 164 7
91% – 52% 72% 24%

ADJ 2,309 – – 120 9
97% – – 76% 36%

ADV 1,471 – – 128 14
95% – – 71% 33%

Table 2: Average G2 scores (above) and percentages of
significant cases (below).

from WordNet, 22,399 lemma pairs are observed
in COCA.

As a control, we additionally randomly sample
10,000 lemma pairs from all lemma pairs that co-
occur intra-sententially but are unrelated (UNR)
in any relation defined in WordNet. The filtering
procedures described above are applied to unrelated
pairs as well.

We sort the two lemmas in each pair by descend-
ing frequency. Table 1 shows statistics of lemma
pairs for each relation. The counts are highly im-
balanced across relations, reflecting the sparsity of
WordNet (Cao et al., 2025b).

4 Results

Table 2 presents the average G2 scores and the per-
centage of pairs with significant scores. In this
table and all subsequent tables, boldface indicates
relations whose score differs significantly from all
other relations within the same PoS for the cor-
responding metric. Antonymy pairs consistently
yield both the highest G2 scores (ranging from
915 to 11,144) and the largest percentage (at least
91%) of significant co-occurring pairs across all
PoS. Figure 1 shows the distribution of G2 scores
per relation and PoS. The first and third quantiles
of G2 scores for Antonymy are higher than those
of all other relations across PoS. These results con-
firm that antonyms not only co-occur more fre-
quently than expected by chance, but also with
greater strength than other relations.

We acknowledge that antonymy tends to have
extremely high G2 scores. For nominal antonymy,
there are even two pairs, (“child”,“parent”) and
(“man”,“woman”), whose G2 scores are greater
than 100,000. Such extremely high outliers might
have inflated the average G2 scores to 11,144 for
nominal antonymy, making it the highest among
all PoS and relations.
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Figure 1: Distribution of G2 scores per PoS and relation
with the y axis in logarithmic scale.

PoS ANT HOL HYP SYN UNR

NOUN .13 .05 .02 .02 .01
97% 96% 93% 90% 33%

VERB .11 – .03 .02 .02
94% – 88% 81% 40%

ADJ .11 – – .04 .00
91% – – 61% 21%

ADV .29 – – .05 .03
95% – – 87% 29%

Table 3: Average order scores (above) and the percent-
ages of pairs with a preferred order among all signifi-
cantly co-occurring pairs (below).

Table 3 presents the results of the order prefer-
ence. Antonymy pairs show a strong tendency to
prefer a specific order. Across all PoS, more than
90% of the co-occurring antonymy pairs have a pre-
ferred order, typically with an average order score
above 0.10. The average order scores for antonymy
are overall significantly larger than other relations
across PoS. This indicates that the more frequent
antonym slightly tends to precede the less frequent
counterpart. For other relations, a preferred order
exists at the pair level but is not consistent across
pairs, resulting in no clear pattern at the relation
level.

Figure 2 shows the distribution of order scores
per relation and PoS. For non-antonymy relations,
the range of order scores tends to be around 0, con-
firming that there is no clear co-occurrence order
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Figure 2: Distribution of order scores per PoS and rela-
tion.

PoS ANT HOL HYP SYN UNR

NOUN 15 22 26 25 30

VERB 18 – 28 25 50

ADJ 14 – – 17 25

ADV 11 – – 20 27

Table 4: Average distances between significantly co-
occurring pairs.

preference3.
Table 4 shows the co-occurence distance.

Antonyms co-occur more closely than other re-
lations. On average, antonyms co-occur within
18 words, which is shorter than the span of pairs
in other relations across PoS. Figure 3 shows the
distribution of distances per relation and PoS. For
antonymy, the third quantile and the maximum of
co-occurrence distance are consistently the lowest
among all relations across PoS, confirming that
antonymous pairs tend to occur close in text.

In short, compared to other relations, antonymy
pairs co-occur 1) with greater strength, 2) in the or-
der where the more frequent word tends to precede,
and 3) at a shorter distance. Our findings align with
previous observations on antonyms, and extend
them to other relations and PoS, revealing the dis-
tinctive co-occurrence characteristics of antonymy.

3Note that this finding is based on our definition of rela-
tions, in which holonymy and meronymy are not distinguished,
nor are hypernymy and hyponymy. If these distinctions are
made, holonyms tend to precede meronyms to a moderate
degree. Detailed results are provided in Appendix A.
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Figure 3: Distribution of distances per PoS and relation
with the y axis in logarithmic scale.

5 Discussion

Cross-PoS Analysis The strong co-occurrence
of antonymy pairs is often attributed to seman-
tic contrast. Antonymy pairs denote two oppo-
site ends of a scale or a dichotomy in a situa-
tion (Cruse, 1986), which might help highlight
semantic contrast and hence lead to their signif-
icant co-occurrence (Jones, 2006). If the signif-
icant co-occurrence is indeed associated with se-
mantic contrast, it should persist after derivation,
which usually changes the PoS but not the core
meaning. To test this, we examine whether co-
occurrence significance is retained after derivation.
Among the total of 192 adjectival antonymy pairs,
we identify 18 pairs from which 19 non-adjective
antonymy pairs are derived (e.g. (“strong”,“weak”)
to (“strongly”,“weakly”))4. The 18 original adjecti-
val antonymy pairs co-occur significantly; 18 out of
the 19 derived non-adjectival antonymy pairs also
exhibit significant co-occurrence. For other PoS
and relations, we see a similar pattern. Among all
non-adjectival or non-antonymy pairs that signifi-
cantly co-occur, 85% of their derived pairs sustain
the significant co-occurrence. These findings sug-
gest that significant co-occurrence is robust under
derivational change, aligning with the idea that co-
occurrence might stem from the semantic contrast.

4This is done using the information in WordNet. Details
can be found in Appendix B.

Cross-relation Analysis Antonymy is consid-
ered to differ from hypernymy, holonymy, and syn-
onymy in nature because it is not just semantic
but also lexically constrained (Justeson and Katz,
1991). For example, “hot” is in antonymy with
“cold” but not with “chill”. We verify to what ex-
tent each relation is lexically constrained. For each
relation, we calculate how many lemmas the more
frequent lemma is associated with on average 5.
For antonymy, the frequent lemma is associated
with only one lemma on average, whereas for other
relations, it ranges from 1.7 to 6.7. This result sug-
gests that antonymy involves the strongest lexical
pairing, which might enhance their suitability for
parallel constructions and, in turn, contribute to
their frequent co-occurrence in texts.

Relating Language Models Pretrained language
models perform substantially better on antonymy
across model architectures and sizes (Pitarch et al.,
2023; Cao et al., 2025a). The distinctive co-
occurrence characteristics of antonymy may pro-
vide signals that facilitate learning antonym pairs
during pretraining. However, as prior studies
commonly use sentence completion tasks in eval-
uation, models might take advantage of those
intra-sentential co-occurrence characteristics, us-
ing them as a shortcut (Du et al., 2023) rather than
relying on knowledge of antonymy. Given this, our
findings highlight the need to disentangle the extent
to which PLMs rely on such distributional clues
from the extent to which they generalise beyond
them.

6 Conclusion

This work presents an initial exploration of the
intra-sentential co-occurrence of antonymy in com-
parison to other semantic relations across PoS. We
find that antonymy is consistently distinctive from
all other relations across all metrics used. Our find-
ings establish a robust empirical foundation for the
distributional nature of antonymy, offering a solid
empirical basis for its future analysis.

Limitations

We only characterise the co-occurrence of seman-
tically related words in a quantitative manner and
do not address the qualitative evaluation. We hence
can not answer in which lexical and dependency

5The Appendix C presents the details.
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constructions two words are likely to occur. Fur-
thermore, as an exploratory study, we did not apply
word sense disambiguation to a sentence but only
used the lemma and PoS of each word as a shallow
filtering. We chose not to apply word sense disam-
biguation in alignment with the previous studies
which are done on lemma level. We only studied
COCA, and hence, future work should focus on a
specific pretraining corpus and examine how PLMs
trained on it become biased toward antonymy.
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Appendix

A Ordered Scores for Asymmetric
Relations

Figure 4 presents the order scores of asymmetric
relations. We redefine the order score for asym-
metric relations as follows. A score approaching 1
indicates that a holonym or hypernym precedes its
meronym or hyponym, respectively, while a score
close to -1 indicates the reverse. For meronymy,
more than 50% of the order scores are positive.
The results show that holonyms generally precede
their meronyms. In contrast, for hypernymy and hy-
ponymy, the order score distribution centers around
0, indicating that the ordering tendency is less clear
in the hypernymy/hyponymy relations.
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Figure 4: Distribution of order scores of asymmetry
relations per PoS.

PoS Rel. CountOrig. Derv. Orig. Derv.

ADJ ADV ANT ANT 13 ( 12)
ADJ ADV SYN SYN 8 ( 7)
ADJ NOUN ANT ANT 5 ( 5)
ADJ NOUN SYN SYN 1 ( 1)
ADJ NOUN SYN HYP 8 ( 7)
ADJ VERB ANT ANT 1 ( 1)
ADJ VERB SYN SYN 1 ( 1)

NOUN VERB ANT ANT 2 ( 2)
NOUN VERB SYN SYN 15 ( 12)
NOUN VERB HYP HYP 111 ( 90)
NOUN VERB SYN HYP 46 ( 44)

TOTAL 211 (182)

Table 5: Counts of original (Orig.) and derived (Derv.)
POS pairs and their corresponding relations. The num-
ber of pairs that sustain significance after deriviation are
in parenthesis.

POS ANT HOL HYP SYN UNR

NOUN 1.0 1.9 5.8 1.5 2.3
VERB 1.1 – 6.9 1.9 1.5
ADJ 1.0 – – 1.4 1.6
ADV 1.0 – – 1.5 1.2

Micro AVG 1.0 1.9 6.7 1.7 2.2

Table 6: The average number of lemmas that are asso-
ciated with the more frequent lemmas per relation and
PoS.

B Derived Pairs Statistics

In WordNet, some lemmas are linked to their de-
rived lemmas. For each lemma pair (w, v) that is
semantically related and significantly co-occurs,
we retrieve all derived lemmas wd of w and vd
of v using the information in WordNet. For every
(wd, vd), we check whether it forms a semantic rela-
tion and appears in our data. If so, we then examine
whether it sustains the co-occurrence significance.

Table 5 presents the results. The semantic
usually persists after derivation, particularly for
antonymy and hyper-hyponymy. Synonymy pairs
sometimes become hyper-hyponymy, reflecting the
established similarity between synonymy and hy-
pernymy (Vulić et al., 2017; Cao et al., 2025b).

C Associated Lemma Counts

For each relation, we count how many lemmas
are associated with the more frequent lemma on
average. In other words, for all pairs (w, v), we
retrieve pairs that share w and compute the average
number of associated vs per w. Table 6 presents
the results.

140

https://doi.org/10.18653/v1/P18-2057
https://doi.org/10.18653/v1/P18-2057
https://doi.org/10.1162/COLI_a_00301
https://doi.org/10.1162/COLI_a_00301
https://doi.org/10.1075/rcl.00121.wu
https://doi.org/10.1075/rcl.00121.wu


Antonymy pairs usually have a unique associated
antonym for each more frequent lemma w, as the
average number of associated lemmas ranges only
from 1.0 to 1.1. In holo-meronymy and synonymy,
the frequent lemma is associated with slightly more
lemmas than in antonymy, with the averages rang-
ing from 1.4 to 2.0. In hyper-hyponymy, the fre-
quent lemma is typically associated with around
6 lemmas. Hence, antonymy is the most lexically
constrained among the other relations studied here.

141



Proceedings of the 14th Joint Conference on Lexical and Computational Semantics (*SEM 2025), pages 142–151
November 8-9, 2025 ©2025 Association for Computational Linguistics

Evaluating Textual and Visual Semantic Neighborhoods of
Abstract and Concrete Concepts

Sven Naber1, Diego Frassinelli2, and Sabine Schulte im Walde1

1Institut für Maschinelle Sprachverarbeitung (IMS), Universität Stuttgart
2MaiNLP, Center for Information and Language Processing, LMU Munich

{sven.naber, schulte}@ims.uni-stuttgart.de
frassinelli@cis.lmu.de

Abstract

This paper presents a systematic evaluation of
nearest neighbors across semantic representa-
tion spaces in both textual and visual modalities.
We focus on nominal concepts with varying
concreteness levels, and apply a neighborhood
overlap measure to compare these target con-
cepts differing in their linguistic and perceptual
nature. We find that alignment is primarily de-
termined by modality, and additionally by level
of concreteness: Models from the same modal-
ity show stronger alignment than cross-modal
models, and spaces of concrete concepts show
stronger alignment than those of abstract ones.
Overall, larger neighborhood size strengthens
the alignment between spaces.

1 Introduction

Humans possess an intuitive understanding of con-
cepts and their relative positions within a shared
semantic space. For instance, we perceive cat as
being more similar to dog than to table. This sense
of conceptual proximity is grounded in real-world
knowledge and similarity across multiple attribute
dimensions—such as form (e.g., four-legged ani-
mals), category membership (e.g., pets, furniture),
and function (Rosch, 1973; Talmy, 1983).

In natural language processing, prototypical at-
tributes and similarity between concepts are gener-
ally captured by vector representations and vector
distance measures. At the textual level, these repre-
sentations are learned either through count-based
methods such as co-occurrence matrices (Turney
and Pantel, 2010), or predictive models such as
shallow neural networks trained on target or context
prediction objectives (Mikolov et al., 2013; Pen-
nington et al., 2014a). In these vector spaces, rel-
ative position and structure encode semantic relat-
edness. Similarly, vision models such as convolu-
tional neural networks (Krizhevsky et al., 2017) and
vision transformers (Dosovitskiy et al., 2020) map
images into vector spaces where proximity reflects

Level Range Concepts
abstract 1.0 – 2.0 idea, justice
mid-scale 3.0 – 4.0 story, election
concrete 4.8 – 5.0 apple, car

Table 1: Concreteness ranges and example concepts
based on Brysbaert et al. (2014).

not only semantic but also perceptual similarity
(Battleday et al., 2020). While text embeddings are
based on distributional patterns in language, image
embeddings are grounded in visual features—such
as shape, color, and scene (Krizhevsky et al., 2017).

In the current study, we build and compare rep-
resentations in textual and visual modalities regard-
ing concrete vs. abstract concepts, which differ in
their perceptual nature (vision, sound, smell, taste,
touch): Concrete concepts such as apple are more
easily grounded in perceptual features, in contrast
to abstract concepts such as idea, which lack stable
visual referents and are stronger connected to lin-
guistic context (Paivio, 1971; Andrews et al., 2009;
Pecher et al., 2011; Frassinelli and Lenci, 2012;
Brysbaert et al., 2014; Frassinelli et al., 2017; Nau-
mann et al., 2018; Tater et al., 2024, 2025).

We conduct a systematic analysis of seman-
tic attributes across modalities and across the
abstractness-concreteness continuum, by relying
on a simple and interpretable nearest-neighbor over-
lap to capture embedding space alignment between
concepts. We demonstrate that modality is indeed
the primary factor shaping semantic neighborhoods,
with stronger alignment within modalities for both
concrete and abstract concepts, while cross-modal
agreement is stronger for concrete than for abstract
concepts.

2 Data and Methods

In this section, we describe the target concepts, the
variants of textual and visual representations, and
how we identify nearest neighbors.
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Target Concepts This study uses a curated set
of 1,500 nouns drawn from the Brysbaert concrete-
ness ratings (Brysbaert et al., 2014). To guarantee
clear distinctions between sets of concepts, this
set consists of 500 nouns each from three distinct
levels of concreteness: extremely abstract, inter-
mediate mid-scale, and extremely concrete noun
concepts (see Table 1 for concreteness ranges and
example concepts). As nearest neighbor candidates
for the target concepts we include a larger set of
5,448 nouns from the Brysbaert ratings, as con-
structed in our previous work (Schulte im Walde
and Frassinelli, 2022).

Distributional Word Representations We built
textual representations for our target concepts and
nearest neighbor candidates by training both count-
based and predictive word embedding models on
the ENCOW16AX corpus (Schäfer and Bildhauer,
2012; Schäfer, 2015). Count-based embeddings
were created with a symmetric window of ±20
nouns, verbs and adjectives occurring at least 50
times in the corpus; each word is represented by
a 46,716-dimensional vector. GloVe embeddings
were created using a symmetric window of ±15
and a minimum frequency of 5, relying on the orig-
inal implementation in Pennington et al. (2014b);
each word is represented by a 50-dimensional em-
bedding. Word2Vec embeddings were created
with a context window of ±5 and a minimum fre-
quency of 5 using the skip-gram objective over
10 epochs with the Gensim package (Řehůřek and
Sojka, 2010); each word is represented by a 300-
dimensional embedding. FastText embeddings
were created with a context window of ±5 and
a minimum frequency of 2 over 5 epochs using
the FAIR FastText implementation (Bojanowski
et al., 2017); each word is represented by a 100-
dimensional embedding.

Sentence Representations We built a second
set of transformer-based textual representations
for our target concepts, as a more direct point of
comparison with representations based on vision-
transformers (see below), by mean-aggregating em-
beddings of 35 sentences of each noun retrieved
from the ENCOW16AX corpus. Embeddings for
each sentence were generated from the models with
the SentenceTransformer package (Reimers and
Gurevych, 2019). Mpnet embeddings uses a pre-
trained mpnet-base (Song et al., 2020) finetuned on
1B sentence pairs. We use all-mpnet-base-v2
(Hugging Face, 2021); the resulting embeddings

have a dimensionality of 768. Gemma embed-
dings is a 300M parameter embedding model
derived from Gemma 3 (Gemma Team et al.,
2025). We use google/embeddinggemma-300m
(Schechter Vera et al., 2025); the resulting embed-
dings have a dimensionality of 768. Qwen3 em-
beddings use a 0.6B parameter embedding model
from the Qwen model family (Yang et al., 2025).
We rely on Qwen/Qwen3-Embedding-0.6B (Zhang
et al., 2025); the resulting embeddings have a di-
mensionality of 1024.

Visual Representations We built visual rep-
resentations relying on the top 35 images for
each noun using Bing Image Search (Microsoft
Corporation, 2025). Images identified as corrupted
or irrelevant were automatically replaced. Image
quality was probed as described in Appendix A.1.
The visual embedding of each concept was
created by mean aggregating the [CLS] token
embeddings, by passing through the respective
models the top-n images (with 1 ≤ n ≤ 35).
Vision Transformer (ViT) embeddings use the
model google/vit-base-patch16-224-in21k
(Google, 2021). The resulting embeddings have
a dimensionality of 768, serving as a baseline for
concept representation from a pure vision trans-
former trained in a supervised manner. DINOv2
embeddings represent concepts using a vision
transformer trained in a self-supervised manner.
We rely on the facebook/dinov2-base model
(Oquab et al., 2024; FacebookAIResearch, 2023);
the resulting embeddings have a dimensionality
of 768. Hiera embeddings represent concepts
using a vision transformer with a hierarchical
architecture trained in a supervised manner. We
rely on the facebook/hiera-large-224-hf
model (FacebookAIResearch, 2024); the resulting
embeddings have a dimensionality of 768. CLIP
embeddings represent concepts using a vision
transformer trained to align images and captions
with contrastive loss. We rely on the image
encoder of the openai/clip-vit-base-patch32
(OpenAI, 2021; Radford et al., 2021) model; these
embeddings have a dimensionality of 512.

Nearest Neighbor Identification We identify
the nearest neighbors of a specific concept within
a specific semantic embedding space by calculat-
ing the cosine between vector representations of
the concept and each nearest neighbor candidate
in that space, and then sorting the neighbors by
decreasing cosine score.
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Figure 1: Neighborhood overlap (top-25) across representations for abstract, mid-scale, and concrete concepts.

We vary both the number and start rank of the
nearest neighbors we sample, by including the nth
to kth nearest neighbors, 1 ≤ n ≤ k ≤ 100; for
example, with n = 1 and k = 5 we would include
the 5 nearest neighbors, and with n = 5 and k = 10
we would include the 5th to 10th nearest neighbors.

At the core of comparing nearest neighbors
across textual and visual semantic representations,
we apply a measure of neighborhood overlap in
the following way. First, we calculate the overlap
On,kc of nearest neighbors for a concept c, where
Nspacei(c)[n : k] denotes the set of neighbors of c
ranked from n to k (inclusive) in a given space i:

On,kc =
|Nspace1(c)[n : k] ∩Nspace2(c)[n : k]|

k − n+ 1
(1)

The concept-specific overlap scores On,kc are then
aggregated by averaging across all target concepts
c in the set C (e.g., the set of all abstract concepts):

Oobs =
1

|C|
∑

c∈C
On,kc (2)

In order to interpret these observed overlap scores
Oobs relative to random chance, we define a nor-
malized alignment score (NAS) by taking into ac-
count the expected overlap Orand between two ran-
dom sets of x neighbors from a candidate set of
N concepts. This reflects the expected proportion
of shared neighbors for two spaces with random
concept positions:

Orand =
x

N − 1
(3)

Our NAS score rescales the observed overlap Oobs
against the expected overlap Orand. A score of
0 indicates overlap by chance; 1 indicates perfect
alignment in the observed neighborhood band.

NAS =
Oobs −Orand
1−Orand

(4)

Significance Testing We evaluate whether a sin-
gle alignment score is significantly greater than
chance using a non-parametric sign-flip permu-
tation test which assumes the null hypothesis of
symmetric scores around. Given a score vector
x = (x1, . . . , xN ) across N concepts we compute
the observed mean and compare it to a null distri-
bution obtained by randomly flipping signs of xi
across B = 10,000 permutation. The two-sided p-
value is the proportion of permuted means at least
as extreme as the observed.

Because our concept sets are large (N=5,448
for the full set of neighbor candidates from Brys-
baert, andN=500 for each concreteness band), and
because of a standard error of mean scaling with
1/
√
N (Good, 2004), statistically significant align-

ment differences are at the level of NAS ≈ 0.01.

3 Experiments and Results

Given that we are interested in overlapping vs. com-
plementary nearest neighbors of abstract and con-
crete concepts in various modality spaces, we re-
port as results and main insights variants of pair-
wise comparisons relying on NAS.

Effect of Models and Modalities Figure 1 shows
NAS scores for all model pairings across the three
concept sets (abstract, mid-scale and concrete, from
left to right) at a fixed neighborhood size of 25.
The top and left-most four models in the matrices
refer to the visual representations, the bottom and
right-most seven (four distributional word and three
sentence representations) refer to the textual ones.

Modality is clearly the overall dominant fac-
tor in alignment scores, i.e., across concrete-
ness levels, model pairs from the same modal-
ity (text-text and image-image, cf. top left
and bottom right parts of matrices) show sub-
stantially stronger overlap than cross-modal

144



Figure 2: Neighborhood overlap (top-25) differences: ∆mid−abstract, ∆concrete−mid, and ∆concrete−abstract.

pairs: Across abstract/mid-scale/concrete con-
cept sets, alignment scores of image-image
spaces reach 0.50/0.56/0.58 (ViT/DINOv2),
and alignment scores of text-text spaces reach
0.69/0.73/0.77 (Word2Vec/FastText), respec-
tively, while across-modality alignment scores only
reach 0.14/0.16/0.26.

The architectural differences of models within
a modality also influence the alignment (with
strongest within-modality alignments for word-
based distributional models, and weakest ones
for sentence-based representations), however to
a lesser degree. Overall, the presented alignment
patterns thus indicate that while semantic spaces
are structured similarly within the same modality,
visual and textual modalities shape them in funda-
mentally different ways.

The modality gap is strongest for abstract con-
cepts, which are inherently more challenging to
ground in visual features. For example, the 3×3 top
left parts of the matrices in Figure 1 (image-image
alignment) show increases from alignment range
[0.25, 0.50] for abstract concepts to [0.36, 0.56] for
intermediate and [0.44, 0.58] for concrete concepts;
the 4 × 4 middle part of the matrices (distribu-
tional text-text alignment, which also presents the
overall strongest alignments) shows increases from
alignment range [0.50, 0.69] for abstract concepts
to [0.54, 0.73] for intermediate and [0.58, 0.77] for
concrete concepts.

We also find – but to a more subtle degree – that
both within and across modalities the alignment is
consistently higher for concrete concepts in com-
parison to mid-scale concepts, where it is again
higher than for abstract concepts. Figure 2 illus-
trates this pattern across concreteness levels, by
showing the differences (∆ scores) between align-
ment scores of mid-scale vs. abstract concept sets
(left), concrete vs. mid-scale sets (middle) and con-

crete vs. abstract sets (right). We can see that the
∆ scores strongly increase from left to right, with
differences of up to 0.21 for image-image align-
ment and up to 0.18 for text-text alignment. This
confirms prior research that concrete concepts tend
to have less diverse neighbors than abstract con-
cepts (Recchia and Jones, 2012; Kiela et al., 2014;
Danguecan and Buchanan, 2016; Reilly and Desai,
2017; Naumann et al., 2018; Schulte im Walde and
Frassinelli, 2022; Tater et al., 2024).

Effect of Image Aggregation We now look into
the effect of increasing the number of images used
for creating visual representations. Figure 3 com-
pares the top-100 overlap of ViT embeddings with
an increasing number of images against textual
embeddings from FastText, and visual embeddings
from DINOv2 and CLIP. The plot illustrates that ag-
gregating image embeddings via mean pooling no-
tably increases alignment scores when adding more
images. This development can be attributed to the
aggregation process mitigating the multiplicity and
saliency issues, which are inherent in any visual
representation – challenges which are more pro-
nounced when visual cues are more variable. Ac-
cordingly, the aggregation effect is stronger within
the vision modality, as it does not affect the gap
between the difference in concept representations
across modalities. Appendix A.2 further explores
the differences of image aggregation across con-
creteness levels.

Effect of Neighborhood In our last analysis, we
explore the role of neighborhood sizes, by com-
puting NAS profiles for increasing neighborhoods.
The plots in Figure 4 shows these profiles for se-
lected model pairings within and across modalities
as well as across concreteness level: abstract, mid-
scale, concrete, and all concepts.
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Figure 3: Neighborhood overlap (top-100) across repre-
sentations and concepts using 1–35 images.

We can see that all alignments involving text
models (top three) show a recurring pattern: the
alignment is clearly highest for concrete concepts
(green lines), and it is lowest for abstract concepts
(orange lines), while alignments for mid-scale con-
cepts and across all concepts (red/blue, respec-
tively) are in-between. For the image-image pairing
(bottom), the picture is slightly different for con-
crete concepts, whose alignment declines relative
to the other concepts with increasing neighborhood
size. Across all pairings, the alignment tends to
monotonically increase with larger neighborhood
sizes, except in the case of concrete concepts in
image-image pairings. The above observations
hold for most model pairings.

Overall, our analysis hints at (i) higher variabil-
ity of immediate neighbors, while larger neighbor-
hoods capture broader semantic similarities, and
(ii) more variability in neighborhoods of more ab-
stract in comparison to more concrete concepts.
The contrast between within- and cross-modal
alignment remains, thus reaffirming the impact of
modality on semantic structure.

4 Conclusion

We presented a systematic evaluation of nearest
neighbors of abstract and concrete concepts by ap-
plying a simple, interpretable, modality- and model-
agnostic metric to comparing a variety of textual
and visual semantic embedding spaces. Our results
confirm that modality is the primary factor shaping
semantic structure: Alignments of neighborhoods
within the same modality are stronger than align-
ments across modalities. Specifically focusing on

concepts across concreteness levels, we found that
concrete concepts show higher alignment of se-
mantic space neighbors than abstract ones, which
confirms the difference in perceptual strength in
the visual domain, where grounding them is es-
pecially challenging. A mean aggregation of im-
ages strengthened the alignment with diminishing
returns beyond 20–25 images per concept; also,
larger neighborhood sizes evoked stronger align-
ments. Our findings provide a foundation for fur-
ther analysis of cross-model and cross-modal dif-
ferences in meaning representation.

Figure 4: NAS profiles for increasing neighborhood
sizes and across concreteness levels.
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Limitations

While our method provides interpretable, model-
and modality-agnostic comparisons of semantic
spaces, several limitations should be acknowledged.
Hubness in high-dimensional semantic spaces may
inflate alignment scores for some central positioned
concepts, which can distort the overlap based com-
parison for this subset of concepts. Bing Image
Search introduces both variation and bias based on
cultural and temporal factors (time of retrieval) in
its search engine ranking. The retrieved images
may therefore not be a comprehensive or com-
pletely representative sample of the possible de-
pictions for a target concept. Our approach pri-
marily focuses on local neighborhood structure by
comparing ranked orderings. It does not account
for global structural properties of these embedding
spaces and also overlooks differences in distances
between concepts.
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A Appendix

A.1 Image Quality Assessment
To assess image quality, we manually rated images
for 30 randomly sampled concepts (10 per cate-
gory) on a Likert-scale based on how well the im-
age visually represented the concept. Images that
contained the concept word in written form were
counted separately. As shown in Table 2, concrete
concepts had the highest visual quality and lowest
proportion of textual depictions, while abstract con-
cepts were harder to depict and often appeared as
symbolic or textual representations.

Level Mean Rating Std Rating Text
abstract 1.99 0.98 0.39
mid-range 3.59 0.94 0.11
concrete 4.67 0.21 0.01

Table 2: Mean image quality ratings and proportion of
images with textual depictions, by concreteness level.

A.2 Effect of Aggregation by Concept Set
In Figure 5 we can see that the effect of aggrega-
tion is more pronounced for more abstract concepts,
which often do not have direct visual referents and
are therefore more variable in their visual represen-
tation. In the text-vision comparison the effect is
also visible if one accounts for the stronger effect
of concreteness levels on final alignment.

A.3 Qualitative Analysis of Nearest Neighbors
We inspected the top-5 nearest neighbors for four
concepts of varying concreteness: eye (concrete
4.9), goal (mid-scale 3.06), probability (abstract,
symbolically depictable, 1.65) and ethos (abstract,
symbolically non-depictable, 1.58). Both vision
and text models produce plausible neighbors for all
concepts, with one exception: lacking clear visual
referents, ethos poses a challenge for the image
models – only CLIP finds meaningful neighbors,
as seen in Table 3.

Figure 5: Neighborhood overlap (top-100) across repre-
sentations for abstract, mid-scale and concrete concepts
(top to bottom) using increasingly more images (1–35).
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Concept: eye
ViT Hiera CLIP Count GloVe FastText
pupil cataract pupil nose hair eyelid
eyelid pupil macro moment nose nose
macro eyelid eyelid spectacle body eyesight
cataract macro blindness mouth ear ear
eyesight cavity cataract amazement skin forehead

Concept: goal
ViT Hiera CLIP Count GloVe FastText
competition spontaneity effort ambition effort effort
greatness effort life team chance scorer
optimism choice achievement effort success goalkeeper
determination inaction teammate motivation advantage striker
confidence enthusiasm victory ability momentum ball

Concept: probability
ViT Hiera CLIP Count GloVe FastText
interpolation interpolation interpolation likelihood correlation likelihood
denominator prevalence subset sensitivity likelihood variance
differentiation subroutine permutation estimation variance estimation
combination vertex combination occurrence prediction prediction
fraction hypothesis approximation propensity estimation approximation

Concept: ethos
ViT Hiera CLIP Count GloVe FastText
competence iteration pathos academy ethic ethic
outcome proposition personality school mindset attitude
competency validity ethic community commitment commitment
analysis percentage trait pupil professionalism tradition
epidemiology tradeoff empathy aspiration culture individuality

Table 3: Five nearest neighbors per concept in vision (ViT, Hiera, CLIP) and text (Count, GloVe, FastText) models.
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Abstract

Word sense disambiguation is the task of se-
lecting a word’s applicable word sense in a
given context. However, ambiguous texts may
lack the information necessary to disambiguate
words completely, resulting in multiple word
senses with varying degrees of plausibility. We
design a dataset around this premise: Our sam-
ples consist of 4–5 sentence short stories, where
the more plausible word sense of the word to
be disambiguated has to be inferred via indirect
clues in surrounding sentences. We collect an-
notations from humans who rate the plausibility
of a given word sense on a scale from 1–5. In
total, our dataset contains 19,049 human word
sense annotations on 1,899 stories. We investi-
gate the performance of large language models
on our data and find that many poorly correlate
with human judgments. We also find that fine-
tuning on our data can increase performance.1

1 Introduction

Lexical ambiguity describes the presence of multi-
ple senses being applicable to the same word and
has been argued to be a functional property of any
efficient communicative system (Piantadosi et al.,
2012). Indeed, psycholinguistic studies have shown
that humans rapidly process such ambiguities in
context (see e.g. McDonald and Shillcock, 2003).
Computational approaches to resolving lexical am-
biguity in context, commonly referred to as the
task of word sense disambiguation (WSD), have
been studied at least since the 80s (Dahlgren, 1988;
Krovetz and Croft, 1989). In the past decade, re-
search has moved from fixed sense inventories to
graded assignments of senses (see §2), following
the predominant psycholinguistic view that senses
are not (strictly) categorical (for a discussion, see
Trott and Bergen, 2023).

1The data will be made available at https://github.
com/Janosch-Gehring/ambistory.

Figure 1: An example from our dataset. The ambiguous
sentence is re-contextualized in three different endings,
resulting in three different stories. Each ending results
in different plausibility scores for the word senses.

In parallel with developments in theory forma-
tion and corresponding benchmarks, there have
been immense technical developments: specifically,
large language models (LLMs) such as GPT-4o
(OpenAI et al., 2024), DeepSeek (DeepSeek-AI
et al., 2025) and Llama-3 (Grattafiori et al., 2024)
have not only dominated the NLP community but
also shown “superhuman” performance in WSD
tasks (Wang and Zhao, 2024). Yet, lexical ambi-
guities still pose difficulties in tasks such as ques-
tion answering, natural language inference, and ma-
chine translation (Zhang and Choi, 2025). Reasons
for this include underspecified language, meaning
that lexical ambiguities are not always resolvable
(see Haber and Poesio, 2024), as well as differences
in background knowledge that can lead to divergent
interpretations of context (see e.g. Plank, 2022).

In this paper, we lay the foundations for inves-
tigating these difficulties. Specifically, we build a
dataset of lexically ambiguous word usages (see
Figure 1 for an example) and collect multiple judg-
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ments on the plausibility of different sentence read-
ings under varying discourse-level contexts. Our
dataset consists of 4–5 sentence short stories where
the fourth sentence contains a homonym2 that is
used in such a manner that the sentence is am-
biguous when read in isolation. Hints towards
the preferred reading are provided in surround-
ing sentences that manipulate the plausibility of
word senses by introducing additional details. A
correct disambiguation of the homonym thus re-
quires a higher-level understanding of the story.
Furthermore, as different contexts will change the
plausibility of word senses to varying extents, our
dataset contains both stories that are perceived as
non-ambiguous and various degrees of ambiguity.

Based on the collected data, we examine the
following research questions:

RQ1 How does context affect human plausibility
judgments, and when do annotators disagree?

RQ2 How well do judgments by LLMs align
with humans, and when are they different or fail?

RQ3 Can an LLM be trained in order to increase
agreement with human judgments?

RQ4 How does additional context affect LLM
performance and human agreements?

2 Related Work

Word Sense Disambiguation (WSD) has been stud-
ied extensively in the NLP community. The ‘Word
in Context’ (WiC) series of tasks provide a common
framework, in which two occurrences of a target
word are (typically) classified in a binary manner
as either representing the same word sense or differ-
ent ones (Pilehvar and Camacho-Collados, 2019;
Raganato et al., 2020). Similarly, the WiC Tar-
get Sense Verification (TSV) task presents a word
in context with one specific sense, which is to be
labeled as correct or incorrect (Breit et al., 2021).

While numerous WSD tasks operate on the
sentence-level, a considerable body of research
has also been dedicated to document-level WSD.
For instance, datasets for ‘All-Words’ WSD tasks,
where the objective is to classify the word sense
of every word in the text, commonly consist of
longer documents (Moro and Navigli, 2015). Other

2We use the term homonym loosely to refer to lexical am-
biguities in our data, since most of the relevant sense pairs are
presumably unrelated. This does not exclude cases of poly-
semy, which we also observe to affect annotation. (see §4.2).

datasets similarly consist of large tagged corpora
(Miller et al., 1993; Taghipour and Ng, 2015).

Comparatively little research has been dedicated
to the idea of multiple word senses having vary-
ing levels of applicability. Jurgens and Klapaftis
(2013) treat WSD as a ranking task, where word
senses are given percentages based on their appli-
cability. Other research tackles WSD as a multi-
label classification task (Conia and Navigli, 2021)
or introduces an ordinal scale to the WiC task
(Schlechtweg et al., 2025; Erk et al., 2009). We
combine ideas from these tasks and create the
first dataset in which the plausibility of different
word senses are judged independently given vary-
ing amounts of context beyond the sentence of a
target word.

3 Data Collection

Stories in our dataset consist of 4–5 sentences:
three describing the situation (‘precontext’), one
ambiguous sentence, and optionally an ending.
Our collection of stories is a multi-step process
in which we collect the precontexts and ambiguous
sentences (forming a ‘setup’), as well as the end-
ings and the plausibility annotations separately.3

We present our data collection approach in the
following. First, we extract a set of homonyms to
use in our short stories (§3.1). Then, we let humans
write ambiguous sentences and prepend a precon-
text to them to form the setup (§3.2). We then
collect ending sentences written by humans (§3.3),
and finally collect human plausibility ratings for
each ‘sample’, i.e. the combination of word sense
and story (§3.4).

For each step, we collect data via Prolific and
require users to pass a qualification test before pro-
ceeding to the study to ensure data quality. In addi-
tion, we manually check each story for adherence
to our guidelines and offensive content, and remove
all low-quality submissions. During the collection
of plausibility ratings, we include a question from
the qualification test as an attention check. We filter
annotators who fail this check.

3.1 Homonym Collection
We first collect a selection of homonyms and their
word sense pairs around which stories are con-
structed. The objective is to collect word sense

3All of our data collection was conducted on Prolific un-
der similar conditions, which are further described in Ap-
pendix A.1. Screenshots of the annotation interface can be
found in Appendix C.
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The man crossed the wrong people. He borrowed money
from a dangerous group. They came knocking on his
door demanding a settlement. The goons made the man
pay.

Alice loved gardening and enjoyed trying to grow exotic fruit.
Jeremy was always excited to taste the fresh produce from their
little backyard. Recently, their fruit supply started to dwindle. Alice
and Jeremy were running out of fruit, so they went out for a date.

(word sense: bear a cost
or penalty, in recompense
of some action)

(word sense: give money,
usually in exchange for
goods and services)

(word sense: a meeting ar-
ranged in advance)

(word sense: sweet edible fruit of
the date palm with a single long
woody seed)

Endings: Endings: Needless to say, there were none
to pick, so it necessitated a visit
to a large supermarket in the
nearby town.

They stole his belongings
and promised to do worse
next time before leaving.

They threatened him un-
til he apologized and re-
turned the money.

They decided to go to a local
Hawaiian restaurant that had
an extensive dessert menu.

Table 1: Example setups (1st row) from our data, with two different endings for each word sense (2nd row).

pairs where the word senses are distinct, yet can be
used within the same sentence structure. There-
fore, we decided to extract these from the pun
dataset SemEval-2017 Task 7 (Miller et al., 2017),
as words used for puns satisfy both criteria. We
filter out word sense pairs where the word senses
are different parts of speech and ones where a word
sense requires a specific particle, as these limit the
ambiguous sentences that can be constructed. The
rest is used to create a large pool of 729 homonym
word sense pairs.

3.2 Writing Ambiguous Sentence

In the second step, we collect ambiguous sentences
from crowdworkers. In the annotation interface, hu-
mans are tasked with writing sentences where a ran-
domly selected word from our pool of homonyms
is used in such a manner that its two displayed
word senses are both plausible. We display both
word senses and two example sentences, gener-
ated with GPT-4o (OpenAI et al., 2024), demon-
strating how the word senses can be used in a sen-
tence to help annotators understand technical def-
initions. If a participant is unable to formulate a
sentence, they can click a button to receive a dif-
ferent homonym. Subsequently, we manually filter
all sentences that do not conform to the guidelines,
e.g. because the homonym is used multiple times
or the sentence is clearly non-ambiguous. In a few
cases where the sentence is successfully ambiguous
but clearly references the wrong word senses, we
manually replace the word senses with the correct
ones. The guidelines for this task are detailed in
Appendix A.2.1. We then further utilize GPT-4o
to edit the sentences to rectify spelling errors (see
Appendix B.1 for details).

Finally, we employ GPT-4o to generate a precon-
text, comprising three sentences, for each ambigu-
ous sentence. We instruct it to generate a beginning

of the story which does not yet resolve the ambigu-
ous word (for details, see Appendix B.2). The
purpose of this additional exposition is to ground
the narrative, thereby aiding annotators in writing
endings and judging the situation’s plausibility.

3.3 Writing Endings
We next collect two endings per setup. We display
each story to two annotators and assign them the
task of composing an ending that enhances the plau-
sibility of one of the word senses of the homonym.
As they are each displayed a different word sense,
the plausibilities of word senses will vary between
the endings despite the setup being the same. For
more details about the task guidelines, please refer
to Appendix A.2.2. Examples of ended stories in
our dataset are displayed in Table 1.

We purposefully do not filter endings which fail
to resolve the ambiguity, which is a common oc-
currence; recognizing to what extent the endings
succeed in the homonym’s disambiguation is a part
of the challenge. Similarly to the previous step,
we use GPT-4o to fix spelling errors and manually
filter low-quality submissions. Refer to Appendix
B.1 for the prompt.

Furthermore, we include an ‘open-ended’ story
for each setup, which is devoid of an ending sen-
tence and thereby commonly leaves the word sense
unresolved. Thus, we obtain three stories for each
setup: One for each of the endings, and one without
an ending.

3.4 Plausibility Rating
Finally, we collect plausibility ratings for each
word sense in the context of a story on a Likert
scale ranging from 1 to 5, where 1 signifies that a
word sense is inconceivable, while 5 represents un-
ambiguous certainty. Each word sense is annotated
by at least five annotators. We also give annotators
the option to mark stories as ‘nonsensical’.
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Section Avg. length (in words)

Precontext 31.5
Amb. Sentence 9.24

Ending 13.5
Entire Story 49.77

Table 2: Average length of story sections in our dataset.

For this task, only one of the word senses is dis-
played to the annotators; they have to rely on their
own language understanding to perceive which
other senses of the homonym may cause a potential
ambiguity. We split annotators into 130 groups,
each of which annotate 30 word sense–story com-
binations. Annotators do not receive multiple sam-
ples containing variations of the same stories so
that each story’s annotations remain independent
of each other. The guidelines for the task are de-
tailed further in Appendix A.2.3.

3.5 Final Data and Split
For computational experiments (§5), we split the
resulting data into a training, development and test
set. The sets are split by the homonym used, en-
suring that the same target word does not appear
across sets. The training set includes 2,280 sam-
ples, the development set 588 samples, and the test
set 930 samples, for a total of 3,798 samples. Each
sample provides the plausibility scores assigned
for one word sense of a target word in the given
story. For each setup, there are three such stories:
one open-ended variant (without explicit ending)
and two ended variants with one ending collected
for each word sense. Consequently, there are six
samples per setup, and 633 setups in total. We
collected 19,049 human judgments in sum, with at
least five plausibility judgments per sample.

4 Data Analysis

Based on the data collection described in Section 3
we want to analyze under which circumstances
people view multiple readings as plausible and
when disagreements occur (RQ1). Before that,
we discuss statistical properties of the collected
data (§4.1) and present a preliminary analysis of
the effects of context and word senses on plausibil-
ity judgments (§4.2).

4.1 Statistics
Story Length Basic statistics of stories in our
dataset are displayed in Table 2. The average story

is around 50 words long, although open-ended sto-
ries are naturally shorter. The ambiguous sentence
itself is typically the shortest part of the story, likely
because of the restrictions posed on writers.

Homonyms The selection of homonyms during
data collection is influenced by randomness and
crowdworker preference. Also, some homonyms
with more than two word senses have multiple word
sense pairs in our random pool, which increases the
odds of drawing them. Therefore, some homonyms
appear more often than others. During the data
collection process, we removed the most popu-
lar homonyms from the random pool to prevent
overrepresentation. The most common homonyms
with ambiguous sentences in our dataset are change
(10x), lousy (9x), shot (7x) and bars (7x). In to-
tal, our dataset contains 361 different ambiguous
word forms (305 different lemma), 411 pairs of
word senses, and an average of 1.75 sentences per
ambiguous word form.

Inter-Annotator Agreement. We analyze the
inter-annotator agreement on our dataset using in-
terval scale Krippendorff’s α (Krippendorff, 2004).
Our annotators achieve an agreement of α = 0.506.
We find this to be a reasonable level of agreement,
given that our task depends on annotators’ own
subjective intuition regarding the plausibility of a
story and the distinction between word senses.

The average standard deviation per sample is
σ = 0.946. The homonym used seems to greatly
influence the human agreement, perhaps due to
inherent disagreements about word sense distinc-
tions or the complexity of word sense definitions.
For example, the homonym with the highest aver-
age standard deviation, identities (σ = 1.59), has
abstract and mathematical definitions which may
have confused the annotators. As the number of
data points per homonym are too low to draw defi-
nite conclusions, we will leave further exploration
of the effect of specific homonyms to future work.

4.2 Effects of Word Senses and Endings
RQ1: How does context affect human plausi-
bility judgments, and when do they disagree?
We investigate to what extent endings affect the
perceived plausibility of word senses. To this end,
we compare the average scores a word sense re-
ceives in different variations of a story. On average,
each word sense’s score differs by around 0.80
(σ = 0.675) when an explicit ending is added to
the stories. This shows that the additional context
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has a strong effect on what word sense is perceived
as plausible for a target word in a given sentence.

When contrasting the scores word senses receive
in one ending versus the other, we find that it varies
by around 1.18 (σ = 0.941) on average. How-
ever, this variance differs greatly between stories.
Some endings fail to change the perceived plausibil-
ity, resulting in mostly unchanged scores, whereas
other endings resolve the perceived ambiguity of
the story.

Disagreements Human disagreement mostly
stems from annotators disagreeing on the extent
of a story’s ambiguity, thus picking extreme values
while others pick middle values. Indeed, about 50%
of human ratings are either 1 or 5. The least picked
rating is 3 (15%), which indicates that humans typ-
ically have a preference for one of the word senses
instead of thinking of multiple as equally plausible.
While non-ambiguous stories are typically rated as
1–2 or 4–5 by all humans, ambiguous ones are the
cause of much disagreement, with ratings for one
word sense sometimes ranging across the entire
scale. Although some outliers may be attributed
to noise, we believe the following to be two of the
most important factors for human agreement:

Word Sense Distinction. As previously stated,
humans are not given a word sense inventory when
rating plausibilities. Even though our dataset fo-
cuses on homonymous word senses, there are occa-
sional instances of related word senses, including
literal and figurative usages of words such as alive
and drooling. Perhaps because some pairs of senses
are perceived as identical in meaning, most anno-
tators picked a label of 5 on all stories and senses
of these words, such as ‘be envious’ and ‘let saliva
drivel’ for drooling.

Word Sense Frequency. Lower-frequency word
senses tend to cause disagreement, as humans may
disagree on the plausibility of their usage or even
forget about them altogether. For instance, in a
story containing the sentence ‘The blankets in the
hotel were pretty lousy’, without additional ending
context, all annotators rated the word sense ‘very
bad’ of lousy as a 5. However, humans are less con-
fident about the lower-frequency word sense ‘in-
fested with lice’, rating it as either 2 or 3. Based on
annotator comments, it seems that lower-frequency
word senses are often not considered as plausible
without supporting information. Approximating
sense frequencies based on SemCor (Miller et al.,
1993), we indeed find a small but highly significant

(p < 0.01) correlation between the frequency count
of a word sense and the average annotator score, as
determined using Spearman’s ρ (Spearman, 1904).

5 Computational Experiments

Following the analysis of human annotations in
Section 4, we next conduct preliminary experi-
ments on our dataset to answer the remaining re-
search questions outlined in the introduction. We
first describe the task setup, models and evaluation
metrics used across experiments (§5.1) and then
address our research questions regarding the align-
ment between LMs and human judgments (§5.2)
and on the possibility of training LLMs to increase
this alignment (§5.3). In context of these exper-
iments, we also analyze the effect of endings as
additional context on LLM predictions.

5.1 Experimental Setup

In the first experiment, we investigate the perfor-
mance of LLMs on our test set without any fine-
tuning on the training or development set. Formally,
we define the task as follows: Each story text Ti in
our data contains a precontext ci, ambiguous sen-
tence ai and an optional ending ei, forming triplets
Ti = ⟨ci, ai[, ei]⟩. The ambiguous sentence ai con-
tains a homonymous word form w with two word
sense definitions Sw = {sw1 , sw2 }. The task is to
predict a plausibility score p = f(swj | T ) for
each sense swj ∈ Sw, where p ∈ {1, 2, 3, 4, 5}
and f is a function or model that assigns a score.

We test multiple pre-trained models for this
task: GPT-4o-2024-08-06, GPT-4o-mini-2024-07-
18 (OpenAI et al., 2024), o3-2025-04-16 (Ope-
nAI, 2025), Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), Mixtral-8x7B-Instruct-v0.1 (Jiang
et al., 2024) and DeepSeek-V3-0324 (DeepSeek-
AI et al., 2025). The GPT and DeepSeek models
were accessed through their respective APIs using
default settings, whereas the other models were
tested using the Huggingface transformers library
(Wolf et al., 2020). We set the temperature to 0 for
all models.4 We experiment with zero-shot and few-
shot prompting techniques. In the zero-shot setting,
we prompt the model with an adjusted version of
the annotation guidelines, while for few-shot, we
also show the examples displayed to annotators
before they start the task.

4o3 does not allow for setting temperature, so default set-
tings were used.
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Spearman Acc. w/in SD

Random 0.000 0.454
Majority N/A 0.558

Llama-3 (0-shot) 0.462 0.663
Mistral (0-shot) 0.382 0.568
Mixtral (0-shot) 0.606 0.634

GPT-4o-mini (0-shot) 0.726 0.726
GPT-4o (0-shot) 0.756 0.755

o3 (0-shot) 0.753 0.763
DeepSeek (0-shot) 0.740 0.790

Llama-3 (4-shot) 0.491 0.694
Mistral (4-shot) 0.209 0.522
Mixtral (4-shot) 0.607 0.649

GPT-4o-mini (4-shot) 0.737 0.726
GPT-4o (4-shot) 0.742 0.725

o3 (4-shot) 0.742 0.760
DeepSeek (4-shot) 0.767 0.816

Human Upper Bound 0.834 0.892

Table 3: ‘Spearman ρ’ and ‘Accuracy Within Standard
Deviation’ scores for different baselines, out-of-the-box
LLMs and our human upper bound.

Evaluation metrics One of our main research
questions concerns how well LLM predictions
align with human judgments (RQ2). As there is no
gold standard for this setting, we evaluate models
based on their correlation with averaged human
judgments as well as a variance-adjusted accuracy
measure. Specifically, we calculate the correlation
between a model’s judgments and the human av-
erage using Spearman’s ρ (Spearman, 1904). As
some samples have a clearer consensus than others,
we consider their annotators’ standard deviation for
accuracy. That is, we calculate Accuracy within
Standard Deviation as the proportion of model
predictions that are within standard deviation (at
least 1) from the average judgment by annotators.

Baselines and upper bound We use two simple
baselines for the task: Random, which randomly
picks a number between 1 and 5 for every sam-
ple, and Majority, which picks the majority label
(which we found to be 4 on average). We also esti-
mate the best possible performance of humans by
evaluating each annotator against the other annota-
tors who received the same sample. We calculate
this human upper bound by averaging the scores of
the highest-scoring human in each group.

5.2 Experiment 1: Out-of-the-Box LLMs

In the first experiment, we test LLMs out-of-the-
box to test alignment with plausibility judgments
provided by humans. As indicated by the results in
Table 3, there are large differences in performance
between models, roughly scaling with model size.
However, while most models perform better than
the majority or random baseline, the human upper
bound is still remarkably higher at a Spearman ρ
of 0.834 and an accuracy of 89%. The best per-
forming model is DeepSeek-V3, being the only
model to obtain an accuracy of over 80%. The rea-
soning model o3 performs the second best with an
accuracy of 76%. GPT-4o models achieve scores
between 72–75%, whereas the Mistral, Mixtral and
Llama-3 models all score below 70%.

The effectiveness of zero-shot and few-shot
prompting techniques also seems to vary between
models. GPT-4o in particular is hurt by the addi-
tion of few-shot prompting, whereas models such
as Mistral-7B and Llama-8B benefit greatly from
the addition of examples.

RQ2: How well do judgments by LLMs align
with humans, and when are they different or
fail? Given the accuracy gap between models
and the human upper bound, it seems there is a
sizable difference between human and model judg-
ments. Model judgments are also fairly different
between models and prompting techniques. Some
examples are displayed in Table 4. We identified
the following common error sources on our test set:

‘Red Herring’ Keywords. In many stories
where the setup itself already strongly favors one
word sense, endings may be ineffective at sway-
ing the plausibilities perceived by humans despite
introducing keywords relating to the less plausi-
ble word sense. An example of this is the first
story in Table 4, where models such as GPT-4o
and DeepSeek-V3 gravitate towards the word cue
referring to a billiards stick due to the ending men-
tioning snooker, whereas humans remain unsure
about the intended word sense.

Judgment of Open-Ended Stories. As we will
discuss further in Section 5.3.2, models seem to
differ the most from humans on open-ended stories
(i.e. without explicit ending). For example, while
all humans and models recognize the ambiguity of
the word shots in the second example of Table 4,
their predictions range from 2–4. Meanwhile, all
humans picked a label of 3, indicating no prefer-
ence for either word sense.

157



Story Word Sense Human Model
average predictions

He spent years perfecting his craft. Every night, he rehearsed in his small,
dimly lit room. Now, it was time to showcase his skills on the big stage.
In front of the large audience, table set, he waited for his cue. He was
ready to play snooker.

sports implement
consisting of a
tapering rod used to
strike a cue ball in
pool or billiards

2.8 [4, 2, 5, 4, 3]

It had been a long week for Emma. She felt overwhelmed by everything
happening. On Saturday, she finally decided to do something about it.
She took three shots that day.

a small drink of
liquor

3.0 [4, 4, 3, 2, 2]

The girl packed her bag for a long adventure. She was excited to explore
new places she had never been. Along the way, she faced unexpected
challenges that left her feeling different. While on a backpacking trip,
the girl ended up in a strange state. She hadn’t been there before, but she
liked it there and would go again.

the territory occu-
pied by one of the
constituent adminis-
trative districts of a
nation

4.4 [5, 2, 2, 2, 3]

Table 4: Examples of human averages and LLM ratings for word sense plausibility in stories. All pictured model
scores were taken from the zero-shot setting (order of scores: GPT 4o, 4o-mini, DeepSeek, Llama-3, Llama-3 + FT).

Word Sense Distinction. LLMs, especially
ones trained on huge amounts of online data, are
likely influenced by online word sense inventories
that were seen during training. Thus, it seems rea-
sonable to assume that LLMs may have knowledge
about the sense distinctions of dictionaries such as
WordNet (Miller, 1994), whereas most humans do
not. Indeed, we find that humans frequently group
similar word senses together. In the last example of
Table 4, humans unanimously agree on the defini-
tion of state being correct, since it clearly refers to
a territory. However, even then, state could realisti-
cally refer to both a province or a country, which
are mapped to distinct WordNet senses. Therefore,
this is a case where human intuition does not align
with a dictionary, which could be a large source for
disagreements between models and humans.

5.3 Experiment 2: Fine-Tuning Llama-3 for
Plausibility Rating

As a follow-up question, we test whether LLMs
can be trained in order to increase agreement with
human judgments (RQ3). In the following, we
demonstrate the utility of our training and vali-
dation set by comparing the performance of the
out-of-the-box Llama-3 and Mistral model with ver-
sions fine-tuned on our data, which we call ‘Llama-
3 + FT’and ‘Mistral + FT’.

5.3.1 Setup
We use LoRA (Hu et al., 2021) to fine-tune
the LLama-3.1-8B-Instruct and the Mistral-7B-
Instruct-v0.3 model on our training and valida-
tion set. During the fine-tuning process, we use
a dropout of 0.1, a learning rate of 2e-4, a simu-

lated batch size of 16, rank r of 16, α of 32, the
target modules q_proj and v_proj, and pytorch’s
AdamW optimizer. We set the model to train for
20 epochs with an early stopping patience of 5.
Training stopped after 8 epochs for both models.

When feeding our training data into the model,
we first display the story itself, followed by the
string: ‘In this context, how plausible is it that
the meaning of the word {homonym} is {definition}
(as in: {example sentence})? Return only the num-
bered score (1, 2, 3, 4 or 5). Do not return anything
else!’. This mirrors the prompt used during testing,
as well as the annotation interface seen by humans.
We concatenate the rounded average of human rat-
ings to the input string and only train the model to
predict that final number.

5.3.2 Results

Results are displayed in Table 5. We observe a
highly significant performance difference between
the base models and their fine-tuned counterparts
(as determined using Wilcoxon signed-rank test;
Wilcoxon, 1945). The performance boost gained
from fine-tuning on our data lets the Llama-3 +
FT model and the Mistral + FT model achieve Ac-
curacy and Spearman ρ competitive with that of
strong models such as GPT-4o or GPT-4o-mini.

RQ3: Can an LLM be trained on our data to
improve agreement with humans? Given the
large score improvement of the fine-tuned models,
we are confident our data can also be useful for
improving other models’ processing of ambiguities.
Note that there is no homonym overlap between
the test set and the training/development set, so the
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Spearman Acc. w/in SD

Random 0.000 0.454
Majority N/A 0.558

Llama-3 (0-shot) 0.462 0.663
Llama-3+ FT (0-shot) 0.725 0.698

Mistral (0-shot) 0.382 0.568
Mistral + FT (0-shot) 0.692 0.726

Llama-3 (4-shot) 0.491 0.694
Llama-3 + FT (4-shot) 0.751 0.795

Mistral (4-shot) 0.209 0.522
Mistral + FT (4-shot) 0.684 0.733

Human Upper Bound 0.834 0.892

Table 5: Results for Llama-3 and Mistral out-of-the-
box (LLama-3 / Mistral) and with additional fine-tuning
(Llama 3 + FT / Mistral + FT).

results show that the fine-tuned model generalizes
beyond homonyms from the training set.

The improvement is also evident in the change
in label distribution, as shown in Table 6 on the
example of Llama-3 and Llama-3 + FT. The origi-
nal Llama-3 model strongly favors the ‘2’ and ‘4’
labels, with those two labels accounting for nearly
all of its predictions. In contrast, predictions by
Llama-3 + FT are balanced more evenly, aligning
much closer with the relatively balanced distribu-
tion of the averaged human judgments.

We next perform an additional analysis regard-
ing the role of endings on performance differences
between LLMs and human judgments, answering
our final research question (RQ4):

RQ4. How does additional context affect LLM
performance and human agreements? Intu-
itively, we expected the disambiguating informa-
tion found in the endings to remove much of the
human disagreement, as there is less need for
subjective conjecture. However, while there are
some slight tendencies, we do not find the differ-
ence between standard deviations of human rat-
ings of open-ended and ended stories to be signifi-
cant (as determined using Wilcoxon rank-sum test;
Wilcoxon, 1945). Nonetheless, we do observe an
effect of endings on the label distributions assigned
across stories, as displayed in Table 6. In particu-
lar, our annotators pick the labels ‘1’ and ‘5’ 5-7
percentage points more often for ended stories than
open-ended stories. This effect is much less pro-
nounced for Llama-3 even after fine-tuning, which

All Stories 1 2 3 4 5

Llama-3 0.3 42.5 0.2 56.6 0.5
Llama-3 + FT 25.8 20.4 15.5 32.2 6.1
Human Avg 11.7 21.8 24.2 24.0 18.3

Open-Ended stories only

Llama-3 0.5 45.2 0.5 53.1 0.8
Llama-3 + FT 26.9 20.3 16.3 32.4 4.0
Human Avg 8.4 23.6 27.1 27.4 13.6

Ended stories only

Llama-3 0.2 41.2 0.0 58.3 0.3
Llama-3 + FT 25.2 20.4 15.2 32.0 7.2
Human Avg 13.4 21.0 22.7 22.3 20.7

Table 6: Label distribution in the test set (in %). Llama-
3 distributions include 0-shot and 4-shot predictions.
Human Avg is based on rounded plausibility scores.

Open-Ended Ended

Mistral (0-shot) 0.503 0.503
Mistral + FT (0-shot) 0.725 0.726

Mixtral (0-shot) 0.619 0.642
Llama-3 (0-shot) 0.667 0.661

Llama-3 + FT (0-shot) 0.681 0.706
GPT 4o-mini (0-shot) 0.697 0.740

GPT 4o (0-shot) 0.713 0.775
o3 (0-shot) 0.768 0.761

DeepSeek (0-shot) 0.755 0.808

Mistral (4-shot) 0.635 0.648
Mistral + FT (4-shot) 0.725 0.737

Mixtral (4-shot) 0.626 0.661
Llama-3 (4-shot) 0.739 0.671

Llama-3 + FT (4-shot) 0.774 0.804
GPT 4o-mini (4-shot) 0.694 0.742

GPT 4o (4-shot) 0.7 0.737
o3 (4-shot) 0.781 0.75

DeepSeek (4-shot) 0.790 0.829

Average (0-shot) 0.681 0.702
Average (4-shot) 0.717 0.731

Table 7: Accuracy within Standard Deviation scores
of models on stories without ending (Open-Ended) and
with an explicit ending (Ended).

suggests that there is still room for improvement
through other training strategies.

We also investigate whether there is a difference
in model performance between ended and open-
ended stories. Results are displayed in Table 7.
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Interestingly, most models perform better on ended
stories than open-ended ones (notable exceptions
including o3 and the low-scoring Llama-3). As
open-ended samples seem to generally be more
challenging to models, but not to humans, we argue
that models struggle with the low information con-
tent of open-ended stories. Humans may have an
innate intuition for interpreting word senses even
without evidence that is less pronounced in models.
The o3 model does not appear to experience per-
formance decrease on open-ended stories, which
suggests that reasoning models may be particularly
well-suited for recognizing ambiguity.

6 Conclusion

We introduced AmbiStory, a collection of 1,899
short stories with human plausibility ratings for
word senses. Each story contains a lexical ambigu-
ity with multiple alternate endings designed to im-
ply different word senses. We investigated how hu-
man plausibility judgments are influenced by story
context, and found inter-annotator agreement to be
affected by the frequency of word senses as well
as relations between them, among other reasons.
In computational experiments, we found LLM pre-
dictions often do not match human-perceived plau-
sibilities, for instance, because of model biases
towards high-frequency senses and distracting key
words in the story context.

In general, we found models to perform worse
when no ending to a story is provided, whereas
human agreement remains stable. This may in-
dicate that LLMs lack the common sense to ‘fill
in the gaps’ in stories with only minimal disam-
biguating information. We believe that our dataset
provides a useful basis for model development and
testing, as exemplified by the possibility of improv-
ing the performance of two LLMs via fine-tuning.
In fact, AmbiStory also serves as the benchmark
for a shared task at SemEval 2026 (Task 5). We en-
courage the community to use AmbiStory to study
and model human perception of lexical ambiguity
beyond individual sentences.

Limitations

While we believe AmbiStory to be an effective
benchmark in its current state, there are some lim-
itations that we would like to address in future
experiments and expansions. Firstly, the stories in
this dataset have a fixed five-sentence length and
3/1/1 structure, where the ambiguous sentence is

always the fourth sentence and the disambiguating
evidence can typically be found in the last sen-
tence. A possible expansion would be to grant
crowdworkers more flexibility by adjusting the an-
notation pipeline, allowing for the story length and
the position of the homonym and disambiguating
information to be more dynamic (and thus less pre-
dictable). Additionally, it would be insightful to
collect judgments for domain-specific homonyms
and analyze annotator feedback to better under-
stand sources of disagreements.

As an addition limitation, we note that our
dataset is currently restricted to English and we
collected data primarily from crowdworkers in the
UK, whose views may not necessarily reflect those
of other native and non-native speakers. Also,
as homonym sense pairs are obtained from a pre-
existing dataset, the set of homonyms in our dataset
is not exhaustive. Finally, our stories may contain
linguistic biases, such as stylistic tendencies com-
mon in language model outputs, as parts of the
stories are written or corrected by GPT-4o.

Ethical Considerations

Our dataset contains text written by LLMs and
crowdworkers, both of which are susceptible to
producing harmful content. We addressed this ethi-
cal risk by carefully filtering all samples that could
be considered harmful, including for example cases
in which one of the word senses has vulgar or offen-
sive connotations in slang. We additionally ensured
that crowdworkers are anonymized and paid above
minimum wage according to the regulations in the
country of the authors.
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A Annotation Details

A.1 Annotation Setup
We use Prolific for all of our data collection. We
set English as first language and an approval rate
of at least 97% as prerequisites for participating.
Most of our writers and annotators reside in the
UK (91%), with some living in the US (5%) and
Australia (4%). We provided a median payment
of about 11 pounds per hour for all of our tasks,
retroactively issuing additional payments where
this median was not maintained.

For the ‘Ambiguous Sentence Writing Task’, an-
notators are required to write 5 sentences. For the
‘Ending Writing Task’, they have to produce 20
endings, and for the ‘Plausibility Annotation Task’,
they have to rate 30 samples. We chose the work-
load per participant to be manageable without them
becoming bored or running out of ideas.

A.2 Guidelines
The following are the guidelines, presented on the
annotation website in a markdown format.

A.2.1 Ambiguous Sentence Writing Task

Introduction to the Ambiguous Sen-
tence Task

Overview
Your task is to write ambiguous sentences.
A sentence is ambiguous if there are multi-
ple ways to understand it.
You will be presented with a word and two
of its meanings. For example, the word bank
and its two word senses “a financial institu-
tion” and “slope next to a river”. Your task
is to write one sentence where the word is
used in such a way that depending on how
you choose to interpret it, either meaning
could apply.
For example, you could write something
like: “On Saturday morning, I went to the
bank.” The word bank here could realis-
tically be either of the two word senses, a
financial institution or a slope next to a river,
so this would be acceptable.
When writing sentences, please try to uphold
the following principles:

• Ideally, both word senses should be
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equally plausible.

• Please make sure that the word ap-
pears exactly once in the sentence.

• The goal is not to write puns, but to
write sentences that allow for multi-
ple interpretations.

• Submissions that clearly contain AI
generated content will be rejected.

Good Examples

Word: racket
Meaning 1: a loud and disturbing noise
Meaning 2: implement used in sports,
e.g. tennis racket
Good Example: I couldn’t concentrate at
all because of the loud racket from the tennis
game.
This is good: It could refer to the tennis
game itself being loud (meaning 1), or the
speaker specifically complains about the
sound of the tennis racket (meaning 2). The
sentence is plausibly ambiguous.

Word: season
Meaning 1: a set of related television pro-
grams
Meaning 2: the four times of year (spring,
summer, fall, winter)
Good Example: Anna thinks that this is the
best season.
This is good: We don’t know what “this”
refers to. It could be either a time of year
or a television series. Because of this, the
sentence remains successfully ambiguous.

Bad Examples

Word: bat
Meaning 1: an implement with a handle
used for hitting the ball in games such as
cricket or baseball.

Meaning 2: a nocturnal mammal capable
of sustained flight
Bad Example: The bat flew out of the cave.
This is bad: It is not plausible that this refers
to an implement like a baseball bat. The
word “bat” is not used ambiguously.

Word: root
Meaning 1: part of the plant which attaches
it to the ground
Meaning 2: the basic cause, source or ori-
gin of something
Bad Example: The root of the problem was
buried deep, just like the roots of the old oak
tree in the yard.
This is bad: The word is used multiple
times. Root should be used only once,
and that occurrence should encompass both
meanings.

Task Procedure
You will first have to pass a simple 4-
question qualification test to confirm that
you are human and understand English. The
qualification test will ask you to pick the
best meaning for a word in a short text. If
you fail the qualification test, you will not
be able to start writing.
If you pass qualification, the writing page
will automatically unlock for you.
If you cannot think of a sentence for the
given word, you can press the button on the
top of the page to get a new word. You can
use the button as many times as you want.
You have to write five sentences to clear the
task.
Good luck and have fun!

A.2.2 Ending Writing Task

Introduction to the Story Ending Task

Overview
You will see the first four sentences of a five-
sentence short story. Your task is to write
one sentence that finishes the short story
coherently.
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Importantly, the fourth sentence contains a
word which has multiple meanings. The
story is written in such a way that you
wouldn’t know which meaning is the one
intended by the author by the first four sen-
tences.
Your ending sentence has to make the in-
tended meaning more plausible than the
unintended meaning. Both meanings will
be displayed to you.
Try to not explicitly spell out the meaning.
Understanding the intended meaning should
only be easy to those who pay attention and
understand the story. You can achieve this
by avoiding words closely associated with
the intended meaning, and by only imply-
ing the happenings in the fourth sentence
instead of outright stating them. See below
for examples.
The story ending should also be logical
given the first four sentences. The story does
not have to be interesting, it just has to make
sense and be coherent.
Also, your ending sentence should NOT
include that ambiguous word with multi-
ple meanings from the fourth sentence.
Also, feel free to add comments in the com-
ment field.

Examples
Story: “Mr Ellis walked to the town square
with a big smile. He carried his easel with
him. He was getting ready to paint. When-
ever he sets up his easel in the town square,
he always draws a crowd.”
Intended Meaning of “draws”: to attract
Unintended Meaning of “draws”: produce
an image of something or someone
Your Ending Sentence: Everyone was quite
impressed by his picture of a flower.
Explanation: In the first four sentences, it
is not clear if he literally sketches a crowd
or if he simply attracts a crowd. The ending
sentence resolves this by implying that he
was sketching a flower, not a crowd.

Story: “The battle raged on as the sun began
to set. He crouched behind a crumbling wall,

desperately scanning the ground. Bullets
whizzed past while his heart pounded loudly
in his ears. He realized that he only had one
shot’.
Intended Meaning of “shot”: a chance or
opportunity to do something
Unintended Meaning of “shot”: a missile
from a firearm
Your Ending Sentence: He thought that it
was now or never as he attempted to escape
from the battle.
Explanation: Some stories like this may
make it hard to argue for the intended mean-
ing when the unintended meaning seems
more likely to begin with. Try to be cre-
ative and come up with a way to increase
the intended meaning’s plausibility. Here,
the implication of him running away and the
expression “now or never” implies that the
amount of shots in his firearm is less im-
portant than his chance/opportunity to get
away.

The Annotation Procedure
You will first have to pass the qualification
test, which consists of four questions. You
only have one attempt at this. The qualifi-
cation test simply asks you to pick the more
likely meaning of English words in the con-
text of a sentence. It is mostly to filter out
bots and should be no problem to English
speakers.
If you fail at the qualification test: You
will not be able to start writing. IMPOR-
TANT: Remember to copy the Screen-Out
Completion Code that will be displayed
to Prolific.
If you succeed at the qualification test:
Once you pass the qualification test, you will
automatically unlock access to the writing
page. Each writer is assigned around 20
stories.
Your progress for both qualification and writ-
ing is saved automatically anytime you
press the NEXT button.
Good luck and have fun!

Please note that the sentence about explicitly not
using the ambiguous word again in the ending was
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only added after data collection already started, as
some annotators misunderstood the task prior to us
adding it. We manually filtered endings where the
task was trivialized by not adhering to this.

A.2.3 Plausibility Annotation Task
The following are the guidelines presented to anno-
tators during the plausibility annotation step.

Introduction to the Plausibility Anno-
tation Task

Overview
You will see a short text in which one sen-
tence is written in bold. That sentence con-
tains a word that can typically take on mul-
tiple different meanings, depending on the
context. One of those meanings is shown to
you.
Your task is simple: Annotate how plausi-
ble a meaning of a word is in the context
of the short text using one of five scores:

• 1: The displayed meaning is not plausi-
ble at all given the context.

• 2: The displayed meaning is theoret-
ically conceivable, but less plausible
than other meanings.

• 3: The displayed meaning represents
one of multiple, similarly plausible in-
terpretations.

• 4: The displayed meaning represents
the most plausible interpretation; other
meanings may still be conceivable.

• 5: The displayed meaning is the only
plausible meaning given the context.

See below for examples.
You can also mark stories as nonsensical,
meaning that the text is strange no matter
which meaning of the word is used. Even
if a story is nonsensical, try to pick what-
ever makes the most sense to you. You can
simply go with your intuition here.
Also, feel free to add comments in the com-
ment field.
There will be times where there is no ob-
jectively correct answer. Whatever the case,

always look at all of the sentences and care-
fully think about how plausible each mean-
ing would be.

Examples
“The bat flew out of the cave.”
Meaning of “BAT”: A sports implement for
hitting balls (e.g. in baseball)
Your Rating: 1
Explanation: A baseball bat flying out of a
cave is inconceivable; it obviously refers to
an animal.

“The letter specified where to meet him. So
after reading it, I went to the bank.”
Meaning of “BANK”: a financial institution
Your Rating: 3
Explanation: Bank could refer to the finan-
cial institution, but it could also be a river
bank. Neither one seems particularly plau-
sible compared to the other, so your rating
should be in the middle.

“The composer often spontaneously had
ideas for new melodies. She writes notes
on a sheet of paper. She can later turn these
into a piece.”
Meaning of “NOTES”: a brief written
record; a memo
Your Rating 2
Explanation: Notes could conceivably refer
to written memos, but given the surrounding
sentences, it is more plausible that she is
jotting down musical notes.

“Mr Ellis walked to the town square with a
big smile. He was getting ready to paint.
Whenever he sets up his easel in the town
square, he always draws a crowd. His
painting of a flower looked really realistic!”
Meaning of “DRAWS”: to attract; direct
towards itself
Your Rating: 5
Explanation: Without the last sentence, it
is not clear whether the intended meaning of
draws is to sketch or to attract. With the ad-
ditional context that he is sketching a flower
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- not a crowd - it becomes clear that attract
is the only plausible meaning. Always look
at the whole story before making your de-
cision!

The Annotation Procedure
You will first have to pass the qualification
test, which consists of four questions. You
only have one attempt at this. Carefully
look at the sentences and determine the plau-
sibility of meanings.
If you fail at the qualification test: You
will not be able to start the annotation. Re-
member to copy the Screen-Out Comple-
tion Code that will be displayed to Pro-
lific.
If you succeed at the qualification test:
Once you pass the qualification test, you
will automatically unlock access to the an-
notation page. Each annotator is assigned
30 samples.
Your progress for both qualification and an-
notation is saved automatically anytime
you press the NEXT button.
Good luck and have fun!

A.3 Qualification Test

We include a similar qualification test at each data
collection step, where annotators evaluate the plau-
sibility of word senses in four short stories. Note
that while the samples are the same, the task dif-
fers between the writing tasks and the plausibility
rating task: During writing tasks, annotators have
to select the more plausible word sense out of two
options, whereas during the plausibility rating task,
to keep it similar to the actual annotation, only one
word sense is displayed and annotators pick on a
scale from 1 to 5. The qualification questions are
pictured here. The correct answers are underlined;
picking a different answer results in immediate dis-
qualification.

Story: The puzzle pieces were scattered
across the table. We spent hours on the
puzzle, but each piece seemed to fit nowhere.
It was a hard puzzle.

Most Plausible Meaning of "HARD":

V difficult to understand or solve
2 solid; not soft

Plausibility of the meaning ‘solid; not
soft’:
1 2 3 4 5

Story: The hotel I stayed at last week was
the worst. The room was dirty and there
was no one at the reception. The service
there was really lousy.

Most Plausible Meaning of "LOUSY":
2 infested with lice
V very bad

Plausibility of the meaning ‘very bad’:
1 2 3 4 5

Story: Max started sweating in the
summer heat. His entire house felt like a
sauna. If he had a fan, the heat would be
bearable.

Most Plausible Meaning of "FAN":
V a device for creating a current of air
2 an enthusiastic follower or admirer

Plausibility of the meaning ‘an enthusias-
tic follower or admirer’:
1 2 3 4 5

Story: Mia and Peter were preparing for
the big race. Peter was confident in his
talent, so he did not train much. In the end,
Mia beat him in the race.

Most Plausible Meaning of "BEAT":
2 strike violently
V come out better in a competition, race or

conflict

Plausibility of the meaning ‘come out bet-
ter in a competition, race or conflict’:
1 2 3 4 5

166



B Prompting

We use GPT-4o prompts at several steps of our
study, which we describe here.

B.1 Annotation Cleaning

We use GPT-4o twice to improve the formatting,
once for the ambiguous sentences and once for
the endings. We instruct it to correct formatting
errors such as punctuation and capitalization to im-
prove the readibility of the story. We also instruct
it to rewrite sentences containing direct speech into
third person to facilitate the construction of a story
around them. We attempt to restrict GPT-4o from
making any other modifications, as any extrane-
ous change could affect the writers’ carefully con-
structed ambiguity. In a few instances, GPT-4o
still replaced the ambiguous word with a synonym,
which we manually fixed.

The following is the prompt for cleaning the
ambiguous sentences:

Correct the following sentence by fixing the
following:
- Fixing the spelling (e.g. fix typos, capital-
ize first letter, add punctuation at the end)
- Fixing the grammar (if necessary)
- If the sentence is in direct speech (e.g. con-
tains the word "you"), rewrite it to be in third
person.
- DO NOT CHANGE ANYTHING ELSE.
Word choices etc must remain authentic to
the original.

The sentence is: {sentence}
Don’t return anything other than the cor-
rected sentence.

The following is the prompt for cleaning end-
ings:

Correct the following sentence by fixing the
following:
- Fixing the spelling (e.g. fix typos, capital-
ize first letter, add punctuation at the end)
- Fixing the grammar (if necessary)
- The sentence follows this sentence: "{sen-
tence}" and should flow coherently.
- No other stylistic changes are allowed.
The sentence is: {ending}
Don’t return anything other than the cor-

rected sentence. If no changes are necessary,
just return the original sentence again.

B.2 Precontext Generation

We use GPT-4o for generating precontexts. The
used prompt is as follows:

Take the following ambiguous sentence,
which is the fourth sentence in a 5-sentence
short text:
{sentence}
In this sentence, the word {homonym} can
mean either "{word sense 1}" or "{word
sense 2}", depending on the context.
This sentence is the fourth sentence in a
story (out of five total). Write the first three
sentences of the story. The first three sen-
tences should serve as an introduction to the
story which explains the circumstances of
the current situation. Try to use simple sen-
tences. Avoid complicated structures, long
sentences and unnecessary information.
Importantly, the word’s meaning is still
rather ambiguous even with the context.
Both meanings should still be equally as
plausible.
Return these first three sentences, do not
return anything else.

B.3 Prediction

We use the following prompt for predicting labels
from all LLMs. It is an edited version of the guide-
lines seen in Appendix A.2.3. Pictured is the few-
shot prompt; the zero-shot prompt is identical ex-
cept for the omission of examples.

You will see a short text in which one sen-
tence is marked with "**". That sentence
contains a word that can typically take on
multiple different meanings, depending on
the context. One of those meanings is given
to you.
**Your task is simple: Annotate how plausi-
ble a meaning of a word is in the context of
the short text using one of five scores:**
* **1**: The displayed meaning is not plau-
sible at all given the context.
* **2**: The displayed meaning is theoret-
ically conceivable, but less plausible than
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other meanings.
* **3**: The displayed meaning represents
one of multiple, similarly plausible interpre-
tations.
* **4**: The displayed meaning repre-
sents the most plausible interpretation; other
meanings may still be conceivable.
* **5**: The displayed meaning is the only
plausible meaning given the context.
There will be times where there is no ob-
jectively correct answer. Whatever the case,
always look at all of the sentences and care-
fully think about how plausible each mean-
ing would be.
Take a look at the following examples.
——
**The bat flew out of the cave.** In this
context, how plausible is it that the meaning
of the word "bat" is "A sports implement for
hitting balls (e.g. in baseball)"?
Correct answer: 1
—
The letter specified where to meet him. **So
after reading it, I went to the bank.**
In this context, how plausible is it that the
meaning of the word "bank" is "a financial
institution"?
Correct answer: 3
—
The composer often spontaneously had ideas
for new melodies. **She writes notes on a
sheet of paper.** She can later turn these
into a piece.
In this context, how plausible is it that the
meaning of the word "notes" is "a brief writ-
ten record; a memo"?
Correct answer: 2
—
Mr Ellis walked to the town square with a
big smile. He was getting ready to paint.
**Whenever he sets up his easel in the town
square, he always draws a crowd.** His
painting of a flower looked really realistic!"
In this context, how plausible is it that the
meaning of the word "draws" is "to attract;
direct towards itself"?
Correct answer: 5
——
Now take a look at the following text: pre-
context **sentence** ending

In this context, how plausible is it that the
meaning of the word "{word}" is "{word
sense}"?
Return only the numbered score (1, 2, 3, 4
or 5). Do not return anything else!

C Annotation Interface

Screenshots of our annotation interface can be
found in Figure 2, 3 and 4.
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Figure 2: Interface for collecting ambiguous sentences.
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Figure 3: Interface for collecting endings.
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Figure 4: Interface for collecting plausibility ratings.
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Abstract

This work explores the impact of dataset qual-
ity and composition on Word-in-Context perfor-
mance for Galician and Spanish. We assess ex-
isting datasets, validate their test sets, and cre-
ate new manually constructed evaluation data.
Across five experiments with controlled vari-
ations in training and test data, we find that
while the validation of test data tends to yield
better model performance, evaluations on man-
ually created datasets suggest that contextual
embeddings are not sufficient on their own to
reliably capture word meaning variation. Re-
garding training data, our results suggest that
performance is influenced not only by size and
human validation but also by deeper factors re-
lated to the semantic properties of the datasets.
All new resources will be freely released.

1 Introduction

Lexical ambiguity (e.g., polysemous words convey-
ing different senses depending on the context) is a
central feature of natural languages, and its reso-
lution remains a challenge for computational mod-
els, as distinguishing between different senses of a
word can be difficult even for humans (Bevilacqua
et al., 2021). In NLP, one of the most widely used
tasks to evaluate model performance in lexical dis-
ambiguation is Word-in-Context (WiC) and its ex-
tensions to other languages (Pilehvar and Camacho-
Collados, 2019; Raganato et al., 2020), where the
goal is to determine whether a target word used in
two sentences has the same meaning or not.

These datasets are typically built using exist-
ing lexical resources, primarily WordNet and Wik-
tionaries. As a result, their quality depends heavily
on the coverage and reliability of these underly-
ing sources, as well as on the specific methodology
used to construct the WiC instances. In this context,
human performance on WiC datasets varies con-
siderably, e.g., around 75% in Japanese and 76%
in Korean, compared to 97% in Farsi, where sen-

tence pairs were manually grouped by an annotator
(Raganato et al., 2020).1

In the case of languages such as Galician and
Spanish, existing datasets have been automatically
constructed using lexical resources with limited
coverage, often relying on machine translation both
in the development of the WordNets and in the
generation of sentence examples (Vázquez Abuín
and Garcia, 2025). Moreover, these datasets have
neither been validated nor evaluated with respect
to human performance, which makes it difficult to
assess their overall quality and reliability.

This work investigates the impact of dataset com-
position and quality on model performance in the
WiC task, focusing on both training and evaluation
data. We begin by assessing the quality of exist-
ing test sets for Galician and Spanish, followed by
a validation process to remove instances that are
ambiguous for human annotators. Additionally, we
construct two new evaluation datasets 2 in which all
sentences are manually authored and validated by
experts—resources that are also useful for analyz-
ing potential data contamination issues (Sainz et al.,
2023). Using these resources, we design five exper-
iments that show that while validating evaluation
data tends to improve model performance, results
on manually created datasets suggest that contex-
tual embeddings alone are not sufficient to reliably
capture word meaning variation. However, during
training, data size and human validation seem to
have a more limited effect, while other factors re-
lated to the semantic properties of the data (such
as the well-known effect of word not seen during
training) may have a more substantial impact.

1This variation is also reflected in model performance,
where for instance, zero-shot models perform better on Farsi
than on Japanese or Korean.

2https://github.com/mrtva/wic-eval-starsem25
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2 Datasets and human annotation

Original datasets: We start by employing, to
the best of our knowledge, the only available
WiC datasets for Galician and Spanish (Vázquez
Abuín and Garcia, 2025). These datasets were
constructed following the same methodology as
the original WiC paper (Pilehvar and Camacho-
Collados, 2019), using WordNets from the Multilin-
gual Central Repository (MCR) (Gonzalez-Agirre
et al., 2012).3 The Galician dataset comprises 1500
training, 400 development, and 1400 test instances.
For Spanish, only two splits are available: 200 in-
stances for training or development, and 800 for
testing. In all cases, each instance consists of a pair
of sentences containing the same word form, along
with a binary label indicating whether the word has
the same meaning in both contexts (‘true’) or not
(‘false’). It is worth mentioning that some instances
of the Galician datasets were translated from En-
glish or Spanish using machine translation. While
the translations were validated by native speakers,
the original paper only mentions a manual review
of the test data, but does not report any human
evaluation of the final datasets.

Validation of the test sets: To assess the qual-
ity of the original automatically created dataset,
we randomly selected 150 instances from the test
sets, which were independently annotated by three
experts, bilingual speakers of both languages. An-
notators performed the WiC task by determining
whether a target word carried the same meaning
in two different contexts, assigning a binary label
(0 for ‘false’, 1 for ‘true’). No external resources
were made available during the annotation process.

The average agreement between each annotator
was 71% and 63% for Galician and Spanish, re-
spectively.4 Table 1 presents the inter-annotator
agreement results, both for individual annotator
pairs and across all three experts. The agreement
levels range from fair to moderate for Galician,
and remain fair for Spanish, highlighting potential
limitations in automatically generated datasets.

2.1 New human validated test sets

The inter-annotator agreement results indicate that,
although automatic dataset creation offers scalabil-

3https://adimen.ehu.eus/web/MCR
4Furthermore, we computed a majority vote accuracy,

where each instance was assigned by the majority of the three
annotators, with an accuracy of 71.33% for Galician and 62%
for Spanish.

Annotators Gal Spa

Annotator 1 vs. 2 0.444 0.323
Annotator 2 vs. 3 0.419 0.399
Annotator 1 vs. 3 0.443 0.455

Fleiss’ κ 0.435 0.389
Krippendorff’ α 0.436 0.390

Table 1: Inter-annotator agreement on the original
Galician and Spanish test sets. Top rows are Cohen’s κ
scores between pairs of annotators, while bottom rows
show the kappa and α values for the three annotators.

ity, it may introduce ambiguities or inconsistencies
that compromise data quality. To address this, we
developed a revised version of the test sets by con-
ducting large-scale human validation and retaining
only those instances for which the original and
human-assigned labels were in agreement.

To this end, we randomly selected 950 instances
for Galician and 650 for Spanish from the original
test sets, which were then validated by a bilingual
language expert. The observed agreement between
the expert and the original labels was 71% for Gali-
cian and 68% for Spanish. Following the original
WiC setup, we ensured a balanced distribution of
‘true’ and ‘false’ instances by selecting 450 and 370
sentence pairs for the new validated Galician and
Spanish datasets, respectively.

2.2 New manually created test sets
In addition to the potential ambiguities introduced
by WordNet examples, automatically constructed
datasets also present a risk of data contamination,
as many of the sentences may have been seen by
language models during pretraining. To assess the
impact of these factors, we created an additional
test set for each language, composed entirely of
manually written sentences. The process is ex-
emplified in Table 2, while Table 3 provides an
overview of the three datasets (original, validated,
and manually created) for Galician and Spanish.

We randomly selected 50 instances (100 sen-
tences) from the original test sets for each lan-
guage (Test set row in Table 2). Two language
experts were then asked to carefully read each sen-
tence, consider the meaning of the target word
in its specific context, and compose a new sen-
tence (between 5 and 15 words) in which the target
word conveys the same meaning (Expert rows).
Then, we combined the new sentences produced
by each linguist to construct new instances labeled
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Source Sentences Label

Test set Sentence 1 Sentence 2 False

Expert 1 New_A1_S1 New_A1_S2 —
Expert 2 New_A2_S1 New_A2_S2 —

Comb. New_A1_S1 New_A2_S1 True
Comb. New_A1_S2 New_A2_S2 True
Comb. New_A2_S1 New_A1_S2 False
Comb. New_A2_S2 New_A1_S1 False

Table 2: Example of the process to create the new
dataset. We use sentences from the test set (Sentences 1
and 2) to manually create new contexts with the target
word conveying the same meaning (New_A1_S1, etc.).

Dataset Train TWs Test TWs

Original 1500 1187 1400 905
Validated — — 450 374
Manual — — 172 50

Original 200 190 800 641
Validated — — 370 322
Manual — — 174 50

Table 3: Summary of the datasets employed in our ex-
periments for Galician (top) and Spanish (bottom), in-
cluding where each dataset came from (original, vali-
dated subset, or manually created), the number of in-
stances per split (train/test) and the number of unique
Target Words (TWs). With the exception of the origi-
nal datasets, both the validated and manually created
datasets were reviewed by humans.

as ‘true’—when both sentences were derived from
the same original context—and ‘false’—by pairing
sentences that originated from different contexts
in which the target word had distinct meanings—
as can be seen in the Comb. rows of Table 2.
As before, we maintained a balance between true
and false instances by selecting 200 instances per
language—100 for each class. Finally, two lan-
guage experts validated half of the newly created
instances, yielding an observed agreement of 86%
for Galician and 87% for Spanish. We retained
only those instances where there was agreement,
resulting in final manually created test sets consist-
ing of 172 sentence pairs for Galician and 174 for
Spanish.5

5Although other experimental settings with less strict crite-
ria could be explored, in this work we focus on minimizing
ambiguities by selecting only agreed cases.

3 Experiments

We conducted five experiments to evaluate differ-
ent combinations of training and test data, includ-
ing original, human-validated, and fully human-
created datasets for Galician and Spanish. These
experiments were designed to analyze the impact
of composition and quality of the datasets on model
performance. The first three experiments use the
same original training data while varying the test
sets. Exp1 evaluates performance on the original
automatically constructed test set. Exp2 replaces
it with the manually validated version to assess the
effect of validation. Exp3 tests the models on the
manually created datasets. Together with the third
one, the final two experiments explore the influence
of training data on the manually created test sets.
In Exp4, we augment the original training set with
validated data to evaluate the benefit of incorporat-
ing human-verified examples. Exp5 trains models
exclusively on the validated datasets to investigate
whether smaller, high-quality training sets can out-
perform larger automatically created ones.

Models: We evaluated base-size encoder mod-
els for both Galician—Bertinho (Vilares et al.,
2021) and BERT (Garcia, 2021)— and Spanish—
Bertin-RoBERTa (De la Rosa et al., 2022) and
RoBERTa-BNE (Fandiño et al., 2022).6 We com-
pared these encoder models to the multilingual
XLM-RoBERTa-base (Conneau et al., 2020) in
both languages, and included LLaMA 3.2 3B
(Grattafiori et al., 2024) as an example of a state-
of-the-art multilingual decoder model.

Method: We follow the standard WiC approach
proposed by Wang et al. (2019), which involves
training a logistic regression classifier on the con-
catenation of the contextualized representations of
the target word in both sentences. For each model,
we train a separate classifier for each layer and re-
port the best performance across layers.7 Word rep-
resentations are extracted using transformer-based
models via the minicons library (Misra, 2022),
which is built on HuggingFace’s Transformers.8

6These models were selected because they demonstrate
state-of-the-art performance as encoder models for Spanish
and Galician across most evaluations.

7For each experiment, we evaluated both the original and
z-score normalized embeddings, using the standardization
method from Timkey and van Schijndel (2021), and report the
best results.

8https://github.com/huggingface/transformers
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Baseline: As baselines, we implemented two co-
sine similarity-based methods: one using the con-
textualized representations from the transformer
models, and another using sentence-level embed-
dings obtained by averaging FastText embeddings.
For both methods, we varied the classification
threshold in increments of 0.02, labeling a pair
as ‘true’ if the similarity exceeded the threshold.

4 Results and discussion

The best results for each model can be found at
Tables 4 and 5, including the highest results for the
baselines.9

Focusing on the impact of the different test
sets, we observe a slight performance improve-
ment when using the human-validated test set in
most of the models (Exp1 vs. Exp2), suggesting
that human review contributes to the reduction of
potential ambiguities and errors of the automati-
cally generated test sets. However, when evalu-
ating on the manually created and validated test
sets, we observe a notable performance drop in
both languages, particularly for the logistic regres-
sion classifiers, and to a lesser extent for the base-
lines (Exp2 vs. Exp3). This suggests that, despite
being less ambiguous, the manually constructed
datasets pose greater challenges for models rely-
ing on contextualized representations, as simpler
cosine similarity-based methods outperform the
classifiers.10 Notably, the baseline results remain
largely consistent across different training configu-
rations (Exp3–Exp5 for Galician and Exp4–Exp5
for Spanish), as they share the same test set and
the baselines are only minimally influenced by the
training data. Contributing factors may include the
fact that these sentences were not seen during pre-
training, unlike those derived from WordNet and
other public resources, which were likely included
in the models’ pre-training data, and that they may
also differ in nature from examples originating in
such lexical resources.

Concerning the impact of incorporating human-
validated data into the training (Exp3 vs Exp4),
no remarkable changes in the overall performance
were observed. However, a deeper analysis re-

9The complete results of the baselines are shown in Ta-
bles 6 and 7 in Appendix A while the full results by layers
and cosine thresholds are reported in Tables 8 and 9 in Ap-
pendix B.

10Additional evidence for this hypothesis comes from
follow-up experiments (not reported here), in which incorpo-
rating cosine similarity as a feature into the logistic regression
models led to substantial improvements in performance.

veals that increasing the amount of training data
improves generalization, as evidenced by higher
accuracy on words not seen during training rises
(yielding average gains of 2% for Galician and 3%
for Spanish in monolingual models) while only
causing minor decreases in performance on seen
words.

Finally, although the results from training mod-
els exclusively on a small validated dataset (which,
in the case of Spanish, is larger than the initial one)
are not conclusive, it is noteworthy that in some
cases this setup outperforms training on a larger
corpus (Exp3), even when including the validated
data itself (Exp4). In this respect, and given that
the datasets include a range of semantic phenom-
ena (e.g., homonymy, different types of polysemy),
these results suggest that generalization may be
hindered not just by data size or quality, but also
by other factors such as the semantic relatedness
between training and test instances or the presence
or absence of regular polysemy patterns.

5 Conclusions and further work

This paper presented an evaluation of the impact
of dataset composition and quality on WiC perfor-
mance for Galician and Spanish. We began by as-
sessing the quality of publicly available datasets for
these languages, followed by a validation process
to enhance the reliability of the test sets. In addi-
tion, we constructed new manually created datasets
for both languages, also verified by expert anno-
tators. To systematically examine the effects of
data quality and composition, we conducted five
experiments involving controlled variations in both
training and test data.

While models appear to handle many ambigu-
ous cases in the automatically constructed datasets,
they often struggle when evaluated on the manu-
ally created ones. This suggest that contextualized
representations may not fully capture fine-grained
sense distinctions, and that simpler methods based
on cosine similarity can sometimes be more reli-
able. Regarding training data, our findings suggest
that performance depends not only on the amount
and validation of data but also on deeper factors
that deserve further analysis, such as the proportion
of target words shared between training and test
sets, or the semantic relatedness and distribution of
polysemy patterns across datasets.

It is worth noting that the models used in this
study are general-purpose pretrained models, and
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Exp Train Size Test Bas BERT Bertinho XLM Llama
1 Original 1500 Original 66.4 78.7 78.3 79.6 81.4
2 Original 1500 Valid 72.2 79.6 82.2 81.6 84.0
3 Original 1500 Manual 75.7 53.8 56.7 54.3 52.0
4 Orig+Valid 1950 Manual 75.7 56.1 56.1 56.7 55.5
5 Valid 450 Manual 75.7 57.2 53.2 56.1 55.5

Table 4: Summary of the best results for each model in Galician across the five experiments. Bas is the best baseline
(see Table 6 for the complete results).

Exp Train Size Test Bas Bertin RoBERTa XLM Llama
1 Original 200 Original 63.1 60.4 61.9 60.5 64.1
2 Original 200 Valid 72.2 63.2 61.6 61.6 62.7
3 Original 200 Manual 70.9 52.0 52.6 53.7 51.4
4 Orig+Valid 570 Manual 71.4 54.3 54.3 54.9 55.4
5 Valid 370 Manual 71.4 54.9 56.0 56.6 54.2

Table 5: Summary of the best results for each model in Spanish across the five experiments. Bas is the best baseline
(see Table 7 for the complete results).

not specifically fine-tuned for the WiC task. For
future work, we aim to investigate strategies to en-
hance performance on WiC tasks, ranging from
unsupervised methods, such as the WiC-targeted
fine-tuning of MirrorWiC (Liu et al., 2021), to
supervised fine-tuning approaches exemplified by
XL-LEXEME (Cassotti et al., 2023).

Limitations

Models: Regarding the models, our experiments
were limited to encoder-based architectures of
‘base’ and 3B decoder models. As such, the conclu-
sions may not generalize to other types of models,
including smaller monolingual decoders or signifi-
cantly larger multilingual models. Furthermore, all
models under consideration are generic pretrained
and have not been adapted or fine-tuned specifically
for the WiC task.

Data: With respect to the data, some conclusions
should be further validated in other languages and
with larger datasets. This applies to both training
data (which remains limited for Spanish), and eval-
uation data, especially the manually constructed
test sets, which are comparatively small.

Method: As for the evaluation methodology, we
rely on standard WiC setups using simple clas-
sifiers that operate over concatenated contextual
embeddings of the target word. More complex
modeling approaches may yield improved results
and provide additional insights not captured in this
setup.

Analysis: Finally, a more fine-grained analysis
would be required to draw robust conclusions about
the relationship between training and test corpora.
Such an investigation goes beyond the scope of this
short paper.
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Appendix

A Baseline results

Exp Train Size Test FastT BERT Bertinho XLM Llama
1 Original 1500 Original 55.6 62.4 66.4 60.0 62.1
2 Original 1500 Valid 58.2 69.8 72.2 67.6 68.4
3 Original 1500 Manual 57.8 75.7 72.8 74.0 68.2
4 Orig+Valid 1950 Manual 57.8 75.7 72.8 74.0 67.6
5 Valid 450 Manual 57.8 75.7 74.0 74.0 68.8

Table 6: Baseline results for the five experiments (Exp) in Galician. Size is the number of instances in the training
data, while Train and Test indicate the datasets used.

Exp Train Size Test FastT Bertin RoBERTa XLM Llama
1 Original 200 Original 54.1 56.3 60.5 63.1 58.6
2 Original 200 Valid 54.3 61.4 69.2 72.2 68.9
3 Original 200 Manual 59.4 58.9 70.9 64.0 68.6
4 Orig+Valid 570 Manual 59.4 58.9 71.4 64.0 68.6
5 Valid 370 Manual 59.4 58.9 71.4 64.6 68.6

Table 7: Baseline results for the five experiments (Exp) in Spanish. Size is the number of instances in the training
data, while Train and Test indicate the datasets used.

B Layers and cosine thresholds for the best results

Exp Bas BERT Bertinho XLM Llama
Acc. Cos. Acc. L. Cos. Acc. L. Cos. Acc. L. Cos. Acc. L. Cos.

1 66.4 0.60 78.7 9 0.54 78.3 9 0.36 79.6 9* 0.46* 81.4 11 0.34
2 72.2 0.58 79.6 9 0.52 82.2 9 0.36 81.6 9 0.52 84.0 8 0.34
3 75.7 0.32 53.8 10 0.36* 56.7 9 0.30 54.3 11 0.54 52.0 21 0.62
4 75.7 0.32 56.1 10 0.54* 56.1 9 0.30 56.7 11 0.52* 55.5 16* 0.52*
5 75.7 0.32 57.2 10 0.34* 53.2 7 0.40 56.1 11* 0.52* 55.5 22 0.58

Table 8: Summary of the best results for each model in Galician across the five experiments with their layer(s) and
cosine threshold(s). Cells marked with * indicate that multiple layer–cosine combinations yielded the same score;
in such cases, we report the configuration with the lowest layer index.

Exp Bas Bertin RoBERTa XLM Llama
Acc. Cos. Acc. L. Cos. Acc. L. Cos. Acc. L. Cos. Acc. L. Cos.

1 63.1 0.74 60.4 2 0.74 61.9 10 0.58 60.5 12 0.56* 64.1 10 0.30
2 72.2 0.52 63.2 3 0.68 61.6 6 0.60 61.6 12 0.62 62.7 8 0.34
3 70.9 0.58 52.0 8 0.38* 52.6 9 0.38 53.7 11 0.42 51.4 10 0.32
4 71.4 0.58 54.3 8 0.38* 54.3 9 0.38 54.9 11 0.42* 55.4 10 0.32
5 71.4 0.58 54.9 8 0.38 56.0 9 0.38 56.6 11 0.44 54.2 10 0.32

Table 9: Summary of the best results for Spanish across the five experiments with their corresponding optimal
layer(s) and cosine threshold(s). Cells marked with * indicate that multiple layer–cosine combinations yielded the
same score; in such cases, we report the configuration with the lowest layer index.
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Abstract

We ask whether contemporary LLMs are able
to perform natural language inference (NLI)
tasks on mathematical texts. We call this the
Math NLI problem. We construct a corpus of
Math NLI pairs whose premises are from ex-
tant mathematical text and whose hypotheses
and gold labels were provided by people with
experience in both research-level mathematics
and also in the NLI field. We also investigate
the quality of corpora using the same premises
but whose hypotheses are provided by LLMs
themselves. We not only investigate the per-
formance but also the inter-group consistency
of the diverse group of LLMs. We have both
positive and negative findings. Among our pos-
itive findings: in some settings, using a major-
ity vote of LLMs is approximately equivalent
to using human-labeled data in the Math NLI
area. On the negative side: LLMs still struggle
with mathematical language. They occasionally
fail at even basic inferences. Current models
are not as prone to hypothesis-only “inference”
in our data the way the previous generation
had been. In addition to our findings, we also
provide our corpora as data to support future
work on Math NLI. Our data can be found at
https://github.com/MathNLI/MathNLI.

1 Introduction

We study natural language inference (NLI) tasks in
the area of research-level mathematics. One might
think that LLMs would do extremely well on this
task. After all, what counts as an entailment or
contradiction in everyday-language texts is often
taken as a complicated version of what happens
with mathematics. So we might expect purported
mathematical inferences to be easier to evaluate
than those in everyday language. And unlike lan-
guage in the wild, the domain of mathematics is
fairly well-defined. Facts, definitions, and logical
reasoning play a large role in mathematical writing.
Sentences ought to be precise and unambiguous.

However, there are complications with mathe-
matical text from the start. The vocabulary may
be unfamiliar to a generic audience: mathematical
parlance can use daily words with new, unfamiliar
meanings, e.g. ‘ring’, ‘field’, or even ‘folklore’. On
top of this, the use of visual elements such as sym-
bols, equations, and diagrams, almost changes the
very language of the text from plain text to a richer,
multimodal language. The field lacks open-source
resources such as dictionaries and glossaries for
mathematical concepts. It is much harder to find
a “person on the street” annotator of mathematics
than of more common forms of text.

When confronted with the incredible solutions
to mathematical-like problems that deep learning
systems can offer nowadays (e.g., AlphaGeome-
try (Trinh et al., 2024)), it is difficult to believe
that these systems cannot understand the basics
of causality or of propositional reasoning used
throughout mathematics. Nonetheless, when tested
on these basics, the LLM-based systems still make
very surprising (to humans) mistakes. Further,
the fact that LLMs do not have a notion of self-
consistency has been documented in many recent
papers (Sedova et al., 2024; Kıcıman et al., 2024;
Xu et al., 2024). But mathematics, as usually prac-
ticed, needs self-consistency. In a sense, it seems
that sometimes the deep learning systems deserve
an A+ in advanced problem solving but a B in the
basics.

For all of these reasons, we could conclude, per-
haps surprisingly, that the NLI task is not much
easier when using LLMs to deal with mathematical
text after all. In this paper, we shall see how pre-
cisely correct Math NLI using LLMs can be. We
decided to experiment and build a corpus of NLI
inference pairs, comparing the output of several
LLMs on mathematical text.
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P (Premise) H (Hypothesis) Label

A notion of central importance in categorical topology
is that of topological functor.

Topological functor is a notion of categorical topology. E

The problem of relating a factorization system to a
pointed endofunctor is considered.

The problem of relating a factorization system to a
pointed endofunctor is not discussed.

C

A notion of central importance in categorical topology
is that of topological functor.

There are many notions of central importance in categor-
ical topology.

N

Table 1: Examples in human-created seed Math NLI corpus.

1.1 Research questions

Our big question: Can LLMs be reliable construc-
tors and annotators of Math NLI corpora? We ad-
dress this by asking and answering some secondary
questions: (a) How well do LLMs perform on a
Math NLI corpus annotated by mathematicians?
(b) Are there common features to the errors which
they make? (c) How good is a Math NLI corpus
annotated entirely by LLMs? (d) Are LLMs more
unanimous on human-written corpora or on corpora
generated by LLMs themselves?

1.2 Goal, plan and structure of the paper

The “deliverables” of this paper are two corpora for
Math NLI: one written by humans and the other by
GPT. These are not benchmarks. But we believe
that they will help others who work on this topic.

Equally important, this paper details what we
have learned about Math NLI from several years of
work, including work that did not turn out as well
as we had hoped. Overall, our goal is to make some
points about Math NLI which we believe have not
been made elsewhere, based on data and examples
which we have collected. The plan of the paper is
to tell the story of this work.

2 Math NLI seed corpus

2.1 Creation of a seed set of pairs

Our first experiment used a corpus of abstracts of ar-
ticles in the journal Theory and Applications of Cat-
egories (TAC) developed in (Collard et al., 2022)1.
This corpus has some 3K sentences, but 432 were
singled out as ‘Goldilocks-like sentences’: not too
short, not too long, and with little or no LATEX
markup. Then we chose 31 of these sentences, and
for each sentence S in this set, three of our team
members were asked to write a sentence entailed
by S, a sentence contradicting S, and a sentence

1Available at https://github.com/ToposInstitute/
tac-corpus.

neutral with respect to S. (So we had the “gold la-
bels” by construction. But as we found repeatedly,
getting consistent data from humans is difficult,
even about mathematical texts.) The team mem-
bers were told to produce grammatical sentences
that did not depend on factual knowledge about the
mathematics in the original TAC sentence and that
tried to introduce as few new facts as possible. It is
impossible to do this perfectly, but the team mem-
bers strove to do so. We had three people, three
labels, and 31 starting sentences. Hence we had
3 × 3 × 31 = 279 pairs, equally divided with E,
C, and N labels.

We aimed to fulfill the following conditions as
much as possible:

1. Inferences should be uncontroversial. We
want inferences which most mathematicians
would take to be “immediate.”

2. We treat mathematical concepts as black
boxes. (Inference should depend as little
as possible on the background mathematical
knowledge of the assessor.)

3. We avoid “dangling references", pronouns (it,
they) or demonstratives (this, that, here, there)
without clear antecedents. In general, we tried
to avoid all of the problematic issues in natural
language semantics.

Table 1 shows some examples of human-created
hypotheses and their labels.

Having constructed our seed set of 279 pairs we
used a collection of LLMs to evaluate it, as shown
in Table 2. This led to the realization that not only
did human creators disagree with each other, also
the rate of unanimity between machines was not
very stable. In particular, we discovered some 20
pairs with contradictory evaluations between ma-
chines and humans. We called these the red pairs,
as they deserved further attention. We explain our
process of evaluation, the LLMs used, and our set
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Abbr. Model

GPT4 GPT-42

L2 Llama 2 (Touvron et al., 2023) 70B
L3 Llama 3 (Grattafiori et al., 2024) 70B
C3 Claude 3 https://claude.ai/ unknown
Mistral Mistral-large
L3.1 Llama-3.1-70B-Instruct (Grattafiori et al., 2024)
Q2 Qwen2-72B-Instruct (Bai et al., 2023)
Mixtral Mixtral-8x22B-Instruct-v0.1 (Jiang et al., 2024)
DS deepseek-llm-67b-chat (Bi et al., 2024)
Ge2 gemma-2-27b-it (Team et al., 2024)

Table 2: LLMs used in Exp. 1. Top: Group 1: five initial
LLMs; Bottom: Group 2: five later LLMs.

up in the next section, but we discuss briefly the
red pairs now.

2.2 Red Pairs
Our three mathematically-trained group members
tried to analyze the kinds of mistakes LLMs were
making in these pairs. We discovered a few patterns
of problematic or flawed reasoning:

Ignored context. Sometimes a specific context
was mentioned, for instance

• P: In the nilpotent case, this nerve is known
to be a Kan complex.
H: This nerve is not known to be a Kan com-
plex.

but it looks like the LLMs discarded the specific
context (the nilpotent case) and compared the ma-
trix sentences – in the example above this leads to
a contradiction – instead of a neutral label. This
is similar to the problems with modal and coun-
terfactual reasoning discussed in (Holliday et al.,
2024).

Vague quantifiers. We also have problems with
vague predicates like numerous, few, many, where
humans could also disagree amongst themselves:
one example from the ‘red pairs’ set is

• P: We worked through numerous examples to
demonstrate the power of these notions.
H: We worked through two examples to
demonstrate the power of these notions.

The mathematicians agreed that numerous exam-
ples should entail two examples, but LLMs did not.

Lexical ambiguity. There is lexical ambiguity,
for example, with the verb “resemble" which might
mean “is almost equal" (for some humans) or “it
looks similar to something else, but it is not the

same as" – a reason why we might have humans
saying both contradiction or entailment in the ex-
ample:

• P: The axioms resemble those for monoidal
Abelian categories.
H: The axioms are the ones of monoidal
Abelian categories.

Note that the ambiguity which we call “lexical”
here might also be called “pragmatic” because the
issue is whether the use of “resemble” here carries
the Gricean implicature that if an object A resem-
bles an object B, then A is not, strictly speaking,
B at all.

Naming of math entities. There is a problem
with naming mathematical entities, e.g. “group B"
vs. “group C" if this is only used as a generic name,
as an α-variant, then the difference between B and
C doesn’t matter. But many times we are talking
about different groups.

Unknown math concepts. Sometimes one really
must know the concepts involved. For example, for
the pair

• P: This paper proposes a recursive definition
of V-n-categories and their morphisms.
H: This paper proposes a definition of V-
categories.

if we know that ‘V-n-categories’ are ‘V-categories’,
then we can decide on entailment. But how do
we know that? The mathematician is at liberty to
create concepts and name them in strange ways.
For instance a “skew monoidal category” is not a
“monoidal category”, only an ‘almost’ monoidal
category.

3 Evaluating LLMs on the seed corpus

In our first experiment, we harness LLMs to evalu-
ate the seed corpus.

3.1 Method
The seed corpus was originally judged by five
LLMs, the top ones in Table 2. We used the prompt
shown in Appendix C. When 4 or 5 LLMs dis-
agreed with the human annotation, we discussed
the pair again, throwing it out if it was considered
“controversial” by the mathematicians in our group.

We use API services from together.ai to
query the LLMs, using a script to extract E/C/N
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judgments from each model’s explanation. The al-
gorithm used is simple: it counts the occurrences
of a few keywords in the first sentence without se-
mantical analysis. (It works well if the model gives
the answer directly.) However, this algorithm can
fail. For example, when the model does not follow
the instructions strictly we may end up with a pair
that is neither E nor C nor N, and as usual in NLI
we take N as a catch-all for “not E and not C.”

3.2 Results

Performance of 10 LLMs on the seed MathNLI
corpus is shown in Table 3, with their confusion
matrices shown in Table 4.

Table 3 presents the precision, recall, f1-score
and accuracy for 10 LLMs. The overall accuracy
is medium to high, ranging from 71% to 91%, sug-
gesting that in general, the LLMs we tested can
perform category-theory-related mathematical in-
ference to a certain degree. We note that the first
group of LLMs (to the left of the table) are not
particularly better than the second group (on the
right). This might reflect the fact that the first group
were closed-source, while Group 2’s models were
open-source. The first group has two closed source
models: Claude 3 and GPT-4; the others are open
source. In particular, Claude 3 seems to still be bet-
ter than the open-source LLMs, but perhaps more
runs are necessary to confirm this.

A main message from Table 4 is that most mod-
els struggle with neutral pairs, mistakenly catego-
rizing them either as entailment pairs or contradic-
tory pairs. For instance, Llama-3 is particularly
bad in that it labels as many as 35% of neutral pairs
as contradictions; only 48% of the neutral pairs are
correctly classified. Claude 3 is the best in labeling
N pairs, with an accuracy of 84.9% for them. On
the contrary, most models perform very well on C
and E pairs. GPT-4, Llama 3 and Qwen2 correctly
labeled more than 90% of the C and E pairs. In fact,
C pairs are the easiest for all models, except Llama
2, with most models achieving accuracy greater
than 90%. Furthermore, models seldom confuse C
and E pairs. For eight out of the ten LLMs, C pairs
are never categorized as E pairs.

Only one pair in one model (Gemma2) is classi-
fied as C by the machines and E by humans:

• P: Both of them generalize the concept of al-
gebra on a monad T.
H: The concept of algebra on a monad T is
more special than both of them.

Note that this pair does not satisfy our criteria of
explicit references only. The pair is fairly contro-
versial, as well. All LLMs label it as contradictory,
but mathematicians tend to think that generaliz-
ing and specializing are antonyms. So whatever
"both of them" are, if they are a generalization of
the concept of algebra of a monad (as claimed by
the premise) then "algebra of a monad" will more
specialized than them.

Concerning the Group 1 models: out of 279
samples, there is at least one model that agrees
with the human annotator in 271 samples. Hence,
there are 8 pairs where none of the 5 initial models
agrees with the human label. These eight pairs are
recalled in Appendix A. The examples are telling
as they point out patterns of reasoning that might
be difficult for humans as well. For instance:

• P: Using these ideas, we also prove that
magnetic monopoles form an abelian group.
H: Using these ideas, we also prove that
monopoles form an abelian group.

Clearly a mathematician would gather that ‘mag-
netic monopoles’ form an abelian group, but noth-
ing has been said about non-magnetic monopoles.
So neutral is much more reasonable than ‘entail-
ment’. (More on this is in the appendix A).

Table 5 discusses unanimity between LLMs. As
before we consider two groups of models. Our
initial LLMs are unanimous in 163 of the pairs
(58.4%). Of these 163, in 155 of the cases, the
models’ agreed-upon label matches the human an-
notations. And in 271 of the 279 pairs (including
ones where the models were not unanimous), at
least one model agreed with the human label. This
explains the upper row of the table, and the lower
row is similar.

Notice that for the more recent LLMs, unanimity
goes up from 58.4% to 68.1%. We do not have a
good explanation of this.

4 Using LLMs to generate a MathNLI
corpus

4.1 Generation using GPT-4

Our second experiment asked GPT-4 to generate
Entailment, Contradiction, and Neutral hypotheses
from the Goldilocks sentences in the TAC corpus,
resulting in 1157 pairs. The prompt we used is
shown below:
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GPT4 L2 L3 C3 Mistral L3.1 Q2 Mixtral DS Ge2

p 82.9 90.5 70.9 91.8 79.8 88.8 87.3 75.4 92.7 85.1
C r 98.9 61.3 96.8 95.7 97.8 93.5 95.7 98.9 81.7 92.5

f1 90.2 73.1 81.8 93.7 87.9 91.1 91.3 85.6 86.9 88.7

p 90.1 73.9 85.4 93.5 89.8 83.8 80.8 86.3 82.0 82.8
E r 97.8 88.2 94.6 92.5 84.9 89.2 90.3 88.2 78.5 82.8

f1 93.8 80.4 89.8 93.0 87.3 86.5 85.3 87.2 80.2 82.8

p 95.5 56.2 91.8 87.8 81.8 81.7 84.7 85.5 67.6 75.3
N r 68.8 63.4 48.4 84.9 67.7 72.0 65.6 57.0 78.5 68.8

f1 80.0 59.6 63.4 86.3 74.1 76.6 73.9 68.4 72.6 71.9

acc 88.5 71.0 79.9 91.0 83.5 84.9 83.9 81.4 79.6 81.4

p 89.5 73.5 82.7 91.0 83.8 84.8 84.2 82.4 80.8 81.1
avg r 88.5 71.0 79.9 91.0 83.5 84.9 83.9 81.4 79.6 81.4

f1 88.0 71.0 78.3 91.0 83.1 84.7 83.5 80.4 79.9 81.1

Table 3: Results of 10 LLMs on the seed MathNLI corpus (precision/recall/F1 per class; accuracy and macro
averages). Closed-source models are marked with the lavender header; green cells denote row-best scores.

Generate “Entailment”, “Contradiction”,
“Neutral” hypothesis of a given sentence.
Here are some examples: [example_script]
Sentence: [context]

The temperature for the generation was 1. GPT-
4 was a good generator of pairs, as we shall see
below. But it was not consistent with itself. If it
created a pair nominally to be E it could later judge
it N or even C. As we see in Table 6, 41.4% of
the pairs which GPT-4 created to be neutral it later
claims as entailments.

4.2 Checking of a subset, using both humans
and LLMs

We chose 89 pairs to conduct manual evaluation
and distributed these among the mathematicians
of the group. This gave us a set of 89 GPT-4-
created/human evaluated pairs. These 89 pairs were
also evaluated using GPT-4, Llama 2, Llama 3 and
Claude 3, in the first instance. Our mathematicians
agree with each other in 80 of the 89 pairs. They
agree with 74 (83%) of the GPT-generated labels.

5 Evaluating LLMs on GPT-generated
MathNLI corpus

Next, we had the 4 models in Group 1 and 5 models
in Group 2 label the 89 pairs. The results are shown
in Table 6. The models in group 1 show unanimous

agreement in 57 of the pairs (64%), while the mod-
els in group 2 do so in 65 (73%). In group 1, for
50 of these 65 pairs (87%), their unanimous label
agrees with human labels; while the agreement for
group 2 is 57 pairs (88%). Here is our conclusion
from this experiment: If we take the unanimous
labels from the group 2 models to simply be the
gold label, then this label is the same as the human
label 88% of the time.

The evaluation results on the GPT-generated cor-
pus using the GPT-generated label as the true label
are shown in Table 8, with the confusion matri-
ces presented in Table 7. The overall accuracy of
LLMs varies between 59.6% and 86.5%, which
is relatively lower than the accuracy on the seed
corpus.

Our analysis reveals that while the E and C pairs
generated by GPT show a certain level of consis-
tency relative to our seed pairs, N pairs are fre-
quently misclassified as E. (This finding echoes
what we saw in our previous experiment, but there
the pairs were human-generated.) Surprisingly,
Llama 2 classifies 75.9% of N pairs as E. Among
all evaluated models, Mixtral showed the least sus-
ceptibility to this issue, maintaining the highest ac-
curacy of 76.0%. Although its performance on the
seed corpus was not outstanding, Mixtral achieved
the highest overall accuracy of 86.5% on the GPT-
generated corpus.
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(a) GPT4

Gold↓ C E N

C 98.9 .0 1.1
E .0 97.8 2.2
N 20.4 10.8 68.8

(b) Llama2

C E N

61.3 1.1 37.6
.0 88.2 11.8

6.5 30.1 63.4

(c) Llama3

C E N

96.8 .0 3.2
4.3 94.6 1.1

35.5 16.1 48.4

(d) Claude3

C E N

95.7 .0 4.3
.0 92.5 7.5

8.6 6.5 84.9

(e) Mistral

C E N

97.8 .0 2.2
2.2 84.9 12.9

22.6 9.7 67.7

(f) Llama3.1

Gold↓ C E N

C 93.5 .0 6.5
E 1.1 89.2 9.7
N 10.8 17.2 72.0

(g) Qwen2

C E N

95.7 .0 4.3
2.2 90.3 7.5

12.0 21.7 66.3

(h) Mixtral

C E N

98.9 .0 1.1
3.2 88.2 8.6

29.0 14.0 57.0

(i) DeepSeek

C E N

81.7 .0 18.3
2.2 78.5 19.4
4.3 17.2 78.5

(j) Gemma2

C E N

92.5 1.1 6.5
1.1 82.8 16.1

15.1 16.1 68.8

Table 4: Confusion Matrices Comparison for 10 LLMs on the seed MathNLI corpus. Darker green denotes
higher scores, while orange shades denote low scores; for both colors, paler shades represent smaller values in the
corresponding range.

unanimous some agree w/ human agrees w/ a human

models in group 1 163 (=58.4%) 271 (=97.1%) 155 (=55.6%)
models in group 2 190 (=68.1%) 266 (=95.3%) 178 (=63.8%)

Table 5: Agreement by LLMs on the seed corpus.

Furthermore, it was observed that LLMs tend to
identify C pairs within the GPT-generated corpus
more accurately than they do within the seed cor-
pus; 8 out of 9 models achieved an F1 score of over
90%. Notably, Gemma2 successfully detected all
the C samples in the GPT-generated corpus.

6 Sanity checks

For previous NLI datasets such as SNLI (Bowman
et al., 2015) and MNLI (Williams et al., 2018),
studies have shown that some of the systems which
detect “entailment” were working on artifacts of
the datasets, instead of doing any logical reason-
ing (e.g., Poliak et al., 2018). In this section we
provide some sanity checks on our corpus.

6.1 Does every assertion entail itself?

We are trying to make reasoning as clear as possi-
ble for humans and systems, and in some sense as
simple as possible. We thus propose the easiest log-
ical deduction that we expect LLMs (and humans)
to make proficiently. Taking a cue from proposi-
tional logic, this would be that every proposition A
entails itself, A→ A. Informally, if one accepts a
sentence S as an assumption, then one should draw
S as a trivial conclusion. We want to know whether
a computational system “knows” this without being
told it explicitly. For an LLM, we want to know
if our prompt together with the model’s training is

enough to carry out what we take to be a very easy
inference. To see how much noise LLMs could
introduce, we ask them whether every one of a set
of mathematical assertions entailed itself. It was
not very surprising to discover that for one of 180
such pairs, one LLM missed this assertion A→ A.

• P: We do not include any guiding examples.
H: We do not include any guiding examples.

This pair was judged N instead of E. But the expla-
nation for the reasoning of the LLM is fascinating:

Explanation: In this case, the premise
and the hypothesis are identical state-
ments. Since they both convey the
same information, there is no logical in-
ference or contradiction between them.
The hypothesis is neither entailed by
the premise nor does it contradict the
premise. Therefore, the hypothesis is
neutral to the premise.

The first sentence is correct, but immediately
following that the model blunders.

The experiment was repeated with many more
pairs, and only 3 in 2312 pairs had the same prob-
lem. This is a very small number of errors, but this
is arguably the easiest inference one can ever make.
It is odd that a system which can make deep, com-
plicated mathematical inferences, can get a simple
inference like ‘A implies A’ wrong.
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unanimous agree w/ at least 1 human agree w/ all human

human annotator / / 80 (= 89.9%)
GPT generator / 74 (= 83.1%) 65 (= 73.0%)
models in group 1 57 (= 64.0%) 50 (= 56.2%) 43 (= 48.3 %)
models in group 2 65 (= 73.0%) 57 (= 64.0%) 50 (= 56.2%)

Table 6: Experiment 3 Result: total 89 pairs generated by GPT-4

(a) GPT-4

Gold↓ C E N

C 96.7 .0 3.3
E .0 96.7 3.3
N .0 41.4 58.6

(b) Llama 2

C E N

53.3 .0 46.7
.0 100.0 .0
.0 75.9 24.1

(c) Llama 3

C E N

96.7 .0 3.3
.0 100.0 .0
.0 51.7 48.3

(d) Claude 3

C E N

93.3 3.3 3.3
.0 93.3 6.7
3.4 34.5 62.1

(e) Llama 3.1

C E N

93.3 .0 6.7
.0 100.0 .0
3.4 55.2 41.4

(f) Qwen2

C E N

93.3 .0 6.7
.0 100.0 .0

3.4 34.5 62.1

(g) Mixtral

C E N

96.7 .0 3.3
.0 96.7 3.3

3.4 31.0 65.5

(h) Deepseek

C E N

83.3 .0 16.7
.0 90.0 10.0
.0 31.0 69.0

(i) Gemma2

C E N

100.0 .0 .0
.0 90.0 10.0
.0 34.5 65.5

Table 7: Confusion Matrices on GPT-generated Corpus

Previous work such as Xu et al. (2024) tries to
catalog the kinds of mistakes that LLMs are known
to make. They suggest that “to uncover the logical
flaws of LLMs, problematic cases will be attributed
to five error types from two dimensions, i.e., ev-
idence selection process and reasoning process."
The example above seems clearly a reasoning pro-
cess kind of error, as the LLM is very clear that
both the hypothesis and the premise are ‘identical
statements’. But from that it concludes that the
hypothesis is not entailed by the premise.

6.2 Contradictions must be symmetric

Most humans would agree that if a sentence A is
contradictory with a sentence B, then sentence B
is contradictory with A. That is, being contradic-
tory is a symmetric property. Work in (Kalouli
et al., 2017) showed that the humans annotating
the corpus SICK did not realize when they had
non-symmetric contradictions. We hence checked
whether LLMs evaluated contradictions symmet-
rically in the GPT-generated corpus. This small
experiment showed that out of 495 pairs (5 times
93 contradiction pairs), 49 contradictions were not
symmetric. This is not as bad as humans did in the
paper above, but it still shows a lack of consistency.

6.3 Entailment requires premises and
hypothesis

The premise-only work in NLI points to the fact
that the labels E, C, and N could be accurately
determined without any premise, simply using the
hypothesis. To make sure that our corpus does
not have the same problem, we run an experiment
using a dummy true premise, say, “Right adjoints
preserve limits".

We substitute this sentence for the premise in
all 279 pairs, and evaluate the new pairs using the
Group 2 Models. These models do not suffer from
the same problems that earlier ones did; all four
essentially classified all of the hypotheses as N,
which is correct.

7 Final remarks

We find it useful to discuss our work by seeing how
it aligns with the perceptive conclusions drawn by
(Madaan et al., 2024).3 We agree that evaluating
models on NLI tasks is still relevant. For Math
NLI, we do not find models to be saturated. This
contrasts with ordinary language NLI (ONLI). We
also confirm their finding that “while the similarity
of model distributions with human label distribu-
tions increases with scale, it is still much higher

3We would compare with other sources, but (Madaan et al.,
2024) seems to be the most relevant contemporary paper on
this topic.
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GPT4 L2 L3 C3 L3.1 Q2 Mixtral DS Ge2

precision 100.0 100.0 100.0 96.6 96.6 96.6 96.7 100.0 100.0
C recall 96.7 53.3 96.7 93.3 93.3 93.3 96.7 83.3 100.0

f1-score 98.3 69.6 98.3 94.9 94.9 94.9 96.7 90.9 100.0

precision 70.7 57.7 66.7 71.8 65.2 75.0 76.3 75.0 73.0
E recall 96.7 100.0 100.0 93.3 100.0 100.0 96.7 90.0 90.0

f1-score 81.7 73.2 80.0 81.2 78.9 85.7 85.3 81.8 80.6

precision 89.5 33.3 93.3 85.7 85.7 90.0 90.5 71.4 86.4
N recall 58.6 24.1 48.3 62.1 41.4 62.1 65.5 69.0 65.5

f1-score 70.8 28.0 63.6 72.0 55.8 73.5 76.0 70.2 74.5

acc 84.3 59.6 82.0 83.1 78.7 85.4 86.5 80.9 85.4

precision 86.7 64.0 86.6 84.7 82.5 87.2 87.8 82.3 86.4
avg recall 84.3 59.6 82.0 83.1 78.7 85.4 86.5 80.9 85.4

f1-score 83.8 57.2 80.8 82.8 76.8 84.8 86.1 81.1 85.2

Table 8: Results of LLMs on GPT-generated Corpus.

Model E N C

L3.1 .039 .961 .0
Q2 .004 .992 .004
Mixtral .0 1.00 .0
Ge2 .004 .996 .004

Table 9: Result of Hypothesis only Baseline

than the similarity between two populations of hu-
mans, making it a potentially interesting statistic
to consider.” We have found that models show less
of a distribution of labels than humans. We mean
that the models are closer to unanimity than hu-
mans. Finally, they note a certain “subjectivity”:
“examples with ‘incorrect’ predictions are rarely in
fact incorrect; most concern questions on which
humans may disagree as well.” And just as they
point out, “The ground truth labels for NLP bench-
marks are often decided according to the majority
label by human annotators. This simplifies the data
annotation process while also making the evalua-
tion easier. However, several previous studies have
noted that human disagreements in annotations for
NLP datasets reflect the lack of a single ground
truth label, rather than noise in the annotation pro-
cess.” Even in mathematical texts, there is room
for disagreements between experts.

7.1 Conclusion and future directions

This paper investigates the performance of Large
Language Models (LLMs) on Natural Language In-

ference (NLI) tasks within the domain of research-
level mathematics. We explore the complexities
of mathematical language compared to everyday
language and evaluate LLMs’ ability to handle
mathematical inferences, noting some surprising
strengths and weaknesses.

Contrary to what we initially assumed Math NLI
is not much easier than ONLI for LLMs. Chal-
lenges include unfamiliar vocabulary (e.g., ‘ring’,
‘field’, ‘comonad’), multimodal elements like sym-
bols and equations, lack of open-source mathemat-
ical resources, and the difficulty of finding expert
human annotators.

LLMs show paradoxical performance on math
tasks: despite exhibiting impressive capabilities
in complex mathematical-like problem-solving,
LLMs surprisingly struggle with basic logical rea-
soning and NLI tasks in mathematics. We have
documented issues with self-consistency, which
is crucial in mathematics. A sanity check testing
whether LLMs correctly identify that a statement
entails itself (A→ A) revealed a very small num-
ber of errors, but the explanations for these errors
showed a fundamental reasoning flaw.

Post-GPT LLMs avoid some issues that plagued
earlier systems. For example, we expected lexical
ambiguity involving math words to cause LLMs to
stumble, as in mixing up “stack” (a mathematical
concept) with ordinary “stack” (pile). They did not
do so.

We provide two corpora intended to support fur-
ther research in the Math NLI area. One had hy-
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potheses which we wrote ourselves, and the other
had LLMs write the hypotheses. We believe that
these corpora will help newcomers to this attrac-
tive area. And our results give some idea of what
is reasonable to expect from this area in the next
years.

Further directions include combining our work
with theorem provers or other symbolic methods,
tests of similarity as opposed to inference, and in-
teractions of our work with running systems in
the Math NLI area. We also leave to future work
an analysis of the CoT explanations provided by
LLMs. For us, this would be especially interesting
regarding the red pairs (see Section 2.2).

Limitations

We did not fine-tune to mathematical text the LLMs
we use. We also only ran things once. All of
our mathematical work was centered on the rela-
tively special area of category theory, since that
was the source of our premise pairs. We do not ex-
pect significant differences when we pivot to other
branches of mathematics.

A more problematic limitation is that from the
outset we concentrated on a relatively limited kind
of sentence. That is, we aimed for sentences which
did not manifest interesting but semantically prob-
lematic phenomena like ellipses, temporal refer-
ence, poetic language, and the like. In a sense, we
aimed for sentences that were close to what one
could formalize in standard logic. This concentra-
tion was behind our initial choice of 432 sentences
from the TAC corpus. We also wanted sentences
which were not too short, not too long, and with
little or no LATEX. This also is a limitation.
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A On the LLMs used in this work

See Table 2. We used Qwen2-72B-Instruct, which
was released in June 2024. According to the Qwen2
Technical Report, this model outperformed Llama3-
70B-Instruct on most benchmarks, including math-
ematical benchmarks such as GSM8K and MATH.

B Disagreements between models and
humans in the seed corpus

1. P: Using these ideas, we also prove that
magnetic monopoles form an abelian group.
H: Using these ideas, we also prove that
monopoles form an abelian group.

Humans say the label is N, as it’s only for
magnetic monopoles that we have the abelian
group. Machines say entailment E, but no
mathematician would state the weaker result,
if they could prove it without the extra hypoth-
esis.

2. P: The problem of relating a factorization sys-
tem to a pointed endofunctor is considered.
H: A pointed endofunctor cannot be related to
a factorization system.

Humans disagree: some say contradiction C,
others say N

3. P: This paper introduces the notions of vector
field and flow on a general differentiable stack.
H: This paper generalizes the notions of vector
field and flow on a stack.

4. P: We define eventually cyclic Boolean flows
and the eventually cyclic spectrum of a
Boolean flow. H: The definition of the even-
tually cyclic spectrum of a Boolean flow uses
the definition of eventually cyclic Boolean
flows.

5. P: The axioms resemble those for monoidal
Abelian categories with the addition of an in-
volutive functor. H: The axioms are the ones
of monoidal Abelian categories.

6. P: The category of Set-valued presheaves on a
small category B is a topos. H: The category
of Set-valued presheaves on a small category
C is a topos.

7. P: The category of Set-valued presheaves on
a small category B is a topos. H: There exists
a small category C such that the category of
Set-valued presheaves on C is not a topos.

8. P: Various concerns suggest looking for in-
ternal co-categories in categories with strong
logical structure. H: We suggest looking for
internal co-categories.

C Seed corpus prompt

Here is the prompt which we used on the seed
corpus:

[Begin prompt head]
Suppose you are a logician. Your job is to
determine the inference relation between the
premise and the hypothesis. There could be
three answers: (1) the hypothesis is entailed
by the premise; (2) the hypothesis is neutral to
the premise; (3) the hypothesis contradicts the
premise. Please first tell me your answer and
explain why this is your answer.
[End prompt head]
Premise: [Premise]
Hypothesis: [Hypothesis]
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Abstract

Due to their capacity to acquire world knowl-
edge from large corpora, pre-trained language
models (PLMs) are extensively used in ultra-
fine entity typing tasks where the space of
labels is extremely large. In this work, we
explore the limitations of the knowledge ac-
quired by PLMs by proposing a novel heuris-
tic to approximate the pre-training distribution
of entities when the pre-training data is un-
known. Then, we systematically demonstrate
that entity-typing approaches that rely solely
on the parametric knowledge of PLMs struggle
significantly with entities at the long tail of the
pre-training distribution, and that knowledge-
infused approaches can account for some of
these shortcomings. Our findings suggest that
we need to go beyond PLMs to produce solu-
tions that perform well for infrequent entities.

1 Introduction

Ultra-fine entity typing (UFET) is the task of
inferring the type of an entity with high speci-
ficity (Choi et al., 2018). For example, in the
sentence “Barack Obama attended Biden’s presi-
dential inauguration.”, the entity “Barack Obama”
would have a coarse entity-type of “person”, but
a more specific, ultra-fine entity type such as
“politician”, “democrat” or “ex-president”.
Previous work on UFET relies mostly on pre-
trained language models (PLMs) to elicit entity
types (Li et al., 2022, 2023; Dai et al., 2021; Pan
et al., 2022). The common approach is to posi-
tion the UFET task close to the learning objective
of the PLM. For example, Pan et al. (2022) ex-
ploit the masked language modeling objective by
appending an entity-mention and mask to a sen-
tence, allowing BERT to fill in the mask to elicit
a type (e.g., Barack Obama attended Biden’s
presidential inauguration, Barack Obama
is a [MASK]). Such approaches are attractive be-
cause they benefit from the large amount of pre-

training data the PLM has seen to make common
associations, thus helping them determine the most
likely type of entity based on the context provided.

Albeit successful, PLMs are limited by the data
that they have been exposed to, so their reliability
can be affected when working with infrequently
used language constructions such as rarely/never
seen entities. Since PLMs rarely encounter these
entities, they have fewer opportunities to capture
knowledge about them compared to frequent enti-
ties. Past work has mostly overlooked this issue,
assuming that the embedding space will be enough
to capture similarities between rare and less rare en-
tities and generalize across them. Studies that have
looked at infrequent entities usually characterize
them in terms of their availability in task-specific
training data (Choi et al., 2018; Schouten et al.,
2022), rather than the data used to pre-train PLMs.

In this paper, we investigate the extent to which
PLM-based methods struggle when determining
the ultra-fine grained type of entities that occur
infrequently in their pre-training data. This is a
challenging undertaking, as the data used for pre-
training PLMs are often unavailable (Shi et al.,
2024). To address this challenge, we set out to
answer the following research questions:

RQ1: Do internet search hits provide a good
proxy for estimating relative entity frequency?
To answer this question, we follow the conventional
wisdom that modern PLMs have been trained on
“all of the Internet”, and we estimate the frequency
of an entity by querying the Google search API to
obtain the number of documents containing that
entity. We validate this proxy by correlating it with
real-world datasets known to be used in PLM pre-
training, acknowledging that such disclosures are
limited to only a few models.

RQ2: Do internal model representations re-
flect the entity frequencies in the pre-training
data? To answer this question, we measure the
correlation between the number of Google search
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hits obtained for an entity and the model’s proba-
bility of eliciting that entity in numerous contexts.
We perform this test across various PLMs, includ-
ing both masked LMs and causal LMs, and find a
strong correlation across the board.

RQ3: Do PLMs struggle to type entities that
are in the long tail of the pre-training distri-
bution? Finally, we design a benchmark to an-
swer this question.* To do this, we divide enti-
ties in various UFET datasets into bins based on
their resulting frequencies from our Google search.
Our hypothesis is that the bins consisting of the
least frequent entities “in the wild” will be much
harder to predict than the rest. We test this asser-
tion by looking at the performance of two types
of published approaches for UFET; PLM-only ap-
proaches, which we expect to struggle at the long
tail of the pre-training distribution, and knowledge-
infused approaches, which we expect can level the
playing field across frequencies by leveraging ex-
ternal sources of information. Our results confirm
our hypothesis, suggesting that we need to go be-
yond PLMs to produce solutions that perform well
for rare, new, or infrequent entities.

2 Related Work

UFET was proposed to generate free-form noun
phrases that appropriately describe the type of a
target entity (Choi et al., 2018). UFET has found
several downstream applications, such as corefer-
ence resolution (Durrett and Klein, 2014), entity
linking (Onoe and Durrett, 2020) and relation ex-
traction (Yaghoobzadeh et al., 2017).

PLM solutions for UFET. PLMs have been
shown to capture world knowledge in their param-
eter space (Roberts et al., 2020; Jiang et al., 2020).
This ability has allowed them to perform well on
‘fill-in-the-blank’ problems, where the goal is to
elicit an answer to a query based on the context
provided. Many UFET approaches have capital-
ized on this ability; Dai et al. (2021) looked at
introducing Hearst patterns with [MASK] tokens to
describe entity types using BERT, while Pan et al.
(2022) primed BERT to produce an ultra-fine type
by appending the entity mention and a [MASK] to-
ken to a sentence. While these methods report
some of the best metrics for UFET, they do not ex-
plore how their approaches fare on infrequent, rare
entities that PLMs may not have been sufficiently

*Data and Code available at: https://github.com/
blast-cu/All-Entities-are-Not-Created-Equal

exposed to. In this work, we explore the effect of
entity representation strength on a variety of PLMs
in order to determine whether rarer entities cause
significant issues for PLM-based approaches.

Knowledge Infused UFET. The UFET dataset
has 9 general, 121 fine, and 10, 201 ultra-fine types.
While a large type vocabulary and the scarcity of
annotated examples per type make this task espe-
cially challenging, type labels often consist of rich
semantics. Li et al. (2022) leverage the type se-
mantics and formulate the task as an NLI problem.
Others have exploited the dependencies between la-
bels (Liu et al., 2021) and hierarchies within types
(Onoe et al., 2021) to supplement the PLM objec-
tives. Such techniques often perform significantly
better than PLM-only approaches.

Approaches to Estimate Entity Frequencies
in Large Corpora. While there have been efforts
to efficiently index large pre-training corpora to
better estimate entity frequencies (Liu et al., 2024;
Xu et al., 2025), we argue that there are two clear
limitations with this approach: (1) the assumption
that training data for models is always available and
(2) the need to re-index datasets as they are updated
over time. Therefore, we need simple proxies that
can approximate the entity distribution “seen” by
PLMs without direct access to their training data.

3 Experimental Design

Our study is composed of three experiments. First,
we evaluate a proxy to establish the relative fre-
quency of entities in pre-training data using Search
Engine API indexing. Then, we examine whether
parametric representations match these frequencies
by correlating the likelihood of a PLM suggesting a
target entity to how the term is indexed on the Web.
Lastly, we select seven models to perform ultra-fine
entity typing; three based on PLM objectives, three
that leverage some additional knowledge, and one
simple baseline. We measure typing performance
across entity groups of varying frequency across
the Internet data.

Establishing the Long Tail (RQ1, RQ2) The
long tail of an entity distribution is characterized by
a large number of entities that are rare to encounter
in the real world. Assuming that the Internet is a
fairly balanced representation of a real-world dis-
tribution, we use the Internet search hits as a proxy
for frequency. We quantify the occurrence “in the
wild” of each entity in our dataset by performing
strict searches using the Google Search API.
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Bin
# of

Examples Representative Entity
Avg. #

of Tokens

1 301 the Baton Rouge police
chief and the serial murder
task force

11.63

2 301 Left fielder Carl Crawford 4.35

3 300 The Polish government 2.67

4 1095 the film 1.18

Table 1: Distribution of entities across UFET test bins

As most datasets used to pre-train modern PLMs
come from a subset of the Internet, we hypothesize
that such “long-tail” entities would be underrepre-
sented in the parameter space of these models. To
test this hypothesis, we query models and assess
whether an entity is underrepresented based on its
ability to be predicted or reconstructed accurately.
We then measure the correlation between Internet
frequencies and model-estimated probabilities.

To perform model estimations reliably, we must
balance different considerations. First, given that
PLMs learn word representations from in-context
examples, we need a representative set of in-
context examples for each of the entities that we
want to estimate. To do this, we prompt Llama3-
8B-Instruct to generate 10 different sentences that
include the target entity. Second, we need to con-
sider the training objective of the PLM when query-
ing it for the probability of a given entity in a
given context. To recover entity probabilities with
Masked LMs, we first replace entity tokens with
[MASK] tokens. Then, we generate a probability
distribution over all candidate tokens. To deal
with Causal LMs, we reframe the task as a fill-in-
the-blank problem. We provide the model with a
prompt (see App E) and compute the probabilities
through a conditional generation process.

In both cases, we use the probability that the
model assigns to the tokens of the target entity
to represent its salience in the model’s paramet-
ric knowledge. More details about the probability
estimation process can be found in App. D.

Measuring Impact on Typing (RQ3) We ex-
amine how the real-world distribution of entities
affects the performance of entity-typing models. To
define rare entities, we calculate frequency scores
for all target UFET entities using the Google Cus-
tom Search API and group them into four bins
based on quartiles. Bin 1 includes the rarest enti-
ties, while Bin 4 contains the most frequent; based

Figure 1: Entity distribution across UFET test bins

on their occurrence on the Internet. Representa-
tive examples are presented in Tab. 1. The entity
distribution across the bins is visualized in Fig. 1.

We select seven representative models to test
against the bin splits. The models can be roughly
divided into two categories. (1) Naive PLM-based
approaches that rely on PLM objectives such
as MLM (BERT family of models) or Causal
LM (Llama3 and Qwen3) to predict types. We
include implementation details in App. G. (2)
Knowledge-infused approaches that exploit addi-
tional information embedded within or relevant to
the type labels. LITE (Li et al., 2022) formulates
entity typing as an NLI problem. LRN (Liu et al.,
2021) exploits intrinsic and extrinsic dependencies
between label types. Box4Types (Onoe et al., 2021)
relies on box embeddings to capture hierarchies of
types. More details about these systems can be
found in App G. For completeness, we also bench-
mark an LSTM model. This is a supervised model
built on top of pre-trained word embeddings, which
consider similar representation objectives to those
of PLMs (word co-occurrence).

We use the crowd-annotated portion of the UFET
dataset (Choi et al., 2018) for our experiments.
This dataset contains entity mentions with their sur-
rounding context and the ultra-fine types associated
with them. The dataset of 5,994 tuples is divided
into train/test/dev splits, each containing 1,998 tu-
ples. We use OntoNotes (Gillick et al., 2016) as a
secondary dataset, which has a train/dev/test split
of 250k/2k/9k examples.

4 Evaluation and Discussion

Long Tail Analysis (RQ1, RQ2) We compare
average PLM probability estimates with the num-
ber of hits the Search Engine API has for the target
entity. We do this for three PLMs with both MLM
and Causal LM learning objectives: BERT (De-
vlin et al., 2019), BART (Lewis et al., 2020) and
Qwen3 (Yang et al., 2025). We calculate the proba-
bility assigned by the PLMs per in-context example

191



(a) UFET

(b) OntoNotes

Figure 2: Baseline vs. Knowledge-enhanced Performance
across test bins

using the method described in Section 3, and take
the average across all sentences for its respective
entity. We perform a correlation analysis between
PLM probability estimates and the entity frequen-
cies obtained from the Google Search API and ob-
serve high Spearman correlation coefficients (0.885
for BERT, 0.716 for BART and 0.897 for Qwen3).
To visualize this, we plot the hits from the Search
Engine API against the average probability for the
entity obtained by each model in App. F. The high
correlation between the PLM probability estimates
and the number of API hits supports our hypothe-
sis: entities that occur more/less frequently in the
real world are more/less salient in PLMs.

Temporal shifts. We recognize that the Internet
is constantly evolving and that temporal dynamics
could potentially alter the distribution of entities.
For this reason, we performed our analysis with
API data capped at 2018 and at 2024, and found
the results to be consistent over time, with minor
changes in correlation coefficients (See App. B).

Training Corpus Spearman Correlation

BookCorpus 0.583
C4-train 0.957
Pile-train 0.954

RedPajama 0.957
Dolma-v1.7 0.961

Table 2: Spearman correlation coefficient of UFET entity
frequencies as estimated by search API vs counts from actual
pre-training corpora

Figure 3: Effect of scaling on performance across UFET bins

Search API vs. real pre-training datasets. We
test the validity of using Internet counts to esti-
mate the pre-training distribution by performing
a correlation study between search API hits and
real-world pre-training datasets such as BookCor-
pus (Zhu et al., 2015), C4 (Raffel et al., 2020), Pile
(Gao et al., 2020; Biderman et al., 2022), RedPa-
jama (Weber et al., 2024), Dolma-v1.7 (Soldaini
et al., 2024). We estimate the entity counts for
BookCorpus by performing strict searches. For
Pile, we rely on the Infini-gram-mini hosted API
(Xu et al., 2025). For the remaining datasets (C4,
RedPajama, Dolma); we use the Infini-gram hosted
API (Liu et al., 2024). N-gram counts in Infini-
gram and Infini-gram-mini are case-sensitive and
therefore noisy. Regardless, we see high spearman
coefficients (>0.9) for all of them. While the corre-
lation coefficient for BookCorpus is significantly
lower, we find that the largest contributing factor is
its much smaller scale. As a result, many entities
are not present in BookCorpus. When restricting
only to entities that are present in BookCorpus, we
find that the correlation jumps as high as 0.88.

For completeness, we also report the Spearman
correlation coefficients between the frequency of
UFET entities in different pre-training datasets and
the average entity recovery probability given sur-
rounding context (see App. A).
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Typing Performance (RQ3) We benchmark the
seven models introduced in Sec. 3: UFET-LSTM
(Choi et al., 2018), few-shot Llama3 (Dubey
et al., 2024)/Qwen3 (Yang et al., 2025), BERT
(PLM-based), and LITE (Li et al., 2022), LRN (Liu
et al., 2021) and Box4Types (Onoe et al., 2021)
(Knowledge-infused), and plot results in Fig. 2.

We find that most of the examined approaches
perform better in determining the ultra-fine entity
type when the target entity is more frequent (Bin4),
and worse when the entity is rarer (Bin1). We note
that most PLM approaches show a major decline
in performance as we go down the bins (or under-
performing completely, as in the case of BERT for
OntoNotes). This performance decline is most un-
derlined when moving from Bin 4 to Bin 3. Look-
ing at the knowledge-infused approaches, we find
that the enrichment from auxiliary tasks or label
dependencies helps overcome the overreliance on
learned entity representations for Bin 1. LITE per-
forms the best, beating the rest by achieving an F1
score of 45.6 on infrequent entities and 54.2 on fre-
quent entities for UFET, and an F1 score of 77.8
on infrequent entities and 81.8 on frequent entities
for OntoNotes. This further highlights the advan-
tage of the auxiliary task (NLI), which allows the
model to transfer more knowledge than approaches
that only rely on the PLMs parameters.

Effects of tokenizers. If a specific word is un-
known to a PLM, it follows that the tokenizer will
split it into multiple tokens. For this reason, we
investigate whether words being split into multiple
tokens causes a degradation in the probability of
recovering an entity by looking at the splitting ratio
(number of tokens / number of words). While we
see a marked difference between a ratio of 1 and a
ratio ̸= 1, our results do not suggest any incremen-
tal effect afterwards (see Fig. 4). This suggests that
our API Search proxy is a better, more nuanced
indicator of entity rarity than the PLM tokenizer.

Other levels of granularity. We look at perfor-
mance across frequency bins at varying entity type
granularity (i.e., fine, coarse) and find the same
trend of performance decay across buckets within
each granularity level (see App. H).

Effect of Scaling. To understand how the size
of the LM affects the typing task across bins, we
evaluate Qwen3 models of different sizes (Fig. 3).
We chose Qwen3 given the availability of a large
range of model sizes of the same family. We find
that regardless of model size, the effect of entity
frequency in performance degradation is still ob-

(a) BERT-Base-Uncased

(b) BART-Large

(c) Qwen3-0.6B

Figure 4: Average UFET entity recovery probability versus
average number of tokens per word for three model tokenizers

served. We include results for Llama3 in App. G.

5 Conclusion and Future Work

We showed the effectiveness of internet search API
hits as a proxy for entity frequency in large pre-
training corpora (RQ1). We also showed that, as ex-
pected, this distribution significantly affects entity
representations for different PLMs (RQ2). Finally,
we measured the performance of several PLM-
based and knowledge-infused entity typing systems
on entities with different frequencies and found
that all models performed worse on rarer/less-
probable entities (RQ3). However, we found that
all knowledge-infused systems are considerably
more robust to frequency shifts than PLM-based
approaches. Our results show that for PLMs to
fulfill their promise for long-tail entity typing, we
need better strategies to inject knowledge about
rare entities into PLMs by using external resources
and other forms of domain knowledge.
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Limitations

Due to limited resources, we used quantized ver-
sions of the models when studying the impact of
scaling on entity typing systems in Sec. 4. Previous
work has shown that techniques such as quantiza-
tion can impact the performance of LLMs, espe-
cially in low-resource settings (Diddee et al., 2022).
We acknowledge that quantization may be further
exacerbating the general struggle that PLMs have
with entities at the long-tail of the distribution.

Ethical Considerations

To the best of our knowledge, this work does not
incur any violation of the code of ethics. We used
models that were Open Sourced by their authors,
with code available online. All the information
required to replicate our experiment is provided
in the paper. We use Llama3/Qwen3, large lan-
guage models whose weights may be updated by
the model’s creator. In such a case, we caution that
some results may not be reproducible exactly, but
believe that our findings will still hold.

In the interest of space, we moved some plots
and details to the appendix.
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ral changes that might occur in the distributions
of such entities. This is especially important as
models we discuss in our work (BERT, BART and
Qwen3) have been trained at different points within
the last decade. To ensure that these dynamics do
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Model BookCorpus Pile-train C4-train Dolma-v1.7 RedPajama

Bert-base-uncased 0.571 0.883 0.886 0.891 0.886
Bart-large 0.359 0.705 0.707 0.715 0.708

Qwen3-0.6B 0.514 0.895 0.897 0.902 0.901

Table 3: Spearman correlation coefficient of UFET entity frequencies in pretrained datasets vs Average entity recovery
probability given surrounding context

Model API till 2018 API till 2024

Bert-base-uncased 0.883 0.885
Bart-large 0.711 0.716

Qwen3-0.6B 0.895 0.897

Table 4: Spearman correlation coefficient of API entity fre-
quencies vs Average UFET entity recovery probability given
surrounding context (API results capped at 2018 and 2024)

Figure 5: Average number of tokens for UFET test bins

not significantly impact our claims, we compare
the correlation between the LM predictions and the
API data capped at 2018 and 2024. We find results
to be largely consistent across these two time peri-
ods (See Tab. 4). On further examination, we find
that between 2018 and 2024 only 39 entities from
the test set (<2%) change their bin classification.
For our main results, we rank entities using the
2024 results.

C UFET test bin distribution

To better visualize the distribution of entities across
bins, we plot the log of API hits in Fig. 1. We also
compare the average number of tokens as obtained
with different tokenizers for each of our test bins
in Fig. 5.

D Method for Generating Masks and
Calculating Entity Probability

An entity can be comprised of a single token or
a multi-token phrase. For multi-token entities we
employ a conditional generation approach where
we generate the entity sequentially, one token at
a time, moving from left to right. The probability

of the entire entity is determined by product of the
conditional probability of each token ti conditioned
on all preceding tokens and the surrounding context
C, where i represents the position of the token in
the sequence and n is the total number of tokens
comprising the entity.

P (t1, t2, . . . , tn | C) =
n∏

i=1

P

(
ti

∣∣∣∣ t1, t2, . . . , ti−1, C

)

(1)

We use this approach to benchmark three mod-
els with comparable sizes and distinct pre-training
objectives.

BERT (MLM): To recover an entity using
BERT (bert-base-uncased), we first replace the en-
tity with an equal number of [MASK] tokens. Then
we calculate the probability the entity being recov-
ered as described before, replacing one [MASK] per
iteration.

BART (MLM): For BART (bart-large) (Lewis
et al., 2020), we take a similar approach but with
only a single <mask> token. We progressively ex-
pand the <mask>, one token at a time, calculating
the probability for each subsequent token until the
entire entity is recovered.

Qwen3 (Causal LM): Since Qwen3 (Yang et al.,
2025) is not pre-trained with an MLM objective,
we reframe the task as a Fill-in-the-Blank problem
using Qwen3-0.6B. We provide the model with a
prompt (See App. E) and compute the probabilities
through a conditional generation process, one token
at a time.

E Prompt used to calculate the
probability to recover an entity for
Qwen3

The prompt used to calculate the probability to
recover an entity for Qwen3 is:

Instruction: Fill in the appropriate entity that
completes the sentence below.

Context: {sentence with the entity mention re-
placed by a [blank]}
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(a) BERT-Base-Uncased: Average probability vs. Log
search-engine hits

(b) BART-Large: Average probability vs. Log search-
engine hits

(c) Qwen3-0.6B: Average probability vs. Log search-
engine hits

Figure 6: Average UFET Entity Recovery Probability vs
Search API Hits

Response: [blank] can be replaced with:

F Scatter plots of Entity Recovery
Probability in BERT, BART and
Qwen3 against Search Engine API hits

To visualize the high Spearman correlation coef-
ficient between entity recovery probabilities and
search engine API hits, we plot Fig. 6.

G Models for entity typing

G.1 BERT - Baseline
Inspired by (Dai et al., 2021), we frame the typ-
ing problem as mask prediction task for BERT

Figure 7: Evaluation of MLM models across UFET test bins

(bert-base-uncased). We use hearst-like patterns
("[MASK] such as entity mention", "entity mention
and any other [MASK]", "entity mention and some
other [MASK]") and conduct experiments to find
the optimal templates. The top ‘n’ predictions for
the [MASK] (with plural → singular conversion,
restricted to the type vocabulary) are considered
as candidate labels. we find the optimal value for
‘n’ (number of labels) by experimenting with the
development set.

{Hearst} n = 12, F1 = 0.0661

{Sentence} . {Hearst} n = 5, F1 = 0.2277

{Sentence} [SEP] {Hearst} n = 5, F1 = 0.2338

{Hearst} inserted in {sentence} n = 6, F1
= 0.2631

We experiment with different MLM models (See
Fig. 7) and present the results from the best per-
forming setting in Tab. 5. We find that the trend is
largely consistent among them, with the exception
of ALBERT which converges by Bin 3.

G.2 Llama3/Qwen3 - Baseline

We model the entity typing problem as a few-shot
task for Llama3 and Qwen3 models to evaluate
its efficacy in entity typing. We experiment with
the number of examples (from the train set) in the
prompts in increments of five examples. We found
that the performance was optimal for 15-examples
in the prompt and used that setting for the rest of
our experiments.

We use the following system prompt:

# Entity-Typing Assistant
You are a precise entity-typing assistant.
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Given a sentence in which **one entity mention
↪→ is wrapped in ‘<ENT> ... </ENT>‘ tags**,
↪→ produce **only** a JSON object whose
↪→ single key is **"predicted_types"**.

## Guidelines
- The value must be a JSON array of strings.
- Include all the type labels that are relevant.
- Remove duplicates and keep each type concise

↪→ (ideally a short noun phrase).
- Do not output any keys other than

↪→ ‘"predicted_types"‘.

## Input Format
- SENTENCE: The complete sentence with the

↪→ target entity clearly marked with
↪→ ‘<ENT>‘ tags

- ENTITY_MENTION: The target entity mention
↪→ from the sentence

## Output Format
‘‘‘json
{

"predicted_types": ["TypeA", "TypeB",
↪→ "TypeC", ...]

}
‘‘‘

Followed by examples from the train set in this
format:

# Example #{i}:
- INPUT:
- SENTENCE: ’{sentence}’
- ENTITY_MENTION: ’{entity_mention}’

- OUTPUT:
{{\"predicted_types\": [{types}]}}

With the input prompt as specified above, we gen-
erate the response from the model with the json
schema for generation passed to the model (format
parameter in ollama’s client.chat method). Pass-
ing the generation schema ensures that the model
adheres to the expected format and prevents mal-
formed/incorrect json output. We filter out the gen-
erated types to match the type vocabulary for the
respective dataset.

We also studied the effect of scaling on typing
performance. Specifically, it was of interest to us to
understand if scaling can help bridge performance
discrepancies between Bin 1 and Bin 4. Although
we did not find significant trends, the gains in per-
formance made by the models generally seemingly
favor buckets with higher entity frequency, exacer-
bating the long-tail problem. (see Fig. 3 and Fig.
8)

Note: all the models we evaluate are the 4 bit
quantized models (q4_K_M) available through Ol-
lama.

Figure 8: Effect of scaling on model performance across
UFET test bins

G.3 UFET-LSTM (Choi et al., 2018)
UFET-LSTM frames mention typing as predicting
free-form labels (e.g., criminal, victim). Because
the label set is so large and unconstrained, they
adopt a neural model that represents both the men-
tion and its context: a BiLSTM with attention for
the sentence, plus a CNN with attention for the
mention span. Although the authors’ reported re-
sults rely on distant supervision and crowd sourced
data, our analysis uses only the crowd sourced train-
ing data from UFET. Accordingly, we train a new
LSTM-based model using that dataset and present
the per-bin performance in Tab. 8.

G.4 LITE (Li et al., 2022)
LITE approaches the ultra-fine entity typing by
reframing it as an NLI task: treat the original sen-
tence (with the target entity) as a premise, and gen-
erate short textual descriptions of the entity as hy-
potheses using a predefined structure. A pretrained
NLI model scores how strongly each description is
entailed. Using a learning-to-rank objective, LITE
distinguishes correct types from incorrect ones. For
our experiments to find the performance across
bins, we use the final results as shared by the au-
thors on the test dataset of crowd sourced UFET.
Table 11 uses these predictions while capturing
its performance. For OntoNotes, we recreated the
model to the best of our ability.

G.5 Box4Types (Onoe et al., 2021)
Box4Types deploys box embeddings to effectively
capture the hierarchies of types. The model rep-
resents both types and entity mentions as boxes.
Each mention and its context are fed into a BERT-
based model to embed that mention in our box
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space; essentially, the model leverages typological
clues present in the surface text to hypothesize a
type representation for the mention. This helps
the model capture latent hierarchies better than the
vector-based counterparts. We recreated the orig-
inal approach described in paper and evaluated it
against our bins in Tab. 10.

G.6 Label Reasoning Network (Liu et al.,
2021)

Label Reasoning Network sequentially reasons
about fine-grained entity labels by discovering and
exploiting knowledge about label dependencies en-
tailed by the data. These implicitly and explicitly
entailed dependencies provide critical information
which help the model overcome limitations of base-
line LM approaches. The BERT based model lever-
ages deductive and inductive reasoning. We recre-
ated the models (without retrieval) as described in
the paper and reported the results against our bins
in Tab. 9.

H Fine grained evaluation of the models
studied

We look at the performance of the discussed models
across bins and label granularities (Coarse, Fine,
Ultra-fine) as first proposed by (Choi et al., 2018).

The trend of decline in performance between Bin
4 to Bin 1 continues into the fine grained evaluation
for the models. For each level of label granularity
we find clear separation in performance levels as
we move between the bins, suggesting that binning
provides a measure of difficulty independent of the
label granularity. This provides a unique opportu-
nity to approach the entity typing task from a new
perspective.
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Table 5: BERT MLM (bert-base-uncased)

Overall Coarse Fine Ultra-fine

Subset P R F1 P R F1 P R F1 P R F1

Full Test 23.7 29.5 26.3 64.9 43.0 51.7 34.2 40.7 37.1 16.8 22.5 19.2
Bin 1 19.2 25.5 21.9 59.0 41.8 48.9 22.4 34.3 27.1 14.1 19.0 16.2
Bin 2 22.5 27.7 24.8 57.6 34.2 43.0 31.7 43.2 36.6 17.3 23.2 19.8
Bin 3 24.6 31.0 27.4 60.1 41.0 48.7 34.4 42.1 37.9 18.8 25.1 21.5
Bin 4 25.1 30.8 27.6 69.1 45.8 55.1 38.2 41.1 39.6 16.8 22.5 19.2

Table 6: Llama3.3-70B

Overall Coarse Fine Ultra-fine

Subset P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ)

Full Test 45.9 ± 0.1 41.1 ± 0.1 43.4 ± 0.1 78.2 ± 0.3 68.7 ± 0.2 73.1 ± 0.3 58.0 ± 0.3 56.0 ± 0.2 57.0 ± 0.2 36.6 ± 0.2 30.0 ± 0.2 33.0 ± 0.2
Bin 1 38.3 ± 0.3 36.6 ± 0.7 37.4 ± 0.5 70.7 ± 0.5 54.8 ± 0.7 61.7 ± 0.4 48.5 ± 0.7 44.4 ± 1.0 46.4 ± 0.9 32.1 ± 0.3 30.5 ± 0.7 31.3 ± 0.5
Bin 2 43.2 ± 0.3 36.9 ± 0.3 39.8 ± 0.2 73.7 ± 0.8 50.9 ± 0.9 60.2 ± 0.9 55.0 ± 1.0 54.8 ± 0.8 54.9 ± 0.5 36.5 ± 0.7 30.0 ± 0.3 33.0 ± 0.4
Bin 3 44.4 ± 0.2 37.6 ± 0.3 40.7 ± 0.2 75.7 ± 1.0 59.5 ± 1.1 66.7 ± 1.1 59.4 ± 1.3 53.0 ± 0.9 56.0 ± 1.0 34.7 ± 0.4 28.4 ± 0.2 31.2 ± 0.2
Bin 4 49.0 ± 0.2 44.5 ± 0.1 46.6 ± 0.1 80.9 ± 0.3 78.2 ± 0.5 79.5 ± 0.4 60.4 ± 0.1 59.7 ± 0.4 60.1 ± 0.2 38.4 ± 0.2 30.4 ± 0.3 33.9 ± 0.3

Table 7: Qwen3-32B

Overall Coarse Fine Ultra-fine

Subset P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ) P(±σ) R(±σ) F1(±σ)

Full Test 50.6 ± 0.6 41.6 ± 0.6 45.7 ± 0.3 77.6 ± 0.5 75.1 ± 0.9 76.4 ± 0.3 57.6 ± 0.8 55.9 ± 0.9 56.7 ± 0.4 39.5 ± 0.5 29.0 ± 0.5 33.5 ± 0.4
Bin 1 41.1 ± 1.0 38.7 ± 0.8 39.9 ± 0.7 67.0 ± 0.9 67.5 ± 0.8 67.2 ± 0.8 48.0 ± 1.7 48.5 ± 1.5 48.2 ± 1.4 33.2 ± 0.7 29.5 ± 0.9 31.3 ± 0.7
Bin 2 46.1 ± 0.6 38.7 ± 0.6 42.1 ± 0.3 74.6 ± 1.4 66.6 ± 1.1 70.4 ± 0.8 52.5 ± 0.7 53.9 ± 1.9 53.2 ± 0.7 37.8 ± 0.8 28.6 ± 0.3 32.6 ± 0.4
Bin 3 48.4 ± 1.1 39.0 ± 0.6 43.2 ± 0.4 71.7 ± 1.8 68.7 ± 0.6 70.1 ± 0.6 57.6 ± 1.2 54.6 ± 1.4 56.1 ± 1.2 38.5 ± 1.0 28.4 ± 1.0 32.7 ± 0.8
Bin 4 55.0 ± 0.6 44.0 ± 0.7 48.9 ± 0.3 82.2 ± 0.4 80.2 ± 1.0 81.2 ± 0.5 61.2 ± 0.9 58.3 ± 1.4 59.7 ± 0.7 42.1 ± 0.6 29.1 ± 0.7 34.4 ± 0.4

Table 8: LSTM

Overall Coarse Fine Ultra-fine

Subset P R F1 P R F1 P R F1 P R F1

Full test 41.7 18.2 25.3 57.3 52.8 55.0 41.7 16.2 23.4 27.3 7.7 12.0
Bin 1 33.4 13.7 19.4 42.3 39.9 41.0 18.2 8.1 11.2 24.4 5.7 9.2
Bin 2 34.3 13.3 19.2 42.4 38.4 40.3 45.6 19.6 27.4 29.2 7.0 11.4
Bin 3 32.6 14.7 20.3 46.4 40.9 43.5 43.8 15.4 22.8 25.0 7.2 11.1
Bin 4 47.5 23.8 31.7 69.4 63.9 66.6 45.6 21.0 28.8 28.0 10.5 15.3

Table 9: Label Reasoning Network

Overall Coarse Fine Ultra-fine

Subset P R F1 P R F1 P R F1 P R F1

Full Test 57.1 33.7 42.4 75.7 76.6 76.1 57.5 46.8 51.6 44.0 19.8 27.3
Bin 1 52.7 27.4 36.0 65.8 69.5 67.6 52.8 42.1 46.9 43.4 14.5 21.8
Bin 2 49.2 26.8 34.7 65.6 67.7 66.7 47.4 38.8 42.7 37.1 15.7 22.0
Bin 3 52.3 27.9 36.4 67.3 68.7 68.0 55.0 37.6 44.7 38.8 17.3 23.9
Bin 4 61.5 38.9 47.7 82.6 82.0 82.3 61.4 52.3 56.5 47.0 23.2 31.1
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Table 10: Box4Types

Subset Overall Coarse Fine Ultra-fine

P R F1 P R F1 P R F1 P R F1

Full Test 52.8 38.9 44.8 70.5 82.9 76.2 52.9 53.4 53.2 45.4 24.5 31.8
Bin 1 46.3 31.0 37.2 58.9 77.7 67.0 42.9 43.6 43.2 38.8 16.0 22.7
Bin 2 47.7 31.4 37.8 60.0 76.7 67.3 45.3 46.3 45.8 44.5 20.5 28.0
Bin 3 47.8 33.9 39.7 60.2 79.9 68.7 49.6 53.8 51.6 42.8 20.6 27.8
Bin 4 57.4 44.4 50.1 79.4 86.2 82.6 58.3 57.3 57.8 47.7 29.0 36.1

Table 11: LITE

Overall Coarse Fine Ultra-fine

Subset P R F1 P R F1 P R F1 P R F1

Full Test 54.8 47.1 50.7 74.5 81.7 77.9 61.4 57.2 59.3 44.3 35.5 39.4
Bin 1 50.7 41.4 45.6 64.7 76.3 70.0 53.8 42.4 47.4 41.0 31.8 35.8
Bin 2 49.7 43.5 46.4 65.7 76.0 70.4 61.1 56.2 58.6 41.9 34.1 37.6
Bin 3 49.2 45.6 47.3 63.9 73.9 68.6 57.1 53.7 55.4 43.3 36.3 39.5
Bin 4 58.8 50.2 54.2 81.7 86.0 83.8 64.2 61.7 62.9 46.1 36.7 40.8
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Abstract

Natural Language Inference (NLI) relies heav-
ily on adequately parsing the semantic con-
tent of the premise and hypothesis. In this
work, we investigate whether adding seman-
tic information in the form of an Abstract
Meaning Representation (AMR) helps pre-
trained language models better generalize in
NLI. Our experiments1 integrating AMR into
NLI in both fine-tuning and prompting settings
show that the presence of AMR in fine-tuning
hinders model generalization while prompting
with AMR leads to slight gains in GPT-4o.
However, an ablation study reveals that the
improvement comes from amplifying surface-
level differences rather than aiding semantic
reasoning. This amplification can mislead
models to predict non-entailment even when
the core meaning is preserved.

1 Introduction

Since the advent of large language models
(LLMs), there has been ongoing debate about
the utility of symbolic representations such as
Abstract Meaning Representations (AMRs; Ba-
narescu et al., 2013) in (LLM-based) pipelines
and existing NLP tasks. While some studies re-
port limited or negative impact of AMRs on main-
stream NLP tasks (Jin et al., 2024), recent work
has demonstrated their value in specific applica-
tions, such as syntactic simplification (Yao et al.,
2024) and semantically-controllable text transfor-
mation (Li et al., 2025). Perhaps unsurprisingly,
incorporating AMR has been particularly well-
explored and effective in tasks related to semantics
(Wein and Opitz, 2024).

Natural language inference (NLI; Dagan et al.,
2010) is a popular task in NLP where the solver
is given a premise and a hypothesis, and asked
to determine whether the hypothesis is true if the

1We publicly release our code at https://github.com/
Aatlantise/advarsarial-nli-amr.

Figure 1: An example of NLI and experiment pipeline
of the paper. AMRs are shown in penman notation.

premise is true. The label space consists of three
labels: entailment if the hypothesis is true, con-
tradiction if the hypothesis is false, and neutral
if the truth value of the hypothesis cannot be de-
termined; this can also be condensed in two la-
bels: entailment and non-entailment. As shown
in Figure 1 “Athletes introduced the secretaries”
should be entailed by “Serious athletes introduced
the secretaries.” Therefore, the label should be en-
tailment because the truth of the premise indicates
truth of (or entails) the hypothesis.

As a meaning-focused task, NLI aligns well
with the motivation behind AMRs, i.e., to abstract
sentence meaning beyond surface form, given NLI
models’ tendencies to adopt shallow heuristics
rather than understanding the relationship between
the premise and the hypothesis, leading to poor
generalization to novel data (Gururangan et al.,
2018; Poliak et al., 2018; McCoy et al., 2019;
Serrano et al., 2023). In this paper, we inves-
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tigate whether incorporating AMRs as additional
input - either during (a) fine-tuning or (b) prompt-
ing - can encourage models to attend more to ab-
stract meaning, thereby improving generalization
and overall performance. As illustrated in Fig-
ure 1, we add AMRs to either the training data or
prompts then evaluate how the addition of AMR
affects generalization performance. We find that
AMRs generally hinder performance in both fine-
tuning and prompting settings, with the excep-
tion of prompting on HANS. However, this im-
provement appears to stem from AMRs amplify-
ing surface-level differences rather than capturing
deeper semantic meaning.

2 Related Work

NLI (Dagan et al., 2010) is a hallmark task demon-
strating model’s ability to understand natural lan-
guage. Select neural models like BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019)
trained on datasets like Multi-genre NLI (MNLI;
Williams et al., 2018) and Stanford NLI (SNLI;
Bowman et al., 2015) provide test-set performance
close to that of humans (Nangia and Bowman,
2019), but the near-human performance on MNLI
has been attributed to models optimizing on the
spurious correlations between lexical items and
labels in the data (Poliak et al., 2018; McCoy
et al., 2019; Gururangan et al., 2018; Serrano et al.,
2023). The same models that excel in test-set per-
formance suffer from poor generalization to other
datasets that represent the same task (Zhou et al.,
2020; McCoy et al., 2020; Delbari and Pilehvar,
2025).

Several prior approaches have incorporated log-
ical representations into NLI, for example by
combining neural encoders with logical reason-
ing modules (Chen et al., 2021), training natu-
ral logic theorem provers (Abzianidze, 2020), ex-
tracting phrase correspondences via natural deduc-
tion proofs (Yanaka et al., 2018), or constrain-
ing large language models with natural logic in-
ference patterns (Noble et al., 2025). While these
works rely on task-specific inference rules or spe-
cialized proof systems, our use of AMRs differs in
that AMRs provide a broad, task-agnostic seman-
tic abstraction without requiring dedicated engi-
neering. Once an AMR parser is available, AMRs
can be used as direct inputs to pretrained models
such as BERT (Section 3.2 and ChatGPT (Section
3.3), enabling structured input with minimal task-

specific engineering.
LLMs and in-context learning have been used

to tackle NLI and generalization in it, with mixed
results; Webson and Pavlick (2022) show that
the content of prompts do not significantly in-
fluence LLMs’ performance in NLI tasks, while
Kavumba et al. (2023); He et al. (2024) use chain-
of-thought reasoning and natural language expla-
nations to improve NLI performance and general-
ization. However, Zhong et al. (2023) report that
its NLI performance is still only comparable to
much smaller encoder-only models like BERT and
RoBERTa (Devlin et al., 2019; Liu et al., 2019),
leaving adversarial NLI an ongoing area of re-
search.

Recent work on AMRs has set out to utilize
AMR graphs for a variety of downstream tasks,
including summarization and information extrac-
tion (see Wein and Opitz (2024); Sadeddine et al.
(2024) for comprehensive overviews). AMRs
excel in capturing structure-dependent meaning
(Leung et al., 2022) and have shown particular
promise in meaning-sensitive tasks such as debi-
asing translationese (Wein and Schneider, 2024),
style transfer (Hua et al., 2023), and sentence-level
manipulation (Li et al., 2025), especially when
used in conjunction with fine-tuned models.

To the best of our knowledge, Opitz et al.
(2023) represents the only prior effort to incor-
porate AMRs into NLI, and do so for the pur-
pose of interpretable NLI evaluation. They find
that metrics based on AMR are robust unsuper-
vised representations of premise-hypothesis rela-
tionships when used alongside neural representa-
tions like BERT.

3 Data & Experiments

3.1 Data & Models

In these experiments, we use two datasets: MNLI
(Williams et al., 2018) and HANS (McCoy et al.,
2019). MNLI is a crowdsourced dataset, with a
test set that is not available to the public. We
follow prior work (Wang et al., 2018; Devlin
et al., 2019) in taking one of its two develop-
mental splits as the evaluation dataset. Specifi-
cally, we take the matched developmental set to
use as our evaluation dataset. The training dataset
includes 297k sentence pairs, while the evalua-
tion set contains around 10k pairs. HANS is a
template-based evaluation dataset, with 30k exam-
ples. Unlike MNLI and other NLI datasets, its la-
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bel space consists of only two labels–entailment
and non-entailment. We follow prior work (Mc-
Coy et al., 2020; Min et al., 2020) in collapsing
the model’s neutral and contradiction predic-
tions to the single non-entailment label when
calculating evaluation metrics, to accommodate
the two-class label space of HANS.

We use an off-the-shelf AMR parser from
amrlib

2 to parse all the sentences from the two
datasets we use. The model is BART-large (Lewis
et al., 2019) fine-tuned on AMR 3.0 (Knight et al.,
2021). While parsers with higher reported scores
exist (e.g. Bevilacqua et al., 2021), we follow
Uhrig et al. (2021); Opitz et al. (2023) in select-
ing an amrlib parser for ease of implementation.

We manually perform a small sanity check over
a subset of generated AMRs to verify that AMR
parses are acceptable, but do not perform a com-
prehensive quality check over the entire dataset.
We observe that the AMRs produced for sentences
in the HANS dataset are generally acceptable,
likely benefiting from the sentences’ simple struc-
ture and short length, though certainly the gener-
ated AMRs contain noise; the sentences in MNLI
are longer and more complex.

3.2 Experiment 1: Can fine-tuned models
benefit from AMR in NLI?

We train three sets of BERT-base models, aug-
mented with AMR information to perform our ex-
periment. We incorporate AMR in three ways:
(1) linearized AMR is concatenated to text input
(+AMR as text); (2) graph neural network repre-
sentation of AMR is concatenated to text represen-
tation (+AMR as graph); and (3) just the linearized
AMR is used as text input (AMR as text only).

We adopt the setup and hyperparameters of pre-
vious work in MNLI fine-tuning and HANS eval-
uation (McCoy et al., 2020; Min et al., 2020). We
take the bert-base-uncased model and fine-tune
for 3 epochs with a learning rate of 2e-5. While
we opt to follow prior work, we note that longer
fine-tuning beyond 10 epochs at the same learning
rate significantly improves HANS performance in
all settings. Each label prediction is made from
the [CLS] token’s final layer embedding. While
the setup is equivalent to those from prior work,
we implement the setup in a more modern, cur-
rent stack. Due to updates in the hardware and

2
https://github.com/bjascob/amrlib-models/

releases/tag/parse_xfm_bart_large-v0_1_0

software since prior work, slight changes in the
resulting model weights are possible. To control
for such an effect, we perform a sanity check via
baseline in-distribution test set evaluation. Finally,
we integrate AMR into the models as text, via lin-
earization, removing all newlines and whitespace
sequences longer than length two.

3.3 Experiment 2: Can prompt-based models
benefit from AMR in NLI?

In this experiment, we evaluate whether incor-
porating AMRs improves LLMs’ performance on
NLI, on both the MNLI and HANS dataset, the
latter of which remains challenging even after fine-
tuning. Jin et al. (2024) find that only instruction-
tuned GPT models are capable of reliably process-
ing AMRs. We therefore restrict our evaluation to
GPT-4o (Hurst et al., 2024) in zero-shot and 5-shot
settings.

We use the following prompt template:

You are a helpful assistant trained to de-
termine whether a hypothesis logically
follows from a premise. Respond with
’Yes’ or ’No’.
Premise: [X].
Hypothesis: [Y].

Where [X] and [Y] are replaced with the
premise and hypothesis in question. The prompt
applies to both zero and few-shot settings. We
incorporate no additional details or explanations
about the task (NLI), the datasets (MNLI and
HANS), or the AMRs in our prompt, to best mea-
sure the LLM’s ability to use representations of
meaning for NLI, rather than perform in-context
learning. However, it is possible that the model
perform better with additional context on the task,
dataset, or AMRs.

We test three input conditions: (a) sentence
only; (b) AMR only; and (c) sentence + AMR. La-
bel preprocessing follows the same procedure as in
the fine-tuning setup for MNLI. In the 5-shot set-
ting, we randomly sampled 5 examples from the
training set of each data set. We set the tempera-
ture to 0 to ensure deterministic outputs.

4 Results & Discussion

4.1 Experiment 1
We report the accuracies of our fine-tuning mod-
els with and without AMRs in Table 1. We report
numbers from prior work (McCoy et al., 2020;

204

https://github.com/bjascob/amrlib-models/releases/tag/parse_xfm_bart_large-v0_1_0
https://github.com/bjascob/amrlib-models/releases/tag/parse_xfm_bart_large-v0_1_0


Model MNLI HANS

Chance 0.33 0.50
Baseline (McCoy et al., 2020) 0.84 0.57

+Syntactic aug (Min et al., 2020) 0.84 0.65

Ours
Baseline reproduction (text only) 0.84 0.52

+AMR as text 0.83 0.47
+AMR as graph 0.84 0.49

AMR as text only 0.74 0.51

Table 1: Performance comparison with and without
AMR on HANS and MNLI test sets in the fine-tuning
setting. Both datasets measure accuracy.

Min et al., 2020) in addition to our experiments
to serve as comparison baselines and to ensure our
setup is correct. Our reported numbers are an av-
erage across 10 runs with varying seed.

As shown in Table 1, AMR augmentation does
not yield improvements in MNLI performance,
nor HANS generalization. Perhaps analogously to
previous data-driven attempts at improving gen-
eralization (Clark et al., 2019; Min et al., 2020;
Yaghoobzadeh et al., 2021), additional AMR in-
formation as either text or graph does not af-
fect MNLI performance. Analysis of their confu-
sion matrices reveals AMR adds or subtracts little
in terms of MNLI label decision boundary. On
HANS performance, We discuss two main find-
ings.

Standalone AMR input for classification inten-
sifies heuristics favoring the entailment label.
AMR-only models predict the entailment label for
98.3% of HANS examples, compared to the base-
line models at 94.7%. We attribute this to an in-
tensified version of the baseline models’ heuris-
tic correlating overlap between the hypothesis and
premise to the entailment label, dubbed the lex-
ical overlap heuristic (McCoy et al., 2019). We
note this is concurrent with a still competitive
MNLI performance, at 84%. We discuss this phe-
nomenon in more detail in Sections A.1 and A.2.

Mixing AMRs and text leads to more (false)
negative predictions in novel data. On the
other hand, combining AMR information with text
strongly affects HANS label decision boundaries
in the opposite direction, overriding various shal-
low heuristics that favor the entailment label ob-
served in McCoy et al. (2020) and in our base-
line and AMR-only experiments. Our +AMR as
text models 86.6% of HANS examples, and +AMR
as graph models 86.9%, even predicting non-

Model MNLI HANS

Chance 0.33 0.50
ChatGPT-3.5

Zhong et al. (2023) 0.89 -
He et al. (2024) - 0.75

Ours (ChatGPT-4o)
Text only 0.91 0.82

+AMR 0.75 0.87
AMR only 0.68 0.70

Table 2: Performance comparison with and without
AMR on HANS and MNLI test sets in the LLM zero-
shot prompting setting.

entailment on highly overlapping examples. We
attempt to disentangle the effects of AMRs and
text in a combined representation in Section A.2,
where we find that while AMR can be used to per-
form NLI, it is less effective than text input and
combining the two introduces new artifacts that
are more difficult to interpret.

4.2 Experiment 2

The results for prompting with GPT-4o are shown
in Table 2. We report only the zero-shot results
in the main text, as they yield similar overall per-
formance and prediction patterns. Results for the
five-shot setting are provided in Section D. Two
main observations emerge.

AMRs increase (false) negative predictions.
As shown in the table, model performance is con-
sistently lowest when prompted with AMRs alone,
while including the original sentence improves re-
sults. We find this is because AMRs lead mod-
els to make more negative predictions (see Sec-
tion B). To test this statistically, we fit a logis-
tic regression model predicting non-entailment us-
ing SMATCH++ (Opitz, 2023) between hypothe-
sis and premise AMRs and data source (gold vs.
predicted). A significant negative interaction (β
= -0.042, p < 2e-16) shows that SMATCH simi-
larity influences model predictions more than gold
labels.

Further analysis reveals that AMR’s sensitiv-
ity to surface-level lexical and syntactic variation
leads to low structural overlap between seman-
tically equivalent expressions,3 misleading the
model toward non-entailment. This also explains
why, on the HANS test set, prompts that include
both the sentence and its AMR lead to the high-
est rate of negative predictions: the AMR repre-

3See Section C for an example.
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Figure 2: Accuracy of three prompt settings across dif-
ferent sentence lengths on MNLI.

sentation amplifies subtle differences between two
otherwise similar strings, making semantic mis-
matches more salient and pushing the model to-
ward rejecting entailment. Such nuanced con-
trasts are what HANS is designed to probe in lan-
guage models, prompting GPT-4o to overpredict
non-entailment.

AMR does not lead to more robust perfor-
mance with longer sequence length. Opitz
et al. (2023) reported that incorporating AMRs
improves robustness in NLI prediction. We in-
vestigate whether this finding holds for LLMs.
Specifically, we plot accuracy across NLI exam-
ples binned by total sequence length (premise +
hypothesis). For sequences exceeding 100 words,
we group them into a single bin due to their spar-
sity.

As shown in Figure 2, when GPT-4o is
prompted with both sentence and AMR inputs, ac-
curacy slightly increases for inputs longer than 80
words. However, this performance remains lower
than that of sentence-only prompts across most
length bins. We find no evidence that AMR-only
prompts enhance robustness to longer sequences.

4.3 Summary

Our fine-tuning experiments suggest that AMR-
only models are still susceptible to heuristics. We
also observe that combining text with AMR as
both graph and text is challenging and results in
a strong preference towards the non-entailment la-
bel, even for highly overlapping, entailing exam-
ples.

Our LLM experiments showcase similar prefer-
ence towards the non-entailment label. This sug-
gests that AMRs effectively highlight subtle dis-
tinctions between minimal pairs, explaining im-

proved HANS performance. However, for simpler
examples, this heightened contrast can cause the
model to overpredict No, even for entailing sen-
tence pairs.

5 Conclusion

In this work, we investigate whether AMRs can
help PLMs on the task of natural language in-
ference. Specifically, across both fine-tuning and
prompting settings, we evaluate whether incorpo-
rating AMRs improves entailment classification.

We find that our implementations of AMR in-
tegration does not improve performance in fine-
tuning, and only lead to slight gains in zero-
shot prompting with GPT-4o. Importantly, ab-
lation analyses reveal that these gains are not
due to deeper semantic understanding, but rather
to AMRs exaggerating surface-level differences,
which in some cases mislead the model to pre-
dict non-entailment where entailment holds. Over-
all, our results suggest that while AMRs offer a
promising abstraction mechanism, their integra-
tion with LLMs requires careful design to avoid
reinforcing shallow heuristics rather than promot-
ing robust reasoning.

Limitations and Future Work

This study focuses on two datasets (MNLI and
HANS) and explores a limited set of prompting
and fine-tuning configurations. For fine-tuning,
we adopt a single AMR linearization strategy; in
the prompting setting, we test one prompt tem-
plate with different conditions. While alternative
prompts for zero-shot inference may yield bet-
ter performance (e.g., Kavumba et al., 2023), our
consistent experimental setup enables fair compar-
isons across conditions. Nonetheless, the findings
may not generalize to other inference tasks, do-
mains, or prompting strategies.

Future work could explore more diverse lin-
earization formats, prompt designs, and integra-
tion strategies that align AMR structure more di-
rectly with model attention or reasoning processes.

Encoder-based models have been shown to be
sensitive to minor perturbations in input (Sinha
et al., 2021; Jin et al., 2020), and prior work inte-
grating AMR graphs into neural models have used
a variety of formats (Wein and Opitz, 2024). Thus,
in addition to Python-like and natural language-
like representation of AMR’s structure (Srivastava
et al., 2025; Srivastava and Yao, 2025; Dutt et al.,
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2025), carefully designing how hierarchical de-
vices in AMRs (e.g. variable names, parentheses,
indents, and newlines) could be represented in the
embedding space of encoder-only models may be
worth further investigations.

Finally, investigating how AMRs interact with
LLM decoding beyond surface augmentation may
help unlock their full potential in meaning-
sensitive tasks.

Responsible Research Statement
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A Fine-tuning Error Analyses

A.1 Intensified subsequence overlap heuristic
with AMR

Compared to text-only MNLI models which are
known to incorrectly correlate lexical and se-
quence overlap to the entailment label (McCoy
et al., 2019, 2020; Min et al., 2020), the AMR-only
models favor the entailment label even more. The
model’s preference toward the entailment label re-
sults in the AMR-only models consistently pre-
dicting non-entailment for around 98% of HANS
examples.

It is less likely that the model adopts the subse-
quence and constituency heuristic, as no text sub-
sequences or constituencies are provided in the
training dataset–only AMR parses are provided as
input. However, it is possible that a new heuristic
had formed. Consider the following two versions
of premise-hypothesis pairs:

• Premise: The judge and the president ad-
vised the scientist.

(a / advise-01
:ARG0 (a2 / and

:op1 (p / person
:ARG0-of (h / have-org-role

-91
:ARG3 (j / judge-01)))

:op2 (p2 / person
:ARG0-of (h2 / have-org-

role-91
:ARG2 (p3 / president)

)))
:ARG1 (s / scientist))

• Hypothesis 1, label=non-entailment: The
scientist advised the judge.

(a / advise-01
:ARG0 (s / scientist))
:ARG1 (p / person

:ARG0-of (h / have-org-role-91
:ARG3 (j / judge-01)))

• Hypothesis 2, label=entailment: The judge
advised the scientist.

(a / advise-01
:ARG0 (p / person

:ARG0-of (h / have-org-role-91
:ARG3 (j / judge-01)))

:ARG1 (s / scientist))

The premise and hypothesis AMRs exhibit sig-
nificant overlap, namely in variables p, h,
j, s. Given sufficiently many pairs similar to
Premise-Hypothesis 2 in the training set, the

Train setting Text eval +AMR eval AMR only eval

Text 0.84 0.47
+AMR 0.53 0.83 0.36

AMR only 0.44 0.74

Table 3: MNLI accuracy of our trained models evalu-
ated on each setting. Chance performance is 0.33.

Train setting Text eval +AMR eval AMR only eval

Text 0.96 0.97
+AMR 0.25 0.13 0.85

AMR only 0.99 0.98

Table 4: Percentage of HANS examples where our
trained models evaluated on each setting predict entail-
ment.

model may optimize to correlate variable overlap
to the entailment label. Then, when the model
predicts on Premise-Hypothesis 1 pair, instead
of considering the semantic structure, it may at-
tend to the significant variable overlap, and predict
entailment, which is the incorrect answer.

A.2 Cross-setting evaluation analysis

To disentangle the effects of text and AMR in
+AMR models, we evaluate models in not only their
own evaluation setting, but in other settings as
well. We do not evaluate all models on all set-
tings. Instead, we measure performance on rea-
sonable train-evaluation setting pairs–we do not
evaluate text only models on AMR only settings,
and vice versa. +AMR models undergo all evalu-
ation settings; all models undergo evaluation in
the +AMR setting. In this cross-setting evaluation
scheme, we do not consider the +AMR as graph
setting.

First, we observe that cross-evaluation models
still perform above chance in MNLI evaluation
(0.33), as seen in Table 3, which indicates both
text and AMR knowledge can be leveraged despite
noise from unseen form. The +AMR models’ single-
mode (text only or AMR only) MNLI accuracies,
together with the lower performance of AMR-only
models compared to text-only models indicate
that AMR information is more difficult to acquire
and use than text input.

Second, we observe that bias towards entail-
ment or non-entailment in MNLI and HANS is
strongly correlated, given train-evaluation mis-
match (m = 0.6, R2 = 0.87). Cross-setting eval-
uation results support the case of a newly devel-
oped heuristic for AMR only models, as single-
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Prompt MNLI HANS

Text + AMR +2,274 +1,759
AMR only +2,848 +1,393

Table 5: Increase in the number of negative predictions
compared to the sentence-only prompt condition.

mode models overwhelmingly predict entailment
in HANS examples even when evaluated on +AMR
settings, both at above 96%, as seen in Table 4.

On the other hand, it is difficult to pinpoint the
cause of the tendency to predict non-entailment in
dual-mode models predicting on input containing
text. We observe that dual-mode models predict
non-entailment for entailing adverbial sentences
whose AMRs highly overlap, as shown below:

• Premise: Clearly the bankers waited.

(w / wait-01
:ARG1 (b / banker)
:ARG1-of (c / clear-06))

• Hypothesis, label=entailment, pred=non-
entailment: The bankers waited.

(w / wait-01
:ARG1 (b / banker)

B LLM prediction statistics

The results are reported in Table 5.

C LLM setting error analysis: Example

For example, while the premise everything you’re
looking for is available is semantically equiva-
lent to the hypothesis everything can be found, the
AMRs for these sentences differ substantially due
to lexical choices (e.g., look for vs. find) and syn-
tactic voice (active vs. passive). The resulting
SMATCH++ F-score (Opitz, 2023) between the
two graphs is only 27.7.

• Premise: Enter the realm of shopping malls,
where everything you’re looking for is avail-
able without moving your car.

(e / enter-01
:ARG0 (y / you)
:ARG1 (r / realm

:mod (m / mall
:mod (s / shop-01)
:location-of (a / available

-02
:ARG2 (e2 / everything

:ARG1-of (l /
look-01

:ARG0 y))
:manner (m2 / move-01

:polarity -
:ARG0 y
:ARG1 (c / car

:poss y))))
))

• Hypothesis: Everything can be found inside
a shopping mall.

(p / possible-01
:ARG1 (f / find-01

:ARG1 (e / everything)
:location (ii / inside

:op1 (m / mall
:purpose (s / shop-01)

))))

D 5-Shot Prompting Result

We report the results of our 5-shot prompting ex-
periments in Table 6.

Prompt MNLI HANS

Text only 0.89 0.82
+AMR 0.75 0.88

AMR only 0.69 0.67

Table 6: Performance comparison with and without
AMR on HANS and MNLI test sets in the LLM five-
shot prompting setting.
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Abstract

In this work, we investigate the relationship be-
tween the quality of explanations produced by
different models and the amount of implicit
knowledge they are able to provide beyond
the input. We approximate explanation quality
through accuracy on a downstream task with
a standardized pipeline (GEISER) and study
its correlation with three different association
measures, each capturing different aspects of
implicitness, defined as a combination of rel-
evance and novelty. We conduct experiments
with three SOTA LLMs on four tasks involving
implicit knowledge, with explanations either
confirming or contradicting the correct label.
Our results demonstrate that providing quality
explanations consistently improves the accu-
racy of LLM predictions, even when the models
are not explicitly trained to take explanations
as input, and underline the correlation between
implicit content delivered by the explanation
and its effectiveness.1

1 Introduction

Large Language Models (LLMs) excel at numer-
ous language processing tasks, including text gen-
eration, translation, and question answering (Tou-
vron et al., 2023; OpenAI, 2023). Still, understand-
ing their reasoning is challenging, hindering trust
and adoption in high-stakes domains (Hase et al.,
2020; Kaneko and Okazaki, 2023; Kotonya and
Toni, 2020; Atanasova et al., 2020). One approach
towards “intrinsic explainability” is to have LLMs
generate explanations for their predictions. Exist-
ing methods, like pipeline models (Wiegreffe et al.,
2020) and self-rationalizing models (Lei et al.,
2016), often focus on extractive rationales suit-
able for information extraction (Jacovi et al., 2021).
However, complex reasoning tasks require free-text
explanations, especially when implicit knowledge

1Code and data available here github.com/
andreazaninello/geiser.

is involved (Wiegreffe et al., 2021). Also, gen-
erating explanations raises concerns about their
faithfulness, as LLMs might produce plausible-
sounding explanations with no genuine connection
to their reasoning (Narang et al., 2020). This is
particularly problematic for implicit knowledge,
which relies on the model’s internal representations
of the world (McClelland et al., 2020).

With the rise of retrieval-augmented generation
(RAG, Lewis et al. (2020)), language models are in-
creasingly supplemented with external information,
such as explanations, retrieved from knowledge
bases or provided via in-context learning (ICL).
The effectiveness of these approaches depends on
the quality of the retrieved or injected text, which
serves as additional context for the model’s rea-
soning. While traditional RAG studies focus on
improving retrieval mechanisms (e.g., optimizing
factual correctness), less attention has been paid
to evaluating the quality of explanations used in
these frameworks. Recent work by He et al. (2024)
shows that augmenting ICL with natural language
explanations (NLEs) improves model robustness.
However, their study focuses on performance bene-
fits rather than the quality of different explanation
types, and their evaluation is limited to downstream
accuracy without assessing what makes an expla-
nation effective in guiding a model’s decision.

Our work addresses this gap by providing a prin-
cipled evaluation of explanation quality, particu-
larly in sentence pair reasoning tasks, measured by
downstream task performance. Moreover, we show
that explanation effectiveness correlates with the
degree of implicit content, i.e., novel yet relevant
information they provide. We test this hypothesis
by examining the relationship between explanation
effectiveness and three metrics approximating nov-
elty and relevance, and show that they have high,
yet different correlation with explanation quality
according to the examined task.

The main contributions of this paper are:
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• we propose GEISER, a standardized pipeline
to evaluate the effectiveness of different types
of explanations using LLM relation predic-
tions on tasks involving varying degrees of
implicit reasoning and external knowledge;

• using the proposed pipeline, we report exper-
imental results on different kinds of explana-
tions (human- and machine-generated), across
three LLMs, four tasks and two languages;

• through our analysis, we introduce “implicit
knowledge” as a key factor of explanation
quality, and study different metrics to estimate
it, showing its correlation with explanation
effectiveness.

2 Related Work

The role of explanations in NLP has been exten-
sively studied. For instance, Cambria et al. (2023)
provide a comprehensive survey of natural lan-
guage explanation generation approaches, and
Hartmann and Sonntag (2022) examine the ben-
efits of explanations for improving NLP models.
Paranjape et al. (2021) focus on template-based
explanations, while Lampinen et al. (2022) and Ye
and Durrett (2022) highlight the advantages of in-
context explanations for complex reasoning tasks.
Jansen et al. (2016) provide a comprehensive char-
acterization of different kinds of explanations, each
one with different insight into model behavior.

Traditionally, explanation quality has been as-
sessed using automated metrics like BLEU (Pap-
ineni et al., 2002), ROUGE (ROUGE, 2004), or
BERT-Score (Zhang et al., 2019), which compare
outputs to human-written references. However,
these metrics may not fully capture explanation
quality or align with human judgment, and collect-
ing human references is often costly. More recently,
(human) simulatability scores have emerged as an
alternative to overlap metrics, based on the idea that
explanation quality can be defined as the “utility
to an end-user” (Kim et al., 2016). This approach
evaluates how explanations improve predictive per-
formance on downstream tasks rather than overlap
with ground truth explanations and, while humans
were initially the predictors (Wiegreffe et al., 2021),
trained models now automate this process, showing
strong correlations with human judgments (Hase
et al., 2020). For example, Pruthi et al. (2022)
measures explanation quality by training a student

model on teacher-generated explanations for down-
stream tasks.

Prior work has largely focused on eliciting expla-
nations from models or evaluating them based on
task performance, our work shifts the focus toward
understanding how explanations can reveal implicit
knowledge, offering a novel perspective on expla-
nation quality assessment. While, to the best of our
knowledge, there are no previous works addressing
implicit content measures directly, in the context
of information retrieval, relevance and novelty have
been recognized as key aspects of novelty detection
tasks (Ghosal et al., 2022, 2018), and similarly to us
exploit Textual Entailment (Bentivogli et al., 2011)
for sentence level novelty mining. Metrics such
as the cosine similarity between high-dimensional
embeddings has been traditionally used to quantify
semantic similarity of texts, but has also been re-
cently questioned as a faithful representation (Steck
et al., 2024). Other works, on the other hand, have
focused on estimating the causal strength between
textual fragments, and proposed learned metrics
such as CEQ (Du et al., 2022) or CESAR (Cui et al.,
2024), in the attempt to improve more simplistic
yet effective metrics such as Pointwise Mutual In-
formation (PMI).

3 Methodology

We address the problem of explaining the semantic
relationship between two textual fragments under
the assumption that the relationship involves im-
plicit knowledge, and the hypothesis that explana-
tions eliciting more implicit knowledge represent
higher-quality explanations.

3.1 Explanatory task

Given a pair of sentences < s1, s2 >, and a seman-
tic relation r between s1 and s2 (e.g., s1 temporally
precedes s2, s1 is caused by s2, s1 contradicts s2,
etc.). The task consists in a model M1 generating
an explanation ei for the relation r and then in a
model M2 using the explanation ei to predict the
relation r for the same sentence pair, when r is
not given. The goal is to support the hypothesis
that using explanations results in better predictions,
and that an increase in prediction accuracy corre-
sponds to higher explanation effectiveness, as well
as investigate the correlation between explanation
quality, implicit information elicitation, and rela-
tion prediction.
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3.2 The GEISER Pipeline
To estimate the quality of the explanations, we
propose GEISER (Generation and evaluation of
Explanations for Implicit SEmantic Relations) a
three-step methodology inspired by work on human
simulatability scores.

Step 1: Generate Explanations with M1. Given
an explanatory task, we ask a model M1 to gener-
ate a set of possible explanations E for the semantic
relation rc for the sentence pair < s1, s2 >. We
assume ground truth relations Rc from human an-
notators, as they guarantee explanations consistent
with the actual semantic relations of the sentence
pair.

M1(s1, s2, rc)⇒ E

As we are interested in comparing different expla-
nations E = {e1, e2, . . . en} for the same sentence
pair and the same relation rc (e.g., a counterfactual
explanation vs. a why-explanation) each expla-
nation ei is generated independently, prompting
a generative model for each specific explanation
type. In Section 5 we define in detail the set E of
explanation types.2

Step 2: Predict Relation with M2. Here, model
M2 is asked to predict a semantic relation rp be-
tween s1 and s2 given one individual explanation
ei in E, injected into the input along with the sen-
tence pair. Adding one explanation ei is meant to
potentially add new information, implicit in s1 and
s2, that can help the model M2 predict the correct
relation rc.

M2(s1, s2, ei)⇒ rp

The two models used in step 1 and step 2, M1

and M2, might be the same model, in which case
the goal is to assess the self-consistency of the
model (generate the explanation and then use it for
prediction), or two different models, in which case
the goal is to have an independent assessment of
the explanation quality. M1 must be a generative
model, as it has to produce the set of explanations
E, while M2 is a generative model performing a
classification task.

Step 3: Evaluate M1’s Explanations through
M2’s performance. Our final goal is to assess
the quality of the explanations in E generated by
M1. Intuitively, the quality of an explanation ei

2To keep under control our experimental setting, we as-
sume only one semantic relation rc for a given sentence pair.

depends on its ability to provide useful content to
solve a relation prediction task: the more ei is use-
ful to the model M2 to predict the correct relation
rc, the better its effectiveness, taken as a proxy of
the quality of ei. Accordingly, here we assume that
the M2 performance is an indicator of the explana-
tion effectiveness, such that better explanations are
those that contribute to better prediction accuracy.
Given an explanation ei in the set E, its effective-
ness relative to a model M2 is given by the ability
of the model to predict a relation rp that approxi-
mates the correct relation rc for a given sentence
pair.

Effectiveness(ei,M2) = rp ≈ rc
In practice, overall accuracy of a model M2 on a
relation prediction task is used as a proxy metric for
explanation effectiveness. There are two interest-
ing aspects to be considered. First, the difference
between the relation prediction of the M2 model
without and with ei: this is an indicator of the abso-
lute effectiveness of a certain explanation. Second,
as an aggregation metric, the relative ranking of all
explanations in Et ∈ E given by the M2 accuracy
according to their type and how they were gener-
ated: this will give us an indication of whether an
explanation type or a generative model is better
(i.e., more effective) than another.

3.3 Measuring Implicit Content via
Explanation–Input Association Measures

We want to explore whether better explanations
are those that are able to introduce highly relevant
implicit knowledge, i.e., not present in the sentence
pair < s1, s2 >, that the M2 model can use for
predicting rp. Intuitively, a good explanation for
an implicit knowledge-based relationship should
maximize both its novelty, i.e., it has to bring new,
implicit content with respect to < s1, s2 >, and its
relevance with respect to < s1, s2 >, i.e., it has to
be grounded to entities and events mentioned in the
sentences (Ghosal et al., 2018).

As a first step towards validating this hypothesis,
we define the amount of implicitness of an explana-
tion ei as the combination of relevance and novelty
of ei with respect to a sentence pair < s1, s2 >.

We operationalise the implicit content calcula-
tions comparing three different association mea-
sures between the input sentences < s1, s2 > and
the explanation ei: Causal Strength (CS), Entail-
ment Probability, and Cosine Similarity. These are
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intended to variously reflect how well an explana-
tion relates to the input sentences s1 and s2, while
bringing new, potentially useful information.

Causal Strength
Firstly, we consider the metric of CAUSAL

STRENGTH (CS) as proposed by Cui et al. (2024),
which—in its original formulation—aggregates
token-level associations between a cause sequence
C (length n) and an effect sequence E (length m).
However, following Du et al. (2022), in our set-
ting the cause sequence C is obtained by taking the
maximum value obtained by calculating the causal
strength either between a. the concatenation of
s1 and the explanation and the effect sequence E
(corresponding to s2) or 2. s1 as C and the concate-
nation of the explanation and s2 as E. The method
uses causal token embeddings from a BERT model
pre-trained on a cause–effect corpus, and attention
weights to focus on the most relevant token pairs.

Formally, the score is defined as:

CS(C,E) =
n∑

i=1

m∑

j=1

aij

∣∣∣∣
c⊤i ej
∥ci∥∥ej∥

∣∣∣∣

where ci and ej are the token embeddings of C and
E, and aij are normalized attention weights over to-
ken pairs (

∑
i,j aij = 1). This attention-weighted

absolute cosine similarity captures both semantic
alignment and token-level causal informativeness.

Intuitively, this metric emphasizes token pairs
that are both semantically aligned (via cosine simi-
larity) and deemed important by the attention mech-
anism—highlighting explanatory tokens that are
both novel and causally relevant. This implemen-
tation, known as CESAR (Cui et al., 2024), yields
more robust predictions of causal strength changes
when additional information (e.g., supporters or
defeaters) is introduced.

Entailment Probability
Secondly, we consider the probability of entail-
ment, also referred to as NATURAL LANGUAGE

INFERENCE (NLI), calculated via a pre-trained
NLI model. Given an explanation exp, an input
statement s1, and a target statement s2, we define:

NLI(exp, s1, s2) = PNLI

(
s1 ∧ exp |= s2

)
.

This directional measure, while theoretically cap-
turing both relevance and novelty, may in practice
favour relatedness over new information, and its re-
liability is limited by the accuracy of the underlying
NLI model.

Cosine Similarity

Thirdly, we consider simply comparing the CO-
SINE SIMILARITY (COS) of the embedding vectors
eexp and es1,s2 :

COS(eexp, es1,s2) =
eexp · es1,s2
∥eexp∥ ∥es1,s2∥

.

This measure captures semantic relatedness but not
novelty, and can be sensitive to embedding behav-
iors (e.g., scale-invariance may obscure frequency
effects).

In summary (Table 1), CS offers an interpretable
balance of novelty and relevance; NLI aligns
closely with the conceptual role of explanations,
though reliability is tied to model strength and may
not fully reflect novelty; COS, on the other hand, is
easy to compute but lacks novelty sensitivity. For
this reason, we hypothesize that CS should bet-
ter align with explanation effectiveness, as defined
above, and thus positively correlate with accuracies
at the system level.

Measure Relevance Novelty Reliability

CS yes yes Corpus-based, robust
NLI yes no Theoretical, model-limited
COS yes no Fast, but surface-level

Table 1: Overview of implicit content measures and
their features.

4 Tasks and Datasets

We use four datasets that propose tasks involv-
ing different kinds of reasoning and eliciting im-
plicit or external knowledge to various extents. All
datasets provide either human-generated or human-
collected and curated explanations (which we use
as the gold baseline, see Section 5)3

e-SNLI (Natural Language Inference). A ver-
sion of the Stanford Natural Language Infer-
ence (SNLI) corpus, includes 570k sentence pairs
(which we use as s1 and s2) labeled for three entail-
ment classes: “entailment”, “contradiction”, and
“neutrality”; each pair is enriched with 3 human-
written, natural language explanations (Camburu
et al., 2018), which we use in concatenation as our
“gold” explanations.

3An example of how each dataset is preprocessed in the
GEISER pipeline is provided in the Appendix.
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StrategyQA (Multi-hop Question Answering).
A question-answering dataset designed to require
multiple-step strategic reasoning and/or implicit
knowledge to answer a question. The dataset (Geva
et al., 2021) comprises 2,780 strategy questions
(which we use as s2) with answer “yes” or “no”
(labels), its decomposition into multi-step reason-
ing paths (which we use in combination as gold
explanations) and evidence paragraphs giving the
context of the question (which we use as s1).

e-CARE (Causality). A dataset focused on
causal reasoning, featuring human-annotated ex-
planations for the causal questions, The dataset
consists of 21k causal reasoning questions with
both correct and incorrect answers (Du et al., 2022).
We accommodate this dataset into our experimen-
tal setup by pairing both input sentences as s1 and,
for each pair, ask the question represented by s2,
focusing on whether the first sentence is the cause
of the second (label “yes”) or not (label “no”).

e-RTE-3-it (Recognizing Textual Entailment in
Italian). A dataset in Italian for Recognizing
Textual Entailment (RTE), featuring pairs of texts-
hypotheses and human-written, manually curated
explanations for the entailment relation (Zaninello
et al., 2023). It consists of 1,600 sentence pairs
(which we use as s1 and s2, respectively) and is
annotated with the same labels as e-SNLI.

5 Explanation Types

We test two different modes of explanation genera-
tion: explanations that confirm the given relation-
ship between s1 and s2, explaining why it holds
(why, gold) and explanations that potentially con-
tradict the relationship between s1 and s2 explain-
ing the circumstances when the relationship may
not hold (counterfactual).

Why explanations. This kind of machine-
generated explanation (why) is the most typical
way to provide an explanation, i.e., the answer to a
“why” question. In our setting, a why explanation
is an answer to the question “Why is rc the relation
holding between s1 and s2?”.

Gold explanations. These explanations (gold)
are the explanations provided in the original dataset,
either directly written or manually checked by hu-
mans given the correct relation rc, thus falling into
the label-confirming explanation type like why ex-
planations. While the quality of human-generated

explanations is generally considered high (e.g., we
expect that they point out relevant and implicit in-
formation), there is no guarantee that, when used by
a model M2, they will perform better than model-
generated ones. Therefore, for the purposes of this
study, we evaluate them along with the generated
ones and take them as a strong baseline, rather than
consider them a target or reference explanation.

Counterfactual explanations. In our setting, a
counterfactual (cf) explanation (Wachter et al.,
2017; Verma et al., 2022) explicitly contradicts the
golden label. It originates from the following ques-
tion: “What are the conditions in which relation
rc may not hold for s1 and s2?”. The aim of these
explanations is to test the robustness of models to
potentially false or misleading information, as well
as highlight how different models may be differ-
ently sensitive to explanation injection4.

6 Experiments

6.1 Experimental Setup

Models. We utilize three open-access language
models of comparable size, which we com-
bine as both M1 and M2: Llama-3-8B-Instruct
(Team Llama et al., 2024), Gemma-7b-it (Gemma
et al., 2024) and DeepSeek-R1-Distill-Qwen-7B
(DeepSeek-AI et al., 2025; Qwen et al., 2025).

To compute Cosine Similarity (Section 3.3),
we use sentence-transformers/all-MiniLM-L6-v2
(Wang et al., 2020). For Entailment, we use the
pre-trained NLI model deberta-large (Liu et al.,
2019), fine-tuned on the Multi-Genre NLI dataset
(Williams et al., 2018).

Prompting and Inference Details. Our imple-
mentation leverages the HuggingFace’s lm_eval
harness library to ensure consistent and repro-
ducible evaluation across tasks. For M1 genera-
tion, we use the output type generate_until. We
employ greedy decoding for all experiments, and
all prompts are constructed in English (so that all
explanations are returned in English, regardless
of input)5. For M2 prediction, we use the multi-
ple_choice output type, which calculates logits for
a given set of labels.

4See prompts and example explanations in the Appendix.
5Due to computational constraints, we used the first 800

examples from the test sets of each dataset to keep genera-
tion within our capacity limits. This approach allowed us to
maintain a balance between comprehensive evaluation and
practical feasibility.
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noexp gold cf-llama-m1 cf-gemma-m1 cf-deepsk-m1 why-llama-m1 why-gemma-m1 why-deepsk-m1

ESNLI (3 labels)

llama-m2 0.54 0.71 0.34 0.44 0.59 0.72 0.89 0.95
gemma-m2 0.61 0.79 0.53 0.46 0.61 0.76 0.90 0.95

deepseek-m2 0.34 0.34 0.40 0.36 0.61 0.45 0.70 0.96
all-m2 0.50 0.61 0.42 0.42 0.60 0.64 0.83 0.95

SQA (2 labels)

llama-m2 0.64 0.78 0.62 0.66 0.46 0.80 0.75 0.91
gemma-m2 0.62 0.68 0.55 0.58 0.50 0.81 0.75 0.88

deepseek-m2 0.45 0.45 0.43 0.38 0.52 0.45 0.45 0.77
all-m2 0.57 0.64 0.53 0.54 0.49 0.69 0.65 0.85

ECARE (2 labels)

llama-m2 0.53 0.56 0.51 0.54 0.61 0.81 0.76 0.91
gemma-m2 0.48 0.71 0.54 0.51 0.62 0.92 0.75 0.94

deepseek-m2 0.48 0.49 0.50 0.48 0.59 0.53 0.54 0.83
all-m2 0.50 0.59 0.52 0.51 0.61 0.75 0.68 0.89

ERTEIT (3 labels)

llama-m2 0.48 0.53 0.29 0.26 0.20 0.70 0.62 0.67
gemma-m2 0.44 0.49 0.23 0.19 0.20 0.70 0.59 0.67

deepseek-m2 0.48 0.48 0.50 0.38 0.20 0.58 0.53 0.67
all-m2 0.47 0.50 0.34 0.28 0.20 0.66 0.58 0.67

Table 2: Accuracy of M2 models across the four datasets and explanation types, using explanations generated by
M1. Explanations marked as noexp and gold represent the baselines. Values are reported as accuracy scores of each
M2 model and as mean across all M2 models (all-m2), with standard errors omitted for brevity. The best-performing
explanation type for each M2 is boldfaced.

To make generated explanations comparable to
gold explanations, we ask M1 to explain in approx.
3 sentences. To include the explanations in Step 2,
we prompt M2 to use a “hint” to give its answer,
represented by the explanation.

Anonymization to Prevent Label Leakage. To
ensure that the explanations do not simply suggest
the right answer without genuinely being informa-
tive, we “anonymize” them by substituting each
explicit reference to the labels with a placeholder
(XXX) using regular expressions to fetch either the
label (e.g. “YES” and “NO”) or words directly
connected to the relation (e.g. “contradict”, “con-
tradiction” etc.). Moreover, we explicitly ask the
M1 model to avoid stating the answer directly when
generating the explanation.

6.2 Evaluation

Baselines. We select two baselines: no explana-
tion given (noexp), where the modelM2 performs
0-shot relation rp prediction; human explanation
(gold), where we use the explanation provided in
the original dataset as the hint, providing a strong
baseline. Gold explanations too, like the generated
ones, underwent the process of anonymisation.

Explanation quality. For explanation quality
through GEISER, we calculate the average accu-
racy (acc) of each M2 model separately using ei-
ther the explanations generated by the same model
(M1 = M2), or by another model (M1 ̸= M2).
We report average accuracy for each explanation
type/M1, and both separately and ensembling by
M2, along with the accuracy obtained by with gold
and noexp baselines (Table 2).

Correlation with Implicitness. To study the cor-
relation of the selected implicitness measures (CS,
COS, NLI) with explanation quality, we report
the average score separately for each explanation
type/M1, each ranging from 0 to 1 (Table 3. Then,
we calculate the Pearson correlation coefficient (r)
(p = 0.05), to assess the linear relationship be-
tween each M2 accuracy for all explanation types
in each dataset, and the association measure for the
same system for that dataset.

7 Results and Discussion

Accuracy Trends. In Table 2 we report the per-
formances on the GEISER experiments for the four
datasets under different explanation types, both
with M1 = M2 and M1 ̸= M2. Results are re-
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noexp gold cf-llama-m1 cf-gemma-m1 cf-deepsk-m1 why-llama-m1 why-gemma-m1 why-deepsk-m1

ESNLI (3 labels)

Causal Strength 0.45 0.69 0.48 0.51 0.65 0.61 0.67 0.81
Cosine Similarity 0.05 0.70 0.48 0.46 0.48 0.44 0.56 0.47
Entailment prob. 0.34 0.42 0.12 0.13 0.82 0.22 0.23 0.77

SQA (2 labels)

Causal Strength 0.55 0.70 0.53 0.58 0.71 0.64 0.69 0.77
Cosine Similarity 0.05 0.58 0.75 0.78 0.69 0.75 0.83 0.76
Entailment prob. 0.08 0.03 0.07 0.08 0.62 0.10 0.17 0.89

ECARE (2 labels)
Causal Strength 0.50 0.85 0.52 0.53 0.61 0.65 0.64 0.73

Cosine Similarity 0.06 0.46 0.55 0.51 0.44 0.61 0.63 0.45
Entailment prob. 0.44 0.20 0.17 0.13 0.81 0.29 0.19 0.88

ERTEIT (3 labels)

Causal Strength 0.60 0.71 0.47 0.53 0.53 0.72 0.70 0.80
Cosine Similarity 0.05 0.75 0.44 0.48 0.39 0.45 0.63 0.46
Entailment prob. 0.58 0.38 0.29 0.27 0.87 0.50 0.45 0.93

Table 3: Mean association measures (Causal Strength, Cosine Similarity, Entailment probability) across datasets,
models, and explanation types. The noexp and gold columns indicate the baselines results using no-explanation
and the human-generated ones. The remaining columns indicate results obtained by counterfactual cf or why
explanations generated by the three LLMs as M1.

ported both separately for the different M2 models,
as well as the average accuracy across all models
(all-m2).

The best scoring task was ESNLI with why expla-
nations written by Deepseek, which also presents
the largest gain over the noexp baseline (from
0.34 to 0.96 with Deepseek both as M1 and M2).
Despite presenting a very similar task, the lower
scoring dataset and the smallest gains were with
ERTEIT (min. 0.20 with cf, max. 0.70 with
LLama’s why). This seems to indicate that the
models still struggle with languages other than En-
glish, or are possibly mislead by the language shift
between the input (Italian) and the explanations
(English).

The preferred explanations were those of
Deepseek with all M2s in all tasks, with the excep-
tion of ERTEIT, where Llama-m2 and Gemma-m2
scored higher with Llama-m1’s why explanations.

Label-confirming explanations (why) consis-
tently led to the highest accuracy across all datasets
and models, confirming that explanations aligned
with the gold label can meaningfully support the
m2 model’s decision-making. On the other hand,
label-contradicting explanations generally scored
lower than the noexp baseline, as was expected,
indicating that “bad” explanations can indeed be
detrimental to the model’s accuracy. However,
there are a few cases where cf explanations im-

proved over the noexp baseline, specifically on
ESNLI and ECARE and mainly with Deepseek-
m2’s explanations. We manually inspected a sam-
ple of the cf explanations that led to a correct pre-
diction, and noticed a common trend: in fact, in
these cases either the model “refused” to support
the opposite label, or it produced a long “chain of
thought” style explanation which was truncated,
and therefore did not contain the section of the
explanation supporting the opposite label. This
was especially the case with Deepseek, which
produced an initial “reasoning” independently of
the supported relationship, which was helpful for
the downstream model to predict the correct la-
bel. Finally, it is worth noticing that machine-
generated why explanations consistently outper-
form the human-generated ones (gold), which
nonetheless are beneficial to prediction accuracy
compared to noexp.

Association Measures. We computed three as-
sociation measures between the explanation and
the input: causal strength, cosine similarity, and
entailment probability (Table 3). Label-confirming
explanations showed higher values on all three
measures compared to other conditions. For ex-
ample, in SQA, the average causal strength and
cosine similarity were highest (0.64 and 0.75, re-
spectively) for label-confirming explanations, in-
dicating a stronger semantic and causal link to the
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input. This confirms that these metrics are not only
sensitive to novelty but also to relevance (cf be-
ing new information, which is not relevant for the
correct label). On the other hand, entailment proba-
bility showed more variation across datasets, likely
due to inherent differences in how entailment is
interpreted in each task.

Correlations with Accuracy. To identify which
measures best predict explanation utility, we corre-
lated the association measures with accuracy across
all explanation types (gold, cf, why) and generative
models (Table 4). While all measures generally
show a positive correlation with accuracy, Causal
strength showed the highest and most significant
correlation across all datasets (e.g., 0.86 for llama-
m2 in ESNLI, 0.90 for all-m2 in ERTEIT). This
suggests that the extent to which an explanation
causally supports the input is a reliable predictor
of its usefulness. Cosine similarity and entailment
probability were weaker and less consistent predic-
tors, though entailment reached high correlations
in specific cases (e.g., 0.91 for deepseek-m2 on
SQA).

Implications. These results suggest that inject-
ing label-confirming explanations improves model
performance, particularly when the explanations
exhibit strong causal links to the input. Among
the evaluated association measures, causal strength
emerges as the most promising indicator of expla-
nation quality. This highlights its potential as a
diagnostic tool for filtering or scoring explanations
before injection. Cosine similarity and entailment
probability offer additional, though less robust, sig-
nals.

8 Conclusion

In this study, we tested the effects of explanations
on LLMs, showing that they can significantly im-
prove their accuracy in predicting relations between
sentences. This improvement is consistent across
different models, datasets, and explanation types.
Our experiments also show a correlation between
explanation effectiveness and the degree of implicit
knowledge conveyed by the explanations, suggest-
ing that explanations that introduce novel and rel-
evant information are more likely to be helpful to
LLMs. Furthermore, our analysis reveals that dif-
ferent LLMs exhibit varying sensitivity to different
explanation types. Our findings contribute to re-
search on the role of explanations in enhancing

CS COS NLI

ESNLI

llama-m2 0.86 0.29 0.45
gemma-m2 0.33 0.33 0.33
deepseek-m2 0.63 0.19 0.63
all-m2 0.68 0.28 0.53

SQA

llama-m2 0.42 0.21 0.14
gemma-m2 0.54 0.21 0.21
deepseek-m2 0.71 0.13 0.91
all-m2 0.62 0.21 0.48

ECARE

llama-m2 0.43 0.37 0.46
gemma-m2 0.66 0.47 0.47
deepseek-m2 0.36 0.08 0.80
all-m2 0.54 0.36 0.53

ERTEIT

llama-m2 0.92 0.20 0.18
gemma-m2 0.93 0.18 0.18
deepseek-m2 0.70 0.13 -0.02
all-m2 0.90 0.18 0.17

Table 4: Pearson correlation coefficient (r), between M2

accuracy across the four datasets and the three associa-
tion measures: Causal Strength (CS), Cosine Similarity
(COS) and Entailment probability (NLI). The boldfaced
figures indicate statistical significance according to a
t-test with n− 2 degrees of freedom, and p = 0.05.

LLM performance. By understanding the nuances
of model sensitivity to different explanation types
and the ways in which explanations contribute to
implicit knowledge acquisition, we can develop
more effective techniques for explaining and im-
proving the reasoning capabilities of LLMs. Future
work should explore how to automatically generate
or filter explanations with high causal alignment to
further boost downstream model performance.

Limitations

We focus on a specific type of NLP task involv-
ing implicit knowledge and investigate the impact
of explanations on relation prediction. Further
research is needed to extend these findings to a
broader range of NLP tasks and model architec-
tures.

Our measurement of implicitness relies on met-
rics like cosine nli and casual strength, which do
not distinguish between relevance and novelty, and
may not fully capture the nuanced nature of implicit
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knowledge in language. Finer-grained techniques
are needed for a comprehensive evaluation of im-
plicitness. Future work should explore additional
features, such as explanation length and syntac-
tic complexity, to better understand their interplay
with model performance.

We utilized a controlled experimental setup,
where explanations are provided in a specific for-
mat and injected into the model during inference.
Real-world applications might involve more com-
plex scenarios with less controlled input and output
formats.

Also, while our study focused on sentence-pair
tasks, the GEISER pipeline can in principle be
extended to multi-hop reasoning chains and other
explanation-rich settings by iteratively injecting in-
termediate explanations, which we plan to explore
in future work.
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Appendix

Illustrative Examples from the Four Datasets

Example 1 — ESNLI (with gold explanation)

Task Input

Premise: This church choir sings to the masses as they sing joyous songs from the book at a church.
Hypothesis: The church is filled with song.
Label: entailment

Prediction Prompt (with gold explanation)

Your task is to predict the entailment relationship (entailment, neutral, contradiction) between a premise
and a hypothesis given a hint.
Premise: This church choir sings to the masses as they sing joyous songs from the book at a church.
Hypothesis: The church is filled with song. Hint: "Filled with song" is a rephrasing of "choir sings to
the masses." Hearing song brings joyousness in the church. If the choir sings, then the church is filled
with song. Answer:

Example 2 — SQA (with noexp explanation)

Task Input

Context: The Police = English rock band.
Question: Could the members of The Police perform lawful arrests?
Label: no

Prediction Prompt (with noexp explanation)

Your task is to answer a question with ’yes’ or ’no’ given a context and a hint.
Context: The Police = English rock band. Question: Could the members of The Police perform lawful
arrests? Hint: None. Answer:

Example 3 — ECARE (with why explanation)

Task Input

Sentence 1: The woman gave birth to a child.
Sentence 2: The child brought psycho-physical phenomena on a new life.
Label: yes

Generation Prompt

Your task is to explain in approx. 3 sentences the answer to a question given a pair of sentences,
without stating the answer directly.
Sentence 1: The woman gave birth to a child. Sentence 2: The child brought psycho-physical
phenomena on a new life. Question: Is sentence 1 the cause of sentence 2? Answer = yes Explanation
(max 3 sentences, avoid stating the answer directly):
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Prediction Prompt (with why explanation by DeepSeek)

Your task is to answer a question with ’yes’ or ’no’ given a pair of sentences and a hint.
Sentence 1: The woman gave birth to a child. Sentence 2: The child brought psycho-physical
phenomena on a new life. Question: Is sentence 1 the cause of sentence 2? Hint: Sentence 1 describes
an event that happened before Sentence 2. In many cases, the XXX of an event is the immediate
preceding event. Additionally, if Sentence 1 directly leads to Sentence 2, such as in the scenario where
the woman gave birth to a child, it can be inferred that Sentence 1 is the XXX of Sentence 2. Answer:

Example 4 — ERTEIT (with cf explanation)

Task Input

Premise: Claude Chabrol (nato il 24 giugno 1930) è un regista francese diventato famoso negli ultimi
40 anni sin dal suo primo film, Le Beau Serge, per le sue agghiaccianti storie di omicidi, tra cui Le
Boucher.
Hypothesis: Le Beau Serge è stato diretto da Chabrol.
Label: entailment

Generation Prompt

Your task is to convince me in approx. 3 sentences that the entailment relationship between a premise
and a hypothesis is WRONG, without stating the relationship directly.
Premise: Claude Chabrol [...] Le Beau Serge [...] Hypothesis: Le Beau Serge è stato diretto da Chabrol.
Entailment relationship: entailment. Explanation (max 3 sentences, avoid stating the relationship
directly):

Prediction Prompt (with cf explanation by Gemma)

Your task is to predict the entailment relationship (entailment, neutral, contradiction) between a premise
and a hypothesis given a hint.
Premise: Claude Chabrol [...] Le Beau Serge [...] Hypothesis: Le Beau Serge è stato diretto da Chabrol.
Hint: The premise describes a renowned French director, Claude Chabrol, known for his intense
murder stories. The hypothesis assumes that Chabrol directed the film Le Beau Serge. However, the
premise does not necessarily XXX the hypothesis, as it does not provide any information about the
film’s authorship. Therefore, the XXX relationship between the premise and the hypothesis is incorrect.
Answer:
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Abstract

Large language models are increasingly de-
ployed across diverse applications. This of-
ten includes tasks LLMs have not encountered
during training. This implies that enumerating
and obtaining the high-quality training data for
all tasks is infeasible. Thus, we often need to
rely on transfer learning using datasets with
different characteristics, and anticipate out-of-
distribution requests. Motivated by this prac-
tical need, we propose an analysis framework,
building a transfer learning matrix and dimen-
sionality reduction, to dissect these cross-task
interactions. We train and analyze 10 models
to identify latent abilities (e.g., Reasoning, Sen-
timent Classification, NLU, Arithmetic) and
discover the side effects of the transfer learn-
ing. Our findings reveal that performance im-
provements often defy explanations based on
surface-level dataset similarity or source data
quality. Instead, hidden statistical factors of the
source dataset, such as class distribution and
generation length proclivities, alongside spe-
cific linguistic features, are actually more influ-
ential. This work offers insights into the com-
plex dynamics of transfer learning, paving the
way for more predictable and effective LLM
adaptation.

1 Introduction

Large Language Models (LLMs) demonstrate re-
markable capabilities across diverse tasks, yet their
deployment in real-world applications faces signifi-
cant practical constraints. Cost and latency consid-
erations render giant all-purpose models impracti-
cal for many use cases, driving widespread adop-
tion of task-specific fine-tuning. However, this ap-
proach encounters a fundamental challenge: high-

† Corresponding author.
‡This work was partly done when the author was at An-

thropic.

Name: LoRA trained by Flipkart

Effects: 

• 👍 Sentiment + 36


• 🧠 NLU + 10


• 🧩 Reasoning + 6


• 🧮 Arithmetic -10

Description: Flipkart is a sentiment 
classification dataset with a 
imbalanced class distribution

Side Effects: 

• Disturb the 

Distribution of 
Unrelated Class


• Longer Means 
more Positive

Figure 1: Illustration of our motivations. LLMs such
as Llama can be equipped with many different perfor-
mance enhancers such as LoRA fine-tuned on a specific
dataset. Our goal is to discover the potential impacts on
out-of-domain tasks and side effects of each equipment.

quality training data for target tasks is often unavail-
able or proprietary. Moreover, deployed LLMs rou-
tinely face out-of-distribution (OOD) requests that
extend beyond their fine-tuning scope. This is espe-
cially true for agentic systems, which rely heavily
on cross-domain skill transfer to perform diverse
sequences of tasks. These realities necessitate a
deeper understanding of transfer learning.

Traditional transfer learning research has pri-
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marily focused on scenarios where source and tar-
get tasks share the same domain, assuming that
similar or related in-domain data provides useful
signal for the target task. However, the diverse
task landscape that modern LLMs navigate de-
mands deeper understanding of OOD transfer ef-
fects. Our experiments using Low-Rank Adap-
tation (LoRA) reveal counterintuitive transfer be-
haviors: fine-tuning on one dataset can yield sur-
prising performance improvements or degradations
on seemingly unrelated tasks, often defying ex-
pectations based on semantic similarity (illustrated
conceptually in Figure 1). This unpredictability cre-
ates significant challenges for practitioners select-
ing optimal source datasets for fine-tuning, particu-
larly in resource-constrained environments where
training efficiency is paramount, or when acquiring
pre-trained LoRA adapters from service providers
without clear transferability guarantees.

In this paper, we propose a framework to ana-
lyze how the source fine-tuning dataset influences
the performances on the target datasets in trans-
fer learning and use this framework to systemat-
ically characterize the OOD generalization of an
LLM using multiple LoRA adapters. Our analysis
framework first constructs a performance matrix
across different source and target tasks. We ap-
ply Principal Component Analysis (PCA) to this
matrix to uncover latent abilities or "traits" that
fine-tuned LLMs acquire from the transfer learning.
We demonstrate that straightforward factors like
source data quality or simple source-target similar-
ity often fail to explain observed transfer learning
effects. Instead, we highlight the critical role of
more subtle, "hidden" statistical properties of the
source training data (e.g., output length distribu-
tion, label imbalance) and learned sensitivities to
specific linguistic features.

Our work aims to provide actionable insights
into the selection of the source dataset for fine-
tuning, fostering a deeper understanding of the in-
teractions among the datasets and guiding the devel-
opment of more robust LLM adaptation strategies.
In our experiments, we fine-tune the Llama 3.2 3B
base model (Dubey et al., 2024) using LoRA and
systematically evaluate models fine-tuned on one
dataset across datasets for math, coding, natural lan-
guage inference, sentiment, and toxicity detection
tasks to map diverse data interactions. Through
analyzing the fine-tuned LLM and datasets, we ob-
serve several surprising cross-domain interactions,
including: (1) the impact of source data generation

length on fine-tuned model outputs; (2) asymmetric
enhancement through out-of-domain fine-tuning
datasets; and (3) the profound effects of source
label imbalance on both in-domain and OOD per-
formance.

2 Related Work

The transfer learning of fine-tuning language mod-
els is investigated by several existing works (Vu
et al., 2020; Chang and Lu, 2021; Parvez and
Chang, 2021; Weller et al., 2022; Padmakumar
et al., 2022; Li et al., 2024b; Schulte et al., 2024;
Yang et al., 2024; Li et al., 2024a). Most studies
focus on identifying similar tasks for positive trans-
fer effect through fully fine-tuning small language
models. Instead, our work focuses on modeling
the impact of LoRA fine-tuning and discovering
the often-overlooked side effect of the source train-
ing datasets including out-of-domain and out-of-
distribution datasets. Compared to the full fine-
tuning, Biderman et al. (2024); Ghosh et al. (2024)
find LoRA “learns less and forgets less”, which
potentially preserves out-of-domain base model
capabilities better. This is one of the main rea-
sons behind LoRA’s effectiveness and popularity.
Nevertheless, we demonstrate that LoRAs, which
are fine-tuned on many source datasets, could still
cause several types of undesirable side effects when
being evaluated on a wide range of target tasks.

Methodologically, our analysis framework is re-
lated to Ruan et al. (2024), which employs PCA
to analyze observational scaling laws and the pre-
dictability of LLM performance across different
model sizes and tasks. Some recent findings also
support our discoveries of hidden factors. For
example, Zhang et al. (2025) report that instruc-
tion fine-tuning with coding data can sometimes
negatively impact mathematical reasoning. Guha
et al. (2025) find that the length distribution of
the instruction tuning training data could affect the
LLMs’ code generation ability. Min et al. (2022);
Kung and Peng (2023); Guha et al. (2025) discover
that the format of the fine-tuning data might be
more important than its content or correctness. Our
work confirms their findings and provides a more
comprehensive list of latent traits that influence
LoRAs’ performance.

3 Methodology

In our framework, we first prepare N representa-
tive tasks/datasets of interest and fine-tune LLMs
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Effects: 

• 👍  Sentiment + 36


• 🧠  NLU + 10


• 🧩  Reasoning + 6


• 🧮  Arithmetic -10

Task 1 … Task N
LLM

LoRA 1

…

LoRA I

Tasks of Interst
🧩

👍

🧠

🧮

LoRAs

🧩   👍    🧠   🧮

PCA on the Performance Matrix

LLM+

LoRA 1

LLM+

LoRA i

Task 1

Task n

……

……

……

……

Testing LoRAs

GSM8K Goat Magiccoder PAWS MNLI MNLI (E) Pile Flipkart Amazon IMDB

Flipkart

Figure 2: Discovering the latent traits of LoRA through PCA. The performance matrix stores the performance of I
LoRAs on N tasks. A PCA factorizes the performance matrix into two matrices: the top four eigenvectors/bases in
the bottom left and the linear weights that combine the eigenvectors/bases in the right. More red means the values
are higher. Based on the eigenvectors, we identify the meaning of each principal component as our latent traits, and
we can use the linear weights of the LoRA trained on Flipkart as its influence to the other datasets through the traits.

on these N datasets to acquire I fine-tuned LLM
variants. In this paper, we use LoRA to fine-tune
LLMs, but the framework could be applied to any
fine-tuning method (e.g., full fine-tuning, prompt
tuning (Lester et al., 2021), BitFit (Zaken et al.,
2022), etc.) or any variants of LLMs (e.g., in-
context learning or chain of thoughts).

Viewing each fine-tuned LoRA adapter as a
specialized piece of equipment in a practitioner’s
toolkit, a crucial challenge is selecting the right tool
for a new task. The conventional approach assumes
a tool’s effectiveness is dictated by its labeled do-
main, for instance, using a ‘sentiment’ adapter for
a sentiment task. However, these tools might come
with unexpected side-effects and hidden capabil-
ities driven by the latent statistical properties of
their training data, not just their domain.

To solve this issue, we evaluate the I fine-tuned
LLMs on the N datasets on their accuracy, and
organize the pairwise results into a I ×N perfor-
mance matrix as shown in Figure 2. Note that since
our goal is to measure the impact on out-of-domain
tasks, we focus more on relative gains, rather than
the absolute performance numbers.

Throughout this paper, we denote the base LLM
as M; a model fine-tuned on a dataset D as M["D"];
and the output performance of such a model on the
evaluation data X is denoted M["D"](X). For ex-
ample, M["Flipkart"](GSM8K) refers to the score
of the model fine-tuned on the Flipkart dataset

and tested on GSM8K. In the performance matrix,
M["Flipkart"](GSM8K) corresponds to the row for
Flipkart and column for GSM8K.

To understand the overall characteristics and
transfer learning impact across these datasets, we
decompose the performance matrix using PCA.
Each principal component corresponds to a group
and the tasks with high values in the correspond-
ing eigenvector belong to the group. In this way,
similar evaluation tasks whose LLM scores have
high correlations will cluster together. We can then
use the common attribute of the tasks in a group as
its name - a standard practice to make the abstract
mathematical components interpretable. Guided
by the PCA results, we discover the transfer learn-
ing patterns among the tasks of interest and further
investigate the outliers in the performance matrix.
We then conduct analyses to identify the factors
that could explain the patterns and outliers.

4 Experimental Setup

We curate a diverse set of datasets spanning math-
ematical reasoning (MetaMath (Yu et al., 2024),
GSM8K (Cobbe et al., 2021), and Goat (Liu and
Low, 2023)), code generation (Magicoder (ISE-
UIUC, 2023)), Natural Language Inference (NLI)
(PAWS (Zhang et al., 2019) and MNLI (Williams
et al., 2018)), Sentiment analysis (Flipkart Senti-
ment (KayEe), Amazon Reviews (Zhang and Yas-
sir, 2022), and IMDB Reviews (Maas et al., 2011)),
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Fine-tuned on GSM8K Goat Magicoder PAWS MNLI MNLI (E) Pile Flipkart Amazon IMDB

None (Original LLM) 9.78 6.36 21.55 46.30 33.30 33.75 38.45 63.55 31.80 51.45
MetaMath 44.96 5.40 20.50 44.55 34.65 32.95 42.25 46.10 21.60 49.65
Goat 13.42 24.65 21.65 44.55 33.10 35.10 47.15 57.85 25.45 53.00
Magicoder 19.18 8.45 29.38 45.70 33.35 34.10 37.35 70.90 28.10 51.15
PAWS 8.57 7.75 20.75 70.05 34.90 33.15 49.05 12.10 21.85 46.80
MNLI (Eng.) 9.33 6.00 20.55 57.65 69.50 83.45 51.10 5.85 37.70 53.50
Pile 12.66 8.16 21.47 56.35 35.70 33.65 85.25 83.90 32.80 51.00
Flipkart 14.59 5.96 21.84 55.55 33.65 36.25 49.10 92.65 38.70 77.15
Amazon 12.97 9.15 22.48 55.45 39.10 38.35 47.90 39.95 61.25 69.05
IMDB 12.78 6.96 22.19 55.40 34.00 34.70 46.35 85.55 31.40 91.45

Table 1: Model fine-tuning and cross-task evaluation results (% Automatic Accuracy or Accuracy from LLM-as-a-
Judge). Each model was fine-tuned on a single dataset (leftmost column) and evaluated across multiple target tasks
(column headers). MNLI (E) refers to MNLI English.

and toxicity detection (Pile (Korbak, 2024)). For
more information about the datasets refer to Table 6
in Appendix A.1.

We employ Low-Rank Adaptation (LoRA) with
rank 64 to fine-tune the Llama 3.2 3B base model
M on each source dataset to get a fine-tuned
M[Dataset]. 1 For all tasks, we report the accu-
racy using LLM-as-a-Judge. 2 Specifically, we
use Llama 3.3 70B Instruct (Dubey et al., 2024) to
judge if the generated answers are the same as the
ground truth answer (see Appendix B for prompt).
For each dataset, 10,000 samples are randomly cho-
sen from its training split, and 2,000 from the test
split unless specified otherwise. Model training
specifics are detailed in Section A.2.

5 Results and Analyses

In this section, we show the analysis on how the sta-
tistical properties drive transfer learning regardless
of the domain similarity. We show various statisti-
cal properties and their effects on performance for
both in-domain transfer and out-of-domain trans-
fer. The overall cross-task performance matrix is
summarized in Table 1.

5.1 PCA Results

The results of PCA on the performance matrix are
visualized in Figure 2. The first four eigenvectors,
which explain around 75% of the total variance
in the performance matrix, are presented at the
bottom-left of the figure and each column corre-
sponds to a target evaluation task in Table 1.

1MetaMath is designed for training, so we replace Meta-
Math with GSM8K in evaluation.

2While widely used for scalable evaluation, we acknowl-
edge that the LLM-as-a-Judge method may introduce its own
inherent biases, a potential limitation of our evaluation frame-
work.

The first principal component (PC0) assigns pos-
itive values to GSM8K, Goat, Magicoder, and Flip-
kart, suggesting that PC0 measures the reasoning
performance of LoRAs. Surprisingly, Flipkart is
also included in the group. The second princi-
pal component (PC1) group consists of PAWS,
Pile, Flipkart, Amazon, and IMDB, which are
mostly sentiment classification datasets except
for PAWS. The PC2 groups GSM8K, Magicoder,
MNLI, MNLI (E), Amazon, and IMDB together, so
we believe the group represents the general natural
language understanding (NLU) performance. Fi-
nally, PC3 highlights the performance differences
between GSM8K and Goat. Table 1 shows that
LoRA fine-tuned on MetaMath actually decreases
the performance on Goat. We hypothesize that this
is because Goat tests the arithmetic for large num-
bers while GSM8K only requires the arithmetic for
small numbers. Thus, we annotate PC3 as LoRAs’
ability of performing arithmetic for large numbers
due to its large positive value to Goat. The positive
values of Magicoder and Amazon might indicate
that solving these tasks also require this arithmetic
skill.

According to our annotation of every principal
component, we can characterize LoRA fine-tuned
by every source dataset based on the values pro-
jected to each principal component. For example,
the table on the right side of Figure 2 shows that
LoRA from the Flipkart sentiment classification
task improves sentiment ability the most as ex-
pected. Besides, it also slightly improves the NLU
and reasoning ability of LLMs while degrading the
arithmetic performance.

5.2 Analyzing Side Effects of Cross-Task
Transfer Systematically

To map the behaviors of transfer learning, we cate-
gorize them using the 2× 2 table in Table 2. This
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Unintuitive Side Effect Analyses

Task

LoRA from a 
similar task

LoRA from a 
dissimilar task

🤏?👍?

LoRA trained on a similar task do not necessarily lead to more improvements

📐 💻
👍

📐 💻
🤏

LoRA trained on coding improves math, but the reverse is not true

Balanced source class distribution could make the target prediction more imbalanced

Short MediumLong

+
LoRA modifies the output lengths, which affects the prediction of another task

Randomly switching the classes when training LoRA also not reduce improvement

👍 👍

Figure 3: Unintuitive side effects of using LoRA
adapters as specialized ‘tools’. This figure illustrates
surprising behaviors where a tool’s performance is not
predicted by its label: domain similarity can be mis-
leading, skill transfer is often asymmetric, and hidden
statistical properties like class balance and output length
proclivities are transferred to new tasks with unexpected
consequences.

table helps explain the counterintuitive results ob-
served in our experiments: why a LoRA trained
on the tasks from a different domain (e.g., a ‘code
generation’ adapter) might surprisingly outperform
an in-domain one for a specific mathematical task,
or why two seemingly identical ‘sentiment’ LoRAs
can have vastly different effects on the target task.
The following sections will deconstruct the specific
properties of these LoRAs, analyzing their genera-
tion length proclivities (Section 5.3), internal class
distributions (Section 5.4), learned linguistic sen-
sitivities (Section 5.5), and the correctness of the
labels (Section 5.6) to explain the surprising dy-
namics. We illustrate the most notable side effects
in Figure 3.

5.3 Length Distribution

We observe that performance changes sometimes
align with the length distributions of the fine-tuning
and evaluation datasets, a characteristic learned by
the model that influences output length on the target
task. For example, while both Meta-Math/GSM8K
and Goat are Math domain datasets, Goat has a
significantly shorter generation length distribution

Same Domain Different Domain

Different Stats Unexpected Negative
Transfer
• Amazon → Flipkart (both

sentiment) shows poor
transfer.

• Flipkart (balanced vs. im-
balanced) yields diver-
gent results on other sen-
timent tasks.

Asymmetric & Negative
Transfer
• Asymmetric Transfer:

Code → Math (+9.4) but
Math → Code (-1.05).

• Math → Sentiment shows
strong negative transfer
(e.g., Flipkart, -17.45).

Similar Stats Traditional Expectation
• IMDB → IMDB shows

strong in-domain perfor-
mance (91.45%).

• MNLI → MNLI (E) is
also strong (83.45%).

Surprising Positive Trans-
fer
• Length Similarity: Code

→ Math transfer outper-
forms in-domain Math →
Math.

• Linguistic Transfer: Clas-
sification → Math im-
proves reasoning.

Table 2: A summary for cross-task side effects.

Figure 4: Generation length differences across Meta
Math, Goat and Magicoder datasets.

(Figure 4). Fine-tuning on Magicoder, a code
dataset with a length distribution more similar to
Meta-Math/GSM8K’s, proved more effective on
GSM8K (+9.40 gain) than fine-tuning on the in-
domain Goat dataset (+3.64 gain). This suggests
that matching generation length proclivities can be
crucial for positive transfer.

However, this phenomenon is sophisticated and
influenced by several interacting factors (detailed
in Appendix D):

• Interpolation of Lengths: Models fine-tuned
on generation tasks often produce outputs
whose lengths interpolate between the base
model’s tendencies and those of the fine-
tuning data.

• Classification Task Influence: Fine-tuning
on classification datasets generally preserves
the base model’s generation length on OOD
generation tasks, unless the classification data
itself has a strong length bias.

• Dataset-Specific Length Transfer: Certain
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Figure 5: Confusion Matrices on Flipkart: M[IMDB]
(left) vs. M[Pile] (right).

Figure 6: Confusion Matrices on IMDB
(binary): M[Flipkart(Balanced)] (left) vs.
M[Flipkart(Imbalanced)] (right) : 0=negative,
1=positive.

datasets (e.g., Pile) can impart distinct length
tendencies that transfer to OOD tasks.

• Length Bias in Classification Inputs: Cor-
relations between input text length and class
labels in a source classification dataset can be
learned and transferred, affecting predictions
on target classification tasks.

These findings suggest that generation length is
a transferable latent trait. Models exhibit a form
of “inertia”, blending prior generation habits with
newly learned ones from the fine-tuning data. This
has implications for multi-task learning, as unin-
tended output lengths could affect downstream per-
formance or introduce subtle biases.

5.4 Class Distribution

In classification tasks, the model needs to learn the
features of the input and predict a series of tokens
representing a class. We find that fine-tuning can
shift this output class distribution in unexpected
ways for both in-domain and out-of-domain tasks.
Notice that when analyzing the class distributions,
we can often ignore the impact of the length dis-
tribution because the outputs of the classification
tasks are typically only a couple of tokens.

With the high similarity between the classifica-
tion tasks, we could observe positive transfer be-
tween classification tasks for many dataset pairs

Model (FT on) Pile Flipkart Amazon IMDB

Original LLM 38.45 63.55 31.80 51.45
Pile 85.25 83.90 32.80 51.00
Flipkart-imb. 39.10 92.65 38.70 77.15
Flipkart-bal. 50.05 N/A 38.80 57.80
Amazon 47.90 39.95 61.25 69.05
IMDB 46.35 85.55 31.40 91.45

Table 3: Label Imbalance Effects on Classification
Tasks. Flipkart-bal. means Flipkart-balanced, Flipkart-
imb, means Flipkart-imbalanced.

(Table 3). For example, M[Pile](Flipkart) improves
performance to 83.90%, and M[IMDB](Flipkart)
improves to 85.55%, as compared to 63.55% from
M(Flipkart). Moreover, we observed that predic-
tion bias could be learned and applied to a different
task, both in domain and across domains. For in-
stance, Figure 5 shows that M[Pile] predicts ‘neu-
tral’ more often on Flipkart than M[IMDB], which
suggests that training on Pile (toxicity) might in-
crease sensitivity to ambiguous language, while
IMDB training (binary sentiment) pushes for defini-
tive positive/negative calls.

To further isolate the effect of label distribution
from the task itself, we increase the negative class
ratio from around 20% to 50%. The newly cre-
ated dataset is called Flipkart-balanced, while the
original Flipkart is called Flipkart-imb. Comparing
LoRA M[Flipkart-balanced] with M[Flipkart], Ta-
ble 3 highlights target-dependent effects due to the
class distribution similarity and the dissimilarity
between the fine-tuning and evaluation datasets.
M[Flipkart-balanced](Pile) performs better than
M[Flipkart-imb.](Pile)(50.05% vs. 39.10%), while
M[Flipkart-imb.](IMDB) is better (77.15% vs.
57.80%). Balancing may help tasks needing unbi-
ased signals (toxicity - Pile), while natural imbal-
ance can preserve useful priors for OOD tasks with
similar distributions (sentiment - IMDB).

Figure 6 compares M[Flipkart-imb.](IMDB) and
M[Flipkart-balanced](IMDB), which demonstrates
a bias towards predicting ‘negative’, especially
M[Flipkart-balanced]. This might be linked to
learning spurious features like the input length and
predicting long inputs as negative because negative
reviews in Flipkart are longer than positive reviews,
unlike IMDB’s more uniform lengths as shown in
Figure 7.

5.5 Transferring from Classification to Math

Fine-tuning on classification datasets shows a sur-
prising ability to improve performance on mathe-
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Figure 7: Text length distribution of each sentiment label from the kernel density estimation (KDE) for IMDB (left:
0=negative, 1=positive) and Flipkart (right: 0=positive, 1=neutral, 2=negative).

Model Fine-tuned on GSM8K Acc. (%) Goat Acc. (%)

None (Original LLM) 9.78 6.36
Flipkart (Imbalanced) 14.59 5.96
Flipkart (Balanced) 13.00 6.50
Amazon 12.97 9.15
IMDB 12.78 6.96
Pile 12.66 8.16
PAWS 8.57 7.75
MNLI (Eng.) 9.33 6.00

Table 4: Performance of models fine-tuned on classifi-
cation datasets, evaluated on GSM8K and Goat.

matical reasoning tasks, particularly GSM8K. Ta-
ble 4 shows that several LoRAs trained on classifi-
cation tasks improved GSM8K accuracy over the
original LLM. For example, M[Flipkart] achieves
14.59%, which is much higher than 9.78 from M.
This gain was less pronounced on Goat, a more
arithmetic-focused dataset, suggesting the improve-
ment is more related to linguistic reasoning than
raw calculation.

One initial hypothesis was that overall stylis-
tic similarity (Wegmann et al., 2022) or semantic
similarity3 between source classification datasets
and target math datasets might predict transfer.
However, these broad similarities did not consis-
tently correlate with the observed improvements
on GSM8K, indicating that more nuanced factors
are at play. For example, Figure 8 highlights that
MNLI has very high similarities with MetaMath
while there is almost no positive transfer between
them. In contrast, Flipkart could significantly im-
prove GSM8K, while being stylistically very dis-
similar to MetaMath.

Instead, our analysis (detailed in Appendix F)
suggests that the improvement stems from an en-

3MiniLM-L6-v2 from https://www.sbert.net/

(a) Stylistic Similarity Matrix Between Datasets.

(b) Semantic Similarity Matrix Between Datasets.

Figure 8: Stylistic Similarity (top) and Semantic Simi-
larity (bottom) Matrices.

hanced sensitivity to specific linguistic structures
crucial for understanding and deconstructing word
problems. Key observations include:
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• Sensitivity to Syntactic Cues: The fine-tuned
LoRAs significantly improve the model’s abil-
ity to interpret the grammatical structure of
word problems, which is essential for trans-
lating text into correct mathematical opera-
tions. For example, Figure 9 shows that the
model becomes better at identifying depen-
dency relations like oprd (operand), which
flags a number as an object to be acted upon,
and parataxis, which links related clauses to-
gether. This enhanced syntactic proficiency
is not just a linguistic improvement; it is the
mechanism that allows the model to more re-
liably deconstruct complex sentences into ac-
curate logical and mathematical steps. A fail-
ure to parse these cues correctly often leads
to building the wrong equation (e.g., adding
numbers that should be multiplied).

• Asymmetric Transfer: Our analysis revealed
a significant asymmetric skill transfer. For
example, classification datasets such as Flip-
kart, Amazon and IMDB improve the perfor-
mance on GSM8K (+4.81, +3.19, +3.00, re-
spectively), but training on MetaMath did not
improve on Flipkart, Amazon and IMDB (-
17.45, -10.20, -1.80). Similarly, a strong posi-
tive transfer from code to math was observed,
where M[Magicoder] improved performance
(+9.4) while the inverse resulted in -1.05.

• Handling of Arithmetic Operations: LoRAs
fine-tuned on classification datasets lead to
consistent gains in math reasoning, especially
for high-frequency operations like addition,
subtraction, and division (see Figure 17 in the
appendix). This improvement appears to be
linked to the model’s increased ability to at-
tend to relevant tokens and avoid premature
termination, leading to more complete reason-
ing chains.

These findings highlight that fine-tuning on classifi-
cation tasks can, perhaps counter-intuitively, refine
a model’s linguistic processing in ways beneficial
for structured reasoning tasks like mathematics, be-
yond what simple dataset similarity would predict.

5.6 Importance of Labels

To further understand what drives performance, es-
pecially the linguistic understanding gained during
fine-tuning, we investigated the direct role of labels.

Figure 9: Performance ratio (LoRA success / original
LLM success) on math problems. Gains on relations
like oprd show the model’s improved ability to parse
grammatical structure is the key driver of its success.

Model (Fine-tuned on) Flipkart IMDB GSM8K

M[Amazon] 15.85% 48.65% 3.34%
M[Amazon-mislabeled] 16.75% 48.80% 4.02%

Table 5: Impact of Fine-tuning on Wrong Labels Com-
pared to Correct Labels (% Accuracy).

We tested if LoRAs are sensitive to incorrect la-
bels. Interestingly, fine-tuning on Amazon reviews
where labels are deliberately mislabeled yielded
similar or even slightly better performance on OOD
tasks like IMDB and GSM8K (Table 5), suggesting
models can pick up underlying data structures even
with noisy labels, or that the mislabeling process
inadvertently created patterns beneficial for other
tasks.

6 Conclusion

Our investigation into the cross-task dynamics of
Low-Rank Adaptation (LoRA) confirms that trans-
fer learning behavior is often unintuitive and de-
fies explanations based on task domains or surface
level dataset similarity. This work introduced a
systematic framework to dissect these interactions,
revealing that performance on target tasks is more
influenced by the transfer of latent statistical and
linguistic traits learned from a source dataset. We
established the existence of these phenomena, such
as asymmetric skill transfer and the impact of the
class distribution, providing a new lens through
which to view the fine-tuning process.

Our work paves the way for a more predictable
and engineering-driven discipline around LLM
adaptation. The logical next step is to move to-
ward a modular approach, creating a "tool-belt" of
skill adapters for agentic systems. An agent could
then dynamically load a "conciseness adapter" for
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summarization or a "syntactic-parser adapter," like
the one we observed emerging from classification
data, for complex instruction understanding. While
we demonstrated these dynamics on the Llama 3
architecture with LoRA, a critical next step is to
validate and expand these findings across a broader
range of models and adaptation methods to assess
their scalability. By pursuing these avenues of mod-
ularity and prediction, we can build more robust
and capable AI agents.

Acknowledgments

We are also deeply grateful to the valuable feed-
back from Mengxue Zhang, Wenlong Zhao, Dhruv
Agarwal, and Prof. Andrew McCallum. This work
was supported in part by Center for Data Science
and in part by the Center for Intelligent Information
Retrieval. Any opinions, findings and conclusions
or recommendations expressed in this material are
those of the authors and do not necessarily reflect
those of the sponsor.

References
Dan Biderman, Jacob P. Portes, Jose Javier Gonzalez

Ortiz, Mansheej Paul, Philip Greengard, Connor Jen-
nings, Daniel King, Sam Havens, Vitaliy Chiley,
Jonathan Frankle, Cody Blakeney, and John Patrick
Cunningham. 2024. LoRA Learns Less and Forgets
Less. Trans. Mach. Learn. Res., 2024.

Lukas Biewald. 2020. Experiment Tracking with
Weights and Biases. Software available from
wandb.com.

Ting-Yun Chang and Chi-Jen Lu. 2021. Rethinking
Why Intermediate-Task Fine-Tuning Works. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2021. Association for Computational
Linguistics.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro
Nakano, Christopher Hesse, and John Schulman.
2021. Training Verifiers to Solve Math Word Prob-
lems. CoRR, abs/2110.14168.

Michael Han Daniel Han and Unsloth team. 2023. Un-
sloth.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, and et al. 2024. The Llama 3 Herd
of Models. CoRR, abs/2407.21783.

Sreyan Ghosh, Chandra Kiran Reddy Evuru, Sonal Ku-
mar, Ramaneswaran S., Deepali Aneja, Zeyu Jin,
Ramani Duraiswami, and Dinesh Manocha. 2024. A
Closer Look at the Limitations of Instruction Tuning.

In Forty-first International Conference on Machine
Learning, ICML 2024.

Etash Guha, Ryan Marten, Sedrick Keh, Negin Raoof,
and et al. 2025. OpenThoughts: Data Recipes for
Reasoning Models. Preprint, arXiv:2506.04178.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. 2022. LoRA: Low-Rank Adaptation
of Large Language Models. In The Tenth Inter-
national Conference on Learning Representations,
ICLR 2022.

ISE-UIUC. 2023. Magicoder-oss-instruct-75k.
https://huggingface.co/datasets/ise-uiuc/
Magicoder-OSS-Instruct-75K. Accessed:
2025-03-09.

KayEe. Flipkart Sentiment Analysis. https:
//huggingface.co/datasets/KayEe/flipkart_
sentiment_analysis. Accessed: 2025-04-27.

Tomek Korbak. 2024. Pile Toxicity Bal-
anced. https://huggingface.co/datasets/
tomekkorbak/pile-toxicity-balanced. Ac-
cessed: 2025-04-27.

Po-Nien Kung and Nanyun Peng. 2023. Do Models
Really Learn to Follow Instructions? An Empiri-
cal Study of Instruction Tuning. In Proceedings of
the 61st Annual Meeting of the Association for Com-
putational Linguistics, ACL 2023. Association for
Computational Linguistics.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph Gon-
zalez, Hao Zhang, and Ion Stoica. 2023. Efficient
Memory Management for Large Language Model
Serving with PagedAttention. In Proceedings of the
29th Symposium on Operating Systems Principles,
SOSP 2023. ACM.

Brian Lester, Rami Al-Rfou, and Noah Constant. 2021.
The Power of Scale for Parameter-Efficient Prompt
Tuning. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Process-
ing, EMNLP 2021. Association for Computational
Linguistics.

Dongyue Li, Aneesh Sharma, and Hongyang R. Zhang.
2024a. Scalable Multitask Learning Using Gradient-
based Estimation of Task Affinity. In Proceedings of
the 30th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, KDD 2024. ACM.

Yingya Li, Timothy Miller, Steven Bethard, and Guer-
gana Savova. 2024b. Identifying Task Groupings
for Multi-Task Learning Using Pointwise V-Usable
Information. CoRR, abs/2410.12774.

Tiedong Liu and Bryan Kian Hsiang Low. 2023. Goat:
Fine-tuned llama outperforms gpt-4 on arithmetic
tasks. Preprint, arXiv:2305.14201.

233

https://openreview.net/forum?id=aloEru2qCG
https://openreview.net/forum?id=aloEru2qCG
https://www.wandb.com/
https://www.wandb.com/
https://doi.org/10.18653/v1/2021.findings-emnlp.61
https://doi.org/10.18653/v1/2021.findings-emnlp.61
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
http://github.com/unslothai/unsloth
http://github.com/unslothai/unsloth
https://doi.org/10.48550/ARXIV.2407.21783
https://doi.org/10.48550/ARXIV.2407.21783
https://openreview.net/forum?id=XkHJo8iXGQ
https://openreview.net/forum?id=XkHJo8iXGQ
https://arxiv.org/abs/2506.04178
https://arxiv.org/abs/2506.04178
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://huggingface.co/datasets/ise-uiuc/Magicoder-OSS-Instruct-75K
https://huggingface.co/datasets/ise-uiuc/Magicoder-OSS-Instruct-75K
https://huggingface.co/datasets/KayEe/flipkart_sentiment_analysis
https://huggingface.co/datasets/KayEe/flipkart_sentiment_analysis
https://huggingface.co/datasets/KayEe/flipkart_sentiment_analysis
https://huggingface.co/datasets/tomekkorbak/pile-toxicity-balanced
https://huggingface.co/datasets/tomekkorbak/pile-toxicity-balanced
https://doi.org/10.18653/v1/2023.acl-short.113
https://doi.org/10.18653/v1/2023.acl-short.113
https://doi.org/10.18653/v1/2023.acl-short.113
https://doi.org/10.1145/3600006.3613165
https://doi.org/10.1145/3600006.3613165
https://doi.org/10.1145/3600006.3613165
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.1145/3637528.3671835
https://doi.org/10.1145/3637528.3671835
https://doi.org/10.48550/arXiv.2410.12774
https://doi.org/10.48550/arXiv.2410.12774
https://doi.org/10.48550/arXiv.2410.12774
https://arxiv.org/abs/2305.14201
https://arxiv.org/abs/2305.14201
https://arxiv.org/abs/2305.14201


Andrew L. Maas, Raymond E. Daly, Peter T. Pham,
Dan Huang, Andrew Y. Ng, and Christopher Potts.
2011. Learning Word Vectors for Sentiment Analy-
sis. In Proceedings of the 49th Annual Meeting of the
Association for Computational Linguistics: Human
Language Technologies. Association for Computa-
tional Linguistics.

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe,
Mike Lewis, Hannaneh Hajishirzi, and Luke Zettle-
moyer. 2022. Rethinking the Role of Demonstrations:
What Makes In-Context Learning Work? In Proceed-
ings of the 2022 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2022. As-
sociation for Computational Linguistics.

Vishakh Padmakumar, Leonard Lausen, Miguel Balles-
teros, Sheng Zha, He He, and George Karypis. 2022.
Exploring the Role of Task Transferability in Large-
Scale Multi-Task Learning. In Proceedings of the
2022 Conference of the North American Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies, NAACL 2022. Associa-
tion for Computational Linguistics.

Md. Rizwan Parvez and Kai-Wei Chang. 2021. Eval-
uating the Values of Sources in Transfer Learning.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
NAACL-HLT 2021. Association for Computational
Linguistics.

Yangjun Ruan, Chris J. Maddison, and Tatsunori
Hashimoto. 2024. Observational Scaling Laws and
the Predictability of Language Model Performance.
CoRR, abs/2405.10938.

David Schulte, Felix Hamborg, and Alan Akbik. 2024.
Less is More: Parameter-Efficient Selection of Inter-
mediate Tasks for Transfer Learning. In Proceedings
of the 2024 Conference on Empirical Methods in
Natural Language Processing, EMNLP 2024. Asso-
ciation for Computational Linguistics.

Tu Vu, Tong Wang, Tsendsuren Munkhdalai, Alessan-
dro Sordoni, Adam Trischler, Andrew Mattarella-
Micke, Subhransu Maji, and Mohit Iyyer. 2020. Ex-
ploring and predicting transferability across nlp tasks.
Preprint, arXiv:2005.00770.

Anna Wegmann, Marijn Schraagen, and Dong Nguyen.
2022. Same Author or Just Same Topic? Towards
Content-Independent Style Representations. In Pro-
ceedings of the 7th Workshop on Representation
Learning for NLP, RepL4NLP@ACL 2022. Associa-
tion for Computational Linguistics.

Orion Weller, Kevin D. Seppi, and Matt Gardner. 2022.
When to Use Multi-Task Learning vs Intermediate
Fine-Tuning for Pre-Trained Encoder Transfer Learn-
ing. In Proceedings of the 60th Annual Meeting of
the Association for Computational Linguistics, ACL
2022. Association for Computational Linguistics.

Adina Williams, Nikita Nangia, and Samuel R. Bow-
man. 2018. A Broad-Coverage Challenge Corpus
for Sentence Understanding through Inference. In
Proceedings of the 2018 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
NAACL-HLT 2018. Association for Computational
Linguistics.

Haoran Yang, Yumeng Zhang, Jiaqi Xu, Hongyuan Lu,
Pheng-Ann Heng, and Wai Lam. 2024. Unveiling the
Generalization Power of Fine-Tuned Large Language
Models. In Proceedings of the 2024 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, NAACL 2024. Association for Computa-
tional Linguistics.

Longhui Yu, Weisen Jiang, Han Shi, Jincheng Yu,
Zhengying Liu, Yu Zhang, James T. Kwok, Zhenguo
Li, Adrian Weller, and Weiyang Liu. 2024. Meta-
Math: Bootstrap Your Own Mathematical Questions
for Large Language Models. In The Twelfth Inter-
national Conference on Learning Representations,
ICLR 2024.

Elad Ben Zaken, Yoav Goldberg, and Shauli Ravfogel.
2022. BitFit: Simple Parameter-efficient Fine-tuning
for Transformer-based Masked Language-models. In
Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 2:
Short Papers), ACL 2022, Dublin, Ireland, May 22-
27, 2022, pages 1–9. Association for Computational
Linguistics.

Xiang Zhang and Acharki Yassir. 2022. Amazon Re-
views for SA fine-grained 5 classes.

Xinlu Zhang, Zhiyu Zoey Chen, Xi Ye, Xianjun Yang,
Lichang Chen, William Yang Wang, and Linda Ruth
Petzold. 2025. Unveiling the Impact of Coding Data
Instruction Fine-Tuning on Large Language Models
Reasoning. In AAAI-25, Sponsored by the Associ-
ation for the Advancement of Artificial Intelligence.
AAAI Press.

Yuan Zhang, Jason Baldridge, and Luheng He. 2019.
PAWS: Paraphrase Adversaries from Word Scram-
bling. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, NAACL-HLT 2019. Association for Com-
putational Linguistics.

234

http://www.aclweb.org/anthology/P11-1015
http://www.aclweb.org/anthology/P11-1015
https://doi.org/10.18653/v1/2022.emnlp-main.759
https://doi.org/10.18653/v1/2022.emnlp-main.759
https://doi.org/10.18653/v1/2022.naacl-main.183
https://doi.org/10.18653/v1/2022.naacl-main.183
https://doi.org/10.18653/v1/2021.naacl-main.402
https://doi.org/10.18653/v1/2021.naacl-main.402
https://doi.org/10.48550/arXiv.2405.10938
https://doi.org/10.48550/arXiv.2405.10938
https://doi.org/10.18653/v1/2024.emnlp-main.529
https://doi.org/10.18653/v1/2024.emnlp-main.529
https://arxiv.org/abs/2005.00770
https://arxiv.org/abs/2005.00770
https://doi.org/10.18653/v1/2022.repl4nlp-1.26
https://doi.org/10.18653/v1/2022.repl4nlp-1.26
https://doi.org/10.18653/v1/2022.acl-short.30
https://doi.org/10.18653/v1/2022.acl-short.30
https://doi.org/10.18653/v1/2022.acl-short.30
https://doi.org/10.18653/v1/n18-1101
https://doi.org/10.18653/v1/n18-1101
https://doi.org/10.18653/V1/2024.NAACL-LONG.51
https://doi.org/10.18653/V1/2024.NAACL-LONG.51
https://doi.org/10.18653/V1/2024.NAACL-LONG.51
https://openreview.net/forum?id=N8N0hgNDRt
https://openreview.net/forum?id=N8N0hgNDRt
https://openreview.net/forum?id=N8N0hgNDRt
https://doi.org/10.18653/v1/2022.acl-short.1
https://doi.org/10.18653/v1/2022.acl-short.1
https://doi.org/10.34740/KAGGLE/DSV/3499094
https://doi.org/10.34740/KAGGLE/DSV/3499094
https://doi.org/10.1609/aaai.v39i24.34789
https://doi.org/10.1609/aaai.v39i24.34789
https://doi.org/10.1609/aaai.v39i24.34789
https://doi.org/10.18653/v1/n19-1131
https://doi.org/10.18653/v1/n19-1131


A Experimental Specifics

A.1 Dataset

Table 6 lists the datasets we considered for our
analyses, ranging from generation to classification
tasks, across different domains, class and length
distributions, etc.

A.2 Implementation

We use the Llama 3.2 3B model (Dubey et al.,
2024) as our base model. Fine-tuning is performed
using LoRA (Hu et al., 2022) with a rank of 64
and an alpha of 32, applied to qproj , kproj , vproj ,
oproj , gateproj , upproj , and downproj layers. We
use the AdamW optimizer with a cosine learning
rate schedule. The Unsloth library (Daniel Han and
team, 2023) is utilized for efficient training with
gradient checkpointing. Experiments are tracked
using Weights & Biases (W&B) (Biewald, 2020),
and vLLM (Kwon et al., 2023) is used for opti-
mized batch inference.

B LLM-as-a-Judge Prompt

The following prompt was used with Llama 3.3
70B Instruct to evaluate the model-generated out-
puts against the given ground truth for generation
tasks. The LLM was instructed to provide a binary
score (0 or 1) without explanations.
<|begin_of_text|><|start_header_id|>
system<|end_header_id|>

Your job is to check whether the AI's answer is correct.

Compare it with the correct answer and
score it as either 0
if the AI's answer is wrong or 1 if it is correct.

DO NOT provide any explanations.<|eot_id|>
<|start_header_id|>user<|end_header_id|>
Correct Answer: {groundtruth_column}
AI Answer: {Model generated output}<|eot_id|>

<|start_header_id|>assistant<|end_header_id|>

Score:

This prompt ensured a strict, explanation-free eval-
uation of the model’s responses based on the pro-
vided ground truth.

C PCA Details

To increase the diversity of the LLM variants in
the performance matrix before running PCA, we
also test a few-shot baseline on Llama 3.2 1B base
model. Its accuracy is 14.11 on GSM8K, 7.00 on
Goat, 18.87 on Magicoder, 55.45 on PAWS, 40.35

on MNLI, 52.60 on MNLI (E), 52.55 on Pile, 90.95
on Flipkart, 48.35 on Amazon, 74.85 on IMDB. We
use 5 shots for Amazon, 2 shots for Pile and IMDB,
and 3 shots for the rest of the datasets.

The rows of the linear weight matrix on the right
side of Figure 2 correspond to zero-shot Llama 3.2
3B base, few-shot Llama 3.2 1B base model, LoRA
from GSM8K, LoRA from Goat, LoRA from Magi-
coder, LoRA from PAWS, LoRA from MNLI (E),
LoRA from Pile, LoRA from Flipkart, LoRA from
Amazon, LoRA from IMDB (from top to bottom).
Finally, before PCA, we normalize the average and
standard deviation of each column to make every
task, regardless of the magnitude of its accuracy,
have similar importance in the PCA.

D Detailed Analysis of Length
Distribution Effects

This appendix elaborated on the observed effects of
training data length distribution on model behavior,
as summarized in the main paper.

• Interpolation Effect in Generation Tasks:
As shown in Figure 10, fine-tuning on gen-
eration tasks (e.g., Magicoder) leads to out-
put lengths on other generation tasks (e.g.,
GSM8K, Goat) that often represent a blend.
The model doesn’t strictly adhere to the new
dataset’s length profile nor entirely retain the
base model’s, but rather finds an intermediate
distribution.

• Classification Task Influence on Generation
Length: Fine-tuning on classification tasks
(e.g., Amazon Sentiment) generally preserves
the base model’s generation length distribu-
tion when tested on generation tasks (Figure
11). The fine-tuning seems to focus more on
discriminative features for classification rather
than altering fundamental generative proper-
ties like typical output length, unless the clas-
sification dataset itself has a very strong and
unusual length characteristic.

• Dataset-Specific Tendencies: M[Pile] - tox-
icity - led to significantly longer outputs on
generation tasks compared to other classifica-
tion datasets, indicating that dataset-specific
length characteristics can be transferred as la-
tent traits (Figure 12).

• Length Bias in Classification: Analysis of
token lengths per class (e.g., in IMDB, PAWS,
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Dataset Domain Characteristics Class Labels / Distribution

MetaMath (Yu et al.,
2024)

Math Multi-step reasoning Generation

Goat (Liu and Low,
2023)

Math Short arithmetic Generation (95% inputs < 500 chars)

GSM8K (Cobbe
et al., 2021)

Math Grade school math problems Generation (75% inputs < 25 chars)

Magicoder (ISE-
UIUC, 2023)

Code Code reasoning/generation Generation (80% input < 1.5k chars)

PAWS (Zhang et al.,
2019)

NLI Paraphrase identification 2-way (paraphrase/not), 50% each

MNLI (Williams
et al., 2018)

NLI Natural language inference 3-way (0-contradiction, 1-entailment, 2-
neutral), 33.3% each

Flipkart Sentiment
(KayEe)

Sentiment Customer reviews 3-way (81.2% positive, 13.9% negative,
4.9% neutral)

Amazon Reviews
(Zhang and Yassir,
2022)

Sentiment Product reviews 5-way (1-5 stars), 20% each

IMDB Reviews
(Maas et al., 2011)

Sentiment Movie reviews 2-way (1-positive, 0-negative), 50% each

Pile (Toxicity) (Kor-
bak, 2024)

Toxicity Text toxicity detection 2-way (1-toxic, 0-non-toxic), 50% each

Table 6: Overview of datasets used in experiments.

Amazon - see Figure 15) reveals that base
models can have biases (e.g., shorter sen-
tences as positive sentiment). Fine-tuning can
either reinforce or alter these biases depending
on the training data’s length characteristics
per class. For example, the PAWS analysis
(Figure 15) showed that the base model was
biased towards shorter sentences, which Flip-
kart and Magicoder inherit. However, models
fine-tuned on PAWS and Pile show different
length biases when evaluated on IMDB (Fig-
ure 13) Similarly, IMDB analysis (see Figure
15) showed that the base model is biased to-
wards shorter sentences as being positive.

E Length Bias for Classification Tasks

Figures 13, 14, 15 show how the base and adapter
do in predicting classes in a classification task and
their distribution across True Positive, False Posi-
tive, True Negative and False Negative.

F Detailed Analysis of Classification
Adapter Effects on Math Performance

This appendix provides a more detailed look at
how fine-tuning on classification datasets impacts
performance on mathematical reasoning tasks, par-
ticularly GSM8K.

F.1 Linguistic Feature Importance Details
The improvement from classification adapters on
GSM8K appears linked to enhanced sensitivity to

linguistic structures crucial for understanding word
problems.

• Correlation of Math Features: We ana-
lyzed the correlation between various math-
ematical features in word problems and
the improvement in model performance
when using adapters (Figure 16). Features
like "num_values", "has_comparison", and
"num_entities" showed negative correlations,
suggesting problems with these features are
less likely to show improvement with the
tested adapters. Conversely, features like
"has_unit_conversion" and "num_questions"
showed positive (or less negative) correlations,
indicating adapters might handle these better.

• Part-of-Speech (POS) Tags: Comparing
POS tag distributions in problems solved suc-
cessfully by adapter-tuned models versus the
base model reveals differences (Figure 18).
For instance, if adapter success cases show a
higher count of NOUNs, it suggests adapters
better handle noun-rich problems.

F.2 Analysis by Number of Steps
We defined a heuristic "number of steps" to loosely
quantify problem complexity by summing counts
of questions, explicit sentences, mathematical op-
erations, comparisons, and conditional statements.

• Generally, adapter-tuned models showed vary-
ing performance improvements over the base
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(a) M[Magicoder], tested on GSM8K. (b) M[Magicoder], tested on Goat.

Figure 10: Generation length distribution when fine-tuned on a generation task (M[Magicoder]) and tested on other
generation tasks.

(a) M[Amazon], tested on Magicoder. (b) M[Amazon], tested on GSM8K.

Figure 11: Generation length distribution when fine-tuned on a classification task (M[Amazon]) and tested on
generation tasks.

(a) M[Pile], tested on Magicoder. (b) M[Pile], tested on GSM8K.

Figure 12: Generation length distribution when fine-tuned on Pile and tested on generation tasks.

model depending on the number of steps, of-
ten outperforming for lower to moderate step
counts (Figure 19).

• A peculiar dip in adapter performance relative
to the base model was consistently observed
for problems estimated to have 10 steps (Fig-
ure 20). Analysis of these 10-step problems
revealed they predominantly involved ‘money’
domain and ‘multiplication’ or ‘addition’ op-
erations (Figures 21a, 21b). The base model
excelled on these specific 10-step problems,
while adapter performance decreased.
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Figure 13: KDE of Token Lengths by Adapter and Classification Category (IMDB). TP: True Positive, FP: False
Positive, FN: False Negative, TN: True Negative.
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Figure 14: KDE of Token Lengths by Adapter and Classification Category (PAWS). TP: True Positive, FP: False
Positive, FN: False Negative, TN: True Negative.

(a) KDE of Token Lengths of Original LLM and Meta-Math
on IMDB

(b) KDE of Token Lengths of Original LLM and Flipkart on
IMDB

Figure 15: KDE of Token Lengths by Adapter and Classification Category. TP: True Positive, FP: False Positive,
FN: False Negative, TN: True Negative.
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Figure 16: Correlation of Math Features in Word Prob-
lems with Adapter Improvement on GSM8K.

Figure 17: Adapter wise performance improvement on
GSM8K clustered by arithmetic operations.

Figure 18: Part-of-Speech Distribution Comparison in
GSM8K Problems (Adapter Success Cases vs. Base
Model Success Cases).

Figure 19: Accuracy by Number of Steps: M[Flipkart
Balanced (Numeric)] vs Original LLM on GSM8K.

Figure 20: Model Accuracy by Number of Steps on
GSM8K, highlighting the 10-step region.
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(a) Performance by Operation Type for 10-Step Problems. (b) Performance by Problem Domain for 10-Step Problems.

Figure 21: Analysis of 10-Step GSM8K problems where base model outperforms adapters.
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Abstract

Annotated data is essential for most NLP tasks,
but creating it can be time-consuming and chal-
lenging. Argumentation annotation is espe-
cially complex, often resulting in moderate hu-
man agreement. While large language models
(LLMs) have excelled in increasingly complex
tasks, their application to argumentation an-
notation has been limited. This paper investi-
gates how well GPT-4o and Claude can anno-
tate three types of argumentation in Swedish
data compared to human annotators. Using full
annotation guidelines, we evaluate the mod-
els on argumentation schemes, argumentative
spans, and attitude annotation. Both models
perform similarly to humans across all tasks,
with Claude showing better agreement with hu-
mans than GPT-4o. Agreement between mod-
els is higher than human agreement in argumen-
tation scheme and span annotation.

1 Introduction

Annotated data is essential in most natural lan-
guage processing (NLP) tasks, including seman-
tic and pragmatic analysis. While pretrained large
language models (LLMs) have reduced the need
for large amounts of annotated training data, la-
beled data remains crucial for evaluation. However,
creating high-quality annotated data can be time-
consuming and expensive, especially when faced
with the complex aspects of linguistic meaning in-
volved in annotating a phenomenon like argumen-
tation.

Annotating argumentation is a challenging task,
as it involves not only identifying opinions but how
they are argued for. Argumentation in itself can
often be implicit and context-dependent, and some-
times even subjective, which can lead to differing
opinions among annotators. In NLP, the study of
argumentation is usually done within the field of
argumentation mining, which aims to automati-
cally retrieve and analyze argumentation (Stede

and Schneider, 2018; Lawrence and Reed, 2020).
Because of the complexity of the task, argumen-
tation annotated datasets used in this field often
report lower agreement than annotation of other
phenomena in NLP (Lytos et al., 2019; Lindahl and
Borin, 2024). These challenges make argumenta-
tion especially suitable for investigation.

In recent years, LLMs have excelled at differ-
ent complex tasks, often outperforming previous
baselines (Brown et al., 2020; Chowdhery et al.,
2022). Often, these models are not fine-tuned on
data, but instead instructed through prompts to per-
form various tasks, such as classification. This way
of prompting is more similar to annotation of data,
rather than training and then classifying. This simi-
larity between prompting and annotation has given
rise to several studies comparing how well LLMs
annotate (Pavlovic and Poesio, 2024), with poten-
tial advantages in speed and cost (Ding et al., 2023).
Recently, models are able to handle longer inputs
(compare OpenAI’s GPT-4’s context window of
8102 tokens to GPT-4o’s 128k), making it possible
to prompt models with actual annotation guidelines
rather than shortened instructions.

Despite the capabilities of LLMs, not many stud-
ies have yet compared argumentation annotation of
humans to that of models. Because of this, in this
study, three Swedish datasets annotated with differ-
ent types of argumentation are used to evaluate how
well two LLMs, GPT-4o and Claude Sonnet, can
annotate argumentation. The datasets are annotated
for argumentation schemes, spans of argumentation
and attitude, respectively. Because these tasks are
complex and human annotators often disagree, we
are also interested to see how the models anno-
tate in cases of disagreement. For example, is there
some annotators the models align with more? More
specifically, this study asks:

1. How well can LLMs annotate argumentation,
given annotation guidelines?
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2. How do models annotate when humans dis-
agree?

In answering these questions, this paper con-
tributes a novel analysis of the models’ capabilities
as annotators of argumentation in three different
tasks. As far as the author is aware, there are no
other studies which analyse argumentation anno-
tation of these kinds. We find that both models
can annotate similarly to humans in all argumenta-
tion annotation tasks, with Claude showing better
agreement with humans than GPT-4o. In the argu-
mentation scheme and argumentation span task the
agreement between the two models is higher than
between human annotators.

2 Related work

In many tasks, it has been shown that LLMs can
perform comparably to human annotators. For
example, Gilardi et al. (2023) use ChatGPT for
four annotation tasks (stance, topic, relevance, and
frames) and find that the model performs similarly
to, or better than, human annotators in these tasks,
compared to an aggregated gold standard. Simi-
larly, in Aldeen et al. (2023) GPT’s performance
in several classification tasks is presented. They
find that the model overall performs well but strug-
gles with sarcasm and emotion detection. Other
areas where LLMs have been used for annotation
are stance classification (Liyanage et al., 2024) and
grammatical annotation (Morin and Marttinen Lars-
son, 2025). However, not all studies find that LLMs
perform well. LLMs seem to struggle with more
complex tasks, for example Wei et al. (2024) find
that LLMs under-perform in the task of event ex-
traction.

As mentioned in the previous section, the differ-
ence between annotation and classification in these
kinds of studies is not always clear. In some stud-
ies (for example in Liyanage et al. (2024) models
are not given instructions similar to that of what
a human annotator would receive, but instead a
shortened version. As pointed out by Pavlovic and
Poesio (2024), most studies compare model output
to a curated gold standard, without direct compari-
son to the other annotators.

An exception to this is Rønningstad et al. (2024),
who annotate entity-level sentiment in Norwegian
texts by prompting ChatGPT. They compare the
model’s and five human annotators’ annotations
to a curated dataset. Accuracy and Cohen’s κ is
lower for ChatGPT, with the exception of an outlier

annotator. They also find that ChatGPT’s errors
deviate from the other annotators’ labels more than
the human annotators’ labels. Another example is
the study by Li and Conrad (2024), who annotate
stance using open source LLMs. They find that
LLMs show lower agreement with human annota-
tors in cases where human annotators themselves
disagree. They also find that in these cases, the
stance is less explicit than in other examples.

In argumentation mining, studies have shown
that LLMs can perform well on different tasks.
For example, Abkenar et al. (2024) perform ar-
gument discourse unit classification and relation
classification using open source models. Chen et al.
(2024) explore the argumentation mining tasks of
detecting claims, stance and evidence types. They
find that GPT-3.5-Turbo performs best on com-
plex tasks. Cabessa et al. (2025) fine-tune open
source models and achieve state of the art results
for component classification, relation classification
and identification. Gorur et al. (2025) find that
open source LLMs can outperform the baseline in
identifying argumentative relations. There are also
examples of LLMs being used to generate argu-
mentation (Rocha et al., 2023). However, LLMs
have not been successful at all tasks. Ruiz-Dolz
and Lawrence (2023) find that GPT-4 performs
below other models in their fallacy detection and
classification task.

When looking specifically at annotation of ar-
gumentation, there are few studies. Mirzakhme-
dova et al. (2024) examine the annotation of argu-
ment quality. In this task, inter-annotator agree-
ment (IAA) among human annotators is between
0.37–0.40 (expert and novice annotators). They
calculate IAA across several runs with the same
model, treating each run as a new annotator, and it
is significantly higher (between 0.73–0.98). They
also compare model annotations to human anno-
tations in cases where there is perfect agreement
between human annotators, and find that there is
moderate agreement between the models and hu-
mans for most categories. Schaefer (2025) inves-
tigate how LLMs can aid in annotation of sematic
argument type and find that the models can per-
form the task but with similar performance to a
BERT model. They did not compare their results
to individual human annotators.
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3 Datasets

These datasets represent different annotation ap-
proaches in argumentation mining, with varying
complexity, document length and genre. The
datasets are all in Swedish. All datasets were an-
notated by annotators with a background in lin-
guistics and with Swedish as their native language.
Letters are used to represent the annotators below,
for example ‘annotator A’. Note, however, that the
annotators differ between the annotation tasks. The
annotations of these datasets are not available on-
line, thus the risk of the model being informed by
the annotations beforehand is minimal. Dataset
statistics are seen in Table 1 below. Note that in the
following sections all examples are translated from
Swedish to English.

Annotation Documents Tokens

Avg.
doc.
size

Arg. schemes 30 editorials 20561 685
Arg. spans 9 threads 28465 3162
Attitude 500 tweets 15510 31

Table 1: Dataset statistics

3.1 Argumentation schemes

This dataset consists of 30 Swedish editorials from
(Lindahl et al., 2019), with topic such as energy pol-
itics and unemployment. The editorials are anno-
tated with Walton’s argumentation schemes by two
annotators. An argumentation scheme describes
how inferences are being made in an argument,
for example “Argument from popular opinion”.
The annotation task consisted of finding arguments,
made up by a conclusion and one or more premises.
This argument was then labeled with an argumenta-
tion scheme. Components were annotated as spans,
and a span could have multiple roles (e.g. conclu-
sion in one argument and premise in another) and
be used several times. An example of an annotated
argumentation scheme is given below.

Premise: ‘But against this, one must weigh the obvious risks

that an expansion of nuclear power entails.’

Conclusion: ‘The waste must be stored for hundreds of years.’

Scheme: ARGUMENT FROM CORRELATION TO CAUSE

In this task, the annotators were instructed to
use the book by Walton et al. (2008), which in-
troduces and describes argumentation schemes, as

guidelines. Although the book covers many differ-
ent argumentation schemes, the number of scheme
types available for annotation was restricted to 30.
Because it was not feasible to provide the whole
book to the model, a list of descriptions of these 30
schemes was used instead. Below is an example of
a scheme description.

ARGUMENT FROM SIGN:

Premise: A is true in this situation.

Premise: Event B is generally indicated as true when its sign,

A, is true in this kind of situation.

Conclusion: B is true in this situation.

Descriptions of the scheme types mentioned in
this paper are found in appendix B. For a more
detailed description of the annotation process, see
Lindahl et al. (2019).

3.2 Argumentative spans
This dataset consists of 9 threads from two
Swedish online discussion forums (Lindahl, 2020).
They are annotated with argumentative spans by
8 annotators. The guidelines are approximately
2,800 tokens, with examples and diagnostic
tests. The guidelines also provide a definition of
argumentation and a discussion of what is to be
considered argumentative. An annotated example,
agreed upon by most annotators is seen below.
Bold indicates argumentation.

“I think we should eliminate home economics
in schools. I consider it degrading to women.
The 1800s called and wants the school’s view of
women back. What do you others think?”

For a more detailed description of this annotation
process and annotation disagreement, see Lindahl
(2020) and Lindahl (2024).

3.3 Attitude
This dataset consists of 4280 tweets from Swedish
political parties and party leaders (Lindahl, 2024,
2025). The aim of the annotation was to iden-
tify what the tweet author expressed an attitude or
stance towards. This was done by marking spans
of text that represented what the author expressed
negative or positive attitudes about. For example,
see below where bold indicates negative attitude:

“Now every penny needs to go to-
wards counteracting the municipal cri-

244



sis. Therefore, we say no to increased
Swedish EU fees. The EU bureaucrats
will have to cut their coat according to
their cloth.”

The guidelines describe the task and provide
examples. This annotation study employed four
annotators, and each tweet was annotated by a com-
bination of three annotators. A subset of the tweets
was annotated by all four annotators. From the
tweets annotated by all four annotators, 500 were
chosen for annotation in this study. For a more
detailed description of the annotation process and
annotation disagreement, see Lindahl (2025) and
Lindahl (2024).

4 Method

For this study, the models GPT-4o
(gpt-4o-2024-08-06) (OpenAI et al., 2024) and
Claude Sonnet (claude-3-7-sonnet-20250219)1

were chosen. For both models, the temperature
was set to 0. This was to make the results
more consistent and deterministic. GPT-4o was
chosen because it is one of the most prominent
and well-known models, and one of the most
commonly used ones in annotation studies. It
was also is one of the most cost effective models.
Claude was chosen to provide a comparison with a
different model architecture and it also performed
well in preliminary experiments. Initially, in
order to compare the results to an open source
model, experiments were run with Llama 3.3-8B.2

However, this model did not perform well enough
to be included in this study, possibly due to the
model size. A larger Llama model was not used
due to computational constraints.

For each annotation task, the model was given
a prompt which consisted of the original annota-
tion guidelines together with short supplemental
instructions. The prompt also included an example
to be annotated. Both the prompt and examples
were all in Swedish. The length of the guidelines
is seen in Table 2.

Editorials Online forum Tweets
Tokens 3426 2786 2349

Table 2: Length of the guidelines, tokens

1https://docs.anthropic.com/en/docs/
about-claude/models/overview

2https://www.llama.com/models/llama-3/

The guidelines were not changed from the origi-
nal annotation task, with the exception of removal
of tool-specific instructions. The supplementary
instructions introduced the task and the guidelines,
and told the model in which format it should return
the annotations.

As previous studies have reported (Rønningstad
et al., 2024; Atreja et al., 2024), care must to be
taken when crafting instructions. When writing in-
structions in this study, variations in wording were
found to influence the annotations, and developing
instructions that produced the correct output took
some trial and error. In this process, both models
were included, in order to develop instructions that
worked for both of them. For example, mention-
ing the guidelines early in the instructions would
increase the number of annotations returned in the
correct format. An example of a prompt can be
seen below, see appendix A for the other.

“Your task is to annotate text spans
that you consider to contain argumenta-
tion. Here are the annotation guidelines
[guidelines]. The text is from an online
forum, where each post is marked with
"==". Divide the annotations per post.
Make the annotations in json format, as
a single object. Here is the text: [docu-
ment].”

The prompt was sent for each document to be an-
notated. In the case of the argumentation schemes
and the argumentative spans, a document would
be an editorial or a thread, respectively. For the
attitude annotation, ten tweets were sent at a time.

The guidelines for the argumentative spans and
attitude tasks included annotated examples. In the
argumentation scheme task, the guidelines did not
include annotated examples. This was done in or-
der to keep the annotation task as similar as possi-
ble to the original annotation setup.

5 Results

In general, the models struggled with keeping
within the instructions and often added extra knowl-
edge. For example, they would add a motivation for
the annotation despite being explicitly asked not to.
The models would also often correct the spelling of
misspelled words, which made it challenging to au-
tomatically compare annotations. Some examples
were returned without annotation or annotated in
the wrong format. Due to these issues, around 100
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tweets could not be included in the evaluation. In
the editorials and the online threads, all examples
were included.

5.1 Argumentation schemes
This task concerned the annotation of argumenta-
tion schemes in editorials. Comparing the anno-
tated editorials, we found that Claude annotated
more tokens than the annotators, while GPT-4o an-
notated fewer tokens, as seen in Table 3. GPT-4o
annotated about half as many tokens as the two an-
notators. However, for both models the number of
annotated tokens varied between editorials, some-
times matching the same number of tokens as the
human annotators. Annotator A and Claude anno-
tated a similar number of arguments, and likewise
did annotator B and GPT-4o.

A B GPT-4o Claude
Anno. tokens 62% 59% 34% 71%
Arguments 345 195 187 372
Avg. nr.
premises 1.26 2.03 1.15 1.33

Table 3: Annotation statistics

Looking at types of argumentation schemes, the
models annotated many of the same schemes as
the humans, but not necessarily for the same argu-
ments. The most common scheme for both models
were ’Argument from Consequences’ (31% of the
schemes for GPT-4o and 23% for Claude). This
is the second most common scheme for both hu-
man annotators. The second most common scheme
for GPT-4o, ’Argument from Example’, was not
used at all by the other annotators. The second
most common scheme for Claude, ’Argument from
cause to effect’, which is the fourth most common
scheme for both annotators.

In this annotation, an annotated span represent-
ing a component can be used in more than one
argument, and take on both the role of premise and
conclusion (in separate arguments). For this reason,
agreement is first compared on token-level and then
on individual arguments. Table 4 shows agreement
in Krippendorff’s α (Krippendorff, 2018) between
annotators and models on whether a token is an-
notated as being part of an argument component,
as well as agreement on the separate component
types. Overall, Claude agrees more with the human
annotators than GPT-4o does. Adding Claude’s an-
notation to the humans annotations increases the
agreement. GPT-4o agrees more on conclusions

than on premises, while the agreement between
Claude an humans is similar for both components.
Interestingly, the highest agreement is between the
two models, without including the human annota-
tors. It should be noted that agreement in general
is quite low, reflecting the complexity of the task.

Arg. vs.
non-arg Conclusion Premise

H 0.15 0.19 0.22
GPT+H 0.03 0.12 0.074
CL+H 0.16 0.16 0.18

CL+GPT 0.26 0.23 0.21
All 0.13 0.15 0.13

Table 4: α for the schemes. H = Humans, GPT = GPT-
4o, CL = Claude

Agreement between humans and models varied
between editorials, between 0.26– -0.26 for GPT-
4o and between 0.38– -0.05 for Claude. One edi-
torial had lowest agreement between both models
and humans, as well as low agreement between
the human annotators. Inspecting this editorial the
annotators (both models and humans) have found
different arguments. However, as seen in the exam-
ple below, one conclusion was annotated by all, but
together with different premises and schemes.

Conclusion All: ‘It is not difficult to understand that the

Social Democrats talk more about how many people are em-

ployed than about how many lack employment.’

Premise A: ‘If there are many who are unemployed, it is bad

to talk about how many lack employment.’

Premise A: ‘Many are unemployed’

Premise B: ‘The Social Democrats have, as is well known,

replaced their old slogan ”full employment´´ with ’work for

all.”

Premise B: ‘When it comes to ’work for all,’ the Social

Democrats are more vague about the goal.’

Premise Claude: ‘When it comes to ’work for all,’ the Social

Democrats are more vague about the goal.’

Premise GPT-4o: ‘At his press conference in Malmö on Fri-

day, the Prime Minister, apparently deliberately, downplayed

the significance.’

Figure 2 shows pair-wise agreement between
annotators. Both models agree more with annotator
A, and Claude agrees the most with all.

Looking instead at the individual arguments and
their components, there are 25 arguments between
all with the same conclusion. Out of these 25, 6
share at least one premise. In these arguments,
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Figure 1: Pair-wise α on token-level, for the schemes

the models often agreed on the scheme, while the
humans more often disagreed.

Manually inspecting the annotated arguments
further, more examples of annotators (both models
and humans) choosing the same conclusion but
different schemes and premises is found. Likewise,
there are examples of components being used as
both premise and conclusion, as in the example
below.

Premise GPT-4o& A, Conclusion Claude: ‘On election day,

the individual voter is sovereign.’

Premise Claude & A, Conclusion GPT: ‘This is the founda-

tion of democracy.’

Conclusion A: ‘Therefore, our appeal to our readers is this:

take the opportunity to decide how our country should be gov-

erned over the next three-year period.’

Scheme A: ARGUMENT FROM CONSEQUENCES

Scheme GPT-4o: ARGUMENT FROM POPULAR OPINION

Scheme Claude: ARGUMENT FROM POSITION TO KNOW

5.2 Argumentation spans
In this task, the models were asked to annotate
threads from online forums with spans that they
considered to be argumentation. Similar to the pre-
vious task, GPT-4o annotated fewer tokens than
most of the other annotators in the online forums.
The model annotated 17.4% of the tokens as argu-
mentative, as compared to between 20–44% for the
other annotators. There is however an outlier anno-
tator who has annotated even fewer tokens. Claude
annotated 33.6% as argumentative. Agreement on
token level is seen in Table 5. Agreement between
the two models and humans, both together and

Figure 2: Pair-wise α for the online forum

separately is very close to the agreement between
humans (0.39). However, agreement between only
the models is slightly higher (0.43).

H GPT+H CL+H GPT+CL All
α 0.39 0.37 0.39 0.43 0.38

Table 5: α on token level, argumentation spans. H =
Humans, GPT = GPT-4o, CL = Claude

In Figure 2, pairwise agreement is shown. GPT-
4o had among the lowest inter-annotator agreement
scores, while Claude achieved higher agreement
with human annotators. GPT-4o agrees the most
with annotator C and H and Claude agrees the most
with A and G. Interestingly, GPT-4o agrees more
with the outlier annotator E than most of the other
annotators do.

The pairwise token overlap between the annota-
tors was also compared, as seen in Figure 3. For
4 of the annotators (A,B,G and F) more than 50%
of GPT-4o’s and Claude’s annotations overlap with
their annotations. In manual inspection of the
threads, examples of overlap and partial overlap
were also found. In the examples with high agree-
ment, it was found that the human annotators and
Claude often annotated longer spans, while GPT-4o
did not. For example, below all annotators (includ-
ing the models) annotated the first part of the text
as argumentation, and while Claude and four of the
human annotators also annotated the part in italics.

“On the contrary. We need more home
economics in schools, and more sub-
jects need to be integrated into home eco-
nomics. Home economics is the subject
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Figure 3: Pairwise percentage overlap. The figure is
not symmetrical, for example are 71% GPT-4o’s anno-
tations found in A’s, but 37% of A’s found in GPT-4o’s.

that truly has the potential to teach prac-
tical, real-world knowledge that young
people need in order to manage on their
own. And don’t come and say that chil-
dren learn this kind of thing at home any-
way, because that’s actually far from cer-
tain.”

When inspecting spans with low agreement, the
models sometimes annotated spans that were prob-
ably not intended as argumentation. For example,
the span below was only annotated by one of the
human annotators and is more narrative than ar-
gumentative, but the models both annotated it as
argumentative.

“After struggling for years to improve the
situation without success, I have decided
to leave.”

5.3 Attitude

In this task, tweets were annotated for object of
negative or positive attitude. The number of tweets
to be annotated was originally 500, but 97 of them
were excluded either due to wrong annotation for-
mat or missing annotations. As seen in Table 6,
out of the remaining tweets, GPT-4o annotated the
fewest tokens (10%), while Claude annotated simi-
larly to the human annotators. Comparing label dis-
tribution, the models annotated a similar amount of
negative and positive tags, while the human anno-
tators annotated more positive tokens than negative
ones.

A B C D GPT CL
POS 0.67 0.63 0.71 0.62 0.52 0.56
NEG 0.33 0.37 0.29 0.38 0.47 0.43
Tok. 52% 23% 25% 25% 10% 33%

Table 6: Label distributions in annotations. Tok. =
annotated tokens. GPT = GPT-4o, CL = Claude

Agreement on token level is shown in Table 7.
Unlike the previous tasks, agreement between the
two models is lower than other annotator combi-
nations. Agreement within humans and humans +
Claude is similar, while GPT-4o has lower agree-
ment with humans.

H GPT+H CL+H GPT+CL All
α 0.35 0.27 0.35 0.25 0.30

Table 7: α on token level, argumentation spans. H =
Humans, GPT = GPT-4o, CL = Claude

Pair-wise agreement is shown in Figure 4. It is
lower between GPT-4o and the other annotators,
while Claude’s agreement scores are more similar
to the human annotators.

Figure 4: Pair-wise α for the tweets

For investigating labels further, Krippendorff’s
unitized uα is employed (Krippendorff et al., 2016).
This measure is suitable for comparing spans, but
it can also show agreement on only labeled spans
(ignoring label combinations such as NEG,O). As
seen in Table 8, agreement is high for all annotator
combinations. This tells us that the annotators and
models agree substantially on the label, in instances
when they have annotated the same span.
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Annotators posuα cover neguα cover
H 0.82 53% 0.82 53%
GPT+H 0.83 44% 0.83 45%
CL+H 0.83 53% 0.83 54%
GPT+CL 0.97 36% 0.97 39%
All 0.84 47% 0.84 48%

Table 8: uα for labels. Cover = coverage, % of anno-
tated spans. H = Humans, GPT = GPT-4o, CL = Claude

Manual inspection of examples with low and
high agreement revealed that low agreement often
resulted from one annotator considering something
argumentative that the others did not. However, it
was rarely the case that the models annotated some-
thing which had not been annotated by at least one
other annotator. In cases of disagreement between
annotators, there was no annotator who the models
with aligned more. In general, there were exam-
ples both where the models seemed to be better at
following the guidelines, and cases where they an-
notated strangely. The models also often annotated
shorter spans than the human annotators.

An example of this is shown below, where bold
signifies positive spans, italics negative. In the
example, “aid is needed” is not an obvious object.
On the other hand, in the first sentence the models
have annotated “Humanitarian superpower”, which
is more in line with the guidelines which instructed
the annotators to keep the spans as short as possible.
The other annotators have instead annotated the full
sentence.

• GPT-4o: Sweden should continue to be a hu-
manitarian superpower. Our aid is needed.
Humanitarian organizations are shamefully
underfunded.

• Claude: Sweden should continue to be a hu-
manitarian superpower. Our aid is needed.
Humanitarian organizations are shamefully
underfunded.

• A & C: Sweden should continue to be
a humanitarian superpower. Our aid
is needed.Humanitarian organizations are
shamefully underfunded.

• B: Sweden should continue to be a humani-
tarian superpower. Our aid is needed. Hu-
manitarian organizations are shamefully un-
derfunded.

• D: Sweden should continue to be a human-
itarian superpower. Our aid is needed. Hu-
manitarian organizations are shamefully un-
derfunded.

What is included in a span can also affect the
label, as seen in the example below.

• A B, & D: Sweden now has a government
that will not introduce market rents. Ten-
ants are today’s big winners.

• GPT-4o, Claude & C: Sweden now has a gov-
ernment that will not introduce market rents.
Tenants are today’s big winners.

6 Conclusions

This paper first examined how well the models
could perform annotation tasks when provided
with guidelines. In this study we have shown that
both models exhibit similar annotation patterns and
agreement to that of humans, which leads us to
conclude that the models can follow the guidelines
and perform the task reasonably well. As these
are tasks where humans often disagree, reaching
comparable levels of agreement to humans could
be a sign that the models, especially Claude, ’un-
derstands’3 the task.

In all tasks, GPT-4o annotated fewer tokens than
the human annotators, while Claude annotated a
similar amount of tokens. This might be because
GPT-4o only annotates when highly confident or
due to differences in how the models approach
the task. While models might respond differently
to prompts, GPT-4o consistently annotated fewer
tokens even during the prompt design phase.

Comparing agreement with the annotators, GPT-
4o agrees less with the annotators than Claude.
Claude exhibits agreement similar to that of hu-
mans, as well as higher agreement in the argumenta-
tion scheme task. When manually inspecting anno-
tated examples, Claude would often annotate more
similarly to humans, while GPT-4o shows similar
patterns as another, slightly worse, human annota-
tor. However, both models’ annotations were often
valid. As there can be cases where multiple inter-
pretations are correct, for example in choosing a
component as a premise or conclusion, one can
not always conclude that models are wrong even
if they choose to annotate differently than humans.

3The discussion of what understanding in this context
means is left for another study.

249



However, there were some cases where the models’
annotations did not make sense.

Because of the complexity of these tasks, and
the fact that human annotators often disagree in
them, the second question asked how models anno-
tate when humans disagree. There were instances
where models aligned with specific annotators. In
the argumentation scheme task, both models agreed
more with one of the annotators. Likewise, in the
argumentation spans and attitude task, there was
higher agreement with some annotators. However,
in these tasks, the agreement is also different within
the human annotators themselves. Most promi-
nently, however, agreement was higher between
the models than the humans in the argumentation
scheme and spans task, possibly suggesting similar-
ities in their reasoning. In the former task the mod-
els also agreed more on argumentation schemes
types.

For future research, there are several promis-
ing directions. First, evaluating how other LLMs,
particularly open-source models, annotate these
datasets would help determine whether these find-
ings generalize across different models and ver-
sions. Second, testing these models in zero-shot
settings would reveal the extent of their inher-
ent knowledge about argumentation without ex-
plicit guidelines. Finally, expanding the analysis
to include other argumentation datasets, especially
those in English, would provide broader insights
into model performance across diverse argumenta-
tive contexts. In general, there are many questions
to answer regarding how to use LLMs as annota-
tors. For example, should each separate run be
treated as a new annotator? In that case, should a
failed run be considered as an annotator failing to
perform the task?

Limitations

This study explores how two versions of the GPT
and Claude models annotate, but the results might
not hold for updated version versions of these mod-
els. Likewise, new models and new versions of
existing models are released with increasing speed.
This leads to difficulties reproducing results, not
only in this study but for most studies employing
LLMs.

The experiments in this study were carried out in
the Swedish language, with instructions, guidelines
and datasets in Swedish. This might limit the cross-
linguistic generalizability of the results.
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A Prompts

Translated prompts for the different tasks.

A.1 Argumentation schemes

“Your task is to annotate Walton’s argumentation
schemes. Here is a description of these schemes:
[guidelines]
Based on these descriptions, I want you to anno-
tate schemes. Do this by marking out what is the
conclusion and which premises belong to it. Then
you mark which argumentation scheme is used. I
want you to mark out exact text spans. Mark out
all schemes you can find. Be thorough and don’t
stop until you can’t find more schemes. Return
the annotations as a single json file, in this for-
mat: {"scheme": "annotated scheme name", "com-
ponents":[{"role":"conclusion","span": "the anno-
tated conclusion"},{"role": "premise", "span": "the
annotated premise"}]} Include the entire text span
in the "span" field, don’t abbreviate and don’t cor-
rect any spelling errors. Annotate this text:
[example] ”

A.2 Argumentation spans

“Your task is to annotate text spans that you consider
to contain argumentation. Here are the annotation
guidelines [guidelines]. The text is from an online
forum, where each post is marked with "==". Di-
vide the annotations per post. Make the annotations
in json format, as a single object. Here is the text:
[example]. ”

A.3 Attitude

“Your task is to annotate tweets. Here are the anno-
tation guidelines . Make the annotations by mark-
ing which words are included in positive or neg-
ative spans in json format like this: [{"tweet id":
0 , "annotated tweet": Now_O needs_O every_O
penny_O needs_O to_O go_O to_O counteract_O
the_NEG municipal_NEG crisis_NEG ._O There-
fore_O we_O say_O no_O to_O increased_NEG
Swedish_NEG EU-fee_NEG ._O },{"tweet": ...}]
Make sure it is valid json. Be careful to annotate
what the attitude is expressed towards, not gener-
ally negative or positive words. Remember that
both words, phrases and whole sentences can be
annotated. Annotate these tweets: [10 examples] ”

B Scheme descriptions

ARGUMENT FROM SIGN:
Premise: A is true in this situation.

Premise: Event B is generally indicated as true when its sign,
A, is true in this kind of situation.
Conclusion: B is true in this situation.

ARGUMENT FROM CONSEQUENCES:
Premise: If A is brought about, then good (bad) consequences
will (may plausibly) occur.
Conclusion: A should (not) be brought about.

ARGUMENT FROM EVIDENCE TO A HYPOTHESIS:
Premise: If hypothesis A is true, then a proposition B,
reporting an event, will be observed to be true.
Premise: B has been observed to be true in a given instance .
Conclusion: A is true.

ARGUMENT FROM CORRELATION TO CAUSE:
Premise: There is a positive correlation between A and B.
Conclusion: A causes B.

ARGUMENT FROM POPULAR PRACTICE:
Premise: If a large majority (everyone, nearly everyone, etc.)
does A, or acts as though A is the right (or an acceptable)
thing to do, then A is a prudent course of action.
Premise: A large majority acts as though A is the right thing
to do.
Conclusion: A is a prudent course of action.

ARGUMENT FROM EXAMPLE:
Premise: In this case, the individual a has property F and also
property G
Premise: a is typical of things that have F and may or may
not have G
Conclusion: Generally, if x has property F then (usually,
probably, typically) x also has property G

ARGUMENT FROM POSITION TO KNOW:
Premise: a is in a position to know whether A is true (false)
Premise: a asserts that A is true (false)
Conclusion: A is true (false)
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Abstract

Prior work has shown that presupposition in
generated questions can introduce unverified as-
sumptions, leading to inconsistencies in claim
verification. Additionally, prompt sensitivity re-
mains a significant challenge for large language
models (LLMs), resulting in performance vari-
ance as high as 3–6%. While recent advance-
ments have reduced this gap, our study demon-
strates that prompt sensitivity remains a per-
sistent issue. To address this, we propose a
structured and robust claim verification frame-
work that reasons through presupposition-free,
decomposed questions. Extensive experiments
across multiple prompts, datasets, and LLMs
reveal that even state-of-the-art models remain
susceptible to prompt variance and presupposi-
tion. Our method consistently mitigates these
issues, achieving up to a 2–5% improvement.1

1 Introduction

While current large language models (LLMs)
(Dubey et al., 2024; Touvron et al., 2023;
DeepSeek-AI et al., 2025; Qwen et al., 2025)
demonstrate strong performance in claim verifi-
cation (Tang et al., 2024; Kamoi et al., 2023) when
provided with ground truth evidence, they can
improperly presuppose parts of the claim, which
can then lead to incorrect conclusions or explana-
tions. Consider, for example, the claim illustrated
in Fig. 1: “A Bollywood movie won the Oscar in
1928”: an LLM might simply verify whether “any
Bollywood movie won the 1928 Oscar,” thereby
accepting the existence of the 1928 Oscar without
verifying it first.2 In contrast, a more skeptical
verifier would first ask, “Was there an Oscar in
1928?” – and only if that is true, proceed to verify
the rest of the claim. This multi-layered reasoning
highlights the need for decomposition-based verifi-

1https://github.com/dipta007/De-Presuppose
2The Oscars were first awarded in 1929.

A Bollywood movie won the Oscar in 1928

Which Bollywood movie has won the Oscar in 1928?

If any Bollywood 
movie won the 
Oscar in 1928, 

which one?

If there was an 
Oscar in 1928, has 

any Bollywood 
movie won that?

Was there an 
Oscar in 1928?

Figure 1: In contrast to simple claim decomposition,
which can presuppose some parts of the claim as true (i.e.
there were Oscars in 1928), our method automatically
generates a collection of presupposition-free questions
to verify each part of the claims. Here, it first asks
whether there were Oscars in 1928, conditioning any
subsequent questions on that answer.

cation that explicitly questions and validates every
presupposition before drawing a conclusion.

We propose such a method of question-based
decomposition and verification. Specifically, we
demonstrate how presupposition-free questions
can reduce prompt sensitivity, improve verifica-
tion performance, and constrain overthinking.
This simple yet effective method creates structured
reasoning paths that reduces prompt sensitivity by
2–5%, offering a significant robustness gain. Our
approach improves performance across both gen-
eral and domain-specific scientific claim verifica-
tion while reducing the need for labor-intensive
prompt-tuning across datasets.

To summarize, our contributions are as follows:

1. We propose a decomposition and de-
presupposition based question generation
method to produce fine-grained questions.

2. We show that while LLMs are highly sensitive
to prompt variations, our structured reasoning
approach significantly reduces this sensitivity,
improving robustness across prompts.

3. We demonstrate that our automated question
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generation achieves approximately 89% cover-
age of atomic subclaims in a zero-shot setting.

4. We show that our method outperforms strong
baselines by 2–5% across two datasets, three
prompt variants, and three reasoning models.

Our code is available at https://github.com/

dipta007/De-Presuppose.

2 Method

Given a claim (“Bollywood movie has won the Os-
car in 1928”), our approach proceeds in three steps:
First, we automatically decompose the claim into
simpler questions (§2.1) – “Which Bollywood
movie has won the Oscar in 1928?”. We recog-
nize that the generated questions may presuppose
certain facts, such as “There was an Oscar award
in 1928.” To account for this, we next reformulate
and expand these questions to remove presuppo-
sitions, resulting in presupposition-free questions
(§2.2) – “(a) Was there an Oscar in 1928?, (b) If
there was, has any Bollywood movie won that? (c)
If yes, which one was that?” Finally, we use a rea-
soner to verify the claim (§2.3) with the help of
these questions. Our results show that this struc-
turing improves claim verification performance.

2.1 Question Generation

Chen et al. (2022) demonstrated that using evidence
during question generation yields significantly bet-
ter results. Motivated by this, we incorporate both
claim and evidence in our question generation pro-
cess. Inductively, we prompt an LLM to decom-
pose a claim into separate, independent questions3.
We adopted the prompt from Kamoi et al. (2023)
to better align with our question decomposition
module instead of their subclaim decomposition.
Specifically, their few-shot prompt includes exam-
ples of claim-to-subclaim decomposition, which
we adapted by converting the assertive statements
into questions.

2.2 Question De-Presupposition

Through manual review of the generated ques-
tions, we identified that some of them presup-
pose information that may or may not be true, i.e.,
“Which Bollywood movie has won the 1928 Os-
car?”. While a model could, in theory, decom-
pose the claim into presupposition-free questions,

3Prompt is provided on App. A.1.1

in practice we noticed this did not consistently hap-
pen. Rather, we noticed that models’ subsequent
reasoning over those questions would go a differ-
ent way than intended. To address this, we employ
LLM-based prompting to process the questions and
decompose any presuppositions into multiple sub-
questions, as illustrated in Fig. 1. Specifically, for
each question, we prompt the LLM to decompose
it into presupposition-free atomic question4.

2.3 Reasoning through Questions
Next, we employ a reasoning model that utilizes
both the questions and the evidence to verify
the claim. The key in our approach is that the
presupposition-free questions from the previous
step can guide the LLM to reason effectively, in-
stead of directly verifying the claim based solely
on the evidence. We do this reasoning by prompt-
ing an LLM; however, Sclar et al. (2024) found
that even large models are susceptible to prompt
variance. Similarly, we found in our experiments
that there was significant variation in performance
based on which exact prompt we used: one was
adopted from Tang et al. (2024)’s verification
prompt (“MiniCheck”), and two others were writ-
ten by this paper’s authors in an attempt to provide
more Structured Guidance (we call them “SG1”
and “SG2”). We provide full details and results in
appendix (App. A.3). Overall, we found that just
by using these prompts alone performance varied
by up to 6% accuracy. This shows the need to mit-
igate prompt sensitivity; as our results will show,
our method provides this ability.

3 Experiments

Evaluation Metric: We used balanced accuracy
(BAcc) as the evaluation metric (Tang et al., 2024;
Kamoi et al., 2023), due to the imbalance between
all the labels. To evaluate our question module, we
have proposed a question coverage metric to assess
the accuracy of generated questions (§3.2).

Datasets: We used the BioNLI (Bastan et al.,
2022) and WiCE (Kamoi et al., 2023) dataset.
While BioNLI features highly complex and domain
specific scientific claims, WiCE has the real-life
claims from Wikipedia. We have also curated a
random balanced subset (300 claim-evidence pairs)
of the BioNLI dataset to experiment with much
costlier models, i.e., o4-mini. We call it BioNLI-
300. Following previous works (Tang et al., 2024;

4Prompt is provided on App. A.1.2
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Prompt Only-Reasoner Reasoner + Question
Decomposition Our Method

BioNLI-FULL
SG2 73.74 ± 0.10 76.57 ± 0.08 76.57 ± 0.19
SG1 72.34 ± 0.26 76.72 ± 0.14 77.73 ± 0.06
MiniCheck 77.58 ± 0.14 78.04 ± 0.14 78.32 ± 0.15

BioNLI-300
SG2 69.11 ± 0.42 72.56 ± 1.50 73.44 ± 1.40
SG1 68.44 ± 0.68 74.11 ± 1.29 75.00 ± 2.18
MiniCheck 73.33 ± 0.98 74.33 ± 1.25 75.11 ± 1.10

WiCE
SG2 76.36 ± 0.27 79.32 ± 0.49 79.03 ± 0.00
SG1 73.41 ± 0.56 78.23 ± 0.64 76.42 ± 0.92
MiniCheck 80.70 ± 0.30 81.72 ± 0.50 82.25 ± 0.62

Table 1: Results (with standard deviation) on the
BioNLI and WiCE dataset. Full results are reported
in the appendix (Table 4).

Kamoi et al., 2023), we converted the WiCE dataset
from a three-class problem to binary classification
by considering both ‘Refuted’ and ‘Partially Sup-
ported’ as the ‘Refuted.’ Detailed dataset statistics
are in the appendix (Table 8).

Experimental Setup: We have used
Qwen/QwQ-32B and o4-mini as the reasoner
models. Both models were run with the default
temperature settings, while for o4-mini, we
utilized the “high” reasoning setup. More details
on the implementation is provided on App. A.2.

3.1 RQ1: Does de-presupposition help?

We consider three setups: (1) Only Reasoner, (2)
Reasoner + Question Decomposition and (3) Our
method with de-presupposition. The results of all
the settings are reported in Table 1. The findings in-
dicate that de-presupposition consistently improves
performance across all settings. The full results in
Table 4 also show that most notable gains are ob-
served when paired with a more capable reasoning
model, such as o4-mini. We hypothesize that less
capable models may not fully leverage the benefits
of presupposition-free questions. The impact of
de-presupposition is more pronounced on complex,
multi-hop datasets like BioNLI, while the improve-
ments are less substantial on simpler datasets such
as WiCE.

We also experimented with adding an explicit
answer module to further ease the burden on the
verifier. However, as shown in Table 5, this addi-
tion often degrades performance. We hypothesize
that generating intermediate answers may intro-
duce errors that propagate to the verifier. While

Question Decomposer Question Coverage

o4-mini 89.16 ± 0.20
Qwen/QwQ-32B 87.41 ± 0.00

Table 2: Coverage of the sub-claims from the WiCE
dataset. Standard deviation is across 3 runs for question
decomposing.

a similar risk exists for question decomposition
and de-presupposition, breaking a claim into sub-
questions—and refining them into presupposition-
free forms—is comparatively easier and less error-
prone than answering questions directly from long,
unstructured documents.

3.2 RQ2: Do we cover sub-claims?

To analyze how well our generated questions cover
the critical parts of the claim, we use the decom-
posed subclaims from the WiCE dataset. We
employed Qwen/Qwen3-32B to evaluate coverage.
During evaluation, for each subclaim, we asked
the model whether it was addressed by at least one
question or a combination of multiple questions.
This approach accounts for the fact that a single
subclaim may be implicitly addressed by multiple
questions, aligning with our goal of generating as
many skeptical and granular questions as possible.
For example, the claim “San Jose is the biggest
city in Texas” can be decomposed into two ques-
tions: (1) Is San Jose a city in Texas? and (2) If
yes, is it the biggest? To avoid occasional con-
textualization issues when aligning questions with
subclaims, we provided the ground truth evidence
as additional context, allowing the LLM to properly
de-contextualize the questions.5

Table 2 shows we achieve ∼89% coverage
of subclaims, regardless of the underlying LLM.
These results underscore that question decomposi-
tion is highly effective in zero-shot settings, while
the low standard deviation across runs highlights
the robustness of the question generation.

3.3 RQ3: Can we mitigate prompt variance?

In the next RQ, we explore if our proposed method
can mitigate the prompt sensitivity. To analyze this
question, we used our method across two datasets
– WiCE (Kamoi et al., 2023) and BioNLI (Bas-
tan et al., 2022), using three different prompts6

5Prompt is provided in App. A.1.6
6Prompts are shown in App. A.1.3, App. A.1.4,

App. A.1.5.
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Figure 2: Balanced accuracy on the BioNLI (blue bar)
and WiCE (orange bar) benchmarks under three prompt
variants. Full results are reported in appendix (Fig. 4).

and three different models (o4-mini, Qwen/QwQ-
32B, Qwen/QwQ-32B). Due to the high API cost of
o4-mini and the large number of samples in the
BioNLI dataset (Table 8), we used only the Qwen
models7 for evaluating the BioNLI full dataset.

The results presented in Fig. 2 offer several key
insights: (1) Our method outperforms the baseline
across all datasets, prompts, and models, highlight-
ing its effectiveness, and (2) It mitigates the per-
formance degradation caused by prompt variance,
demonstrating the robustness of the method.

3.4 Error Analysis
In Fig. 3 we present an excerpted annotated ex-
ample from WiCE. On the left we show our ap-
proach, and on the right we show an LLM reasoner
without our approach. Note that our structured rea-
soning can mitigate overthinking. In the red box,
Qwen3-32B over-analyzed the evidence, placing un-
necessary emphasis on the publication date (Feb 1)
instead of the key event date (Jan 31), leading to an
incorrect conclusion. In contrast, our method first
decomposes the claim into high-level questions and
then further into subatomic questions through de-
presupposition, filtering out irrelevant information.
We show additional full examples in the App. A.5.

4 Related Works

Many works have explored claim verification
(Kamoi et al., 2023; Tang et al., 2024; Zha et al.,
2023; Min et al., 2023; Song et al., 2024; Wang
et al., 2024), but the decomposition of claims into

7Due to space, o4-mini results on the BioNLI-300 dataset
are provided in Table 4 in the appendix.

Supported Claim:
Rowney made his NHL debut on January 31, 2017, in 

Pittsburgh's game against the Nashville Predators.

Our Method

1. When did Rowney make his 
NHL debut?
…

1.  Did Rowney have an NHL 
debut game?
2.  If Rowney was in the NHL, 
when did he make his debut?
…

<think> … 
First, looking at the document: …

Now, the questions and answers provided. Question 1 and 2 answer that 
Rowney had his debut in that specific game on Jan 31. Question 1 asks if he had 
his debut in Pittsburgh's 4-2 win over the Predators on that date. It confirms the 

same details.
…

  Answer of Quesion 3 confirms Rowney's debut with Pittsburgh on that date 
against the Predators.

All the relevant answers align with the document's information. The document 
clearly states he suited up in the game on Jan 31, which is considered his debut. 

Therefore, all parts of the claim are supported.

Standard Verification

<think> …
Looking at the document: … It 

says Rowney was recalled 
again by Pittsburgh on Monday 

(which would be January 31, 
since the article is from Feb 1 … 

Let me parse the dates 
carefully.

The document's metadata is 
titled "February 1, 2017" … 

Therefore, the claim's date is 
incorrect. The rest of the 

information (NHL debut, game 
vs. Predators) is correct, but the 

date is wrong.
The incorrect date makes 
the claim not supported. 

De-Presupposition

Decompose

Reason Through Questions

Figure 3: Question-answer-based reasoning (left) vs.
typical verification by a reasoner model (right) on a
SUPPORTED claim from WiCE (Kamoi et al., 2023).

questions is a relatively newer field. Chen et al.
(2022) employed a trained question decomposer
model to break down claims into multiple ques-
tions. In contrast, our method focuses on zero-shot
question decomposition using the inherent knowl-
edge embedded in LLMs, allowing it to be applied
across different domains of claim verification, such
as scientific, real-life, and political claims.

Hu et al. (2025) demonstrated that direct claim
decomposition yields mixed results depending on
the strength of the verifier. Our findings are sim-
ilar, with performance varying based on the type
of prompts used. However, our work focuses on
reducing this issue to a greater extent. Similarly,
Fleischer et al. (2025) employed a question-based
decomposition to answer the main question. Xue
et al. applied a similar question-answer graph with
a voting mechanism to solve mathematical prob-
lems. However, claim verification requires more ex-
tensive reasoning because its questions are less de-
terministic—unlike mathematical questions, claims
do not follow a logical rationale, and thus the de-
composition requires more filtering and reasoning.

In the multimodal domain, Cho et al. (2023)
introduced a method of decomposing text into a
graph of questions to evaluate text-to-image mod-
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els. Similarly, Jiang et al. (2024) decomposed both
questions and images to answer the main question.

Recently, Lyu et al. (2025) has proposed a
pipeline through question-answering to detect if a
text has presupposition or not. Similarly, Kim et al.
(2021) has shown that using presupposition-based
decomposition improve the retrieval and hence im-
prove the end-QA performance.

In contrast, our method focuses on a less ex-
plored aspect of decomposition, presupposition,
and its impact on prompt variance and overthink-
ing in reasoning models using dynamic question
generation.

5 Conclusion

We introduce a novel question decomposition ap-
proach for generating presupposition-free, atomic
questions that systematically interrogate each part
of a claim. This study is inspired by how humans
think by decomposing and verifying each part of
a complex claim. Using our approach, we have
shown that we can mitigate the prompt sensitiv-
ity by constraining it to thinking structurally than
free form. We hope this line of research encour-
ages further exploration into decomposition-based
reasoning as a foundation for building more trust-
worthy and transparent claim verification systems.

Limitations

While the current LLMs are very effective as LLM-
as-a-judge, there is always an inherent nature of
randomness which can affect the question coverage
metric. Also, we have not tested different other
prompting methods due to the size of the dataset,
computation constraints and high API cost. Further-
more, while we have shown empirically that our
method improves the end-performance on claim
verification task, we have not manually verified the
outputs (if they are presupposition free) due to the
size of the dataset.
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A Appendix

A.1 Prompts

A.1.1 Question Decomposition

You are given a claim, your task is to decompose it into
multiple independent and individual questions. DON’T
generate any other text than the questions. You are given
some examples below and the input claim at the end.

Claim: Other title changes included Lord Steven Regal
and The Nasty Boys winning the World Television
Championship and the World Tag Team Championship
respectively.
Questions:
- Did Lord Steven Regal win the World Television
Championship?
- Did The Nasty Boys win the World Tag Team Champi-
onship?

Claim: The parkway was opened in 2001 after just under a
year of construction and almost two decades of community
requests.
Questions:
- When was the parkway opened?
- How long was the construction period for the parkway?
- How many years of community requests preceded the
opening of the parkway?

Claim: Touring began in Europe in April–June with
guitarist Paul Gilbert as the opening act, followed by
Australia and New Zealand in July, Mexico and South
America in late July–August, and concluding in North
America in October–November.
Questions:
- When did touring begin in Europe?
- Who was the opening act during the touring in Europe?
- Which months covered the Australia tour?
- Which months covered the New Zealand tour?
- Which months covered the Mexico tour?
- Which months covered the South America tour?
- Which months covered the North America tour?
- Where did the touring conclude?

Claim: In March 2018, the company partnered With
Amazon Web Services (AWS) to offer Al-enabled
conversational solutions to customers in India.
Questions:
- When did the company partner with AWS?
- What was the purpose of the partnership?

Claim: The most significant of these is in Germany, which
now has a Yazidi community of more than 200,000 living
primarily in Hannover, Bielefeld, Celle, Bremen, Bad
Oeynhausen, Pforzheim and Oldenburg.
Questions:
- Which country hosts the largest Yazidi community?
- How large is the Yazidi community in Germany?
- In which cities are the Yazidi community in Germany
primarily located?

Claim: A previous six-time winner of the Nations’ Cup,
Sebastian Vettel became Champion of Champions for the
first time, defeating Tom Kristensen, who made the final
for the fourth time, 2–0.
Questions:
- How many times had Sebastian Vettel won the Nations’
Cup before?
- What title did Sebastian Vettel achieve for the first time?

- Whom did Sebastian Vettel defeat in the final?
- How many finals had Tom Kristensen reached?
- What was the final score between Sebastian Vettel and
Tom Kristensen?

Claim: {{claim}}
Questions:

A.1.2 Question De-Presupposition

You are given a question that may contain presuppositions
— assumptions that are implied but not necessarily true.
Your task it to rewrite the question into one or more
simpler de-contextualized questions that do not contain
these presuppositions. DO NOT generate anything
else other than the questions. You are also given some
examples below and the input question at the end.

Question:
Which Bollywood movie has won the Oscar in 1928?

Rewritten questions:
- Was there an Oscar in 1928?
- If there was an Oscar in 1928, has any Bollywood movie
won that?
- If any Bollywood movie won the Oscar in 1928, which
one?

Question:
Which english movie was directed by Christopher Nolan?

Rewritten questions:
- Is Christopher Nolan a director?
- Has Christopher Nolan directed any english movie?
- If Christopher Nolan has directed any english movie,
which one?

Question:
{{question}}

Rewritten questions:

A.1.3 Reasoner: SG1
You are an AI model tasked with verifying claims using
zero-shot learning. Your job is to analyze a given claim
along with provided evidence (i.e. corpus articles) and
decide whether the available evidence would likely
support or not support the claim. You are also given some
questions that can help you analyze the claim and evidence.

Claim to evaluate:
<claim>
{{CLAIM}}
</claim>

Additional evidence provided:
<corpus_text>
{{EVIDENCE}}
</corpus_text>

Questions to consider:
<questions>
{{QUESTIONS}}
</questions>

Guidelines:
1. Evaluate the claim only based on the evidence provided.
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2. It’s possible that you are given multiple evidence
articles. It is also possible that some of the evidence
articles are not relevant to the claim. Use your best
judgement to determine which evidence to use and which
to ignore.
3. Consider answering the questions one by one, before
making a final decision.
4. If relevant information is not present in the evidence,
then it is possible that the claim is not supported by
the evidence. Use your best judgement and previous
knowledge to make a decision.

After your analysis, output exactly one JSON object
with exactly two keys: "reasoning" and "decision". The
value associated with "decision" must be exactly one
word – either "SUPPORTED" or "NOT_SUPPORTED"
(uppercase, with no additional text). Do not add any
markdown formatting, code fences, or additional text. "
"The output must start with an opening curly brace {{ and
end with a closing curly brace }}.

Example output format:
{{"reasoning": "Your brief explanation here (one
or two sentences).", "decision": "SUPPORTED or
NOT_SUPPORTED"}}

Now, please evaluate the above claim.

A.1.4 Reasoner: SG2
You are an AI model tasked with verifying claims
using zero-shot learning. Your job is to analyze a
given claim along with provided evidence and decide
whether the available evidence would likely sup-
port or not support the claim. You are also given some
questions that can help you analyze the claim and evidence.

### Instructions:
1. Evaluate the claim only based on the evidence provided.
2. Consider answering the questions one by one, before
making a final decision.
3. It is possible that some of the questions are not relevant
to the claim. Use your best judgement to determine which
questions to answer and which to ignore.
4. Finally, analyze the claim, questions and evidence
together and determine the label that best describes the
relationship between the claim and the evidence.
5. The meaning of different labels:
- SUPPORTED: The claim is supported by the evidence.
- NOT_SUPPORTED: The claim is not supported by the
evidence.

### Output Format:
After your analysis, output exactly one JSON object
with exactly two keys: "reasoning" and "decision". The
value associated with "decision" must be exactly one
word – either "SUPPORTED" or "NOT_SUPPORTED"
(uppercase, with no additional text). Do not add any
markdown formatting, code fences, or additional text. "
"The output must start with an opening curly brace {{ and
end with a closing curly brace }}.

Example output format:
{{"reasoning": "Your brief explanation here (one
or two sentences).", "decision": "SUPPORTED or
NOT_SUPPORTED"}}

### Input:
Evidence:

{{EVIDENCE}}

Claim to evaluate:
{{CLAIM}}

Questions to consider:
{{QUESTIONS}}

### Output:

A.1.5 Reasoner: MiniCheck
Determine whether the provided claim is supported by
the corresponding document. You are also given some
decomposed questions derived from the claim. Reason
through the questions to support your judgment. Support
in this context implies that all information presented in the
claim is substantiated by the document. If not, it should
be considered not supported. Its possible that some of
the questions are not relevant to the claim. Use your best
judgement to determine which questions to consider and
which to ignore. Fall back to the provided document when
you are not sure about the question.

Document:
{{EVIDENCE}}

Claim:
{{CLAIM}}

Questions to consider:
{{QUESTIONS}}

Please assess the claim’s support with the docu-
ment by responding with either "SUPPORTED" or
"NOT_SUPPORTED". Do not generate anything else
other than the answer.

Answer:

A.1.6 Question Coverage
To find out the coverage of the questions generated
in the WiCE dataset, we have used the following
prompt. The prompt has access to one subclaim and
multiple questions and asks to find out if the sub-
claim is implicitly or explicitly covered by the ques-
tions. In the initial experiments, we have found out
that given the evidence during the evaluation per-
forms better due to the nominal references present
in the subclaim or questions.

Given a claim, evidence, and a list of questions, analyze
whether the questions collectively are sufficient to verify
or refute the entire claim.

### Instructions
- We are looking for coverage of the claim not com-
pleteness of the questions. So, if some questions are
not relevant to the claim, that’s fine. But if the relevant
questions do not cover the whole claim, then the coverage
is not good.
- The question does not need to ask the specific claim
explicitly. If answering the question would verify the
claim, then it covers the claim.
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- It is possible that multiple questions together cover the
claim. It is not necessary that the claim is covered by a
single question.
- If a question and claim refer to similar, but non-identical
concepts, use the provided evidence to determine whether
the question and claim are referring to the same concept
or not. For example, the claim may refer to "the machine
learning technique," while the question may ask about "the
supervised learning technique." Because the questions
were generated based on the provided evidence, consider
this evidence when determining your final answer.
- Begin by providing 1-2 sentences explaining your
reasoning for the coverage of the claim.
- Afterward, output yes if the questions cover the claim
completely, or no if they do not.
- Structure your final response into two sections:

- EXPLANATION: (your reasoning in 1-2 sentences)

- ANSWER: (Yes if the questions cover the claim
completely, or No if they do not)

### Evidence
{{evidence}}

### Claim
{{claim}}

### Questions
{{questions}}

A.2 Experimental Setup

We have used Qwen/QwQ-32B and o4-mini as the
reasoner models. For the QwQ model, we have
used VLLM (Kwon et al., 2023) for inference (one
H100) and the OpenAI API.Both models were run
with the default temperature settings, while for
o4-mini, we utilized the “high” reasoning setup.
We performed three runs to report the mean perfor-
mance with standard deviation for the BioNLI-300
and WiCE datasets. We conducted two runs for
the BioNLI full dataset and o4-mini results due to
high computation time and API costs.

A.3 Effect of Prompt Variance in Claim
Verification

Sclar et al. (2024) found that even large models are
susceptible to prompt variance, to confirm that on
our task we have used 3 different prompts.

MiniCheck Prompt: We have adopted the Tang
et al. (2024)’s verification prompt on this version.
The exact prompt is reported on App. A.1.5.

Structured Guidance: To confirm the prompt
variance, we have used 2 different structured guid-
ance prompts with one minimal change – reorgani-
zation of the sections. Both prompts are reported on
App. A.1.3 and App. A.1.4, both of those prompts

Prompt BAcc Supported Refuted

BioNLI-300
SG2 70.83 (-3.50) 87.33 54.33
SG1 68.33 (-6.00) 86.67 50.00
MiniCheck 74.33 74.00 74.67

WiCE
SG2 79.35 (-4.60) 91.89 66.80
SG1 79.08 (-4.87) 94.59 63.56
MiniCheck 83.95 82.88 85.02

Table 3: Comparison of different prompts – SG1 -
App. A.1.3, SG2 - App. A.1.4, MiniCheck - App. A.1.5.
o4-mini with high-reasoning setup was used as rea-
soner (Average score is reported over two runs)

were written by the authors and refined using the
BioNLI validation set. We call them “SG1” and
“SG2” respectively.

The results for different prompts are shown on
the Table 3. The results show that the claim verifica-
tion task, like many other tasks (Zhuo et al., 2024),
is susceptible to the prompt (3-6%). The differ-
ence between the SG1 and SG2 is more shocking,
as those two prompts are basically the same, with
some minor reorganization of sections. Our method
can effectively mitigate this prompt sensitivity of a
reasoner model.

A.4 Additional Results

The full result of the experiment described in §3.3
is shown on the Table 4. In addition to the pre-
vious datasets, we have also provided results on
the BioNLI-300 dataset to include the results for
o4-mini as reasoner.

A.5 Qualitative Analysis

One of the success cases from the BioNLI dataset is
shown in Table 6, while a failure case is presented
in Table 7. The qualitative analysis reveals that,
in some instances, the model overlooks portions
of the decomposed questions (Table 7), leading to
incorrect conclusions despite otherwise relevant
evidence.

A.6 Dataset

Full dataset statistics of WiCE, BioNLI and
BioNLI-300 is provided on Table 8.

A.7 Results on Fever Dataset

We additionally report results on the FEVER test
dataset (Thorne et al., 2018). Notably, FEVER was
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Prompt Reasoner Question Decomposer De-
Presupposition BAcc Supported Refuted

BioNLI-FULL
SG2 Qwen3-32B Qwen3-32B ✓ 76.79 ± 0.16 90.37 ± 0.72 63.21 ± 0.39
SG2 Qwen3-32B Qwen3-32B × 75.92 ± 0.16 89.83 ± 0.09 62.00 ± 0.42
SG2 Qwen3-32B - - 74.10 ± 0.04 89.65 ± 0.27 58.54 ± 0.19
SG2 QwQ-32B QwQ-32B ✓ 76.57 ± 0.19 90.10 ± 0.27 63.04 ± 0.11
SG2 QwQ-32B QwQ-32B × 76.57 ± 0.08 89.92 ± 0.09 63.23 ± 0.08
SG2 QwQ-32B - - 73.74 ± 0.10 91.49 ± 0.14 55.99 ± 0.06
SG1 Qwen3-32B Qwen3-32B ✓ 76.16 ± 0.01 87.49 ± 0.18 64.84 ± 0.15
SG1 Qwen3-32B Qwen3-32B × 75.38 ± 0.31 87.76 ± 0.72 63.00 ± 0.10
SG1 Qwen3-32B - - 71.49 ± 0.11 89.87 ± 0.41 53.10 ± 0.18
SG1 QwQ-32B QwQ-32B ✓ 77.73 ± 0.06 87.04 ± 0.00 68.41 ± 0.11
SG1 QwQ-32B QwQ-32B × 76.72 ± 0.14 87.98 ± 0.05 65.46 ± 0.32
SG1 QwQ-32B - - 72.34 ± 0.26 93.92 ± 0.32 50.76 ± 0.20
MiniCheck Qwen3-32B Qwen3-32B ✓ 77.60 ± 0.10 81.14 ± 0.14 74.05 ± 0.33
MiniCheck Qwen3-32B Qwen3-32B × 76.34 ± 0.32 80.65 ± 0.54 72.03 ± 0.10
MiniCheck Qwen3-32B - - 76.29 ± 0.28 80.11 ± 0.09 72.46 ± 0.48
MiniCheck QwQ-32B QwQ-32B ✓ 78.32 ± 0.15 86.45 ± 0.14 70.18 ± 0.16
MiniCheck QwQ-32B QwQ-32B × 78.04 ± 0.14 86.54 ± 0.32 69.54 ± 0.03
MiniCheck QwQ-32B - - 77.58 ± 0.14 84.92 ± 0.23 70.23 ± 0.06

BioNLI-300
SG2 o4-mini o4-mini ✓ 74.83 ± 0.50 85.00 ± 1.00 64.67 ± 0.00
SG2 o4-mini o4-mini × 71.33 ± 0.33 85.67 ± 0.33 57.00 ± 1.00
SG2 o4-mini - - 70.83 ± 0.17 87.33 ± 0.00 54.33 ± 0.33
SG2 QwQ-32B QwQ-32B ✓ 73.44 ± 1.40 85.56 ± 0.83 61.33 ± 1.96
SG2 QwQ-32B QwQ-32B × 72.56 ± 1.50 86.44 ± 1.13 58.67 ± 1.96
SG2 QwQ-32B - - 69.11 ± 0.42 88.00 ± 0.54 50.22 ± 0.31
SG1 o4-mini o4-mini ✓ 73.00 ± 0.33 82.33 ± 1.00 63.67 ± 0.33
SG1 o4-mini o4-mini × 71.67 ± 0.00 83.33 ± 0.67 60.00 ± 0.67
SG1 o4-mini - - 68.33 ± 0.00 86.67 ± 0.00 50.00 ± 0.00
SG1 QwQ-32B QwQ-32B ✓ 75.00 ± 2.18 86.00 ± 0.54 64.00 ± 3.81
SG1 QwQ-32B QwQ-32B × 74.11 ± 1.29 86.44 ± 0.83 61.78 ± 1.75
SG1 QwQ-32B - - 68.44 ± 0.68 92.44 ± 0.83 44.44 ± 0.63
MiniCheck o4-mini o4-mini ✓ 74.67 ± 0.33 79.00 ± 1.00 70.33 ± 0.33
MiniCheck o4-mini o4-mini × 71.83 ± 0.17 79.00 ± 0.33 64.67 ± 0.00
MiniCheck o4-mini - - 74.33 ± 0.00 74.00 ± 0.00 74.67 ± 0.00
MiniCheck QwQ-32B QwQ-32B ✓ 75.11 ± 1.10 82.44 ± 0.63 67.78 ± 1.57
MiniCheck QwQ-32B QwQ-32B × 74.33 ± 1.25 83.33 ± 1.63 65.33 ± 0.94
MiniCheck QwQ-32B - - 73.33 ± 0.98 82.67 ± 1.09 64.00 ± 1.44

WiCE
SG2 o4-mini o4-mini ✓ 82.54 ± 1.46 90.99 ± 0.90 74.09 ± 2.02
SG2 o4-mini o4-mini × 83.32 ± 0.17 92.34 ± 1.35 74.29 ± 1.01
SG2 o4-mini - - 79.35 ± 0.00 91.89 ± 0.00 66.80 ± 0.00
SG2 QwQ-32B QwQ-32B ✓ 79.03 ± 0.00 85.59 ± 0.00 72.47 ± 0.00
SG2 QwQ-32B QwQ-32B × 79.32 ± 0.49 84.68 ± 0.74 73.95 ± 1.38
SG2 QwQ-32B - - 76.36 ± 0.27 86.19 ± 0.42 66.53 ± 0.19
SG1 o4-mini o4-mini ✓ 83.07 ± 0.53 91.44 ± 0.45 74.70 ± 0.61
SG1 o4-mini o4-mini × 83.52 ± 0.33 92.34 ± 0.45 74.70 ± 0.20
SG1 o4-mini - - 79.08 ± 0.00 94.59 ± 0.00 63.56 ± 0.00
SG1 QwQ-32B QwQ-32B ✓ 76.42 ± 0.92 83.48 ± 1.12 69.37 ± 1.99
SG1 QwQ-32B QwQ-32B × 78.23 ± 0.64 85.89 ± 0.42 70.58 ± 1.66
SG1 QwQ-32B - - 73.41 ± 0.56 91.89 ± 0.74 54.93 ± 0.69
MiniCheck o4-mini o4-mini ✓ 84.74 ± 0.40 86.49 ± 0.00 83.00 ± 0.81
MiniCheck o4-mini o4-mini × 84.09 ± 0.86 85.59 ± 0.90 82.59 ± 0.81
MiniCheck o4-mini - - 83.95 ± 0.00 82.88 ± 0.00 85.02 ± 0.00
MiniCheck QwQ-32B QwQ-32B ✓ 82.25 ± 0.62 82.58 ± 1.12 81.92 ± 0.83
MiniCheck QwQ-32B QwQ-32B × 81.72 ± 0.50 82.88 ± 1.27 80.57 ± 0.33
MiniCheck QwQ-32B - - 80.70 ± 0.30 82.58 ± 0.42 78.81 ± 0.50

Table 4: Detailed Results on the WiCE, BioNLI Full and BioNLI-300 dataset.
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(a) BioNLI dataset with Qwen/QwQ-32B Reasoner and
Question-decomposer
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(b) BioNLI dataset with Qwen3-32B Reasoner and
Question-decomposer
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(c) WiCE dataset with Qwen/QwQ-32B Reasoner and
Question-decomposer
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(d) WiCE dataset with o4-mini Reasoner and
Question-decomposer

Figure 4: Balanced accuracy on the BioNLI (a, b) and WiCE (c, d) benchmarks under three prompt variants. Across
each dataset, prompt variant, and backbone LLM, our method yields consistent and significant gains over the
single-reasoner baseline.

Prompt De-Presupposition Answer Module BAcc

MiniCheck × ✓ 71.33 ± 0.00
MiniCheck × × 71.83 ± 0.17
MiniCheck ✓ ✓ 73.50 ± 0.17
MiniCheck ✓ × 74.67 ± 0.33

SG1 × ✓ 69.83 ± 0.83
SG1 × × 71.67 ± 0.00
SG1 ✓ ✓ 73.33 ± 0.67
SG1 ✓ × 73.00 ± 0.33

SG2 × ✓ 69.67 ± 0.67
SG2 × × 71.33 ± 0.33
SG2 ✓ ✓ 71.67 ± 1.00
SG2 ✓ × 74.83 ± 0.50

Table 5: Results (with standard deviation) of using ex-
plicit answer module with our method.

originally developed as a retrieval and coarse veri-
fication benchmark rather than a fine-grained veri-
fication task. For example, one of the test claims–
“Hearts is a musical composition by Minogue”–
lacks the complexity necessary for decomposition-
based reasoning. Furthermore, as shown in Table 8,

the average claim length is only 8 words, indicating
that the claims are already highly atomic and offer
limited opportunity for further decomposition.

As shown in Table 9, our decomposition and
de-presupposition pipeline does not yield signif-
icant improvements on this dataset, highlighting
the importance of task complexity needed in ben-
efiting from structured reasoning approaches. Un-
like FEVER, most claims in real-world and scien-
tific domains are highly complex, often requiring
multi-hop reasoning. This underscores the neces-
sity of decomposition-based approaches for effec-
tive claim verification in such settings.
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Label Content

Claim We conclude that the reduction in furosemide stimulated renin release by indomethacin is due to renal cyclo-
oxygenase inhibition which is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids.

Decomposed
Questions

1: What is the cause of the reduction in furosemide-stimulated renin release?
2: What is the effect of indomethacin on furosemide-stimulated renin release?
3: What is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids?

Presupposition
free Ques-
tions

1: If the reduction in furosemide-stimulated renin release has a cause, what is the cause?
2: What is the effect of indomethacin on furosemide-stimulated renin release?
3: If so, has anything been reflected in those decreased excretion rates?
4: What is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids?
5: If indomethacin has an effect on furosemide-stimulated renin release, what is the effect?
6: Does furosemide stimulate renin release?
7: If there is a reduction in furosemide-stimulated renin release, does it have a cause?
8: If yes, what is reflected in them?
9: What is the cause of the reduction in furosemide-stimulated renin release?
10: If furosemide stimulates renin release, does indomethacin have an effect on that release?
11: Do hydrolysis products of renal eicosanoids have excretion rates that can decrease?
12: Is there a reduction in furosemide-stimulated renin release?

Reasoning First, I need to check the document for evidence supporting each part of the claim.
Looking at the document: The study involved giving indomethacin to normal volunteers and then measuring
responses to furosemide. The key points from the document are:
- Indomethacin reduced serum thromboxane B2 (TXB2), which is a platelet product, but that’s not directly about the
kidney. However, the document mentions that renal prostacyclin and thromboxane A2 synthesis are limited to the
cortex. So maybe the eicosanoids in the kidney are affected too.
- The study found that both basal and furosemide-stimulated plasma renin activity were reduced after indomethacin.
Also, the excretion rates of 6-keto-PGF1 alpha (a prostacyclin metabolite) and TXB2 (though TXB2 here might be
from the kidney, but earlier they said TXB2 is platelet-derived, so maybe the renal TXB2 is different? Wait, the
document says "the transient increase in excretion rates of 6-keto-PGF1 alpha and TXB2" were also reduced. So
maybe the TXB2 here refers to renal, not platelet? Hmm, that’s a bit confusing because earlier they said serum
TXB2 was from platelets. Maybe the excretion in urine includes renal sources? The document says "excretion
rates" so that’s probably urine. So the renal eicosanoids’ hydrolysis products would be in urine.
The claim states that the decrease in renin release is due to cyclo-oxygenase inhibition (which indomethacin
does) and this is reflected in decreased excretion of hydrolysis products. The document does mention that after
indomethacin, the excretion of 6-keto-PGF1 alpha and TXB2 (the hydrolysis products) decreased, along with the
renin. Since prostacyclin and TXA2 are eicosanoids made via cyclo-oxygenase, their hydrolysis products being
reduced would indicate that indomethacin (a COX inhibitor) is blocking their synthesis. Thus, the reduced renin
release is linked to the inhibition of these eicosanoids, which are part of renal cyclo-oxygenase products.
Looking at the questions:
1. The cause of the reduction in renin release would be indomethacin’s effect via COX inhibition. The document
says that after indomethacin, renin is reduced, so that’s supported.
2. Indomethacin reduces furosemide-stimulated renin release (document says "reduced, as well as the transient
increase..."), so yes.
3. The decreased excretion rates would reflect the inhibition of eicosanoid synthesis. The document mentions
decreased excretion of 6-keto-PGF1 and TXB2, so that’s the hydrolysis products.
4. The reflection is the renal cyclo-oxygenase inhibition. Since those products are from renal eicosanoids (as per
the first sentence about their synthesis being limited to the cortex), their decreased excretion would reflect that
inhibition.
5. The effect is reduction of renin release, as in question 2.
6. The document states that furosemide does stimulate renin, as they mention "furosemide stimulated plasma renin
activity".
7. The reduction does have a cause (indomethacin’s COX inhibition).
8. The decreased excretion rates reflect the inhibition of eicosanoid synthesis.
9. The cause is indomethacin’s cyclo-oxygenase inhibition, which the document implies since indomethacin is a
COX inhibitor and the eicosanoid products are reduced.
10. Yes, indomethacin reduces the renin release from furosemide.
11. Yes, the document says excretion rates of those products decreased.
12. Yes, the study found a reduction.
Putting it all together: The claim’s main points are that the renin reduction is due to COX inhibition (indomethacin)
and that this is shown by decreased excretion of hydrolysis products. The document supports both the reduction in
renin and the decrease in the excretion of those products (6-keto-PGF1 alpha and TXB2) after indomethacin. Since
cyclo-oxygenase inhibition by indomethacin would block the synthesis of prostacyclin and thromboxane, leading to
less of their hydrolysis products being excreted, the reasoning in the claim is supported by the document’s findings.
Therefore, the answer should be SUPPORTED.

Table 6: One of the examples from the BioNLI dataset where the reasoner correctly verified the claim as SUP-
PORTED.
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Label Content

Claim We conclude that ACTH hypersecretion after CRH-mediated stimuli, including naloxone, is an inherent, but variable,
feature of DM, caused by expression of the genetic mutation at the anterior pituitary.

Decomposed
Questions

1: Where is the genetic mutation expressed that leads to ACTH hypersecretion in DM?
2: What is an example of a CRH-mediated stimulus mentioned in the claim?
3: What causes the ACTH hypersecretion in DM?
4: What type of stimuli trigger ACTH hypersecretion in DM?
5: What is an inherent but variable feature of DM?

Presupposition-
free Ques-
tions

1: If DM exists, does it have any features?
2: If there are stimuli that trigger ACTH hypersecretion in DM, what type are they?
3: If DM experiences ACTH hypersecretion, are there any stimuli that trigger it?
4: If ACTH hypersecretion occurs in DM, what causes it?
5: What is an example of a CRH-mediated stimulus mentioned in the claim?
6: If DM has features, does it have any inherent features?
7: What type of stimuli trigger ACTH hypersecretion in DM?
8: If DM exists, does ACTH hypersecretion occur in it?
9: If DM has an inherent but variable feature, which one is it?
10: If DM has inherent features, are any of them variable?
11: What causes the ACTH hypersecretion in DM?
12: Does DM experience ACTH hypersecretion?
13: If such a mutation exists, is it expressed in a specific location?
14: Does DM exist?
15: Where is the genetic mutation expressed that leads to ACTH hypersecretion in DM?
16: If the claim mentions any CRH-mediated stimuli, what is an example?
17: Does a genetic mutation lead to ACTH hypersecretion in DM?
18: If it is expressed in a specific location, where is that?
19: What is an inherent but variable feature of DM?
20: Does the claim mention any CRH-mediated stimuli?

Reasoning First, I’ll look at the document. The study shows that in DM patients, their basal ACTH levels are twice as high as
controls, and their ACTH responses to naloxone (a CRH stimulator) are four times higher. The cortisol responses
were similar, but ACTH was definitely higher. They also mention that 19 out of 36 patients were hyperresponders,
and some had reproducible responses.
Now, looking at the questions:
1. Does DM have features? The document does talk about ACTH hypersecretion as a feature, so yes. 2. The stimuli
are CRH-mediated, like naloxone. The document mentions naloxone as a CRH stimulator. 3. Yes, CRH-mediated
stimuli trigger ACTH hypersecretion in DM. 4. The cause according to the claim is the genetic mutation in the
anterior pituitary. The document says they "previously showed" CRH-mediated stimuli cause this, but does it
mention the genetic mutation’s role? The document here doesn’t explicitly state the genetic mutation’s location.
Wait, the claim says it’s caused by the mutation’s expression in the anterior pituitary. The document’s current
evidence is about the response to naloxone and ACTH levels but doesn’t mention the genetic mutation’s expression
site. Hmm, that’s a problem. The study might be part of their previous work, but the current document doesn’t
specify the cause as the genetic mutation in the anterior pituitary.
Questions 5-12 are missing
Looking at the questions 13,14,15,17,18: The claim says the cause is the genetic mutation expressed in the anterior
pituitary. The document here doesn’t mention the location of the mutation’s expression. The study talks about the
effect (ACTH levels) but not the exact mechanism’s location. So the part about the anterior pituitary might not be
supported by the provided document.
Questions 19,20 are missing
The claim also says it’s an inherent feature. The document does say that DM patients have higher ACTH responses
consistently, even in some repeated tests, so that’s inherent. The variability is mentioned with hyperresponders (19
out of 36), so variable.
But the key issue is the cause being the genetic mutation in the anterior pituitary. The document’s current text doesn’t
state that. The first sentence says they "previously showed" CRH-mediated stimuli cause ACTH hypersecretion.
Maybe the prior work mentioned the genetic cause, but in the provided document, the cause isn’t specified beyond
the stimuli leading to the response. The conclusion in the claim adds the genetic mutation’s role in the anterior
pituitary, which isn’t present here.
Therefore, even though most parts of the claim are supported (CRH-mediated stimuli like naloxone cause ACTH
hypersecretion, inherent and variable), the specific part about the genetic mutation’s expression in the anterior
pituitary isn’t addressed in the provided document. So the entire claim isn’t fully supported because that part isn’t
there.

Table 7: One of the examples from the BioNLI dataset where the reasoner incorrectly verified the claim as NOT-
SUPPORTED though the claim is originally SUPPORTED.
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Dataset Samples Supported Refuted
Average # of Words
Claim Evidence

WiCE (Kwon et al., 2023) 358 247 111 24 1316
BioNLI (Bastan et al., 2022) 5073 3962 1111 34 187
BioNLI-300 (sampled) 300 150 150 35 185
FEVER (Diggelmann et al., 2021) 6605 3305 3300 8 305

Table 8: Statistics of different dataset used in the study. Following previous papers (Tang et al., 2024; Kamoi et al.,
2023), we have converted the WiCE dataset to binary by assuming partially supported as refuted.

Prompt Reasoner Question Decomposer De-
Presupposition BAcc Supported Refuted

SG2 Qwen3-32B Qwen3-32B ✓ 95.27 ± 0.07 93.90 ± 0.23 96.64 ± 0.09
SG2 Qwen3-32B Qwen3-32B × 95.49 ± 0.11 94.55 ± 0.18 96.42 ± 0.03
SG2 Qwen3-32B - × 95.47 ± 0.04 94.49 ± 0.00 96.44 ± 0.08
SG2 QwQ-32B QwQ-32B ✓ 95.44 ± 0.17 94.25 ± 0.24 96.62 ± 0.11
SG2 QwQ-32B QwQ-32B × 95.42 ± 0.07 94.24 ± 0.05 96.61 ± 0.09
SG2 QwQ-32B - × 95.56 ± 0.02 94.70 ± 0.09 96.42 ± 0.06
SG1 Qwen3-32B Qwen3-32B ✓ 95.18 ± 0.17 93.92 ± 0.18 96.44 ± 0.17
SG1 Qwen3-32B Qwen3-32B × 95.28 ± 0.03 94.22 ± 0.06 96.33 ± 0.00
SG1 Qwen3-32B - × 95.62 ± 0.05 95.08 ± 0.08 96.17 ± 0.02
SG1 QwQ-32B QwQ-32B ✓ 95.31 ± 0.08 94.30 ± 0.08 96.33 ± 0.09
SG1 QwQ-32B QwQ-32B × 95.49 ± 0.06 94.58 ± 0.09 96.39 ± 0.03
SG1 QwQ-32B - × 95.64 ± 0.05 95.40 ± 0.00 95.88 ± 0.09
MiniCheck Qwen3-32B Qwen3-32B ✓ 95.00 ± 0.11 93.22 ± 0.21 96.77 ± 0.02
MiniCheck Qwen3-32B Qwen3-32B × 95.36 ± 0.08 94.21 ± 0.11 96.52 ± 0.06
MiniCheck Qwen3-32B - × 95.41 ± 0.01 93.96 ± 0.11 96.85 ± 0.09
MiniCheck QwQ-32B QwQ-32B ✓ 95.40 ± 0.02 94.13 ± 0.00 96.67 ± 0.03
MiniCheck QwQ-32B QwQ-32B × 95.47 ± 0.05 94.40 ± 0.03 96.53 ± 0.08
MiniCheck QwQ-32B - × 95.40 ± 0.03 94.16 ± 0.06 96.64 ± 0.00

Table 9: Results (with standard deviation) on the FEVER (Thorne et al., 2018) dataset. Due to the size of the dataset,
we have reported scores over two runs.
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Abstract

To study computational models for language
acquisition, we propose an interactive com-
putational framework that utilizes a miniature
language acquisition dataset in a controlled en-
vironment. In this framework, a neural learner
model interacts with a teacher model that pro-
vides corrective feedback. Within this frame-
work, we investigate various corrective feed-
back strategies, specifically focusing on re-
formulations and their effect on the learner
model during their interactions. We design
experimental settings to evaluate the learner’s
production of syntactically and semantically
correct linguistic utterances and perception
of concepts and word-meaning associations.
These results offer insights into the effective-
ness of different feedback strategies in lan-
guage acquisition using artificial neural net-
works. The outcome of this research is estab-
lishing a framework with a dataset for the sys-
tematic evaluation of various aspects of lan-
guage acquisition in a controlled environment.

1 Introduction
Understanding how children form associations be-
tween linguistic words to some situational input or
referent within an uncertain environment where mul-
tiple referents could be related to the same word is
a topic that has been studied in language acquisi-
tion (Quine, 1960). Cross-situational learning is a pow-
erful mechanism for learning co-occurrence statistics
between words and referent objects across multiple ex-
posures (Gleitman, 1990; Pinker, 2013). Studies of
cross-situational learning in both adults (Yu and Smith,
2007; Smith et al., 2011) and children (Suanda et al.,
2014; Smith and Yu, 2008) show how the associa-
tion between words and meaning is learned at differ-
ent stages of language development. However, some
of these studies on cross-situational learning focus on
the child’s learning of these word-meaning associations
without any form of feedback (Monaghan et al., 2021).

Feedback, in the form of social interactions, is shown
to enhance children’s language development (Kuhl
et al., 2003; Sachs et al., 1981; Krashen et al., 1983).
In language acquisition studies, most commonly in sec-
ond language acquisition literature, an interaction is

viewed as a negotiation for meaning where two agents
“negotiate” or agree upon the meaning of some ob-
ject during a conversation (Long, 1981; Clark, 1996).
Corrective Feedback is one form of interaction where
an adult, i.e. parent or teacher, analyzes the linguis-
tic generation of a child and provides some form of
response intended to adjust or update the child’s lin-
guistic knowledge. Although the impact of providing
corrective feedback is a controversial topic, many stud-
ies supports its influence on language learning even
in first language acquisition (Hiller, 2016; Chouinard
and Clark, 2003; Schoneberger, 2010). In a social con-
text, commonly within a classroom setting, several ap-
proaches for corrective feedback are utilized such as
explicit correction, recast or reformulations, clarifica-
tion request, metalinguistic feedback, elicitation, and
repetition (Lyster and Ranta, 1997). For the scope of
this paper, we will focus on reformulations as our com-
putational approach to corrective feedback.

Cross-situational learning has been used to address
multiple tasks like probabilistic word-meaning learning
with symbolic situation representations (Fazly et al.,
2010), word-meaning learning with embodied sys-
tems (Yu and Ballard, 2004), and word-meaning asso-
ciations from visual perceptual representations as in-
puts (Juven and Hinaut, 2020). Also, several studies
have explored learning settings that simulate interac-
tions between teacher and learner conversations with k-
Nearest Neighbor models for word learning (Belpaeme
and Morse, 2012) and probabilistic models with cor-
rections (Angluin and Becerra-Bonache, 2017). Other
models have studied the acquisition of semantic knowl-
edge through some form of feedback provided via
a reward function in a reinforcement learning set-
ting (Nikolaus and Fourtassi, 2021b,a). Other stud-
ies have explored the language acquisition process as
a game where two agents observe referents in a scene
and both attempt to name it (Steels, 1995).

Building neural computational models for Language
Acquisition based has been practiced in the related lit-
erature (Portelance and Jasbi, 2023; Frank et al., 2019).
However, one issue that these models present is the
requirement of large amount of linguistic data, most
times larger than what humans are exposed to through
out their entire lifetime. Also, the architecture design
of these models can have innate biases that makes re-
lating their outcome analysis to human language acqui-
sition theories challenging (Baroni, 2022). In order to
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establish a fair and accurate comparison between neu-
ral models and human learners, it is required to simu-
late learning scenarios where the quantity of data, in-
put modalities, and data distributions resemble human-
level abilities (Warstadt and Bowman, 2024).

In this paper, we use a learning scenario that explores
neural computational models for language acquisition
in a teacher-learner interactive cross-situational learn-
ing framework. This framework follows a similar
structure as the one presented in Angluin and Becerra-
Bonache (2017) which uses a Miniature Language Ac-
quisition dataset where the environment contains log-
ical representation of objects and the model learns to
generate linguistic utterances that describe these ob-
jects. We extend their work by using recurrent neu-
ral networks as the learner rather than a probabilis-
tic graphical model. We train small models from
scratch, without any prior knowledge, that resembles
early stages of concept learning and language acquisi-
tion.

Also, we examine various corrective feedback strate-
gies and their impact on the learner model’s learning
trajectory. The learner is evaluated at a production level
based on utterance semantics and its ability to gener-
ate all possible explanations, as well as a perception
level, referring to the knowledge acquired about con-
cepts and relationships. Figure 1 shows how interac-
tion is established, where each interaction starts with
a learner model generating syntactically and seman-
tically appropriate utterances corresponding to the at-
tributes and relationships within a given situation, rep-
resented formally in a formal predicate-argument form.
The teacher then analyzes the utterance, compares the
utterance’s formal representation to the situation’s for-
mal representation, and provides another utterance with
a similar formal representation to the situation.

Learner Teacher

Situation

Environment

Formal 
representation

Formal 
representation

Utterance

Feedback

Figure 1: Teacher-Learner Interaction model. This
framework has a teacher and learner model interact
in an environment with shared situations. The learner
model attempts to describe the situation, and then the
teacher evaluates the description and provides feedback
to the learner.

The main contributions of this work are as follows:
1) Extending Miniature Language Acquisition compu-
tational framework with neural learner models; 2) Pro-
viding evaluation datasets and metrics for utterance

generation (production-level) and concept evaluation
(perception-level); 3) Incorporating various corrective
feedback strategies in the form of interactions with an
oracle that evaluates the logical semantics.

2 Miniature Language Acquisition
Dataset

Miniature Language Acquisition (MiLA) is a task that
consists on the learning of a natural language from
sentence-picture pairs, where each “picture” or scene
is composed of geometric shapes with different proper-
ties (Feldman et al., 1990). Similar to the setup in (An-
gluin and Becerra-Bonache, 2017), we create a learning
setting in which the learner receives a formal represen-
tation of the environment, instead of actual visual in-
put, and generates natural language utterances that ex-
plain the environment. In our experiments, we only
use English natural language utterances. The dataset
includes pairs of formal representations of various situ-
ations with their respective set of valid linguistic utter-
ances. There are 23,328 unique situations, where each
situation refers to two objects with all three attributes
and relates to 113,064 unique utterances. Every situa-
tion is paired with at most 40 utterances.

2.1 Situation Representation

We define a formal representation of objects, their
properties, and their relations within the environment
using a predicate-argument structure referred to as a sit-
uation s. The s represents the full formal representation
of the situation but we also use a partial one referred
to as m. Each predicate p can have one or two argu-
ments representing objects, denoted by t. For exam-
ple, p(t1) represents a single-argument predicate, and
p(t1, t2) represents a two-argument predicate.

Single-argument predicates describe the properties
of an object including {shape, size, color} whereas
two-argument predicates describe the relationships be-
tween objects including {left, above}. Shape predi-
cates include hexagon (he1), star (st1), triangle (tr1),
square (sq1), circle (ci1), and ellipse (el1). Colors in-
clude red (re1), blue (bl1), yellow (ye1), orange (or1),
green (gr1), and purple (pu1). Sizes include small
(sm1), medium (me1), and big (bi1). Relations in-
clude left (le2) and above (ab2). Although the rela-
tion predicates are limited to two relation types, these
are sufficiently expressive for two additional relations:
right and below. For utterances that include right and
below, their formal situation will use the predicates le2
and ab2 respectively while the order of their arguments
reflects the actual relationship.

Each full situation in the dataset includes all the
properties of two objects and their relation. A par-
tial situation representation can include a subset of the
predicates. However, a valid partial situation must have
at least one shape predicate to be able to refer to at least
one object. We refer to the object types, attributes, and
their relations as concepts to be learned. We gener-
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ate all possible formal situations based on the possible
combinations of the concepts given a set of templates.
An example of a formal situation is:

sm1(t1),bl1(t1),ci1(t1),
ab2(t1,t2),
bi1(t2),re1(t2),sq1(t2)

where the following natural language expression, “the
small blue circle above the big red square” is a valid
explanation for it. In the generation process of formal
situation representation, we consistently use the order
of object/relation/object where each object is described
as follows: size/color/shape.

2.2 Linguistic Utterances
A linguistic utterance, denoted as u, is a sequence of
words used to describe a formal representation of sit-
uations mentioned in Section 2.1. All linguistic utter-
ances in this data follow the grammar shown in Figure 2
with a vocabulary size of over 20 words. This grammar
generate utterances like: “the small blue circle”, “the
star”, and “the small yellow square above the medium
red hexagon”.

S→ <Object> | <Object> <UpDown> <Object> |
<Object> to the <LeftRight> of <Object>

Object→ the <Size><Color><Shape>
Size→ big | medium | small | ϵ
Color→ red | blue | yellow | orange | green | purple | ϵ
Shape→ circle | triangle | square | hexagon | star | ellipse
UpDown→ above | below
LeftRight→ right | left

Figure 2: Grammar used for utterance generation.

2.3 Situation-Utterances Alignment
To connect all valid utterances from the grammar
shown in Section 2.2 to a formal situation mentioned in
Section 2.1, we define a meaning transducer T which
receives an utterance u as input and generates a for-
mal representation of the utterance m. An example of
this transducer T is shown in Figure 3. Table 1 shows
examples of linguistic utterances and their formal rep-
resentations. For example, the utterance “the small cir-
cle” is mapped to shape and size predicates with the fol-
lowing predicates “sm1(t1), ci1(t1)”, which is a valid
formal representation generated by the transducer T . In
addition of building the dataset for the experiments pre-
sented in this paper, the teacher model uses this trans-
ducer T twofold: (1) determine if the utterance follows
the grammar and (2) generates the formal representa-
tion m from the learner utterance for feedback genera-
tion.

3 Language Acquisition Setup
The language acquisition framework presented here
aims to evaluate the influence of corrective feedback
in the development of a learner model’s capacity to de-
scribe various situations as well as its association of

0 1 2 3 4

5 6 7 8 9

the:ϵ
small:sm1(t1)

medium:me1(t1)

circle:ci1(t1)
square:sq1(t1)

blue:bl1(t1)
red:re1(t1)

circle:ci1(t1)
square:sq1(t1)

above:ab(t1,
t2)

below:ab(t2,
t1)

the:ϵ small:sm1(t2)
medium:me1(t2)

blue:bl1(t2)
red:re1(t2)

circle:ci1(t2)
square:sq1(t2)

Figure 3: Meaning Transducer T . This is an example
of the transducer which generates the formal represen-
tation of any utterance from the grammar.

each word to a corresponding predicate. The learner
receives formal situation representations which it uses
to produce a valid utterance that describes the situation.
The teacher model employs various feedback strategies
to choose an utterance from a set of valid utterances in
order to address any possible errors that said utterance
might have. Figure 4 shows an interaction between the
learner and the teacher.

3.1 Learner Model

The learner model is implemented as an Encoder-
Decoder model with Gated Recurrent Units
(GRU) (Cho et al., 2014; Sutskever et al., 2014)
that receives a situation s which is a sequence of
predicates as input and generates an utterance u which
is a sequence of words describing the situation. We
incorporate an attention module in the GRU archi-
tecture to improve learning the association between
words and predicates (Bahdanau et al., 2016). The
learner model uses cross-entropy (CE) loss between
the learner utterance and the perceived utterances
which are computed as follows:

l = −
T∑

t=1

log pw(yt|u<t, s) (1)

where y = y1, · · · , yt is the ground truth utterance
(which is selected based on the feedback strategy), u
is the learner-generated utterance, and pw, is the prob-
ability for generating the utterance given the situation
parameterized with w.

3.2 Teacher Model

The teacher in this experiment is not a neural model
rather is a predefined evaluator composed of an Evalu-
ation and Feedback Generation modules. The former
acquires the logical semantics of an utterance using
the transducer defined in Section 2.3 to determine the
validity of the utterance. The latter uses the logical
semantics of the utterance and the situation to select a
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Linguistic representation (u) Formal representation (m)
“the small circle” sm1(t1), ci1(t1)
“the small blue circle to the left of the big red square” sm1(t1), bl1(t1), ci1(t1), le2(t1, t2), bi1(t2), re1(t2), sq1(t2)
“the red square to the right of the blue circle” bl1(t1), ci1(t1), le2(t2, t1), re1(t2), sq1(t2)
“the circle to the left of the square” ci1(t1), le2(t1, t2), sq1(t2)

Table 1: Examples of linguistic utterances and their formal representations related to the situation s =
sm1(t1), bl1(t1), ci1(t1), le2(t1, t2), bi1(t2), re1(t2), sq1(t2).

Figure 4: Interaction between learner and teacher models. (1) The situation’s formal representation is passed to the
learner’s Encoder. The image shown here is for visualization purposes, each situation is written in formal represen-
tation. (2) The encoded situation is passed to the Decoder. (3) The generated utterance by the decoder, is passed
to the Teacher’s evaluation module along with the situation. (4) The feedback generation module receives the situ-
ation representation if any error is detected. (5) The feedback generation module generates an utterance following
the feedback strategies mentioned in Section 3.3 so the learner uses it for training as a means of correction.

valid utterance corresponding to the situation.

Evaluation module. This module evaluates if an
utterance is part of the set of valid utterances corre-
sponding to the situation. It uses the transducer T
to classify an utterance as “syntax error”, “error in
meaning”, or “correct”. An utterance is classified as
“syntax error” when the transducer is unable to extract
a corresponding meaning from the utterance, “error
in meaning” when the meaning is extracted from the
transducer correctly but the utterance is not part of
the set of valid utterances for the current situation or
“correct” otherwise.

Feedback Generation module. This module selects
an utterance from the set of valid utterances from the
situation to provide corrective feedback whenever an
error is detected. This selection varies according to the
feedback strategies mentioned below.

3.3 Feedback Strategies

For each situation, there are multiple semantically
correct utterances that describe it. While the learner
model generates an utterance, the teacher model faces
the challenge of choosing an appropriate utterance
to correct the learner, while the teacher is not aware
of the learner’s intention (Lee et al., 2010). For this
paper, we propose three feedback strategies that the

teacher uses to select an utterance from the set of valid
utterances to provide feedback: full-length, random,
and lexical distance. We analyze the effect these
strategies have on the learner’s performance. Each of
these strategies shows different scenarios or outcomes
of each interaction. Table 2 shows examples on what
utterances the teacher provides according to each
strategy.

Full-Length Feedback. This strategy presents an
scenario where the teacher chooses an utterance that
provides a complete description of the situation. A
complete description contains two objects with all
of its properties (i.e. size, color, and shape) and a
relation between both objects. This allows a more
efficient learning of the association between words and
predicates present in the situation.

Random Feedback. This strategy presents a sce-
nario where the teacher provides randomly selected
corrections from a set of valid utterances corre-
sponding to the situation. This strategy allows the
learner model to be exposed to a wider distribution of
possible utterances that describe the observed situation.

Lexical Distance Feedback. This strategy shows
a targeted approach where the teacher identifies
errors from the learner’s utterance by measuring the
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minimum edit distance or lexical distance between
the learner utterance to some valid response, at a
word-level, which it then chooses a correction that is
grammatically different to the learner’s utterance while
preserving its intended meaning.

Full-length
FB

Random
FB

Lexical
Distance
FB

Learner the small red
triangle to the
right of the big
yellow triangle

the big tri-
angle

the small
circle

Teacher the small red
triangle to the
right of the big
orange triangle

the triangle
to the left
of the small
triangle

the small
triangle

Table 2: Example of learner utterances and teacher ut-
terances for the situation s = {bi1(t1), or1(t1) tr1(t1),
le2(t1,t2), sm1(t2), re1(t2), tr1(t2)} *FB: Feedback.

Lexical Distance Feedback can be interpreted as a
form of recast due to how it provides feedback while
keeping the original meaning of the learner utterance.
In terms of neural models, it helps to reduce larger
penalty using cross-entropy loss. While Full-length
feedback and Random Feedback can be interpreted as
reformulations, these feedback strategies can provide
utterances that could have a different meaning than the
learner’s utterance. With this, we explore whether pro-
viding these type of feedback affects the diversity of the
learner’s production of valid utterances. In other words,
providing feedback that has a wider range of possible
utterances like Random feedback allows the model to
generate different valid utterances than target feedback
like Lexical Distance Feedback which provides feed-
back with specific corrections.

3.4 Corrective Feedback Frequency
Another aspect that we are interested in exploring
is how the frequency in which feedback is provided
could affect the learner’s utterance production and
perception. To address this we propose two fre-
quency approaches: (a) Corrective (CO) and (b) Non-
Corrective (NC). Corrective feedback is the case which
the teacher only provides a feedback utterance when
the learner model generates an invalid utterance while
Non-Corrective feedback is the case where the teacher
always provides a feedback utterance regardless of the
validity of the learner’s utterance.

We want to observe whether the performance of
the model could affirm the assumptions that providing
feedback more frequently could lead to better perfor-
mance. There are discussions that providing limited
feedback on particular tasks is not sufficient to help an
individual correct any observed errors, while provid-
ing too much feedback can overwhelm an individual
and might lead them to make more errors. In our ex-
periments, we want to observe whether providing cor-

rective feedback only when the learner’s utterance con-
tained errors could lead to similar or better performance
than providing non-corrective feedback. This could
help generate training paradigms that focuses on ad-
dressing the frequency and quality of feedback which
can reduce the amount of training data needed for lan-
guage learning tasks.

4 Experimental Settings

All learner models were implemented using Py-
torch (Paszke et al., 2019). The encoder and decoder
GRUs have a hidden size of 300. The situation inputs
are passed into a one-hot embedding layer forming a
context vector representation. We used the Adam op-
timizer with a learning rate of 0.001. All learner mod-
els are trained with 18,000 situation-utterance set pairs
and evaluated with 5,000 pairs. The learner’s evalua-
tion performance is recorded every 500 interactions.

4.1 Production setting

The goal of this setting is to observe how the feedback
strategies and frequency of feedback affect the learner’s
utterance generation. We aim to address the follow-
ing questions: (1) Can the learner provide a valid de-
scription of the situation? (2) Can the learner generate
all possible utterances for any given situation? To ad-
dress both of these questions, we propose two evalua-
tion metrics: Semantic Accuracy and Completeness.
Semantic Accuracy measures the model’s capacity to
produce an utterance whose formal representation is
accurate to the formal representation of the situation.
In other words, we want the learner to generate utter-
ances that preserve the meaning of the situation. We
observe the model’s utterance production development
where it computes the loss with a single feedback ut-
terance from the teacher model.
Completeness measures the rate of generated utter-
ances that are present in the set of valid utterances. We
want to see how many descriptions of a situation the
learner model can learn during interactions with the
teacher. The model uses a beam search approach to
generate top-k utterances where k = 40 and the beam
width to 22 (i.e. the vocabulary size). This technique
has been applied to various tasks like story generation
that require the generation of multiple sequences Fan
et al. (2018); Holtzman et al. (2019).

4.2 Perception setting

For this setting, we evaluate the learner’s capacity to
choose utterances that correctly describe a given situa-
tion over other utterances that have at least one error in
their description of the situation. Many psycholinguis-
tic studies have used a two-alternative forced choice
(2AFC) task to explore a child’s preference for relevant
objects for some linguistic stimuli (Gertner and Fisher,
2012; Bergelson and Swingley, 2012). This evalua-
tion has been adapted to evaluate computational models
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for semantic evaluation of language models as the one
shown in Nikolaus and Fourtassi (2021b).

Using the situation-utterance set pairs discussed in
Section 2.3, we create triplet pairs xi = (si, ut, ud),
where si is the given situation, ut is the target utter-
ance which is randomly selected from the set of valid
utterance for that situation, and ud is a distractor utter-
ance that is similar to the target utterance, except that it
has one instance of the evaluated concept replaced with
another instance of the same concept.

For this task, we compute the probability of the tar-
get utterance given the situation and the distractor utter-
ance given the situation. If the probability for the target
utterance is greater than the probability of the distractor
utterance, we consider that the learner model has suc-
cessfully understood the evaluated concept. We train
the models with the same 18,000 situation-utterance set
pairs as the ones used in the production setting. For
each concept, we create a set of 5,000 triplets for eval-
uation. We record the learner’s performance after every
500 interactions.

5 Results

Syntactic Errors. Our model does not show any sig-
nificant amount of syntax errors after a few interac-
tions. Figure 5 shows the number of utterances that
were classified as “syntax error” by the teacher’s eval-
uation module for all models during the first 200 in-
teractions. After 30 interactions, we see that correc-
tive random feedback, non-corrective random feedback
and non-corrective lexical distance have all of its gener-
ated utterances during the evaluation classified as “syn-
tax error”. Later interactions, we see that syntax er-
rors become non-existent because the model is able to
generate utterances that follow the expected grammar.
Each learner model is initialized with the same ran-
dom seed to ensure the comparison on the effects of
each feedback strategy are from the same starting point.
This high syntax error after 30 interactions present a
point where the models were starting to get utterances
with repeated shape concepts at different position be-
fore learning that size and color concepts occur before
shape concepts, thus adjusting to the grammar.
Semantic Accuracy. Figure 6 shows the learner’s se-
mantic accuracy for each feedback strategy and feed-
back frequency. It is observed that corrective random
feedback and corrective lexical distance has higher
semantic accuracy than all other models while non-
corrective and corrective full-length feedback have the
lowest semantic accuracy. There were cases where the
learner model described the situation using one rela-
tion while the teacher provided a valid feedback with
the opposite relation. This causes confusion to the
model due to misaligned objects. For example, the
learner generated the utterance “the big red star to the
left of the small yellow circle” and the teacher pro-
vided “the small yellow circle to the right of the big red
star”. Corrective random feedback and lexical distance
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Figure 5: Syntax Errors for each feedback strategy with
corrective and non-corrective feedback for the first 200
interactions. All models are evaluated after every 10
interactions with 5000 situation-utterance pairs.

shows oscillations between interactions. We observed
that these feedback strategies provide utterances of dif-
ferent lengths more frequent than full-length feedback
which causes the learner model to fail to describe some
situations.
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Figure 6: Semantic Accuracy evaluation for each feed-
back strategy with corrective and non-corrective feed-
back.

As shown in Table 3 most models reach an accuracy
of sixty percent or more within the first 500 interac-
tions for lexical distance, 1000 interactions for random
feedback, and 3000 interactions for full-length feed-
back. Random feedback and lexical distance are the
only strategies that reach ninety percent semantic ac-
curacy. Corrective lexical distance feedback reaches
ninety percent after 500 interactions.

The learner trained with lexical distance feedback
strategy correctly generate valid utterances earlier than
other strategies because these generated utterances only
describe the shape of at least one object in the situa-
tion. On the other hand, full-length feedback expects
the learner model to describe the size, color, and shape
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of both objects which requires more interactions for the
learner to successfully describe a situation following
this strategy.

All feedback strategies with corrective frequency are
able to reach each performance threshold with less in-
teraction than non-corrective frequency. This is inter-
esting because it shows that for this task, limiting the
amount of corrective feedback helps the learner gener-
ate more valid utterances for each situation.

learner \ accuracy 60% 70% 80% 90%
full-length-co 3000-3500 7500-8000 17500-18000 -
full-length-nc 5000-5500 8500-9000 - -

random-co 1500-2000 1500-2000 2500-3000 2500-3000
random-nc 1000-1500 2000-2500 5000-5500 11500-12000

lexical-distance-co 0-500 0-500 0-500 0-500
lexical-distance-nc 0-500 0-500 1000-1500 -

Table 3: Number of interactions where the learner
model reached or exceeded certain semantic accuracy
threshold percentage. Since each model is evaluated
every 500 interactions, we show the interval range
where the model reached the specified accuracy per-
centage.

Completeness. Figure 7 shows the learner complete-
ness score at various interactions between the models.
It shows that non-corrective feedback strategies have
higher scores than corrective feedback strategies. Non-
corrective random feedback has the highest complete-
ness score at 55%, which means that the learner model
trained with this strategy and frequency was able to
generate around 20 different valid utterances. On the
other hand, corrective full-length feedback only gener-
ated 3 valid utterances which is approximately 7%.
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Figure 7: Completeness evaluation for each feedback
strategy with corrective and non-corrective feedback.

When comparing the completeness score and the
semantic accuracy, there is no indication that high
semantic accuracy also means high completeness.
Instead, we observed that full-length feedback had low
semantic accuracy and low completeness score. Also,
both random feedback and lexical distance feedback
had high semantic accuracy and high completeness.

A possible explanation for this lies on the diversity
of feedback utterances the learner receives. Random
feedback provides utterances of different lengths
whereas full-length feedback only provides one or two
utterances with the full description of the situation. We
can also argue that Lexical distance feedback is in the
middle in terms of performance because this strategy
selected utterances with minimal edit-distance to the
learner’s utterance, thus limiting the range of possible
utterances. We believe that exposing the learner to
different utterances are helpful for the learner model to
develop its set of utterances to describe each situation.

Perception Evaluation.
Figure 8 show the perception evaluation for every

concept with each feedback strategy and feedback fre-
quency. We observe that there is no significant dif-
ference between the corrective and non-corrective fre-
quency of each feedback strategy. Corrective full-
length feedback has the lowest shape accuracy and
highest size accuracy. We observe that corrective lexi-
cal distance has low accuracy for color, size, and rela-
tion concept during early interactions but increases its
accuracy to be on par with other feedback strategies.

All learner models are able to have concept accuracy
above 50%, therefore we could argue that these mod-
els are able to learn these concepts. There are some
cases where some models have difficulty learning cer-
tain concepts. One case is the relation concept where
all models have low accuracy. For example, full-length
feedback strategy, the learner has learned to generate an
utterance like "the big red star to the left of the small
orange circle" but the current concept evaluation test
expects a target utterance like "the small orange circle
to the right of the big red star". These utterances while
both equally valid, the learner model might not under-
stand the target utterance due to the positioning of the
objects. For random and lexical feedback, the learner
did not learn to generate utterances with relations.

6 Discussion

In the production setting, each feedback strategy
presents forms in which a teacher could provide feed-
back to a learner as guided responses, from describing
the full situation to rephrasing the utterance to correct
incorrect or missing concepts. The learner models had
a positive response to these guided types of responses
which yielded higher semantic accuracy. However, we
noticed that each model generated utterances of spe-
cific concept combinations. This is also supported by
the completeness evaluation which shows the set of ut-
terances the model is able to associate to each situa-
tion. Random feedback strategy generated utterances
of different length for each situation. These results in-
dicate that exposing the learner model to various feed-
back utterances across multiple situations can improve
the model’s semantic accuracy as well as completeness
score.
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(a) Shape Concept
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(b) Color Concept
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(c) Size Concept
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(d) Relation Concept

Figure 8: Perception Task evaluation for all feedback strategies within the corrective and non-corrective setting.
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In the perception setting, we measure a model’s con-
cept accuracy which indirectly shows how the model
develops word-meaning associations when the model
successfully selects a target utterance which has the
correct use of a concept as well as correctly describing
the current situation. Each feedback strategy present a
constant concept accuracy throughout the interactions.

We analyzed aggregated attention maps during the
model’s production setting to measure the word-
meaning mappings were developed as new interactions
occurred. The maps for full-length feedback show that
this strategy help the learner model have strong one-
to-one association between concept words and their re-
spective predicates. For random feedback and lexical
distance feedback strategies, the models formed asso-
ciations between each word to multiple predicates cor-
responding to different concepts. Further details and
attention maps can be found in Appendix A

In addition to analyze attention maps, we observed
the error rates of every concept for each feedback strat-
egy. Overall, the error rates for each concept decreases
as the learner interacts with the teacher. Some strate-
gies like random and lexical distance feedback have
higher error rates at earlier interactions, they still de-
crease during later interactions. Additional details are
in Appendix B

Although the evaluation metrics in our experiments
aim to explore the acquisition of a natural language by
neural models, they are not sufficient and thus more
complex metrics are required. For a fair compari-
son between neural language acquisition and human
language acquisition, establishing cognitive plausible
neural architectures. By cognitive plausible, we mean
that neural models could emulate human-like process-
ing (Beinborn and Hollenstein, 2023). We believe that
this framework has potential to include additional met-
rics that can evaluate neural model learning and gain
insights to language acquisition theories.

7 Conclusion

This work proposes a framework to explore teacher-
learner interactions with corrective feedback within a
controlled environment using formal representations
of objects and their properties. We evaluate various
feedback strategies and their influence on the learner
model’s utterance generation for a given situation and
perception of different concepts like shape, color, size,
and relation present in a situation. These results show
that the learner models can generate a different subset
of valid utterances to describe a situation according to
the feedback strategy employed by the teacher. Some
strategies like random and lexical distance were use-
ful for the learner model to learn multiple utterances
whereas full-length only allowed the learner model to
learn 1-2 valid utterances. In terms of perception, some
models present challenges for certain concepts due to
unseen target utterances during concept evaluation that
were not provided by the teacher during training inter-

actions.
Given the reduced size of the vocabulary and the

concepts, the use of GRU was selected to better high-
light the main idea of creating a controlled framework
that could be insightful, in terms of production and
perception of a synthetic language, for the commu-
nity to study the challenges of language acquisition and
in-depth semantic evaluation of generated utterances.
Further study and technical developments are needed
to possibly incorporate newer neural models into this
framework. In this paper, the teacher’s feedback served
as the ground truth labels used by the learner model.
The learner model did not do any analysis or additional
processing of the teacher’s feedback which might limit
the effectiveness of feedback and interactions For fu-
ture work, we need to design procedures where the
learner model can interpret the teacher’s feedback and
use said interpretation in the production process. One
approach is to introduce mechanisms that allows the
learner model to use the formal representation of the
teacher’s utterance to incorporate semantics into the
loss function calculations.

8 Limitations
The framework has some limitations that need to be
addressed. First, this framework uses synthetic data
within a controlled environment. Natural language is
very complex, which makes it a challenging task to cre-
ate evaluation frameworks. Our data do not fully repre-
sent a natural language. Second, the proposed models
to evaluate the data are basic in design. Our models
rely on single-layer GRU with sequential formal rep-
resentations of situations. We need to explore the use
of this data on other models to have a wider panel of
performance for better comparison and evaluation. Al-
though our intent is to study child language acquisition,
our work does not have any empirical analysis between
the neural models and other studies involving actual
children. Our goal is to explore additional metrics and
evaluation settings in which this framework compares
neural learner models with human performance.
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A Word Learning Evaluation
Specifically, it shows the attention maps for each feed-
back strategy and feedback frequency after 18,000 in-
teractions.

The learner models trained with corrective full-
length feedback has strong word-predicate associations
for all concepts. For example, the model trained with
corrective full-length feedback shows that the word
“hexagon” has a strong association with the predi-
cate “he1” while having little to no association to any
other predicates. However, models trained with non-
corrective full-length feedback show weaker associa-
tions between words and predicates in the sense that
one word is associated to more than one predicate. For
example, the word “big” is associated to the predicates
“bi1”as well as other color predicates like “ye1”, “gr1”,
and “re1”. Also, these models showed strong associa-
tions for the relation concept words “above” and “be-
low” to predicate “ab2” as defined in the grammar dis-
cussed in Section 2.2. Unfortunately, the model did
not present any strong associations between the words

“left” and “right” to the predicate “le2”. This could oc-
cur because the model was not provided with sufficent
feedback utterances that uses both of these relations.

Models trained with corrective random feedback, as
shown in Figure 9b, have strong associations for the
shape concepts. However, for color, size, and rela-
tions concepts, we see that the model has higher atten-
tion towards shape and relation predicates. For exam-
ple, the word “red” has associations to color predicates
like “st1”, “ci1” and even relation predicates “ab2” and
“le2”. Possibly this model receives feedback utterances
that might contain instances of color and size concepts,
which are not required for an utterance to be valid, at
different positions thus making it difficult to fully ad-
just the attention weights. In Figure 9e shows that non-
corrective random feedback present the same issue.

Models trained with lexical distance feedback shows
that most words had strong association to relation pred-
icates. For example, the word “triangle” has high as-
sociation to the predicates “le2” and “ab2”. Also, we
observe that words of shape instances have high asso-
ciation to its corresponding predicate. Similarly to ran-
dom feedback, this strategy also has difficulty in prop-
erly update the attention weights for different concepts.
The model associates the words for sizes like “small”,
“medium”, and “big” to various shape predicates. The
same is observed for color concept which also associate
each color word to the shape predicates.

We can say that these attention maps are consis-
tent with the behavior of each feedback strategy. Full-
length feedback provide the full description of the
situation which makes the attention between words
and predicates simple to compute. Random and lex-
ical distance feedback provide utterances with partial
descriptions which can affect how certain words are
aligned to the situation. For example, the utterance
“the red circle” being aligned to the situation “bi1(x1)
re1(x1) ci1(x1) le2(x1,x2) sm1(x2) or1(x2) tr1(x2)”
might align the word “red” to the predicate “bi1” which
occurs before the predicate “re1”.

B Concept Error Rate Analysis.

We conducted an analysis of the frequency of con-
cept errors during the production evaluation. Table 4
shows the error rates (i.e., the number of concept errors
divided by the number of examples presented during
evaluation) for each concept across different interaction
periods. The relation concept had values lower than 1%
therefore were not included in this table. These results
indicate that the error rate trends depend on the feed-
back strategy employed as explained below.

Strategies with corrective feedback have a lower er-
ror rate than non-corrective feedback across all strate-
gies for all concepts. Also, we observe that for shape
and size concepts, full-length feedback has a decreas-
ing error rate as it interacts with the teacher model.
However this strategy has higher error rates for color
concepts. We hypothesize that the model generate ut-
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Figure 9: Aggregated attention maps for each feedback strategy and feedback frequency after all 18000 interac-
tions. This values are the average attention weights for 5000 evaluation interactions. Attention maps for feedback
strategies with corrective feedback, (a) Full-length feedback, (b) Random feedback, (c) Lexical Distance feedback.
Attention maps for feedback strategies with non-corrective feedback, (d) Full-length feedback, (e) Random feed-
back, (f) Lexical Distance feedback.

terances with shape instances, followed by utterances
with size and shape instances before learning color in-
stances. Also, we have cases where the learner receives
teacher feedback with the opposite relation from what
the learner generated. This causes the learner to learn
incorrect color instances for the intended object. An-
other thing to notice is that for random feedbaqck and
lexical distance feedback strategies, the error rates tend
to be lower than full-length feedback for early interac-
tions while presenting higher error rates at later interac-
tions. This occurs because both of these strategies are
trained with partial descriptions of a situation, unlike
full-length feedback, making them less prone to gener-
ate incorrect utterances.

For the relation concept, we observe that no errors
were detected due to the model either not generating
utterances that do not have any instances of relations or
the relation were correctly generated. For example, a
given situation could refer to a big star that is above a
small yellow square as "the big red star above the small
yellow square" rather than "the small yellow square be-
low the big red star". These two sentences are both
valid, however, their relation concepts refers to the ob-
jects in opposite perspectives.

This shows how these models are able to minimize
the error rate in terms of utterance generation with
the corresponding concepts as the interactions with
the teacher increases. Although some models have a
large error rate at the early interactions, we believe that
these errors occur due to the utterances provided by
the teacher model which could be valid to describe the

given situation, but might not be fully aligned to what
the learner model intended to describe. An example
of this can be seen in the case of the color concept for
the corrective full-length feedback strategy where the
learner model attempts to describe "the big yellow cir-
cle" but the teacher model provides "the small blue star
above the medium yellow circle" which by our CE-loss,
it will train the learner to better learn to describe "the
small blue star".
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Shape Concept
500 2500 4500 6500 8500 10500 12500 14500 16500 18000

full-length-co 14.29 3.28 2.91 2.76 3.87 0.12 2.54 1.03 0.45 1.35
full-length-nc 11.87 3.11 1.01 3.18 1.93 1.64 1.15 1.83 3.14 1.87

random-co 15.00 9.37 1.65 7.51 1.21 0.76 1.88 2.93 0.75 0.34
random-nc 15.64 6.68 3.68 2.54 0.85 1.97 2.84 3.18 3.03 2.43

lexical-distance-co 15.22 8.15 12.11 8.27 14.20 2.62 6.87 6.30 8.87 6.82
lexical-distance-nc 11.06 9.55 12.70 9.95 5.39 6.73 4.11 8.08 9.49 7.60

Color Concept
500 2500 4500 6500 8500 10500 12500 14500 16500 18000

full-length-co 14.33 17.20 18.37 19.91 21.65 23.94 22.55 23.43 23.99 24.22
full-length-nc 12.83 18.97 21.36 21.14 22.81 22.62 23.23 23.36 22.57 23.28

random-co 10.07 3.89 5.88 13.01 5.59 4.19 6.97 9.83 2.24 7.69
random-nc 15.70 6.59 10.47 8.98 4.60 11.50 14.16 6.45 9.43 5.82

lexical-distance-co 7.53 3.44 0.17 1.92 8.80 11.80 6.47 12.78 5.65 1.48
lexical-distance-nc 13.40 6.62 5.94 5.16 13.72 9.12 11.78 5.21 6.45 10.46

Size Concept
500 2500 4500 6500 8500 10500 12500 14500 16500 18000

full-length-co 11.09 10.85 9.26 7.65 8.32 4.04 4.00 2.37 1.86 1.35
full-length-nc 12.07 8.66 6.42 5.23 2.41 4.10 3.97 2.27 3.29 2.81

random-co 8.92 14.16 18.66 6.07 20.05 20.97 18.03 13.51 20.53 17.48
random-nc 10.72 15.87 14.02 16.39 21.13 13.93 10.03 16.90 13.65 17.76

lexical-distance-co 3.18 6.87 4.18 7.66 3.86 13.97 12.10 6.02 11.02 16.01
lexical-distance-nc 4.89 9.89 10.29 10.92 8.36 10.13 9.68 11.94 9.54 7.50

Table 4: Error rates for each concept after training interactions. Measures the number of learner utterances classi-
fied as error in meaning due to the incorrect use of one of the concepts.
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Abstract

While supervised relation extraction (RE) mod-
els have considerably advanced the state-of-the-
art, they often perform poorly in low-resource
settings. Zero-shot RE is vital when annota-
tions are not available either due to costs or
time constraints. As a result, zero-shot RE
has garnered interest in the research commu-
nity. With the advent of large language models
(LLMs) many approaches have been proposed
for prompting LLMs for RE, but these methods
often either rely on an accompanying small lan-
guage model (e.g., for finetuning on synthetic
data generated by LLMs) or require complex
post-prompt processing. In this paper, we pro-
pose an effective prompt-based method that
does not require any additional resources. In-
stead, we use an LLM to perform a two-step
process. In the first step, we perform a tar-
geted summarization of the text with respect to
the underlying relation, reduce the applicable
label space, and synthesize examples. Then,
we combine the products of these processes
with other elements into a final prompt. We
evaluate our approach with various LLMs on
four real-world RE datasets. Our evaluation
shows that our method outperforms the pre-
vious state-of-the-art zero-shot methods by a
large margin. This work can also be considered
as a new strong baseline for zero-shot RE that
is compatible with any LLM1.

1 Introduction

Relation extraction (RE) aims to identify semantic
relations between two entities from unstructured
text. With the recent advances in large language
models (LLMs), studies show that LLMs perform
well in various downstream tasks without any train-
ing or fine-tuning. But it is unclear whether they
are effective for zero-shot RE. A recent line of re-
search shows that such zero-shot approaches for

1Code and data are available at https://github.com/
mahrahimi1/relation-aware-prompting

relation extraction are ineffective or continue to lag
behind supervised methods (Ma et al., 2023, Wang
et al., 2023, Ye et al., 2023, Jimenez Gutierrez et al.,
2022, Li et al., 2023a, Xu et al., 2023b, Han et al.,
2024, Swarup et al., 2025). However, other line
of LLM-based research reports results comparable
or outperforming state-of-the-art. These methods
fall into three groups. In a first group, these meth-
ods use LLMs to some extent, but eventually rely
on fine-tuning a small language model (Xu et al.,
2023b, Zhou et al., 2024, Xu et al., 2023a, Tang
et al., 2023). For instance, an LLM is used to
generate/augment synthetic data and then a model
from BERT family is fine-tuned on the generated
data. The second group fine-tunes a large language
model (Wadhwa et al., 2023, Sainz et al., 2024, Li
et al., 2024, Wang et al., 2023). Fine-tuning LLMs
requires specialized hardware, significant compute
resources, and is expensive. The third group does
not require fine-tuning but requires complex post-
prompt computations, e.g., Li et al. (2023c) per-
forms a complex computation on the LLM answers
using an uncertainty-based active learning method
to estimate output probabilities of the LLM. A few
other methods, e.g., (Wei et al., 2024, inter alia),
that do not belong to the above groups are evalu-
ated on limited benchmarks. Therefore, it is un-
clear whether prompt based zero-shot RE is effec-
tive without any finetuning or complex post-prompt
computations.2

In this work, we present an effective prompt-
based method to RE that does not require either
fine-tuning or complex computations. Our ap-
proach only requires an API access to an LLM.
This simplifies the zero-shot RE process and makes
it more accessible and faster to deploy which is
important for developing zero-shot systems. We
achieve this by a novel prompt-based method we

2For a detailed review of the literature on zero-shot relation
extraction see Appendix A.
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call Relation-Aware Prompting. Formally:

(1) We perform a targeted summarization of in-
stances with respect to the underlying relations to
bring out the relations in the texts and discard unre-
lated facts.

(2) We reduce the applicable relation labels us-
ing annotation guidelines and through a method
inspired by the process of elimination. We use en-
tity type constraints for this purpose when they are
available as well.

(3) We propose a method using subject-verb-object
(SVO) structure to generate synthetic examples that
will be used as demonstrations.

(4) We combine the results of the above processes
with other elements such as relation definitions into
a final prompt.

We evaluate our approach using various LLMs
on four real-world and challenging relation extrac-
tion datasets. The evaluation shows that our method
outperforms the previous state-of-the-art zero-shot
methods by a large margin. We also perform an
ablation study where we investigate the effective-
ness and usefulness of our prompt elements that
will demonstrate the effectiveness of the proposed
method.

This work can also be considered as a new strong
baseline for relation extraction. Any LLM-based
work in RE (such as finetuning LLMs, or other
methods) can use our method as a strong baseline
for evaluating their respective approach.

2 Problem Statement

In the RE task, the goal is to classify a sentence
containing two marked entities (a head and a tail)
into a set of predefined relations, or determine that
none of the relations apply (referred to as none-of-
the-above or NoTA). This work focuses on zero-
shot RE where no RE training data is provided to
models prior to inference time.

3 Methodology

Our method is a two-step process. In the first step,
(a) relations between the head and tail entities in
instances are summarized; (b) the applicable label
space is reduced; and (c) examples are synthesized.
In the second step, the results of the first step are
combined with other prompting elements into a
final comprehensive prompt. The following subsec-
tions describe each step. Figure 1 demonstrates an
overview of our approach.

3.1 Targeted Summarization

We summarize the relation between the head and
tail entities in instances (Li et al., 2023c) in order
to bring out the relation in the text and discard
unrelated facts and misleading cues. The goal is
not to summarize the complete sentence, but to
summarize the relation between the entities in the
sentence. In the prompt, we emphasize this and
instruct the model to ignore everything else for
the summary. A concrete example as well as our
prompt is provided in Appendix C.

3.2 Reducing the Label Space

Relation Extraction usually involves classification
between many classes. This is an overly difficult
task for LLMs. When entity types are available in
the data, we use them to filter out the relation types
that are impossible. In case entity typing is unavail-
able or not applicable,3 we propose an approach to
reduce the number of candidate relations through a
method inspired by the process of elimination. As
the first step, we ask an LLM to reduce the number
of classes down to 3 for each instance given the
relation definitions and annotation guidelines. For
example, Figure 4 (left) in Appendix F shows our
prompt for SemEval 2010 Task 8 dataset. We select
the parts of annotation guidelines that we believe
are helpful for the LLM to differentiate between re-
lation types given the entities. For instance, guide-
lines may have a "Restrictions" section in relation
definitions that can help the LLM narrow down
candidate relations based on entities of the test ex-
amples. Figure 4 (right) in Appendix F shows what
we selected for Instrument-Agency relation in the
aforementioned dataset.

After the candidate relations are narrowed down
to three, we add NoTA (if not already included),
and then prompt the LLM to select the best option
as explained in subsection 3.4 and shown in Figure
6 (bottom) in Appendix F.

If the relations are undirected, i.e., it is not pro-
vided which entity in the sentence is the head and
which entity is the tail, such as in SemEval 2010
Task 8 dataset, one extra step is required to deter-
mine the direction of the relation. Further details
are provided in Appendix D.

3Such as SemEval 2010 Task 8 dataset where entities are
not named entities, but rather common nouns.
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Figure 1: Overview of Relation-Aware Prompting.

3.3 Synthesizing Examples

Some annotation guidelines have examples for each
relation type, but we do not use them in our prompt
to emulate a no-supervision scenario. Instead, we
synthesise examples: we prompt an LLM to gen-
erate examples using a subject-verb-object (SVO)
structure. We generate the examples based on re-
lation definitions, entity types, and relation labels.
Figure 5 in Appendix F shows our prompt. After
generating the examples, we use them in our fi-
nal prompt as demonstrations similar to in-context
learning (explained in the next subsection).

3.4 Final Prompt

The results of previous processes, i.e, “the tar-
geted summary”, “the reduced applicable labels”,
and “synthesized examples” are combined with
other prompting elements to form our final prompt
shown in Figure 6 (bottom) in Appendix F. These
other prompting elements are entity tagging (Zhou
et al., 2024) and relation definitions and annota-
tion guidelines (Zhou et al., 2024). Furthermore,
we pose the final classification as multiple-choice
question answering (Zhang et al., 2023a) where
options are relation labels. Additionally, we turn
the labels into a more human-readable form before
using them as the options. For example, we change
“org:founded_by” to “founded by”.

4 Experiments

4.1 Experimental Setup

Datasets We evaluate our method on four rela-
tion extraction datasets: TACRED (Zhang et al.,
2017), TACREV (Alt et al., 2020), RETACRED
(Stoica et al., 2021), and SemEval-2010 Task 8
(Hendrickx et al., 2010) (henceforth SemEval). The
statistics of the datasets are provided in Appendix
B. We follow previous work (Sainz et al., 2021,
Lu et al., 2022, Zhang et al., 2023a, inter alia) to
report micro F1 with NoTA relation excluded. Fol-
lowing previous work (Zhang et al., 2023a, Li et al.,
2023c) and to keep OpenAI API costs under con-
trol, we randomly select 1,000 examples from each
dataset’s test partition to serve as our test set.

Baselines For small language model-based meth-
ods, we selected two low-resource state-of-the-
art methods: NLIDeBERTa (Sainz et al., 2021) and
SuREPEGASUS (Lu et al., 2022). For LLMs base-
lines, we selected QA4RE (Zhang et al., 2023a)
and SUMASK (Li et al., 2023c). We also evaluated
the performance of a Vanilla prompting method.
Further details of the baselines are as follows.

• NLIDeBERTa (Sainz et al., 2021) reformulates RE
as a natural language inference (NLI) task and
uses a DeBERTa model that is finetuned on
MNLI dataset as the entailment engine.
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Method TACRED TACREV Re-TACRED SemEval Avg

P R F1 P R F1 P R F1 P R F1 F1

NLIDeBERTa† 42.9 76.9 55.1 43.3 84.6 57.2 71.7 58.3 64.3 22.0 25.7 23.7 50.1
SuREPEGASUS† 13.8 51.7 21.8 13.5 54.1 21.6 16.6 34.6 22.4 0.0 0.0 0.0 16.4
Vanilla‡ 35.7 51.6 37.9 42.5 77.8 55.0 62.0 81.5 70.5 57.1 63.2 60.0 55.9
QA4RE‡ 38.0 82.1 52.0 38.7 85.8 53.4 65.2 91.9 76.3 40.1 48.2 43.8 56.4
SUMASK‡ 42.5 76.8 54.7 43.9 80.2 56.8 62.5 73.4 67.5 16.0 15.7 15.8 48.7
Ours‡ 56.0 72.5 63.2 58.9 82.6 68.8 75.5 79.8 77.6 80.6 83.8 82.1 72.9

Table 1: Main results on four RE datasets. We mark the best results in bold. † marks re-implemented results from
Zhang et al. (2023a). ‡ denotes our runs with GPT4.1.

LLM TACRED TACREV RETACRED SemEval Avg

Gemma 3 27B 57.4 63.6 67.4 65.2 63.4
Llama 3.1 70B 57.3 63.9 73.1 73.8 67.0
Mistral Large 2411 63.2 69.1 72.4 73.2 69.5
GPT4o mini 56.1 66.2 69.0 64.0 63.8
GPT4.1 63.2 68.8 77.6 82.1 72.9

Table 2: Evaluation of our method using various open
source and proprietary LLMs on the four RE datasets.

• SuREPEGASUS (Lu et al., 2022) reformulates
RE as a summarization task and utilizes
PEGASUSLarge obtaining competitive results in
few-shot and fully-supervised settings.

• QA4RE (Zhang et al., 2023a) reformulates RE
as multiple-choice question answering in order
to take advantage of QA’s higher prevalence in
instruction-tuning training data of LLMs.

• SUMASK (Li et al., 2023c) for each relation type,
generates a set of summarizations and yes/no
questions, and then asks a LLM to answer the
yes/no questions based on the summarizations.
Then performs a computation on the answers us-
ing an uncertainty based active learning method
to estimate output probabilities of the LLM.

• Vanilla Prompt (Zhang et al., 2023a) is a simple
and direct prompt strategy. We use the version
from QA4RE authors.

We ran all LLM baselines as well as our method
with the same LLM: GPT4.1. We also evaluated
our method with various LLMs, namely Gemma 3
27B, Llama 3.1 70B, Mistral Large 2411 (123B),
and GPT4o mini. The details of the implementation
of our method are provided in Appendix E.

4.2 Results

Our evaluation of zero-shot relation extraction on
the four RE datasets is shown in Table 1. Our
Relation-Aware Prompting technique outperform
SOTA methods in all four datasets. Our method

provides significant improvements of 8.5 F1 points
on TACRED, 12 points on TACREV, 1.3 points on
RETACRED, and 22.1 points on SemEval. The im-
provements on SemEval are important because the
dataset has been known to be more challenging for
zero-shot methods due to (1) lack of entity typing,
(2) relations being undirected, and (3) overlapping
relations between the same entity mentions. These
results are highly encouraging considering that our
method relies solely on off-the-shelf LLMs and
no additional components. We also evaluated our
method with various open source and proprietary
LLMs shown in Table 2. While bigger models per-
form slightly better, our method works across all
LLMs. Even our method evaluated on Gemma 27B
outperforms prompting baselines such as QA4RE
ans SUMASK that are evaluated with GPT4.1 on
three out of four datasets, even though Gemma is
orders of magnitude smaller than GPT4.1.

4.3 Ablation Study

We conduct an ablation study to analyze the effec-
tiveness of the proposed elements of our method.
The experiments were run on a subset of the de-
velopment partitions of TACRED and SemEval.
We randomly sampled 1000 examples from the
development sets. We selected GPT4o mini and
Gemma 3 27B to conduct the experiments. In each
experiment we remove an element of our main
prompt and report the results. In each experiment
the number of synthesized examples is a hyperpa-
rameter chosen from {0, 1, 5, 10} via hyperparam-

Prompts TACRED SemEval

4o mini Gemma3 4o mini Gemma3
Main Prompt 61.9 65.5 62.6 66.1
w/o Rel. Defs. 60.9 62.6 56.4 58.9
w/o Targeted Sum. 57.2 58.1 – –
w/o Reduc. Label Space 45.1 46.5 58.5 63.1

Table 3: Ablation study on TACRED and SemEval.
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eter search.
Table 3 shows the results. We observe that

removing “Relation Definitions and Annotation
Guidelines”, “Targeted Summarization”, and “Re-
ducing the Label Space” from our final prompt
decreases the performance considerably (as men-
tioned before, we do not do targeted summarization
for SemEval), reaffirming the effectiveness of the
proposed components.

5 Conclusion

In this work, we present Relation-Aware Prompt-
ing, an effective prompt-based method for zero-
shot relation extraction. We propose targeted sum-
marization of instances with respect to the underly-
ing relations to bring out the relations in the texts,
reducing the applicable relations through a method
inspired by the process of elimination, synthesiz-
ing examples using subject-verb-object structure,
and other prompting elements. We evaluate our
approach on four RE datasets. Our approach signif-
icantly outperforms current zero-shot LLM prompt-
based methods. Our approach can also be consid-
ered as a new strong baseline for zero-shot RE that
is compatible with any LLM.

Limitations

We conduct comprehensive experiments exclu-
sively on zero-shot RE and showed that our ap-
proach is a new, robust state-of-the-art method.
However, we did not engage in few-shot RE,
domain-specific explorations, or other languages.
Thus, the performance of our method on these set-
tings is still unclear. We acknowledge these mat-
ters and leave answering these questions for future
work.
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A Related Work

A.1 Pre-LLM Works

Prior to the advent of large language models, most
recent approaches for supervised relation extrac-
tion use pretrained masked language models such
as BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) or adapt sequence-to-sequence mod-
els to the task, such as T5 (Raffel et al., 2020) and
BART (Lewis et al., 2020). Traditional RE methods
needed a large amount of labeled data for training
models from scratch (Kambhatla, 2004, Zeng et al.,
2014). The pre-LLM recent approaches outperform
traditional approaches by finetuning a masked lan-
guage model (Wu and He, 2019, Joshi et al., 2020,
Yamada et al., 2020, Wang et al., 2021b, Lyu and
Chen, 2021, Paolini et al., 2021, Wang et al., 2022,
Li et al., 2023b) or prompting a masked language
model (Han et al., 2022b, Han et al., 2022a, Zhang
et al., 2023b).

As for low-resource RE, several approaches have
been proposed for relation extraction with few train-
ing examples (Han et al., 2018, Gao et al., 2019,
Baldini Soares et al., 2019, Sabo et al., 2021). For
the problem of zero-shot RE, approaches leverage
techniques such as similarity based Siamese ar-
chitectures (Chen and Li, 2021) and indirect su-
pervision as task reformulation. In the literature,
zero-shot RE has been reformulated as other tasks
such as reading comprehension (Levy et al., 2017),
textual entailment (Sainz et al., 2021, Rahimi and
Surdeanu, 2023), summarization (Lu et al., 2022),
span-prediction (Cohen et al., 2020), question an-
swering (Cetoli, 2020), triple generation (Wang
et al., 2022, Wang et al., 2021a), and prompting
(Gong and Eldardiry, 2021).

A.2 LLM-based Works

Since our work is a LLM-based approach, we focus
the rest of the section on similar LLM-based meth-
ods for RE with special focus on zero-shot meth-
ods. A common approach is prompting LLMs for
data generation and then use the generated data to
finetune a small language model (Xu et al., 2023b,
Zhou et al., 2024, Xu et al., 2023a, Tang et al.,
2023). Another common approach is finetuning
a retriever to retrieve relevant training examples
to be used as in-context learning demonstrations
(Sun et al., 2023, Wan et al., 2023). We do not use
finetuning or retrieval in our approach. The rest of
the common approaches is as follows.

LLM Prompt-Based Methods: In addition to
vanilla prompting (Ye et al., 2023, Li et al., 2023a,
Ma et al., 2023, Jahan et al., 2023), several ap-
proaches have been proposed. Li et al. (2023c) is a
zero-shot method that for each relation type, gener-
ates a set of summarizations and yes/no questions,
and then asks a LLM to answer the yes/no ques-
tions based on the summarizations. Then performs
a complex computation on the answers using an un-
certainty based active learning method to estimate
output probabilities of the LLM. Wei et al. (2024)
turns zero-shot IE tasks including entity-relation
triple extraction into an interactive dialogue-like
multiple turns QA. Zhang et al. (2023a) reformu-
lates RE as multiple-choice question answering in
order to take advantage of QA’s higher prevalence
in instruction-tuning training data of LLMs. In this
method, manually-constructed relation verbaliza-
tion templates are used to generate the options of
multiple-choice questions. Agrawal et al. (2022)
uses a guided prompt design to direct the LLM
towards a structured output for clinical relation
extraction. Our approach is different from these
approaches as we do not require complex post-
prompt computations or interactive dialogue-like
QA or guided prompt design.

Methods That Use Annotation Guidelines:
Zhou et al. (2024) uses annotation guidelines to
prompt a LLM to generate synthetic data and then
trains a small language model with this data for
zero-shot RE. Sainz et al. (2024) uses annotation
guidelines to finetune a large language model for
IE tasks. They puts annotation guidelines, input
and gold output in the prompt to finetune the LLM.
Then use the LLM to perform zero-shot IE on un-
seen datasets. Pang et al. (2023) does not use guide-
lines, but rather learns them and then use them for
prompting LLMs. They automatically synthesize
a set of guidelines based on a few error cases, and
during inference retrieve helpful guidelines for bet-
ter classification. Li et al. (2023d) integrates a LLM
and a natural language inference (NLI) module to
generate relation triples. They use relation descrip-
tions to construct hypotheses for NLI and to guide
NLI to output expected relations. Our approach
is different from these approaches as we only use
guidelines for our prompt without finetuning or
using NLI.

Methods That Finetune LLMs: Wadhwa et al.
(2023) finetunes a T5 model using Chain of
Thought style explanations generated by GPT-3.
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Li et al. (2024) uses a meta-training framework
for zero and few-shot RE by tuning a LLM to per-
form in-context learning on 12 RE datasets, and
then evaluate it on unseen RE benchmarks. Wang
et al. (2023) proposes a unified information ex-
traction framework, and reformulates IE tasks to
the sequence-to-sequence form and solves them
through fine-tuning LLMs. Our approach is dif-
ferent from these methods as we don’t finetune
LLMs.

Summarization: Li et al. (2023c) produces k
targeted summarizations, questions, and answers
for each relation type. Then the vector represen-
tations of these items are generated and used to
estimate the conditional probabilities for each rela-
tion type. Instead, we use targeted summarization
once and place it directly in our final prompt. Lu
et al. (2022) reformulates RE as a summarization
task. They convert input sentences with an entity
information verbalization technique and convert
output relations with label verbalization templates.
Then with the converted inputs and outputs that suit
a summarization model, they adopt such a model.
The model is pretrained on summarization tasks
and then simply finetuned with the converted in-
puts and outputs. This method is different from
ours as: (a) it requires finetuning of a summariza-
tion model whereas ours is zero-shot; and (b) the
summary output are the verbalization templates
whereas ours are more natural.

B Dataset Statistics

The statistics of the datasets are shown in Table 4.

Dataset # train # dev # test # rel.
TACRED 68,124 22,631 15,509 42
TACREV 68,124 22,631 15,509 42
RETACRED 58,465 19,584 13,418 40
SemEval 8,000 - 2,717 19

Table 4: Statistics of TACRED, TACREV, RETACRED
and SemEval.

C Targeted Summarization Example

Complex sentences can confuse LLMs due to mis-
leading cues. Figure 3 (top) shows an example.
For this example, ChatGPT predicts the relation of
“other family” (a family relation other than immedi-
ate family), but the gold label is “no relation”. The
presence of some cues in the sentence such as the

word “family” may have confused the model. The
prediction of the model on the summarized version,
however, is correct.

D Determining the Direction of a Relation

If relations are undirected, as in SemEval 2010
Task 8 dataset, one extra step is required to deter-
mine the direction of the relation. To this end, we
prompt the LLM to choose the directionality of the
relation from two options that are created from a
template. The template is chosen from the very first
sentence of the relation definitions. For instance,
for “Instrument-Agency” we use the following sen-
tence as the template: X is the instrument
(tool) of Y or, equivalently, that Y uses
X. We create two sentences with the template. For
one sentence, we replace “X” with the head entity
and replace “Y” with the tail entity. For the other
sentence, we swap the entities. Finally, we use
the two sentences as options of a multiple-choice
question in the prompt. Figure 2 shows the prompt.

Figure 2: Our prompt for selecting the direction of a
relation in SemEval dataset.

E Implementation Details of Our Method

TACRED, TACREV, and RETACRED datasets pro-
vide entity types. Therefore, we use entity type con-
straints to reduce applicable label space. SemEval
dataset, however, is focused on common nouns.
For SemEval we use our proposed prompt-based
method to reduce applicable label space.

SemEval sentences are short. Therefore, we do
not use Targeted Summarization for SemEval. For
TACRED, TACREV, and RETACRED we use it.
However, there are some examples in these datasets
where the head and tail entities have identical text
in a case-insensitive way (e.g. “He” and “he” in the
sentence “He told the Times he no longer is active
in the Church of Scientology”). For these instances,
we skip the summarization as we thought it could
confuse the models.

In our experiments, we set temperature to zero.
Our hyperparameters are every element of our
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prompt, such as the number of synthesized exam-
ples, whether to use summarization, whether to use
entity tagging, etc. These hyperparameters are se-
lected using a small set equal to 1% of development
set. This set contains a few examples per relation.
This setting is comparable to using examples in the
annotation guidelines as development.

F Prompts

In this section, we present our prompts for Targeted
Summarization (Figure 3), Reducing Label Space
(Figure 4), Synthesizing Examples (Figure 5), and
our final prompt (Figure 6).
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Figure 3: Top: Targeted summarization helps relation extraction. ChatGPT predicts the incorrect relation “other
family” (a family relation other than immediate family) when the original text is used, but the gold label is “no
relation” (top left). The presence of some cues in the sentence such as the word “family” may have confused the
model. The prediction of the model on the summarized version, however, is correct (top right). Bottom: Our prompt
for summarizing the text supporting the relation between the entities.

Figure 4: Left: Our prompt that reduces the number of candidate relation types for SemEval from 10 to 3. Parts of the
prompt omitted for brevity. Right: The part of annotation guidelines that we selected to use for Instrument-Agency
relation in the prompt.
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Figure 5: Our prompt for synthesizing example sentences for relations. In this example, the relation is “founded by”.

Figure 6: Top: The relation between the head and tail entities in a test example is summarized by an LLM. Bottom:
The structure of our final prompt. The prompt uses the summarized example. The example is chosen from the
TACRED dataset.
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Abstract

Readability-controlled text modification aims
to rewrite an input text so that it reaches a target
level of difficulty. This task is closely related to
automatic readability assessment (ARA) since,
depending on the difficulty level of the input
text, it may need to be simplified or complexi-
fied. Most previous research in LLM-based text
modification has focused on zero-shot prompt-
ing, without further input from ARA or guid-
ance on text spans that most likely require re-
vision. This paper shows that ARA models for
texts and sentences, as well as predictions of
text spans that should be edited, can enhance
performance in readability-controlled text mod-
ification.

1 Introduction

Readability-controlled text modification aims to
rewrite the input text so that it reaches a target level
of difficulty (Chi et al., 2023; Farajidizaji et al.,
2024). The nature of the modification depends
on whether the difficulty level of the input text is
higher, lower, or the same as the target level. If
higher, the system should perform text simplifica-
tion, which has been extensively studied (Agrawal
and Carpuat, 2023; Alva-Manchego et al., 2020b;
Mo and Hu, 2024; Štajner et al., 2017). If lower, the
system needs to “increase the lexical and syntactic
complexity of a text” (Berov and Standvoss, 2018),
a task that has been studied under various terms in-
cluding “textual embellishment” (Berov and Stand-
voss, 2018), “text elaboration” (Farajidizaji et al.,
2024) and “complexification” (Chi et al., 2023). In
Table 1, for example, the input text is simplified to
the target level “elementary” and complexified to
the “advanced” level, but is left unchanged when
the target level is “intermediate”, since it is already
at the intermediate level.

In the most recent study on readability-
controlled text modification (Farajidizaji et al.,
2024), zero-shot prompting of Large Language

Input
(inter-
mediate
level)

Argentina is unhappy that the US
outdoor clothing retailer, Patago-
nia, is claiming a domain name
that has been known far longer
as a region of spectacular beauty
that also has its own parliament
...

Output
for target
level “ele-
mentary”

Argentina is unhappy that the US
outdoor clothing retailer, Patago-
nia wants a domain name that ...

Output
for target
level
“interme-
diate”

Argentina is unhappy that the US
outdoor clothing retailer, Patago-
nia, is claiming a domain name
that has been known far longer
as a region of spectacular beauty
that ...

Output
for target
level “ad-
vanced”

Argentina has lodged an ex-
pression of its unhappiness that
the US outdoor clothing retailer,
Patagonia, is claiming a domain
name that ...

Table 1: Example input and outputs for readability-
controlled text modification at the target levels “elemen-
tary”, “intermediate”, and “advanced”

Models (LLMs) has been shown capable of nudg-
ing the difficulty level of a text towards the target
level, in terms of the Flesch Reading-Ease Score
(FRES) (Kincaid et al., 1975). There was no at-
tempt, however, to further improve the proposed
method using training data from text modification
or automatic readability assessment (ARA) (Mar-
tinc et al., 2021), which is directly relevant to
readability-controlled text modification. Since an
ARA model estimates the difficulty level of a text,
it can help determine whether and how much mod-
ification is needed, and in which parts of the input
text.

This paper investigates whether ARA and text
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modification training data can improve the perfor-
mance of readability-controlled text modification.
Specifically, we address the following research
questions:

ARA data Can text modification performance be
improved with automatic assessment of the
difficulty of a text and/or of individual sen-
tences?

Text modification data Can text modification per-
formance be improved with automatic identi-
fication of text spans that require editing?

The rest of the paper is organized as follows.
After a review of previous research (Section 2), we
describe the proposed auxiliary models for guiding
the text modification process (Section 3), and the
prompt that incorporates information from these
auxiliary models (Section 4). We then present our
dataset (Section 5) and report automatic (Section 6)
and human (Section 7) evaluation results.

2 Previous work

Readability-controlled text modification may be
viewed as a paraphrasing task (Barzilay and Lee,
2003) with an additional constraint, namely, that
the output must be at the target level of difficulty.
To our knowledge, there have been only three pub-
lished studies on text modification. Trott and Riv-
ière (2024) assessed the ability of GPT-4 Turbo to
make a text easier or harder, but did not require the
output to reach a specific difficulty level. Chi et al.
(2023) focused on text modification at the sentence
level. T5 models were fine-tuned on sentence pairs
from text simplification datasets; for sentence com-
plexification, T5 models were fine-tuned with the
inputs and outputs reversed. Most related to our
work, Farajidizaji et al. (2024) generated versions
of the input text at different target FRES, using
zero-shot prompting of ChatGPT and Llama-2. In
terms of the readability of the modified texts, their
best model achieved 24.2% accuracy in reaching
the target FRES. In terms of the content of the mod-
ified texts, however, no evaluation was reported
because of the lack of gold outputs.

Other studies have focused exclusively on either
text complexification or text simplification. For the
former task, Berov and Standvoss (2018) trained
an LSTM model on the inverse of WikiLarge, a
simplification corpus based on simple and standard
English Wikipedia. The model is then applied to
complexify the texts in a story corpus. Naskar et al.

(2019) adopted a similar LSTM encoder-decoder,
and reported both BLEU and human evaluation.

For text simplification, early studies tended to
take the relative approach, i.e., to make the input
text easier but without specifying a target difficulty
level or audience (Belder and Moens, 2010; Kaji-
wara et al., 2013; Paetzold and Specia, 2017; Sid-
dharthan, 2002). Recent work has increasingly
recognized the need for text simplification to an ab-
solute target level (Štajner et al., 2017). Nishihara
et al. (2019) used lexical and syntactic complexity
features, while Yanamoto et al. (2022) applied deep
reinforcement learning using a reward calculated
based on the difference between the difficulty of the
output sentence and the target difficulty. Agrawal
et al. (2021) used a non-autoregressive model to
iteratively edit the source sentence. Agrawal and
Carpuat (2023) predicts low-level control tokens
for text simplification. Similar to this work, more
recent studies have exploited LLMs. For example,
the SimplifyMyText system rewrites the input text
in plain language (Färber et al., 2025). In the Ex-
pertEase system, LLM-based agents collaborate in
text simplification playing the roles of the expert,
the teacher, and the student (Mo and Hu, 2024).

3 Approach

Readability-controlled text modification requires
judgment on text difficulty, and on the kinds of
content that are most suitable for revision. There-
fore, it may potentially benefit from auxiliary mod-
els that can assess the difficulty of sentences (Sec-
tion 3.1) and texts (Section 3.2), and predict the text
spans that require revision (Section 3.3). For LLM-
based text modification, the information produced
by these auxiliary models can be incorporated into
the prompt (Section 4).

3.1 Sentence ARA (Sent ARA) Model

Generally, it is not necessary to rewrite every sen-
tence in a text, even when transforming the text
to a distant target difficulty level. To make judi-
cious changes, it could be useful to highlight the
sentences that most likely require revision, i.e., the
easiest or the most complex sentences.

A sentence-level ARA model predicts the com-
plexity of an individual sentence (Brunato et al.,
2018; Garbacea et al., 2021; Liu et al., 2025; Lu
et al., 2020; Schicchi et al., 2020; Štajner et al.,
2017). This information can help guide the LLM
in identifying sentences that deviate most from the
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With the owners out of the cats’ line of vi-
sion, researchers played recordings of three
strangers calling the cats’ names followed by
a call from the cat’s owner and then by the call
of another stranger. advanced
Researchers charted the cats’ reactions by mea-
suring a number of responses, including head
movements, tail and ear movements, eye dila-
tion and vocalization or whether they moved
their paws. advanced
When strangers called their names, the cats
had no reaction to the voices whatsoever.
intermediate

Table 2: Example output of the Sent ARA Model (Sec-
tion 3.1), which labels each sentence in the input text
with its difficulty level.

*With *the *owners *out *of *the *cats *’
*line *of *vision *, *researchers *played
*recordings *of *three *strangers *calling *the
*cats *’ *names *followed *by *a *call *from
*the *cat *’s *owner *and *then *by *the *call
*of *another *stranger *. Researchers charted
the cats ’ reactions by measuring a number of
responses *, *including head movements , tail
and ear movements , eye dilation and *vocal-
ization *or whether they moved their paws .
When strangers called their names , the cats
had no reaction to the voices whatsoever .

Table 3: Example output of the Target Span Prediction
Model (Section 3.3): words predicted by the model to
require revision are marked with asterisks.

target difficulty level. Table 2 shows an example
assessment, which labels the level of each sentence
in a text as “elementary”, “intermediate”, or “ad-
vanced”.

3.2 Text ARA Model

As opposed to sentence-level ARA, a text-level
ARA model (Martinc et al., 2021) assesses the
overall difficulty level of a text. This model can
identify input texts that are already at the target
difficulty level, and therefore do not require any
modification. Further, since the LLM may not be
able to modify the input text to its target level in
one round (Farajidizaji et al., 2024), this model can
also determine the necessity of an additional round
of modification.

3.3 Target Span Prediction Model

As a preliminary step before text modification,
it could be useful to identify the words that re-
quire revision (Chen and Meurers, 2019; Collins-
Thompson, 2014; Liu et al., 2024). For example,
complex word identification can serve as the first
step in a text simplification pipeline to identify the
target words, i.e., the difficult vocabulary items that
should be replaced (Gooding and Kochmar, 2019;
Paetzold and Specia, 2016; Shardlow, 2014).

In the context of text modification, we will use
the term target span to refer to the parts of the input
text that should be edited. Example input-output
pairs of text simplification and complexification
can be used for training a tagger that predicts these
spans. Compared to the Sent ARA Model (Sec-
tion 3.1), this model can provide more fine-grained
guidance. In the example shown in Table 3, both
sentences and individual words (e.g., “including”)
have been predicted to require editing.

4 Prompt implementation

The system prompt (Table 9 in Appendix A.1) de-
scribes the text modification task. The average
FRES (Kincaid et al., 1975) is provided for each
difficulty level, since the LLM may not be familiar
with the difficulty scale.

Table 4 shows the user prompt and the auxiliary
models (Section 3) from which the content is de-
rived. The prompt states both the target difficulty
level, as well as the difficulty level of the source
text (“elementary”, “intermediate”, or “advanced”),
as estimated by the Text ARA Model (Section 3.2).

In the input text, asterisks are placed on each
word that is predicted to require editing, according
to the Target Span Prediction Model (Section 3.3).
Finally, each sentence in the input text is shown
with its difficulty level, as estimated by the Sent
ARA Model (Section 3.1).

As demonstrations, two sample input texts are
shown with their gold output text and gold predic-
tions from the Sent ARA, Text ARA and Target
Span Prediction Models1.

4.1 Proposed prompts

The following variations of the proposed prompt
were implemented:

SentARA+Span The full prompt (Table 4).

1Using the actual rather than gold predictions from these
models led to slightly worse performance.
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Prompt template Model
Rewrite the following
<text_ara_output> pas-
sage at the <target_level>
level.

Text
ARA

Tokens starting with a ’*’ sym-
bol in the source text indicate the
words that were changed from
the source passage to the rewrit-
ten passage.

<demonstrations>

Source passage: Target
<target_span_output> Span

Prediction

Difficulty of individual sentences
in source passage:

Sent
ARA

<sent_ara_output>

Rewritten passage:

Table 4: Prompt for text modification (left), which
makes use of information provided by the auxiliary
models (right): <target_level> is the target dif-
ficulty level; <text_ara_output> is the predicted
level of the input text; <target_span_output> is
the input text with target span predictions (Table 3);
<sent_ara_output> is the predicted level of each sen-
tence in the input text (Table 2); <demonstrations>
are the two sample input/output pairs

SentARA Information from the Target Span Pre-
diction Model is omitted.

SentARA+Span+Ling The full prompt, with lin-
guistic features (Section 4.3) added.

SentARA+Span×n The full prompt, iteratively is-
sued until the Text ARA Model predicts the
input text has reached the target level, up to a
maximum of n iterations.

4.2 Chain-of-thought prompts
Chain-of-thought (CoT) guides LLMs in generat-
ing their own intermediate steps for completing a
task. CoT reasoning has led to robust performance
in multiple NLP tasks (Brown et al., 2020; Chen
et al., 2019; Ling et al., 2017; Wei et al., 2022). We
implemented the following CoT prompts:

CoT The prompt uses the instruction “Let’s think

step by step” (Kojima et al., 2022) to obtain
the reasoning for text modification. The LLM-
generated reasoning is then included after the
input text in the prompt, which does not use
any information from the auxiliary models.

CoT (zero-shot) Same as above, except that no
sample input/outputs are provided.

4.3 Baseline prompts

Linguistic features have been shown to be effective
for text simplification (Agrawal et al., 2021; Mad-
dela et al., 2021; Mo and Hu, 2024; Nishihara et al.,
2019; Yanamoto et al., 2022). To identify the most
salient features, we extracted all available features
in the Lexical Complexity Analyzer (Lu, 2012) and
calculate their correlation with the difficulty lev-
els of the text in our training data. According to
the Pearson Correlation Coefficient (Table 10 in
Appendix A.2), the top 5 features are Root Text-
to-Token Ratio (TTR), which measures lexical di-
versity; Corrected TTR, a refined version of TTR
accounting for text length; Number of Different
Words, which counts the number of unique words;
the Uber Index, a composite, holistic measure for
lexical complexity and diversity; and L2, the pro-
portion of content words. The following baseline
prompts were implemented:

Ling This prompt includes only the statement:
“The measurements of the five linguis-
tic features of the source passages are
<ling_feats>”, where <ling_feats> refers
to the five features mentioned above.

Vanilla No linguistic feature or auxiliary model is
used.

Vanilla (Zero-shot) Same as above, and no sam-
ple input/outputs are given.

5 Data

Newsela (Xu et al., 2015) is a graded parallel cor-
pus derived from 1,911 news articles. For each
article, simplified versions have been composed by
professional editors for students between Grade 2
and Grade 12.

To facilitate learning of the revision patterns
across the spectrum of difficulty levels, for each of
these 1,911 articles, we retrieved three versions that
span the grades: one version between Grades 2 and
5, which we will refer to as the “elementary” level
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(ele); one version between Grades 6 and 8, the “in-
termediate” level (int); and one version between
Grades 9 and 12, the “advanced” level (adv).

In our experiments, each of these 5,733
texts is to be revised to all three target levels
{ele,int,adv}. Since the level of the source
text is not disclosed to the system, it does
not know whether the text should be simpli-
fied (int->ele, adv->ele, adv->int), complex-
ified (ele->int, ele->adv, int->adv), or left un-
changed (ele->ele, int->int, adv->adv).

6 Automatic Evaluation

6.1 Implementation details
We used Meta-Llama-3.1-8B-Instruct2 for all
prompts (Section 4). The auxiliary models were
implemented as follows:

Sent ARA Model Following the approach pro-
posed by Liu and Lee (2023), we trained a
BART-large (Lewis et al., 2019) model to clas-
sify a sentence 3 at the ele, int, or adv level.

Text ARA Model Following the approach pro-
posed by Lee et al. (2021), we trained a neu-
ral ARA model by fine-tuning BART (Lewis
et al., 2020) on the Newsela dataset.4

Target Span Prediction Model We trained a tag-
ger to label each word in the source text as
REVISE or KEEP. As shown in Table 3, the
words tagged as REVISE will be asterisked in
the source text in the prompt. The gold labels
were derived from the sentence-aligned text
pairs from Newsela (Section 5), with sentence
alignments automatically produced by SentAl-
ign 5 (Steingrímsson et al., 2023). All words
in a source sentence that are not in the aligned
target sentence are considered REVISE; all
words in a source sentence that is not aligned
to any target sentence are also considered
REVISE, since they are deleted. We trained
six separate RoBERTa-based (Liu et al., 2019)
sequence taggers6 to cover all combinations
of source and target levels ({ele,int,adv}).

2meta-llama/Meta-Llama-3.1-8B-Instruct
3We used the BartForSequenceClassification model

from the transformers library of HuggingFace (Wolf et al.,
2020)

4We used the pre-trained base version of BART from Hug-
gingface (Wolf et al., 2020).

5https://github.com/steinst/SentAlign
6We used the RobertaForTokenClassification model

from HuggingFace (Wolf et al., 2020).

We also attempted training these three models us-
ing several other transformers, but did not produce
any significant improvement in performance.

6.2 Evaluation metrics

The output text should have the target complexity
and appropriate content. Complexity is evaluated
with two metrics. The first, Mean Absolute Er-
ror (MAE) in FRES, is the difference between the
FRES of the output text and the FRES of the gold
text. We also report Accuracy, i.e. whether the
output text is at the target level of difficulty. The
difficulty level of the output text is estimated with
the Text ARA Model (Section 3.2).

The content quality of the output text is evalu-
ated with four metrics. To determine the degree
of meaning preservation, the semantic similarity
between the source text and output text is evaluated
using BERTScore (Zhang et al., 2019). Further,
the output text is compared against the gold text
using three widely adopted metrics in text simplifi-
cation evaluation: BLEU (Papineni et al., 2002)7,
SARI (Xu et al., 2016)8, and D-SARI (Sun et al.,
2021) which aims at document-level simplifica-
tion9.

6.3 Results

6.3.1 Auxiliary models
To construct the prompt for each input text (Ta-
ble 4), we obtained outputs from the auxiliary mod-
els (Section 3) using 5-fold cross validation. The
Text ARA Model achieved an accuracy of 98.87%
on the three-way classification of difficulty level
(ele, int, or adv). The high accuracy validates its
reliability as an evaluation metric for text complex-
ity (Section 6.2). In contrast, the use of FRES, even
with score thresholds optimized on the Newsela
dataset, would yield only 66.08% accuracy on the
three-way classification of difficulty level.

The Sent ARA Model performed at 0.680 accu-
racy and 0.674 F1-score on the three-way classifi-
cation of difficulty level for sentences. The Target
Span Prediction Model attained 0.454 precision and

7The NLTK (Bird, 2006) implementation was used.
8The EASSE simplification evaluation suite (Alva-

Manchego et al., 2019) was used.
9The implementation by Sun et al.

(2021) (https://github.com/RLSNLP/
Document-level-text-simplification) was used.
include D-SARI incorporates several penalty factors, in
addition to the add, keep and delete scores in SARI. The same
weights for these scores were used for both text simplification
and development.
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Aux. Model Prompt method D-SARI SARI BLEU BertScore Accuracy MAE ↓
Nil Vanilla (zero-shot) 16.18 43.35 39.73 0.878 0.512 16.83

CoT (zero-shot) 17.90 43.38 45.18 0.875 0.588 16.36
Vanilla 15.08 43.22 41.74 0.890 0.584 11.80
CoT 18.32 42.96 50.70 0.890 0.614 10.76
Ling 16.05 42.51 47.08 0.902 0.487 8.52

Sent ARA SentARA 17.48 41.20 45.33 0.901 0.720 9.19
Sent ARA SentARA+Span 21.38 49.39 52.28 0.904 0.609 7.74
and Target SentARA+Span+Ling 20.34 46.48 51.30 0.908 0.559 7.83
Span SentARA+Span×2 22.69 49.22 52.80 0.902 0.688 7.74
Prediction SentARA+Span×3 22.66 49.16 52.72 0.902 0.698 7.80

Table 5: Text modification performance using different auxiliary models (↓ means smaller is better)

Task Prompt P R
Overall Vanilla (zero-shot) 0.640 0.479

SentARA 0.642 0.549
SentARA+Span 0.694 0.603

Simp. Vanilla (zero-shot) 0.644 0.482
SentARA 0.639 0.547
SentARA+Span 0.665 0.568

Comp. Vanilla (zero-shot) 0.635 0.476
SentARA 0.645 0.551
SentARA+Span 0.719 0.634

Table 6: Performance in identifying text spans to edit
(without regard to the quality of the final output), with
breakdown into simplification (simp.) and complexifi-
cation (comp.)

0.650 recall when simplifying texts, and 0.448 pre-
cision and 0.657 recall when complexifying texts.

6.3.2 Effect of Sentence ARA
Table 5 presents experimental results on text mod-
ification. When none of the auxiliary models is
used (“Nil” row in Table 5), CoT prompting gave
the best Accuracy (0.614), D-SARI (18.32) and
BLEU (50.70) scores, though it was outperformed
by the CoT (zero-shot) prompt in terms of SARI.
Both of these CoT prompts improved performance
over their vanilla version. Consistent with Wei et al.
(2022) and Kojima et al. (2022), the self-generated
reasoning steps were helpful in guiding the LLM
in performing text modification. The linguistic fea-
tures (Section 4.3) led to the best result in terms of
MAE (8.52) and BertScore (0.902).

The use of the Sent ARA Model led to the high-
est Accuracy (0.720). To better understand the
effect of this auxiliary model, we measured its pre-
cision and recall in identifying text spans for revi-
sion, without considering the quality of the actual
revision. As shown in Table 6, the gains of the

Sent ARA prompt over the Vanilla baseline were
mostly due to the recall (0.549 vs. 0.479). This
suggests that the ARA predictions helped the LLM
in selecting sentences for revision that were missed
by the baseline.

However, the use of the Sent ARA Model did
not generally improve the quality of the modified
text. It was outperformed by the CoT and Ling
prompts in most metrics other than Accuracy.

6.3.3 Effect of Target Span Prediction
Incorporating predictions of the target spans (Sen-
tARA+Span) resulted in the best overall perfor-
mance (Table 5). These predictions helped pro-
duce output texts that resembled the gold texts
to a greater extent. In terms of the content, Sen-
tARA+Span attained higher D-SARI, SARI and
BLEU scores compared to all baselines. As shown
in Table 6, it yielded higher precision (0.694) and
recall (0.603) than SentARA, likely because it was
able to make judicious choices in selecting individ-
ual words for revision, whereas SentARA provided
guidance only at the sentence level. In terms of
complexity, it also produced outputs that are clos-
est to the gold texts in FRES (7.74 MAE). However,
it was outperformed by the SentARA prompt on
Accuracy. This suggests that, if the overriding ob-
jective is to achieve the target difficulty level, then
the use of sentence ARA alone could be worth
considering.

Although the addition of linguistic features (Sen-
tARA+Span+Ling) further increased BERTScore,
it did not help improve the quality of text modifi-
cation on the other metrics. This suggests that the
LLM may have difficulty interpreting the linguistic
features and their implications.

6.3.4 Effect of Text ARA
Initial modification. As discussed in Section 6.3.1,

298



Prompt method Task D-SARI SARI BLEU BertScore Accuracy MAE ↓
SentARA+Span Simp. 22.84 46.30 45.21 0.892 0.440 8.42

Comp. 19.91 52.47 59.34 0.916 0.777 7.06
SentARA+Span Simp. 25.42 55.81 59.74 0.928 0.685 7.14
(intermediate only) Comp. 20.07 60.97 58.32 0.913 0.675 6.14

Table 7: Breakdown of text modification performance into simplification (Simp.) and complexification (Comp.),
based on (top) all input texts; (bottom) intermediate input texts only (↓ means smaller is better)

the Text ARA Model has a much higher accuracy
in estimating the difficulty level of a text than the
use of FRES. For text modification, it was thus
effective in determining whether the input text is
already at the target difficulty level, or requires
modification. Only 1.13% of the input texts under-
went unnecessary modification; conversely, only
0.50% of the input texts failed to undergo modifi-
cation, due to incorrect estimation from this model.
The corresponding percentages would have been
33.92% and 24.95%, respectively, if FRES were
used for this purpose.

Iterative modifications. In terms of the con-
tent of the modified texts, an additional round of
modification (SentARA+Span×2) further improved
the BLEU and D-SARI scores. A third iteration
(SentARA+Span×3), however, led to a slight de-
cline in performance, likely because repeated mod-
ifications may exacerbate the biases inherent in
LLMs (Gallegos et al., 2024; Yu et al., 2024). In
terms of text complexity, while the Accuracy im-
proved as expected, a second iteration had no effect
on MAE (7.74) and a third one led to negative im-
pact (7.80).

6.3.5 Simplification vs. complexification
To analyze the differences between text simplifi-
cation and complexification, we compare the per-
formance of the best prompt (SentARA+Span) on
these two tasks. As shown in the top of Table 7,
complexification appears to be an easier task than
simplification, offering better performance on all
but one metric (D-SARI). Complexification often
requires inserting new content at appropriate places
in a text, which could be more challenging and
subjective than removing existing content in sim-
plification. This may explain its lower score for
D-SARI, which puts more emphasis on the quality
of document-level organization.

A potential confounding factor is the length of
the input text. The input texts that required simpli-
fication were on average longer, since they were
originally at the intermediate and advanced levels;

those that required complexification were shorter,
since they were taken from the intermediate and
elementary levels. To avoid this bias, the bottom
of Table 7 considers only the input texts at the in-
termediate level. Simplification now offers better
performance in terms of BLEU and BERTScore.
This may be due to the wider array of choices when
selecting more complex words or sentence struc-
tures, in comparison to selecting simpler ones. In
terms of complexity, the gap between the two tasks
is narrower for both Accuracy and MAE, but more
research is needed to explain the difference.

7 Human evaluation

7.1 Evaluation metrics
The quality of text modification was evaluated by
two human judges, a master and a PhD student
in Linguistics. Similar to previous schemes (Alva-
Manchego et al., 2020a; Yang et al., 2023), Fluency
and Meaning were annotated on a 5-point Likert
scale (1=Strongly disagree, 5=Strongly agree):

• Fluency: The output text is fluent and free of
grammatical errors.

• Meaning: The output text adequately pre-
serves the meaning of the source text.

To accommodate both simplification and com-
plexification, Complexity was scored from -5 to
+5:

• Complexity: A score of +5 means the output
text is much more complex and harder to un-
derstand than the source input; 0 means they
are comparable in complexity; and -5 means
the output text is much easier.

7.2 Evaluation set-up
Two source texts were randomly selected at each
difficulty level (ele, int and adv). Each of these
six texts was paired with four modified versions,
namely, its modified version at the two other lev-
els as produced by the Vanilla (zero-shot) and
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Modification Source->target Fluency Meaning Complexity
type level Zero-shot Proposed Zero-shot Proposed Zero-shot Proposed
Text Overall 4.00 4.17 3.17 3.50 -3.50 -3.50
Simp. adv->int 4.00 4.00 3.50 4.00 -3.00 -2.50

adv->ele 4.00 4.00 3.00 3.00 -3.50 -4.00
int->ele 4.00 4.50 3.00 3.50 -4.00 -4.00

Text Overall 3.50 3.17 4.00 4.17 +3.00 +3.50
Comp. int->adv 3.50 3.00 4.50 5.00 +3.50 +4.00

ele->int 4.00 3.00 3.00 3.50 +3.00 +2.50
ele->adv 3.00 3.50 4.50 4.00 +2.50 +4.00

Table 8: Human evaluation scores on Fluency, Meaning and Complexity (Section 7)

SentARA+Span×2 models. The two human judges
independently scored these 24 text pairs on Com-
plexity, Fluency and Meaning (Section 7.1).

7.3 Results

The human evaluation results are shown in Table 8.
The two judges achieved a Cohen’s kappa (Cohen,
1968) of 0.67 for Fluency, 0.88 for Meaning, and
0.85 for Complexity, all at/above a substantial level
of agreement.

Meaning. The proposed model
(SentARA+Span×2) achieved a higher Meaning
score than the zero-shot baseline in four of the six
settings. It was slightly outperformed in adv->ele
and tied at ele->adv. As both of these settings
required greater modification (distance of two
levels rather than one), the proposed model was
more likely to make changes that altered the
original meaning.

Fluency. The proposed model performed better
in simplification, but it slightly underperformed in
complexification, particularly with two-level mod-
ifications. While the auxiliary models help the
proposed model in modifying the content and diffi-
culty, they do not necessarily improve the fluency
of the output text, which sometimes contains awk-
ward phrasing.

Complexity. Both models were capable of revis-
ing the input text towards the required complexity
level, obtaining positive Complexity scores when
the level of the input text was lower than the tar-
get (complexification needed), and negative scores
when its level was higher than the target (simpli-
fication needed). When simplifying adv texts, the
proposed model succeeded in differentiating be-
tween the target levels ele and int, reducing text
complexity to a much greater degree for the former
(-4.00) than the latter (-2.50). A smaller difference
was observed for the zero-shot baseline (-3.50 vs. -

3.00). When complexifying ele texts, the proposed
model was again able to make a sharper distinction,
producing a more sophisticated output for the adv
target grade (+4.00) than for int (+2.50). The
zero-shot model failed to do so and produced an
adv output (+2.50) that is easier than the int output
(+3.00).

8 Conclusion

Human editors often need to tailor a text for read-
ers at different proficiency levels. Readability-
controlled text modification aims to rewrite an in-
put text so that it reaches a target level of difficulty.
Depending on the difficulty of the input text, it
may need to be simplified or complexified. This
paper has presented the first study on LLM-based
readability-controlled text modification that lever-
ages ARA and prediction of target spans, i.e. the
parts of the input text that require editing.

We trained ARA models that can predict the dif-
ficulty level of a sentence or a text, and taggers that
predict whether each word should be revised. The
information from these auxiliary models are then
incorporated into the prompt for the LLM. Experi-
mental results on the Newsela corpus showed that
both the ARA models and the target span prediction
model improved the quality of the modified text.
In future work, we plan to evaluate this approach
on other text genres, and investigate whether fine-
tuning an LLM on text modification data can lead
to further performance gains.
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A Appendix

A.1 System prompt

You are a professional expert in modifying texts
into a target difficulty level. The Flesch Reading-
Ease Score (FRES) measures the readability of
the text:

The averaged FRES for elementary texts is
<aver_ele_FRES>.
The averaged FRES for intermediate texts is
<aver_int_FRES>.
The averaged FRES for advanced texts is
<aver_adv_FRES>.

Table 9: System prompt

A.2 Linguistic Features

Rank Feature Correl.
1 Root TTR 0.684
2 Corrected TTR 0.684
3 Number of Different Words 0.628
4 Uber Index 0.610
5 LS2 0.546

Table 10: The five lexical features that are most corre-
lated with readability levels of the texts in our dataset.
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Abstract

Large language models (LLMs) excel at gen-
eral language tasks but often struggle with
event-based questions—especially those requir-
ing causal or temporal reasoning. We intro-
duce TAG-EQA (Text-And-Graph for Event
Question Answering), a prompting frame-
work that injects causal event graphs into
LLM inputs by converting structured relations
into natural-language statements. TAG-EQA
spans nine prompting configurations, combin-
ing three strategies (zero-shot, few-shot, chain-
of-thought) with three input modalities (text-
only, graph-only, text+graph), enabling a sys-
tematic analysis of when and how structured
knowledge aids inference. On the TORQUES-
TRA benchmark, TAG-EQA improves accu-
racy by 5% on average over text-only baselines,
with gains up to 12% in zero-shot settings and
18% when graph-augmented CoT prompting is
effective. While performance varies by model
and configuration, our findings show that causal
graphs can enhance event reasoning in LLMs
without fine-tuning, offering a flexible way to
encode structure in prompt-based QA.1

1 Introduction

Consider the text in Figure 1: “Organizers state
the two days of music, dancing, and speeches
is expected to draw two million people. But as
supporters gathered... riot police deployed...”.
When asked, “Did the protesters GATHER while
the organizers MADE A STATEMENT?” , answer-
ing correctly requires chaining events: music →
draw_crowd → gather , while recognizing that
riot_police_deployed ⊣ organizers_state , where
→ denotes an “enables” relation and ⊣ denotes a
“blocks” relation.
Such questions require structured event reasoning,
where causal graphs make dependencies explicit
by surfacing ENABLE and BLOCK relations that

1Code and data available at https://github.com/
MaithiliKadam4/TAG-EQA

TEXT : Organizers state the two days of music, dancing, 
and speeches is expected to draw some two million 
people. But as supporters of the military leader gathered in 
the north, riot police deployed in Nigeria's southern 
commercial capital Lagos, to break up a protest rally 
called by the political opposition.
QUESTION : Did "gathered" happen while the 
organizers made a statement?

protest 
rally

political 
opposition 
called rally

Entity :: political 
opposition

riot police 
deployed

music

speeches

draws many 
people to 
festival

dancing ANSWER : The answer is yes.

BLOCK

ENABLE

ENABLE

ENABLE

ENABLEENABLE

CAUSAL GRAPH REASONING

●The event "riot police 
deployed" blocks the event 
"protest rally". 

●The event "Entity::political 
opposition" enables the event 
"political opposition called 
rally". 

●The event "political opposition 
called rally" enables the event 
"protest rally". 

●The event "music" enables the 
event "draws many people to 
festival".

● The event "dancing"………
● The event…….

Figure 1: Illustrative example from the TORQUESTRA
dataset. Top: Narrative passage and a binary event–
based question. Left: Annotated causal graph showing
ENABLE and BLOCK relations between events. Right:
A step–by–step reasoning trace that follows the graph
to support causal inference. Together, the graph and rea-
soning highlight how structured event relations enable
models to answer questions that require indirect causal
chaining.

go beyond surface cues (Regan et al., 2023; Cham-
bers and Jurafsky, 2008; Dunietz et al., 2020; Jain
et al., 2023; Chi et al., 2024). Without structure,
LLMs often rely on shallow lexical patterns and
miss deeper event logic.
We explore how structured causal knowledge
can guide large language models in reason-
ing about events. Specifically, we introduce
TAG–EQA–Text–And–Graph for Event Question
Answering–a prompting framework that converts

304

https://github.com/MaithiliKadam4/TAG-EQA
https://github.com/MaithiliKadam4/TAG-EQA


causal event graphs into natural language cues and
embeds them directly into the prompt. Rather than
fine–tuning the model, TAG–EQA steers its infer-
ence by aligning causal structure with prompt for-
mat, enabling models to reason more coherently
about event dynamics. It spans nine prompting con-
figurations, combining three strategies (zero–shot,
few–shot, and chain–of–thought) with three input
modalities (text–only, graph–only, and text+graph).
While this space is broad, our analysis reveals that
causal graphs are especially effective when paired
with reasoning-oriented prompts such as chain–of–
thought. See Section 3 for full details.
In our experiments on the TORQUESTRA dataset
(Regan et al., 2023), TAG–EQA improves accuracy
by approximately 5% over text-only baselines, with
gains rising to 12% in zero-shot and 18% in chain-
of-thought settings. To better understand where
structure helps, we group questions into thirteen se-
mantic categories—such as causal, temporal, and
hypothetical reasoning—and find that graph-based
prompts are particularly effective for causal chains,
temporal dependencies, and counterfactual what-if
scenarios, where structured event interactions are
central to answering correctly. Because these ex-
periments rely on gold human-annotated graphs,
the reported numbers should be interpreted as an
upper bound on the benefit of structured input; ro-
bustness to automatically induced or noisy graphs
remains future work.
Our contributions are as follows:

• We introduce TAG-EQA, a prompting frame-
work that incorporates causal event graphs
into LLM inputs via natural-language serial-
ization—without requiring model fine-tuning.

• We evaluate nine prompting configurations
across three strategies and three input types,
using T5-XXL, Qwen-32B, and GPT-3.5/4o.2

• We examine how causal graphs and reasoning
traces interact, and when they improve model
performance.

• We report accuracy trends across thirteen se-
mantic question types to identify where struc-
tured and/or reasoning-based input helps the
most.

2 Related Work

Prior work on event modeling, causal reasoning,
and prompt engineering has independently ad-

2GPT-3.5 is used for non-reasoning prompts (Zero and
Few), while GPT-4o is used for reasoning (CoT) due to its
stronger multi-step inference ability.

vanced narrative QA. We synthesize these strands
by embedding structured causal graphs into prompt
formats to guide event-centric inference in LLMs.

2.1 Event Modeling
Narrative understanding has long relied on model-
ing event relations such as causality, enablement,
and sequence. Early work induced event chains us-
ing verb–argument frames (Chambers and Jurafsky,
2008), while later approaches inferred causal links
from raw text without explicit structure (Dunietz
et al., 2020). TORQUESTRA (Regan et al., 2023)
builds on this by aligning QA pairs with human-
annotated causal graphs, enabling evaluation of
structured reasoning in context.
We build on these efforts by treating enable and
block relations as first-class prompt components.
Each edge is serialized into a natural language sen-
tence, allowing LLMs to ground their reasoning in
structured temporal and causal dependencies.

2.2 Cause-Effect Graphs and Causal
Reasoning

Causal reasoning from text remains a signifi-
cant challenge for large language models (LLMs),
which often conflate correlation with causation
(Yamin et al., 2024). Early methods extracted
causal links using pattern-based heuristics (Radin-
sky et al., 2012), while later approaches employed
pretrained language models to infer implicit depen-
dencies from raw text (Dunietz et al., 2020). More
recent work has shown that explicitly incorporating
cause–effect graphs can improve question answer-
ing on narrative and commonsense tasks (Roy et al.,
2024; Bethany et al., 2024). However, most prior
efforts emphasize direct or temporal links, leaving
finer-grained structures underutilized.
However, enabling (A enables B) and blocking (C
blocks D) relations remain underexplored despite
their value in modeling conditional constraints and
counterfactuals. We address this by formalizing
them into natural-language prompts that explicitly
guide LLM reasoning.

2.3 Prompt Engineering and
Chain-of-Thought Reasoning

Prompt engineering enables pretrained language
models to perform new tasks without parameter
updates, leveraging Zero- and Few- shot in-context
learning (Petroni et al., 2019; Brown et al., 2020).
Chain-of-thought (CoT) prompting extends this
approach by encouraging step-by-step reasoning
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through natural language traces (Wei et al., 2022).
Enhancements such as self-consistency decoding
and automatic CoT generation, aim to improve re-
liability and reduce dependence on handcrafted
examples (Wang et al., 2023; Zhang et al., 2023).
Although CoT prompting has shown strong results
in arithmetic and symbolic tasks (Wei et al., 2022;
Kojima et al., 2022), its use in structured, event-
based inference remains limited. We explore this
intersection by aligning CoT prompts with causal
graphs—letting models reason over explicitly struc-
tured event dynamics across prompt formats.

3 Method

TAG-EQA investigates whether structured causal
knowledge and explicit reasoning can improve
event-based question answering (QA) when de-
livered through prompt design. We vary two or-
thogonal factors: (1) the prompting strategy—Zero,
Few, or CoT, and (2) the input modality—Text,
Graphs, or TAG (text and graph combined). This
results in nine prompting configurations, each com-
bining a reasoning style with one or more input
sources. We evaluate these configurations across
three instruction-tuned LLMs (T5-XXL, Qwen-
32B, and GPT-3.5/4o) to understand how prompt
structure and content influence QA accuracy.
Figure 2 provides a visual overview of our prompt-
ing pipeline. Prompts are constructed by combin-
ing a narrative passage, a natural-language repre-
sentation of a causal graph (if present), and option-
ally, demonstration QA examples or intermediate
reasoning traces. See Section 3.3 for full details.

3.1 Task Formulation
Each instance consists of a short passage P , a
yes/no question Q about events in P , and op-
tionally a causal event graph G–either an in-
stance or schema graph–encoding directed EN-
ABLES/BLOCKS dependencies. An ENABLES
edge (A → B) indicates that event A provides a
prerequisite or supportive condition for event B
to occur, while a BLOCKS edge (C ⊣ D) de-
notes that event C prevents, interrupts, or other-
wise inhibits eventD. The model must output “yes”
or “no.” In CoT prompts, it must first produce
a natural-language reasoning trace, then the final
answer.

3.2 Dataset: TORQUESTRA
We use the TORQUESTRA dataset (Regan et al.,
2023) to construct prompts for event-based QA

Track Name Strategy Modality Avg. Prompt Length Reason Length

Zero–Text Zero Text 95.2 –
Zero–Graphs Zero Graphs 80.6 –
Zero–TAG Zero TAG 138.0 –
Few–Text Few Text 121.7 –
Few–Graphs Few Graphs 178.0 –
Few–TAG Few TAG 242.8 –
CoT–Text CoT Text 229.2 30.7
CoT–Graphs CoT Graphs 287.6 30.7
CoT–TAG CoT TAG 336.8 30.7

Table 1: Prompt lengths for each TAG–EQA track:
Prompt lengths (tokens) across the three strategies (Zero,
Few, CoT) and input modalities (Text, Graphs, TAG).
CoT prompts include explicit reasoning traces.

grounded in causal and temporal structure. Each in-
stance provides a short narrative passage, a yes/no
question, and one or more directed causal graphs
with ENABLES/BLOCKS edges. We generate prompts
for all nine configurations by combining QA pairs
with the corresponding passage and/or a verbal-
ized version of the graph (i.e., each edge serialized
into a natural-language sentence such as “Event
A enables Event B”), formatted according to the
selected prompting strategy (Zero, Few, or CoT)
and input modality (Text, Graphs, or TAG).

All prompts are derived from the human-refined
subset (TORQUESTRAhuman), which provides
gold-standard causal graphs. Figure 1 illustrates a
typical example: the passage, graph, and question
are used to build the prompt, although the figure
content is for exposition only and not used verba-
tim.

Our filtered Full split contains 477,549 QA in-
stances, balanced across strategies and input types.
To support ablations and cost-sensitive models, we
also define a Small subset of 1,024 instances, strat-
ified by question category and prompting configu-
ration. Unless otherwise noted, results are reported
on the Full set, with Small results shown separately
for GPT-based models.

Prompt length varies considerably by configuration.
For example, Zero–Text prompts average 95.2 to-
kens, while CoT–TAG prompts reach 336.8 tokens
on average, with reasoning traces contributing 30.7
tokens. These differences affect both model perfor-
mance and context length constraints.

As shown in Table 1, 26.5% of answers are “yes”
and 73.5% are “no.” Each causal graph omits ap-
proximately 5.3 events on average, requiring in-
ference over missing links—a key motivation for
evaluating the utility of structured prompts.
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TEXT

music speeches

draws many 
people to 
festival

dancing

Organizers state the two days of music, dancing, and speeches is 
expected to draw some two million people. But as 
supporters………………………..

MAIN 
QUESTION

Did "gathered" happen while 
the organizers made a 
statement?

CAUSAL GRAPH

…
…

…

SERIALIZED 
GRAPH EDGES

Question Answer Set

QA EXAMPLE
Question: Is "break" events have already finished?
Answer: no
Question: Is "called" events have already finished?
Answer: yes
Question: Is "dancing" events have already finished?
Answer: no

ENABLEENABLEENABLE

BLOCK

Text

QA Example

Main Question

Instruction

In
st

ru
ct

io
n 

Tu
ne

d 
L

L
M

 (T
5,

 Q
w

Q
, G

PT
)

MODEL OUTPUT

You are provided with text and a causal 
graph. Analyze both step-by-step to answer 
the question. Follow the reasoning format 
below, then provide only “yes” or “no”. 
Respond “unanswerable” if uncertain.

Did "gathered" happen while the 
organizers made a statement?

Question: Is "break" events have already 
finished?
Answer: no
Question: Is "called" events have already 
finished?
Answer: ……
……………

Organizers state the two days of music, 
dancing, and speeches is expected to 
draw some two million people. But as 
supporters…………

PROMPT ASSEMBLY

ANSWER:
Yes

REASONING:

The event "riot police 
deployed" blocks the event 
"protest rally". 
The event "speeches" enables 
the event "draws many people 
to festival".
….
…… 
Therefore the answer is:

Graph
The event "dancing" enables the event 
"draws many people to festival". The 
event "speeches" enables the event 
"draws many people to 
festival".………..

DATA PROCESSING

● The event "dancing" enables the 
event "draws many people to 
festival". 

● The event "speeches" enables the 
event "draws many people to 
festival".

● ……..
● ………..

Figure 2: Overview of our QA prompting pipeline for TAG + CoT configuration. From left to right: a narrative
passage and associated causal graph are processed into a structured input. The causal graph is serialized into
natural-language edges (yellow), and the original passage text is retained (blue). Prompt assembly combines
task instructions, the text, the graph, in-context QA examples, and the main question into a single input to the
instruction-tuned LLM (T5, QwQ, or GPT). The model produces both a yes/no answer and a step-by-step reasoning
trace grounded in the causal structure (green).

3.3 Prompt-Track Configurations
TAG-EQA combines three prompting strategies
with three input modalities, yielding a 3×3 grid of
nine prompt configurations (e.g., Zero–Text, Few–
Graphs, CoT–TAG) evaluated in Section 5. Strate-
gies differ in how much supervision or explicit rea-
soning they include; modalities differ in whether
the model receives natural language text, a struc-
tured graph, or both.
Each strategy is paired with one input modality:
Text : the narrative passage only,
Graphs : a serialized causal graph representing

event dependencies,
TAG : both the passage and graph, concatenated.

Zero-shot prompting (Zero) In the Zero track,
the model receives task instructions, the input
modality (Text, Graphs, or TAG), and the target
yes/no question—without demonstrations or rea-
soning traces. This setting tests whether an LLM
can reason directly from the input without prior
examples. For instance, using only the Text por-
tion of Figure 1, the model must decide whether
“gathered” occurred while the organizers made a
statement.

Few-shot prompting (Few) Few prompts add
three in-context demonstrations that match the tar-

get configuration. Text-only prompts show how
to answer using narrative context; graph-based
prompts illustrate how causal structure maps to
a yes/no label. TAG prompts include both modali-
ties. This setting provides the model with worked
examples aligned to the input type.

Chain-of-thought prompting (CoT) CoT
prompts build on Few by requesting an explicit
reasoning trace. Demonstrations include step-by-
step rationales showing how answers are derived
from temporal or causal chains. When the graph is
present, traces may reference edges (e.g., BLOCKS)
or event dependencies. This strategy encourages
multi-step inference grounded in structured input.
See Appendix A.1 for formatting templates across
all nine configurations.

3.4 Causal Graph Integration

Each causal graph G is verbalized into natural lan-
guage using one sentence per edge—e.g., “Event
A ENABLES Event B.” or “Event C BLOCKS Event
D.” Sentences are ordered topologically to preserve
causal flow and reduce reference distance. Events
are described using surface forms from the original
passage to ensure clarity and self-containment.
Apart from the presence or absence of the passage,
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all other aspects of the prompt remain fixed: task
instructions, in-context examples (in Few), and rea-
soning traces (in CoT) follow a shared scaffold
across modalities. This design isolates the effect
of graph structure while controlling for phrasing,
format, and token budget.
Examples of full Text, Graphs and TAG prompts
for each strategy track appear in Appendix A.1.

3.5 Model Families and Setup

We evaluate three instruction-tuned large language
model (LLM) families across the full 3×3 TAG-
EQA prompt matrix:

• T5-XXL (Google): 11B encoder–decoder
model, pretrained with UL2 and fine-tuned on
diverse instructions.

• Qwen-32B (QwQ) (Alibaba): 32B multilin-
gual decoder trained with chat and instruction
tuning.

• GPT-3.5-Turbo and GPT-4o (OpenAI): pro-
prietary decoder-only models; GPT-3.5 is used
for Zero and Few, while GPT-4o is reserved for
CoT evaluation on a smaller subset due to cost.

All models use greedy decoding (temperature =
0). Inputs are truncated to model-specific context
limits (T5: 1k, Qwen: 2k, GPT: 16k), with graph
content prioritized over passage if needed. CoT an-
swers are extracted via regex targeting “Therefore,
the final answer is: <yes/no>”.
T5 and Qwen are evaluated on both Full and Small
subsets; GPT-3.5 runs Zero/Few on Full, and GPT-
4o runs CoT on Small due to API constraints.

4 Evaluation

We evaluate TAG-EQA using binary classification
accuracy: the percentage of questions answered
correctly as “yes” or “no.” Each model is tested
across all nine configurations—three prompting
strategies (Zero, Few, CoT) × three input modali-
ties (Text, Graphs, TAG).
For CoT prompts, we extract the final answer us-
ing a regex targeting phrases like “Therefore, the
final answer is: yes.” If absent, we fall back to the
first standalone yes/no token3. This ensures consis-
tent evaluation across models with variable output
formats.
We report results on both the full TORQUES-
TRA test set (Full, 477K examples) and a 1,024-

3Regex: [Tt]herefore,.*answer is: (yes|no)

instance Small subset used for low-resource and
cost-sensitive runs (GPT-4o).

To analyze how structure and reasoning affect per-
formance across reasoning types, we group ques-
tions into thirteen semantically grounded clusters
derived from TORQUESTRA annotations. These
extend the original eight-category taxonomy to in-
clude finer-grained types such as positive, nega-
tive, existential, and counterfactual. Accuracy is
reported per cluster and per configuration.

See Appendix A.5 for full cluster definitions and
results.

5 Results

We evaluate how prompting strategy and in-
put modality affect event-based QA performance
across three instruction-tuned LLMs: T5-XXL,
Qwen-32B (QwQ), and GPT models (GPT-3.5
and GPT-4o). Each model is tested under
nine prompting configurations (Zero/Few/CoT ×
Text/Graphs/TAG). T5 and Qwen are evaluated on
both the full TORQUESTRA test set (Full) and a
1,024-example subset (Small). GPT-3.5 and GPT-
4o are evaluated only on the Small subset: GPT-3.5
for Zero and Few (non-reasoning), and GPT-4o for
CoT (reasoning), due to API cost and throughput
constraints.

Across models, Few-shot prompting consistently
outperforms Zero-shot in Text-only settings. CoT
prompting yields mixed results: QwQ achieves
the highest overall accuracy (74.8%) with TAG-
CoT, while T5 performs best with Few-Text. For
T5, accuracy drops when CoT is combined with
structured input, suggesting difficulty integrating
reasoning traces and graph content.

Graphs inputs significantly enhance zero-shot and
CoT performance for QwQ, sometimes outperform-
ing TAG inputs. However, modality fusion does
not always help: TAG configurations often under-
perform compared to single-modality prompts, par-
ticularly for T5. GPT results remain relatively flat
across input types, with Zero-Text (58.7%) per-
forming best for GPT-3.5, and modest gains from
CoT in GPT-4o.

These findings highlight the importance of model-
aware prompt design: performance gains depend
not just on adding structure or reasoning, but on
whether a given model can effectively integrate
them.
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Model Dataset Zero Few CoT

T5 Full 54.08 58.49 55.21
Small 52.64 59.47 55.96

QwQ Full 66.78 70.21 65.77
Small 68.03 78.32 73.70

GPT Full - - -
Small 58.65 52.73 72.28

Table 2: Prompt-Type Accuracy (%) Comparison on
Text–Only Input. Each model is evaluated on the Full
and Small TORQUESTRA subsets. Few–shot prompt-
ing consistently outperforms Zero–shot on both scales.
CoT shows limited gains on Full, but outperforms Few
on Small for QwQ and GPT-4o. GPT results are based
on Small only due to cost constraints.

5.1 Does reasoning (CoT) improve
performance over Zero or Few-shot using
just text?

We begin by comparing Zero, Few, and CoT
prompting under Text–only inputs. As shown in
Table 2, Few consistently outperforms Zero across
models and data sizes. For example, T5 improves
from 54.1% to 58.5% on Full, and QwQ improves
from 66.8% to 70.2%.
CoT prompting shows mixed effects in the ab-
sence of graph input. On the Full set, it under-
performs Few for both T5 and QwQ. However, on
the Small subset, CoT provides noticeable gains:
QwQ improves from 70.2% to 73.7%, and GPT-
4o achieves 72.3%, outperforming GPT-3.5’s Few
score of 52.7%.
These results suggest that chain-of-thought reason-
ing can help in low-data settings or with models
tuned for step-by-step reasoning, such as GPT-4o.
Still, Few remains the most reliable strategy when
using plain text alone—especially on larger test
sets. GPT results are limited to the Small subset:
Zero and Few use GPT-3.5, while CoT uses GPT-
4o.

5.2 Are Graphs helpful when used alone or
combined with Text?

We evaluate the effect of input modality—Text,
Graphs, and TAG—under both Zero and Few
prompting.
As shown in Table 3a, Graphs–only inputs consis-
tently outperform Text–only across models. For in-
stance, QwQ improves from 66.8% (Text) to 78.8%
(Graphs), and T5 gains from 54.1% to 58.0%. Com-
bining Text and Graphs in a TAG prompt further
improves performance for QwQ (74.5%) but re-

duces accuracy for T5 (52.6%). On the Small sub-
set, GPT shows limited variation across modalities
– ranging from 56.8% to 58.8% – indicating rela-
tive insensitivity to structured input in zero-shot
settings. Overall, these results suggest that causal
graphs substantially aid zero-shot inference, but
modality fusion (Text+Graph) can introduce con-
flicts depending on the model.

Table 3b shows that Few–shot prompting gen-
erally boosts absolute performance compared to
Zero. For example, QwQ achieves its highest score
(79.4%) with TAG, confirming that demonstrations
and graph input are complementary. GPT gains
from Graph input (62.9%) compared to Text-only
(52.7%), while T5 shows limited or negative gains
from structure, dropping from 59.5% (Text) to
50.8% (TAG). These results suggest that few-shot
demonstrations amplify the utility of structured
graphs for models like QwQ, and GPT, but high-
light integration challenges for T5.

5.3 When reasoning is explicitly used, does
adding a Graphs help or hurt?

We now examine the effect of input modality
under CoT prompting. As shown in Table 4,
Graphs–only inputs improve performance for mod-
els capable of leveraging structured representations.
QwQ achieves its highest accuracy (74.8%) with
TAG, while also showing strong performance with
Graphs–only input (72.7%).

T5 shows modest gains from Graphs input: on
Full, accuracy rises from 55.2% (Text) to 56.9%
(Graphs), but drops to 50.4% with TAG, suggesting
that reasoning traces may conflict with multimodal
inputs for models not tuned for integration. This
trend persists on the Small subset.

GPT, evaluated only on Small, shows a slight drop
in performance with TAG (70.6%) compared to
Text–only input (72.3%), while Graphs–only in-
put yields comparable performance (71.1%). This
suggests that GPT–4o does not consistently benefit
from structured input when combined with reason-
ing traces in zero-shot settings.

Overall, these results suggest that graph-augmented
reasoning is most effective when the model can ex-
ploit structure natively–QwQ benefits most—while
other models struggle to integrate multiple infor-
mation sources effectively under CoT prompting.
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Model Dataset Text Graphs TAG

T5 Full 54.08 57.96 52.58
Small 52.64 58.89 52.50

QwQ Full 66.78 78.77 74.48
Small 68.03 68.09 67.77

GPT Full - - -
Small 58.65 56.84 58.79

(a) Zero–shot prompting.

Model Dataset Text Graphs TAG

T5 Full 58.49 57.54 51.87
Small 59.47 57.32 50.76

QwQ Full 70.21 70.48 79.37
Small 78.32 70.51 78.10

GPT Full - - -
Small 52.73 62.99 59.28

(b) Few–shot prompting.

Table 3: Input Modality Accuracy (%) Comparison. (a) Zero-shot results: Graphs–only inputs outperform
Text–only for most models, with QwQ showing the largest gains. (b) Few-shot results: Demonstrations improve
overall accuracy, and combining graphs with examples (TAG) is especially effective for QwQ, and GPT, while T5
struggles with multimodal integration.

Model Dataset Text Graphs TAG

T5 Full 55.21 56.85 50.35
Small 55.96 56.74 49.56

QwQ Full 65.77 72.68 74.75
Small 73.70 71.55 72.05

GPT Full - - -
Small 72.28 71.07 70.61

Table 4: Input Modality Accuracy (%) Comparison
in CoT Prompting. Each model is evaluated using CoT
prompting on the TORQUESTRA dataset. T5 and QwQ
show modest to strong gains with Graphs inputs. QwQ
performs best with combined inputs (TAG), while GPT-
4o shows minimal benefit from multimodal prompts.
GPT is evaluated only on the Small subset due to API
constraints.

5.4 Which prompting strategy works best for
each model?

To better understand model-specific behavior, we
report each model’s highest-scoring configuration
across all nine prompt types (Zero/Few/CoT ×
Text/Graphs/TAG) for both the Full and Small
TORQUESTRA subsets (Table 5). Each entry re-
flects the optimal combination of prompting strat-
egy and input modality at a given data scale.
QwQ achieves the highest overall accuracy (79.4%)
on Full with Few+TAG, showing strong ability
to integrate demonstrations and graph input. On
Small, it performs best with Few+Text, indicating
that graph augmentation is less beneficial under
data constraints.
T5 reaches its top accuracy with Few+Text on both
subsets (58.5% and 59.5%), showing a clear pref-
erence for demonstrations alone. Performance de-
clines when graph input or reasoning traces are
included, consistent with earlier observations.
GPT, evaluated only on Small, performs best with

Model Dataset Best Config Accuracy%

T5 Full Few + Text 58.49
Small Few + Text 59.47

QwQ Full Few + TAG 79.37
Small Few + Text 78.32

GPT Full - -
Small Zero + Text 72.28

Table 5: Best-Prompting Configuration per Model.
Top-performing strategy and input modality for each
model on the Full and Small TORQUESTRA subsets.
GPT results are based on the Small set only due to API
cost constraints.

Zero+Text (72.3%), suggesting that neither exam-
ples nor reasoning traces help much in this setup.
Overall, effective prompting varies by model and
scale: structure and reasoning help only when the
model can integrate them meaningfully.

5.5 Do certain question types benefit more
from reasoning or graphs?

We evaluate model accuracy across thirteen ques-
tion types derived from TORQUESTRA annota-
tions, extending the original eight clusters (see
Appendix A.6 for details). Figure 3 shows ac-
curacy under TAG input—combined text and
graph—across Zero-shot, Few-shot, and Graph-
CoT prompting. QwQ and GPT perform best in
causal and temporal categories such as causal,
past, positive, and temporal_conflict, particularly
with CoT prompting. Structured input and rea-
soning traces appear to help these models handle
abstract event relationships.
QwQ and GPT perform best on structured cate-
gories—such as causal, past, positive, and tempo-
ral_conflict—especially when using CoT prompt-
ing. Structured input and step-by-step reasoning
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appear to help these models capture abstract event
relationships.
T5 performs best with Few-shot prompting, but
its performance drops with Graph-CoT on specula-
tive or underspecified types like possible, present,
and unknown, suggesting difficulty integrating
structure and reasoning.
Appendix Figures 4 and 5 show that Text prompts
gain from Few-shot examples but struggle with
relational types, while Graphs prompts provide
stronger performance for QwQ in categories like
causal, past, and event.
Overall, structured prompting benefits causal and
temporal reasoning, with QwQ and GPT showing
the strongest gains from graph-augmented CoT.
Ambiguous or speculative questions remain diffi-
cult across models.

6 Conclusion

We introduced TAG-EQA, a systematic frame-
work for evaluating event-based question answer-
ing (QA) in large language models (LLMs) us-
ing structured causal graphs and reasoning-driven
prompting. Our experiments covered nine prompt-
ing configurations—three strategies (Zero, Few,
CoT) crossed with three input modalities (Text,
Graphs, TAG)—evaluated on three instruction-
tuned LLMs: T5, Qwen (QwQ), and GPT models.
Causal graphs consistently improved accuracy
on event-centric questions, particularly for rela-
tional categories such as causal, past, and tempo-
ral_conflict. QwQ achieved the highest overall
performance when combining structure and rea-
soning (TAG+CoT), while T5 performed best with
Few+Text and showed limited gains from struc-
tured input. GPT models, evaluated only on a
smaller subset, showed moderate benefits from
CoT prompting but little sensitivity to input modal-
ity. Ambiguous or underspecified categories—such
as possible and unknown—remained challenging
across models and prompting styles. These find-
ings highlight both the strengths and limitations of
using structured causal input to guide reasoning in
LLMs.

7 Limitations and Future Work

Our evaluation relies on expert-annotated causal
graphs from TORQUESTRA, which provide clean
structure but do not reflect the sparsity or noise
of automatically induced graphs. The reported
numbers should therefore be interpreted as an
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(a) T5 under TAG: Few—Text is strongest overall;
Graph—CoT tends to underperform on speculative or under-
specified types (possible, present, unknown).
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(b) QwQ under TAG: Graph—CoT generally leads on struc-
tured types (causal, past, temporal_conflict); Few—Text re-
mains competitive elsewhere.
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(c) GPT under TAG: Graph—CoT improves relational cate-
gories (e.g., causal, temporal_conflict); strategy gaps narrow
on underspecified types (possible, unknown).

Figure 3: Cluster-wise accuracy under the TAG con-
figuration. Bars denote Zero—Text (blue), Few—Text
(red), and CoT with TAG (yellow) across thirteen ques-
tion types. Subfigures (a–c) report T5, QwQ, and GPT
respectively. Text–only and Graph–only cluster results
appear in Appendix Figures 4 and 5.

upper bound on the benefit of structured in-
put. Prompt construction is also manually de-
signed—including example selection and reason-
ing trace format—which may limit generalization
to new domains without automation. Performance
further varies across models: QwQ benefits most
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from graph-augmented CoT prompting, whereas
T5 and GPT show more modest or inconsistent
gains. Due to API cost constraints, GPT models
are evaluated only on the Small subset—a full-scale
CoT run with GPT-4o would exceed $950.4 Lastly,
our binary QA task simplifies causal reasoning and
does not capture the complexity of multi-hop infer-
ence or generative outputs.
Beyond these constraints, our study is limited to
three instruction-tuned LLM families (T5, QwQ,
GPT); other architectures may respond differently
to structured prompts. We also restrict evaluation
to TORQUESTRA, leaving extensions to broader
narrative QA datasets (e.g., NarrativeQA, MCTest)
for future work. Finally, while we report average
prompt lengths, a systematic study of context bud-
get and scaling effects remains open.
Future directions include automated graph con-
struction, robustness to noisy or incomplete graphs,
and adaptive graph selection to filter only edges
relevant to a query. Extending TAG-EQA with
dynamic reasoning traces, instruction tuning for
graph-structured CoT prompting, and applications
to generative or interactive tasks—such as story
simulation, causal forecasting, or decision sup-
port—offers promising next steps for leveraging
structured knowledge in real-world applications.
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A Appendix

This appendix provides additional implementation
details, example prompts, and full evaluation re-
sults referenced in the main paper. We include:
(1) prompt format illustrations, (2) input compo-
nent breakdowns, (3) per-model prompting results,
(4) API cost estimates, and (5) expanded cluster
definitions and analysis.

A.1 Prompt Format Examples
We show two full prompt examples in the CoT
setting: one using only a causal graph (Graphs)
and one using both the passage and graph (TAG).
These correspond to the instance in Figure 1.

A.1.1 Graphs – CoT Prompt
### Instruction ###
You are provided with a causal graph and
examples showing how to answer. Use only
the graph and answer “yes” or “no” only.

### Graph ###
The event "riot police deployed" blocks
the event "protest rally".
The event "political opposition" enables
the event "political opposition called
rally".
The event "political opposition called
rally" enables the event "protest
rally".
The event "music" enables the event
"draws many people to festival".
The event "dancing" enables the event
"draws many people to festival".
The event "speeches" enables the event
"draws many people to festival".

### Examples ###
Question: Did "protest rally" happen
after "riot police deployed"?

Modality Input Zero Few CoT

Text
Text ✓ ✓ ✓
Graph
Examples ✓ ✓

Graphs
Text
Graph ✓ ✓ ✓
Examples ✓ ✓

TAG
Text ✓ ✓ ✓
Graph ✓ ✓ ✓
Examples ✓ ✓

Table 6: Components used in each prompt configura-
tion.

Answer: no
Question: Did "music" cause "draws many
people"?
Answer: yes

### Question ###
Did "gathered" happen while the
organizers made a statement?
### Answer ###

A.1.2 TAG – CoT Prompt
### Instruction ###
You are provided with text, a causal
graph, and examples showing how to
answer. Integrate both and answer “yes”
or “no” only.

### Text ###
Organizers state the two days of music,
dancing, and speeches is expected to
draw some two million people. But as
supporters gathered in the north, riot
police deployed in Lagos to break up a
protest rally called by the political
opposition.

### Graph ###
[Same graph as above]

### Examples ###
[Same examples as above]

### Question ###
Did "gathered" happen while the
organizers made a statement?
### Answer ###

A.2 Prompt Component Matrix

Table 6 summarizes which components appear in
each of the nine prompting configurations used in
TAG-EQA.

A.3 API Cost Estimate

We compute cost estimates for GPT-3.5 and GPT-
4o using OpenAI’s May 2025 pricing. Table 7
shows that a full CoT evaluation with GPT-4o
would exceed $950, so we restrict GPT results to
the Small subset.
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Model Prompt Type Total Tokens Cost (USD)

GPT-3.5 Zero-shot 9.7M in / 53k out $4.95
GPT-3.5 Few-shot 12.6M in / 53k out $6.36
GPT-4o CoT 21.1M in / 212M out $957.16

Table 7: Estimated cost to run GPT models on Full
dataset.

A.4 Per-Model Prompting Results
We report accuracy for each model across all 3× 3
prompting configurations. These tables comple-
ment Section 5.4 and clarify which strategies and
modalities are most effective for different architec-
tures.

T5. Performs best with Few+Text, but de-
grades when structure or reasoning is added.

Prompt Type Text Graphs TAG

Zero 54.1 58.0 52.6
Few 58.5 57.5 51.9
CoT 55.2 56.9 50.4

Table 8: T5 accuracy across all strategies and modali-
ties.

QwQ. Excels with TAG+Few and TAG+CoT.
Gains are consistent across most settings.

Prompt Type Text Graphs TAG

Zero 66.8 66.8 74.5
Few 70.2 70.5 79.4
CoT 65.8 72.7 74.8

Table 9: QwQ accuracy across all strategies and modal-
ities.

GPT. Best performance under CoT
(GPT-4o). GPT-3.5 shows smaller
gains and flat modality sensitivity.

Prompt Type Text Graphs TAG

Zero 58.7 56.8 58.8
Few 52.7 63.0 59.3
CoT 72.3 71.1 70.6

Table 10: GPT accuracy across all strategies and modal-
ities.
Note: All GPT results are reported on the Small subset due to
API cost constraints.

A.5 Expanded Cluster Definitions
We extend TORQUESTRA’s original eight clus-
ter categories into thirteen to better capture event-
centric reasoning. Table 11 aligns our expanded
taxonomy with the original groups.

A.6 Cluster-Based Accuracy Analysis
We present accuracy trends by question category
across all prompting configurations.

Expanded Category Original Cluster

causal causal
counterfactual causal (extended)
event event
existential event (subtype)
future future
negative event (negative polarity)
occurrence event / temporal
past past
positive event (positive polarity)
possible possible
present present
temporal_conflict temporal_conflict
unknown unknown

Table 11: Expanded category mapping.

T5: Best with Few+Text on most clusters. Accu-
racy drops with Graphs+CoT.
QwQ: Excels with TAG+CoT. Leads in most struc-
tured and relational categories.
GPT (3.5/4o): CoT (GPT-4o) performs best
across categories like causal and past; GPT-3.5
(Zero/Few) is stable but less sensitive to modality.
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Figure 4: Cluster-wise Accuracy by Model and Prompting Strategy. Accuracy across thirteen question categories
for each model (T5, QwQ, GPT) under three prompting strategies: Zero–Text (blue), Few–Text (red), and CoT with
TAG input (yellow). QwQ and GPT benefit most from graph-augmented CoT prompting on structured categories
such as causal, past, and temporal_conflict. T5 performs best with Few–shot but struggles to integrate structure
and reasoning. All models show weaker performance on underspecified or speculative categories like possible and
unknown.
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Figure 5: Cluster-wise Accuracy by Model and Prompting Strategy. Accuracy across thirteen question categories
for each model (T5, QwQ, GPT) under three prompting strategies: Zero–Text (blue), Few–Text (red), and CoT with
TAG input (yellow). QwQ and GPT benefit most from graph-augmented CoT prompting on structured categories
such as causal, past, and temporal_conflict. T5 performs best with Few–shot but struggles to integrate structure
and reasoning. All models show weaker performance on underspecified or speculative categories like possible and
unknown.
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Abstract

Recent vision–language models excel at large-
scale image–text alignment but often neglect
the compositional structure of language, lead-
ing to failures on tasks that hinge on word order
and predicate–argument structure. We intro-
duce DisCoCLIP, a multimodal encoder that
combines a frozen CLIP vision transformer
with a novel tensor network text encoder that
explicitly encodes syntactic structure. Sen-
tences are parsed with a Combinatory Cate-
gorial Grammar parser to yield distributional
word tensors whose contractions mirror the
sentence’s grammatical derivation. To keep
the model efficient, high-order tensors are fac-
torized with tensor decompositions, reducing
parameter count from tens of millions to un-
der one million. Trained end-to-end with a
self-supervised contrastive loss, DisCoCLIP
markedly improves sensitivity to verb seman-
tics and word order: it raises CLIP’s SVO-
Probes verb accuracy from 77.6% to 82.4%,
boosts ARO attribution and relation scores
by over 9% and 4%, and achieves 93.7% on
a newly introduced SVO-Swap benchmark.
These results demonstrate that embedding ex-
plicit linguistic structure via tensor networks
yields interpretable, parameter-efficient repre-
sentations that substantially improve composi-
tional reasoning in vision–language tasks.

1 Introduction

Vision-language understanding is a key challenge
in AI, with applications to image captioning
and multimodal retrieval. Models like OpenAI’s
CLIP (Radford et al., 2021) have shown that large-
scale joint embeddings can effectively connect
visual and textual data. However, these mod-
els mainly rely on Transformer architectures with
dense attention, which may overlook the linguistic
structure. For instance, recent evaluations of CLIP-
like models show that they often ignore word or-
der, acting like bags-of-words (Thrush et al., 2022;

Jiang et al., 2024; Li et al., 2024). The Attribution,
Relation and Order (ARO) benchmark (Yuksek-
gonul et al., 2023) checks if they are able to under-
stand the correct word order. Similarly, the SVO-
probes benchmark (Hendricks and Nematzadeh,
2021) tests if these models mainly focus on nouns,
or are also able to recognise verbs. Both of these
issues have been common challenges for vision-
language models.

It has been argued that these challenges stem
from CLIP-like models being trained on web-
sourced image-caption pairs, where captions (often
alt-texts) frequently ignore word order and verb
usage. As a result, their contrastive learning is not
sensitive to linguistic structure (Yuksekgonul et al.,
2023). While training with hard negatives could
address this, such samples are costly to source. In-
stead, we introduce DisCoCLIP, the first model for
vision and language with a text encoder that fully
incorporates the compositional linguistic structure
of text with the distributions of the words therein.
To achieve this, we represent sentences as tensor
networks, where each word is encoded as a ten-
sor and interactions between words are captured
through a series of tensor contractions.

The advantages of using a tensor network text
encoder are twofold. First, it enables explicit en-
coding of both syntactic structure and statistical
semantic information, making the resulting text
representations more interpretable than those pro-
duced by transformer-based encoders. Second, ten-
sor network decompositions can dramatically re-
duce the number of parameters required, allowing
for efficient modelling of high-order interactions
without incurring exponential growth in tensor size.
Tensor networks are widely used in quantum ma-
chine learning to capture higher order data corre-
lations (Biamonte et al., 2017; Schuld et al., 2015;
Stoudenmire and Schwab, 2016; Cichocki et al.,
2016). Their use in vision-language tasks might
lead to further advantages coming from the quan-
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tum world.
DisCoCLIP was evaluated on two existing

benchmarks on compositional capability: SVO-
Probes and ARO, as well as on a new SVO-Swap
benchmark created by swapping subjects and ob-
jects. We compare the performance of DisCoCLIP
with CLIP, OpenCLIP (Ilharco et al., 2021) and
BLIP (Li et al., 2022) on these benchmarks.

DisCoCLIP outperforms CLIP and OpenCLIP
on verb understanding by 4.82% and 1.01%. It
also outperforms CLIP in overall performance by
1.3%, but falls behind OpenCLIP and BLIP by
2.05% and 7.9%. On SVO-Swap, it achieves an
accuracy of 93.68% outperforming all three of
CLIP, OpenCLIP and BLIP by a large margin
(30.52% − 57.04%). On ARO-Relation, again
it outperforms all three of the CLIP models by
4.28%− 5.1%, in ARO-Attribution, it outperforms
CLIP and OpenCLIP by 9.01% and 10.88%, but
falls behind BLIP by 8.45%.

In summary, DisCoCLIP achieves comparable
performance to transformer-based models with or-
ders of magnitude fewer parameters. The use of
tensor decomposition enables efficient represen-
tation and computation, making our model more
parameter-efficient and potentially more robust
when training data is limited. To our knowledge, it
is the first time that the theory of tensor networks
has been used to model the structure of language or
used in vision-language tasks. Our work provides
a new witness for the applications of tensor net-
works to machine learning and further showcases
the advantage of using them.

2 Related Work

Several approaches have been proposed to address
these challenges in vision-language models. Some
incorporate aspects of linguistic structure (Jiang
et al., 2024), others introduce hard negatives (Li
et al., 2024), and some incentivize learning by ex-
plicitly rewarding the model for capturing linguis-
tic elements such as adjectives and verbs (Thrush
et al., 2022).

Tensor networks were introduced to make the
numerical treatment of many-body quantum states
feasible by exploiting their internal structure
(White, 1992). Such states naturally live in expo-
nentially large tensor-product spaces, which are dif-
ficult to handle directly. A tensor network circum-
vents this by factorizing a single, high-order tensor
into a set of lower-order tensors, whose indices are

glued together by contraction operations. In a Ten-
sor Train (also known as a Matrix Product State, or
MPS), these tensors are arranged in a strictly one-
dimensional sequence, with each tensor contracted
only to its immediate predecessor and successor
through shared bond indices; by contrast, a Tree
Tensor Network connects tensors in a branching,
hierarchical structure. Tensor networks have found
applications outside physics, especially in machine
learning where they are used for sequence mod-
elling (Harvey et al., 2025), optimizing the com-
putations of neural networks (Ahromi and Orús,
2024; Novikov et al., 2015), and in general any
large-scale optimization problem (Cichocki et al.,
2017), such as latent feature extraction (Stouden-
mire, 2018) and security (Aizpurua et al., 2025).
Their decomposition methods have been tested on
image classification tasks (Roberts et al., 2019; Rao
et al., 2020; Serafini and d’Avila Garcez, 2017),
word statistics, and document retrieval from large
corpora of text (Miller et al., 2021; Zhang et al.,
2019; Liu et al., 2005; Bouchard et al., 2015).

Tensors and the contraction operation between
them were also used in a model of meaning known
as “compositional distributional semantics” (Ba-
roni and Zamparelli, 2010; Maillard et al., 2014;
Grefenstette and Sadrzadeh, 2011; Yeung and Kart-
saklis, 2021). In this model, the meaning of each
word is either a vector or a higher-order tensor. The
orders of the tensors are determined by the gram-
matical roles of words. Meanings of nouns are vec-
tors, where as meanings of words with functional
roles such as adjectives and verbs are matrices and
cubes. DisCoCLIP is inspired by compositional
distributional semantics and the theory of tensor
networks. We denote the meaning of a piece of text
by a tensor network. In this tensor network, the ten-
sors encode meanings of words, the layout of the
tensor network represents the syntactic structure
of the sentence. Other tensor network layouts are
used as baselines to test how useful is encoding less
structure, such as word order and bags-of-words.

Another key novelty of our model is that it ex-
tends compositional distributional semantics to a
multimodal setting. Previous multimodal adap-
tations include (Lewis et al., 2024) for compo-
sitional concept learning, (Nazir and Sadrzadeh,
2024) for audio-text retrieval, and (Wazni et al.,
2024) for verb understanding in CLIP. However,
DisCoCLIP differs from these approaches in two
important ways. First, our model is more general:
It handles sentences of arbitrary syntactic structure,
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Transformer

�

Tree|Compact|Cups|Spider

Woman holds cat
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Contractor
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Figure 1: An illustration of the architecture of DisCoCLIP, which consists of a text encoder based on a structure-informed
tensor network of words, and a vision encoder based on a Vison Transformer (ViT). The Structural Parser converts the input text
into a tensor network, based on the chosen structure which could be any of the four types: Tree, Compact, Cups or Spider. The
tensor network is then contracted by the Tensor Network Contractor, which computes an optimal contracting order to obtain a
single vector representing the meaning of the input text. The input image is processed by Vision Transformer (ViT) to obtain a
vector representation of the image. The text and image vectors are then used to compute a similarity score, which is used for
training the model and for downstream evaluation.

whereas prior work typically focuses on specific
constructions such as subject-verb-object (Lewis
et al., 2024; Wazni et al., 2024) or adjective-noun
pairs (Nazir and Sadrzadeh, 2024). Second, DisCo-
CLIP features an end-to-end pipeline trained with
a single objective function, in contrast to previous
methods that require a separate objective for their
different text and audio/image model components.
This unified approach enables more flexible and
scalable multimodal learning.

3 Basics of Tensor Networks

A tensor network is a collection of tensors con-
tracted together to form a new tensor. An order-
n tensor T is a multi-dimensional array T ∈
Rd1×···×dn , where di is the dimension of the i-th
index. Elements are denoted by Ti1,...,in , with each
ik ranging from 0 to dk−1. Scalars, vectors, and
matrices are tensors of order 0, 1, and 2, respec-
tively.

Tensor contractions. Tensors can be multiplied
together by contracting over a shared index, which
generalizes matrix multiplication. For example,
given two tensors A ∈ Rd1×d2 and B ∈ Rd2×d3 ,
their contraction over the second index yields a new

scalar vector matrix order-3 tensor

dot-product matrix-vector bilinear form

Figure 2: Graphical representation of tensor networks.
A tensor is depicted as a node with one edge for each
index of the tensor. For example a scalar has no edge,
a vector has one edge, a matrix has two edges and an
order-3 tensor has 3 edges. An edge of a node can be
connected to another edge of another node, forming
a contraction, which is a generalised form of matrix
multiplication.

tensor C ∈ Rd1×d3 :

Ci1,j1 =

d2∑

k=1

Ai1,k Bk,j1

This operation extends naturally to higher-order
tensors by summing over any shared index.

Ci1,...,ip,j1,...,jq =
∑

k1,...,kr

Ai1,...,ip,k1,...,kr

× Bk1,...,kr,j1,...,jq
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where the indices k1, . . . , kr are summed over, rep-
resenting the contracted dimensions shared by A
and B. This operation generalizes matrix multipli-
cation and inner product to higher-order tensors.

Graphical representation. Tensor contractions
involving multiple tensors can be difficult to reason
about. The graphical representation of tensors, as
shown in Figure 2, provides a more intuitive way
of visualizing them. In this representation, tensors
are depicted as nodes and their indices as edges,
with edges common to two tensors indicating a
contraction.

Tensor decomposition. As the number of pa-
rameters grows exponentially with the tensor or-
der, computing with them becomes costly. Ten-
sor networks were originally introduced to effi-
ciently represent high-order tensors by decompos-
ing them into a network of lower-order tensors.
The number of parameters of an order-n tensor
T ∈ Rd0×d1×d2×···×dn is given by the product of
its dimensions, d0d1d2 · · · dn.

order-5 tensor

7−→
Matrix Product State

d1d2d3d4d5 d1b+ (d2 + d3 + d4)b
2 + d5b

Figure 3: The decomposition of an order-5 tensor into a
Matrix Product State (MPS). The red edges are called
the bonds and their dimension is called the bond dimen-
sion b. Below the tensors, we show the formulas for
the number of parameters required to represent the full
order-5 tensor (bottom left) and its MPS decomposition
(bottom right).

In many practical scenarios, representing a high-
order tensor with all of its exponentially many pa-
rameters is unnecessary. Instead, the tensor can
often be efficiently approximated or even exactly
represented by decomposing it into a network of
lower-order tensors. This decomposition, called
a tensor network, greatly reduces the number of
parameters and enables scalable computation.

A canonical example is the ground state of a
quantum many-body system, which can be ef-
ficiently represented by a Matrix Product State
(MPS) (Fannes et al., 1992), also known as a Ten-
sor Train. An MPS expresses a high-order tensor
as a sequence (or “train”) of lower-order tensors
connected by contracted indices, as illustrated in
Figure 3. The contractions between neighboring
tensors are called bonds and their dimensions are

Alice loves Bob

Tree

Alice loves Bob

Spider

Alice loves Bob

Compact

START Alice loves Bob

Cups

Figure 4: The four types of tensor networks considered in
this paper: Compact and Tree are based on the CCG gram-
mar, Cups preserves word order and Spider is a bag-of-words
model. Each rectangle represents a node in the tensor net-
work. The black dot in Spider is the copy node, which is
operationally equivalent to element-wise multiplication.

called bond dimensions. The dimension of each
bond index is the bond dimension b, which controls
the expressiveness and parameter count of the MPS.
The total number of parameters in the MPS is

(d1 + dn)b+

n−1∑

k=2

dkb
2,

assuming all bond dimensions are equal to b. This
is typically much smaller than the d1d2 · · · dn pa-
rameters required for a full tensor, making MPS an
efficient representation for high-order tensors. For
the rest of this paper, we will use a uniform dimen-
sion denoted by d and a uniform bond dimension
denoted by b for simplicity. We denote the num-
ber of parameters in an MPS representation of an
order-n tensor as

#MPS(n, d, b) =

{
d, n = 1

2db+ (n− 2)db2, n ≥ 2
(1)

Other than MPS, other common tensor network
decompositions include the Tree Tensor Network
(TTN) (Shi et al., 2006), which arranges tensors in
a tree structure, and the Projected Entangled Pair
State (PEPS) (Verstraete and Cirac, 2004), which
arranges tensors in a 2D lattice. These decomposi-
tions are useful for different applications and can
be adapted to specific data structures.

4 Methodology

Our main contribution is to replace CLIP’s
Transformer-based text encoder with a tensor net-
work encoder, resulting in a new vision-language
model we call DisCoCLIP. In DisCoCLIP, the text
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encoder constructs sentence embeddings using ten-
sor networks that explicitly encode linguistic struc-
ture, while the image encoder remains the original
CLIP vision transformer. By varying the layout
of the tensor network, we can control the level of
syntactic and semantic information captured in the
text representation.

Given an image-caption pair, DisCoCLIP pro-
cesses them in the following steps (see Figure 1):

1. The sentence is parsed to extract its syntactic
structure.

2. A tensor network is constructed based on the
parse tree, where each word is represented by
a tensor node.

3. The tensor network is contracted to produce
a fixed-size vector embedding for the entire
sentence.

4. The image embedding is computed using a
Vision Transformer (ViT).

5. The text and image embeddings are compared
to compute a similarity score, which is used
for training the model and for downstream
evaluation.

For step 1, we use the state-of-the-art
BobcatParser (Clark, 2021) from the Lambeq
library (Kartsaklis et al., 2021) to obtain the Com-
binatory Categorial Grammar parse trees of the
sentences (Ades and Steedman, 1982; Steedman,
1987, 2000) .

Combinatory Categorial Grammar (CCG) is a
highly expressive formalism for modeling natural
language syntax and semantics. In CCG, each word
is assigned a syntactic category that reflects both
its grammatical role and its combinatory potential.
Categories are either atomic (such as noun phrase
NP or sentence S) or functional, where functional
categories specify how a word combines with its
arguments. Functional types take the form Y/X or
Y \X , indicating that the word expects an argument
of type X to its right (/) or left (\), and yields a
result of type Y . For example, adjectives have type
NP/NP , intransitive verbs have type S\NP , and
transitive verbs have type (S\NP )/NP .

The combinatory rules of CCG allow for the
composition of these categories to cancel out the
functional types and yield a sentence S type. The
two main rules are forward application (>) and
backward application (<):

X/Y Y

X
>

Y X\Y
X

<

where X and Y are any CCG types. These rules al-
low for the composition of words into phrases and
sentences, following the syntactic structure of the
language. For example, the sequence “Alice loves
Bob” can be reduced to a sentence S by first assign-
ing the atomic category NP to both “Alice” and
“Bob”, and the functional category (S\NP )/NP
to “love” and then applying the forward and back-
ward application rules as follows:

Alice
NP

loves
(S\NP )/NP

Bob
NP

S\NP >

S
<

Other CCG rules include forward and backward
composition, which are used to combine auxil-
iary verbs with their arguments, and forward and
backward cross-composition, used to combine cat-
egories with long distance dependencies such as
gapping. Another notable CCG rule is type-raising,
which enables specific combinations of categories,
e.g. from left to right. This feature helps the CCG
align with Psycholinguistic theories. For instance,
in English, it will allow categories to combine from
left to right and form incremental parses that sup-
port theories of human sentence processing.

A distributional compositional (DisCo) seman-
tics has been developed for CCG (Grefenstette and
Sadrzadeh, 2011; Yeung and Kartsaklis, 2021; Wi-
jnholds et al., 2020). This semantics assigns to
a word w with a CCG category composed of n
atomic categories a multilinear map fw with n ar-
guments

fw : V1 × V2 × · · · × Vn → Vn+1

Each Vi is a finite-dimensional vector space over
the field of reals R. Equivalently, fw can be repre-
sented by a tensor of in the space

fw ∈ V1 ⊗ V2 ⊗ · · · ⊗ Vn+1

Here, each atomic type corresponds to an index
of the tensor. For example, a noun with the type
NP is assigned a vector (order-1 tensor), while
an adjective with the type NP/NP is assigned a
linear map that takes a vector and returns a vector,
which can be represented as a matrix (order-2 ten-
sor). A transitive verb with the type (S\NP )/NP
is assigned a bilinear map that takes two vectors
and returns another vector, i.e. a cube (an order-3
tensor), and so on. For the general formulae of
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these representations, see (Maillard et al., 2014)
and (Wijnholds et al., 2020).

Given the CCG parse tree, the word tensors are
composed by performing tensor contractions that
mirror the syntactic reductions specified by the tree.
Each time a combinatory rule (such as forward or
backward application) is applied in the parse, the
corresponding word tensors are contracted along
the appropriate indices. This process recursively
combines the tensors according to the grammatical
structure, ultimately yielding a single vector repre-
sentation for the entire sentence. Such semantics
was developed in (Maillard et al., 2014; Wijnholds
et al., 2020) and leads to the Compact tensor net-
work structure.

An alternative semantics presented in (Yeung
and Kartsaklis, 2021) assigns to every word a vec-
tor and models the grammatical compositions (rep-
resented by CCG rules such as forward and back-
ward application) by a shared order-3 tensor. This
tensor acts as a universal composition operator of
all compositional operators. This approach yields
the Tree tensor network structure, where the parse
tree topology is preserved but all internal nodes use
the same composition tensor to combine their child
representations.

4.1 Text Encoder Structures
We consider four types of tensor network structures:
Tree, Compact, Cups, and Spider, as illustrated
in Figure 4. Every tensor node in the networks is
a trainable parameter, which is learned during the
training process.

The Tree structure is based on the CCG parse
tree of the sentence, where each word is represented
as a vector node and an order-3 tensor is used to
compose these word nodes to form non-terminal
terms in the parse tree.

The Compact structure is a variant of the Tree
structure, where every non-terminal node in the
parse tree is absorbed by one of its parents, result-
ing in a more compact representation where some
word nodes become higher-order tensors.

The Cups structure is a variant of Tensor Train
(or MPS) where each word is an order-2 tensor,
connected in a chain to preserve word order. The
first word connects to a special start node while
the last word outputs the sentence embedding.

The Spider structure implements a bag-of-words
model, where each word is represented as a vector
node and all word nodes are contracted through a
special copy node to produce a single output vector.

This copy node, of order n, is a tensor C ∈ Rdn

defined as

Ci1,i2,...,in =

{
1 if i1 = i2 = · · · = in,

0 otherwise.

Contracting n − 1 indices of the copy node with
n − 1 word vectors yields their element-wise
(Hadamard) product, producing a multiplicative
bag-of-words sentence embedding.

Parameter count. Each tensor network struc-
ture has a different parameter count, determined by
the number and order of word tensors and any com-
position tensors. Let |V | be the vocabulary size.
For Compact, let |V r| be the number of words
with order-r tensors, and #MPS(r, d, b) the param-
eter count for an order-r MPS (see Eq. (1)). Table 1
summarizes the counts.

Structure Words Composition

Tree |V |d 2db+ db2

Compact
∑

r |V r|#MPS(r, d, b) 0
Spider |V |d 0
Cups |V |d2 d

Table 1: Number of parameters for each tensor network
structure.

5 Contrastive Learning

We train DisCoCLIP using contrastive learning,
where the image encoder f (frozen CLIP) and the
tensor network text encoder g map image-caption
pairs (x, y) to embeddings (x,y). The goal is to
bring true (positive) pairs closer and push (nega-
tive) mismatched pairs apart in the joint embed-
ding space. For a batch of B positive pairs, all
non-matching image-caption combinations in the
batch (B(B − 1)) serve as negatives, following
the in-batch negative sampling of CLIP (Radford
et al., 2021). These are considered easy negatives,
as opposed to more challenging, hand-crafted hard
negatives.

We use the widely adopted InfoNCE
loss (van den Oord et al., 2018) to train the
model. Given a batch of B image-caption pairs
with embeddings xi = f(xi) and yi = g(yi), the
InfoNCE loss is

L = −
B∑

i=1

log
exp(s(xi,yi)/τ)∑B
j=1 exp(s(xi,yj)/τ)

, (2)

where τ is a temperature parameter and s(x,y) is
the cosine similarity between the image embedding
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x and the caption embedding y. Here, the numer-
ator measures similarity for positive (matching)
pairs (i = j), while the denominator includes all
pairs in the batch, serving as negatives when i ̸= j.
The loss thus encourages higher similarity for true
pairs and lower for mismatched ones.
We evaluate our approach on two key benchmarks
for vision-language understanding: SVO-Probes
and ARO. The SVO-Probes dataset is designed to
test whether models can distinguish fine-grained
changes in the image which corresponds to varia-
tions in subject, verb, or object. The task is to de-
termine which of the two images correctly matches
a given caption. In contrast, the ARO (Attribution,
Relation, and Order) dataset assesses a model’s
ability to correctly compose meanings in a sentence.
The task is to determine which of the two cap-
tions correctly describes a given image. Together,
these datasets provide a comprehensive evaluation
of both compositional and structural language un-
derstanding in multimodal models.

5.1 SVO-Probes
For SVO-Probes, we prompted the language model
Llama-3.2-3B (Grattafiori et al., 2024) to cor-
rect grammatical and spelling mistakes as the orig-
inal dataset contained errors from crowdsourced
captions. The exact prompt used can be found in
the Appendix A. The images in the SVO-Probes
dataset were not available for download from the of-
ficial repository; therefore, we attempted to down-
load them from the Internet using the provided
URLs on 2 May 2025. However, many of the URLs
were no longer active, and we were only able to
download 8,984 images of the total 14,097 images
in the dataset, resulting in a reduction of the dataset
size from 36,841 to 20,458 entries.

To ensure a reasonable train-test vocabulary over-
lap, we filtered out entries that contained words that
appeared fewer than 50 times in the entire dataset,
yielding 8,984 image-caption pairs split 60/20/20
for training, validation, and test, with no image
overlap between splits. We also introduced a new
dataset: SVO-Swap. This is a set of 95 evalua-
tion pairs created by swapping subjects and objects
(when both refer to humans or animals) in SVO-
Probes captions.

The SVO-Probes benchmark is divided into three
subsets: Subject, Verb, and Object. Each of these
corresponds to the specific component of the sen-
tence that differs between the two alternatives. This
structure enables a fine-grained evaluation of the

model’s ability to distinguish changes in the lin-
guistic roles of the words within a caption.

5.2 ARO

The ARO dataset consists of four different sub-
sets: Visual Genome Attribution (VG-A), Visual
Genome Relation (VG-R), COCO Order and Flickr
Order. The way these subsets are constructed was
to first gather a set of positive image-caption pairs,
and then apply a certain modification to the cap-
tions to form negative captions. In the VG-A subset,
positive pairs are chosen to be images with two ob-
jects and each gets an attribute. For example the
silver fork and the round plate contains a fork that
is silver, and a plate that is round. The correspond-
ing negative caption would be the round fork and
the silver plate, where the attributes for the two
objects are swapped. For the VG-R subset, posi-
tive pairs are images with a relation involving two
objects. For example For ARO-Attribution (with
28,748 entries) and ARO-Relation (with 23,937 en-
tries), we used a 70/15/15 split without frequency
filtering, as vocabulary overlap was sufficient.

5.3 Training

For each structure (Tree, Compact, Spider and
Cups), we trained the tensors for 10 epochs, us-
ing the AdamW optimizer (Loshchilov and Hutter,
2019) with a learning rate of 10−3, a weight decay
of 10−2 and a batch size of 64. We also experi-
mented with bond dimensions 2, 5, 10, 15 and 20 in
the MPS decomposition. Training was performed
on an Apple M1 MacBook with 16GB RAM, utiliz-
ing the PyTorch Metal Performance Shaders (mps)
backend to accelerate tensor operations on the GPU.
Each epoch required several minutes, and the total
training time for all experiments was approximately
one day. The code used for the experiments is avail-
able at github.com/kinianlo/discoclip.

5.4 Results

Table 2 reports our performance on SVO-Probes
and ARO. Although BLIP achieves the highest raw
scores on SVO-Probes subsets( Subjects (91.88),
Verbs (88.58), Objects (96.37)), our Compact
model remains a strong second overall (83.55) and
is the clear leader among non-BLIP approaches.
Notably, Compact scores higher on Verbs (82.42)
than on Subjects (80.74), reversing the typical
trend seen in all other models and underscoring
its structure-aware design for modeling action se-
mantics. On the SVO-Swap benchmark, Compact

322

https://github.com/kinianlo/discoclip


SVO-Probes SVO-Swap ARO
Subject Verb Object Overall Attribution Relation

Spider 83.29 76.48 86.64 80.95 50.00 50.00 50.00
Cups 74.25 75.36 86.83 78.35 84.21 63.07 52.68
Tree 89.79 79.40 85.88 83.66 47.37 55.11 52.36
Compact 80.74 82.42 87.79 83.55 93.68 70.01 55.81

CLIP (ViT-B-32) 82.83 77.60 90.08 82.36 57.89 61.00 51.53
OpenCLIP (ViT-B-32) 85.15 81.41 93.51 85.71 63.16 59.13 50.71

BLIP (itm-base-coco) 91.88 88.58 96.37 91.56 36.84 78.46 52.90

Table 2: Results on the SVO-Probes, SVO-Swap and the ARO datasets. Best accuracies are bolded for each subset.

Dataset Caption ✓ Positive image p Negative image

SVO-Probes A father holds a baby

Dataset Image ✓ Positive caption p Negative caption

SVO-Swap A woman holds a
puppy

A puppy holds a
woman

ARO-Relation The bus is to the right
of the building

The building is to the
right of the bus

ARO-Attribution The dark brown icing
and the silver fork

The silver icing and the
dark brown fork

Figure 5: Example entries from the datasets used in this work.

excels with 93.68, highlighting its robustness to ar-
gument perturbations. Finally, on ARO, Compact
outperforms every model on Relation attribution
(55.81) and closely matches BLIP on Attribution
(70.01), demonstrating that embedding syntactic
structure as an inductive bias without hard-negative
training yields consistently strong relational rea-
soning and verb understanding.

It is noteworthy that although BLIP achieved the
highest overall accuracy on SVO-Probes (91.56),
it performed poorly on our new SVO-Swap bench-
mark (36.84). The underlying causes of this dis-
crepancy remain under investigation.

By contrast, the baseline models Spider and
Cups deliver the poorest performance, underscor-
ing that correct structural encoding is essential for
compositional understanding. As a bag-of-words
model, Spider produces identical representations
for both candidate captions in SVO-Swap and ARO,
resulting in a flat 50 percent accuracy on these tasks.
This failure further illustrates the necessity of in-
corporating explicit linguistic structure rather than
relying solely on word co-occurrence.

Parameter Efficiency As shown in Table 1, our
Compact text encoder requires only 537,600 pa-
rameters on the SVO-Probes benchmark—over two
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Figure 6: Performance of models on the SVO-Probes
Subject, Verb, and Object subsets.
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Figure 7: Performance of models on the SVO-Swap and
ARO Attribution and Relation benchmarks.

orders of magnitude fewer than CLIP’s 63,428,097
and BLIP’s 137 258 496—benefiting from its
tensor-train factorization and the relatively small
vocabulary size. On the ARO benchmark, Com-
pact uses 28,309,504 parameters—approximately
two times fewer than CLIP’s text encoder—while
still outperforming CLIP in both attribution and
relation accuracy.

Model SVO ARO

Spider 55, 296 735, 744
Cups 1, 659, 392 14, 715, 392
Tree 185, 856 797, 184
Compact 537, 600 28, 309, 504

CLIP 63,428,097
OpenCLIP 63,428,097
BLIP 137,258,496

Table 3: Parameter counts for each text encoder model.

6 Conclusion

In this work, we introduced DisCoCLIP, a
vision-language model that replaces the standard
Transformer-based text encoder with a structure-
informed tensor network. By leveraging the compo-
sitional layouts of tensor networks inspired by com-
positional distributional semantics and quantum-

inspired tensor decompositions, our approach ex-
plicitly encodes linguistic structure and achieves
competitive performance on challenging multi-
modal benchmarks such as SVO-Probes and ARO.
Our experiments demonstrate that structure-aware
tensor networks, particularly the Compact model
that was a dense variant of the syntactic parse
tree, can match or surpass classical neural mod-
els in tasks requiring fine-grained understanding
of sentence structure. Our model also uses sig-
nificantly fewer number of parameters in compar-
ison to Transformer-based models such as CLIP.
These results highlight the potential of tensor net-
work architectures as interpretable and parameter-
efficient alternatives for multimodal learning. Fu-
ture work will explore scaling these models to
larger datasets, working with complex datasets
such as Winoground (Thrush et al., 2022), explor-
ing the quantum connections and training circuit
ansatze, and extending the approach to more com-
plex linguistic phenomena.

7 Limitations

A limitation of this work is its evaluation on smaller,
curated datasets rather than the web-scale data used
to train many contemporary vision-language mod-
els. The SVO-Swap benchmark comprises only 95
evaluation pairs. Consequently, the performance
reported on this task is not statistically robust.

Our pipeline introduces a dependency on the
CCG parser. Errors from the parser can propagate
through the pipeline, resulting in ill-formed tensor
networks and inaccurate semantic representations.
In future work, longer and more complicated sen-
tences can be tested to see how parsing errors affect
the performance of DisCoCLIP.

The image encoder was kept frozen during train-
ing, meaning the text encoder learned to align with
a fixed set of visual features rather than co-adapting
with the image encoder. While this design choice
effectively isolates the contribution of the text en-
coder, training both the text and image encoder
could potentially yield further performance im-
provements.
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A Prompt for Grammatical Correction
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You are a grammar assistant expert in

Combinatory Categorial Grammar.
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### Variables
Subject: {subj}
Verb: {verb}
Object: {obj}

### Task
Turn the user’s caption fragment into a

single English sentence that:
- Is grammatically correct
- Has a valid CCG parse that leads to a

sentence output
- Has no spelling errors
- Has a main verb {verb} in simple

present tense only
- Has the subject ({subj}) first,

followed by the verb ({verb}), then
the object ({obj})

Additional rules:
- If the main verb is not {verb}, you

may remove parts of the user’s input
- If the user’s input is a question,

convert it into an affirmative
sentence.

If it’s already correct, repeat it
verbatim.

Respond **only** with the final sentence
.

### Example
Input: Girl standing in the grass.
Output: The girl stands in the grass.

Input: A person is telling the boy to
sit on the chair.

Output: The boy sits on the chair.

Input: The player backhands when he
plays tennis.

Output: The player plays a backhand when
he plays tennis.

Input: Can we take the kid for a walk on
the beach?

Output: The kid walks on the beach.

Input: Is this person resting under the
tree?

Output: The person rests under the tree.

### User
{input_sentence}
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Abstract

Semantic parsing of long documents remains
challenging due to quadratic growth in pair-
wise composition and memory requirements.
We introduce Hierarchical Segment-Graph
Memory (HSGM), a novel framework that
decomposes an input of length N into M
meaningful segments, constructs Local Se-
mantic Graphs on each segment, and extracts
compact summary nodes to form a Global
Graph Memory. HSGM supports incremental
updates—only newly arrived segments incur
local graph construction and summary-node
integration—while Hierarchical Query Pro-
cessing locates relevant segments via top-K
retrieval over summary nodes and then per-
forms fine-grained reasoning within their local
graphs.

Theoretically, HSGM reduces worst-case
complexity fromO(N2) toO

(
N k+(N/k)2

)
,

with segment size k ≪ N , and we derive
Frobenius-norm bounds on the approximation
error introduced by node summarization
and sparsification thresholds. Empirically,
on three benchmarks—long-document
AMR parsing, segment-level semantic role
labeling (OntoNotes), and legal event ex-
traction—HSGM achieves 2–4× inference
speedup, >60% reduction in peak mem-
ory, and ≥ 95% of baseline accuracy. Our
approach unlocks scalable, accurate seman-
tic modeling for ultra-long texts, enabling
real-time and resource-constrained NLP
applications.

Introduction

Natural language understanding of long docu-
ments—such as scientific articles, legal opinions, and
multi-turn dialogues—poses a fundamental challenge
for current semantic parsers. Many state-of-the-art
methods, including neural semantic role labeling (He
et al., 2017) and Abstract Meaning Representation
(AMR) parsing (Banarescu et al., 2013), rely on
pairwise composition of lexical or predicate–argument
units. As document length N grows, the number

of potential interactions scales as O(N2), leading
to prohibitive memory consumption and quadratic
inference time. This complexity barrier severely limits
the applicability of deep semantic models in real-time
and resource-constrained settings.

Prior work has explored sparse and chunked at-
tention (Beltagy et al., 2020; Zaheer et al., 2020)
or segment-level encodings (Liu and Lapata, 2019),
yet these solutions either sacrifice fine-grained se-
mantic relations or require costly global aggre-
gation steps. Graph-based approaches—constructing
sentence- or paragraph-level semantic graphs (Shao
et al., 2020)—offer more structure, but extending
them naively to document-scale graphs yields unman-
ageable graph sizes and query latencies. Incremental
graph updating has been proposed in streaming con-
texts (Hamilton et al., 2017), but these frameworks do
not address the joint problem of summarization-driven
sparsification and hierarchical querying for semantic
tasks.

To overcome these limitations, we introduce Hier-
archical Segment-Graph Memory (HSGM), a unified
framework that: (1) decomposes a long input of length
N into M semantically coherent segments and builds
a Local Semantic Graph on each segment, (2) extracts
compact summary nodes from each local graph to form
a lightweight Global Graph Memory, and (3) supports
incremental updates and hierarchical query process-
ing, whereby only newly appended segments incur full
local processing, and queries are resolved by first re-
trieving top-K summary nodes before conducting fine-
grained reasoning locally. By design, HSGM reduces
worst-case complexity from O(N2) to

O
(
N k + (N/k)2

)
,

for segment size k ≪ N , while provably controlling
the Frobenius-norm error introduced by node summa-
rization and edge sparsification.

We evaluate HSGM on three representative long-
text semantic tasks—document-level AMR parsing,
segment-level semantic role labeling, and legal event
extraction—and demonstrate 2–4× inference speedup,
over 60% peak memory reduction, and at least 95% of
baseline accuracy. Our contributions are:

• A novel hierarchical graph memory architecture
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Figure 1: Architecture of the Hierarchical Segment-
Graph Memory system for scalable long-text seman-
tics: the input document is split into coherent segments,
each segment yields a local semantic graph whose sum-
mary nodes are aggregated into a global graph memory
with incremental updates, and queries are answered via
hierarchical retrieval and fine-grained reasoning.

that unifies segmentation, local graph construc-
tion, and global summarization.

• An efficient incremental update mechanism and
theoretically grounded complexity–error trade-off
analysis.

• Empirical validation on diverse long-text bench-
marks, showing substantial efficiency gains with
minimal accuracy loss.

The remainder of this paper is organized as follows.
In Section we review related work on long-text mod-
eling and graph-based semantics. Section details the
HSGM framework, including graph construction, sum-
marization, and querying, we also present HSGM com-
plexity and approximation error bounds. Experimental
results appear in Section , and we conclude in Sec-
tion with future directions.

Related Work
Our work lies at the intersection of long-context NLP,
graph-based semantic parsing, hierarchical representa-
tion learning, and dynamic graph processing. We re-
view each strand in turn.

Long-Context NLP Models. Transformer-based
models struggle with long inputs due to the O(N2)
self-attention cost. Sparse attention methods such
as Longformer (Beltagy et al., 2020) and BigBird
(Zaheer et al., 2020) reduce computation via local and
global patterns, but they do not explicitly capture rich
semantic relations. Chunking approaches (Liu and
Lapata, 2019) or memory-augmented Transformers
(Sukhbaatar et al., 2019) allow longer contexts at some
loss of fine-grained structure.

Graph-Based Semantic Parsing. Graph representa-
tions (e.g., AMR (Banarescu et al., 2013), semantic role
graphs (He et al., 2017)) model predicate–argument
and discourse-level relations explicitly. Early work

built sentence-level graphs via treebank conversion
(Bos, 2005), while more recent neural parsers directly
predict graph edges (Wang, 2018). However, naively
extending these methods to document-scale graphs
leads to quadratic blowup in nodes and edges.

Hierarchical and Segment-Level Models. To mit-
igate global complexity, hierarchical encoders split in-
puts into segments and aggregate summary vectors. Hi-
erarchical attention networks (Yang et al., 2016) and
segment-aware Transformers (Chalkidis et al., 2022)
show benefits for classification and retrieval, but they
lack explicit graph structure. Recent work on segment-
graph hybrid models (Liu et al., 2022) suggests com-
bining local graph encoding with segment-level sum-
maries, yet does not support incremental updates or
theoretical error bounds.

Incremental and Dynamic Graph Processing.
Streaming and dynamic graph methods maintain
evolving graph structures without full recomputation.
GraphSAGE (Hamilton et al., 2017) and DynGEM
(Goyal et al., 2018) update embeddings incrementally,
but focus on social or citation networks rather than
semantic graphs. In NLP, few methods address incre-
mental parsing of document-scale semantic graphs
while guaranteeing efficiency–accuracy trade-offs.

Our Positioning. In contrast to prior sparse or hier-
archical Transformers, HSGM builds explicit local se-
mantic graphs and composes them via a compact global
memory. Unlike static graph parsers, HSGM supports
online, incremental updates with provable complexity
and approximation guarantees. To our knowledge, this
is the first framework to unify segmentation, graph-
based semantics, and dynamic memory for scalable
long-text understanding.

Method

We present the Hierarchical Segment-Graph Memory
(HSGM) framework, which addresses the computa-
tional challenges of long-document semantic modeling
through a hierarchical graph-based approach. HSGM
constructs local semantic graphs for document seg-
ments and maintains a global hierarchical memory for
efficient cross-segment reasoning.

Local Semantic Graph Construction

Given an input document D of length N , we partition
it into M contiguous segments S = {s1, . . . , sM},
where each segment si contains ni tokens Ti =
{ti,1, . . . , ti,ni

}. Each token ti,j is encoded using a pre-
trained language model ϕ : V → Rd to obtain embed-
dings vi,j = ϕ(ti,j ; θϕ).

We compute pairwise similarities using cosine sim-

ilarity ψ(vi,j , vi,k) =
v⊤i,jvi,k

∥vi,j∥·∥vi,k∥ and construct local
graphsGi = (Vi, Ei) where Vi = {vi,1, . . . , vi,ni} and
edges are formed based on adaptive thresholding:
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Figure 2: HSGM system architecture overview. (a)
Document segmentation into contiguous segments.
(b) Local semantic graph construction with adaptive
thresholding for each segment. (c) Hierarchical mem-
ory building through cross-segment attention and sum-
mary node aggregation. (d) Incremental update mech-
anism for streaming document processing. (e) Hierar-
chical query processing with top-K retrieval and local
graph reasoning. The framework enables efficient pro-
cessing of long documents while maintaining semantic
coherence through the hierarchical graph structure.

Ei = {(j, k) | ψ(vi,j , vi,k) ≥ δℓ(si)} (1)

where δℓ(si) = α · µψ(si) + β · σψ(si) with µψ(si)
and σψ(si) being the mean and standard deviation of
similarities in segment si.

Hierarchical Graph Memory

For each local graph Gi, we construct a summary node
gi using cross-segment attention:

gi = MLP (mean(Vi) + maxpool(Vi) + CA(Vi, Uprev))
(2)

where CA(Vi, Uprev) means CrossAttention, which
enables information flow between segments of long
contexts. The global graphH = (U,Eg) is constructed
as:

U = {g1, . . . , gM} (3)
Eg = {(p, q) | ψ(gp, gq) ≥ δg} (4)

where δg is computed as the 85th percentile of cross-
segment similarities plus a small margin.

Incremental Update Mechanism

When a new segment sM+1 arrives, we incrementally
update the hierarchical memory:

Algorithm 1 HSGM Hierarchical Construction

Require: Document D, encoder ϕ, similarity ψ, seg-
ment size k

Ensure: Hierarchical memory H = (U,Eg), local
graphs G

1: S ← Segment(D, k) {Document segmentation}
2: G ← ∅, U ← ∅
3: for si ∈ S do
4: Vi ← {ϕ(t) | t ∈ si} {Token encoding}
5: δℓ ← AdaptiveThreshold({Vi}) {Local thresh-

old}
6: Ei ← {(j, k) | ψ(Vi[j], Vi[k]) ≥ δℓ} {Edge

construction}
7: Gi ← (Vi, Ei),G ← G ∪ {Gi}
8: gi ← CrossAttention(Vi, U) {Summary node}
9: U ← U ∪ {gi}

10: end for
11: δg ← GlobalThreshold({U}) {Global threshold}
12: Eg ← {(i, j) | ψ(U [i], U [j]) ≥ δg} {Global

edges}
13: return H = (U,Eg),G

GM+1 = BuildLocalGraph(sM+1) (5)
gM+1 = GraphAggregator(GM+1, U) (6)

U ′ = U ∪ {gM+1} (7)

Eg
′
= Eg ∪ {(i,M + 1) | ψ(gi, gM+1) ≥ δ′g}

(8)

This enables efficient streaming document process-
ing with minimal computational overhead.

Hierarchical Query Processing
Given a query q, we encode it as qenc =
ϕ(q; θϕ)/∥ϕ(q; θϕ)∥ and retrieve the top-K most sim-
ilar summary nodes:

RK = arg max
S⊆U,|S|=K

∑

g∈S
ψ(qenc, g) (9)

For each retrieved segment i ∈ RK , we perform
local graph reasoning using Graph Convolutional Net-
works:

h
(0)
i = Vi (10)

h
(l+1)
i = σ(W (l) ·mean({h(l)j | j ∈ Ni}) + h

(l)
i

(11)

The final result is computed through attention-based
merging:

result =
∑

i∈RK

αi ·mean(h(L)i ) (12)

where αi = softmax(ψ(qenc, gi)).
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Algorithm 2 HSGM Query Processing

Require: Query q, memory H = (U,Eg), local
graphs G, top-K

Ensure: Query result r
1: qenc ← ϕ(q)/∥ϕ(q)∥ {Query encoding}
2: RK ← TopK(qenc, U,K) {Retrieval}
3: R ← ∅
4: for i ∈ RK do
5: hi ← GCN(Gi, qenc) {Local reasoning}
6: R ← R∪ {hi}
7: end for
8: α ← Attention(qenc, {gi | i ∈ RK}) {Attention

weights}
9: r ←∑

i∈RK
αi · Ri {Result merging}

10: return r

Theoretical Analysis
We provide comprehensive theoretical analysis of
HSGM’s computational and memory complexity. Let
k be the average segment size and M = N/k be
the number of segments. The time complexity can
be decomposed into local graph construction Tlocal =
O(Nk) and global memory construction Tglobal =
O((N/k)2), yielding total complexity Ttotal = O(Nk+
(N/k)2). For optimal segment size k =

√
N , we

achieve O(N3/2) complexity, significantly better than
the O(N2) complexity of full document graph con-
struction. The space complexity is O(N · d) where d
is the embedding dimension, providing linear memory
scaling with document length. For approximation error
bounds, given thresholds δℓ ≥ γℓ and δg ≥ γg , the ap-
proximation error is bounded by ∥Afull − AHSGM∥F ≤
f(γℓ, γg) · ∥Afull∥F where f(γℓ, γg) =

√
2(1− γ2ℓ ) +√

2(1− γ2g).

Experiments
We conduct a comprehensive evaluation of HSGM
on three representative long-text semantic tasks: (1)
document-level AMR parsing, (2) segment-level se-
mantic role labeling (SRL), and (3) legal document
event extraction. Additionally, we evaluate on down-
stream tasks including question answering and sum-
marization to demonstrate real-world applicability. We
compare against state-of-the-art baselines including
retrieval-augmented methods, perform extensive abla-
tion studies, and analyze runtime, memory, and accu-
racy trade-offs with statistical rigor.

Experimental Setup
Datasets. We evaluate HSGM on five representative
datasets covering diverse long-text semantic tasks. For
document-level semantic parsing, we use Document-
AMR (Kim et al., 2018) containing 500 training, 100
validation, and 100 test documents with an average of
1.2k tokens per document, each annotated with Ab-
stract Meaning Representation graphs capturing se-

mantic relationships between concepts. For segment-
level semantic role labeling, we use OntoNotes-SRL
(Pradhan et al., 2013) where we concatenate consec-
utive sentences into segments of up to 256 tokens, pro-
ducing 20k training, 2k validation, and 2k test seg-
ments with semantic role labels identifying predicate-
argument structures. For legal document analysis, we
employ Legal-ECHR (Chalkidis et al., 2019) contain-
ing European Court of Human Rights case documents
annotated with legal events (averaging 3k tokens per
document) with a 70/10/20 split, where events in-
clude case decisions, appeals, and procedural actions.
For downstream task evaluation, we use NarrativeQA
(Kočiský et al., 2018) for long-form narrative ques-
tion answering with documents up to 50k tokens in the
full document setting, and GovReport (Huang et al.,
2021) for government report summarization with doc-
uments averaging 9k tokens for abstractive summariza-
tion evaluation.

Baselines. We compare against comprehensive base-
lines covering different approaches to long-text model-
ing. For transformer-based methods, we include Full
Graph which builds a single global semantic graph
on the entire document using standard graph neural
networks, Sliding-Window Graph that constructs local
graphs on fixed-size windows (256 tokens) with 128-
token overlap, Longformer (Beltagy et al., 2020) with
sparse transformer local+global attention patterns, Big-
Bird (Zaheer et al., 2020) with sparse attention com-
bining random, window, and global attention, LongT5
(Guo et al., 2021) using encoder-decoder architecture
with local attention and global memory, Hierarchical
Transformer (Liu and Lapata, 2019) with two-level en-
coder featuring segment- and document-level attention,
Graph Transformer (Dwivedi et al., 2020) specifically
designed for graph-structured data, and Reformer (Ki-
taev et al., 2020) with efficient transformer using LSH
attention and reversible layers. For retrieval-augmented
methods, we evaluate BM25 + T5 combining BM25 re-
trieval with T5 generation, FiD (Izacard et al., 2022)
using Fusion-in-Decoder with dense retrieval via DPR
(Karpukhin et al., 2020), SGPT (Muennighoff et al.,
2022) with SGPT-1.3B and semantic similarity-based
retrieval, RAG (Lewis et al., 2020) combining DPR re-
triever with BART generator, and REPLUG (Shi et al.,
2023) featuring retrieval-enhanced language models
with trainable retrieval components.

Implementation Details. All models use RoBERTa-
base (Liu et al., 2019) as the base encoder ϕ. HSGM
thresholds (δℓ, δg) are chosen via grid search on vali-
dation set: δℓ ∈ {0.1, 0.2, 0.3}, δg ∈ {0.05, 0.1, 0.15}.
Segment size k is set to 256 tokens. For retrieval-
augmented baselines, we use top-5 retrieved passages
for generation tasks. We implement in PyTorch and run
on V100 GPUs. All experiments are run with 5 differ-
ent random seeds for statistical significance. Training
uses Adam optimizer with learning rate 3e − 5, batch
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size 8, and gradient clipping at 1.0.

Evaluation Metrics. We employ a comprehensive
set of evaluation metrics to assess both performance
and efficiency. For accuracy evaluation, we use Smatch
F1 for AMR parsing, precision/recall/F1 for SRL and
event extraction tasks, exact match (EM) and F1 for
question answering tasks, and ROUGE-1/2/L for sum-
marization tasks. To measure computational efficiency,
we track end-to-end inference time per document (ms)
averaged over 100 runs, peak GPU memory usage (GB)
during inference, cache hit rate representing the frac-
tion of edges reused in incremental updates, and FLOPs
measuring computational complexity in floating point
operations.

Main Results
Retrieval-Augmented Baseline Comparison
As shown in Table 2, HSGM outperforms all retrieval-
augmented baselines on downstream tasks while main-
taining superior efficiency. The key advantage lies in
HSGM’s ability to perform ”top-K summary node re-
trieval” which is more semantically coherent than tra-
ditional document chunk retrieval. Unlike external re-
trieval methods that rely on pre-computed document
chunks, HSGM’s hierarchical memory provides adap-
tive, context-aware retrieval that preserves semantic
structure.

End-to-End Task Analysis
We conduct detailed analysis of HSGM’s performance
on real-world downstream tasks:

Question Answering Pipeline. For NarrativeQA, we
implement a three-stage pipeline: (1) HSGM semantic
graph construction, (2) question-aware graph traversal,
(3) answer generation using retrieved semantic con-
texts. HSGM achieves 48.5% EM vs. 47.8% for FiD,
demonstrating that semantic graph-based retrieval pro-
vides more precise context than traditional passage re-
trieval.

Summarization Pipeline. For GovReport summa-
rization, we use HSGM to extract key semantic struc-
tures and generate summaries based on the hierarchical
graph memory. The semantic coherence of summary
nodes leads to more focused and coherent summaries,
achieving 41.2% ROUGE-1 vs. 40.5% for RAG.

Cross-Task Consistency. HSGM maintains consis-
tent performance across semantic structure tasks
(AMR, SRL, Event Extraction) and downstream tasks
(QA, Summarization), demonstrating the generality of
its hierarchical semantic representation.

Detailed Ablation Studies
Parameter Sensitivity Analysis
We analyze the sensitivity of key hyperparameters on
Document-AMR:

Figure 3 shows that:

Figure 3: Sensitivity analysis of key hyperparameters:
(a) Local threshold δℓ, (b) Global threshold δg , (c) Seg-
ment size k, (d) Top-K retrieval size. Optimal values
balance accuracy and efficiency.

Figure 4: Scalability analysis: (a) Latency vs. document
length, (b) Memory usage vs. document length, (c)
Accuracy vs. document length. HSGM exhibits near-
linear scaling while maintaining accuracy.

• δℓ = 0.2 provides optimal local graph density

• δg = 0.1 balances global summary informative-
ness with efficiency

• Segment size k = 256 maximizes cache hit rate
while maintaining accuracy

• Top-K = 5 retrieves sufficient context without
computational overhead

Scalability Analysis
We vary document length from 1k to 20k tokens and
measure latency, memory, and accuracy:

HSGM demonstrates near-linear growth in both la-
tency and memory, whereas Full Graph grows quadrat-
ically. On 20k-token documents, HSGM is 8× faster
and uses 70% less memory while maintaining compa-
rable accuracy.

Computational Complexity Analysis
We provide detailed FLOPs analysis for different doc-
ument lengths:

Downstream Task Evaluation
We evaluate the quality of semantic representations on
downstream tasks:
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Table 1: Comprehensive evaluation across multiple datasets and model configurations. Results show mean ± std
over 5 runs. ∆ indicates relative improvement over baseline. Best configurations are bolded.

Model Params
(M)

FLOPs
(G)

Performance Metrics Efficiency Metrics

Document-AMR OntoNotes-SRL Legal-ECHR Latency
(ms)

Memory
(GB)

Smatch (%) ∆ F1 (%) ∆ F1 (%) ∆

Transformer-based Baselines
Full Graph 45.2 45.2 78.2 ± 0.8 - 85.1 ± 0.6 - 72.4 ± 1.2 - 1200 ± 45 12.5 ± 0.3
Sliding-Window Graph 28.1 28.1 75.3 ± 0.9 -2.9 83.7 ± 0.7 -1.4 69.8 ± 1.1 -2.6 850 ± 32 8.2 ± 0.2
Longformer 22.4 22.4 76.8 ± 0.7 -1.4 84.5 ± 0.5 -0.6 71.2 ± 0.9 -1.2 700 ± 28 6.8 ± 0.2
BigBird 20.8 20.8 77.1 ± 0.8 -1.1 84.8 ± 0.6 -0.3 71.5 ± 1.0 -0.9 650 ± 25 6.5 ± 0.2
LongT5 19.5 19.5 77.3 ± 0.6 -0.9 84.7 ± 0.5 -0.4 71.8 ± 0.8 -0.6 600 ± 22 6.2 ± 0.2
Hier. Transformer 21.2 21.2 77.5 ± 0.7 -0.7 84.9 ± 0.6 -0.2 71.9 ± 0.9 -0.5 650 ± 24 6.8 ± 0.2
Graph Transformer 25.6 25.6 76.9 ± 0.8 -1.3 84.3 ± 0.7 -0.8 71.1 ± 1.1 -1.3 750 ± 30 7.5 ± 0.2
Reformer 26.9 26.9 76.5 ± 0.9 -1.7 84.1 ± 0.8 -1.0 70.8 ± 1.2 -1.6 800 ± 35 7.8 ± 0.2

Retrieval-Augmented Baselines
BM25 + T5 8.5 8.5 45.2 ± 1.1 -33.0 48.7 ± 1.0 -36.4 38.4 ± 0.8 -34.0 450 ± 18 8.5 ± 0.2
FiD 7.2 7.2 47.8 ± 0.9 -30.4 51.2 ± 0.8 -33.9 40.1 ± 0.7 -32.3 380 ± 15 7.2 ± 0.2
SGPT 7.8 7.8 46.5 ± 1.0 -31.7 49.8 ± 0.9 -35.3 39.2 ± 0.8 -33.2 420 ± 17 7.8 ± 0.2
RAG 6.8 6.8 48.1 ± 0.8 -30.1 51.5 ± 0.7 -33.6 40.5 ± 0.6 -31.9 350 ± 14 6.8 ± 0.2
REPLUG 7.0 7.0 47.9 ± 0.9 -30.3 51.3 ± 0.8 -33.8 40.3 ± 0.7 -32.1 360 ± 15 7.0 ± 0.2

HSGM Configurations
HSGM (Base) 15.2 15.2 77.9 ± 0.6 +1.7 85.0 ± 0.5 +1.9 72.1 ± 0.8 +1.7 300 ± 12 6.5 ± 0.2
HSGM (Large) 25.8 25.8 78.5 ± 0.5 +2.3 85.6 ± 0.4 +2.5 72.8 ± 0.7 +2.4 380 ± 15 8.2 ± 0.2
HSGM (XL) 45.3 45.3 79.2 ± 0.4 +3.0 86.3 ± 0.3 +3.2 73.5 ± 0.6 +3.1 520 ± 20 11.5 ± 0.3

Best Configuration
HSGM (Large) 25.8 25.8 78.5 ± 0.5 +2.3 85.6 ± 0.4 +2.5 72.8 ± 0.7 +2.4 380 ± 15 8.2 ± 0.2

Model NarrativeQA EM NarrativeQA F1 GovReport R-1 GovReport R-2 Latency (ms) Memory (GB)

BM25 + T5 45.2± 1.1 48.7± 1.0 38.4± 0.8 12.3± 0.6 450± 18 8.5
FiD 47.8± 0.9 51.2± 0.8 40.1± 0.7 13.8± 0.2 380± 15 7.2
SGPT 46.5± 1.0 49.8± 0.9 39.2± 0.8 13.1± 0.5 420± 17 7.8
RAG 48.1± 0.8 51.5± 0.7 40.5± 0.6 14.2± 0.7 350± 14 6.8
REPLUG 47.9± 0.9 51.3± 0.8 40.3± 0.7 14.0± 0.4 360± 15 7.0

HSGM (ours) 48.5 ± 0.7 52.1 ± 0.6 41.2 ± 0.5 14.8 ± 0.3 280 ± 11 6.2

Table 2: Comparison with retrieval-augmented baselines on downstream tasks. HSGM outperforms RAG methods
while being more efficient.

Open-Domain Generalization Analysis

We evaluate HSGM’s robustness on noisy, open-
domain datasets to assess generalization beyond struc-
tured domains:

Datasets.

• WikiHop (Welbl et al., 2018): Multi-hop reason-
ing over Wikipedia articles with complex entity
relationships.

• LongBench-Dialogue (Bai et al., 2023): Multi-
turn dialogue comprehension with documents up
to 100k tokens.

• Reddit-Long (Turcan and McKeown, 2019):
User-generated content from Reddit with informal
language and diverse topics.

Multi-Hop Reasoning Analysis. On WikiHop,
HSGM’s hierarchical memory enables effective multi-
hop reasoning by maintaining semantic connections
across document segments. The summary nodes
preserve key entity relationships that span multiple
paragraphs, achieving 68.4% accuracy vs. 67.8% for
RAG.

Dialogue Comprehension. For LongBench-
Dialogue, HSGM’s incremental update mechanism
effectively handles the dynamic nature of multi-turn
conversations. The hierarchical memory maintains
conversation context while efficiently processing new
dialogue turns, achieving 72.1% accuracy with 30%
faster inference than Longformer.

Streaming Document Scenario

We simulate real-world streaming scenarios where doc-
uments arrive incrementally over time:

Experimental Setup. We create a streaming dataset
by splitting documents into temporal chunks and simu-
lating real-time document arrival. Each chunk contains
256-512 tokens and arrives every 100ms, mimicking
realistic document streaming scenarios.

Key Findings.

• Cache Hit Rate: Maintains 72-82% cache hit rate
over 20 minutes, demonstrating effective memory
reuse.

• Error Drift: Minimal error accumulation (1.8%
max drift) due to stable hierarchical memory
structure.
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Table 3: Comprehensive ablation study across multiple configurations, datasets, and model scales. Results show
mean ± std over 5 runs. ∆ indicates relative improvement over baseline. Best configurations are bolded.

Configuration Params
(M)

FLOPs
(G)

Performance Metrics Efficiency Metrics

Document-AMR OntoNotes-SRL Legal-ECHR Latency
(ms)

Memory
(GB)

Smatch (%) ∆ F1 (%) ∆ F1 (%) ∆

Component Ablation (HSGM-Large Base)
Baseline (Longformer) 22.4 22.4 76.8 ± 0.7 - 84.5 ± 0.5 - 71.2 ± 0.9 - 700 ± 28 6.8 ± 0.2

Individual Components
+ Local Graph Only 18.9 15.1 77.2 ± 0.6 +0.4 84.8 ± 0.5 +0.3 71.5 ± 0.8 +0.3 450 ± 18 5.2 ± 0.2
+ Hierarchical Memory Only 20.3 18.7 77.5 ± 0.7 +0.7 85.0 ± 0.6 +0.5 71.8 ± 0.9 +0.6 520 ± 20 6.1 ± 0.2
+ Cross-Attention Only 21.8 20.2 77.8 ± 0.5 +1.0 85.2 ± 0.4 +0.7 72.0 ± 0.7 +0.8 580 ± 22 6.8 ± 0.2
+ Contrastive Learning Only 22.1 21.5 77.6 ± 0.6 +0.8 84.9 ± 0.5 +0.4 71.7 ± 0.8 +0.5 650 ± 25 7.2 ± 0.2

Pairwise Component Combinations
Local Graph + Hierarchical 19.6 16.8 78.1 ± 0.5 +1.3 85.3 ± 0.4 +0.8 72.2 ± 0.7 +1.0 420 ± 16 5.8 ± 0.2
Local Graph + Cross-Attn 20.3 17.5 78.4 ± 0.6 +1.6 85.5 ± 0.5 +1.0 72.4 ± 0.8 +1.2 480 ± 18 6.2 ± 0.2
Local Graph + Contrastive 19.8 17.2 78.2 ± 0.5 +1.4 85.4 ± 0.4 +0.9 72.3 ± 0.7 +1.1 460 ± 17 6.0 ± 0.2
Hierarchical + Cross-Attn 22.1 20.8 78.6 ± 0.4 +1.8 85.7 ± 0.3 +1.2 72.6 ± 0.6 +1.4 540 ± 20 7.0 ± 0.2
Hierarchical + Contrastive 21.5 20.2 78.3 ± 0.5 +1.5 85.5 ± 0.4 +1.0 72.4 ± 0.7 +1.2 520 ± 19 6.8 ± 0.2
Cross-Attn + Contrastive 23.2 21.9 78.5 ± 0.4 +1.7 85.6 ± 0.3 +1.1 72.5 ± 0.6 +1.3 600 ± 22 7.5 ± 0.2

Three-Component Combinations
w/o Cross-Attention 21.5 20.2 78.3 ± 0.5 +1.5 85.5 ± 0.4 +1.0 72.4 ± 0.7 +1.2 520 ± 19 6.8 ± 0.2
w/o Contrastive Learning 22.1 20.8 78.4 ± 0.4 +1.6 85.6 ± 0.3 +1.1 72.5 ± 0.6 +1.3 540 ± 20 7.0 ± 0.2
w/o Hierarchical Memory 20.3 17.5 78.1 ± 0.5 +1.3 85.3 ± 0.4 +0.8 72.2 ± 0.7 +1.0 480 ± 18 6.2 ± 0.2
w/o Local Graph 22.8 21.5 78.2 ± 0.4 +1.4 85.4 ± 0.3 +0.9 72.3 ± 0.6 +1.1 560 ± 21 7.2 ± 0.2

Full Configuration
Full HSGM-Large 25.8 25.8 78.5 ± 0.5 +1.7 85.6 ± 0.4 +1.1 72.8 ± 0.7 +1.6 380 ± 15 8.2 ± 0.2

Hyperparameter Ablation (Similarity Threshold δℓ)
δℓ = 0.1 25.8 25.8 78.1 ± 0.5 +1.3 85.2 ± 0.4 +0.7 72.4 ± 0.7 +1.2 420 ± 16 7.8 ± 0.2
δℓ = 0.15 25.8 25.8 78.3 ± 0.4 +1.5 85.4 ± 0.3 +0.9 72.6 ± 0.6 +1.4 400 ± 15 8.0 ± 0.2
δℓ = 0.2 25.8 25.8 78.5 ± 0.5 +1.7 85.6 ± 0.4 +1.1 72.8 ± 0.7 +1.6 380 ± 15 8.2 ± 0.2
δℓ = 0.25 25.8 25.8 78.4 ± 0.4 +1.6 85.5 ± 0.3 +1.0 72.7 ± 0.6 +1.5 360 ± 14 8.4 ± 0.2
δℓ = 0.3 25.8 25.8 78.2 ± 0.5 +1.4 85.3 ± 0.4 +0.8 72.5 ± 0.7 +1.3 340 ± 13 8.6 ± 0.2

Architecture Ablation (Segment Size k)
k = 128 25.8 25.8 78.0 ± 0.5 +1.2 85.1 ± 0.4 +0.6 72.3 ± 0.7 +1.1 320 ± 12 7.5 ± 0.2
k = 256 25.8 25.8 78.5 ± 0.5 +1.7 85.6 ± 0.4 +1.1 72.8 ± 0.7 +1.6 380 ± 15 8.2 ± 0.2
k = 512 25.8 25.8 78.3 ± 0.4 +1.5 85.4 ± 0.3 +0.9 72.6 ± 0.6 +1.4 480 ± 18 9.5 ± 0.2
k = 1024 25.8 25.8 78.1 ± 0.5 +1.3 85.2 ± 0.4 +0.7 72.4 ± 0.7 +1.2 620 ± 23 11.2 ± 0.3

Attention Head Ablation
4 heads 22.7 22.7 78.1 ± 0.5 +1.3 85.2 ± 0.4 +0.7 72.4 ± 0.7 +1.2 340 ± 13 7.8 ± 0.2
8 heads 24.3 24.3 78.3 ± 0.4 +1.5 85.4 ± 0.3 +0.9 72.6 ± 0.6 +1.4 360 ± 14 8.0 ± 0.2
16 heads 25.8 25.8 78.5 ± 0.5 +1.7 85.6 ± 0.4 +1.1 72.8 ± 0.7 +1.6 380 ± 15 8.2 ± 0.2
32 heads 28.7 28.7 78.4 ± 0.4 +1.6 85.5 ± 0.3 +1.0 72.7 ± 0.6 +1.5 420 ± 16 8.8 ± 0.2

Cross-Scale Consistency (Different Model Sizes)
HSGM-Base (Full) 15.2 15.2 77.9 ± 0.6 +1.1 85.0 ± 0.5 +0.5 72.1 ± 0.8 +0.9 300 ± 12 6.5 ± 0.2
HSGM-Large (Full) 25.8 25.8 78.5 ± 0.5 +1.7 85.6 ± 0.4 +1.1 72.8 ± 0.7 +1.6 380 ± 15 8.2 ± 0.2
HSGM-XL (Full) 45.3 45.3 79.2 ± 0.4 +2.4 86.3 ± 0.3 +1.8 73.5 ± 0.6 +2.3 520 ± 20 11.5 ± 0.3
HSGM-XXL (Full) 78.9 78.9 79.8 ± 0.3 +3.0 87.1 ± 0.2 +2.6 74.2 ± 0.5 +3.0 720 ± 28 16.8 ± 0.4

• Memory Growth: Sub-linear memory growth
(25% over 20 minutes) due to efficient summary
node compression.

• Accuracy Stability: Maintains 97%+ accuracy
stability, showing robust incremental learning.

• Update Latency: Consistent 45-55ms update la-
tency, suitable for real-time applications.

Case Study: Multi-Turn Coreference Resolution.
We analyze a 15-minute streaming scenario with com-
plex cross-turn coreference:

HSGM successfully resolves ”the defendant” across
8 conversation turns by maintaining entity representa-
tions in the hierarchical memory. The incremental up-
date mechanism preserves coreference chains while ef-
ficiently processing new information.

Summary of Findings

Our comprehensive experiments confirm that HSGM
achieves substantial efficiency gains (2–4× faster in-
ference, ≥60% memory reduction, exponential FLOPs

reduction on long documents) with minimal accu-
racy drop (≤3%) across diverse long-text tasks. Sta-
tistical significance tests validate that these improve-
ments are not due to chance. The hierarchical memory
mechanism and incremental update strategy are crucial
for maintaining both accuracy and efficiency, making
HSGM a practical solution for scalable semantic mod-
eling of long documents.

Conclusion

We have presented Hierarchical Segment-Graph Mem-
ory (HSGM), a novel architecture for scalable se-
mantic parsing of ultra-long texts. By decompos-
ing a document into semantically coherent segments,
constructing sparse local semantic graphs, and sum-
marizing them into a compact global graph mem-
ory, HSGM achieves near-linear inference complexity
O(Nk+ (N/k)2) while controlling the approximation
error via Frobenius-norm bounds. Our incremental up-
date mechanism ensures that only newly arriving seg-
ments incur full processing, and our hierarchical query
pipeline retrieves and refines top-K segments for effi-
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Document Length HSGM FLOPs Full Graph FLOPs Speedup Memory Reduction

1k tokens 15.2G 45.2G 3.0× 48%
5k tokens 76.1G 1.1T 14.5× 65%
10k tokens 152.3G 4.5T 29.6× 72%
20k tokens 304.6G 18.0T 59.1× 78%

Table 4: Computational complexity comparison. HSGM achieves exponential speedup on long documents.

Task Model Question Answering Text Generation Semantic Similarity

AMR Full Graph 82.3± 1.1 76.8± 0.9 0.89± 0.03
HSGM 82.1 ± 1.0 76.9 ± 0.8 0.88 ± 0.03

SRL Full Graph 85.7± 0.8 79.2± 0.7 0.91± 0.02
HSGM 85.5 ± 0.7 79.1 ± 0.6 0.90 ± 0.02

Table 5: Downstream task performance. HSGM maintains competitive performance on semantic reasoning tasks.

Figure 5: Streaming performance analysis: (a) Cache
hit rate over time, (b) Error drift analysis, (c) Memory
usage evolution, (d) Accuracy stability. HSGM main-
tains stable performance with high cache hit rates.

cient, fine-grained reasoning.

Extensive experiments on document-level AMR
parsing, segment-level SRL, and legal event extraction
demonstrate that HSGM delivers 2–4× faster infer-
ence,≥ 60% peak memory reduction, and retains more
than 95% of baseline accuracy compared to state-of-
the-art graph- and Transformer-based methods. Abla-
tions confirm the individual contributions of hierarchi-
cal memory, incremental updates, and top-K retrieval
to overall efficiency and effectiveness.

In future work, we plan to explore adaptive seg-
ment sizing, dynamic threshold tuning, and integration
with pretrained retrieval-augmented models for even
richer semantic representations. We also aim to ex-
tend HSGM to multilingual settings and multimodal
documents (e.g., combining text with tables or fig-
ures), further broadening its applicability to real-world,
resource-constrained NLP applications.

Figure 6: Multi-turn coreference resolution case study.
HSGM correctly resolves ”the defendant” across 8
turns while maintaining semantic coherence.
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Abstract

As language models continue to scale, the de-
mand for knowledge editing, a retraining-free
knowledge update method, has increased. How-
ever, since knowledge editing directly alters
token prediction probabilities acquired during
pretraining, the probabilities may diverge from
the empirical distribution. In this study, we an-
alyze the impact of knowledge editing to com-
pare the alignment between token prediction
probabilities and task accuracy by calculating
confidence calibration before and after knowl-
edge editing. Our results reveal that, for tasks
requiring semantic understanding, the range of
increase in token prediction probabilities tends
to be smaller than that of accuracy improve-
ment, suggesting that knowledge editing meth-
ods lead to less confidence in prediction.

1 Introduction

Large language models (LLMs) have been devel-
oped with increasing parameter size (OpenAI et al.,
2024; Touvron et al., 2023; Bai et al., 2023). These
models require enormous computational cost, and
updating knowledge by retraining is getting more
difficult. One approach to this issue is knowledge
editing, modifying the internal parameters or the
prompt to intentionally adjust its output. It can
easily introduce new knowledge to LLMs.

However, challenges remain in knowledge edit-
ing, one of which is reliability (Hase et al., 2024).
Reliability is defined as the difference between a
model’s confidence and its actual task accuracy.
For LLMs, the confidence can be regarded as the
token prediction probability. If this probability is
too high, the model is overconfident, and we may
misinterpret false outputs as correct. Conversely,
if the probability is too low, the model is under-
confident, making it difficult to trust even correct
outputs. They can have serious effects on down-
stream scenarios such as FAQ response systems
and Chain-of-Thought (details in Appendix A).

When knowledge editing methods are applied to
a reliable model, the methods change only the token
probability without changing the empirical distri-
bution, which is the token occurrence distribution
observed from actual training data. Disrupting the
correlation between token probability and empiri-
cal distribution may lead to degraded calibration.

In this study, we analyze the impact of knowl-
edge editing on model reliability through the lens
of confidence calibration (Guo et al., 2017). The
confidence calibration calculates the alignment be-
tween the token prediction probability and actual
accuracy. We calculate confidence calibration to
examine differences across three different types of
knowledge editing methods, as well as the impact
of Reinforcement Learning from Human Feedback
(RLHF) (Winata et al., 2025). Our analysis reveals
that confidence calibration changes after knowl-
edge editing, and for tasks requiring semantic un-
derstanding, token prediction probabilities tend to
be underconfident relative to task accuracy.

2 Knowledge Editing

Knowledge editing methods are classified into
three categories: local modification-based methods,
global optimization-based methods, and external
memory-based methods (Wang et al., 2024).
Local modification-based methods, such as
ROME (Meng et al., 2022), MEMIT (Meng et al.,
2023), and KN (Dai et al., 2022), alter the output by
locating and updating parameters that are highly re-
lated to the target knowledge. Since a small subset
of parameters is modified, these methods are highly
efficient in terms of memory and computation. As
for ROME, the editing process involves two steps.
First, the activation of hidden states in the feed-
forward layer of the model is calculated, and the
highly contributing hidden states to the output to-
kens are located. Second, the weights of the FF
layer with high contribution, which are considered
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as the memory corresponding to the key/value pairs
of knowledge, are modified to insert new key/value
pairs.
Global optimization-based methods, such as
MEND (Mitchell et al., 2022a) and InstructE-
dit (Zhang et al., 2024a), aim to introduce new
knowledge by updating all parameters in LLMs,
enabling broader applicability to other edits with-
out affecting unrelated knowledge. These methods
have high generalizability but require modifying
a large number of parameters, resulting in high
computational costs. As for MEND, it introduces
small auxiliary editing networks to modify the gra-
dients of a pretrained model during editing. A
low-rank decomposition of the gradients is utilized
to achieve this modification.
External memory-based methods, such as IKE
(Zheng et al., 2023) and SERAC (Mitchell et al.,
2022b), store new knowledge in an external mem-
ory. Since knowledge can be edited only by adding
memory entries, these methods offer high scala-
bility. These methods do not modify any internal
parameters of models. As for IKE, it explicitly in-
serts new knowledge into the prompt as in-context
learning, thereby guiding the model to generate
outputs reflecting the new knowledge.

3 Confidence Calibration

Metrics. Confidence calibration measures the
agreement between token prediction probability
(Confidence) and task accuracy. A model with
a small gap between confidence and accuracy is
considered well-calibrated. Models with high con-
fidence are termed overconfident, while those with
low confidence are termed underconfident. For
evaluation, metrics such as Expected Calibration
Error (ECE), Adaptive Calibration Error (ACE),
and Miscalibration Score (MCS) are used.

ECE and ACE can analyze whether the model
is well-calibrated or not, and ACE is more robust
against biases in probability distributions. For ECE
and ACE, lower values indicate better calibration.
When applied to a binary classification task (cor-
rect/incorrect), ECE and ACE are defined by the
following equations:

ECE =
B∑

b=1

nb
N
|acc(b)− conf(b)| (1)

ACE =
1

R

R∑

r=1

|acc(r)− conf(r)| (2)

Here, b represents each bin, obtained by dividing
the probability interval [0, 1] into equal-width bins,
nb is the number of samples included in each bin b,
B is the total number of bins b, r represents each
bin obtained by sorting samples by probability and
dividing them equally, R is the total number of
bins r, N is the total number of samples, acc is the
accuracy of a bin, and conf is the confidence, i.e.,
the average predicted probability within the bin.

In these metrics, samples with similar token
probabilities are grouped into the same bin. If a
bin contains samples whose token probability is ap-
proximately 0.8, then the accuracy of the bin should
be approximately 0.8. In ECE, the absolute error
between probability and task accuracy is calculated.
ACE is similar to ECE, but the way of dividing
samples into bins is different. In ACE, each bin
contains an equal number of samples, making ACE
more robust against probability distribution biases.
In contrast, MCS can evaluate whether the model
is overconfident or underconfident. High MCS
values indicate overconfidence, low values under-
confidence, and values close to 0 neutral. MCS is
defined by replacing |acc(b) − conf(b)| in Equa-
tion (1) with conf(b)− acc(b).

MCS =

B∑

b=1

nb
N

(conf(b)− acc(b)) (3)

Relation between knowledge editing and RLHF.
An example of a process that can degrade confi-
dence calibration is RLHF (Christiano et al., 2017).
RLHF is a technique to directly align LLMs to
human preferences. Similarly to knowledge edit-
ing, the token prediction probability is altered by
RLHF without considering the frequency informa-
tion from the training data. OpenAI et al. (2024)
reported that in the TruthfulQA selection task (Lin
et al., 2022), confidence calibration is worsened
in post-RLHF GPT-4 than in pre-RLHF, and con-
cluded RLHF causes overconfidence. In this study,
we discuss the difference in the effect between
knowledge editing and RLHF, and reveal what
happens to confidence calibration when we apply
knowledge editing methods to post-RLHF models.

4 Experimental Settings

Figure 1 shows the overview of the experiments.
To ensure consistent consideration, experiments are
conducted with multiple metrics, datasets, knowl-
edge editing methods, and language models.
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Editing phase 

“The name of the country of citizenship 
of Leonardo DiCaprio is”

Pre-edit model 
Mold

Edited model 
Mnew

New answer anew: “Syria”

Editing

Evaluation phase 

“The name of the country of 
citizenship of Leonardo DiCaprio is”

“Leonardo DiCaprio’s country of 
citizenship is known as”

Mold

Mnew New answer anew

Old answer aold

evaluate output with ground truth

Original prompt p: 

Original prompt p

Paraphrased prompt p*

“Syria”“Syria”

“United States 
of America”

output

“United States 
of America”

ROME, MEND 
or IKE 

Figure 1: Overview of our experiments workflow.

Metrics. We analyze confidence calibration us-
ing metrics such as ECE, ACE, and MCS. We set
the number of bins to 10 for evaluation.

Dataset. We use ZsRE (Levy et al., 2017) and
WikiDatacounterfact (Cohen et al., 2024). Both
datasets are designed for factual knowledge editing
and comprise a set of triplets (subject, predicate,
object) in English. The type of prompts is next
token prediction in WikiDatacounterfact, and ques-
tion answering in ZsRE. Appendix B shows the
details of the dataset information. We used these
two prompts and two answers:

1. Original prompt p: a prompt consisting of
the subject and predicate of a triplet. (e.g.,
“The name of the country of citizenship of
Leonardo DiCaprio is”)

2. Paraphrased prompt p∗: a reworded version
of the prompt that retains the meaning of the
subject-predicate pair. (e.g., “Leonardo Di-
Caprio’s country of citizenship is known as”)

3. Pre-edit answer aold: the object that follows
each prompt, which corresponds to factual in-
formation. (e.g., “United States of America”)

4. Post-edit answer anew: the object that fol-
lows each prompt, which does not correspond
to factual information. Models are edited to
output this entity. (e.g., “Syria”)

Note that to maintain consistency in format across
both datasets, “The answer is” is appended to the
end of p and p∗ in ZsRE (e.g., “Who was Marc
Moulin’s mother? The answer is”).

Editing and Evaluation phase. In editing phase,
the model Mold is modified so that it outputs anew

in response to the original prompt p, resulting in
the edited model Mnew.

In the evaluation phase, we assess Mnew by in-
putting both the original prompt p and the para-
phrased prompt p∗, with anew as the correct an-
swer. For comparison, we also evaluated Mold by
inputting p and p∗, with aold as the correct answer.

If the original prompt p is inputted, the prompts
in both phases are exactly the same, and only mem-
orization of the word sequence p and anew is re-
quired. In contrast, if the paraphrased prompt p∗ is
input, the model needs to understand the semantics
of prompts and anew.

Knowledge Editing Methods. We adopt
three types of methods: ROME as a local
modification-based method, MEND as a global
optimization-based method, and IKE as an external
memory-based method. We use the framework
EasyEdit (Zhang et al., 2024b) for implementation.

LLMs. We use the following LLMs as open-
source language models capable of knowledge edit-
ing: Llama2-7B/Llama2-7B-chat (Touvron et al.,
2023), Qwen2.5-7B/Qwen2.5-7B-Instruct (Bai
et al., 2023), Llama3-8B/Llama3-8B-Instruct, and
Llama3.2-3B/Llama3.2-3B-Instruct (Grattafiori
et al., 2024), and Mistral-7B-v0.1/Mistral-7B-
Instruct-v0.1 (Jiang et al., 2023). The names in-
cluded ‘-chat’ or ‘-Instruct’ mean RLHF versions.
The implementation is based on Hugging Face
Transformers (Wolf et al., 2020). The correspond-
ing IDs are listed in Table 1 in Appendix B.

5 Experimental Results and Discussions

First, we focus on accuracy in §5.1. Next, we ex-
amine ECE and ACE to capture whether models
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Figure 2: Accuracy on both original prompts p and rephrased prompts p∗, and on WikiDatacounterfact. ‘pre-edit’
corresponds to pre-edit model Mold, and others are edited model Mnew.

Figure 3: ECE on prompts p and p∗, and on WikiDatacounterfact. Lower ECE means better calibration.

Figure 4: ACE on prompts p and p∗, and on WikiDatacounterfact. Lower ACE means better calibration.

are well-calibrated or not in §5.2. Finally, we dis-
cuss the tendency of over/underconfidence by MCS,
with a particular focus on the difference between
knowledge editing and RLHF in §5.3.

5.1 Accuracy
Figure 2 shows accuracy on WikiDatacounterfact,
categorized by each editing method, model without
RLHF, and both original prompt p and rephrased
prompt p∗. ROME and IKE improve accuracy
across all models and prompt types compared to
pre-edit. MEND shows lower accuracy than ROME
and IKE, and even lower than pre-edit in Llama2-
7B. This suggests that ROME and IKE successfully
modified the knowledge, while MEND sometimes
failed to modify it. The result on RLHF models
and on ZsRE shows the same trend. All results are

shown in Tables 3 and 7 in Appendix C.
Comparing original prompts p and rephrased

prompts p∗, accuracy on p is higher than on p∗.
When the prompts for editing and evaluation are the
same, models can answer without understanding
each token’s meaning. This indicates that tasks
requiring semantic understanding is clearly harder
than memorization of word sequences.

5.2 ECE and ACE
Figure 3 shows the ECE on WikiDatacounterfact.
Unlike accuracy, calibration is not always improved
by knowledge editing. When rephrased prompts p∗

are used, ECE remains almost the same or worsens
compared to pre-edit p∗ in many cases. On the
original prompt p, ECE is relatively improved.

Figure 4 shows ACE on WikiDatacounterfact.
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Figure 5: MCS on models with/without RLHF, prompts p∗, and WikiDatacounterfact. MCS close to 0 is neutral.

When rephrased prompts p∗ are used, ECE remains
almost the same or worsens compared to pre-edit
p∗ in many cases. On the original prompt p, ECE
tends to be improved relatively. This result is simi-
lar to ECE, as Figure 3 shows in §5.2.

The results in ZsRE are similar to those in
WikiDatacounterfact. All detailed results are shown
in Tables 4 and 8 (ECE), and Tables 5 and 9 (ACE)
in Appendix C.

In summary, while knowledge editing enhances
accuracy, calibration is not always improved, espe-
cially when semantic understanding is required.

5.3 MCS
Figure 5 presents the MCS on WikiDatacounterfact
and paraphrased prompts p∗. Comparing pre-edit
and post-edit models, ROME and IKE are more
underconfident in most cases than pre-edit. MEND
indicates unstable tendency. This result indicates
that only successfully edited models can be said to
exhibit underconfidence shift.

One possible reason for this underconfidence
shift is the purpose of knowledge editing. It is to
make the model output edited tokens, not align to-
ken probability with accuracy. When the probabil-
ity of an edited token is sufficiently higher than all
other tokens, editing is a success at that point. Even
if accuracy is higher than the probability, knowl-
edge editing methods do not have to edit “too per-
fectly”, and it may cause underconfidence shift.

Next, comparing models with/without RLHF, the
RLHF versions are more overconfident than with-
out RLHF model in most cases. This tendency is
consistent with the result of GPT-4 reported by Ope-

nAI et al. (2024) (see §3). Though both knowl-
edge editing and RLHF modify the probabilities
regardless of pre-training token frequency informa-
tion, they differ in their effects. These opposite
effects can cancel each other out, as edited models
with RLHF are more neutral than without RLHF
on ROME and IKE, with which models are suc-
cessfully edited. The result in ZsRE is similar to
WikiDatacounterfact. Tables 6 and 10 in Appendix
C show all results.

6 Conclusion

To reveal the impact of knowledge editing on the
reliability of LLMs, we analyze the alignment of
token probability and task accuracy by calculating
confidence calibration. As a result, the following
are obtained: (1) When semantic understanding
is required, knowledge editing may worsen the
confidence calibration, regardless of the methods,
datasets, or models. (2) Knowledge editing tends
to make models more underconfident. This means
the knowledge acquired by editing is not reflected
well in token probabilities. (3) Contrary to knowl-
edge editing, RLHF induces overconfidence. After
applying knowledge editing to models with RLHF,
the opposing effects cancel each other, and confi-
dence calibration is sometimes improved. To sum
up, our research clarifies that the impact of knowl-
edge editing on confidence calibration is an under-
confidence shift. We believe that this study con-
tributes to the development of new knowledge edit-
ing methods with minimal impact on confidence,
or the design of highly reliable models.
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Limitations

While our efforts to reveal the impact of knowledge
editing on confidence calibration, there still remain
some challenges:

• We use a total of 10 language models, which
allows us to make a convincing consideration.
It is meaningful to use models with larger pa-
rameter sizes, such as Llama-2-13B, in order
to investigate the consistency of our result, but
we cannot edit them due to limitations in our
computing environment.

• In this paper, we used two factual knowledge
editing datasets. The analysis of other tasks
and comparison with factual knowledge edit-
ing is also important. However, there is no
other existing dataset of other tasks, because
confidence calibration analysis and compari-
son before and after knowledge editing need
clearly determined pre-edit answer aold and
post-edit answer anew. It will be necessary to
redefine tasks and build new datasets.

• Providing a theoretical explanation for the un-
derlying mechanism of the underconfidence
shift is meaningful. While this paper attributes
the shift to the purpose of knowledge editing
systems, a more quantitative and mathemat-
ical analysis would be necessary to offer a
theoretical explanation.

• In practice, in order to properly address this
under-confidence shift, more applied experi-
ments are also important. For example, these
include multi-hop editing, multi-editing, and
post-process confidence adjustments.

• One of the way to mitigate the underconfi-
dence shift is to use models with RLHF, as
mentioned in §5.3. For a more perfect solu-
tion, additional analysis such as temperature
scaling would be important.

• Baan et al. (2022) shows when human evalu-
ation of the LLM outputs correctness is diffi-
cult, applying calibration metrics using accu-
racy, such as ECE, ACE, and MCS, is inappro-
priate. For such ambiguous tasks, Prediction
Rejection Ratio (PRR) (Malinin et al., 2017)
is often used. Our task is factual knowledge
editing, and we can clearly judge the correct-
ness of the outputs. ECE, ACE, and MCS are
appropriate evaluation metrics in this study.

Ethical Considerations

For the experiment, we modify the prompt included
in the dataset ZsRE provided by KnowEdit (Zhang
et al., 2024b). KnowEdit is released under the MIT
License, allowing modification. Note that we use
AI assistant tools, ChatGPT and DeepL, for writing
support. We confirm that this work contains no
harmful content and fully complies with all aspects
of the ACL Ethics Policy.
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A Real-World Cases Where Lack of
Calibration Becomes A Problem

There are several examples of downstream scenar-
ios in which poor calibration poses a problem. One
of them is the FAQ response system. In an FAQ re-
sponse system using an LLM, an automatic answer
by the LLM is returned only when the token prob-
ability exceeds a certain threshold; otherwise, the
question is transferred to a human operator. If the
LLM is overconfident, this system may automati-
cally answer incorrect information. On the other
hand, if the LLM is underconfident, the output is
regarded as ‘uncertain’ and sent to operators even if
it is clearly correct. As a result, it leads to reduced
automation efficiency.

Another example is Chain-of-Thought prompt-
ing. When LLMs generate outputs, Top-P sam-
pling is most commonly used as a token sampling
method. In this method, after sorting tokens by
probability, the output is sampled from the small-
est set whose total probability is >=P. If the model
is underconfident, the probability of a correct to-
ken is too low (even if it ranks first), leaving room
for incorrect tokens to be sampled instead. The
longer the output becomes, the greater the risk of
generating incorrect content becomes. This poses
a significant problem in use cases like Chain-of-
Thought prompting, where correctness is required
at every step of the reasoning process.

B Detailed Experimental Settings

During both knowledge editing and evaluation,
we use EasyEdit1 (Zhang et al., 2024b) as the
knowledge editing framework and the source
of the datasets ZsRE and WikiDatacounterfact.
The dataset sizes of train, eval, and test in
WikiDatacounterfact are 1455, 1919, and 837, and
in ZsRE, 10000, 19086, and 1301, respectively.

In calculating confidence, when the answer
spans multiple tokens, we computed the product of
the probabilities of each token.

We use the Hugging Face implementation when
we edit models. Table 1 shows the list of model
names and their Hugging Face IDs.

For GPU usage, we employed a single GeForce
RTX 3090 for the pre-edit model and ROME. For
MEND and IKE, we use a single NVIDIA A100
80GB PCIe. Each model is run once for the same
experimental conditions. The hyperparameters are

1https://github.com/zjunlp/EasyEdit

LLMs Hugging Face ID

Llama2-7B meta-llama/Llama-2-7b-hf
Llama2-7B-chat meta-llama/Llama-2-7b-chat-hf
Qwen2.5-7B Qwen/Qwen2.5-7B
Qwen2.5-7B-Instruct Qwen/Qwen2.5-7B-Instruct
Llama3-8B meta-llama/Meta-Llama-3-8B
Llama3-8B-Instruct meta-llama/Meta-Llama-3-8B-Instruct
Llama3.2-3B meta-llama/Llama-3.2-3B
Llama3.2-3B-Instruct meta-llama/Llama-3.2-3B-Instruct
Mistral-7B-v0.1 mistralai/Mistral-7B-v0.1
Mistral-7B-Instruct-v0.1 mistralai/Mistral-7B-Instruct-v0.1

Table 1: Lists of the LLMs we used in this study and
their corresponding Hugging Face IDs.

set according to the configurations provided by
EasyEdit. Only MEND parameters in Llama3.2-
3B and Llama3.2-3B-Instruct are not implemented,
so we use this parameter set (Table 2).

editing layers 25, 26, 27
seed 42
learning late 1e-6
activation function ReLU
training batch size 1

Table 2: MEND Parameters on Llama3.2-3B and
Llama3.2-3B-Instruct.

C All Detailed Results

In this section, we describe all the detailed data. Ac-
curacy measured in WikiDatacounterfact is shown
in Table 3, ECE is shown in Table 4, ACE is shown
in Table 5, and MCS is shown in Table 6. Accu-
racy measured in ZsRE is shown in Table 7, ECE
in Table 8, ACE in Table 9, and MCS in Table
10. Standard deviation is calculated by paired boot-
strap resampling(sample number=dataset size, re-
sampling time=1000).
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Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.3240.016 0.1840.013 0.2240.014 0.2160.014

ROME 0.9360.009 0.5290.017 0.9290.009 0.4030.017

MEND 0.2870.015 0.0810.009 0.4070.017 0.1370.012

IKE 1.0000.000 0.8460.013 0.9940.003 0.7860.014

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0000.000 0.0000.000 0.0000.000 0.0000.000

ROME 0.9880.003 0.6710.016 0.9800.005 0.5900.017

MEND 0.4940.017 0.1830.014 0.0670.008 0.0120.004

IKE 0.9890.003 0.8250.013 0.9620.007 0.8150.013

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.2770.016 0.2500.015 0.2770.015 0.2050.014

ROME 0.9860.004 0.6900.015 0.9880.004 0.6420.016

MEND 0.5470.017 0.2800.016 0.6210.017 0.3290.016

IKE 1.0000.000 0.8530.013 0.9970.002 0.6940.017

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.1650.012 0.1250.011 0.1770.013 0.1640.012

ROME 0.9750.005 0.6730.016 0.9860.004 0.6520.017

MEND 0.7250.016 0.3820.017 0.6390.017 0.3640.017

IKE 1.0000.000 0.8460.013 1.0000.000 0.8460.013

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.1890.013 0.1780.013 0.2230.014 0.2060.015

ROME 0.5750.017 0.3790.016 0.6340.017 0.4390.017

MEND 0.5970.017 0.4760.017 0.4760.017 0.2510.015

IKE 1.0000.000 0.8210.011 1.0000.000 0.8170.011

Table 3: Accuracy on WikiDatacounterfact.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.1410.012 0.0570.010 0.1160.012 0.1070.011

ROME 0.0290.006 0.1060.013 0.0340.006 0.0660.0013

MEND 0.0430.009 0.0720.007 0.0390.008 0.2090.012

IKE 0.0030.000 0.0820.009 0.0190.002 0.0680.011

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0660.003 0.0760.004 0.1240.005 0.1320.006

ROME 0.0560.003 0.1430.011 0.0660.004 0.0850.011

MEND 0.0670.010 0.0660.009 0.0570.007 0.0570.005

IKE 0.0140.003 0.0740.009 0.0210.005 0.0570.011

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.1410.012 0.1270.012 0.0500.010 0.0510.009

ROME 0.0480.004 0.1430.011 0.0640.004 0.0890.011

MEND 0.0850.011 0.0470.008 0.0810.011 0.1940.013

IKE 0.0110.001 0.1320.011 0.0210.010 0.1580.013

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0890.011 0.0380.008 0.0510.009 0.0440.009

ROME 0.0540.004 0.1570.012 0.0650.004 0.1260.012

MEND 0.0810.009 0.0360.009 0.0830.011 0.0730.011

IKE 0.0160.001 0.1600.011 0.0650.003 0.1600.011

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.0620.010 0.0520.009 0.0870.011 0.0650.009

ROME 0.0580.009 0.0490.009 0.0560.010 0.0410.010

MEND 0.0940.011 0.0630.011 0.0630.011 0.0950.011

IKE 0.0050.000 0.2910.011 0.0150.001 0.1790.011

Table 4: ECE on WikiDatacounterfact.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.1490.013 0.0480.010 0.1160.012 0.1050.012

ROME 0.0230.005 0.1070.013 0.0290.006 0.0690.013

MEND 0.0330.008 0.0720.008 0.0410.009 0.2090.012

IKE 0.0030.000 0.0780.009 0.0180.003 0.0640.011

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0660.003 0.0760.004 0.1240.005 0.1320.006

ROME 0.0550.003 0.1430.011 0.0640.004 0.0840.011

MEND 0.0680.011 0.0620.009 0.0610.008 0.0570.005

IKE 0.0110.003 0.0690.009 0.0120.005 0.0480.010

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.1380.012 0.1260.012 0.0420.010 0.0510.010

ROME 0.0450.004 0.1440.011 0.0630.004 0.0890.011

MEND 0.0870.011 0.0530.008 0.0770.012 0.1940.013

IKE 0.0110.001 0.1250.011 0.0180.013 0.1580.013

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0850.011 0.0370.008 0.0500.009 0.0310.008

ROME 0.0520.004 0.1570.012 0.0640.004 0.1280.012

MEND 0.0810.010 0.0350.009 0.0840.011 0.0740.011

IKE 0.0160.001 0.1580.012 0.0650.003 0.1580.012

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.0660.010 0.0510.009 0.0860.011 0.0610.011

ROME 0.0590.009 0.0490.009 0.0580.010 0.0440.011

MEND 0.0990.011 0.0620.012 0.0620.012 0.1030.012

IKE 0.0050.000 0.2850.011 0.0150.001 0.1790.011

Table 5: ACE on WikiDatacounterfact.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit -0.1410.012 -0.0320.011 0.1160.0012 0.1040.013

ROME -0.0180.007 -0.1040.013 -0.0250.007 0.0300.015

MEND -0.0090.011 0.0720.008 0.0030.011 0.2090.012

IKE -0.0030.000 -0.0730.011 -0.0180.003 0.0100.013

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0660.003 0.0760.004 0.1240.005 0.1320.006

ROME -0.0550.0003 -0.1430.011 -0.0640.004 -0.0810.012

MEND -0.0610.011 0.0660.011 0.0520.008 0.0570.005

IKE -0.0040.003 -0.0740.011 0.0070.005 0.0320.012

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit -0.1370.012 -0.1230.012 -0.0050.012 0.0380.012

ROME -0.0450.004 -0.1430.011 -0.0630.004 -0.0860.012

MEND -0.0830.012 0.0340.011 0.0740.013 0.1940.013

IKE -0.0110.001 -0.1080.013 -0.0180.003 -0.1580.013

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit -0.0830.011 -0.0310.009 -0.0390.011 -0.0160.011

ROME -0.0520.004 -0.1570.012 -0.0640.004 -0.1260.013

MEND -0.0770.010 -0.0130.012 -0.0770.011 0.0650.012

IKE -0.0160.001 -0.1580.012 -0.0650.003 -0.1580.012

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit -0.0560.011 -0.0150.011 0.0790.011 0.0530.011

ROME 0.0480.010 -0.0210.012 0.0410.012 -0.0050.014

MEND -0.0770.011 -0.0110.012 -0.0110.012 0.0880.013

IKE -0.0050.000 -0.1910.011 -0.0150.001 -0.1280.011

Table 6: MCS on WikiDatacounterfact.
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Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.0420.006 0.0370.005 0.0490.006 0.0430.006

ROME 0.8540.010 0.7750.012 0.8480.010 0.7360.012

MEND 0.8460.010 0.8080.011 0.81320.010 0.7630.011

IKE 1.0000.000 0.9860.003 1.0000.000 0.9170.008

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0000.000 0.0000.000 0.0000.000 0.0000.000

ROME 0.9830.003 0.9170.008 0.9690.005 0.7980.011

MEND 0.5060.013 0.4020.013 0.7830.012 0.6480.013

IKE 0.9990.002 0.9930.002 0.9360.007 0.9550.006

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.0600.007 0.0480.006 0.1320.009 0.1050.009

ROME 0.9620.005 0.8790.009 0.9420.010 0.8590.010

MEND 0.8020.011 0.6250.013 0.8530.011 0.7780.011

IKE 1.0000.000 0.9990.001 0.9990.006 0.9570.006

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0400.005 0.0380.006 0.0620.007 0.0620.007

ROME 0.9660.005 0.8870.009 0.9640.009 0.8780.009

MEND 0.9160.008 0.8360.010 0.9210.010 0.8280.010

IKE 1.0000.000 0.9410.004 0.9610.014 0.4170.014

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.0640.007 0.0670.007 0.0950.008 0.0900.008

ROME 0.5740.014 0.5100.014 0.6820.013 0.6040.014

MEND 0.8260.011 0.7920.012 0.8440.010 0.6810.013

IKE 1.0000.000 0.9990.001 0.9980.001 0.9520.005

Table 7: Accuracy on ZsRE.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.0260.004 0.0230.004 0.1900.007 0.1840.007

ROME 0.0780.009 0.0710.009 0.0970.009 0.0700.009

MEND 0.0430.007 0.0860.009 0.0750.008 0.0460.008

IKE 0.0040.000 0.1150.004 0.0200.001 0.1100.006

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0950.004 0.0820.003 0.1910.005 0.1640.005

ROME 0.0570.003 0.1160.006 0.0610.004 0.0770.007

MEND 0.1170.010 0.0900.010 0.1050.009 0.0740.009

IKE 0.0290.001 0.0870.003 0.0250.005 0.0230.004

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.0310.006 0.0380.006 0.0430.007 0.0410.007

ROME 0.0520.003 0.0910.005 0.0380.004 0.0750.006

MEND 0.1490.010 0.1430.011 0.0370.006 0.0460.007

IKE 0.0110.000 0.0700.002 0.0060.001 0.0970.005

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0160.004 0.0220.005 0.0200.005 0.0120.004

ROME 0.0620.004 0.1220.006 0.0620.003 0.1090.006

MEND 0.0390.005 0.0830.008 0.0470.006 0.0650.008

IKE 0.0180.001 0.1370.005 0.0720.004 0.2110.013

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.0330.006 0.0320.006 0.0640.006 0.0580.006

ROME 0.0780.009 0.0740.009 0.0920.010 0.0710.009

MEND 0.0460.007 0.0820.008 0.0500.008 0.0460.008

IKE 0.0060.000 0.0580.002 0.0240.002 0.1330.004

Table 8: ECE on ZsRE.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.0250.005 0.0210.004 0.1900.007 0.1840.007

ROME 0.0720.009 0.0720.009 0.0860.009 0.0610.009

MEND 0.0420.008 0.0870.009 0.0660.008 0.0390.008

IKE 0.0040.000 0.1150.004 0.0200.001 0.1000.006

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0950.004 0.0820.003 0.1910.005 0.1640.005

ROME 0.0550.003 0.1150.006 0.0580.004 0.0750.008

MEND 0.1120.010 0.0840.011 0.1040.010 0.0690.009

IKE 0.0290.001 0.0860.003 0.0250.005 0.0180.004

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.0360.006 0.0410.005 0.0430.008 0.0430.007

ROME 0.0500.004 0.0910.005 0.0330.004 0.0740.007

MEND 0.1580.010 0.1450.011 0.0280.006 0.0400.008

IKE 0.0110.000 0.0700.002 0.0050.001 0.0960.005

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0210.005 0.0200.005 0.0200.005 0.0140.004

ROME 0.0620.004 0.1220.006 0.0600.004 0.1080.006

MEND 0.0370.005 0.0850.008 0.0550.006 0.0690.008

IKE 0.0180.001 0.1350.004 0.0720.004 0.2090.011

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit 0.0350.006 0.0350.006 0.0600.006 0.0540.006

ROME 0.0790.009 0.0710.009 0.0910.010 0.0690.009

MEND 0.0450.007 0.0830.008 0.0520.008 0.0450.008

IKE 0.0060.000 0.0570.001 0.0230.002 0.1330.005

Table 9: ACE on ZsRE.

Llama-2-7B Llama-2-7B-chat
p p∗ p p∗

pre-edit 0.0220.005 0.0170.005 0.1900.007 0.1840.007

ROME 0.0620.009 -0.0090.010 0.0820.009 0.0370.010

MEND 0.0070.008 -0.0800.009 0.0630.008 0.0260.009

IKE -0.0040.000 -0.1150.004 -0.0200.001 -0.0990.007

Qwen2.5-7B Qwen2.5-7B-Instruct
p p∗ p p∗

pre-edit 0.0950.004 0.0820.003 0.1910.005 0.1640.005

ROME 0.0550.003 -0.1150.006 -0.0580.004 -0.0750.008

MEND -0.0900.010 -0.0610.010 -0.0710.010 -0.0470.010

IKE -0.0290.001 -0.0860.003 0.0230.005 -0.0140.005

Llama3-8B Llama3-8B-Instruct
p p∗ p p∗

pre-edit 0.0060.007 0.0120.006 0.0390.008 0.0390.007

ROME -0.0500.004 -0.0900.005 -0.0740.004 -0.0740.007

MEND -0.1470.010 -0.1370.011 0.0250.007 0.0200.008

IKE -0.0110.000 -0.0700.002 -0.0050.001 -0.0960.005

Llama3.2-3B Llama3.2-3B-Instruct
p p∗ p p∗

pre-edit 0.0110.005 0.0080.005 0.0130.006 0.0040.004

ROME -0.0620.004 -0.1220.006 -0.0600.004 -0.1080.006

MEND -0.0350.005 -0.0830.008 -0.0400.006 -0.0640.008

IKE -0.0180.001 -0.1350.004 -0.0720.004 0.2040.015

Mistral-7B-v0.1 Mistral-7B-Instruct-v0.1
p p∗ p p∗

pre-edit -0.0210.006 -0.0280.006 0.0590.007 0.0540.006

ROME 0.07360.010 -0.0000.010 0.0640.011 0.0270.011

MEND -0.0330.008 -0.0790.009 -0.0410.008 -0.0340.010

IKE -0.0060.000 -0.0570.001 -0.0230.001 -0.1330.005

Table 10: MCS on ZsRE.
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Abstract

In this work, we explore the prediction of lex-
ical complexity by combining supervised ap-
proaches and the use of large language mod-
els (LLMs). We first evaluate the impact of
different prompting strategies (zero-shot, one-
shot, and chain-of-thought) on the quality of
the predictions, comparing the results with hu-
man annotations from the CompLex 2.0 corpus.
Our results indicate that LLMs, and in particu-
lar gpt-4o, benefit from explicit instructions
to better approximate human judgments, al-
though some discrepancies remain. Moreover,
a calibration approach to better align LLMs pre-
dictions and human judgements based on few
manually annotated data appears as a promis-
ing solution to improve the reliability of the
annotations in a supervised scenario.

1 Introduction

The prediction of lexical complexity is an essential
task for adapting linguistic content to the specific
needs of learners and educational systems. Such a
task consists in predicting a numerical complexity
score for a target word in a given sentence (there-
after an instance). Data annotation plays a key role
in this task, directly influencing the performance of
supervised models. With the emergence of large-
scale language models (LLMs) the possibility of
using automatically generated annotations raises
new questions regarding the generalization and ro-
bustness of these models.

In this work, we focus on measuring the simi-
larities between human annotators and generative
models (LLMs) by varying the prompts. The ob-
jective is to determine whether it is possible to use
LLMs as reliable annotators by measuring their
level of agreement with human annotations and by
analyzing the distribution of the produced annota-
tions. We also seek to identify new perspectives for
improving the alignment between these two sources
of annotations using a calibration model based on

few manually annotated data. We specifically apply
this approach in the context of a supervised model
trained on LLM-based annotated data to avoid the
use of LLMs at prediction time, prioritizing time
efficiency and energy conservation. All our experi-
ments were performed on the CompLex 2.0 dataset
(Shardlow et al., 2021) for English. This dataset
has the advantage of including the source individ-
ual human annotations that can be used for directly
comparing human and LLM annotations.

The paper is organized as follows. Section 2
presents related work with respect to lexical com-
plexity prediction and data annotation using LLMs.
Next, section 3 describes the Complex 2.0 dataset,
the LLM strategies to be tested as well as the
supervised model used in the final experiments.
Then, sections 4 and 5 evaluate LLMs performance
against human annotations. Finally, section 6 ex-
plores supervised scenarios integrating a calibra-
tion model for LLMs.

2 Related work

2.1 Lexical complexity prediction

Lexical complexity is a key issue in text simplifica-
tion and accessibility. North et al. (2023) provide a
comprehensive review of computational methods
for predicting lexical complexity primarily in En-
glish texts. Their work aims to enhance comprehen-
sion by identifying complex words and substituting
them with simpler alternatives. The review cov-
ers both traditional machine learning techniques,
such as support vector machines and logistic regres-
sion, and advanced deep neural network models.
Moreover, the authors emphasize the use of diverse
features including psycholinguistic cues, word fre-
quency, and word length and discuss dedicated
competitions, datasets, and practical applications
in readability assessment and text simplification
across multiple languages.

Research emerging from shared tasks on this sub-

348



ject highlights the evolution of the field and signifi-
cant advances in lexical complexity prediction.In
2018, the Complex Word Identification (CWI)
shared task marked a turning point by proposing
systems capable of identifying words that may be
difficult for readers, depending on various contexts.
Yimam et al. (2018) revealed that simple models
based on n-grams could rival more complex ap-
proaches, emphasizing the importance of data and
linguistic features in this task. In addition, Gooding
and Kochmar (2018) proposed a method based on
an ensemble system using majority voting among
several models, demonstrating that combining di-
verse predictors improves overall performance and
yields robust results. Furthermore, Kajiwara and
Komachi (2018) explored an approach based on
lexical frequency in a learner corpus, showing that
this methodology is particularly well suited for ed-
ucational contexts.

Research on predicting lexical complexity has
progressed significantly thanks to contributions
from the shared task LCP 2021 (Shardlow et al.,
2021), which explored the prediction of the com-
plexity of simple words and multiword expressions.
Pan et al. (2021) proposed an approach based on
a deep ensemble combining pre-trained models
such as BERT with advanced techniques such as
pseudo-labeling and data augmentation, achieving
remarkable results, including first place for multi-
word expressions. Similarly, Yaseen et al. (2021)
used pre-trained models BERT and RoBERTa to
compute complexity scores on a continuous scale,
ranking first for simple words with a Pearson cor-
relation coefficient of 0.788. Moreover, Mosquera
(2021) demonstrated that manual engineering of
contextual, lexical and semantic features can still
rival modern models, obtaining high correlations
for both simple words and multiword expressions.
In a more recent study on the LCP 2021 dataset,
Kelious et al. (2024b) compared the performance
of ChatGPT with that of dedicated models, show-
ing that prompt engineering allows ChatGPT to
be competitive, albeit less consistent than special-
ized models, which reached an R² score of 0.65.
In parallel, the same authors explored multilingual
strategies, comparing supervised and generative
approaches to predict lexical complexity. The gen-
erative models, although achieving high correla-
tions with prompting strategies (zero-shot, one-
shot, etc.), are still surpassed by models optimized
for specific tasks. These contributions illustrate a
combination of modern and traditional approaches

to address the challenges of lexical complexity in
both monolingual and multilingual contexts (Ke-
lious et al., 2024a).

Recent research on predicting lexical complex-
ity and text simplification, particularly in multilin-
gual contexts, demonstrates significant advances
through the integration of modern techniques. The
BEA 2024 shared task explored these aspects in
ten languages, using open and proprietary lan-
guage models, while showing the potential for
improvement in complex tasks (Shardlow et al.,
2024). Enomoto et al. (2024) [TMU-HIT] demon-
strated the effectiveness of GPT-4 in assessing and
simplifying lexical complexity in various multi-
lingual contexts, particularly for under-resourced
languages, without resorting to supervised data.
Similarly, Seneviratne and Suominen (2024) used
generative prompts to simplify texts in English and
Sinhala, confirming the utility of generative models
in less common languages. Another innovative ap-
proach used machine translation to predict lexical
complexity and simplify texts, combining regres-
sors based on linguistic features with quantized
generative models to generate suitable lexical sub-
stitutions (Cristea and Nisioi, 2024).

2.2 LLMs for data annotation
Large language models (LLMs) offer significant
potential to transform data annotation by reduc-
ing costs and increasing efficiency. The work of
Liu et al. (2023) presents a systematic review of
prompting methods based on LLMs, which allow
zero-shot or few-shot learning through structured
prompts and pre-trained models, thereby opening
up new opportunities for automating annotation.
Moreover, Tan et al. (2024) explore how LLMs,
such as GPT-4, can generate annotations, classify
eligible data types, and address challenges related
to bias and annotation quality. Gilardi et al. (2023)
show that ChatGPT outperforms human workers in
text annotation tasks, with increased accuracy (25
percent higher) and costs 30 times lower. In the
field of computational social science, Ziems et al.
(2024) demonstrate that while LLMs do not surpass
specialized models for classification, they produce
qualitative explanations that can enhance research
in annotation and creative generation. Other works,
such as those by Farr et al. (2024), combine chains
of LLMs for more robust and scalable annotation
by aggregating predictions from multiple models,
while Qiu et al. (2025) use ensembles of LLMs for
the evaluation of unstructured textual data, thereby
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improving annotation consistency. Research by
Watts et al. (2024) focuses on the divergences be-
tween humans and LLMs for multilingual and mul-
ticultural data, highlighting the importance of cul-
tural contexts in annotation. Finally, in software
engineering, LLMs show their potential to replace
manual annotations, though they remain limited in
complex technical contexts (Ahmed et al., 2024).
RED-CT, proposed by Farr et al. (2025), illustrates
a hybrid approach combining LLM annotations
and human interventions for linguistic classifica-
tion tasks in constrained environments.

3 Data and models

This section will present the models and the data
that will be used to (i) evaluate the performances
of LLMs with respect to a gold standard and also
with respect to individual human annotations; (ii)
evaluate the impact of LLMs in a supervised sce-
nario where the LLMs are only used to annotate
the training dataset, in order to reduce the energy
costs and improve response-time efficiency.

3.1 Dataset

Recently released lexical complexity datasets
(Shardlow et al., 2021, 2024) usually provide for
each instance a gold numerical complexity score
that is the average of several numerical human an-
notations. In this paper, our goal is to compare
LLMs and human annotations. It therefore requires
the use of a dataset where all individual human an-
notations are available, and not only the average of
their annotations. This is why for our evaluations,
we use the "CompLex 2.0" dataset, an improve-
ment over "CompLex 1.0" (Shardlow et al., 2021).
This corpus contains individual human evaluations
of the lexical complexity of a set of English texts,
carried out using a 5-point Likert scale. The texts
included in the corpus come from sources such
as Wikipedia, educational books, and newspaper
articles, covering a wide variety of topics. The
texts were annotated by human evaluators who as-
sessed the lexical complexity of a target word in
its context (sentence) using the Likert scale. Each
instance was annotated several times, and the aver-
age of these annotations was used as the complexity
score for each data instance. This score, once nor-
malized, represents a continuous value between
0 and 1. In CompLex 2.0, part of the data from
CompLex 1.0 was reused, but the annotations were
enriched by adding 10 additional annotations per

instance, carried out via the Amazon Mechanical
Turk (MTurk) platform, while keeping the same
annotation instructions as before. In total, for this
second phase, 523 available workers annotated the
data, implying that all instances were not annotated
by the same workers, which is clearly a limit for
the sake of comparison. Furthermore, in the release
of Complex 2.0, we only have the data provided by
MTurk of the second annotation phase. Therefore,
when it comes to comparing with individual human
annotations, we will use this data only.

The training and test data contain 7,662 instances
and 917 instances respectively.

3.2 LLMs strategies
We used three prompt approaches to evaluate the
ability of large language models (LLMs) to predict
in-context lexical complexity as proposed by (Ke-
lious et al., 2024a). First, the Zero-shot prompt
(_b) relies solely on the model’s prior knowledge,
without providing any specific examples. Next, the
One-shot prompt (_i) provides a clearer frame-
work by incorporating annotation instructions and
a concrete example, allowing the model to bet-
ter grasp the task at hand. Finally, the Chain-of-
thought prompt (_a) goes further by exposing
detailed instructions, a step-by-step methodology,
and an illustrative example to structure the model’s
reasoning before producing an answer. These three
strategies allow the evaluation of complexity from
different angles, yielding variable results.The full
text of each prompt is provided in the appendix A.

We will experiment with 7 different generative
models with the 3 prompts: llama3:8b (Dubey et al.,
2024), mistral:7b (Jiang et al., 2023), gemma:9b
(Team et al., 2024), phi3:3.8b (Abdin et al., 2024),
gpt-4o (January-2025) 1, falcon3:7b (Almazrouei
et al., 2023), qwen2:7b (Yang et al., 2024)

Except for gpt-4o, which we access via the Ope-
nAI API, we use the 4-bit quantized versions of all
other models and evaluate them with Ollama2, an
open-source tool.

3.3 Supervised model
The supervised scenario consists in using a recent
system that has proven effective for predicting lexi-
cal complexity in English (Kelious et al., 2024b).
The model combines a pre-trained language model
with frequency-based features derived from Zipf’s
law.

1gpt-4o: https://openai.com
2ollama : https://ollama.com
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In summary, the prediction formula is:

ŷ = f
(
Wh · σ

(
We · E +Wf · F + be

)
+ bh

)

where:

• ŷ is the predicted complexity value, between
0 and 1;

• E correspond to the lexical embeddings
extracted from a transformer model
(e.g., DeBerta) from the sequence:
[CLS] sentence [SEP] target_word;

• F is the input frequency-based feature vector,
[F1, F2, F3, F4, F5]

3;

• We and Wf are the weights applied respec-
tively to the lexical embeddings (E) and the
features (F );

• be and bh are the bias terms for the input layer
and the hidden layer;

• σ is a non-linear activation function (ReLU)
applied to the combination of E and F ;

• Wh corresponds to the weights of the hidden
layer;

• f is the linear activation function at the output.

4 Evaluation of LLMs performances
against human-based gold complexity
scores

In this section, we analyze the performances of the
21 LLM systems derived from our three prompting
strategies (section 3.2). We compare the predicted
lexical complexity scores with the gold scores, that
are, for each instance, the average of several indi-
vidual human numerical annotations.

4.1 Pearson Correlation Analysis
According to Figure 1, the performance of the mod-
els follows a clear trend where the addition of struc-
ture and examples improves their ability to predict
lexical complexity: on average, the Zero-shot (_b)
strategy achieves 0.214, the One-shot (_i) 0.365,
and the Chain-of-Thought (_a) [COT] 0.439, con-
firming the positive impact of explicit reasoning.
Comparatively, gpt-4o outperforms all other mod-
els, showing high correlations even in Zero-shot

3
F1 (the Zipf score of the word frequency), F2 (the average Zipf score in a sentence), F3

(the difference between the target word’s Zipf score and the average score), F4 (the number
of words with a Zipf score higher than the target word) and F5 (a binary value indicating
whether the target word is considered rare with a score less than or equal to 3).

Figure 1: Pearson correlation between complexity predicted
by LLMs and the gold complexity (left part); and average
correlation (right part) with respect to the prompt strategy
types (_b: zero-shot, _i: one-shot, _a: chain-of-thoughts).

(0.746) and reaching 0.780 in COT, while Llama-3
and Mistral show good performance but remain
far behind, requiring more advanced prompts to
improve their results. In contrast, Phi-3 and Falcon-
3 are noticeably less performant, particularly in
Zero-shot (respectively 0.023 and 0.088), and need
the COT to reach better levels, while Gemma com-
pletely fails to capture lexical complexity, with a
negative close-to-zero correlation in One-shot (-
0.003). In conclusion, the advantage of advanced
models like gpt-4o is undeniable, but prompt opti-
mization remains essential to improve the perfor-
mance of weaker models.

4.2 Predicted complexity and error
distributions

The violin plot in Figure 2 provides a more detailed
view of the distribution of the model predictions
compared to the distribution of human-based gold
complexity scores on the test set. Figure 4 in Ap-
pendix B provides a complementary view showing
the distributions of the residuals, i.e. the LLM
errors (ygold - yllm).

Distribution of gold complexity scores (com-
plexity): The distribution of values is quite spread
out, meaning that the perception of lexical com-
plexity by human annotators varies according to the
instances. There is a notable concentration around
specific values, which may indicate that most words
have a moderately perceived complexity (neither
too easy nor too difficult). Some extreme values
exist, which could correspond to words that are
widely considered either very simple or very com-
plex.

Models close to gold annotations: The models
gpt-4o (gpt-4o_b, gpt-4o_i, gpt-4o_a) and Llama3
(llama3_i, llama3_a) display distributions similar
to human complexity. Their medians are relatively
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Figure 2: Distribution of lexical complexity predictions for each LLM and distribution of gold scores ("complexity" violin plot)

Figure 3: Comparison between individual human annotations and LLMs, by selecting the top-21 annotators with lowest MSE.

aligned with the gold annotations and their pre-
dictions cover a comparable range of values, in-
dicating a certain consistency. Mistral (mistral_i,
mistral_a) follows a similar trend with moderate
dispersion, suggesting that it evaluates lexical com-
plexity in a balanced manner, without excessively
overestimating or underestimating. These trends
are confirmed with the error distributions.

Models with notable discrepancies: Some
models show more marked divergences compared
to human annotations. Phi3 (phi3_b, phi3_i,
phi3_a) and Qwen2 (qwen2_b, qwen2_i, qwen2_a)
have a higher median, indicating a tendency to
overestimate word complexity. Falcon3_i and Fal-
con3_a, on the other hand, display a larger disper-
sion, notably Falcon3_i which sometimes assigns
exceptionally high values. This variability suggests
a lack of stability in the predictions, which can
be problematic for reliable evaluation of lexical
complexity.

General insights and implications: The mod-
els gpt-4o, Llama3, and Mistral seem to be the
closest to human annotations, suggesting that they
could be the most reliable for predicting lexical
complexity. Conversely, Phi3 and Falcon3 tend

to overestimate complexity, while Qwen2 shows
more rigid predictions biased toward higher val-
ues. A high dispersion in predictions, as observed
in some models, may indicate inconsistency or a
lack of calibration, while an overly concentrated
distribution can reflect a lack of diversity in the
evaluation of words. Thus, if the goal is to mimic
human perception, the models most aligned with
the annotations should be favored, whereas those
with high variability or marked bias might require
adjustment for better calibration.

5 Comparison of LLM predictions with
individual human annotations

In this section, we compare LLM predictions with
the individual human annotations. Unfortunately,
the way the dataset is annotated using the MTurk
platform with a limitation of 10 human annota-
tions per instance makes a fair comparison difficult,
whereas we have the predictions of all the LLMs
per instance. Although there are clear limitations
in the various provided evaluations below due to
this issue, the results will reveal some trends that
will pave the way for other experiments.
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5.1 Comparing the LLMs with the best
human annotators

Since we have 7 LLMs and 3 different prompts,
making a total of 21 models, we will compare this
set with the top 21 human annotators selected based
on their Mean Square Error (MSE) score. Note that
we did not use the Pearson correlation scores as
the difference of two Pearson correlation scores is
difficult to interpret with two different sets of anno-
tated instances (all instances for LLMs vs. various
numbers of instances for human annotators).

General Error Comparison (MSE): Figure 3
shows that human annotators generally have lower
errors than LLMs. Indeed, most annotators display
a more stable and homogeneous MSE, whereas
LLMs show much more variability in their per-
formance. Some models come close to human
performance, while others have much larger dis-
crepancies.

Error Dispersion: Human errors range between
approximately 0.03 and 0.13 for the top-21, indi-
cating a certain consistency in their annotations.
In contrast, LLM errors are much more dispersed,
ranging from 0.03 up to over 0.32, suggesting sig-
nificant heterogeneity depending on the model used.
Some LLMs are very performant, while others
clearly struggle to reproduce precise annotations.

Best and Worst Performers: The best mod-
els and annotators are those that display the low-
est MSE. Among the LLMs, Falcon3_a (MSE ≈
0.036) and Llama3_i (MSE ≈ 0.038) stand out for
their precision, rivaling the best human annotators,
notably "A39VVWV1GHLMFD" (MSE ≈ 0.032)
and "A2GJK2MDTHNQ6Q" (MSE≈ 0.043). Con-
versely, some models display particularly high er-
rors. Qwen2_b (MSE ≈ 0.33) is the least precise
among the LLMs, followed by Mistral_b (MSE ≈
0.21). On the human side, "A2QT3PLP9RR3K0"
is the annotator whose annotations deviate the most
from the reference values (MSE ≈ 0.13).

Direct Comparison between LLMs and Hu-
man Annotators: Some LLMs manage to achieve,
or even surpass, the performance of the least pre-
cise human annotators among the top-21 ones. The
graph shows that up to the 10th-best annotator there
is more or less an equivalence between human and
LLM performances.

5.2 Comparing LLMs with individual human
annotations on a common set of instances

In the ideal case, comparing LLMs with individ-
ual human annotations should be performed on a
common set of instances. To make the analysis
manageable due to impractical combinatorics in
CompLex 2.0 to find the set of annotators with
the largest set of shared annotated instances, we
chose to take the five annotators who annotated
the largest number of instances and extract the 375
instances annotated in common. This approach re-
duces the scope of the problem while retaining a
representative set of annotations for our analyses.

On this subset of instances, we performed an
evaluation using standard evaluation metrics (R²,
Pearson Coefficient, and MSE) comparing anno-
tators and LLMs. For each of the annotators (an-
not1..5), we selected the five LLM/humans whose
evaluations were in the closest agreement with
theirs (according to Cohen’s Quadratic Kappa met-
ric). Table 1 provides the results of the evaluation
metrics.

Human Model R² Pearson MSE Kappa

annot1, (MSE :0.021)

gpt-4o_a 0.4801 0.6929 0.0345 0.68
gpt-4o_i 0.4194 0.6476 0.0410 0.62
gpt-4o_b 0.4116 0.6415 0.0518 0.60
annot3 0.3398 0.5830 0.0610 0.57
annot5 0.3288 0.5734 0.0542 0.57

annot2, (MSE :0.039)

annot1 0.1612 0.4015 0.0810 0.36
annot3 0.1448 0.3806 0.0957 0.36
gpt-4o_b 0.1338 0.3659 0.0798 0.36
annot5 0.1481 0.3848 0.0988 0.33
gpt-4o_a 0.0901 0.3001 0.1002 0.24

annot3, (MSE :0.034)

annot1 0.3398 0.5830 0.0610 0.57
annot5 0.3076 0.5546 0.0722 0.54
gpt-4o_b 0.2927 0.5410 0.0728 0.53
gpt-4o_a 0.2982 0.5461 0.0688 0.50
gpt-4o_i 0.2741 0.5236 0.0747 0.47

annot4, (MSE :0.039)

gpt-4o_b 0.0529 0.2300 0.0883 0.21
llama3_a 0.0446 0.2113 0.0655 0.21
annot2 0.0461 0.2147 0.0878 0.19
annot1 0.0319 0.1787 0.0775 0.18
mistral_i 0.0224 0.1497 0.0728 0.16

annot5, (MSE :0.030)

annot1 0.3288 0.5734 0.0542 0.57
annot3 0.3076 0.5546 0.0722 0.54
gpt-4o_a 0.2978 0.5457 0.0537 0.54
gpt-4o_i 0.2777 0.5270 0.0562 0.51
gpt-4o_b 0.2404 0.4903 0.0830 0.44

Table 1: Results of evaluation metrics (R², Pearson, MSE,
Kappa) comparing annotators annot1...5 and models. The
5-closest annotators annot1...5 or LLM models are provided
for each human annotator annot1...5 with respect to Cohen’s
Quadratic Kappa (Kappa).

Overall, we can see that for each selected hu-
man annotator there are three LLMs in its 5-closest
humans/LLMs (exception: only two LLMs for an-
not2). It shows that we can always find an LLM
closer to her/him than two other human annotators
(only one for annot2). The gpt4o LLMs tend to
be the closest to the selected human annotators: 3
occurrences in the top-5 for three human annota-
tors (annot1, annot3 and annot5), 2 occurrences

353



for annot2 and only one occurrence (zero-shot) for
annot4, the latter emerging as an “outlier” (low
correlation with everyone).

This view is of course partial because of the
specificity of the selected human annotators (the
ones who annotated the largest number of in-
stances) that are not representative of all annotators.
This should be investigated further by enlarging the
set of annotators (but reducing the evaluation set),
and/or by varying selection criteria in order to have
more global view. Nevertheless, the preliminary
investigation presented in this section show some
potential for aligning individual human annotators
and LLMs.

6 Train supervised model

In a real scenario, annotating an instance using 10
LLMs simultaneously would be very expensive in
terms of time, money and energy cost compared to
using a small supervised model. In this section, we
train various supervised models on the CompLex
2.0 dataset, trying to take advantage of LLMs to
annotate the training data, and therefore limiting
their use to an offline setting.

6.1 Preliminary cross-evaluation
We first perform evaluations using the supervised
model described in section 3.3, notably crossing
the various types of annotations available. In par-
ticular, the Complex 2.0 dataset contains, for each
instance, individual annotations from Amazon Me-
chanical Turk as well as an overall score that incor-
porates other inaccessible annotations. We distin-
guish three types of annotations:

• llms: the average of the annotations provided
by several language models (LLMs). To sim-
ulate the Amazon Mechanical Turk approach,
we randomly select 10 LLMs out of 21, re-
calling that MTurk selects 10 annotators from
among 523.

• mturk: the average of the scores assigned by
the human annotators from Amazon Mechani-
cal Turk.

• all: the average of all annotations, that is,
those from MTurk plus the additional inac-
cessible annotations (global score).

Train→ Test Pearson R2 MSE
all→ all 0.79 0.62 0.0065
mturk→ mturk 0.87 0.76 0.0072
llms→ llms 0.78 0.62 0.0080
all→ mturk 0.86 0.74 0.0100
all→ llms 0.50 0.25 0.1780
mturk→ all 0.79 0.63 0.1210
mturk→ llms 0.53 0.28 0.3320
llms→ mturk 0.57 0.33 0.0450
llms→ all 0.52 0.27 0.0250

Table 2: Results of Pearson, R2, and MSE for each train →
test setting.

Intra-ensemble performance (homogeneous):
When both training and testing are performed on
annotations of the same type, the performance
is high (Table 2). For instance, the scenario
all→ all (r = 0.79, R2 = 0.62, MSE = 0.0065) il-
lustrates good consistency when human annotators
are used for both training and testing. Similarly,
the mturk→ mturk approach (r = 0.87, R2 = 0.76,
MSE = 0.0072) gives the highest results, reflecting
the high homogeneity of MTurk annotators. Finally,
in llms→ llms (r = 0.78, R2 = 0.62, MSE = 0.0080),
the language models generate annotations that are
globally consistent with each other, even though
they remain slightly below the quality obtained
with MTurk.

Cross-performance (heterogeneous): In a con-
text where training and testing come from differ-
ent sources, the generalization varies greatly. The
all→ mturk approach (Pearson = 0.86, R2 = 0.74,
MSE = 0.010) shows a fairly good capacity of the
model to predict the MTurk-specific annotations
when trained on data annotated by a larger set of
human annotator. Conversely, all → llms (Pear-
son = 0.50, R2 = 0.25, MSE = 0.178) results in a
significant drop in performance, revealing a marked
divergence between the annotations generated by
LLMs and those by humans. The mturk→ all op-
tion (Pearson = 0.79, R2 = 0.63, MSE = 0.121)
remains relatively satisfactory, but the increase in
MSE indicates a difficulty in fully capturing the
diversity of the annotations. Finally, mturk→ llms
(Pearson = 0.53, R2 = 0.28, MSE = 0.332) confirms
a notable incompatibility between the judgments
of MTurk and those of the generative models.

Impact of LLMs with respect to human anno-
tations: When training on annotations from LLMs
to test on MTurk (llms→ mturk), the performance
remains modest (r = 0.57, R2 = 0.33, MSE = 0.045),
demonstrating that the models do not fully cap-
ture the complexity as perceived by human anno-
tators. Similarly, the scenario llms→ all (r = 0.52,
R2 = 0.27, MSE = 0.025) yields similar results:
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LLMs do not faithfully reproduce the judgments
from a mixed set of human annotations.

6.2 Calibrating LLMs
The results in the previous section indicate that,
despite their internal consistency, LLMs require
significant adjustments to align their annotations
with human judgments, especially in subjective
tasks such as lexical complexity prediction. To do
so, we propose the following three-step method: (1)
we train a calibration model onN samples from the
training set to learn how to combine the predictions
from the various LLMs, (2) we directly apply this
model to generate annotations on the training set;
and (3) we train a supervised model (section 3.3)
on these pseudo-labels and evaluate it on the test
set produced by human annotators.

The proposed calibration model combines LLMs
using a weighting scheme that can be mathemati-
cally formulated as:

ŷ =
n∑

i=1

αi · xi + b

where n is the number of LLMs (21 in our case)
and αi is the weight associated to the complexity
score xi predicted by the LLM LLMi, the term b
being the bias. The weights and the bias are trained
by minimizing the MSE on the subset of training
data annotated by humans.

Sample size (N) Pearson R2 MSE
100 0.73 0.54 0.0145
500 0.75 0.55 0.0108
1 000 0.74 0.55 0.0103
2 000 0.74 0.55 0.0114
5 000 0.75 0.57 0.009
All (7 662) 0.74 0.56 0.0116
No weights (avg) 0.44 -2.90 0.0635
Model llms→ all 0.52 0.27 0.0250
Model all→ all 0.79 0.62 0.0065

Table 3: Evaluation of the LLMs calibration on test set.

Table 3 provides the performances of the super-
vised model based on the calibration model predic-
tions to annotate the training dataset, varying the
sample size N . It appears that with only few anno-
tated data (N=100) we can observe a significant im-
provement of the performances with respect to us-
ing a simple average of the LLMs predictions to an-
notate the training set: Pearson increases from 0.44
to 0.73, MSE decreases from 0.064 to 0.015. Vary-
ing the sample sizeN from 100 to all instances, the
performances remain mostly stable despite some
little variations indicating that a N value between

100 and 500 seems sufficient to approach the results
of the supervised model (all→ all) which remains
superior (Pearson=0.79,R2 = 0.62, MSE=0.0065).
Note that applying the calibration model directly
on the test set yields similar trends as shown in Ap-
pendix C, confirming the validity of the approach.
Moreover, the condensed error distribution around
0 for the calibrated model applied directly on the
test set shows the improved alignment with human
annotations (cf. "stacked_calibrated" violin plot in
Appendix B). It is also interesting to note that using
to simple average method with no weights tend to
be better by randomly sampling ten LLMs per in-
stance than by using the all set of LLMs (Table 3).

7 Conclusion

In this study, we explored the prediction of lexical
complexity by using large language models (LLMs)
with different prompting strategies (zero-shot, one-
shot, chain-of-thought). Our experiments show that
adding structure and explicit examples significantly
improves the models’ ability to approach human
judgments, with gpt-4o notably standing out with
high correlations and better alignment with the ref-
erence annotations.

The comparative analysis of predictions distribu-
tions and errors (MSE) highlights significant vari-
ability between LLM predictions and human eval-
uations. While some models (such as Llama3 and
Mistral) manage to approach human performance
in certain scenarios, others (such as Qwen2) exhibit
marked biases or excessive dispersion in their pre-
dictions. These findings underscore the importance
of precise calibration and prompt optimization to
fully leverage the capabilities of generative models.

Moreover, although training a supervised
model on human annotations remains the perfor-
mance benchmark (Pearson=0,79, R2 = 0, 62,
MSE=0,0065), our results show that the use of
a calibration model which integrates an optimized
weighting of the LLMs’ predictions yields signif-
icantly higher scores than simply averaging the
LLMs predictions, with Pearson coefficients reach-
ing up to 0,75 and R2 values of 0,57 with as few
as 500 examples. This improvement, consistent
across various subsets, confirms that calibration
by stacking enables a better use of the combined
richness of human annotations and automatic pre-
dictions, while drastically reducing the number of
human annotations required.

In brief, our work shows the potential of LLMs
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and in particular that of the calibration models
for lexical complexity prediction. However, the
variability observed in certain metrics, such as the
MSE, and the persistent gaps with human anno-
tations call for continued optimization efforts, no-
tably by refining prompting techniques and cali-
bration strategies. Future research could focus on
improving the self calibration of generative models
and adapting these approaches to other languages
and educational contexts, in order to fully exploit
the synergy between human annotations and auto-
matic predictions.

8 Limitations

Despite the promising results presented in this
study, several limitations must be acknowledged:

• Choice and size of language models:
The analysis was based on a limited set of
models (e.g., llama3, Mistral, Gemma, Phi3,
gpt-4o, Falcon3, and Qwen2), whose sizes
and architectures were chosen based on practi-
cal criteria (notably the use of 4-bit quantized
versions). Although this selection represents a
certain segment of current LLMs, it limits the
generalizability of the results. Future investi-
gations could incorporate a greater variety of
models and examine the impact of model size
and parameter settings on predicting lexical
complexity.

• Focus on English and the Complex 2.0
dataset:
This study is limited to the analysis of English
texts, relying exclusively on the Complex 2.0
dataset, which was chosen for the richness of
its annotations. However, lexical complexity
is a phenomenon that can vary significantly
across languages due to structural and lexical
differences. Extending the analysis to other
languages, accompanied by language-specific
prompts and guidelines, would help capture
intercultural dynamics more accurately and
broaden the scope of the conclusions.

• Simulation of MTurk annotations:
The dataset used is based on annotations
from 523 participants via Amazon Mechan-
ical Turk. Accurately reproducing this level
of heterogeneity is challenging, as simulating
the equivalent of 523 annotators using LLMs
is difficult. In this study, we limited our anal-
ysis to a subset of 5 annotators who annotated

the highest number of common instances. In-
creasing this number in future research would
allow for a better estimation of the variability
and robustness of human judgments.

• Calibration method:
Although the calibration method has shown
its effectiveness in aligning LLM predictions
with human annotations, it is only a start-
ing point. A more comprehensive bench-
mark incorporating various calibration meth-
ods would be beneficial in identifying the op-
timal strategy and further improving the align-
ment between automatic predictions and hu-
man judgments.

• Data leakage and lexical-complexity biases:
Sentences from CompLex 2.0 may already
be present in the vast corpora used to pre-
train many LLMs, creating potential data
leakage that can artificially inflate reported
performance. Moreover, we observed that
prediction errors increase markedly when-
ever a sentence contains rare vocabulary
or syntactically/semantically demanding con-
texts, revealing a systematic bias toward high-
frequency, “easier” language. Together, these
issues undermine the reliability of the evalua-
tion and underscore the need for stricter cor-
pus filtering and for benchmarks that better
cover the long tail of lexical difficulty.

These limitations pave the way for interesting fu-
ture work, including extending the analysis to other
languages, exploring a greater diversity of models
and calibration methods, and incorporating a larger
number of annotators to enhance the robustness
and generalizability of the results.
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A Prompts

1- Zero-shot prompt (base)

"""

You will be given a sentence and
a word included in the sentence.
Evaluate the complexity of the
word in the context of the
sentence, and provide a rating
in scale of 0.0, 0.25, 0.5, 0.75,
1.0.

Sentence: ’{sentence}’

Word: ’{token}’

Complexity:

return only the number (0.0, 0.25,
0.5, 0.75, 1.0) that corresponds
to the complexity of the word in
context.

"""

2- One-shot prompt (instruct)

"""

You are a person without
specialized knowledge or
expertise in any specific
field.You will receive a sentence
containing a word, your task is
to evaluate the word based on
one metric.

Evaluation Criteria:

Complexity [0.0, 0.25, 0.5, 0.75,
1.0]: This measures how difficult
it is to understand the word.

1. Carefully examine the sentence
and the specified word to grasp
the context in which it is used.

2. Assess the complexity of the
word using the criteria provided

- 0.0: The word is simple
and easily understandable to most
people.

- 0.25: The word may have some
complexity or be specific to a
certain field, but can still be
understood with some effort.

- 0.5: The word is
moderately complex and may
require some background knowledge
or explanation to understand
fully.

- 0.75: The word is quite
complex and may be difficult
to understand without significant
knowledge or explanation.

- 1.0: The word is
extremely complex and likely
only understood by experts
or individuals with specialized
knowledge.

Your personal knowledge of a word
should not influence your rating.
Instead, rate the word based
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on the understanding an average
person might have

Example:

Sentence: ’The professor’s
discourse was filled with
intricate terminology that
baffled the students.’ Word:
’discourse’.

For this example, ’discourse’
might be rated as 0.25.

Please provide a complexity
rating for the ’{language}’word
’{token}’.

Sentence: ’{sentence}’

Word: ’{token}’

return only the number (0.0, 0.25,
0.5, 0.75, 1.0) that corresponds
to the complexity of the word.

"""

3- Chain-of-thought prompt (Ad-
vanced Cot)
"""

You are a person without
specialized knowledge or
expertise in any specific
field.You will receive a sentence
containing a word, your task is
to evaluate the word based on
one metric.

Evaluation Criteria:

Complexity [0.0, 0.25, 0.5, 0.75,
1.0]: This measures how difficult
it is to understand the word.

Evaluation steps:

• 1.Understand the Context: -
Read the sentence and the
word carefully to understand
the context in which the word
is used.

• 2. Analyze the Word’s
Frequency and Familiarity: -
Determine how commonly the
word is used in everyday
language. - Consider if the
word is generally known by
the average person or if it
is specialized.

• 3. Evaluate the
Morphological Complexity:
- Examine the structure of
the word, including its
length, composition, and any
prefixes or suffixes.

• 4. Define the Word: - Provide
a definition of the word in
its common usage. - Explain
the specific meaning of the
word in the given context.

• 5. Assess the Overall
Complexity: - Based on the
analyses above, determine
the complexity of the word
using the following criteria:
- 0.0: The word is simple
and easily understandable
to most people. - 0.25:
The word may have some
complexity or be specific
to a certain field, but can
still be understood with
some effort. - 0.5: The word
is moderately complex and
may require some background
knowledge or explanation
to understand fully. -
0.75: The word is quite
complex and may be difficult
to understand without
significant knowledge or
explanation. - 1.0: The word
is extremely complex and
likely only understood by
experts or individuals with
specialized knowledge.

• 6. Assign a Complexity
Rating: - Based on your
evaluation, assign a
complexity rating to the
word.

Your personal knowledge of a word
should not influence your rating.
Instead, rate the word based
on the understanding an average
person might have

Example:

Sentence: ’The professor’s
discourse was filled with
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intricate terminology that
baffled the students.’ Word:
’discourse’

1. Understand the Context: The
word ’discourse’ is used in a
sentence discussing a professor’s
speech.

2. Analyze the Word’s Frequency
and Familiarity: ’Discourse’ is
somewhat specialized but can be
understood by most people with
some effort.

3. Evaluate the Morphological
Complexity: ’Discourse’ is a
relatively long word but does
not have complex prefixes or
suffixes.

4. Define the Word: -
Common usage: ’Discourse’ means
written or spoken communication.
- Context-specific: In the
sentence, ’discourse’ refers to
the professor’s lecture.

5. Assess the Overall
Complexity: Considering its
moderate frequency, moderate
morphological complexity, and
clear context-specific meaning,
’discourse’ might be rated as
0.25.

6. Assign a Complexity Rating:
For this example, ’discourse’
might be rated as 0.25.

Now, Please provide a complexity
rating for the ’{language}’word
’{token}’.

Sentence: ’{sentence}’

Word: ’{token}’

return only the number (0.0, 0.25,
0.5, 0.75, 1.0) that corresponds
to the complexity of the word.

"""

B Distributions of prediction errors of the
LLMs

Figure 4 provides a complementary view showing
the distributions of the residuals, i.e. the LLM
errors (ygold - yllm).

C Performances of calibrated LLMs

Table 4 shows the performances of the system com-
bining LLMs using the calibration model on the
test set.

Sample size (N) Pearson r2 MSE
100 0.77 0.44 0.0169
500 0.81 0.60 0.0119

1,000 0.81 0.61 0.0118
2,000 0.82 0.64 0.0108
5,000 0.82 0.67 0.0098

All (7,662) 0.83 0.68 0.0095
No weights (avg) 0.44 -2.9 0.0635
model (all→ all) 0.79 0.62 0.0065

Table 4: Performance metrics by sample size, applying
the calibration model directly to the test set.
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Figure 4: Distribution of errors for each LLM according to gold scores
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Abstract

Retrieval-Augmented Generation (RAG) sys-
tems rely on high-quality embeddings to re-
trieve relevant context for large language mod-
els. This paper introduces the Semantic-
Augmented Graph (SAG), a new architecture
that improves domain-specific embeddings by
capturing hierarchical semantic relationships
between text segments. Inspired by human in-
formation processing, SAG organizes content
from general to specific concepts using a graph-
based structure. By combining static embed-
dings with dynamic semantic graphs, it gener-
ates context-aware representations that reflect
both lexical and conceptual links. Experiments
on text similarity and domain-specific ques-
tion answering show that SAG consistently out-
performs standard embedding methods within
RAG pipelines.

1 Introduction

Retrieval-Augmented Generation (RAG) enhances
large language models by integrating relevant exter-
nal information during response generation. This
process relies on embedding models to convert text
into vector representations for efficient similarity-
based retrieval. While general-purpose embeddings
perform well across many domains, they often fall
short in specialized fields like medicine, law, or
technical writing, where semantic structures are
more complex and hierarchical. To address this
gap, we propose the Semantic-Augmented Graph
(SAG), a novel architecture designed to improve
domain-specific embeddings by modeling how hu-
mans organize knowledge. SAG converts unstruc-
tured text into a directed graph, with nodes rep-
resenting semantic units and edges encoding con-
textual relationships. These graphs are further op-
timized into subtrees that reflect domain-relevant
knowledge clusters, capturing both broad concepts
and detailed information.

SAG is particularly suited for environments with

limited computational resources, where large-scale
models are impractical. By enhancing static em-
beddings with graph-based structure, SAG achieves
an effective balance between efficiency and repre-
sentational power. The approach aligns with ongo-
ing efforts to reduce the energy and compute costs
of NLP systems, offering a scalable solution for
domain-adapted retrieval and reasoning.

The rest of the paper is structured as follows:
Section 2 reviews related work on embeddings and
RAG methods. Section 3 outlines the conceptual
foundation of our approach. Section 4 details the
SAG architecture and processing pipeline. Section
5 presents experimental results on semantic simi-
larity and question answering. Section 6 concludes
with future directions.

2 Related Work

Similarity search in high-dimensional vector spaces
is a core component of information retrieval and
knowledge discovery. Faiss (Johnson et al., 2019),
developed by Meta’s AI research team, is a widely
adopted library that enables scalable similarity
search and clustering. It supports both CPU and
GPU execution and implements efficient algo-
rithms using techniques like product quantization
and inverted indexing. Faiss allows rapid retrieval
from large datasets while supporting multiple dis-
tance metrics, making it a foundational tool for
retrieval-augmented systems.

Learning effective graph representations is es-
sential for tasks such as node classification, link
prediction, and clustering. Node2Vec (Grover and
Leskovec, 2016) addresses this by generating node
embeddings through biased random walks that cap-
ture various neighborhood structures. By preserv-
ing network proximity in the embedding space,
Node2Vec generalizes earlier methods and pro-
vides reliable performance across multiple graph-
based applications.
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Evaluating retrieval-augmented generation sys-
tems in specialized domains like medicine re-
quires robust benchmarks. MIRAGE (Rajpurkar
et al., 2020) offers a comprehensive suite of medi-
cal question-answering datasets and an evaluation
framework designed to reflect realistic use cases.
Some of them are BioASQ (Tsatsaronis et al.,
2015), MedMCQA (Pal et al., 2022), MedQA-
USMLE (Marro et al., 2023), and MMLU-MED
(Hendrycks et al., 2021). Recent advances in
biomedical retrieval have leveraged contrastive
learning to improve semantic representations. Med-
CPT (Yuan et al., 2022) introduces a transformer
model trained with contrastive objectives to sup-
port zero-shot retrieval in the biomedical domain. It
achieves state-of-the-art results on standard bench-
marks by generating robust sentence embeddings
even in the absence of annotated training pairs.

Knowledge graphs provide structured represen-
tations of domain-specific information, support-
ing complex reasoning and query answering. In
the medical field, the traditional static knowledge
graphs are being replaced by adaptive systems that
incorporate large language models and domain-
specific retrieval tools. These systems automati-
cally extract entities, infer relationships, and build
query-specific graphs. Frameworks like AMG-
RAG (Wang et al., 2023) use these adaptive knowl-
edge graphs in retrieval-augmented pipelines, com-
bining evidence retrieval and reasoning to improve
accuracy and interpretability in medical question
answering.

3 Model’s Philosophy

SAG is inspired by the hierarchical structure of
human cognition, where knowledge is processed
from general principles to specific details. This
structure is especially prominent in expert domains,
where reasoning involves traversing semantic lay-
ers—from broad categories to precise instances.
We define information specificity as "the range of
knowledge from which a sentence is derivable".
General statements apply broadly, while specific
ones are valid in narrower contexts. Consider this
spectrum from the biomedical domain:

• General: “Medications are substances used to
treat medical conditions.”

• Intermediate: “Anticoagulants prevent blood
clot formation.”

• Specific: “Warfarin inhibits vitamin K epox-
ide reductase, preventing activation of clotting

factors II, VII, IX, and X.”

SAG operationalizes this cognitive structure as
a directed graph: nodes represent text chunks,
and edges encode general-to-specific relationships.
This graph captures domain-specific knowledge
hierarchies, which we leverage to produce semanti-
cally rich embeddings tailored for RAG systems.

4 SAG’s Pipeline

4.1 Data and Static Word Embeddings

We begin with unstructured domain-specific text,
segmented into semantically coherent chunks (here-
after called paragraphs). Tokenization is handled
using a standard English tokenizer with lowercas-
ing; we found no substantial benefit from domain-
specific tokenizers in our setup. Initial embed-
dings are drawn from pre-trained models such as
Word2Vec (Mikolov et al., 2013) and GloVe (Pen-
nington et al., 2014), serving as a static foundation.
SAG then fine-tunes these representations through
graph-based enrichment. While domain-specific
embeddings can improve convergence speed, our
results show that SAG’s performance is ultimately
robust to the choice of initialization.

4.2 Generating initial graph

We aim to construct a directed graph where nodes
represent text paragraphs, and edges represent se-
mantic relationships between them. Initially, we
create a fully connected graph where each node cor-
responds to a paragraph. For every pair of nodes,
we calculate a similarity score using cosine similar-
ity between their static embeddings. Edges are only
preserved if their similarity exceeds a threshold τ
(empirically set to 0.5 in our experiments). The
edge weight is computed as:

wij =
(cos(p⃗i, p⃗j) + 1)/2− τ

1− τ (1)

where p⃗i and p⃗j are the paragraph embeddings,
and the weight is mapped to the range [0, 1].

To compute paragraph embeddings, we use the
Smooth Inverse Frequency (SIF) weighting scheme.
SIF reduces the influence of common words and
emphasizes the importance of informative words
in the paragraph. The paragraph embedding p⃗i is
computed as:

p⃗i =
1

|Ti|
∑

t∈Ti

a

a+ f(t)
· t⃗ (2)
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Figure 1: Overview on SAG’s pipeline

where Ti is the set of tokens in paragraph i, a is
a smoothing parameter (empirically set to 0.0002),
f(t) is the frequency of token t in the corpus, and
t⃗ is the token embedding.

In our experimental design, we deliberately se-
lected static word embeddings augmented with SIF
for paragraph representations, despite the availabil-
ity of various sentence and text embedding alter-
natives. This approach enables us to isolate and
highlight the architectural benefits of SAG itself,
rather than potentially obscuring its contributions
by applying it to already optimized state-of-the-
art models, which would make it difficult to dis-
tinguish between innate model performance and
SAG-derived improvements.

To transform this undirected similarity graph
into a directed graph that captures the general-to-
specific relationship, we use the SMOG readability
index (McLaughlin, 1969), which is particularly
effective for medical texts. The SMOG index pro-
vides a measure of textual complexity, which we
use as a proxy for specificity: higher SMOG scores
indicate more specific content, while lower scores
suggest more general content. The SMOG index is
calculated as:

SMOG = 1.043

√
Np

(
30

Ns

)
+ 3.1291 (3)

where Np is the number of polysyllabic words
(words with three or more syllables) and Ns is the
number of sentences.

For each pair of connected nodes (i, j), we com-
pute their respective SMOG scores si and sj , and
derive a directionality measure:

ci =
si

si + sj
, cj =

sj
si + sj

= 1− ci (4)

We then establish a directed edge from the node
with the lower c value (more general) to the node
with the higher c value (more specific). This pro-
cess transforms our similarity graph into a directed
graph that represents the flow from general to spe-
cific information.

4.3 Reducing the graph in size

The fully connected directed graph, while theoreti-
cally comprehensive, is computationally inefficient
and contains redundant information. Our goal is
to reduce this graph to a more manageable struc-
ture while preserving the most important semantic
relationships. Specifically, we aim to transform
the graph into a forest of directed trees, where each
tree represents a coherent subdomain of knowledge.
We employ a heuristic algorithm that combines
topological sorting with dynamic programming to
identify optimal subtrees, formally described in Al-
gorithm 1. The distinction between trees naturally
emerges from the semantic structure of the data,
without requiring explicit domain labels. Each tree
captures a semantic hierarchy from general to spe-
cific information within its subdomain.
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Algorithm 1 Graph Reduction to Forest

1: procedure REDUCETOFOREST(G = (V,E))
2: Initialize visited[node]← 0 for all node ∈ V
3: Initialize stack ← []
4: function DFS(node)
5: visited[node]← 1
6: for each neighbor v of node in E do
7: if visited[v] = 0 then
8: DFS(v)
9: end if

10: end for
11: stack.append(node)
12: end function
13: for each node ∈ V do
14: if visited[node] = 0 then
15: DFS(node)
16: end if
17: end for
18: Reverse stack
19: Initialize costs[node]←∞ for all node
20: Initialize oset← sorted list of (∞, node, []) for all node
21: new_edges← []
22: while oset not empty do
23: (node, curr_cost, edges)← pop node with minimum cost from oset
24: if curr_cost =∞ then
25: curr_cost← 0
26: end if
27: costs[node]← curr_cost
28: for each (prev_node, edge_cost) in edges do
29: new_edges.append((prev_node, node, {weight : 1− edge_cost}))
30: end for
31: for each outgoing edge (node, neighbor, weight) in E do
32: if neighbor is still in oset then
33: if curr_cost+ weight < current cost of neighbor then
34: Update neighbor’s cost to curr_cost+ weight
35: Record path from node
36: else if curr_cost+ weight = current cost of neighbor then
37: Add alternative path from node
38: end if
39: end if
40: end for
41: end while
42: Replace G’s edges with new_edges
43: return G
44: end procedure
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4.4 Computing updated word embeddings

With the optimized forest structure in place, we
now compute enhanced node embeddings that in-
corporate both the textual content and the graph
structure. We use Node2Vec to generate embed-
dings for each node in the forest, capturing the
structural relationships between paragraphs. For
individual tokens, we compute enriched embed-
dings by taking a weighted average of the node
embeddings for all paragraphs in which the token
appears:

t⃗new =
∑

i∈P (t)

ft,i∑
j∈P (t) ft,j

· n⃗i (5)

where P (t) is the set of paragraphs containing
token t, ft,i is the frequency of token t in paragraph
i, and n⃗i is the node embedding for paragraph i.

Rather than completely replacing the original
static embeddings, we merge them with these new
embeddings to preserve general semantic informa-
tion while incorporating domain-specific relation-
ships. The combined embeddings are computed
as:

t⃗final = [⃗tstatic; t⃗new] (6)

After merging the static and new embeddings,
the resulting dimensionality increases. To ensure
that the final embeddings match the original static
embeddings’ dimensionality (for seamless integra-
tion with existing systems), we apply dimensional-
ity reduction techniques. Specifically, we use the
method described in (Raunak et al., 2019) to reduce
the size of the word embeddings. The implementa-
tion can be seen in Algorithm 2.

4.5 Encoding logic

4.5.1 Single-Tree
The SAG encoding process integrates static and dy-
namic components to produce embeddings that cap-
ture both lexical content and structural semantics.
The static component uses a weighted average of
token embeddings with SIF weighting to downplay
common terms. The dynamic component incorpo-
rates domain-specific relationships by simulating a
walk through the semantic graph, as described in
Algorithm 3. The final embedding is a weighted
combination of the two:

e⃗ = pSAG · d⃗+ (1− pSAG) · s⃗ (7)

Algorithm 2 Dimensionality Reduction via PCA

1: Input: Data matrix Xtrain, components O, re-
duced dims N , desired comps D, words W

2: Output: Reduced embeddings t⃗final
3: Center data: Xtrain ← Xtrain −mean(Xtrain)
4: U1 ← PCA(Xtrain, O) ▷ First PCA: extract

main components
5: for each x ∈ Xtrain do
6: x← x−∑D

j=1 dot(U1[j]
T , x) · U1[j] ▷

Remove top D components
7: end for
8: Xtrain ← Xtrain −mean(Xtrain)
9: Xnew ← PCA(Xtrain, N) ▷ Project to N

dimensions
10: Xnew ← Xnew −mean(Xnew)
11: Xnew ← PCA(Xnew, N) ▷ Second PCA

refinement
12: for each i ∈ 1..W do
13: t⃗final[i] ← Xnew[i] −∑D

j=1 dot(Ufit[j]
T , Xnew[i]) · Ufit[j]

14: end for
15: Return t⃗final

where pSAG (typically 0.7) balances the influence
of the graph-based and lexical components.

4.5.2 Multiple-Trees

In practice, our graph reduction algorithm typically
produces multiple trees, each representing a dis-
tinct subdomain within the corpus. For each text
to be encoded, we identify the most relevant trees
(termed "master trees") based on token overlap.
Specifically, for a given text, we identify the top
k trees (where k =

√
|trees| by default) with the

highest token frequency overlap.
When comparing two texts, we compute sim-

ilarity scores for each tree in the union of their
respective master tree sets, with trees that appear
in both sets receiving double weight. The final
similarity score is:

sim(A,B) =

∑
t∈MA∪MB

wt · cos(e⃗tA, e⃗tB)∑
t∈MA∪MB

wt
(8)

where MA and MB are the sets of master trees
for texts A and B, e⃗tA and e⃗tB are the embeddings
of A and B with respect to tree t, and wt = 2 if
t ∈MA ∩MB and wt = 1 otherwise.

366



Algorithm 3 Dynamic Embedding Computation

1: procedure COMPUTEDYNAMICEMBEDDING(text,G, nodeEmb, tokenFreq)
2: tokens← tokenize(text)
3: span← tokens[0 : SPAN_SIZE], last← SPAN_SIZE
4: sumV ec←∑

t∈span tokenFreq[t]
5: currNode← argmaxn sumV ec[n], vecs← [nodeEmb[currNode]
6: temp← T0 ▷ Initial temperature
7: while last < |tokens| do
8: Update span and sumV ec with tokens[last]
9: last← last+ 1

10: steps← COMPUTESTEPS(span, tokenFreq), tmp← []
11: for 1 . . . steps do
12: With prob. ∝ e−1/temp, pick random neighbor of currNode
13: Otherwise, set currNode← argmax neighbor by sumV ec
14: temp← temp · λ
15: tmp.append(nodeEmb[currNode])
16: end for
17: vecs.append(tmp)
18: end while
19: return mean(vecs)
20: end procedure

4.6 Inference high-level methods

While the multiple-tree approach provides rich se-
mantic representations, it requires a custom simi-
larity function, which may not integrate seamlessly
with existing embedding-based tools and pipelines.
To address this, we propose a compact embedding
format that encapsulates the multi-tree information
within a single vector representation, facilitating
compatibility with standard similarity metrics.

4.6.1 Compact Embedding Formulation
Let T = {T1, T2, . . . , Tn} be the set of all trees
in our forest, and Mx ⊂ T be the set of master
trees for text x. The compact embedding c⃗x is con-
structed as a concatenation of three components:

c⃗x = [s⃗weighted
x ; e⃗specific

x ; e⃗general
x ] (9)

where:

• s⃗weighted
x = rsent · s⃗x represents the static com-

ponent weighted by rsent

• e⃗specific
x = [pSAG · e⃗ix if Ti ∈ Mx else 0⃗]ni=1

represents the tree-specific embeddings for
master trees

• e⃗general
x = [pSAG · e⃗ix]ni=1 represents the general

tree embeddings across all trees

The weighting factor rsent is computed as:

rsent =

{
2 · |Mx| · psent if |Mx| > 0

psent otherwise
(10)

where psent = 1− pSAG.

4.6.2 Theoretical Justification

The compact embedding design ensures that when
comparing two texts using standard cosine similar-
ity, the result approximates our weighted multi-tree
similarity. Consider the dot product between com-
pact embeddings of texts x and y:

c⃗x · c⃗y = r2sent (s⃗x · s⃗y)

+ p2SAG

n∑

i=1

(
1 + ITi∈Mx∩My

)
(e⃗ ix · e⃗ iy)

(11)
where I(·) is the indicator function and
I(A)I(B) = I(A ∩ B) was used to merge
the two sums.

When normalized by the magnitudes in the co-
sine similarity calculation, this approximates our
weighted multi-tree similarity Formula 8. The com-
pact embedding computation is implemented effi-
ciently as shown in Algorithm 4.
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Algorithm 4 Compact Embedding Computation

1: procedure ENCODE(text, pSAG = 0.7, inference = True)
2: psent ← 1− pSAG
3: sent← ComputeStaticEmbedding(text)
4: sent← sent

||sent|| ▷ Normalize
5: masters, sag ← ComputeSAGVectors(text)
6: rsent ← 2.0 · |masters| · psent if |masters| > 0 else psent
7: sentPart← [rsent · sent]
8: specificPart← [pSAG · sag[i] if i ∈ masters else 0⃗ for i in range(|sag|)]
9: generalPart← [pSAG · x for x in sag]

10: if inference then
11: parts← [sentPart, specificPart, generalPart]
12: else
13: parts← [sentPart, generalPart, specificPart]
14: end if
15: result← []
16: for part ∈ parts do
17: for vector ∈ part do
18: result.extend(vector.flatten())
19: end for
20: end for
21: return array(result)
22: end procedure

4.7 Parameter Discussion

Parameters fall into training and inference cate-
gories. Training’s key factors are chunk size and
graph node count (controlling granularity/scale);
similarity threshold mainly reduces computation by
limiting edges without affecting structure. For in-
ference, embedding weight between static/dynamic
components is crucial and tunable per use case.
The 50-dim embeddings balance performance with
speed, aligning with typical subtree counts (6-
10); larger sizes showed comparable accuracy but
slower inference.

5 Experiments

We evaluated SAG on text similarity and RAG-
based question answering tasks. To optimize train-
ing data quality, we utilized the CRAFT 2.0 dataset
(Cohen et al., 2017) containing 67 full-text arti-
cles with around 560,000 tokens. Our training em-
ployed 1024 chunks of 512 tokens each with final
static embeddings of size 50.

5.1 Text Similarity

We evaluated SAG on two biomedical semantic tex-
tual similarity datasets: Clinical STS EBMSASS
(Hassanzadeh et al., 2019), containing 1,000 expert-

annotated clinical evidence pairs with 1-5 similarity
scores from biomedical abstracts, and BIOSSES
(Sogancioglu et al., 2017), comprising 100 sen-
tence pairs from biomedical articles with 0-4 simi-
larity scores focused on citation relationships. Eval-
uation employed a domain-specific pretrained Sen-
tence Transformer trained on the PubMed corpus
(Wheeler et al., 2002). Table 4 demonstrates SAG’s
state-of-the-art performance, exceeding both the
reference model and previous SOTA on BIOSSES,
and marginally outperforming the reference model
on EBMSASS.

5.2 Question Answering with RAG
We evaluated SAG on the MIRAGE benchmark
while considering two retrieval corpora: LoData
(medical textbooks and Statpearls (Publishing,
2025)) and HiData (25% of PubMed). Table
2 demonstrates that RAG augmented with SAG
consistently outperforms baseline approaches us-
ing Gemini 2.0 Flash. Notably, Table 5 indi-
cates SAG’s minimal computational overhead,
with reduced inference time and memory require-
ments in both single-threaded and accelerated en-
vironments, confirming its suitability for resource-
constrained deployments. SAG enhances standard
RAG pipelines to competitive levels with special-
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Model Size Acc. (%) Chain-of-Thought Web-Search
Med-Gemini (Saab et al., 2024) 1800B 91.1 Yes Yes
GPT-4 (OpenAI, 2023) 1760B 90.2 Yes Yes
Gemini 2.0 Flash + RAG w/ SAG (HiData) 40B 87.7 Yes No
Med-PaLM 2 (Singhal et al., 2025) 340B 85.4 Yes No
Med-PaLM 2 (5-shot) (Singhal et al., 2025) 340B 79.7 Yes No
AMG-RAG (Wang et al., 2023) 8B 73.9 Yes Yes
Meerkat (Kim et al., 2024) 7B 74.3 Yes No
Meditron (Chen et al., 2023) 70B 70.2 Yes Yes
Flan-PaLM (Singhal et al., 2023) 540B 67.6 Yes No
LLAMA-2 (Chen et al., 2023) 70B 61.5 Yes No
Shakti-LLM (Shakhadri et al., 2024) 2.5B 60.3 No No
BioMedGPT (Luo et al., 2023) 10B 50.4 No No

Table 1: Recent results on MedQA-US.

Model BioASQ MedMCQA MedQA-US MMLU-MED Avg
RAG with SAG (HiData) 74.13 71.88 87.65 90.16 80.95
RAG with MedCPT (HiData) 66.55 69.43 84.23 85.71 76.48
RAG with SAG (LoData) 72.35 67.85 67.45 83.49 72.79
RAG with MedCPT (LoData) 65.12 66.73 65.42 79.96 69.31
No RAG 60.35 64.50 67.01 78.84 67.68

Table 2: Accuracy (%) on Question Answering Datasets using Gemini 2.0 Flash

Model Acc.
SAG (HiData) 71.88
AMG-RAG (Wang et al., 2023) 66.34
Meditron (Chen et al., 2023) 66.00
Codex 5-shot (Liévin et al., 2024) 59.70
VOD (Liévin et al., 2023) 58.30
PubmedBERT (Gu et al., 2021) 40.00

Table 3: Recent results on MedMCQA

Dataset SAG Reference SOTA
EBMSASS 85.84 85.62 –
BIOSSES 96.87 86.67 93.63

Table 4: Pearson Correlation (%) on biomedical STS
datasets

ized medical models, achieving 87.7% on MedQA-
USMLE (Table 1) and 71.88% on MedMCQA (Ta-
ble 3). These results demonstrate SAG’s efficacy as
a lightweight enhancement module enabling mod-
est LLMs to compete with state-of-the-art systems
in complex biomedical reasoning.

6 Conclusion and Future Work

This work presents the Semantic-Augmented
Graph (SAG), a new architecture that improves

Model Size Time S/A Memory S/A
SAG 124 MB 136/32 ms 1/7 KB
MedCPT 439 MB 350/62 ms 7/23 MB

Table 5: Inference Time and Memory Usage per 1k
tokens in (S)ingle-threaded and (A)ccelerated settings

domain-specific embeddings by organizing seman-
tic relationships hierarchically within a directed
graph. By structuring information from general
to specific concepts, SAG produces context-aware
embeddings while remaining more computation-
ally efficient than traditional deep learning meth-
ods. Experimental results show that SAG achieves
state-of-the-art performance on biomedical seman-
tic similarity benchmarks. When integrated into
a Retrieval-Augmented Generation system, it con-
sistently improves biomedical question-answering
performance while retaining its efficiency. Future
research may explore expanding SAG to general-
domain applications, adapting it for symbolic and
mathematical data, combining multiple embedding
sources through ensemble methods, and extending
the model to low-resource languages where effi-
cient learning is critical. We anticipate releasing
the code and related artifacts in the future to sup-
port reproducibility and further research.
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7 Limitations

Despite the promising results, our study is sub-
ject to several limitations. First, due to hardware
constraints when processing large-scale graphs
with Python-based backend libraries, the Semantic-
Augmented Graph (SAG) was restricted to a maxi-
mum of 1024 nodes during training and inference.
Our implementation using NetworkX for graph
operations on million-edge structures faced mem-
ory and processing bottlenecks, despite running
on dual Intel Xeon Silver 4210 CPUs (2.20GHz,
40 total logical cores) and two NVIDIA GPUs
(Quadro RTX 6000/8000 and RTX 5000). While
the node limitation was sufficient for capturing
meaningful hierarchical structures, it may have pre-
vented deeper modeling of larger corpora. Sec-
ond, during RAG evaluation, only a quarter of the
full PubMed dataset was accessible, which may
have constrained the retrieval coverage and affected
downstream performance. These limitations high-
light potential gains from scaling SAG with more
efficient graph processing backends and accessing
larger retrieval corpora. As with any embedding-
based system applied in biomedical contexts, there
is a potential risk of encoding latent biases or pro-
ducing misleading similarity scores that may im-
pact downstream clinical decisions. We recom-
mend caution and further evaluation before deploy-
ment in real-world healthcare settings.
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Abstract

The main challenge in cross-domain persua-
sion detection lies in the vast differences in vo-
cabulary observed across different outlets and
contexts. Superficially, an argument made on
social media will not look like an opinion pre-
sented in the Supreme Court, but some of the
latent factors that make an argument persuasive
are common across all settings. Regardless
of domain, persuasive arguments tend to use
sound reasoning and present solid evidence,
build on the credibility and authority of the
source, or appeal to the emotions and beliefs of
the audience. In this paper, we show that simply
encoding the different argumentative compo-
nents and their semantic types can significantly
improve a language model’s ability to detect
persuasion across vastly different domains.

1 Introduction

Persuasion is the process of guiding someone to
adopt a particular way of thinking or behaving.
It is a natural part of everyday life, helping peo-
ple resolve small disagreements and find common
ground. At the same time, it is also a powerful tool
used by leaders and institutions to shape society’s
understanding of broader and more complex issues.
Different arguments have different levels of persua-
siveness, often determined by specific syntactic and
semantic markers (Habernal and Gurevych, 2016a;
Ta et al., 2022). Interestingly, this holds true regard-
less of the context in which arguments are made. In
Fig. 1 we present two examples from two different
domains (Reddit and Supreme Court proceedings)
where the same argumentative strategy was used
with the intent of persuading. In both cases, the
writer introduced an interpretative claim and of-
fered a premise that appealed to the emotions and
beliefs of the audience (known as pathos). In this
paper, we build on the idea that these strategies can
be applied across domains and use them to detect
persuasion in unseen language contexts.

[Welcoming immigrants and refugees has been our coun-
try’s unfair advantage]claim_interpretation... [As many of
you know, I am the son of an undocumented immigrant
from Germany and the great grandson of refugees who
fled the Armenian Genocide]premise_pathos

[Under the Due Process and Equal Protection Clauses
of the 14th Ammendment couples of the same-sex
may not be deprived of that right and that lib-
erty]claim_interpretation... [Their hope is not to be con-
demned to live in loneliness, excluded from one of civi-
lization’s oldest institutions. They ask for equal dignity in
the eyes of the law]premise_pathos

Figure 1: Similar argumentation strategies in two do-
mains. Reddit post by Alexis Ohanian, co-founder of
Reddit (Top). Supreme Court opinion by Justice An-
thony Kennedy in Obergefell vs. Hodges (Bottom).

The task of detecting persuasion is not new;
numerous studies have examined this problem,
primarily with the aim of identifying persuasive
strategies to counter misinformation and propa-
ganda (Da San Martino et al., 2020; Nikolaidis
et al., 2024). Much of this research has aimed
to identify specific techniques in persuasive ma-
terial with varying degrees of success. Previ-
ous studies have examined diverse media, includ-
ing news articles (Piskorski et al., 2023), social
media posts (Tan et al., 2016), legal proceed-
ings (Danescu-Niculescu-Mizil et al., 2012), im-
ages (Liu et al., 2023), and memes (Dimitrov et al.,
2024). They have also addressed a wide range
of domains, from political discourse (Lazer et al.,
2018) to medical information (Kamali et al., 2024).
However, the vast majority of these studies remain
confined to a single domain.

In this paper, we study persuasion detection in
a cross-domain setting. Prior work has looked
at some aspects of cross-domain transfer in
persuasion-related tasks, such as topic-agnostic per-
suasive dialogue generation (Jin et al., 2024) and
cross-lingual variation in persuasive language (Li
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et al., 2024). In the former work, although top-
ics varied, all the conversations followed the same
general structure and style; a turn-taking discus-
sion about daily-life situations. In the latter work,
although the language varied, all instances were
taken from the same media platform. In contrast,
our work focuses on exploring whether explic-
itly modeling argumentation components and their
modes of persuasion can improve cross-domain
transfer when domains differ along more than one
dimension. We build on the premise that argumen-
tation strategies are somewhat domain-agnostic and
look at three domains with different purposes, au-
diences, structures, and argumentation styles. To
this end, we make the following contributions.
1. We propose a simple framework for introducing

information about the structure of the argument
and the persuasion mode for the persuasion de-
tection task.

2. We design a challenging cross-domain exper-
iment using three domains that differ signifi-
cantly in language use, argument length, and
argumentation style: social media, legal pro-
ceedings, and formal debates on general topics.

3. We show that regardless of this variation, argu-
ment information can significantly improve the
ability of fine-tuned language models to detect
persuasion across domains.

2 Related Work

Persuasion Detection. There are two main lines of
work in the space of persuasion detection: one that
frames the problem as a classification task in which
the goal is to identify if a text instance is (more or
less) persuasive (Habernal and Gurevych, 2016a,b;
Dutta et al., 2020; Darnoto et al., 2023), and one
that is concerned with identifying the specific per-
suasion techniques employed in the text (Braca and
Dondio, 2023; Dimitrov et al., 2021, 2024; Iyer and
Sycara, 2019; Nayak and Kosseim, 2024). Most of
these studies employ fully supervised approaches
with training data from the target domain. A no-
table exception is the framework proposed by Iyer
and Sycara (2019), which forgoes supervision by
relying on syntactic parse trees to identify persua-
sion tactics. In contrast, we rely on simple signals
from the argumentation structure to achieve cross-
domain transfer.

Argumentation Mining. There is a large body
of work dealing with argumentation mining in the
context of persuasive texts. Some studies focus on

extracting trees from long documents to represent
the overall structure of the arguments made (Stab
and Gurevych, 2017; Widmoser et al., 2021). Ear-
lier work has also used argument components to
improve high-level persuasion detection (Dutta
et al., 2020), although in single-domain scenarios.
Chakrabarty et al. (2019) combines these two areas
of work by first extracting structured arguments
using rhetorical structure theory and then infusing
this information into a language model to identify
persuasive online discussions. We follow a similar
idea but considerably simplify the way in which
we model the argumentation structure.

3 Methodology

In this section, we present the argumentation taxon-
omy and datasets used, as well as our approach to
predict argumentation components and persuasion.

3.1 Argumentation Taxonomy

We build on the taxonomy used by Hidey et al.
(2017) to qualify opinions on Reddit. They use
two types of argumentation components: claims
and premises. Claims are the main statements or
conclusions that are being proven. They represent
the key ideas that the writer wants the audience to
accept as true. Premises, on the other hand, are the
supporting statements that provide the reasons or
evidence for the claims. The premises serve as the
foundation on which the arguments are built.

Premises are further classified into three seman-
tic types according to their mode of persuasion.
These modes include ethos (appeals to the writer’s
character), logos (appeals to reason), and pathos
(appeals to emotions and beliefs). We also consider
different combinations of these semantic types. For
claims, the types are based on a simplification of
the Freeman proposition (Freeman, 2011) - inter-
pretation, rational evaluation, emotional evalua-
tion, agreement and disagreement.

3.2 Datasets

We choose three vastly different datasets to evaluate
cross-domain transfer.

The Reddit Dataset (CMV) consists of
about 290,000 debate threads from the subreddit
r/ChangeMyView (CMV) (Tan et al., 2016). Each
argument is marked as successful, unsuccessful,
or neutral, based on whether or not the reply in
the thread received a delta from the original poster.
The “unsuccessful” label is used when an attempt
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to convince was made but failed. The “neutral” la-
bel refers to texts that are not argumentative, that is,
they are not trying to convince the listener of any-
thing. These may be unrelated to the topic at hand
or may be simple sentences or phrases that provide
no additional information, such as “Yes, I agree”,
or “Have you heard of XYZ?” where XYZ has no
bearing on the argument. These categories follow
Tan et al. (2016). In their work, the authors exclude
neutral comments and analyze only argumentative
ones; in contrast, we retain neutral comments to
train our sequence labeling classifiers and enhance
the transferability of our framework, since neutral
content is common in realistic scenarios.

The Supreme Court Oral Arguments Dataset
(SCOA) consists of about 70,000 arguments
from various proceedings in the Supreme Court
(SCOA) (Danescu-Niculescu-Mizil et al., 2012).
Each argument is marked as successful, unsuccess-
ful, or neutral, based on whether or not it was made
by the side that won the case. Neutral arguments
here cover, in addition, cases where the outcome is
not clear.

The Anthropic Persuasion Dataset (AP) con-
tains a little less than 4000 claims on a range of
general topics, with arguments generated by both
humans and LLMs supporting these claims. Each
claim has an initial human rating for how much
they agree with the initial statement and a human
rating for how much they agree after hearing the
argument. An argument is considered successful
if a person changes their rating from a “disagree”
rating (0-4) to an “agree” rating (>4), or if they
change their rating by two or more points. Other-
wise, it is considered unsuccessful. As this dataset
contains only arguments and no neutral examples,
it is used solely to evaluate the transferability of
the other two models.

These three datasets differ significantly, making
cross-domain transfer challenging. The average
length of an argument in SCOA is several orders
of magnitude larger than that of an argument in
CMV, and the lengths of arguments in AP are more
concentrated in between the two. These trends
can be observed in Fig. 2. Similarly, we observe
relatively low token overlap between the CMV and
SCOA datasets (Fig. 3). The style and structure of
the arguments in the SCOA dataset are also vastly
different, as seen in the example in Fig. 1, with
more formal speech and more nouns of address.

Figure 2: Length Distribution in Datasets

Figure 3: Token Overlap in Datasets

3.3 Model
We propose a simple pipeline that first identifies
all argumentation components and their types and
then uses this information to predict persuasion.

Identifying Argumentation Components and
Their Types. The first step in our approach is
to segment the input text and identify the correct
argumentation component and semantic type for
each segment.

In our implementation, each segment corre-
sponds to a single sentence. Certain conjunctive
words tend to indicate the start of a new logical
phrase, and so further splitting is done whenever
the following are observed: ’but’, ’because’, ’there-
fore’, ’thus’, ’hence’, ’however’, and ’since’. We
break the task into three classification sub-tasks:
classifying segments into argumentation compo-
nents (claims, premises, none), predicting the se-
mantic type of claim (interpretation, rational evalu-
ation, emotional evaluation, agreement, disagree-
ment), and predicting the semantic type of premise
(ethos, logos, pathos). All sub-tasks are formulated
as sequence-labeling tasks using transformer-based
language models.

Predicting Persuasion. Once argumentation
components have been identified, we turn our at-
tention to predicting whether an argument is per-
suasive. Following prior work (Tan et al., 2016;
Danescu-Niculescu-Mizil et al., 2012), we define
this as a multiclass classification task where the
label can be one of: persuasive, not persuasive,
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Model F1
ArgCompClassifier 0.855
ClaimClassifier 0.696
PremiseClassifier 0.650

Table 1: Text Segment Labeling Classifiers on CMV

Model SCOA F1 AP F1
ArgCompClassifier 0.702 0.564
SemTypeClassifier 0.368 0.230

Table 2: Text Segment Labeling Classifiers on SCOA
and AP (Based on Manual Annotations)

neutral. To use the argumentation taxonomy in-
formation, we introduce two special tokens at the
beginning of each text segment to identify both the
component and its type. We use transformer-based
language models for this task.

4 Experimental Results

We describe our experiments using the approach
outlined in Sec. 3 to predict persuasion across
domains, that is, when training on one dataset and
predicting on a different dataset. We also evaluate
the performance of our argumentation component
and semantic type classifiers. In the CMV data set,
this evaluation is based on the corpus of annotated
argumentation tags, while in the SCOA and AP
datasets, it is based on a much smaller subset of 60
samples that were manually annotated solely for
this evaluation.

Experimental Settings. For the argumentation
component and semantic type classifiers, we fine-
tune DistilBERT (Sanh et al., 2020), while for
our cross-domain persuasion classifiers, we fine-
tune both DistilBERT (results in Appendix C) and
RoBERTa (Liu et al., 2019). Each input is trun-
cated to the maximum length allowed by BERT
(512). In all cases, we use 4-fold cross-validation.
We test the following combinations:
1. Segment Labels: Models were trained using

only the argumentation component tags for each
segment (ArgComps), using both the argumen-
tation component tags and the semantic type
tags (SemTypes), and using neither (Baseline).

2. Training Data - Each model is trained on CMV
data or SCOA data. Randomly selected subsets
of 7500 arguments from the CMV and SCOA
datasets are used, with an even split between the
number of successful, unsuccessful, and neutral
arguments.
The evaluation results for the persuasion clas-

sifier model are shown in Table 3. We observe
a marked improvement in the model’s ability to
detect persuasiveness when argument information
is explicitly encoded, for both the RoBERTa and
DistilBERT classifiers (see Appendix C), show-
ing that this method works irrespective of the base
model. However, the performance improvement
is minimal on the in-domain task, which could be
attributed to segment tag identification errors prop-
agated through the argument component and type
classifiers (See Tab. 2). Since argumentation com-
ponent and semantic type tag annotations are only
available for a small subset of the CMV dataset
(Hidey et al., 2017), the predictions made by these
are treated as ground truth tags while training the
final models. While these are able to predict argu-
mentation components and their types quite well
for unseen text segments from the CMV set, they
were not explicitly trained to classify SCOA or
AP segments. Therefore, it is likely that there are
more errors in identifying the argumentation com-
ponents for SCOA, which would also explain why
the classifiers trained in this data set offer a lower
improvement when using the argumentation infor-
mation.

Nevertheless, the improvements offered on the
cross-domain tasks are encouraging and indicate
that this approach has potential. These results show
that when a pre-trained transformer encounters
types of arguments it has not seen before, such as
in a different dataset with different style and vocab-
ulary, the sequence tags do indeed help it identify
similarities between training data and the testing
data and thus make better predictions. We note that
for different datasets, different levels of argumenta-
tion information prove useful, with the argumenta-
tion component sometimes being sufficient to see
a gain, and with the semantic types being required
in other cases. Additionally, we observe that the
performance of the classifiers with argumentative
features on the AP dataset is markedly higher de-
spite the absence of "neutral" text segments, which
are present in the training data. This further sug-
gests that our method does indeed generalize.

We have chosen to use plain Distil-
BERT/RoBERTa, without argumentative features,
as our baseline. Our goal is to explore whether
incorporating explicit argumentative features in
a model improves its performance, which we
have shown that it does, rather than obtaining
state-of-the-art results for persuasion detection. To
accurately gauge whether our hypothesis holds
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Model CMV SCOA AP
BaselineLlama 0.375 0.134 0.386

LlamaArgComps 0.389 0.100 0.335
BaselineCMV 0.570 ± 0.002 0.311 ± 0.004 0.292 ± 0.003

CMVArgComps 0.570 ± 0.001 0.377 ± 0.004 0.319 ± 0.000
CMVSemTypes 0.561 ± 0.000 0.331 ± 0.003 0.344 ± 0.010
BaselineSCOA 0.172 ± 0.001 0.689 ± 0.001 0.263 ± 0.001

SCOAArgComps 0.197 ± 0.002 0.698 ± 0.000 0.310 ± 0.002
SCOASemTypes 0.194 ± 0.002 0.686 ± 0.000 0.272 ± 0.003

Table 3: Persuasion Detection Results Across Domains - RoBERTa and Llama3.1

Figure 4: Performance (F1 Score) as more target data
is added during training. From left to right: (a) Train
on CMV, Eval on CMV (b) Train on SCOA, Eval on
SCOA (c) Train on CMV, Eval on SCOA (d) Train on
SCOA, Eval on CMV

for other persuasion detection methods, we would
potentially have to explore different injection
strategies. For completeness, we also include a
simple LLM baseline.

LLM Baselines. The transformer-based results
are comparable to two-shot LLM baselines: sim-
ple prompts passed to a Llama3.1 model, with and
without argumentation information. These are visi-
ble in Tab. 3.

Training with Target Data. We also performed
further experiments to analyze how the perfor-
mance of these models changed as they saw more
training data from the target domain, presented in
Figure 4. It is apparent that persuasion detection
is a challenging task; all models eventually plateau
in performance and are unable to cross a certain
threshold.

5 Conclusion and Future Work

While the proposed approach is simple, our find-
ings represent a solid proof of concept that adding
inductive bias in the form of argumentative struc-
tures and modes of persuasion significantly im-

proves cross-domain persuasion detection, even
when this information is noisy. Further, these find-
ings hold for domains with substantial differences
in purpose, vocabulary, text length, and style.

In future work, using a more comprehensive
scheme to represent arguments, such as Walton’s
argumentation scheme, could potentially provide
a richer representation of the latent structure of
the argument. Additionally, other ways of incor-
porating this information could be explored, such
as by cross-attending transformer-based representa-
tions of text and graphical networks that model
relations between argument components explic-
itly (Hua et al., 2023), or by combining language
model inferences with probabilistic logical infer-
ence (Quan et al., 2024; Nafar et al., 2024).

While certain argumentative strategies have been
proven to be more effective in certain situations or
with certain people (Wang et al., 2019), we have
shown the impact of including some underlying in-
dicators that are useful to gauge the persuasiveness
of an argument in different domains. These can
be further improved by including user- or context-
specific information.

Limitations

Our work has two main limitations. Firstly, the
scope of our study is small. While we use
three datasets from three different domains, these
datasets do not cover the full range of domains
where persuasion is of importance. A larger study
could further verify that our findings hold for other
classes of domain variations such as topic and lan-
guage. Secondly, the proposed approach is some-
what dependent on how well we can identify ar-
gument components and their types. We showed
that even a noisy representation is beneficial, as we
did not fully verify the validity of the intermediate
representations for the SCOA case, and still saw
an improvement. However, further evaluation is
needed to quantify the noise-to-performance ratio.
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Regardless of these limitations, we believe that our
findings constitute a meaningful, focused contribu-
tion that could inform future work in cross-domain
persuasion detection.
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A Appendix - LLM Prompts

Llama Prompt Without Argument Informa-
tion: "I will give you a paragraph of text containing
an argument that is trying to be persuasive. Ana-
lyze the argument structure and the argumentative
strategies employed, and using this, classify the
argument as SUCCESSFUL, UNSUCCESSFUL
or NEUTRAL. If it a strong argument that is likely
to succeed at convincing someone, it is SUCCESS-
FUL, otherwise it is UNSUCCESSFUL. If it not
an argument, say NEUTRAL. Return one of: SUC-
CESSFUL, UNSUCCESSFUL, NEUTRAL. Some
examples to illustrate:
Input: <input1>
Expected Output: <output1>
Input: <input2>
Expected Output: <output2>
Give similar outputs for the argument below:
<text>"

Llama Prompt With Argument Information:
"I will give you a paragraph of text containing an ar-
gument that is trying to be persuasive. Analyze the
argument structure and the argumentative strategies
employed, and using this, classify the argument as
SUCCESSFUL, UNSUCCESSFUL or NEUTRAL.
If it is a strong argument that is likely to succeed
at convincing someone, it is SUCCESSFUL, other-
wise it is UNSUCCESSFUL. If it not an argument,
say NEUTRAL. This paragraph will also have spe-
cial tags, enclosed in ’[]’, which states whether
the following text segment is a claim, premise, or
is neutral, followed by a tag stating the type of
claim or premise. Use this information to make

your decision. Return one of: SUCCESSFUL, UN-
SUCCESSFUL, NEUTRAL. Some examples to
illustrate: Input: <input1>
Expected Output: <output1>
Input: <input2>
Expected Output: <output2>
Give similar outputs for the argument below:
<text>"

The above prompts are populated with each sam-
ple in the test set, and the examples are entered
in the input and output spaces. The inputs in the
prompt with the argument information also contain
argument component and semantic type tags.

B Appendix - Hyperparameters

Information for all hyper-parameters used can
be observed in Tab. 4.

C Appendix - DistilBERT Cross-Domain
Persuasion Classifier

The results for the persuasion classifier trained
using DistilBERT can be found in Tab. 5. There is
a slight downturn in performance on the in-domain
task, but an improvement in the cross-domain task,
as discussed above.
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Model Number of Epochs Training Batch Size Optimizer Learning Rate
ArgCompClassifier 3 8 AdamW 3e-5
ClaimClassifier and PremiseClassifier 5 8 AdamW 3e-5
Baseline Persuasion Classifiers 3 16 AdamW 3e-5
Persuasion Classifiers with Argumentation Info 5 8 AdamW 3e-5

Table 4: DistilBERT and RoBERTa Fine-Tuning Hyperparameters

Model CMV SCOA AP
BaselineCMV 0.567±0.005 0.322±0.000 0.314± 0.001

CMVArgComps 0.539±.004 0.400±.004 0.316±0.05
CMVSemTypes 0.551±.002 0.375±.002 0.351±0.003
BaselineSCOA 0.168±.002 0.682±.003 0.192±0.06

SCOAArgComps 0.180±.004 0.672±.000 0.215±0.005
SCOASemTypes 0.205±.001 0.669±.001 0.256±0.002

Table 5: Persuasion Detection Results Across Domains - DistilBERT
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Abstract

This study addresses the problem of halluci-
nated span detection in the outputs of large
language models. It has received less atten-
tion than output-level hallucination detection
despite its practical importance. Prior work has
shown that attentions often exhibit irregular
patterns when hallucinations occur. Motivated
by these findings, we extract features from the
attention matrix that provide complementary
views capturing (a) whether certain tokens are
influential or ignored, (b) whether attention is
biased toward specific subsets, and (c) whether
a token is generated referring to a narrow or
broad context, in the generation. These features
are input to a Transformer-based classifier to
conduct sequential labelling to identify hallu-
cinated spans. Experimental results indicate
that the proposed method outperforms strong
baselines on hallucinated span detection with
longer input contexts, such as data-to-text and
summarisation tasks.

1 Introduction

Large Language Models (LLMs) have significantly
advanced natural language processing and demon-
strated high performance across tasks (Minaee
et al., 2024). However, hallucinations persisting in
texts generated by LLMs have been identified as
a serious issue, which undermines LLM safety (Ji
et al., 2024b).

To tackle this challenge, hallucination detec-
tion has been actively studied (Huang et al., 2025).
Model-level (e.g., (Min et al., 2023)) or response-
level (e.g., (Manakul et al., 2023)) hallucination
detection has been proposed. However, identifica-
tion of the hallucinated span is less explored de-
spite its practical importance. Hallucinated span
detection enables understanding and manually edit-
ing the problematic portion of the output. It also

*Currently with LY Corporation, Japan. Email: yo-
gasa@lycorp.co.jp

provides clues to mitigate hallucinations in LLM
development.

To address this, we tackle hallucinated span de-
tection. While there have been various types of hal-
lucinations (Wang et al., 2024), this study targets
hallucinations on contextualised generations that
add baseless and contradictive information against
the given input context. Motivated by the findings
that irregular attention patterns are observed when
hallucination occurs (Chuang et al., 2024; Zaranis
et al., 2024), we extract features to characterise
the distributions of attention weights. Specifically,
the proposed method extracts an attention matrix
from an LLM by inputting a set of prompt, con-
text, and LLM output of concern. It then assembles
features for each token from the attention matrix:
average and diversity of incoming attention as well
as diversity of outgoing attention, which comple-
mentarily capture the attention patterns of language
models. The former two features indicate whether
attention is distributed in a balanced manner for
tokens in the output text. The last feature reveals if
an output token was generated by broadly attend-
ing to other tokens. These features are then fed to
a Transformer encoder with a conditional random
field layer on top to conduct sequential labelling to
determine whether a token is hallucinated or not.

Experimental results on hallucinated span de-
tection confirmed that the proposed method out-
performs strong baselines on data-to-text and sum-
marisation tasks, improving token-level F1 score
for 4.9 and 2.9 points, respectively. An in-depth
analysis reveals that the proposed method is capa-
ble of handling longer input contexts. Our code
is available at https://github.com/Ogamon958/
mva_hal_det.

2 Related Work

This section discusses hallucination detection that
utilises various internal states of LLMs.
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Figure 1: Overview of the proposed method

Attention-Based Hallucination Detection
Lookback Lens (Chuang et al., 2024) is the most
relevant method to our study, which identifies
hallucinations using only attention matrices. It
computes the “Lookback” ratio of attention to
assess whether generated tokens attend well to the
input context. In contrast, our features primarily
focus on the attention of output texts and capture
more nuanced and structural attention patterns.
ALTI+ (Ferrando et al., 2022; Zaranis et al., 2024)
tracks token interactions across layers. ALTI+ has
been applied to hallucination detection in machine
translation, highlighting cases where the model
fails to properly utilise source text information. A
drawback of ALTI+ is its computational cost. It
computes a token-to-token contribution matrix for
each layer and for each attention head. Therefore,
memory consumption linearly increases depending
on the length of context and output as well as
LLM sizes. Indeed, Zaranis et al. (2024) excluded
sequences longer than 400 tokens due to GPU
memory constraints.

Other Internal States for Hallucination Detec-
tion Hallucination detection has also explored
various internal states of LLMs other than atten-
tion. Xiao and Wang (2021) and Zhang et al. (2023)
identify hallucinations as tokens generated with
anomalously low confidence based on the proba-
bility distribution in the final layer. Azaria and
Mitchell (2023) and Ji et al. (2024a) use layer-wise
Transformer block outputs to estimate hallucina-
tion risk. These studies assume that hallucination
detection will be conducted on the same LLM gen-
erating output and can access such Transformer
block outputs. In contrast, we empirically showed
that the proposed method can also be applied to
closed LLMs. Further, attention-based methods are
distinctive from these studies in that they aim to

model inter-token interactions.

3 Proposed Method

The proposed method is illustrated in Figure 1. It
conducts sequential labelling, i.e., predicts binary
labels that indicate whether a token in text, which
has been generated by a certain LLM, is halluci-
nated or not. Specifically, the proposed method
takes a set of prompt, input context, and output
generated by an LLM of concern as input to an-
other LLM and obtains the attention matrix of the
output text span. It then extracts features from the
attention matrix (Sections 3.1 and 3.2). These fea-
tures are fed to a Transformer encoder model with
the prediction head of a conditional random field
(CRF) to conduct sequential labelling to identify
hallucinated spans (Section 3.3). As the attention
matrix provides crucial information for our method,
we compare the raw attention and a variation based
on the analysis of attention mechanism (Kobayashi
et al., 2020) (Section 3.4). We remark that only
the hallucination detection model needs training,
i.e., the LLM for attention matrix extraction is kept
frozen, which makes our method computationally
efficient.

Our method applies to both scenarios where the
LLM that generated outputs and the LLM for hal-
lucinated span detection are the same or different.
In practice, the latter setting is expected to be more
common in an era where LLMs are widely used for
writing tasks. In addition, we cannot access the in-
ternal state of proprietary LLMs. Our experiments
assume the scenario where the LLM for generation
and the LLM for detection are different.

3.1 Feature Design

Previous studies revealed that irregular patterns
of attention are incurred when hallucination oc-

382



(c) Outgoing Attention Entropy

1.0Water

0.40.6at

0.10.60.3fifty

0.10.750.10.05five

0.20.10.10.20.4degrees

0.150.30.050.050.150.3starts

0.150.20.150.050.050.150.25boiling

boilingstartsdegreesfivefiftyatWater

Q
uery Tokens

Key Tokens

Avg

Entropy

Avg

Entropy

Avg

Entropy

Avg

Entropy

Avg

Entropy

Avg

Entropy

Avg

Entropy

(a) Average Incoming Attention (b) Incoming Attention Entropy

1.0Water

0.40.6at

0.10.60.3fifty

0.10.750.10.05five

0.20.10.10.20.4degrees

0.150.30.050.050.150.3starts

0.150.20.150.050.050.150.25boiling

boilingstartsdegreesfivefiftyatWater

Q
uery Tokens

Key Tokens

Entropy

Entropy

Entropy

Entropy

Entropy

Entropy

Entropy

Figure 2: Feature extraction from attention matrix (these attention values are for illustrative purposes.)

curs (Chuang et al., 2024; Zaranis et al., 2024).
Based on these findings, we design features to com-
plementarily capture irregular attentions. Specifi-
cally, we extract features providing complementary
views of the attention matrix as shown in Figure 2:
(a) average attention a token receives (Average
Incoming Attention), (b) diversity of attention
a token receives (Incoming Attention Entropy),
and (c) diversity of tokens that a token attends to
(Outgoing Attention Entropy).

Average Incoming Attention We compute the
average attention weights that a token receives
when generating others. This feature indicates
whether certain tokens are influential or ignored
in generation. Specifically, it computes the aver-
age attention weight in the key direction on the
attention matrix as illustrated on the left side of
Figure 2.

Incoming Attention Entropy This feature cap-
tures the diversity of attention weights, i.e., whether
attention is biased toward specific subsets or is
more uniformly distributed. It computes the en-
tropy of attention weights in the key direction on
the attention matrix as illustrated on the left side of
Figure 2.

Outgoing Attention Entropy The final feature
models the diversity of tokens that a token attends
to when being generated. This indicates whether
the model references a narrow or broad range of
context for generating the token. Specifically, this
feature computes the entropy of attention weights
in the query direction on the attention matrix as
illustrated on the right side of Figure 2.

Given the complex and diverse nature of atten-
tion dynamics, we do not regard individual fea-
tures as independently effective. Rather, we assume
these features complementary capture irregular at-

tention patterns due to hallucination by providing
views from different angles.

3.2 Feature Extraction
We extract these features for each token from the at-
tention matrix. As notation, the output by an LLM
to detect hallucinated span consists of T tokens.
The LLM for attention matrix extraction consists
of L layers of a Transformer decoder with H heads
of multi-head attention.

Average Incoming Attention This feature com-
putes the average attention weights that a token
receives when generating other tokens. The atten-
tion matrix A is lower triangular due to masked
self-attention, meaning each query token i attends
only to key tokens j with 1 ≤ j ≤ i. Thus, ear-
lier tokens receive attention more often, and tokens
close to the end receive attention less often. To
compensate for the imbalanced frequency, we ad-
just the attention weights αi,j as:

α′
ij = αij · i. (1)

Using the adjusted attention matrix A′, the average
attention that a key token j receives is computed
as:

µ
(ℓ,h)
j =

1

T − j + 1

T∑

i=j

α
′(ℓ,h)
ij , (2)

where 1 ≤ ℓ ≤ L is the layer index and 1 ≤ h ≤
H is the head index. The final feature vector is
obtained by concatenating the average attention
weights across all layers and heads:

v(j) =
[
µ
(1,1)
j , µ

(1,2)
j , . . . , µ

(L,H)
j

]
∈ RLH (3)

Incoming Attention Entropy To model the di-
versity of attention a token receives, we use the en-
tropy of the weights. As discussed in the previous
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paragraph, the attention matrix is lower triangular.
To compensate for different numbers of times to
receive attention, we normalise an entropy value
by dividing by the maximum entropy:

β
(ℓ,h)
j =

−∑T
i=j κ

(ℓ,h)
ij log κ

(ℓ,h)
ij

log(T − j + 1)
, (4)

κ
(ℓ,h)
ij =

α
′(ℓ,h)
ij∑i

k=1 α
′(ℓ,h)
ik

. (5)

The final feature vector is a concatenation of the
entropy values across layers and heads:

e(j) =
[
β
(1,1)
j , β

(1,2)
j , . . . , β

(L,H)
j

]
∈ RLH (6)

Outgoing Attention Entropy This feature mod-
els the diversity of tokens that a token attends to
when being generated. Similar to the “Incoming At-
tention Entropy” feature, we compute the entropy
of attention weights of query tokens1 by dividing
by the maximum entropy:

γ
(ℓ,h)
i =

−∑i
j=1 α

(ℓ,h)
ij logα

(ℓ,h)
ij

log(i)
. (7)

The final feature vector is a concatenation of the
entropy values across layers and heads:

ê(i) =
[
γ
(1,1)
i , γ

(1,2)
i , . . . , γ

(L,H)
i

]
∈ RLH (8)

Final Feature Vector The three features v(j)
(Average Incoming Attention), e(j) (Incoming At-
tention Entropy), and ê(i) (Outgoing Attention En-
tropy) are concatenated as a final feature vector
for hallucination detection. Each feature has LH
elements; thus, the final feature vector consists of
3LH elements.

3.3 Hallucination Detector
Our hallucination detector consists of a linear layer,
a Transformer encoder layer, and a CRF layer on
top, as illustrated in Figure 3. To handle spans, we
employ the CRF layer to model dependencies be-
tween adjacent tokens, improving the consistency
of hallucinated spans compared to independent
token-wise classification.2 The CRF has been suc-
cessfully integrated with Transformer-based mod-
els for structured NLP tasks (Yan et al., 2019; Wang
et al., 2021).

1Remind that attention weights are normalised in the query
direction.

2We empirically confirmed that a linear layer is inferior to
CRF in our study.

…

1 2 3 4 T

Features
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Hallucination Prediction
per Token

0…0100
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Linear Layer

＋

Transformer
Encoder

CRF Layer

Figure 3: Hallucination Detector

Feature vectors are first standardised to have
zero mean and 1 standard deviation per feature
type. After standardisation, the feature vector
first goes through a linear layer for transformation,
which is primarily employed to adapt to various
LLMs that can have different numbers of layers
and attention heads. Then the transformed vector
is input to the transformer layer with positional
encoding to incorporate token order information.
Finally, the CRF layer predicts a binary label indi-
cating whether a token is hallucinated (label 1) or
not (label 0). During inference, the Viterbi algo-
rithm determines the most likely label sequences.

3.4 Attention Weights
Attention weights have been used to analyse con-
text dependency (Clark et al., 2019; Kovaleva et al.,
2019; Htut et al., 2019) of Transformer models.
Recently, Kobayashi et al. (2020) revealed that the
norm of the transformed input vector plays a sig-
nificant role in the attention mechanism. They re-
formulated the computation in the Transformer as:

yi =
T∑

j=1

αi,jf(xj) (9)

where αi,j is the raw attention weight and f(xj) is
the transformed vector of input xj . The transfor-
mation function is defined as:

f(x) =
(
xW V + bV

)
WO, (10)

where W V ∈ Rdin×dv and bV ∈ Rdv are
the parameters for value transformations and
WO ∈ Rdv×dout is the output matrix multiplication.
Kobayashi et al. (2020) found that frequently occur-
ring tokens often receive high attention weights but
have small vector norms, reducing their actual con-
tribution to the output. This suggests that attention
mechanisms adjust token influence, prioritising in-
formative tokens over frequent but less meaningful
ones.
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Dataset QA Data2Text Summarisation

train 4, 584 (1, 421) (31.0%) 4, 848 (3, 360) (69.3%) 4, 308 (1, 347) (31.3%)
valid 450 ( 143) (31.8%) 450 ( 315) (70.0%) 450 ( 135) (30.0%)
test 900 ( 160) (17.8%) 900 ( 579) (64.3%) 900 ( 204) (22.7%)
Total 5, 934 (1, 724) (29.1%) 6, 198 (4, 254) (68.6%) 5, 658 (1, 686) (29.8%)

Table 1: Number of samples in the RAGTruth dataset (Numbers in parentheses indicate the raw number of and
percentage of sentences containing at least one hallucination span.)

Hyperparameter Search Range

Learning rate 1e-5 ∼ 1e-3
Number of layers [2, 4, 6, 8, 10, 12, 14, 16]
Number of heads [4, 8, 16, 32]
Dropout rate 0.1 ∼ 0.5
Weight decay 1e-6 ∼ 1e-2
Model dimension [256, 512, 1024]

Parameter Setting

Optimizer AdamW
Batch size 64 (Summrization: 32)
Maximum epochs 150

Table 2: Search ranges of Transformer hyperparameters
(upper) and training settings (bottom)

This study compares the effectiveness of raw
and the transformed attention weights of Kobayashi
et al. (2020). Specifically, we employ the adjusted
attention matrix Anorm defined as:

Anorm = A · diag(∥f(x)∥), (11)

where A is the raw attention weight matrix, and
diag(∥f(x)∥) represents a diagonal matrix con-
taining the transformed vector norms.

4 Evaluation

We evaluate the effectiveness of the proposed
method for hallucinated span detection.

4.1 Dataset
As the dataset providing hallucination span anno-
tation, we employ RAGTruth (Niu et al., 2024)3, a
benchmark dataset that annotates responses gen-
erated by LLMs (GPT-3.5-turbo-0613, GPT-4-
0613, Llama-2-7B-chat, Llama-2-13B-chat, Llama-
2-70B-chat, and Mistral-7B-Instruct). It covers
three scenarios of using LLMs in practice, i.e.,
question answering (QA), data-to-text generation

3https://github.com/ParticleMedia/RAGTruth

(Data2Text), and news summarisation (Summari-
sation). RAGTruth provides 18, 000 annotated re-
sponses, where hallucinated spans in each response
are tagged at the character level. The number of
samples is shown in Table 1. As there is no official
validation split in RAGTruth, we randomly sam-
pled 450 instances (75 IDs) from the training set
for validation.

4.2 Evaluation Metric

The hallucination labels in RAGTruth are provided
at the character span level. For example, a hallu-
cination might be annotated with “start: 219, end:
229.” We convert these labels into the token level
for intuitive interpretation of evaluation results. We
employed the same tokeniser of LLM to extract
attention matrices.

We compute the token-level precision (Prec) and
recall (Rec). Given a set of gold-standard halluci-
nation tokens Y = {y0, y1, · · · , yN} and predicted
hallucination tokens Ŷ = {ŷ0, ŷ1, · · · , ŷM},

precision =
|Ŷ ∩ Y|
|Ŷ|

, recall =
|Ŷ ∩ Y|
|Y| . (12)

Matching of the gold-standard and predicted to-
kens is computed in the context of output texts.
The primary evaluation metric is the F1 score of
token-level hallucination predictions, which is the
harmonic mean of precision and recall. Follow-
ing the RAGTruth evaluation scheme, we used the
micro-average of precision, recall, and F1.

4.3 Implementation

The proposed method consists of the linear layer,
the Transformer encoder layer, and the CRF layer.
The settings of the Transformer layer, i.e., the num-
bers of layers and attention heads, the dimensions,
and the dropout rate, were tuned together with other
hyperparameters of learning rate and weight decay
using the Data2Text task, as it provides the largest
samples. We apply the same hyperparameters for
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Methods LLM
QA Data2Text Summarisation

Prec Rec F1 Prec Rec F1 Prec Rec F1

Oursraw

Llama

47.7 68.7 56.3 55.6 55.0 55.3 51.1 36.7 42.7
Oursnorm 57.4 54.0 55.6 53.4 57.1 55.2 51.0 39.5 44.5
Fine-tuning 62.8 56.9 59.7 55.4 46.2 50.4 52.0 34.6 41.6
Lookback Lens 53.5 7.6 13.2 0.0 0.0 0.0 0.0 0.0 0.0

Table 3: Hallucinated span detection results on Llama-3-8B-Instruct. The proposed method is denoted as “Ours”
with variations of raw attention (“raw”) or the transformed attention (“norm”). It outperformed the baselines on
tasks with longer input contexts, i.e., Data2Text and Summarisation.

other tasks. In this study, we used the Optuna li-
brary4 to perform hyperparameter search in the
ranges shown in the upper rows of Table 2. The
setting of the model with the highest F1 score was
selected for formal evaluation.

Table 2 bottom shows training settings: we used
AdamW (Loshchilov and Hutter, 2019) optimizer
with the batch size of 64 (32 for Summarisation).
We employed early stopping on training: training
was terminated if the F1 score on the validation set
did not improve for 10 consecutive epochs. The
maximum training epoch was set to 150.

As the LLM to obtain attention matrices,
we employed the recent smaller yet strong
models of Llama-3-8B-Instruct (Touvron et al.,
2023; Llama Team, 2024) and Qwen2.5-7B-
Instruct (Team, 2025) (see Appendix A.2 for de-
tails). We adapted the template by Niu et al. (2024)
for promoting. Notice that these LLMs are different
from the ones used to create the RAGTruth dataset,
which simulates the scenario where we cannot ac-
cess the LLMs generated outputs for hallucinated
span detection.

4.4 Baselines
We compared the proposed method to two baselines
employing the same LLMs as our method.

Fine-tuned LLMs Although straightforward,
fine-tuned LLMs serve as a strong baseline (Niu
et al., 2024). We fine-tuned the LLMs using the
prompt of Niu et al. (2024) with instructions to pre-
dict hallucinated spans. More details are provided
in Appendix A.3.

Lookback Lens We employed Lookback
Lens (Chuang et al., 2024), which also utilises
the attention matrix for hallucination detection.
It computes the “Lookback” ratio; the ratio of

4https://optuna.org/

QA Data2Text Summ.

In Out In Out In Out

Mean 400 140 788 199 723 136
Max 646 437 1, 499 406 2, 063 412
Min 244 9 517 69 225 16

Table 4: Numbers of tokens of context (‘In’) and out-
put (‘Out’) (measured using Llama-3-8B-Instruct to-
keniser).

attention weights on the input context versus
newly generated tokens. The Lookback feature
is input to a logistic regression model to predict
the probability of a token being hallucinated.5 We
regarded tokens for which the predicted probabili-
ties are equal to or larger than 0.5 as hallucination,
following the traits of the logistic regression
classifier. We used the author’s implementation6

for the Lookback Lens model training.

4.5 Experimental Results
The experimental results on Llama-3-8B-Instruct
are shown in Table 3. The proposed method is
denoted as “Ours” with variations of using raw
attention weights (denoted as “raw”) and the trans-
formed attention weights (denoted as “norm”).

The proposed method outperformed both the
fine-tuning and Lookback Lens for hallucinated
span detection in Data2Text and summarisation,
achieving the highest token-level F1 scores. On
QA, the proposed method tends to have higher
recall yet lower precision, i.e., it tends to overly
detect hallucinations. A possible factor is shorter
lengths of input context. Table 4 shows the num-
bers of tokens in context and output texts. QA has

5Lookback Lens can also conduct span-level prediction
by segmenting texts using a sliding window. For direct com-
parison to our method, we used the token-level variant (i.e.,
window size is one).

6https://github.com/voidism/Lookback-Lens
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Source text: [. . .] From the giant sequoias of Yosemite to the geysers of Yellowstone, the United
States’ national parks were made for you and me. And for Saturday and Sunday, they’re also
free. Though most of the National Park Service’s 407 sites are free year-round, the 128
parks that charge a fee – like Yellowstone and Yosemite – will be free those two days. It’s
all part of National Park Week, happening April 18 through April 26, and it’s hosted by the
National Park Service and the National Park Foundation. [. . .]
Output summary: National Park Service offers free admission to 128 parks, including
Yellowstone and Yosemite, on April 18-19 and 25-26, as part of National Park Week.
Ground Truth: on April 18-19 and 25-26
Oursraw: April 18-19 and 25-26
Fine-tuning: – (Detection failed)

Table 5: Hallucination detection example (Summarisation)

Methods
QA Data2Text Summarisation

0–2 2–4 4–6 6–8 0–2 2–4 4–6 6–8 0–2 2–4 4–6 6–8

Oursraw 27.7 − 48.6 59.4 33.0 − 52.6 63.3 0.0 42.3 28.5 54.4
Oursnorm 25.1 − 41.1 61.0 33.0 − 51.2 61.9 0.0 41.9 30.5 59.0
Fine-tuning 38.4 − 52.7 62.3 23.8 − 45.8 57.9 0.0 41.0 31.4 56.4

Table 6: Token-level F1 scores of hallucinated span detection per different hallucination ratios (Llama-3-8B-Instruct).
“−” indicates there was no sample falling in the corresponding bin.

significantly shorter contexts on average compared
to Data2Text and summarisation, while the output
lengths are similar. This result may imply that the
proposed method better handles tasks where consis-
tency with long context is important, like summari-
sation. We conduct further analysis in Sections 4.6
and 4.7.

For attention weights, the effectiveness of the
raw and transformed attention weights depends
on tasks. The raw attention weights performed
higher in QA, while the transformed weights out-
performed the raw attention in summarisation, and
they are comparable on Data2Text.

Lookback Lens consistently exhibited the lowest
F1 scores.7 Our inspection confirmed that Look-
back Lens overfitted the majority class, i.e., no
hallucination. Hallucinated spans are much more
infrequent compared to the no-hallucination to-
kens. This implies that making a binary decision
based on the predicted hallucination probability is
non-trivial. Furthermore, Lookback Lens seems
to have struggled to handle longer input contexts,
i.e., Data2Text and summarisation tasks, in con-
trast to the proposed method. This may be because
the Lookback Lens strongly depends on attention
weights for the input context. We evaluated the
combination of features of Lookback Lens and ours

7This looks largely different from the original paper. We
remark that in addition to the experimental dataset difference,
the original paper reported AUROC.

to see if they are complementary. As a result, no
improvement was observed; possibly because our
“Outgoing Attention Entropy” feature also takes the
input context into account.

Table 5 presents an example of hallucination
detection on summarisation. In the output text,
the red-coloured span indicates the hallucination.
While the Fine-tuning failed to detect the halluci-
nation, the proposed method successfully identi-
fied the span very close to the ground truth (only
missing a preposition). Further examples are in
Appendix B.

4.6 Effects of Hallucination Ratio

Intuitively, the ratio of hallucinated tokens in a text
affects the performance. When the frequency of
hallucinations is small, detection should become
more challenging. Table 6 shows the token-level F1
scores on different percentages of hallucinated to-
kens. These results confirm that the intuition holds
true. Across methods and tasks, higher F1 scores
were achieved when hallucinated tokens were more
frequent.

Another interesting observation is that the effect
of task type is dominant than the hallucinated token
ratio. Table 6 shows that the superior method is
consistent across different frequencies of halluci-
nated tokens within the same task.
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Methods LLM
QA Data2Text Summarisation

Prec Rec F1 Prec Rec F1 Prec Rec F1

Oursraw

Qwen

38.5 73.7 50.6 53.5 57.1 55.2 49.6 35.7 41.5
Oursnorm 39.0 64.7 48.7 55.5 55.3 55.4 49.3 33.6 39.9
Fine-tuning 60.1 57.1 58.6 58.9 51.4 54.9 62.0 30.0 40.4
Lookback Lens 46.6 5.6 9.9 50.0 0.0 0.0 0.0 0.0 0.0

Table 7: Hallucinated span detection results on Qwen2.5-7B-Instruct

QA (Total Tokens: 124,817)
Methods SInfo EInfo SConf EConf All
Oursraw 74.1 74.4 − 4.0 68.7
Oursnorm 50.6 60.0 − 3.8 54.0
Fine-tuning 48.7 63.8 − 7.8 56.9

Hal. Tokens 1, 020 4, 742 − 501 6, 263

Data2Text (Total Tokens: 178,343)
Methods SInfo EInfo SConf EConf All
Oursraw 29.4 50.5 7.3 64.7 55.5
Oursnorm 37.8 52.7 7.3 64.8 57.1
Fine-tuning 35.8 51.6 0.0 43.7 46.2

Hal. Tokens 595 3, 118 41 3, 580 7, 334

Summarisation (Total Tokens: 121,248)
Methods SInfo EInfo SConf EConf All
Oursraw 65.2 46.5 8.5 16.4 36.7
Oursnorm 49.7 51.3 8.5 18.5 39.5
Fine-tuning 44.9 43.7 8.1 18.6 34.6

Hal. Tokens 187 2, 067 71 1, 160 3, 485

Table 8: Recall of hallucinated span detection per hallu-
cination type (Llama-3-8B-Instruct)

4.7 Effects of Hallucination Type

We further analysed the hallucination detection ca-
pability of the proposed method for different hal-
lucination types. RAGTruth categorises hallucina-
tions into four types: Subtle Introduction of Base-
less Information (SInfo) and Evident Introduction
of Baseless Information (EInfo) indicate whether
the output text subtly adds information or explic-
itly introduces falsehoods. Subtle Conflict (SConf)
and Evident Conflict (EConf) indicate whether the
output alters meaning or directly contradicts the
input text. For more details, see Niu et al. (2024).

Table 8 shows detection recalls for different
hallucination types.8 For Data2Text, the recall
of Evident Conflict is significantly higher than
SInfo and EInfo. This result indicates that the pro-
posed method better captures conflicting informa-
tion against input context than baseless information

8Precision (and thus F1) is difficult to compute because
it is non-trivial to decide to which category does detected
hallucination belong.

introduced by LLMs. The trend is the opposite
on QA and summarisation, where the proposed
method achieved much higher recall on SInfo and
EInfo than on SConf and EConf, which implies that
baseless information was easier to capture for the
proposed method. These results indicate that detec-
tion difficulties of different hallucination types can
vary depending on tasks.

4.8 Performance on Qwen
Table 7 shows the results on Qwen2.5-7B-Instruct.
While the results are consistent with Table 3, Qwen
was consistently inferior to Llama regarding the
proposed method, which should be attributed to
different implementations of their attention mech-
anisms. Specifically, Llama-3-8B-Instruct has 32
layers and 32 attention heads, while Qwen2.5-7B-
Instruct has 28 layers and 28 heads. Qwen has
fewer numbers of layers and attention heads, and
thus its feature dimension is smaller than Llama.
In addition, the parameters in multi-head atten-
tion are more aggressively shared in Qwen. These
differences may affect the attention features ex-
tracted from Qwen. More details of the differences
between Llama and Qwen are discussed in Ap-
pendix A.2.

5 Conclusion

We proposed the hallucinated span detection
method using features that assemble attention
weights from different views. Our experiments con-
firmed that these features are useful in combination
for detecting hallucinated spans, outperforming a
previous method that also uses attention weights.

This study focused on hallucination detection,
but our method may also apply to broader abnor-
mal behaviour detection of LLMs. As future work,
we plan to explore its potential for detecting back-
doored LLMs (He et al., 2023), which behave nor-
mally on regular inputs but produce malicious out-
puts when triggered. Since our approach analyses

388



attention distributions, it may detect anomalous
attention patterns caused by the triggers.

Limitations

While we confirmed the effectiveness of the pro-
posed method on two models: Llama-3-8B-Instruct
and Qwen2.5-7B-Instruct, there are lots more
LLMs. The effectiveness of our method when ap-
plied to attention mechanisms from other models
remains unverified. In addition, our experiments
are limited to the English language. We will ex-
plore the applicability of our method to other lan-
guages by employing multilingual LLMs.

Our method requires training data that annotates
hallucinated spans, which is costly to create. A
potential future direction is an exploration of an
unsupervised learning approach. The success of
the current method implies that our features suc-
cessfully capture irregular attention patterns on hal-
lucination. We plan to train our method only on
non-hallucinated human-written text. We then iden-
tify hallucinations as instances in which attention
patterns deviate from the learned normal patterns.
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A Details of Experiment Settings

A.1 Computational Environment
All the experiments were conducted on NVIDIA
RTX A6000 (48GB memory) GPUs. For training
the Transformer encoder of the proposed method,
we used 2 GPUs. For fine-tuning the LLM, we
used 4 GPUs in parallel.

A.2 LLM Details
Llama-3-8B-Instruct has 32 layers and 32 attention
heads, while Qwen2.5-7B-Instruct has 28 layers
and 28 heads. Both models replace standard Multi-
Head Attention (MHA) with Grouped-Query At-
tention (GQA) (Ainslie et al., 2023), but Llama-3
uses more layers and heads than Qwen2.5.

MHA assigns each query to a single key-value
pair, whereas GQA allows multiple queries to share
a key-value pair, reducing the number of train-
able parameters. Llama-3-8B-Instruct processes
32 queries while reducing the number of keys and
values to 8, so each key-value pair corresponds to
4 queries. In contrast, Qwen2.5-7B-Instruct pro-
cesses 28 queries and reduces the number of keys
and values to 4, making each key-value pair corre-
spond to 7 queries.

We conjecture these differences were reflected
in the different performances of Llama and Qwen
in our method.

A.3 Fine-Tuning
Fine-tuning was conducted using LLaMA-
Factory (Zheng et al., 2024)9, a library specialized
for fine-tuning LLMs. The fine-tuning parameters
are shown in Table 9. The fine-tuned model
predicts the hallucinated span by predicting
character indexes. If a hallucination label changes
within a single token in predictions, the entire
token is considered as being hallucinated.

9https://github.com/hiyouga/LLaMA-Factory
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Parameter Value

Fine-tuning method full fine-tuning
Learning rate 5e-6
Batch size 1
Number of epochs 3
Optimizer AdamW
Warmup steps 10

Table 9: Fine-tuning Parameters

A.4 Prompts of RAGTruth
The prompts used in our experiments are shown in
Table 10 and Table 11.

B Hallucination Detection Examples

Table 12 presents hallucination detection results in
the QA task. The Fine-tuning baseline incorrectly
judged the non-hallucinated span as hallucinated
and largely overlooked the truly hallucinated span.
In contrast, the proposed method mostly correctly
identified the hallucinated span.

Table 13 presents hallucination detection results
in the summarisation task where the proposed
method failed. In the first example, the proposed
method overlooked the hallucinated span. In the
second example, the proposed method mistook the
non-hallucinated span as hallucinated.
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QA Prompt

Original text (including tokens):
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are an excellent system, generating output according to the instructions.
<|eot_id|><|start_header_id|>user<|end_header_id|>
Briefly answer the following question:
{question}
Bear in mind that your response should be strictly based on the following three passages:
{passages}
In case the passages do not contain the necessary information to answer the question, please
reply with:
"Unable to answer based on given passages."
output:
<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{answer} <|eot_id|>

Data2Text Prompt

Original text (including tokens):
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are an excellent system, generating output according to the instructions.
<|eot_id|><|start_header_id|>user<|end_header_id|>
Instruction:
Write an objective overview about the following local business based only on the provided
structured data in the JSON format.
You should include details and cover the information mentioned in the customers’ review.
The overview should be 100 - 200 words. Don’t make up information.
Structured data:
{json_data}
Overview:
<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{Converted text} <|eot_id|>

Summarisation Prompt

Original text (including tokens):
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are an excellent system, generating output according to the instructions.
<|eot_id|><|start_header_id|>user<|end_header_id|>
Summarize the following news within {word count of the summary} words:
{text to summarize}
output:
<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{summary} <|eot_id|>

Table 10: Prompts for RAGTruth (Using Llama-3-8B-Instruct)
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QA Prompt

Original text (including tokens):
<|im_start|>system
You are an excellent system, generating output according to the instructions.<|im_end|>
<|im_start|>user
Briefly answer the following question:
{question}
Bear in mind that your response should be strictly based on the following three passages:
{passages}
In case the passages do not contain the necessary information to answer the question, please
reply with:
"Unable to answer based on given passages."
output:<|im_end|>
<|im_start|>assistant
{answer}<|im_end|>

Data2Text Prompt

Original text (including tokens):
<|im_start|>system
You are an excellent system, generating output according to the instructions.<|im_end|>
<|im_start|>user
Instruction:
Write an objective overview about the following local business based only on the provided
structured data in the JSON format.
You should include details and cover the information mentioned in the customers’ review.
The overview should be 100 - 200 words. Don’t make up information.
Structured data:
{json_data}
Overview:<|im_end|>
<|im_start|>assistant
{Converted text}<|im_end|>

Summarisation Prompt

Original text (including tokens):
<|im_start|>system
You are an excellent system, generating output according to the instructions.<|im_end|>
<|im_start|>user
Summarize the following news within {word count of the summary} words:
{text to summarize}
output:<|im_end|>
<|im_start|>assistant
{summary}<|im_end|>

Table 11: Prompts for RAGTruth (Using Qwen2.5-7B-Instruct)
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Key Part of the Question
Briefly answer the following question: differences between elements, compounds, and mixtures.
Bear in mind that your response should be strictly based on the following three passages: ...
(Following this, three passages appear, but there is no information on the bonding of elements or compounds. The
content primarily focuses on mixtures.)
Ground Truth Label
... 3. Separation: Elements can be separated easily by physical means, while separating
compounds requires more complex methods like chemical reactions. It is easy to physically
separate the components of a mixture. 4. Bonding: Elements are held together by covalent
bonds, while compounds can have various types of bonds (covalent, ionic, metallic, etc.).
Mixtures do not have any bonds between their components.
Oursraw
... 3. Separation: Elements can be separated easily by physical means, while separating
compounds requires more complex methods like chemical reactions. It is easy to physically
separate the components of a mixture. 4. Bonding: Elements are held together by covalent
bonds, while compounds can have various types of bonds (covalent, ionic, metallic, etc.).
Mixtures do not have any bonds between their components.
Fine-tuning
... 3. Separation: Elements can be separated easily by physical means, while separating
compounds requires more complex methods like chemical reactions. It is easy to physically
separate the components of a mixture. 4. Bonding: Elements are held together by covalent
bonds, while compounds can have various types of bonds (covalent, ionic, metallic, etc.).
Mixtures do not have any bonds between their components. (Incorrect detection in point 3 + incomplete
detection in point 4. The discussion on separation in point 3 is fully described in the original text.)

Table 12: Hallucination detection example (QA)

Example 1

Key Part of the Target Sentence for Summarisation
... Doug Ducey signed legislation to allow Arizonans to get any lab test without a doctor’s
order. Freedom of information – always sounds like a good thing. ... (The target sentence for
summarisation contains no mention of Doug Ducey being the governor of Texas. In fact, he was a former governor
of Arizona, making this incorrect.)
Ground Truth Label
The article discusses the increasing trend of individuals getting tested for various medical
conditions without a prescription. Texas Governor Doug Ducey has signed legislation allowing
Arizonans to get any lab test they desire without consulting a doctor first. ...
Oursraw
The article discusses the increasing trend of individuals getting tested for various medical
conditions without a prescription. Texas Governor Doug Ducey has signed legislation allowing
Arizonans to get any lab test they desire without consulting a doctor first. ... (Detection
failed)
Fine-tuning
The article discusses the increasing trend of individuals getting tested for various medical
conditions without a prescription. Texas Governor Doug Ducey has signed legislation allowing
Arizonans to get any lab test they desire without consulting a doctor first. ...

Example 2

Key Part of the Target Sentence for summarisation
... Still, the average monthly benefit for retired workers rising by $59 to $1,907 will
undoubtedly help retirees with lower and middle incomes to better cope with inflation. ...
($1907-$59=$1848 increase)
Ground Truth Label
... Retired workers can expect an average monthly benefit of $1,907, up from $1,848. ...
Oursraw
... Retired workers can expect an average monthly benefit of $1,907, up from $1,848. ...
(False detection)
Fine-tuning
... Retired workers can expect an average monthly benefit of $1,907, up from $1,848. ...

Table 13: Hallucination detection example (Summarisation)
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Abstract
Evaluating outputs from large language mod-
els (LLMs) presents significant challenges, es-
pecially as hallucinations and adversarial ma-
nipulations are often difficult to detect. Exist-
ing evaluation methods lack robustness against
subtle yet intentional linguistic alterations, ne-
cessitating novel techniques for reliably as-
sessing model-generated content. Training ac-
curate and robust groundedness evaluators is
key for mitigating hallucinations and ensuring
the alignment of model or human-generated
claims to real-world evidence. However, as we
show, many models, while optimizing for ac-
curacy, lack robustness to subtle variations of
claims, making them unsuitable and brittle in
real-world settings where adversaries employ
purposeful and deceitful tactics like hedging
to deceive readers, which go beyond surface-
level variations. To address this problem, we
propose AdvERSEM, a controllable adversar-
ial approach to manipulating LLM output via
Abstract Meaning Representations (AMR) to
generate attack claims of multiple fine-grained
types, followed by automatic verification of the
correct label. By systematically manipulating
a unique linguistic facet AdvERSEM provides
an interpretable testbed for gauging robustness
as well as useful training data. We demonstrate
that utilizing these AMR manipulations dur-
ing training across multiple fact verification
datasets helps improve the accuracy and ro-
bustness of groundedness evaluation while also
minimizing the requirement of costly annotated
data. To encourage further systematic evalua-
tion, we release AdvERSEM-Test, a manually
verified groundedness test-bed.1

1 Introduction

Evaluating the reliability of human or model-
generated claims typically involves human judg-
ment, which can be costly, and insufficiently sensi-
tive to subtle manipulations in generated text. Au-
tomatic evaluators like LLM-Judges offer scalable

1https://github.com/emory-irlab/adversem

Figure 1: Groundedness Evaluators falter when the
claim is made more specific or is negated

alternatives for assessing critical properties like
groundedness, and factual accuracy, yet these eval-
uators themselves often rely on LLMs and thus
inherit their limitations, including susceptibility to
hallucinations, adversarial perturbations and the
transformers’ non-compositional nature of train-
ing (Nandi et al., 2025). Developing robust au-
tomatic evaluators is particularly challenging, as
subtle semantic changes (Lee et al., 2025; Raina
et al., 2024), purposeful negations, or intentional
manipulations like hedging (Paige et al., 2024) can
cause dramatic degradation in evaluation reliabil-
ity. Besides, most evaluation testbeds rarely of-
fer fine-grained performance assessments, provid-
ing almost zero feedback to evaluation assessors.
Hence, to improve trustworthiness, it is vital that
groundedness are robust as well as provide fine-
grained feedback of performance.

Groundedness evaluation or fact verification
refers to the alignment of human or model-
generated claims with real-world evidence. This
alignment is crucial for assessing the truthfulness
of statements against established knowledge. How-
ever, current language models often exhibit vul-
nerabilities that compromise their groundedness.
For instance, the Llama-3.1-7B model fails to con-
sistently predict the factual correctness of claims
when claims are slightly altered to make them more
specific or when they are simply negated as shown
in Figure 1. In this work, we focus on improving
groundedness evaluation by fine-tuning on adver-
sarially generated examples. Specifically, using
popular fact verification datasets, we construct ad-
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Figure 2: AdvERSEM training and evaluation on AdvERSEM-Test.

versarial claims designed to expose strategic vulner-
abilities in LLMs. However, generating effective
adversarial attacks remains an open research ques-
tion, requiring careful strategies to ensure examples
both challenging and representative examples.

Attempts to create adversarial examples for
claim verification have traditionally focused on
surface-level perturbations to challenge model ro-
bustness (Thorne et al., 2018b). These methods
typically involve introducing noise, substituting en-
tities, or making minor lexical alterations to input
texts. While such approaches have been instrumen-
tal in exploiting LLM vulnerabilities, they often fail
to capture actual errors involving deeper semantic
and syntactic complexities (Morris et al., 2020)
or carefully crafted manipulation like hedging of-
ten used to dodge potential disagreement (Hyland,
1998; White, 2003) – for instance journalists may
use phrases like “some suggest,” “it might appear,”
or “many doubt” to propose claims while distanc-
ing themselves from responsibility or certainty.

Besides, many of these traditional techniques,
while revealing some issues related to logical rea-
soning or factual consistency, rarely provide clarity
on specific patterns that evaluators fail to under-
stand. Moreover, these surface-level perturbations
can sometimes lead to unnatural or ungrammati-
cal sentences, limiting their effectiveness in real-
world applications. To improve groundedness eval-
uation, it is hence crucial to identify more abstract,
structured, and compositional patterns that mimic
human language patterns as well as provide fine-
grained assessments.

In this paper, we investigate two research ques-
tions – RQ1: How can we systematically gener-

ate adversarial claims to attack automated ground-
edness evaluators, and which attacks are particu-
larly effective against SOTA LLM-based evalua-
tors? RQ2: How can we generate useful adversarial
data for training groundedness evaluators that are
robust to such attacks?

To investigate these research questions, we pro-
pose a novel framework that systematically gener-
ates adversarial examples through manipulations in
a higher-order logical space, particularly through
Abstract Meaning Representations (AMR). By ex-
tracting away from syntactic variations, AMR pro-
vides a structured, graph-based representation of
sentence semantics. By manipulating claims in
their abstract representations, we can create chal-
lenging test cases that expose specific weaknesses
in groundedness evaluators, which provide system-
atic feedback of groundedness performance while
addressing the typical issues. In summary, our con-
tributions are the following:
1. We identify a family of semantics-based adver-
sarial claim manipulations that resemble human-
like manipulations like hedging, and show that
these manipulations can successfully mislead
SOTA LLM-based groundedness evaluators.
2. We propose AdvERSEM – a framework for
Adversarial Evaluation and Robustness through
Semantic Manipulations – an effective, and robust
framework to evaluate and train LLMs by assessing
their groundedness systematically across multiple
fine-grained dimensions.
3. We create a manually-curated holistic adver-
sarial test generated from AdvERSEM called
AdvERSEM-Test, with various types of manipula-
tions that mimick real-world groundedness errors.
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Figure 3: Illustration of Adversarial Manipulation using Abstract Meaning Representation (AMR). In this example
Specificity of a claim is manimuplated by adding a “:subevent” subgraph.

4. We demonstrate how AdvERSEM can be used
to identify potential vulnerabilities and be used to
improve accuracy and robustness on multiple fact
verification benchmarks.

2 Related Work

We now discuss related research to place our con-
tributions in context.

False or adversarial claims designed to mislead
human readers, and now machine-reading models,
have been long studied and analyzed. Apart from
deliberate biases exhibited by journalists and tra-
ditional information providers, many frequently
employ rhetorical techniques such as hedging to
preempt disagreement (Hyland, 1998; White, 2003;
Raina et al., 2024) or careful wordplay aimed at
misleading or unduly influencing readers. Recently,
the problem of misinformation and disinformation
has become critically important due to their un-
precedented speed and reach, further amplified
by digital platforms and recent LLMs. Specifi-
cally, Vosoughi et al. (2018) demonstrated that false
news spreads significantly faster, farther, and more
broadly than truthful information, underscoring the
urgent need for improved claim verification meth-
ods. Recent studies, such as those by Zhou et al.
(2023), have emphasized this growing challenge by
illustrating how AI-generated misinformation con-
vincingly integrates fabricated details with truthful
elements, effectively evading traditional detection
approaches.

Hence, automated evaluation of claims, or fact
verification, has been an active area of research.

Works such as MultiFC (Augenstein et al., 2019),
LIAR (Wang, 2017), and AVeriTeC (Schlichtkrull
et al., 2023), emphasize real-world claims veri-
fied by journalists or professionals, offering more
diverse and context-rich challenges. FEVER-
OUS (Aly et al., 2021) expands on earlier work
by incorporating structured data like tables, while
domain-specific datasets like SciFact (Wadden
et al., 2022) and COVID-Fact (Saakyan et al., 2021)
target scientific or health misinformation.

To improve the robustness of fact verification
systems, prior works have produced a range of
datasets used to train and evaluate fact-checking
systems. Datasets like FEVER (Thorne et al.,
2018a), FEVER 2.0 (Thorne et al., 2018b), and
VitaminC (Schuster et al., 2021) focus on generat-
ing adversarial or subtly false claims to test model
robustness, often using Wikipedia as a source, but
most of their adversarial generations either use un-
controlled manipulations or use flat first-order logic
representations like OpenIE triples (Alonso-Reina
et al., 2019). ConQRet (Dhole and Agichtein, 2024;
Dhole et al., 2025; Dhole, 2025) provides a bench-
mark of long-form generations with controlled hal-
lucinations for fine-grained evaluation of ground-
edness in retrieval-augmented systems.

While previous work has considered adversarial
claim generation to evaluate and train fact check-
ing models, our work is the first, to our knowledge,
to systematically investigate the specific types of
semantic manipulation that can successfully attack
state-of-the-art LLM-based fact checkers, and pro-
pose a controllable way to generate successful se-
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mantic manipulation attacks that can be used to
both evaluate existing fact checkers, and to auto-
matically augment training data to make the fact
checkers more robust to a range of attacks.

3 Proposed Method: AdvERSEM

We now describe our proposed method, Ad-
vERSEM starting with the end-to-end overview
of the method and then diving into the details of
the implementation for each module.

3.1 Training Fact Verifiers: Overview
Given a model-generated or a human-written claim,
c, and evidence text D, the task of grounded-
ness evaluation refers to identifying the verac-
ity v of the claim, i.e., whether the given evi-
dence supports or refutes the claim, where v ∈{SUPPORTS,REFUTES}.

AdvERSEM (i) parses a claim into its AMR
graph, (ii) applies multiple manipulations, (iii) ver-
balises the edited graphs, and (iv) trains (and eval-
uates) a claim verifier on the mixed i.e. original +
adversarial pairs—see the full pipeline in Figure 2.
A sample AdvERSEM manipulation (Subevent
Addition) is shown in Figure 3.

3.2 Adversarial Manipulation of Claims using
Abstract Meaning Representation

We now delve into the details of adversarial gener-
ation of claims to augment the testing and training
data for evaluator models, namely steps 1 and 2 in
Figure 2.

Our approach is to design controllable adversar-
ial attacks based on Abstract Meaning Representa-
tions (AMR) (Banarescu et al., 2013). AMR is a
semantic representation that represents sentences as
rooted, directed, acyclic graphs, abstracting away
from syntactic variations. This abstraction allows
for systematic manipulations of sentence meaning
through graph transformations. We developed 17
specialized AMR-based manipulations aimed at al-
tering claims in various ways. Each manipulation
targets a distinct aspect, as detailed in Table 1. The
corresponding prompts used to implement these
manipulations are provided in Appendix A. For
instance,“Focus Shift” manipulation changes the
entity being focused upon, while “Hedging” at-
tempts to introduce mild uncertainty – i.e. either
making the claim appear milder or stronger. “Po-
larity Negation” either adds or removes polarity to
flip the veracity, while “SubEvent Addition” adds a
subevent related to the main event.

We manually validate the different verbalisations
of each one of the 17 different AMR manipulations,
and finalize 10 of those for which veracity is guar-
anteed – namely Topic Addition, Source Addition,
Subevent Addition, Structural Reversal, Hedging,
Focus Shifting, Scalar Adverb Negation, Polarity
Negation (either removal or addition), and Scalar
Negation. Details of the remaining ones are pro-
vided in Appendix A and will be used in the future
for noisy data augmentation.

We now describe AdvERSEM in detail. To
create an adversarial test set for each of the defined
manipulation types, we employed GPT4-o (Achiam
et al., 2023) to execute each of the following steps:
1. AMR Parsing: We first convert the input claim
c into its AMR graph representation Gc using a
10-shot prompt based on the AMR 1.2.6 specifica-
tion. We employ the few-shot setting owing to its
superior performance and conformity to structure
in previous settings (Ettinger et al., 2023). This
transformation can be denoted as:

Gc = AMRParse(c)
where AMRParse(⋅) is the function that maps natu-
ral language claims to their semantic graph repre-
sentations. An example of the parsing prompt is
shown in Figure 4.
2. AMR Manipulation: The AMR graph Gc is
then modified according to a specified manipula-
tion action a, guided by a natural language instruc-
tion, resulting in a new, manipulated AMR G̃c:

G̃c = Manipulate(Gc,a)
where Manipulate(⋅) alters the structure while
maintaining plausibility and grammaticality. An
example of this process is illustrated in Figure 5.
3. Text Verbalization: Finally, the manipulated
AMR G̃c is verbalized into a new natural language
claim c̃ using a 10-shot prompt:

c̃ = Verbalize(G̃c)
where Verbalize(⋅) is the AMR-to-text generation
function.
For both parsing and verbalization, we format the
prompts with examples adapted from the official
AMR specification.2 Examples for each transfor-
mation and a sample subevent transformation are
shown in Table 3 and in Figure 3, respectively.

2https://github.com/amrisi/amr-guidelines/blob/
master/amr.md
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Manipulation Description Intact Flipped
Manipulations (With Veracity Guarantee)

Specificity: Topic Addition Attaches background themes or topics to situate the event with (e.g., topic: “movies”) ✓
Specificity: Source Addition Provides spatial or origin-based context for the event (e.g., source: “scientists”) ✓
Specificity: Subevent Addition Embeds smaller, related events within the main event to deepen the narrative (e.g., subevent: “local protest”) ✓
Structure Reversal Re-attaches entities in new relationships by reversing argument structure (e.g., ARG0-of: “movement leader”) ✓
Hedging Introduces uncertainty (mild or strong), e.g., via modal verbs or ‘doubt-01’ (e.g., “might”) ✓ ✓
Focus Shift Changes the focus of the claim (e.g., shifting the subject) (e.g., from “spokesperson” to “organization”) ✓
Scalar Adverb Negation Reverses claim polarity by adding or removing scalar adverbs broadly (if positive, weaken; if negative, restore) ✓
Polarity Negation (Addition) Flips the claim’s veracity by adding a negation marker if absent (e.g., polarity neg add: “did not occur”) ✓
Polarity Negation (Remove) Reverses negation by removing an existing negation marker (e.g., polarity neg remove: remove “not”) ✓
Specific Scalar Negation Inserts a scalar negation only when there’s no negation (e.g., “barely noticeable”) ✓
Entity Substitution Replaces named entities with aliases or alternatives from the same category to preserve or invert the original claim. ✓ ✓
Temp/Numeric Attribute Substitution Modifies time-based or numerical expres- sions to retain or change the truth value of the sen- tence. ✓ ✓

Table 1: Adversarial AMR manipulations. A checkmark indicates the veracity setting(s) in which the manipulation
applies. The extended list is shown in Appendix Table 7.

3.3 Sentence Based Manipulation

In the same spirit of AMR-based manipulations,
we introduced two adversarial manipulations that
operate directly over the claim sentences.

Entity Attribute Substitution Replaces named
entities with aliases or alternatives from the
same category to preserve or flip veracity.

Temporal and Numerical Attribute Substitution
Modifies time-based or numerical expressions
to retain or flip the veracity.

3.4 Generated Example Validation

To ensure that our generated examples reflect the
intended veracity labels, we apply an entailment-
based filter that verifies logical consistency be-
tween original and transformed claim pairs (c, c̃).
Rather than comparing claims against extensive
evidence, we use GPT-4o to evaluate entailment
directly between concise claim statements.

We provide GPT-4o with two instructions (see
Appendix Figure 6): for label-intact transforma-
tions, the original and transformed claims must
entail each other; for label-flip transformations,
they must contradict. Only claim pairs that pass
this validation are retained. The resulting dataset is
then used to train a more robust evaluator model.

The percentage applicability of each transforma-
tion is provided in Appendix Table 8.

3.5 Label Agreement

We also measure the agreement between the final
annotations and human annotations (Table 2). We
find that the agreement rate in the case of label
intact is high but poor for the label flipping case,
motivating us to create a manually modified evalu-
ation set that we describe in the upcoming section.

Label Intact Label Flip

# Agreed Labels 23 13
Total Measured 24 33
Percentage .96 .40

Table 2: Label agreement for adversarial claims be-
tween human annotations and GPT-4o.

4 Experiments

We now present the choice of datasets and models
used along with the corresponding experiments.

4.1 Datasets

We evaluate our performance on 3 datasets using
2 metrics. We consider 1) FEVER 2.0 (Thorne
et al., 2018b), which provides more realistic adver-
sarial claims, 2) AVERITEC (Schlichtkrull et al.,
2023), whose claims necessitate verification using
publicly available noisy sources over the web, and
3) introduce AdvERSEM-Test our novel manually
verified evaluation set. We measure – the accuracy
i.e. performance on the raw dataset, and robustness
i.e. accuracy on the AdvERSEM transformed sets.

The FEVER 2.0 dataset comprises adversarial
examples generated by competing systems in the
associated shared task and subsequently refined
manually by the task organizers. These examples
primarily leverage Wikipedia as their source of evi-
dence. For a more realistic evaluation of large lan-
guage models, particularly Retrieval-Augmented
Generation (RAG) systems, we additionally use the
AVERITEC fact verification dataset. AVERITEC
includes claims supported by links to publicly
accessible websites. We augment AVERITEC
by scraping these websites using custom Python
scripts and incorporate them as evidence.

Finally, we apply the AdvERSEM transforma-
tions described in §3 to both the training and test
sets of FEVER 2.0 and AVERITEC.
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We retain only the claims labeled as either Sup-
ported or Refuted in both datasets. From the
FEVER dataset, we select 800 examples, reserv-
ing 80 for testing and development. For the
AVERITEC dataset, we reserve 120 examples for
testing and development out of a total of 1,565.

4.2 AdvERSEM-Test

To create AdvERSEM-Test, we pass the first 20
examples of the FEVER 2.0 test set, through each
of the AdvERSEM transformations. The gener-
ated claims are then manually refined to ensure that
the transformation’s particular change is reflected.
Publicly available LLM based interfaces are used
as an intermediary if needed. Through this process,
we gather 200 adversarial and manually verified
claims for systematic fine-grained analysis.3

4.3 Training Details

We train our groundedness evaluator using GPT-
4o-mini (Achiam et al., 2023) and LLaMA-3.1-
8B (Dubey et al., 2024), balancing performance
and cost. Models are trained for 3 epochs with
a batch size of 32 using a supervised chat com-
pletion objective. LLaMA-3.1-8B is trained via
LLaMAFactory (Zheng et al., 2024) and Hugging-
Face (Wolf et al., 2020).

Baselines: We used various zero-shot LLMs,
including GPT4o, GPT4o-mini, gemini-2.0-flash,
and llama-3.1-8B, by leveraging the prompt as
shown in Figure 8.

Regular Trained: We trained our grounded-
ness evaluators on the given human-labeled train-
ing set (without any adversarial manipulations) i.e.(D,c,v) tuples.

AdvERSEM Trained: We additionally in-
clude AdvERSEM-generated adversarial claims in
our training set i.e., (D,c,v)+(D, c̃,v) tuples. We
also experiment by choosing the number of train-
ing examples from the adversarial set in proportion
to the errors (EP) on the FEVER 2.0 dev set. Let
M be the set of all manipulation types, and Em the
number of errors for type m. Then the probability
of selecting an adversarial example of type m is

P(m) = Em∑k∈M Ek
.

311 transformations were applied on all the 20 examples,
in which 2 transformations, viz., Polarity Negation Removal
and Polarity Negation Addition were applicable on 17 and 3
examples respectively, as only 3 out of 20 claims possessed a
negation in their raw form.

5 Results

We now present the results for all our evaluations.

5.1 Accuracy and Robustness

The summarised results are present in Table 4 both
on the transformed sets (T) as well as the raw (R)
sets of all the fact verification datasets.

We find that AdvERSEM-trained models are
significantly more robust than regularly trained
models, both in terms of macro as well as micro av-
erage across all the 3 benchmarks. For instance, by
including AdvERSEM generated examples, the
micro-average performance improves by 7.1%
in the case of GPT4o-mini, and 3% in the case
of Llama-3.1 over the AdvERSEM-Test.

Additionally, AdvERSEM also keeps the per-
formance on other raw datasets like FEVER 2.0
intact. For instance, GPT4o-mini improves the per-
formance on the FEVER 2.0 test set by 1.2% while
significantly improving robustness.

5.2 Fine-Grained Robustness Analysis

Table 5 illustrates the fine-grained perfor-
mance across various adversarial manipulations
of AdvERSEM-Test. Models trained using the Ad-
vERSEM approach consistently outperform both
baseline and regularly trained models, demonstrat-
ing substantial gains in robustness across nearly
all categories of adversarial manipulation. No-
tably, GPT4o-mini trained with AdvERSEM
achieves the highest macro-averaged robustness
of 85%, significantly surpassing its regular train-
ing variant by 6.6% and the zero-shot GPT-4o
baseline by approximately 9.6%. Among label-
flipped manipulations, the improvement is particu-
larly marked, with the performance on manipula-
tions such as scalar negation and hedging improv-
ing by approximately 25% and 20%, respectively.

When we look at specific manipulations, we ob-
serve that LLMs fail extensively on label-flipped
manipulations, specifically on negations, and
perform the poorest on hedging. Besides, ran-
dom training data is insufficient to mitigate those
errors and in fact may also hurt performance. For
instance, when evaluated on scalar negatives (Spe-
cific Scalar Negation), GPT4o-mini reduced per-
formance from 70% to 55% after being trained on
FEVER 2.0.

On the other hand, the AdvERSEM-trained
GPT4o-mini demonstrates pronounced improve-
ments in detecting these adversarial changes, par-
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Transformation Claim (original→ transformed)
Specificity: Topic Addition In 2010, the population of Europe was

larger than 61 ) more than 61 million, according to demographic trends.
Specificity: Source Addition The Woman in Black was abandoned by Hammer Film Productions in the 2010s in

favor of working on Freddie vs. Jason , according to industry insiders.
Specificity: Subevent Addition “Honeymoon” is the second major-label record by Elizabeth Woolridge

Grant, and it was released in 2015.
ARG0-of There exists a Korean band called Scandal is a band from Korea.
Hedging People don’t doubt that “Excuse My French” is the debut album of Karim Khar-

bouch(French Montana).

Focus Shift There is not a natural element that goes by the name of Moscovium does not exist
naturally.

Scalar Adverb Negation Eurotas is definitely not a minor river of Laconia.
Polarity Neg Addition The lead engineer of the iAPX 432 did not work at Intel for

20 more years ) more than 20 years after its introduction.
Polarity Neg Removal Dawood Ibrahim Kaskar was ) is not from a place in Mira-Bhayandar, Thane district.
Scalar Negation Exotic Birds hardly rejected to be ) being an opening band for a band from Min-

neapolis.
Hedging The general public doubts that Andrew Kevin Walker was born on August 14, 1864

and is a screenwriter.

Table 3: Transformation examples for each type on FEVER 2.0 claims – pieces of text removed from the original
claim are shown in red while those added in the new claim are shown in green. The upper half shows Veracity Intact
ones, while the bottom half shows Veracity Flipped ones.

Manually Verified Evaluation Sets Automatically Created Evaluation Sets

AdvERSEM-Test (T) FEVER 2.0 (R) AVERITEC (R) AVERITEC (T) FEVER 2.0 (T)
Model Macro Micro R R Macro Micro Macro Micro
Llama-3.1-8B .792 .766 .652 .680 .588 .653 .498 .504
gpt-4o-mini .763 .762 .821 .786 .569 .642 .517 .550
gpt4o .754 .751 .833 .880 .585 .675 .556 .579
gemini-2.0-flash .761 .755 .731 .788 .562 .613 .515 .532
gpt-4o-mini (Regular Trained) .784 .793 .885 - - - .569 .601
gpt-4o-mini (AdvERSEM Trained) .850 .864 .897 - - - .585 .625
llama-3.1-8B (Regular Trained) .745 .749 .805 .817 .599 .652 .516 .526
llama-3.1-8B (AdvERSEM Trained) .771 .779 .805 .800 .631 .676 .518 .532

Table 4: Performance on FEVER 2.0, AVERITEC, and AdvERSEM-Test. R=raw/original set, T=AdvERSEM
transformed sets. Best scores across models are highlighted in bold. Top set of rows represent zero-shot variants.
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llama-3.1-8B .850 .737 .850 .750 .800 .789 .526 .588 .333 .500 .450 .652 .680
gpt-4o-mini .900 .800 .900 .850 .900 .750 .684 .647 .667 .700 .600 .763 .773
gpt-4o .900 .800 .900 .950 .900 .900 .526 .647 .667 .600 .500 .754 .763
gemini-2.0-flash .850 .800 .850 .800 .850 .800 .667 .882 .667 .600 .600 .761 .767
llama-3.1-8B (Regular Trained) .750 .700 .800 .900 .800 .650 .737 .941 .667 .650 .600 .745 .749
llama-3.1-8B (AdvERSEM Trained) .800 .750 .850 .850 .750 .850 .789 .824 .667 .600 .750 .771 .779
gpt-4o-mini (Regular Trained) .950 .850 .900 .950 .900 .750 .684 .824 .667 .550 .600 .784 .793
gpt-4o-mini (AdvERSEM Trained) .950 .900 .950 .850 .900 .800 .789 .941 .667 .800 .800 .850 .864

Table 5: Fine-grained performance on AdvERSEM-Test demonstrating increased robustness.

ticularly in categories like scalar adverb negation
(+10.5%), polarity negation addition (+11.7%),

and scalar negation (+25%). Similar enhancements
are observed with llama-3.1-8B, reinforcing that
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training with semantically structured adversarial
examples notably boosts the robustness of models
across various semantic alterations. These results
indicate that structured AMR-based adversarial
training generalizes well across different linguistic
adversarial manipulations as well as significantly
mitigates vulnerabilities to challenging alterations
commonly employed in deceptive claims.

5.3 Analysis on FEVER and AVERITEC
We now look at the detailed performances over
FEVER 2.0 and AVERITEC (shown in Appen-
dices Table 10 and Table 11). We observe that
the average robustness for all the zero-shot mod-
els is low. While utilizing FEVER 2.0 training
data improves performance on the raw test set, it
only gives a slight boost in robustness. When Ad-
vERSEM-based examples are used for training, the
robustness improves further, maintaining accuracy.

Across both FEVER 2.0 and AVERITEC, we
observe a substantial drop in accuracy for all mod-
els on adversarially manipulated claims, partic-
ularly those that challenge deeper aspects of se-
mantics (e.g., focus shift, structural reversal, or
hedging). For example, zero-shot GPT4o and
gemini-2.0-flash experience significant drops in
performance on manipulations like scalar ad-
verb negation and polarity reversals.

Zero-shot models, despite strong results on stan-
dard test sets, saw significant performance degra-
dation on certain adversarial manipulations, espe-
cially those involving negations – e.g., GPT-4o’s
accuracy drops to 0.286 on scalar adverb negations.

On AVERITEC, which features noisy, real-world
web claims, adversarially trained models retain ac-
curacy even in the presence of more diverse and
noisy evidence, showing the practical benefit of
these techniques beyond synthetic testbed.

Proportion of Training Approach AccuracyExamples Used

0
gpt4o .833
gemini-2.0-flash .731
gpt-4o-mini .821

1/3
gpt-4o-mini (FEVER 2 trained) .800
gpt-4o-mini (AdvERSEM Trained) .829

1/2
gpt-4o-mini (FEVER 2 trained) .859
gpt-4o-mini (AdvERSEM Trained) .883

1
gpt4o-mini (FEVER 2 trained) .897
gpt4o-mini (AdvERSEM Trained) .863
gpt4o-mini (AdvERSEM Trained EP) .897

Table 6: Accuracy of different models trained on
smaller subsets of FEVER 2.0 and evaluated on FEVER
2.0 Test split. Note that AMR-generated adversarial ex-
amples can improve raw performance with lesser num-
ber of annotated examples. (EP = Error Proportions)

5.4 Out-of-Domain Robustness

We also evaluate the out-of-domain robustness
of these models by training on FEVER 2.0 and
its AdvERSEM manipulations, then testing on the
AVERITEC dataset.

Our results in Appendix Table 12 show that
while zero-shot and regular finetuned models (such
as GPT4o-mini and its FEVER 2-trained vari-
ant) maintain competitive accuracy on label-intact
AMR manipulations, their robustness substantially
declines on label-flipped and sentence-based ad-
versarial attacks—especially for semantically chal-
lenging manipulations such as scalar negation
or polarity reversal. Notably, adversarially fine-
tuned models (i.e., those further trained on AMR-
generated adversarial data) consistently outperform
their non-adversarially trained counterparts across
both AMR-based and sentence-level manipulations.
For example, GPT4o-mini with AMR-based adver-
sarial training achieves an average robustness of
0.674, outperforming the FEVER 2-trained (0.621)
and vanilla (0.611) baselines, improving AMR ro-
bustness from 0.652 to 0.712. These results high-
light that adversarial AMR-based training boosts
LLM resilience to a broad spectrum of semantic
manipulations, as well as generalizes well in out-
of-domain settings.

5.5 AdvERSEM Training Sample Efficiency

We further demonstrate the effectiveness of incor-
porating AdvERSEM-based adversarial training in
low-resource settings. We adjusted the amount of
FEVER 2.0 training data available to the model
and controlled the portion used for generating
AMR adversarial examples—ranging from zero-
shot (0) to one-third (1/3), half (1/2), and the full (1)
dataset—and assessed performance on the FEVER
2.0 test set. Consistently, models enhanced with
AMR-generated adversarial examples matched or
exceeded the performance of those trained exclu-
sively on human-annotated claims across all set-
tings. The results are described in detail in Table 6.

The benefit of our approach is especially pro-
nounced when labeled data is scarce. For example,
GPT4o-mini trained with AMR-generated adversar-
ial examples consistently outperforms its zero-shot
counterpart, without signs of overfitting. In con-
trast, training with human-labeled FEVER 2.0 data
alone leads to a 3% drop in performance when only
one-third of the data is used. Moreover, expand-
ing the proportion of AMR-based training data to
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one-third and half substantially closes the perfor-
mance gap with the full-data baseline (0.897) by
11% and 82%, respectively. These findings under-
score the sample efficiency of AMR-based augmen-
tation, which introduces diverse and informative
adversarial variations that enhance generalization,
even with limited annotations.

6 Conclusions and Future Work

We introduced AdvERSEM, a novel framework
that leverages Abstract Meaning Representations
(AMR) to systematically evaluate and improve
the robustness of groundedness evaluators through
structured adversarial data augmentation. We un-
cover several vulnerabilities by introducing seman-
tically controlled, fine-grained manipulations of
claims. These adversarial manipulations expose
specific weaknesses in existing evaluators and pro-
vide interpretable and actionable feedback beyond
single-dimensional test scores, highlighting the
importance of robustness and interpretability in
groundedness evaluation, and also serve as a cau-
tion on agent-style modular systems, which pre-
dominantly rely on LLMs in a zero-shot manner.

Moreover, training groundedness evaluators us-
ing our structured adversarial examples signifi-
cantly enhances their ability to withstand complex
semantic perturbations such as hedging, negation,
and specificity adjustments, addressing key vul-
nerabilities identified in LLMs as well as human
writings. By generating challenging yet realistic
training examples, our approach effectively reduces
reliance on expensive annotated data, thereby fa-
cilitating efficient and robust model development.
The AdvERSEM framework, and associated evalu-
ation set AdvERSEM-Test can be readily extended
to various other NLP applications, for systemati-
cally testing and enhancing model reliability.

7 Limitations

While AdvERSEM provides a structured and in-
terpretable framework for systematically assessing
and improving the robustness of groundedness eval-
uators, there are several limitations worth noting.

Our adversarial examples, though systematically
designed and verified, are generated through a large
language model (GPT-4o), which itself might in-
troduce unintended biases or noise (Mitchell et al.,
2025). Although we employed entailment checks
and manual validation steps to mitigate these risks,
some residual inaccuracies could persist. And

hence, to provide a reliable estimate of the behav-
ior of these groundedness evaluators, we manually
modified split on top of the same.

AdvERSEM encompasses AMR parsing and
AMR verbalization for English text. While
AMR parsing has been expanded to many lan-
guages (Soto Martinez et al., 2024; Kang et al.,
2024), cross-lingual and multi-lingual parsing is
still an active area of research (Mansouri, 2025),
and our method would need to be evaluated for
those languages separately.

Additionally, while our method significantly im-
proves robustness against specific adversarial ma-
nipulations, it might not cover all possible adver-
sarial strategies, particularly those exploiting multi-
sentence coherence or higher-level rhetorical ma-
nipulations. Future work could expand the diversity
of manipulations and further explore the integra-
tion of human-generated adversarial examples to
address these gaps comprehensively.

8 Ethics Statement

Our work operates within the broader context of
combating misinformation, as large language mod-
els (LLMs) can be exploited for malicious purposes.
Therefore, developing accurate, reliable, and robust
assessment methods is essential. Systematically en-
hancing claim verification and groundedness evalu-
ation is crucial for countering increasingly sophis-
ticated misinformation and disinformation tactics,
especially as LLM-generated simulations become
proliferate (Dhole, 2024, 2023).

However, while recent advancements in LLM-
based evaluations have shown promise, our re-
search highlights that these models remain brit-
tle and susceptible to exploitation. Consequently,
research like ours, which is situated within fact
verification and related domains, must always be
supported by rigorous manual evaluation, particu-
larly to ensure robustness. AdvERSEM-Test, is
specifically created with this consideration in mind.

We used GPT4o and Grammarly to help improve
the grammar of the text and for creating LaTeX
outlines for tables and images.
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A AMR Manipulations

In Table 7, we show our extended set of AMR
manipulations. This list shows the remaining ma-
nipulations that may not guarantee veracity. For in-
stance, in “Quantifier Alteration”, when we change
the scope or amount expressed in the claim, the new
claim may not always maintain (or always flip) the
veracity.

B Robustness Analysis on the Dev Set

In Table 9, we present the robustness analysis on
the development set of FEVER 2.0 using GPT4o-
mini. The fall in accuracy is calculated as the rel-
ative decline in accuracy when evaluated with the
transformed dev set as compared to the raw dev
set. We then use the inverse of the fall of accuracy,
which is used to dictate the proportion of adversar-
ial examples that would be used in training.

You are an advanced semantic parser. Read a sentence and
produce only its AMR or Abstract Meaning Representation,
without explanations.
Below is an example from the AMR 1.2.6 Specification.

EXAMPLE:
Sentence: Patrick Makau finished the marathon in 2 hours.
AMR:
(f / finish-01

:ARG0 (p / person :wiki "Patrick_Makau_Musyoki"
:name (n / name :op1 "Patrick" :op2 "Makau"))

:ARG1 (r / run-02
:ARG0 p
:ARG1 (m / marathon)
:duration (s2 / sum-of

:op1 (t2 / temporal-quantity
:quant 2
:unit (h / hour)))))

...

...
Now convert the input sentence to AMR. Return only the AMR.
Sentence: {text}
AMR:

Figure 4: Text-to-AMR prompt example used for pars-
ing original claims.

Figure 7 shows the robustness trends with and
without adversarial examples.

C Sample Efficiency: Training with
limited data

The Figure 7 illustrates the sample efficiency of
our approach, highlighting its robustness across
varying numbers of original examples.

D Prompt Templates

We provide the prompt templates used in each step
of our framework. Figure 4, 5, and 6 correspond
to the key steps: AMR parsing, AMR manipulation,
and generated example validation, respectively.

The following is an AMR or Abstract Meaning Representation
of a claim {claim} which is {label} by evidence:

Please perform the following action to create a new AMR
whose verbalisation would be different:

The action should make the new AMR represent a new natural
looking, grammatical, and sensible claim, and also
different from the
original claim. If there is no previous AMR,
then only return
’NO CHANGE’.

Return the new AMR.
Previous AMR: {AMR}
Label: {The new Label}
Description: {Description of Manipulation}
Action: {Action Name of the Manipulation}

New AMR:

Figure 5: Prompt template for AMR manipulation
based on graph operations and label changes.

"The following two statements are intended to
not contradict each other. "
"Check if they are logically consistent and
do not contradict each other.\n\n"
"Original statement: {}
\n\nNew statement: {}\n\n"
"Respond with ’True’ if they do not contradict each other, "
"or ’False’ if they do contradict.
Do not respond with anything else."

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

"The following two statements are expected to reflect
contradictory positions. "
"Check if they indeed contradict each other.\n\n"
"Original statement: {}
\n\nRevised statement: {}\n\n"
"Respond with ’True’ if they contradict each other, "
"or ’False’ if they do not contradict. Do not respond with
anything else."

Figure 6: Entailment and Contradiction
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Figure 7: Robustness Trends of With and Without In-
cluding Adversarial Examples. At each point, the adver-
sarial examples are generated for the same number of
original examples (x-axis)
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Manipulation Description
Modality Shifting Weaken or strengthen the speaker’s commitment to the claim. (e.g., Replace “must” with “might”.)
Quantifier Alteration Change the scope or amount expressed in the claim. (e.g., Alter “100” to “10”.)
Presupposition Removal Delete or contradict a background assumption (e.g., Remove an assumed ongoing subevent.)
Implicature Disruption Break implied event ordering or assumptions of contrast. (e.g., Replace causal relation with flat conjunction “and”)
Rhetorical Question Framing Transform into a rhetorical question that implies doubt. (e.g., Change to “Did it really..”)
Parataxis vs Hypotaxis Change logical or causal relationships to a flat structure, altering implications. (e.g., Replace “because” with “and”)
Figurative Interpretation Replace with metaphorical or sarcasm (e.g., Replace “bulldoze” with “dominate” to imply sarcasm.)

Table 7: Adversarial AMR manipulations. These manipulations do not guarantee the veracity of the transformed
claim.

Dataset AMR Transformations (AdvERsem-FEVER) (Automatic) AMR Transformations (AdvERsem-AVERITEC) (Automatic) AdvERSem-Test (Manual)
Split Train Dev Train Dev Test

TA (%) TAv (%) TA (%) TAv (%) TA (%) TAv (%) TA (%) TAv (%) TA (%)

Label Intact

Specificity: Topic Addition 99.84 68.90 100 79.75 100.00 80.96 100.00 84.40 100
Specificity: Source Addition 100.00 71.61 100 81.01 99.85 78.15 100.00 81.65 100
Specificity: Subevent Addition 99.84 64.75 100 69.62 99.62 77.62 100.00 72.48 100
Structure Reversal 100.00 67.46 98.73 70.89 99.85 71.47 100.00 72.48 100
Hedging 99.84 75.92 100 77.22 100.68 77.62 99.08 76.15 100
Focus Shift 99.84 67.94 100 69.62 100.08 74.81 100.00 71.56 100

Label Flipped

Scalar Adverb Negation 99.84 25.20 100 36.71 100.23 33.54 101.83 25.69 100
Polarity (Negative Addition) 68.42 7.18 70 7.59 85.43 6.68 63.30 2.75 85
Polarity (Negative Removal) 30.30 3.35 28 3.80 12.75 2.73 14.68 1.83 15
Adding Other Scalar Negations 99.52 37.16 100 39.24 100.08 27.62 101.83 33.94 100
Hedging 100.00 63.48 100 67.09 100.76 62.82 100.92 58.72 100

Table 8: Transformation Applicability of each transformation without (TA) and with verifier (TAv).

Manipulation Type Veracity Change Manipulation Category Fall in Accuracy
Raw - (.810)

AMR Based

Veracity Intact

Specificity: Topic Addition 7.91 (.746)
Specificity: Source Addition 20.92 (.641)
Specificity: Subevent Addition 7.98 (.745)
Structure Reversal 11.83 (.714)
Hedging 12.99 (.705)
Focus Shift 5.74 (.764)

Veracity Flipped

Scalar Adverb Negation 31.90 (.552)
Polarity Negation (Addition) 17.71 (.667)
Polarity Negation (Remove) 58.85 (.333)
Scalar Negation 24.34 (.613)
Hedging 27.80 (.585)

Sentence Based
Veracity Intact Entity Attribute Substitution 25.06 (.607)

Temporal Numerical Substitution 29.46 (.571)

Veracity Flipped Entity Attribute Substitution 31.72 (.553)
Temporal Numerical Substitution 64.73 (.286)

Table 9: “Fall in Accuracy” indicates the difference
from 0.810, with the actual accuracy shown in parenthe-
ses. ∗Fewer examples were available for these negation-
based transformations.

Classify whether the given evidence SUPPORTS or REFUTES
the given claim.

Evidence: {wiki_text}

Claim: {claim}

Answer (SUPPORTS or REFUTES):

Figure 8: Fact Verification instruction used to evaluate
the veracity of the claims
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AMR Based Transformations Sentence Transformations

Approach \ Label Change Label Intact Label Flipped Label Intact Label Flipped
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#Examples 78 60 59 57 52 62 59 21 21 50 31 49 - 54 58 44 42 - -

gpt4o .833 .717 .661 .702 .692 .613 .831 .286 .500 .000 .484 .510 .545 .630 .500 .500 .714 .586 .556
gemini-2.0-flash .731 .672 .586 .625 .635 .610 .746 .429 .333 .000 .516 .633 .526 .612 .300 .452 .571 .485 .515
gpt-4o-mini .821 .717 .678 .719 .731 .629 .831 .429 .000 .000 .581 .449 .524 .556 .300 .568 .571 .499 .517
llama-3.1-8B (FEVER 2 Trained) .702 .674 .609 .725 .634 .568 .667 .500 .200 .000 .381 .643 .509 .486 .250 .588 .667 .498 .506
llama-3.1-8B (AdvERSEM Trained) .698 .702 .587 .718 .634 .581 .689 .643 .200 .000 .429 .677 .533 .486 .250 .500 .667 .476 .518
gpt-4o-mini (FEVER 2 trained) .885 .800 .695 .719 .846 .710 .881 .381 .333 .000 .484 .490 .576 .660 .400 .545 .571 .544 .568
gpt-4o-mini (AdvERSEM Trained) .897 .817 .746 .842 .827 .726 .847 .429 .167 .000 .548 .551 .591 .796 .500 .409 .571 .569 .585

Table 10: Accuracy of different models on transformed adversarial test splits of FEVER 2.0 (Thorne et al., 2018a).
Best scores across models are highlighted in bold.

AMR Based Transformations Sentence Transformations

Approach \ Label Change Label Intact Label Flipped Label Intact Label Flipped
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#Examples 120 91 89 83 68 89 76 24 33 81 36 63 - 90 70 47 56 - -

llama-3.1-8B .766 .765 .813 .773 .789 .684 .738 .250 .375 .667 .226 .327 .583 .859 .793 .386 .375 .603 .588
gpt-4o-mini .786 .807 .818 .775 .773 .816 .716 .333 .000 .667 .457 .290 .587 .841 .733 .311 .200 .521 .569
gpt4o .880 .839 .864 .863 .785 .826 .811 .043 .125 .667 .235 .290 .577 .852 .833 .444 .300 .608 .585
gemini-2.0-flash .788 .761 .741 .800 .781 .753 .736 .235 .500 .333 .278 .279 .563 .764 .655 .438 .375 .558 .562
llama-3.1-8B (Averitec Trained) .817 .769 .775 .771 .721 .719 .724 .458 .250 .667 .361 .238 .587 .767 .839 .319 .300 .556 .579
llama-3.1-8B (AdvERSEM Trained) .800 .747 .787 .819 .676 .798 .776 .625 .375 .667 .639 .683 .690 .789 .806 .447 .200 .561 .656

Table 11: Accuracy of different models on transformed adversarial test splits of AVERITEC dataset (Schlichtkrull
et al., 2023). Best scores across models are highlighted in bold.

AMR Based Transformations Sentence Transformations

Approach \ Label Change Label Intact Label Flipped Label Intact Label Flipped
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gpt-4o-mini .814 .823 .761 .752 .798 .770 .407 .468 .386 .319 .630 .836 .734 .316 .356 .561 .611
gpt-4o-mini (FEVER 2 trained) .864 .886 .850 .818 .816 .743 .292 .375 .486 .387 .652 .795 .800 .356 .200 .538 .621
gpt-4o-mini (AdvERSEM Trained) .818 .830 .813 .788 .724 .757 .583 .500 .629 .677 .712 .818 .767 .289 .400 .568 .674

Table 12: Accuracy of AdvERSEM trained models on Out-of-domain data, with FEVER 2.0 adversarial examples
and evaluated on AVERITEC test split (Schlichtkrull et al., 2023), broken down by AMR manipulation type,
highlighting robustness to out-of-domain adversarial variations.
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Abstract

With the introduction of large language mod-
els, NLP has undergone a paradigm shift where
these models now serve as the backbone of
most developed systems. However, while
highly effective, they remain opaque and diffi-
cult to interpret, which limits their adoption in
critical applications that require transparency
and trust. Two major approaches aim to ad-
dress this: rationale extraction, which high-
lights input spans that justify predictions, and
concept bottleneck models, which make de-
cisions through human-interpretable concepts.
Yet each has limitations—rationales lack se-
mantic abstraction while concepts miss fine-
grained linguistic grounding. Crucially, current
models lack a unified framework that connects
where a model looks (rationales) with why it
makes a decision (concepts). We introduce
CLARITY, a model that first selects key in-
put spans, maps them to interpretable concepts
grounded in linguistic semantics, and then pre-
dicts using only those concepts. This design re-
veals how surface-level linguistic patterns map
to abstract semantic representations, supporting
faithful, multi-level explanations and allowing
users to intervene at both the rationale and con-
cept levels. CLARITY achieves competitive
accuracy while offering improved transparency
and semantic interpretability. The source code
can be accessed at this link: CLARITY.

1 Introduction

Language models like BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019) have transformed
NLP, forming the basis of many systems and ex-
celling in various tasks such as sentiment analy-
sis and document classification. Despite their im-
pact, these models are black boxes, with complex,
opaque outputs, posing challenges in sectors where
transparency is crucial, like healthcare and law. To
address interpretability, NLP has focused on two
main approaches: rationale extraction and con-

cept bottleneck models. Rationale extraction identi-
fies input text segments that justify model predic-
tions Lei et al. (2016), promoting interpretability
by highlighting essential evidence while using spar-
sity and regularization for accuracy Paranjape et al.
(2020). These explanations, however, are often lim-
ited to token-level insights and lack broader seman-
tic context. In contrast, concept bottleneck models
(CBMs) encourage the model to make predictions
via interpretable intermediate representations, often
aligned with human-defined concepts (Koh et al.,
2020). CBMs offer several advantages, including
the ability to intervene on model reasoning and
support post-hoc debugging. However, these mod-
els typically assume that the relevant concepts are
already known or provided, and they operate on
whole examples, without leveraging fine-grained
input regions that support those concepts. As a
result, they often lack fine-grained textual ground-
ing, making it unclear where in the input a concept
arises. Despite their complementary strengths, ra-
tionale extraction and CBMs have largely evolved
in isolation. Rationale-based approaches offer tex-
tual grounding but lack semantic abstraction, while
CBMs provide interpretable reasoning structures
without linking them to specific input regions. This
separation is particularly problematic for seman-
tic understanding, where surface forms and deep
meanings are intrinsically connected. Understand-
ing how linguistic expressions contribute to what
semantic concepts is crucial for advancing inter-
pretable semantic processing. Crucially, current
models lack a unified framework that connects
where a model looks (rationales) with why it makes
a decision (concepts).

To bridge this gap, we propose CLARITY, a uni-
fied framework that tightly integrates fine-grained
rationale extraction with concept-based reasoning.
By explicitly mapping selected input spans to in-
termediate concepts before classification, CLAR-
ITY produces multi-level explanations that are both
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textually grounded and semantically meaningful.
This approach directly addresses a key challenge
in computational semantics: understanding how
surface linguistic patterns realize abstract semantic
categories. Specifically, CLARITY decomposes
prediction into a three-stage process: (1) it iden-
tifies sparse, contiguous rationales from the input
that correspond to semantically coherent units; (2)
it maps these rationales to a low-dimensional vec-
tor of interpretable concepts that capture semantic
dimensions; and (3) it predicts the final output label
using only these activated concepts. The contribu-
tions we have made can be described as follows:

• An architecture that unifies rationale extrac-
tion and CBMs for multi-level interpretability.

• A sparse-attention-based rationale extractor
that selects concise, coherent evidence spans.

• A concept bottleneck layer that supports con-
cept interventions and semantic abstraction.

• Extensive empirical validation across five
datasets, demonstrating competitive perfor-
mance and faithful, structured explanations.

2 Related Works

Interpretability in NLP has advanced rapidly in
recent years, moving from simple feature attri-
butions to structured, multi-level interpretability
frameworks. We review major work on rationale
extraction, CBMs, and hierarchical interpretability.

Rationale Extraction Rationale-based methods
aim to identify input spans that are sufficient to
justify predictions. It has advanced significantly
since (Lei et al., 2016) and the information bot-
tleneck from (Paranjape et al., 2020). UNIREX
(Chan et al., 2022) offers a unified learning frame-
work balancing faithfulness, plausibility, and per-
formance, with a 32.9% improvement in Nor-
malized Relative Gain across five datasets. FiD-
Ex (Lakhotia et al., 2021) addresses sequence-to-
sequence model issues by using sentence mark-
ers to encourage extractive explanations. REFER
(Ghasemi Madani and Minervini, 2023) created
a rationale extraction framework with a differen-
tiable extractor to enhance task and explanation
fidelity through concurrent training. Recent work
increasingly blends causal reasoning with rationale
extraction, addressing confounding factors in ratio-
nale models (Ghoshal et al., 2022). However, these

models operate purely at the token level, lacking
abstraction or semantic generalization.

Concept Bottleneck Models CBMs guide
predictions through a bottleneck of human-
interpretable concepts, first proposed by Koh et al.
(2020) for image classification and later adapted to
NLP. Text Bottleneck Models (Ludan et al., 2023)
use CBMs for text classification, providing global
and local explanations via LLMs discovering con-
cepts without human input. CB-LLMs (Sun et al.,
2025) introduced inherently interpretable neurons
in LLMs for text tasks, aligning neuron activations
with concept scores for classification and combin-
ing interpretable and unsupervised neurons for gen-
eration. CT-LLMs (Bhan et al., 2025) resolved
concept completeness and classification leakage
by generating concept labels unsupervised with
small language models, removing the need for pre-
defined concepts. While CBMs provide global in-
terpretability and allow concept-level interventions,
they typically assume concept supervision and op-
erate on entire inputs, making them less suitable
for tasks requiring localized justifications.

Hierarchical Interpretability Methods Several
methods attempt to bridge the gap between local
explanation mechanisms (rationales) and overarch-
ing global explanations (concepts). HEDGE (Chen
et al., 2020) was the first to introduce hierarchi-
cal explanations for text classification by detecting
feature interactions. Instead of solely highlight-
ing key tokens, HEDGE illustrates how words and
phrases combine across different hierarchical lev-
els, effectively connecting token-level details to
broader conceptual insights. T-EBAnO (Ventura
et al., 2021) provides explanations specific to pre-
dictions by identifying impactful text regions and
offering model-wide explanations through the ag-
gregation and examination of these local insights
across various inputs. This framework links spe-
cific parts of the input to overarching patterns seen
throughout the dataset. HINT (Yan et al., 2022)
shifted the focus of model interpretation from in-
dividual words to topics as core semantic compo-
nents, constructing a hierarchical topic structure for
explaining decisions across different abstraction
levels. It has shown competitive performance with
leading text classifiers while offering more easily
comprehensible explanations. The intersection of
interpretability and semantics has received limited
attention despite its importance. Prior work on se-
mantic role labeling (Palmer et al., 2005) and frame
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semantics (Fillmore and Baker, 2001) provides the-
oretical grounding for connecting surface forms
to semantic concepts, but these approaches typi-
cally operate independently of neural interpretabil-
ity methods. Our work bridges this gap by opera-
tionalizing semantic interpretability within neural
architectures, enabling empirical investigation of
how models learn linguistic-semantic mappings.
InterroLang (Feldhus et al., 2023) enables users to
engage in interactive dialogue to explore various
explanation levels through natural language. This
methodology combines feature attribution with con-
ceptual explanations, allowing for flexible explo-
ration across several interpretability tiers.

Positioning. Our framework, CLARITY, unifies
rationale extraction and CBMs in a single architec-
ture, enabling a more integrated and controllable
form of interpretability. While prior rationale ex-
traction methods such as UNIREX, FiD-Ex, and
REFER focus on improving plausibility, fabrica-
tion avoidance, or end-to-end differentiability, they
operate solely at the token level. In contrast, CLAR-
ITY introduces a rationale-guided concept mapping
mechanism, where selected spans directly influence
the activation of interpretable concepts. This en-
sures that concept representations are grounded in
meaningful evidence, aligning semantic reasoning
with input-level justifications. Conversely, exist-
ing CBMs such as Text Bottleneck Models and
CT-CBMs often discover or annotate concepts in-
dependently of specific inputs, relying on LMs or
latent clustering. CLARITY addresses this by in-
corporating concept-constrained rationale extrac-
tion, where activated concepts inform and refine
the selection of rationales. This bidirectional in-
teraction creates more coherent and semantically
enriched explanations than approaches that treat
concept prediction and span selection as separate
tasks. Furthermore, frameworks for multi-level in-
terpretability like HEDGE, T-EBAnO, and HINT
connect local and global signals via feature interac-
tions or topic aggregation. CLARITY goes further
by learning explicit hierarchical attention between
token-level rationales and high-level concepts, pro-
ducing structured, end-to-end explanations across
abstraction levels.

Positioning Against LLM-based Explanation
Methods Recent work has explored using large
language models for generating post-hoc explana-
tions through prompting (Wiegreffe et al., 2021;
Lampinen, 2022). While valuable, these ap-

proaches serve a fundamentally different purpose
than our inherently interpretable architecture:

• Inherent vs. Post-hoc Interpretability:
CLARITY builds interpretability into the
model architecture, ensuring explanations di-
rectly reflect the decision process. LLM-
based explainers generate separate explana-
tions that may not accurately represent the
original model’s reasoning.

• Computational Efficiency: Our frame-
work provides explanations without additional
LLM calls, making it suitable for real-time ap-
plications. Prompting-based methods require
expensive LLM inference for each explana-
tion.

• Controllability: CLARITY enables causal
interventions at both rationale and concept
levels. Post-hoc explanations typically don’t
support direct model manipulation.

These approaches are complementary rather than
competing solutions, addressing different inter-
pretability requirements across the ML deployment
pipeline.

3 Methodology

We introduce CLARITY, a framework that com-
bines rationale extraction with concept bottleneck
mechanisms. This section formalizes the task and
presents the model architecture, interpretability
constraints, training objective and intervention pro-
cedure.

3.1 Problem Formulation

Given a tokenized input sequence X =
(x1, . . . , xn) ∈ Vn from vocabulary V , the task
is to predict a class label y ∈ Y . CLARITY com-
putes three intermediate representations

• Token Embeddings: H = (h1, . . . , hn) ∈
Rn×d, produced by a frozen or finetuned en-
coder (e.g., BERT (Devlin et al., 2019)).

• Rationale Mask: R ∈ {0, 1}n, where Ri = 1
indicates that token xi is part of the extracted
rationale (Lei et al., 2016).

• Concept Vector: C ∈ [0, 1]m, where cj de-
notes the activation strength of concept j (Koh
et al., 2020).
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CLARITY decomposes prediction into inter-
pretable intermediate steps. Let H ∈ Rn×d denote
token embeddings for an input sequence X ∈ Vn.
First, the rationale selector gη : Vn → {0, 1}n
produces a binary mask R where Ri = 1 indi-
cates token xi is selected. The concept mapper
hϕ : {0, 1}n×Rn×d → [0, 1]m then maps selected
tokens to a concept vector C ∈ [0, 1]m, with each
dimension cj representing a human-interpretable
feature. Finally, the classifier kψ : [0, 1]m → Y
predicts the label ŷ from C.

3.2 Model Architecture

To produce interpretable predictions, CLARITY
follows a modular design that decomposes decision-
making into three distinct stages: rationale selec-
tion, concept abstraction, and label prediction. Fig-
ure 1 illustrates the process. Notice that each stage
is implemented as a dedicated component, enabling
explicit control and transparency at multiple levels
of the model’s reasoning process. Formally, CLAR-
ITY is structured as a three-stage pipeline where
fθ can be instantiated as either a language model
(LM) or a simpler classifier, depending on the task:

fθ(X) = kψ (hϕ (gη(X), H)) (1)

Rationale selector. It predicts a binary mask
R ∈ {0, 1}n over input tokens, identifying the sub-
set deemed relevant for the final prediction. This
component highlights specific spans of text that
drive the model’s decision, making the process
more transparent.

Concept mapper. It transforms the selected ra-
tionale (in combination with token embeddings H)
to a low-dimensional, interpretable concept vec-
tor C ∈ [0, 1]m. This crucial interpretability layer
bridges the gap between low-level text features and
high-level decisions by: (i) Encoding the pooled
rationale representation through a lightweight neu-
ral network; (ii) modeling explicit concept interac-
tions through a learnable symmetric matrix; (iii)
Enforcing sparsity to ensure only relevant concepts
activate for each input; (iv) Encouraging diversity
to prevent redundancy between learned concepts;
and (v) Enabling concept interventions for causal
analysis of model behavior.

Classifier. It makes a prediction in the label space
Y using only the concept vector (or optionally com-
bining it with raw encoder representations through

a skip connection). This final stage creates a di-
rect link between human-interpretable concepts and
model decisions.

This modular structure enables CLARITY to
generate transparent and controllable predictions
by separating information selection (through ra-
tionales), semantic abstraction (through concepts),
and decision-making (through classification). The
concept mapper hϕ in particular serves as the criti-
cal "bottleneck" in this architecture, ensuring that
predictions pass through a human-interpretable se-
mantic space before reaching the final output.

3.3 Interpretability Constraints

To guide the model toward producing faithful and
human-aligned explanations, we introduce a set
of structural constraints on both the rationale and
concept representations.

Rationale Constraints. To guarantee that ex-
tracted rationales are both meaningful and succinct,
we impose three constraints on the rationale mask
R ∈ {0, 1}n. First, we enforce contiguity, where
rationales must form continuous spans Ri = Rk =
1 and i < j < k ⇒ Rj = 1. This encour-
ages the model to select coherent phrases rather
than disjoint tokens. Second, we promote spar-
sity by constraining the number of selected tokens.
Namely, only a small fraction of tokens is selected:
∥R∥1 ≤ τn where τ ∈ (0, 1) is hyperparameter
and n is the sequence length. This prevents the
model from defaulting to copying the full input. Fi-
nally, we require faithfulness, meaning that predic-
tions based on R should approximate predictions
based on the full input: P (Y |X,R) ≈ P (Y |X)
(DeYoung et al., 2020).

Concept Constraints. To maintain semantic clar-
ity and interpretability in the concept layer, we
introduce constraints on the concept vector C ∈
[0, 1]m and the concept decoder. First, we encour-
age non-redundancy by promoting orthogonality
among concept embeddings: maxj ̸=k⟨wj , wk⟩ ≤
ϵ. This encourages each concept to capture a dis-
tinct semantic dimension. We also apply a sparsity
constraint on the concept vector itself, enforcing
∥C∥0 ≤ κ where κ controls the maximum number
of concepts active per example. Finally, we pro-
mote atomicity by signifying each cj corresponds
to a human-interpretable semantic unit (Koh et al.,
2020). Implicitly, atomicity is promoted through
the integration of sparsity, orthogonality and the
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Figure 1: Overview of the CLARITY architecture that operates in three interpretable stages: (1) rationale extraction
selects a sparse subset of input tokens relevant for the prediction; (2) the concept mapper projects these into a
low-dimensional, interpretable concept space; and (3) the classifier predicts the output label using only the activated
concepts.

alignment of concept activation with specific input
regions using the rationale extractor.

3.4 Training Objective

We use a composite objective that balances task
performance with interpretability. The total loss is
a weighted sum of four components:

L = λclsLcls + λcontLcontiguity+

λdivLdiversity + λsparseLsparsity (2)

Where each component in the loss fulfills a goal
related to either interpretability or performance.
Specifically,
Classification loss Lcls: A standard cross-entropy
loss that measures how accurately the model pre-
dicts the target label y given the final concept rep-
resentation C. This term ensures task performance
is preserved.
Contiguity loss Lcontiguity: Encourages the ratio-
nale maskR to consist of smooth, contiguous spans
rather than scattered tokens. It is computed as the
sum of absolute differences between adjacent bi-
nary rationale values;

∑n−1
i=1 |Ri+1 −Ri|.

Diversity loss Ldiversity: Promotes orthogonality
between concept embeddings by minimizing the
deviation ofWW⊤ from the identity matrix, where
W is the concept decoder’s weight matrix. This
reduces redundancy between learned concepts.
Sparsity loss Lsparsity: Penalizes overly dense ratio-
nale masks and concept activations. The first term
enforces that the rationale covers approximately a
target fraction τ of the input sequence. The second
encourages the concept vector C to be sparse (i.e.,
few concepts should be active).

Algorithm 1 in the Appendix A summarizes the
training procedure.

3.5 Concept Intervention Procedure
To evaluate the causal role of learned concepts in
model predictions, we conduct targeted concept
interventions. This technique modifies the activa-
tion of specific intermediate concepts to observe
the effect on downstream predictions, offering in-
sight into model behavior. Given a trained model
and input example x, we first extract the concept
vector c = ConceptMapper(x) and the original
prediction ŷ = argmax f(c). For a target concept
index i, we replace ci with a new value c′i ∈ [0, 1],
producing an intervened vector c′ where:

c′j =

{
c′i, if j = i

cj , otherwise

The updated prediction ŷ′ = argmax f(c′) re-
flects the impact of this intervention. We perform
both zeroing (c′i = 0) and maximization (c′i = 1)
interventions to assess each concept’s necessity and
sufficiency, respectively. The difference in output
probabilities ∆p = f(c′) − f(c) quantifies the
influence of the concept on the prediction. To con-
trol for interactions, we optionally freeze the skip
connection (if enabled) during this process, iso-
lating the concept pathway. This analysis helps
identify which concepts act as decision bottlenecks
and which are spurious or redundant.

3.6 Explanation Pipeline
At inference time, CLARITY generates expla-
nations by passing inputs through a three-stage
pipeline. This process mirrors the model architec-
ture and reflects the interpretability built into each
component. First, the rationale extractor selects a
sparse, contiguous subset of tokens from the input
sequence Ri > 0.5. Next, the selected rationale
is passed to the concept mapper, which transforms
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the span-specific embeddings into a compact, inter-
pretable concept vector. Concepts with activation
scores above a threshold cj > α serve as a semantic
abstraction of the input. Finally, the classifier pre-
dicts the output label based on activated concepts
to compute the label: argmaxy∈Y kψ(C)y.

4 Experiments

To evaluate the effectiveness of CLARITY, we con-
duct experiments on five diverse text classification
tasks. Our analysis focuses on both predictive
performance and interpretability, examining how
well the model maintains accuracy while generat-
ing faithful, semantically meaningful explanations.
Section 5 provides detailed ablations and rationale
quality analyses.

4.1 Experimental Setting

Datasets. We evaluate our model on selected
datasets with varying characteristics to ensure the
generalizability, including CEBaB (Abraham et al.,
2022), SST-2 (Socher et al., 2013), AG News
(Zhang et al., 2015), Yelp Polarity (Zhang et al.,
2015), and DBpedia (Lehmann et al., 2015). See
Appendix B for details.

Implementation. Our classification experiments
utilize a pre-trained DistilBERT-base-uncased
model (Sanh et al., 2019) as the encoder back-
bone, chosen for its balance of efficiency and per-
formance. Other LMs are also used for comparison.
We adopted a unified training framework across
all datasets, with hyperparameters tuned for scala-
bility and stability. To manage large datasets effi-
ciently, we incorporated techniques such as mixed-
precision training (FP16) and gradient accumula-
tion. Appendix C details all training details.

Evaluation Metrics Initial performance is evalu-
ated by utilizing accuracy for classification tasks.
For interpretability, we also extract rationales and
concept activations to inspect decision pathways.

Table 2 reports results on classification. Our
model achieved competitive performance across
all datasets on classification tasks. The model per-
formed particularly well on the DBpedia dataset,
suggesting that topic classification benefits more
from the concept bottleneck approach than senti-
ment analysis tasks. This aligns with our hypoth-
esis that well-defined topic categories map more
cleanly to interpretable concepts. Further analysis
is provided in Appendix D Table 4.

Figure 2: SST2 training dynamics

5 Ablation Analysis

To better understand the internal behavior of
CLARITY and validate the design choices in its
architecture, we conduct a series of ablation stud-
ies. We begin with an analysis of training dynamics
and follow with targeted evaluations of rationale
behavior, concept interventions, and architectural
variants. Additional analyses are provided in the
Appendix.

5.1 Training Dynamics

We analyze training dynamics using metrics loss,
accuracy, F1 score, and rationale span character-
istics. On SST-2, training loss decreased towards
zero, while validation loss increased as shown in
Figure 2, indicating mild overfitting without affect-
ing stable and high validation accuracy. Accuracy
and F1 score quickly improved to about 90% within
10 epochs, maintaining this balanced performance
across classes. Rationale length initially varied be-
tween 15.4 and 16.5 tokens as the model explored
strategies, then stabilized around 16 tokens after
epoch 60, suggesting a reliable strategy for choos-
ing informative segments. Additional analyses are
provided in Appendix C.5.

5.2 Rationale Quality Analysis

We evaluated the quality of rationales extracted
by different configurations of our CLARITY to
understand how architectural choices and hyper-
parameters affect explanation quality. Our com-
prehensive evaluation methodology and detailed
experimental setup are presented in Appendix E.
Here, we summarize the key findings of our analy-
sis, which focused on automated metrics including
faithfulness (agreement between predictions using
rationale-only vs. full text), contiguity (average
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Table 1: Comprehensive Performance Comparison Across Model Architectures and Interpretability Methods

Method Backbone Params Interpretable AG News DBpedia CEBaB Yelp Avg
Black-box Baselines
BERT-base BERT-base 110M ✗ 91.0 99.4 78.9 96.2 91.2
RoBERTa-large RoBERTa-large 355M ✗ 92.3 99.6 82.1 97.8 92.9
Interpretable Methods
LIME BERT-base 110M ✓ 89.2 97.8 76.3 94.1 89.4
SHAP BERT-base 110M ✓ 89.8 98.1 77.1 94.8 90.0
C³M BERT 110M ✓ 91.5 99.5 79.3 95.8 91.3
CB-LLM BERT 110M ✓ 90.0 99.3 76.5 95.0 90.1
CLARITY (Multiple Backbones)
CLARITY DistilBERT 66M ✓ 90.6 99.3 78.4 96.0 90.9
CLARITY BERT-base 110M ✓ 90.8 99.4 79.1 96.2 91.1
CLARITY RoBERTa-base 125M ✓ 91.1 99.5 79.8 96.5 91.7
CLARITY BERT-large 340M ✓ 91.9 99.6 80.5 97.1 92.3
CLARITY RoBERTa-large 355M ✓ 92.3 99.7 81.2 97.8 92.8

Table 2: Classification performance comparison across models and datasets (Accuracy in %)

Model Interpretable Backbone AG News DBpedia CEBaB Yelp Polarity SST-2 Avg
BERT-base ✗ – 91.0 99.4 78.9 96.2 90.7 91.2
DeBERTa-large ✗ – 92.0 99.4 83.2 97.3 93.4 93.1
GPT-3.5 (fine-tuned) ✗ – 91.6 99.2 82.0 97.1 92.7 92.5
GPT-4 (10-shot) ✗ – 92.3 99.5 83.8 97.8 94.1 93.5
Naive Bayes ✓ – 84.0 96.5 71.2 91.4 81.5 84.9
C³M ✓ BERT 91.5 99.5 79.3 95.8 90.2 91.3
CB-LLM ✓ BERT 90.0 99.3 76.5 95.0 89.5 90.1
CLARITY(Ours) ✓ DistillBERT 90.6 99.3 78.4 96.0 90.1 90.9

length of rationale spans), and stability (consis-
tency of rationales across training runs).
Attention Mechanism Impact: As shown in Ta-
ble 5, our gradient-based rationale selection signifi-
cantly outperforms standard attention mechanisms,
achieving 92% faithfulness compared to 81% for
standard attention, while adding only 3
Optimal Rationale Sparsity: A target rationale
percentage of τ = 0.2 (20% of tokens) provides the
best balance between faithfulness and conciseness
across most datasets. More complex tasks like
multi-attribute classification benefit from slightly
higher thresholds (τ = 0.3).
Model Size Trade-off: Smaller models like Distil-
BERT produce more stable and often more faith-
ful rationales (0.82 stability score), while larger
models like RoBERTa-large achieve higher accu-
racy but with less stable explanations (0.58 stability
score).
Enhancement Techniques: Simple modifications
like attribute-specific prompting (+7.3 percentage
points in faithfulness) and domain-specific token
boosting (+4.8 points) significantly improve ratio-
nale quality without architectural changes.

These findings demonstrate that high-quality ra-
tionales require careful design choices that balance
multiple objectives. The optimal configuration
uses our gradient-based selection mechanism with
a moderate sparsity constraint (τ = 0.2), com-
bined with domain-appropriate enhancements like
attribute prompting for multi-aspect tasks. Fig-
ure 3 shows example rationales generated by our

approach across different datasets, illustrating how
the model identifies relevant spans while maintain-
ing coherence. Detailed analyses and additional
experiments can be found in Appendix E.

5.3 Concept Count and Intervention
Mechanism

We conducted a series of experiments analyzing
the impact of bottleneck size and concept interac-
tions on model performance and interpretability.
Our complete experimental methodology and de-
tailed results are presented in Appendix E.8 Here
we summarize the key findings from this analysis.
We varied the number of concepts in the bottle-
neck (10, 25, 50, 100) to understand the trade-off
between model performance and interpretability.
With only 10 concepts, accuracy dropped by 3.2%,
suggesting insufficient representational capacity.
However, increasing beyond 50 concepts yielded
diminishing returns (only 0.4We evaluated the ef-
fects of incorporating concept interactions using
our interaction matrix. Models equipped with inter-
action features demonstrated a 2.1% improvement
in accuracy on complex instances and uncovered
subtle associations between concepts that appeared
unconnected, such as the interplay between formal
language and technical terminology. Nonetheless,
this advancement resulted in an 18% extension of
training time and decreased the clarity of explana-
tions. A more comprehensive analysis of concept
bottleneck dimensionality, interaction patterns, and
their effects on both model performance and expla-
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Figure 3: Explanatory examples for ablation analysis on Yelp Polarity.

nation quality can be found in Appendix E.8.

5.4 Architecture Components
We compared different attention mechanisms for
rationale selection: standard attention, gated atten-
tion, and our proposed gradient-based selection.
The complete experimental methodology, imple-
mentation details, and comprehensive results are
available in Appendix Tab5. Here, we summarize
the key findings from our architectural analysis. We
compared different attention mechanisms for ratio-
nale selection: standard attention, gated attention,
and our proposed gradient-based selection. Stan-
dard attention produced diffuse, less interpretable
rationales. Gated attention improved focus but in-
creased computational cost by 15%. Our gradient-
based approach balanced computational efficiency
with rationale quality, showing higher correlation
with human-annotated important segments (0.68
vs. 0.52 for standard attention).
We tested pre-trained encoders (BERT, RoBERTa,
DistilBERT) as backbone models. While larger
models like RoBERTa improved accuracy (by up to
2.3%), they showed less stable rationale behavior,
with rationale lengths varying up to 42% during
training. DistilBERT, despite slightly lower per-
formance (-1.2%), produced the most consistent
rationales, suggesting a potential connection be-

tween model size and explanation stability.
Memory Management: Tracking both token-level
rationales and concept-level activations for inter-
pretability results in memory consumption that
grows linearly with batch size but quadratically
with model size, creating GPU memory pressure
when scaling beyond mid-sized transformers.

5.5 Additional Experimental Analysis

Detailed methods and results are in Appendix E.3–
E.10. Key findings include the following.

• A rationale size of 20% (Appendix E.3) bal-
ances faithfulness and performance, except
for multi-attribute datasets, which need larger
rationales.

• Smaller models like DistilBERT offer more
stable explanations (0.82 stability), while
larger models like RoBERTa-large are more
accurate but provide less stable rationales
(0.58 stability) (Appendix E.4).

• Enhancements like attribute-specific prompt-
ing (+7.3 points) and domain-specific token
boosting (+4.8 points) improve rationale qual-
ity for multi-attribute tasks (Appendix E.5).

• Rationale extraction costs rise significantly
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with model size, affecting memory and batch
size (Appendix E.6).

• Concept behavior shows unexpected patterns,
functioning collectively rather than as single
features (Appendix E.8). Heatmaps show Con-
cepts activate uniformly across attributes, with
Concept_12 highly active (0.87-0.88), sug-
gesting general sentiment capture (Figure 6).

• Explanation failures are mainly due to miss-
ing implicit information (42% of errors) and
context dependencies (31%) (Appendix E.9).
Faithfulness varies by task: topic classifica-
tion (0.92-0.94) outperforms sentiment analy-
sis (0.85-0.88) and multi-attribute tasks (Ap-
pendix E.10).

6 Conclusions and Future Work

We introduced CLARITY, a modular framework
for interpretable text classification that decomposes
prediction into rationale extraction, concept map-
ping, and label prediction. This structured design
provides faithful, multi-level explanations while
maintaining competitive accuracy across multiple
benchmarks. Our approach enables causal inter-
ventions, encourages sparse and diverse represen-
tations, and significantly narrows the performance
gap between interpretable and black-box models.
Future work includes scaling to foundation models,
learning dynamic and transferable concept spaces,
designing interactive explanation tools, improving
robustness, and applying the model to high-stakes
domains such as healthcare and law. Together,
these directions aim to advance the development
of transparent, controllable, and reliable NLP sys-
tems.

Limitations

While CLARITY delivers promising results in in-
terpretable text classification, it has several impor-
tant limitations. First, the multi-stage architecture
introduces considerable computational overhead,
with training times increasing up to 3.5× and mem-
ory requirements growing significantly when scal-
ing from DistilBERT to LMs like BERT-large or
RoBERTa. This is especially problematic in the
rationale extraction module, where memory usage
scales quadratically with sequence length, severely
limiting batch sizes for longer inputs. Second, ra-
tionale selection poses optimization challenges due
to its discrete nature: the binary rationale mask

requires gradient approximations that become in-
creasingly unreliable as model complexity grows,
leading to instability in both performance and ex-
planation quality. Finally, our experiments reveal a
tension between interpretability and accuracy. En-
forcing sparsity constraints on rationales (τ%of
input tokens) can hurt performance, particularly on
complex tasks where larger models rely on longer
spans for robust predictions, highlighting a tradeoff
between conciseness and effectiveness.
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AG News (Zhang et al., 2015): A topic classifica-
tion dataset with four categories (World, Sports,
Business, Science/Technology), representing a
single-attribute task with clearer lexical distinctions
between classes.
Yelp Polarity (Zhang et al., 2015): Binary senti-
ment classification on Yelp reviews.
DBpedia (Lehmann et al., 2015): Ontology classi-
fication task with 14 topic categories.

C Implementation Details

Our model is implemented in PyTorch and lever-
ages the Hugging Face Transformers library for
the encoder backbone. The training framework
includes support for mixed-precision training via
PyTorch AMP and gradient accumulation for mem-
ory efficiency.

C.1 Architecture
The model comprises:

• A DistilBERT encoder.

• A memory-efficient rationale extractor using
optimized attention.

• A concept mapper with optional concept inter-
actions.

• A classifier head with optional skip connec-
tions.

C.2 Training Configuration
The following implementation details apply to all
experiments unless otherwise specified:

• Encoder Backbone: Pre-trained
DistilBERT-base-uncased model (Sanh
et al., 2019).

• Optimizer: AdamW.

• Learning Rate Scheduler: Linear warmup
scheduler with a 5% warmup ratio.

• Learning Rates:

– Encoder: 1× 10−5

– Rationale and concept modules: 5×10−5

• Batch Size: 32

• Gradient Accumulation: 4 steps (effective
batch size: 128)

• Training Epochs:

Figure 4: AGNews training dynamics

– SST-2: 100 epochs
– Yelp Polarity: 20 epochs
– DBpedia: 20 epochs

• Number of Concepts:

– SST-2: 50
– Yelp Polarity: 75
– DBpedia: 200

• Rationale Extraction:

– Configuration: Contiguous spans
– Minimum length: 5 tokens
– Maximum length: 25 tokens

• Efficient Training Techniques:

– Mixed-precision training: FP16 via
NVIDIA AMP

– Dataset subsampling (for large datasets):
Max training examples: 50,000
Max validation examples: 5,000

C.3 Dataset Preprocessing
Tokenization was performed using the encoder’s
default tokenizer with padding and truncation to
max length 128. Data splits were preserved, or
where unavailable, a 90/10 train/validation split
was created.

C.4 Explanation Extraction
Post-training, we extract token-level rationales and
top activated concepts for qualitative analysis and
intervention studies.

C.5 Training Analysis
Figures 2 and 4 present the training dynamics of
our model on two distinct datasets: SST-2 (senti-
ment classification) and AG News (topic classifica-
tion). These plots reveal interesting patterns in loss
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trajectories, performance metrics, and rationale be-
havior that provide insights into how our model
adapts to different classification tasks.

Loss Dynamics. Both datasets exhibit the ex-
pected pattern of decreasing training loss, reaching
near-zero values by epoch 20. However, the vali-
dation loss trajectories differ markedly. For SST-2,
validation loss consistently increases throughout
training, rising from 0.3 to approximately 1.2 by
epoch 100, suggesting substantial overfitting de-
spite regularization techniques. In contrast, AG
News shows a more moderate increase in valida-
tion loss, plateauing around 0.8, indicating better
generalization capabilities on this dataset. The di-
vergence between training and validation loss is
approximately 50% greater in SST-2 compared to
AG News, highlighting the greater difficulty of gen-
eralizing sentiment patterns compared to topical
features.

Accuracy Trajectories. Despite similar loss di-
vergence patterns, the two datasets show distinctly
different accuracy behaviors. SST-2 exhibits no-
table fluctuations in validation accuracy between
0.89 and 0.91 throughout training, without clear
improvement after the initial rapid learning phase.
In contrast, AG News demonstrates consistent im-
provement in accuracy even in later epochs, starting
at approximately 0.94 and gradually improving to
0.95, with less pronounced fluctuations. This sug-
gests that while the model may be overfitting to
the training data in both cases (as evidenced by
increasing validation loss), this overfitting is less
detrimental to predictive performance on AG News,
possibly because topic classification relies on more
stable lexical features compared to the nuanced
patterns in sentiment analysis.

Rationale Length Dynamics. The most striking
difference between the datasets appears in the aver-
age rationale length. SST-2 rationales are substan-
tially longer (15.4-16.2 tokens) compared to AG
News (6.5-7.0 tokens). This 2.3× difference sug-
gests that sentiment classification requires consider-
ation of more tokens to make accurate predictions,
while topic classification can rely on fewer, more
discriminative terms. Additionally, both datasets
show significant fluctuations in rationale length
during early training (epochs 0-40), followed by
relatively more stable patterns in later epochs, in-
dicating that the model initially explores different
strategies for identifying relevant tokens before con-

verging on a more consistent approach.

Stability Patterns. The amplitude of fluctuations
in rationale length differs between the datasets,
with SST-2 showing larger variations (standard
deviation of 0.18 tokens) compared to AG News
(standard deviation of 0.12 tokens). This suggests
that the model’s rationale extraction mechanism
remains somewhat uncertain about optimal span se-
lection for sentiment analysis, even after extended
training. The stabilization period also differs, with
AG News rationale lengths becoming relatively
consistent after epoch 60, while SST-2 continues
to show mild oscillations throughout training.

Performance-Rationale Relationship. Interest-
ingly, we observe a temporal correlation between
fluctuations in rationale length and performance
metrics, particularly in SST-2. Periods of decreas-
ing rationale length (e.g., epochs 60-80) often coin-
cide with slight dips in accuracy, suggesting that the
model’s confidence in identifying relevant spans
may be linked to its predictive performance. This
relationship is less pronounced in AG News, where
performance remains more stable despite similar
oscillations in rationale length. These observations
point to fundamental differences in how our model
processes and explains decisions for different text
classification tasks. Topic classification appears to
benefit from more focused, concise rationales and
demonstrates better generalization despite increas-
ing validation loss. In contrast, sentiment analysis
requires longer rationales, exhibits greater insta-
bility in both rationale selection and performance,
and shows more pronounced overfitting tenden-
cies. These insights have important implications
for model design and hyperparameter tuning, sug-
gesting that task-specific adjustments to rationale
extraction mechanisms may be beneficial.

Stability of Learning and Rationale Behavior
To better understand the learning dynamics of our
rationale-concept bottleneck model, we examined
two critical aspects across training: validation ac-
curacy (Fig 2 and 4) and average rationale length.
The validation accuracy curve reveals a rapid per-
formance increase within the first few epochs, sur-
passing 94% early in training and remaining stable
thereafter. This early convergence followed by con-
sistent high accuracy indicates that the model gen-
eralizes well without signs of overfitting or degra-
dation over time.

In parallel, we observed the evolution of average
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rationale length. Initially, rationale spans fluctuate,
suggesting the model is actively exploring different
rationale extraction strategies. Over time, how-
ever, the rationale length converges to a narrow
band of 6.8–7 tokens on average. This stabilization
implies the model has learned a consistent policy
for selecting informative text segments, enhancing
the interpretability and reliability of its predictions.
Together, these results suggest that our design en-
courages both effective classification and stable,
human-aligned explanations. For further quantita-
tive breakdowns and comparisons with alternative
configurations (e.g., no rationale continuity loss or
increased target rationale budget), see Appendix E.

Computational Efficiency Considerations
While interpretable methods inherently require
additional computation compared to black-box
models, we implement several optimization
strategies to ensure practical deployment viability.
Our framework employs gradient accumulation,
mixed-precision training, and attention opti-
mizations to mitigate memory constraints. For
rationale extraction, we use continuous relaxation
techniques with straight-through estimators to ap-
proximate gradients for the discrete rationale mask.
Although this introduces computational overhead,
the cost is justified in high-stakes applications
where interpretability is paramount. Table 3
provides a detailed breakdown of computational
requirements across model sizes.

Practical Deployment Considerations: Train-
ing cost represents a one-time investment, while in-
ference efficiency enables production deployment.
For applications requiring real-time explanations,
DistilBERT provides an optimal balance of perfor-
mance and efficiency. The 3.5× training overhead
for larger models is acceptable in domains where
explanation quality justifies the computational in-
vestment.

D Analysis of Individual Components

To understand the contribution of each component
in our CLARITY and identify optimal configu-
rations, we conducted a comprehensive ablation
study across five diverse text classification datasets.
Table 4 summarizes our findings, which we analyze
below.

Rationale Threshold Effects. The rationale
threshold τ controls what proportion of tokens are
included in the extracted rationales. We observe

that moderate thresholds (τ = 0.2–0.3) consis-
tently outperform both lower (τ = 0.1) and higher
(τ = 0.5) values across all datasets. At τ = 0.1,
the model becomes overly selective, often missing
contextual information critical for accurate classi-
fication. For example, on CEBaB, a low thresh-
old might capture key sentiment terms (e.g., "de-
licious") but miss important modifiers or context.
Conversely, at τ = 0.5, the model includes too
many tokens, diluting the signal with noise. Inter-
estingly, on multi-attribute datasets like CEBaB,
we find that a slightly higher threshold (τ = 0.3)
performs best, likely because these tasks require
capturing multiple aspects of the input. In contrast,
single-aspect classification tasks like AG News and
SST-2 achieve optimal performance at τ = 0.2.
This suggests that rationale extraction should be
calibrated to the complexity of the classification
task at hand.

Concept Bottleneck Analysis. Our experiments
with varying the number of active concepts reveal
that performance remains remarkably stable even
when using only a subset of the available concepts.
Using all concepts (default configuration) achieves
the highest average performance (90.9%), but using
only the top-10 concepts results in a negligible per-
formance drop (90.8%). Even with just the top-5
concepts, our model maintains strong performance
(90.6%), highlighting the efficiency of our con-
cept bottleneck. This pattern holds across datasets,
though with subtle variations. For instance, simpler
classification tasks like Yelp Polarity show minimal
degradation even with very few concepts (top-3),
while more complex tasks like CEBaB exhibit a
steeper performance decline as concept count de-
creases. This suggests that concept capacity re-
quirements scale with task complexity, but even
complex tasks can be effectively modeled with a
small number of well-chosen concepts.

Additional Components. The most substantial
improvements come from our proposed enhance-
ments: attribute-specific prompting and token
boosting. On average, adding attribute prompt-
ing improves performance by 0.6 percentage
points, with particularly dramatic gains on CEBaB
(+2.8%). Token boosting provides a further modest
boost across all datasets. When combined, these en-
hancements yield a substantial 1.2 percentage point
improvement over the baseline model, bringing our
interpretable CT-CBM model’s performance much
closer to black-box approaches.
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Table 3: Computational Efficiency Analysis Across Model Architectures

Model Params Training Time Memory (GB) Accuracy Faithfulness
DistilBERT 66M 1.0× (baseline) 4.2 90.6% 0.88
BERT-base 110M 1.5× 6.8 90.8% 0.92
RoBERTa-base 125M 1.7× 7.1 91.1% 0.91
BERT-large 340M 3.2× 14.2 91.9% 0.89
RoBERTa-large 355M 3.5× 15.8 92.3% 0.87

Table 4: Ablation study of our CLARITY (DistillBERT) across datasets (Accuracy in %)

Configuration Component Variant AG News DBpedia CEBaB Yelp Polarity SST-2 Avg

Rationale Threshold

τ = 0.1 – 89.5 99.0 76.8 95.4 89.0 89.9
τ = 0.2 (default) – 90.2 99.2 78.1 95.8 89.8 90.6

τ = 0.3 – 90.1 99.1 78.5 95.6 89.5 90.6
τ = 0.5 – 89.2 98.8 77.3 95.0 88.4 89.7

Concept Count

Top-3 concepts – 89.4 98.7 75.9 94.9 88.2 89.4
Top-5 concepts – 90.0 99.0 77.6 95.6 89.5 90.3
Top-10 concepts – 90.2 99.1 77.9 95.7 89.7 90.5

All concepts (default) – 90.2 99.2 78.1 95.8 89.8 90.6

Additional Components

Baseline – 90.2 99.2 78.1 95.8 89.8 90.6
+ Attribute Prompting – 90.3 99.2 80.8 95.9 89.9 91.2

+ Token Boosting – 90.5 99.2 81.1 96.1 90.1 91.4
+ Both – 90.8 99.3 82.2 96.3 90.4 91.8

E Detailed Rationale Quality Analysis

This appendix provides an in-depth analysis of ra-
tionale quality across different model configura-
tions, datasets, and training regimes. We extend
the key findings presented in Section 5.2 with com-
prehensive experiments and detailed metrics.

E.1 Evaluation Methodology

We evaluated rationale quality using the following
automated metrics:

• Faithfulness: The agreement between predic-
tions made using only rationale tokens versus
the full text, calculated as:

Faithfulness = I[ŷ = ŷR] (3)

where ŷ is the prediction using the full input
and ŷR is the prediction using only the ratio-
nale.

• Sufficiency: The ratio of confidence scores
when using only rationale tokens compared to
the full input:

Sufficiency =
P (ŷR|XR)

P (ŷ|X)
(4)

where XR represents the input with non-
rationale tokens masked out.

• Contiguity: The average length of contiguous
spans in the rationale, measured in tokens.

• Stability: The consistency of rationales
across training epochs, calculated as:

Stability = 1− 1

|D|
∑

X∈D

Changes(RX)
Epochs

(5)

where Changes(RX) counts how many times
the rationale for example X changed substan-
tially (>30% of tokens) during training.

E.2 Comparison of Attention Mechanisms

We compared three attention mechanisms for ratio-
nale selection: standard attention, gated attention,
and our proposed gradient-based selection. Fig 5
presents the detailed results across multiple met-
rics.

The standard attention mechanism computes at-
tention scores αi for each token xi using a query-
key mechanism:

αi =
exp(si)∑n
j=1 exp(sj)

si =
(WqhCLS)

T (Wkhi)√
d

(6)

Our gradient-based approach leverages gradients
flowing through the model to identify important
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tokens:

αi = Norm
(∣∣∣∣
∂L
∂hi

∣∣∣∣ · |hi|
)

Norm(v) =
v

max(v) + ϵ

(7)

This is then refined through a learned projection:

si =Wp[αi · hi] + bp Ri = 1[si > 0] (8)

The gradient-based approach produces more fo-
cused and coherent spans that better align with
classification-relevant information.

E.3 Effect of Rationale Sparsity
We conducted a detailed analysis of how varying
the rationale sparsity constraint τ (target percent-
age of tokens) affects model performance and ex-
planation quality. Tab 6 shows faithfulness and
model accuracy as a function of τ across five
datasets.

(a) Threshold token count (b) Threshold token count

(c) With Continuity Loss

Figure 5: Rationale sparsity under different configura-
tions. Top: effect of budget. Bottom: effect of continu-
ity loss.

Our analysis reveals that:

• At τ = 0.1, faithfulness is significantly com-
promised (-9 percentage points) and model
accuracy drops (-0.7 points).

• Increasing from τ = 0.2 to τ = 0.3 improves
faithfulness (+4 points) but with a slight de-
crease in accuracy (-0.1 points) and 50% more
tokens in the rationale.

• Multi-attribute datasets (CEBaB) benefit more
from larger rationales, with performance con-
tinuing to improve up to τ = 0.3.

• Single-attribute datasets reach peak perfor-
mance at τ = 0.2, with larger rationales
adding noise rather than signal.

E.4 Encoder Impact on Rationale Quality
We evaluated five pre-trained encoder models to
understand the relationship between model size,
performance, and explanation quality. Table 7
presents the complete results. Our detailed analysis
reveals a clear inverse relationship between model
size and explanation stability. We also tracked
rationale evolution during training for all mod-
els. The relationship between rationale stability
and model size appears to be fundamental rather
than implementation-specific. We hypothesize that
larger models explore more complex feature spaces
during optimization, leading to greater fluctuation
in the features they attend to.

E.5 Attribute-Specific Prompting and Token
Boosting

For multi-attribute datasets, we implemented two
enhancement techniques:

1. Attribute-Specific Prompting: Adding
prompts like "Focus on food quality:" before
the input text.

2. Token Boosting: Increasing attention weights
for domain-relevant terms using TF-IDF scor-
ing.

Table 8 shows the detailed results for the CEBaB
dataset broken down by attribute.

The impact varies significantly by attribute, with
food quality and service showing larger improve-
ments than ambiance and noise level. This corre-
lates with the frequency of these attributes in the
training data, suggesting that enhancement tech-
niques are particularly helpful for more common
aspects.

E.6 Computational Analysis
We conducted a detailed computational analysis
of rationale extraction across model sizes and se-
quence lengths. Key findings include:

• Time complexity is approximately O(nd)
where n is sequence length and d is embed-
ding dimension.

• Memory usage scales quadratically with
model size, creating significant constraints for
larger models.

• For BERT-large with 512-token sequences,
rationale extraction accounts for 27% of total
forward pass time and 34% of peak memory
usage.
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Table 5: Comprehensive comparison of attention mechanisms for rationale selection

Mechanism Faith. Suff. Cont. Comp. Time Mem. Usage AG News SST-2

Standard 0.81 0.74 2.3 1.00× 1.00× 0.79 0.83
Gated 0.84 0.79 3.1 1.15× 1.12× 0.82 0.86
Gradient (Ours) 0.92 0.88 3.8 1.03× 1.06× 0.93 0.90

Table 6: Impact of rationale sparsity (τ ) on faithfulness and model accuracy

Dataset Faithfulness Accuracy

τ = 0.1 τ = 0.2 τ = 0.3 τ = 0.1 τ = 0.2 τ = 0.3

AG News 0.83 0.92 0.94 89.8% 90.6% 90.4%
SST-2 0.76 0.85 0.88 89.3% 90.1% 89.8%
CEBaB 0.71 0.83 0.89 77.2% 78.4% 78.9%
Yelp 0.79 0.88 0.91 95.6% 96.0% 95.8%
DBpedia 0.87 0.94 0.96 99.1% 99.3% 99.2%
Average 0.79 0.88 0.92 90.2% 90.9% 90.8%

• Batch size limits drop dramatically with se-
quence length: from 32 (128 tokens) to 8 (256
tokens) to 4 (512 tokens) on a 16GB GPU for
BERT-large.

These computational constraints highlight the im-
portance of efficient implementations and the po-
tential benefits of model distillation for deployment
scenarios.

E.7 Concept Activation Across Attributes

We analyzed how different concepts activate across
restaurant review attributes (food, service, am-
biance, and noise) to understand whether our model
learns attribute-specific or general concepts. As
shown in Figure 6, our analysis reveals distinct
patterns in how concepts activate across different
attributes. Concept_12 exhibits consistently high
activation (0.87-0.88) across all attributes, sug-
gesting it captures general sentiment rather than
attribute-specific features. In contrast, Concept_22
shows moderate activation (0.48-0.50) that is also
consistent across attributes. Lower-activating con-
cepts (Concept_25, Concept_32, Concept_37, Con-
cept_44) demonstrate remarkably uniform activa-
tion patterns around 0.24-0.26 across all attributes.
Interestingly, Concept_13 shows consistent acti-
vation for three attributes but has no activation
for the service attribute, suggesting some poten-
tial attribute-specific behavior. Additionally, we
observe concepts with minimal activation (Con-
cept_3 and Concept_6) across all attributes, indi-
cating potential redundancy in the concept space.
This uniform activation pattern across attributes

Figure 6: Concept activation scores across CEBAB
review attributes. Higher values (darker colors) indi-
cate stronger concept activation for that attribute. Con-
cept_12 shows consistent high activation across all at-
tributes, while other concepts like Concept_22 show
moderate attribute-independent activation. Some con-
cepts (Concept_3 and Concept_6) show minimal activa-
tion across all attributes.

suggests that our model may be primarily learn-
ing sentiment-based concepts rather than attribute-
specific features, which aligns with our findings in
the concept co-occurrence analysis (Appendix ??).
These results suggest directions for future work
in explicitly encouraging attribute-specific concept
formation through targeted regularization or archi-
tectural modifications. By developing techniques
to disentangle attribute-specific concepts, we could
potentially improve both model interpretability and
performance on multi-attribute classification tasks.
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Table 7: Comprehensive analysis of encoder impact on rationale quality

Encoder Params Accuracy Faith. Stab. Cont. Train Time
DistilBERT 66M -1.2% 0.88 0.82 3.6 0.65×
BERT-base 110M baseline 0.92 0.76 3.8 1.00×
RoBERTa-base 125M +1.1% 0.91 0.71 3.4 1.12×
BERT-large 340M +2.1% 0.89 0.64 3.1 2.38×
RoBERTa-large 355M +2.3% 0.87 0.58 2.9 2.45×

Table 8: Impact of enhancement techniques on CEBaB by attribute

Configuration Food Service Ambiance Noise Avg
Baseline 0.85 0.84 0.81 0.82 0.83
Prompting 0.93 0.91 0.87 0.89 0.90
Token Boosting 0.89 0.90 0.86 0.85 0.88
Both 0.95 0.94 0.90 0.91 0.93

Figure 7: Top 10 Concept Activation Counts showing
uniform distribution of activation (exactly 20 examples
per concept) across all top concepts, suggesting bal-
anced concept utilization.

E.8 Concept Analysis and Visualization

To understand the behavior of the concept bottle-
neck in our model, we conducted a detailed analy-
sis of concept activations, their relationships, and
their influence on predictions.

Concept Activation Patterns. Figure 7 shows
that our model activates a consistent subset of con-
cepts across examples. All top 10 concepts (C49,
C37, C13, C25, C26, C27, C12, C9, C32, C34)
are activated in exactly 20 examples, suggesting
a uniform importance distribution among these
concepts. This uniform activation pattern is un-
expected and differs from typical concept bottle-
neck models where activation frequencies normally
follow a power law distribution. The consistency
in activation count indicates that our model has
learned to use a balanced set of concepts rather
than relying heavily on a few dominant ones.

Figure 8: Concept Co-occurrence Matrix revealing per-
fect correlation (value of 20) between all pairs of top
concepts, indicating they always activate simultaneously
rather than independently.

Concept Co-occurrence. Figure 8 reveals a strik-
ing pattern of perfect co-occurrence among the top
concepts. The co-occurrence matrix shows that
when one concept activates, all others in the top
10 set also activate simultaneously. This perfect
correlation (value of 20 for all pairs) suggests that
rather than identifying independent semantic fea-
tures, these concepts may be functioning as a col-
lective unit. Such behavior could indicate either
that the model has discovered highly interdepen-
dent semantic features that naturally co-occur or,
more concerning, that the diversity constraint in
our training objective may not be effectively en-
couraging independence between concepts.

Concept Space Structure. Figures 10 and 9 vi-
sualize the learned concept space using t-SNE di-
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Figure 9: t-SNE Visualization of concept space colored
by predicted class, showing clear clustering with posi-
tive predictions (blue) concentrated in the bottom right.

Figure 10: t-SNE Visualization of concept space colored
by true rating, revealing misclassification patterns when
compared with Figure 9.

mensionality reduction. The concept embeddings
form distinct clusters, with a clear separation be-
tween examples predicted as positive (blue) and
negative (green) in Figure 9. Interestingly, compar-
ing with Figure 10, which shows the true class
labels, reveals a small number of misclassifica-
tions—notably, the three positive-predicted points
(blue in Figure 9) include examples with true nega-
tive labels (orange in Figure 10). The consistency
between predicted and true class visualization con-
firms that the concept space effectively encodes
class-discriminative information, though with some
localized errors.

Concept Intervention Analysis. Figure 12
presents the results of our causal intervention exper-
iments across five example inputs. For each exam-

Figure 11: Token-level correlation between rationale
and concept activation

Figure 12: Effect of Concept Intervention on Prediction

ple, we selectively manipulated individual concept
values to assess their impact on prediction proba-
bilities. In four cases (Examples 1, 3, 4, and 5),
intervening on any of the top concepts had negli-
gible effect on the prediction probability, with all
examples maintaining close to 1.0 probability for
the positive class regardless of intervention. How-
ever, Example 2 shows a dramatic reversal, where
all concepts consistently yield near-zero probabil-
ity for the positive class. This binary response
pattern—where interventions either have no effect
or completely flip the prediction—suggests that
concepts may be operating as a collective decision
unit rather than as independent semantic features
with graded influences on the output.

Rationale-Concept Correlation. Figure 11 re-
veals the token-level correlation between rationale
selection and concept activation. Before position
15, concepts show stable negative correlations with
rationale decisions, suggesting these concepts ac-
tively discourage selecting certain tokens. After
position 15, we observe a dramatic shift in correla-
tion patterns, with Concept 37 showing strong pos-
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itive correlation (peaking at 0.52), while Concept
25 exhibits strong negative correlation (reaching
-0.6). This position-dependent correlation pattern
indicates that concepts capture location-specific se-
mantic features, with different concepts becoming
relevant at different positions in the text. The sharp
transition at position 15 suggests a structural break
in the text that triggers a shift in concept relevance.

Integrated Interpretation. These visualizations
collectively suggest that our concept bottleneck
is operating in an unexpected manner. Rather
than learning independent, semantically meaning-
ful concepts, the model appears to have developed a
more coordinated concept activation strategy. The
perfect co-occurrence, uniform activation counts,
and binary intervention effects indicate that con-
cepts may be functioning more as an ensemble
voting mechanism than as independent semantic
features. This behavior has significant implications
for interpretability—while the model achieves high
performance, the interpretability of individual con-
cepts may be compromised by their highly corre-
lated nature. This analysis highlights an impor-
tant direction for future work: developing stronger
regularization techniques to encourage true con-
cept diversity and independence while maintain-
ing classification performance. Additionally, the
position-dependent correlation between rationales
and concepts suggests that incorporating positional
awareness explicitly into the concept extraction
mechanism could improve both performance and
interpretability.

E.9 Error Analysis

Through examination of cases where rationales
failed to preserve the model’s prediction, we iden-
tified several common failure patterns:

• Implicit Information (42% of errors): The
model relies on contextual cues not captured
in the rationale.

• Context Dependencies (31%): The rationale
includes individual terms but misses crucial
modifiers.

• Stance Recognition (18%): The rationale
captures topic terms but not stance indicators.

• Long-range Dependencies (9%): The ratio-
nale misses connections between distant parts
of the text.

These error patterns provide valuable directions for
improving rationale selection algorithms, particu-
larly for complex reasoning tasks that go beyond
lexical feature identification.

E.10 Dataset-Specific Patterns

Our cross-dataset analysis reveals that rationale
quality varies systematically by task type:

• Topic Classification (AG News, DBpedia):
High faithfulness (0.92-0.94) and contiguity
(3.5-3.8), with clear lexical signals.

• Sentiment Analysis (SST-2, Yelp): Moderate
faithfulness (0.85-0.88) and contiguity (3.1-
3.4), with more complex semantic dependen-
cies.

• Multi-Attribute Analysis (CEBaB): Lower
baseline faithfulness (0.83) but greater im-
provement from enhancement techniques
(+10 percentage points with combined
prompting and boosting).

These patterns suggest that different task types ben-
efit from different rationale extraction strategies
and parameter settings.

F Extended Limitations Analysis

F.1 Detailed Rationale Optimization
Challenges

Gradient Estimation Issues. The binary
mask used in rationale selection creates non-
differentiable operations in the computational
graph. While we employ continuous relaxation
and straight-through estimators to approximate
gradients, these approximations become less
reliable as model complexity increases, leading to
training instability. In our experiments with larger
models, we observed up to 35

Sparsity-Performance Tradeoff. Enforcing ra-
tionale sparsity constraints (limiting rationales to
τ% of input tokens) increasingly conflicts with per-
formance objectives in more complex tasks and
larger models. We observe that larger models often
require larger rationales to maintain performance,
contradicting our goal of concise explanations. For
instance, while a target rationale percentage of
τ = 15% was optimal for BERT-base, DeBERTa-
large required τ = 25% to achieve comparable
performance.
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Contiguity Enforcement Overhead. The con-
tiguity loss computation adds O(n) complexity
to each forward pass, where n is the sequence
length. This becomes prohibitively expensive for
long-form text analysis with larger models. For
documents exceeding 512 tokens, the contiguity
computation alone can consume up to 18% of the
total forward pass time.

F.2 Concept Bottleneck Limitations

Concept Capacity Ceiling. We empirically find
that the optimal number of concepts (currently set
at 50 in our default configuration) does not scale
proportionally with model size. Beyond approxi-
mately 100 concepts, we observe diminishing re-
turns in performance but increasing redundancy
among concepts, suggesting a fundamental limit to
the discrete concept representation capacity. Our
ablation studies show that increasing from 50 to
100 concepts yields only a 0.4

Concept Drift During Training. In larger mod-
els with more parameters, concepts tend to evolve
significantly during training, making their interpre-
tation unstable across training epochs. This raises
questions about the reliability of post-hoc concept
interpretations. By measuring concept activation
patterns on a validation set after each epoch, we
found that concept semantics in BERT-base models
stabilize after approximately 3 epochs, while larger
models continue to show drift even after 10 epochs.

Interaction Complexity. While our model sup-
ports concept interactions through an optional in-
teraction layer, capturing higher-order concept re-
lationships becomes exponentially more complex
as the number of concepts increases, creating both
computational and interpretability challenges. The
interaction matrix grows quadratically with the
number of concepts (O(m2) for m concepts), mak-
ing it increasingly difficult to interpret as the con-
cept space expands.

F.3 Implementation-Specific Bottlenecks

Memory Management. Tracking both token-
level rationales and concept-level activations for
interpretability results in memory consumption
that grows linearly with batch size but quadrati-
cally with model size, creating GPU memory pres-
sure when scaling beyond mid-sized transformers.
For BERT-large, this limits batch sizes to approxi-
mately 16 examples per 16GB GPU for 128-token

sequences, and only 4 examples for 512-token se-
quences.

Concept Intervention Latency. The concept in-
tervention procedure, while valuable for interpreta-
tion, introduces significant latency in larger models,
making real-time interactive explanation infeasi-
ble without further optimization. A single concept
intervention requires approximately 120ms with
BERT-base but increases to over 400ms with larger
models, limiting interactive exploration.

Training Stability Considerations. The com-
posite loss function balancing multiple objectives
(classification, rationale sparsity, concept diversity)
creates a complex optimization landscape that can
be sensitive to initialization and learning rate sched-
ules. We observed that approximately 10

F.4 Potential Research Directions to Address
Limitations

To address these limitations, future work could
explore:

• Sparse Attention Mechanisms: Developing
specialized attention architectures that com-
pute importance scores only for selected to-
kens rather than the entire sequence.

• Progressive Knowledge Distillation: Train-
ing smaller, more efficient models to mimic
the behavior of larger models while maintain-
ing interpretability.

• Hierarchical Concept Structures: Organiz-
ing concepts in hierarchies to improve scala-
bility while preserving interpretability.

• Adaptive Rationale Selection: Dynamically
adjusting rationale sparsity based on input
complexity rather than enforcing a fixed per-
centage.

• Hardware-Specific Optimizations: Develop-
ing specialized kernels for rationale extraction
and concept mapping operations to improve
computational efficiency.

These approaches could help bridge the gap be-
tween the impressive capabilities of modern lan-
guage models and the interpretability requirements
necessary for their trustworthy application.
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Algorithm 1 CLARITY Training

Require: Preprocessed dataset D =
{(Xi, yi)}Ni=1, configuration Θ, pretrained
encoder E

Ensure: Trained model fθ with explanation capa-
bilities

1: Initialize model components: encoder E, ratio-
nale selector gη, concept mapper hϕ, classifier
kψ

2: Initialize optimizer, scheduler, and (optional)
mixed-precision scaler

3: for each epoch t = 1 to T do
4: for each minibatch (X, y) in Dtrain do
5: Encode input: H ← E(X) ▷

Transformer embeddings
6: Predict rationale mask: R← gη(H)
7: Compute attended embedding: HR ←

MaskedMean(H,R)
8: Predict concept activations: C ←
hϕ(HR)

9: if skip connection enabled then
10: Z ← [C ∥ H[CLS]]
11: else
12: Z ← C
13: end if
14: Predict label logits: ŷ ← kψ(Z)
15: Compute classification loss: Lcls ←

CrossEntropy(ŷ, y)
16: Compute regularization terms:

• Lr_sparse: deviation from target rationale
length

• Lr_cont: binary mask discontinuity penalty
• Lc_sparse: average concept activation
• Lc_div: concept redundancy penalty

17: Compute total loss:

L = λclsLcls + λr_sparseLr_sparse+

λr_contLr_cont + λc_sparseLc_sparse+

λc_divLc_div

18: Backpropagate gradients and update
parameters

19: end for
20: Evaluate model on validation set and track

best-performing model
21: end for
22: Load best model checkpoint
23: Evaluate on test set and compute final metrics
24: return Final trained model fθ
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Abstract

Large language models have demonstrated
varying levels of competence across a range of
reasoning tasks, but coarse-grained evaluations
often do not reflect their specific strengths and
weaknesses, particularly in complex tasks such
as Narrative Question Answering. In this pa-
per, we advocate for a multi-dimensional skill-
based evaluation that assesses models across
distinct core skill dimensions. Our proposed
skill-focused evaluation framework offers a
granular and more realistic measure of model
performance, revealing targeted areas for im-
provement and guiding future development. Ex-
periments on Narrative Question Answering
demonstrate that dimension-level analysis cap-
tures the multifaceted nature of the task and
informs more effective model evaluation.

1 Introduction

Large language models (LLMs) have achieved im-
pressive results across a variety of reasoning tasks.
However, current evaluation practices predomi-
nantly rely on coarse-grained evaluation that ag-
gregates performance into a single score that does
not reflect the strengths and weaknesses of models
across different reasoning skills. This limitation
poses a significant challenge: without a detailed
understanding of where models excel or struggle
on a task, it becomes difficult to identify targeted
areas for improvement or to accurately estimate
their readiness for real-world applications.

Earlier works on fine-grained skill evaluation
(Sugawara et al., 2017a,b) have focused primar-
ily on challenging skills. While this offers useful
insight into models’ upper limits, it similarly cap-
tures only part of the broader skill landscape, leav-
ing room for more comprehensive approaches that
consider the full spectrum of reasoning abilities.
Ye et al. (2024) makes progress toward address-
ing issues in coarse-grained evaluation by select-
ing and evaluating a subset of fine-grained skills

drawn from an existing skill taxonomy (Rogers
et al., 2023). This approach enhances the granular-
ity of evaluation by focusing on specific, essential
top skills. However, it does not attempt to cover
the full range of skills that might be involved in an-
swering each question. As a result, the evaluation
may overlook other relevant skills, providing only
a partial view of model capabilities.

To fill this gap, we propose a dimensional skill
evaluation framework that systematically assesses
model performance across distinct core skill dimen-
sions. While earlier works have focused on defin-
ing skill dimensions (Rogers et al., 2023; Schlegel
et al., 2020; Kalbaliyev and Sirts, 2024), they have
not leveraged these dimensions to structure evalua-
tion in a way that more accurately reflects model
capabilities. In contrast, our framework introduces
a three-level evaluation approach: (1) skill-level
evaluation, (2) dimension-level evaluation, and (3)
multi-dimensional evaluation. This structure en-
sures that each skill and dimension contributes pro-
portionally to the final assessment. By explicitly
accounting for both skill-level and dimension-level
variation, our framework addresses challenges such
as skill imbalance and the diverse range of reason-
ing abilities required in complex question answer-
ing tasks.

We validate the effectiveness of this skill-
focused framework through evaluation of LLMs
on the Narrative Question Answering task. The re-
sults demonstrate that dimensional evaluation cap-
tures the multifaceted nature of the task and reveals
nuanced insights, such as uneven improvements
across skill dimensions when scaling model size,
and highlights developmental priorities masked by
coarse-grained scores. Overall, the proposed frame-
work offers a more granular and actionable mea-
sure of LLM performance, guiding future model
development and deployment for complex reason-
ing tasks.
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Figure 1: Narrative Question Answering Skills based on Kalbaliyev and Sirts (2024).

2 Background

2.1 Fine-grained Skill Evaluation

In the context of question answering (QA), skills
can be understood as learned patterns that enable
the system to comprehend and generate accurate
responses. Evaluating QA through skills provides
more diagnostic insight than overall coarse-grained
metrics, as it reveals which reasoning abilities a
model possesses or lacks.

Fine-grained skill evaluation involves several
stages. First, a skill taxonomy is either defined
or adopted to capture the range of abilities rele-
vant to the target QA domain. Then, questions
are annotated based on skill taxonomy with the
skills they require, either via experts, crowdwork-
ers, automated heuristics, or LLMs. Lastly, model
performance is analyzed per skill, revealing gaps
in skills and informing targeted improvements.

Skill definition plays a crucial role in determin-
ing how deep and precise an evaluation can be. In
traditional fine-grained skill evaluations for QA,
the focus is often limited to a set of selectively cho-
sen skills. This selective approach can overlook
important competencies, leading to incomplete as-
sessments. In contrast, a dimensional skill perspec-
tive defines skills along well-structured dimensions,
each representing a high-level category of related
competencies that are essential for QA. By organiz-
ing skills into dimensions, this approach ensures
that all core competencies are systematically cap-
tured. While prior work has proposed various di-
mensional skill taxonomies (Rogers et al., 2023;
Schlegel et al., 2020; Kalbaliyev and Sirts, 2024),
skill dimensions have not been used to structure
evaluations. In the following subsection, we high-
light a dimensional skill taxonomy for Narrative
Question Answering, both to illustrate how such
skills are defined and to provide the foundation for
our case study evaluation.

2.2 Narrative QA Skill Taxonomy

As depicted in Figure 1, Narrative QA skills can be
categorized into four core skill dimensions, each
encompassing distinct skills, with every question
attributable to one specific skill within each dimen-
sion (Kalbaliyev and Sirts, 2024). In the following
paragraphs, we briefly review each dimension and
its associated skills. The taxonomy contains four
skill dimensions: the first three related to narrative
understanding, and the last one focused on question
answering.

Element Dimension. Narrative understanding
requires comprehending core narrative elements,
character, event, and setting, which are also the
primary focus of Narrative Question Answering.
Character questions examine identities, traits, and
relationships of story figures. Event questions fo-
cus on what happens in the story and how events
relate to each other. Setting questions address the
time, place, and environment in which the narrative
unfolds. This dimension enables an element-wise
evaluation of a model’s comprehension of narrative
context.

Scope Dimension. Answering questions based
on a story requires forming adequate narrative rep-
resentations, which vary in scope depending on the
extent of the text needed. This scope also deter-
mines the type of reasoning skill required. Local
questions pertain to a specific part of the story and
require making local inferences, while Global ques-
tions span multiple parts of the story and require
broader comprehension, synthesis, or summariza-
tion of information across the multiple parts.

Knowledge Dimension. Another key compre-
hension skill dimension is a model’s ability to un-
derstand both explicitly stated and implied infor-
mation in a narrative. Explicit questions can be
answered directly using clearly presented informa-
tion from the text, while Implicit questions require
the model to infer unstated information using com-
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monsense knowledge and read between the lines.
Answering Dimension. A crucial skill dimen-

sion in Narrative Question Answering is the abil-
ity to express understanding through sufficient an-
swer formulation. Extractive questions can be ad-
equately answered by identifying and using spans
from the text, while Generative questions require
the model to generate additional words or phrases
to form a complete answer or enhance extracted
spans.

3 Dimensional Skill Evaluation

Traditional evaluation in QA often provides a single
coarse-grained score that aggregates performance
across all of the questions. However, these scores
do not account for different skills and skill di-
mensions, potentially masking a model’s strengths
and weaknesses in specific skills. To address this,
we propose a dimensional skill evaluation frame-
work that assesses the model at three levels: skill-
level, dimension-level, and multi-dimensional eval-
uations.

3.1 Skill-level Evaluation

Each question q ∈ Q is associated with a specific
skill Si,j , where Si,j denotes the j-th skill in the
i-th skill dimension Di. Let Qi,j denote the set of
questions associated with skill Si,j .

The performance of the model on a single skill
Si,j is evaluated using a base metric m (e.g., accu-
racy), defined as:

mi,j =
1

|Qi,j |
∑

q∈Qi,j

Score(q) (1)

where Score(q) is the model’s score for question q
based on the chosen evaluation metric.

3.2 Dimension-level Evaluation

A skill dimension Di consists of Ki skills, Di =
{Si,1, Si,2, . . . , Si,Ki}. The objective in this evalu-
ation is to assess the model’s performance on the
level of skill dimension.

Let wi,j denote the weight assigned to j-th skill
in i-th dimension Di, with following condition:

Ki∑

j=1

wi,j = 1 (2)

The performance of the model on each dimension
Di is computed as:

Mi =

Ki∑

j=1

wi,j ·mi,j (3)

By default, all skills within a dimension are
equally weighted as:

wi,j =
1

Ki
(4)

This ensures that each skill within the dimen-
sion contributes equally to the dimension-level per-
formance, regardless of the number of questions
associated with each skill. However, if there is a
significant skill imbalance within a dimension, the
weights can be adjusted to account for it.

3.3 Multi-Dimensional Evaluation
The multi-dimensional evaluation aggregates the
performance across all N skill dimensions, D =
{D1, D2, . . . , DN} . The objective is to ensure that
each dimension contributes equally to the overall
task-level coarse-grained evaluation.

Let vi denote the weight assigned to dimension
Di. If all dimensions are to be equally weighted,
we define:

vi =
1

N
(5)

Alternatively, if the dimensions are to be
weighted differently due to domain/dimension im-
portance, the weights vi can be adjusted accord-
ingly, ensuring that:

N∑

i=1

vi = 1 (6)

The overall multi-dimensional skill-balanced
evaluation metric M is then calculated as:

M =
N∑

i=1

vi ·Mi (7)

Expanding Mi, we can express M as:

M =
N∑

i=1

vi ·




Ki∑

j=1

wi,j ·mi,j


 (8)

The proposed evaluation framework ensures that
the model’s performance is assessed not only at the
skill-balanced coarse-grained level but also at the
skill and dimension levels. This provides a more
nuanced understanding of the model’s capabilities,
enabling targeted improvements and better analysis
of model behavior.
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Models Llama-3 Gemma-3 GPT-4o
Dimension Skills/Size 1B 3B 8B 1b 4b 12b -

Element

Character 62.83 86.48 88.83 79.92 85.18 87.13 91.82
Event 56.79 83.07 86.45 67.18 82.23 83.07 91.43

Setting 74.20 90.14 94.20 79.13 92.75 95.65 96.81
Dim 64.61 86.56 89.83 75.41 86.72 88.62 93.36

Scope
Local 64.03 88.01 91.67 74.03 87.50 89.66 94.27
Global 38.91 68.09 69.07 58.03 66.45 63.61 81.20
Dim 51.47 78.05 80.37 66.03 76.97 76.63 87.74

Knowledge
Explicit 67.48 90.08 92.49 76.50 88.85 89.64 95.18
Implicit 39.93 70.51 75.56 58.02 71.06 73.45 83.89

Dim 53.71 80.30 84.03 67.26 79.95 81.54 89.54

Answering
Extractive 63.92 88.14 90.80 74.70 86.68 88.57 94.52
Generative 42.65 70.24 75.36 57.63 72.32 71.18 81.99

Dim 53.29 79.19 83.08 66.16 79.50 79.88 88.26
All Multi-Dim 55.77 81.02 84.33 68.72 80.79 81.67 89.72
Coarse-grained 59.46 84.39 87.57 71.12 83.67 84.93 91.90

Table 1: LLM-as-a-Judge evaluation of Large Language Models on the test of the FairytaleQA dataset. Dimension
column indicates the sections of the table corresponding to specific skill dimensions. Skills show the skill-level
evaluation of models. Dim refers to results of dimension-level evaluation, while Multi-Dim represents a multi-
dimensional evaluation of the task. The last row provides a single coarse-grained evaluation.

4 Evaluation Setup

We evaluate the Narrative Question Answering abil-
ities of Large Language Models (LLMs) on the test
set of the FairytaleQA (Xu et al., 2022) dataset.
The test set contains 1,007 questions. We auto-
matically annotated the questions based on skill
taxonomy by Kalbaliyev and Sirts (2024). More
details on the annotation process can be found in
Appendix A.

For evaluation, we choose LLMs with different
parameter sizes: 1B, 3B, and 8B instruction-tuned
variants of the Llama-3 (Grattafiori et al., 2024)
and 1B, 4B, and 12B instruction-tuned variants of
Gemma-3 (Team et al., 2025) models, as well as
the GPT-4o (OpenAI et al., 2024). We use Flow
Judge v0.1 (FlowAI, 2024), an LLM-as-a-Judge
model, to evaluate models’ predictions. We report
the average LLM-as-a-Judge-based accuracy score
of 5 model runs. Dimensional Skill Evaluation is
conducted with equal skill and dimension weights.
Additional details on the evaluation setup can be
found in Appendix B.

5 Results and Discussion

Skill-level, dimension-level, multi-dimensional,
and coarse-grained evaluations of LLMs on Fairy-
taleQA are presented in Table 1.

Skills within dimensions provide a good com-
parison point. Analyzing skill-level performance
within a dimension, such as skill-level results in
the scope dimension section of Table 1, allows for
more meaningful comparisons between models or
model variants, revealing trade-offs or uneven gains
that overall metrics, such as coarse-grained results
in the last column of Table 1, might mask. From the
LLM-as-a-Judge-based results of Gemma-3 mod-
els on the FairytaleQA test set, we can observe an
overall coarse-grained performance improvement
from the 4B to the 12B model. However, disaggre-
gating results by the Scope dimension reveals that
this improvement is primarily driven by gains on
local questions, while performance on global ques-
tions slightly declines. This finding suggests that
increasing model size does not uniformly enhance
all reasoning capabilities, showing the advantage
of dimensional skill-level evaluation.

Dimension-level scores could indicate develop-
ment priorities. The aggregated dimension-level
scores (denoted as Dim in the Table 1) provide a
high-level summary of model performance across
different skill areas. These scores highlight which
dimensions excel and which ones lag behind. No-
tably, the Element dimension consistently shows
stronger performance compared to others, suggest-
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Figure 2: Skill imbalance in the test set of FairytaleQA

ing that models are better at recognizing common
skill patterns within this dimension. While previ-
ous research (Bao et al., 2023; Peng et al., 2023)
has primarily focused on enhancing the reasoning
skills of language models by adding skill represen-
tations along a dimension similar to the Element
dimension, our findings suggest that prioritizing the
improvement of other underperforming dimensions
could better address the models’ developmental
needs.

Multi-dimensional aggregates provide more
realistic performance estimates. When aggregat-
ing performance across all dimensions (denoted
as Multi-Dim in the Table), models achieve lower
scores compared to evaluations based on a single
coarse-grained metric (last row in the Table). For
example, GPT-4o scores 91.90 based on the coarse-
grained metric but only 89.72 under the multi-
dimensional evaluation in the Table 1. This gap
is even larger for smaller models like LLaMA-3
1B, which scores 59.46 in coarse-grained versus
55.77 in the multi-dimensional evaluation setting.

This discrepancy highlights that coarse-grained
evaluations tend to overestimate model capabilities
by masking weaknesses in specific skills. More-
over, skill imbalance across dimensions, such as
in FairytaleQA shown in Figure 2, can further dis-
tort these coarse-grained metrics, as models may
perform well on overrepresented or easier skills,
inflating overall scores. The multi-dimensional
aggregate, by capturing performance variability
across underrepresented and challenging skill di-
mensions and skills, provides a more nuanced and
accurate assessment of overall task performance.
Consequently, multi-dimensional evaluation offers
a more representative measure of model readiness
for complex, real-world applications.

6 Related Works

Dimension-based evaluation has been explored in
other NLP tasks such as summarization and open-
ended dialogue, where metrics are typically defined
by dimensions. For example, summarization is
often assessed in terms of consistency, relevance,
fluency, and coherence (Jain et al., 2023), while
open-domain dialogue is evaluated along dimen-
sions such as appropriateness, content, grammar,
and relevance (Lin and Chen, 2023). In contrast,
fine-grained evaluation of question answering has
largely focused on selected skills (Sugawara et al.,
2017a,b; Ye et al., 2024). Although these skills
can be grouped into broader dimensions that reflect
higher-level competencies, prior work has typically
discussed such dimensions only at a conceptual
level, without explicitly structuring evaluation or
analysis around them (Schlegel et al., 2020; Rogers
et al., 2023; Kalbaliyev and Sirts, 2024). Our work
moves beyond selective skill-level assessment to
demonstrate how organizing evaluation around di-
mensions yields clearer insights into model behav-
ior and capabilities.

Another line of research focuses on analyzing
the instance-level complexity of benchmarks, ei-
ther to gain a deeper understanding of the skills
being evaluated or to identify informative subsets
of examples that better capture task diversity and
LLM performance (Rodriguez et al., 2021; Ye et al.,
2023; Gor et al., 2024; Cook et al., 2025). While
our work emphasizes the importance of evaluat-
ing models across all core skills and dimensions,
we leave for future research the exploration of
how instance-level complexity analysis can be com-
bined with dimensional skill evaluation.

7 Conclusion

This study argues that a dimension-focused skill
evaluation offers a more accurate and insightful
assessment of large language models on complex
tasks like Narrative Question Answering. Unlike
coarse-grained evaluation, this approach uncov-
ers specific strengths and weaknesses across skill
dimensions, revealing that model improvements
are often uneven and concentrated in certain areas.
The findings emphasize the limitations of coarse-
grained evaluation and advocate for dimension-
level analysis to guide model development priori-
ties and better reflect real-world performance readi-
ness.
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Limitations

In this paper, we focus our analysis on a single skill
taxonomy in order to clearly demonstrate the appli-
cability of skill dimensions. While our evaluation
method is inherently flexible and can be adapted
to alternative taxonomies with similar structural
properties, its reliance on the availability of a well-
defined taxonomy poses a limitation. Applying the
framework to new tasks may require the design or
refinement of task-specific taxonomies, which can
be both time-consuming and non-trivial. In particu-
lar, ensuring consistency, coverage, and granularity
across different domains could introduce additional
challenges.

Another limitation is related to the skill annota-
tion. The process of labeling questions according
to skill taxonomy inevitably depends on the exper-
tise, perspective, and assumptions of the annotator.
While the dimensional skill taxonomy is conceptu-
ally differentiable across multiple dimensions, the
boundaries between individual skills within each
dimension may be interpreted differently depend-
ing on the annotator. For example, determining
whether a question requires implicit versus explicit
reasoning often hinges on how much background
knowledge the annotator, a large language model
in our case, considers “commonsense.” This intro-
duces a degree of subjectivity and potential vari-
ability in the labeling process. Despite these lim-
itations, the skill taxonomies provide a structured
framework for categorizing questions and allow for
systematic analysis of model performance across a
range of skill types. Consequently, even with inher-
ent labeling variability, it offers valuable insights
into the strengths and weaknesses of models in han-
dling diverse reasoning and knowledge-intensive
tasks.

Additionally, since the primary objective of this
work is to introduce and justify a dimensional skill
evaluation methodology, we do not use compu-
tationally demanding, larger language models or
reasoning models.
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A Skills Annotation

As skills are categorized under distinct dimensions
in the taxonomy proposed by Kalbaliyev and Sirts
(2024), we classify questions separately based on
each dimension. In the following subsections, we
outline our chosen methods to facilitate efficient
annotation.

A.1 Element Dimension Annotation
Xu et al. (2022) involves human annotators to la-
bel narrative elements from taxonomy of Paris and
Paris (2003) for FairytaleQA dataset. Bao et al.
(2023) use a set of common words or phrases,
referred to as skill seeds, to automatically anno-
tate questions in CommonsenseQA and Common-
senseQA 2.0 datasets (Talmor et al., 2019, 2021).

Since keyword-based annotation often fails to
produce robust results, we opted to annotate the

dataset along the element dimension by prompting
a Large Language Model with element definitions.
Specifically, we used GPT-4o (OpenAI et al., 2024)
to classify the dataset. For this process, we pro-
vided the model with a System Prompt and passed
both the context and the question as a User Prompt
to guide the annotation.

System Prompt 1. Element Dimension

You are a helpful assistant. You will be provided with
a context, and a question. Based on the definition
below, determine if the question is Character, Event
or Setting:

• It is Event question if it asks about an activity,
an action, an event, or relationships between
among events and characters, such as a reason.
For example,’why’, ’what happened?’ ques-
tions are event questions.

• It is Character question if it directly asks about
the identity, feeling or characteristics of the
characters. For example, "who" is character
question.

• It is Setting question if it asks about specific
place, time, and environment in which the
events take place. For example, "where" and
"when" are setting questions.

For each question, provide a brief explanation of your
reasoning and classify the question. Use the following
format:
Explanation: <your explanation>

Classification: <Character or Event or Setting>

User Prompt 1. Annotation

CONTEXT: <context>
QUESTION: <question>

We generated responses via Azure OpenAI’s
API with the temperature value of 0. To validate
our question annotations, we leveraged the exist-
ing annotated FairytaleQA dataset (Xu et al., 2022)
as a reference point and approximately aligned its
skill taxonomy with our chosen framework: Char-
acter (character and feeling), Event (causal rela-
tionship, outcome resolution, action), and Setting
(setting). Using this alignment, the GPT-based
annotation achieved an accuracy of 98% on the
roughly mapped validation set from FairytaleQA.

A.2 Scope Dimension Annotation
To annotate questions along the scope dimension, it
is important to first define what constitutes a story
part. A story part can be interpreted as a sentence,
a paragraph, a scene, or another unit of narrative
segmentation. If sentences are used as the unit of
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segmentation, then single-sentence reasoning can
be considered local, while multi-sentence reason-
ing can be attributed to global. If paragraphs or
scenes are used as the unit of segmentation, es-
pecially in longer narratives, then local questions
would be those that can be answered within a single
paragraph or scene, while global questions would
require information spanning across multiple para-
graphs or scenes. The appropriate level of granular-
ity depends largely on the nature of the dataset and
the average length of the narratives involved. As
we are focusing on short-form narratives, we chose
local/global reasoning at the sentence level.

We prompted GPT-4o (OpenAI et al., 2024) to
annotate the dataset based on the scope of text re-
quired to answer each question. We used the follow-
ing System Prompt and passed context, question,
and correct answers as a user prompt to annotate
the dataset.

System Prompt 2. Scope Dimension

You are a helpful assistant. You will be pro-
vided with a context, a question, and the
correct answer. Based on the definitions be-
low, classify the question as either local or
global:

• Local questions need information from
only a single sentence to be answered
correctly.

• Global questions need information
from multiple sentences or the whole
context to be answered correctly.

For each question, provide a brief explana-
tion of your reasoning and classify the ques-
tion. Use the following format:
Explanation: <your explanation>
Classification: <Local or Global>

We generated responses via Azure OpenAI’s
API with the temperature value of 0. To validate the
classification accuracy, we used the skill-annotated
portion of the Dream (Sun et al., 2019) dataset
and mapped its skill taxonomy to our selected tax-
onomy. The GPT-based annotation achieved an
accuracy and macro-F1 score of 91.5.

A.3 Knowledge Dimension Annotation

Similar to our approach for scope annotation, we
prompted GPT-4o to classify datasets based on

the implicitness of the question. We deliberately
avoided providing a definition of explicitness, as
doing so led to confusion between the two classes.
To perform the annotation, we used the following
System Prompt and supplied the context, question,
and correct answer in the User Prompt.

System Prompt 3. Knowledge Dimension

You are a helpful assistant. You will be pro-
vided with a context, a question, and the cor-
rect answer. Based on the definition below,
determine if the question is implicit:

• Implicit questions are those where the
reader must use commonsense (world)
knowledge or read between the lines to
answer the question.

For each question, provide a brief explana-
tion of your reasoning and classify the ques-
tion. Use the following format:
Explanation: <your explanation>
Implicit: <Yes or No>

User Prompt 2. Annotation

CONTEXT: <context>
QUESTION: <question>
CORRECT ANSWERS: <answers>

To assess the classification accuracy, we evalu-
ated the model on the skill-annotated portion of
the DREAM dataset (Sun et al., 2019), aligning its
original skill taxonomy with our selected taxonomy.
The GPT-based annotation achieved an accuracy of
82.7% and a macro F1 score of 81%. Considering
the inherent subjectivity in interpreting question
implicitness, we found this result to be reasonable.

A.4 Answering Dimension Annotation

In order to annotate questions in the answering
dimension, we automatically lemmatized and low-
ercased the context, question, and answers, re-
moving articles and punctuation from the lem-
mas. Lemmatization was performed using spaCy’s
en_core_web_sm model. The context and question
were then combined to form the input. If any lem-
matized answer was a subset of the input lemmas,
the question was classified as Extractive; otherwise,
it was classified as Generative.
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B Additional Details on Evaluation setup

B.1 Dataset

We selected the test set from the FairytaleQA (Xu
et al., 2022) for evaluation. The questions were an-
notated according to the skill taxonomy proposed
by Kalbaliyev and Sirts (2024), following the pro-
cedure detailed in Appendix A.

B.2 Language Model Prompting

We performed zero-shot prompting with Llama-3.2-
1B-Instruct, Llama-3.2-3B-Instruct, and Llama-3.1-
8B-Instruct models (Grattafiori et al., 2024) and
gemma-3-1b-it, gemma-3-4b-it, and gemma-3-12b-
it models (Team et al., 2025) models, as well as
the GPT-4o (OpenAI et al., 2024). For the Gemma-
3 and Llama-3, we used the LM Evaluation Har-
ness library (Gao et al., 2024) with models loaded
from the Hugging Face Hub. We run inferences on
Tesla V100 GPUs in the High Performance Com-
puting Center of the University of Tartu (Univer-
sity of Tartu, 2018). For GPT-4o, we generated
responses via Azure OpenAI’s API. The following
user prompt was used for question answering.

User Prompt 3. Question Answering Prompt

Answer the question based on the context.
Keep your answer concise, few words are
enough.
CONTEXT: <context>
QUESTION: <question>
ANSWER:

For all models, responses were generated using
a temperature of 1.0 and a maximum new tokens
value of 1024. The reported results are presented
as the average of 5 model runs.

B.3 Metrics

We evaluated accuracy using an LLM-as-a-Judge
to perform binary (Pass/Fail) assessments of gen-
erated outputs against reference answers. For
this purpose, we used Flow Judge v0.1 (FlowAI,
2024), a specialized LLM-as-a-Judge model de-
rived from further fine-tuning of the Phi-3.5-mini
instruct model (Abdin et al., 2024). We selected
Flow Judge v0.1 because of its compact size and
performance comparable to the larger models, such
as GPT-4o. This evaluation was conducted using
the LM Evaluation Harness (Gao et al., 2024), with
generation parameters used in the model’s techni-
cal report: temperature of 0.1, Top P value of 0.95,

and a maximum new tokens value of 1024. We
used the following adapted scoring rubric:

• Score 0 - Fail: The generated response is com-
pletely incorrect or irrelevant to the query,
with no overlap in information with any of
the reference answers.

• Score 1 - Pass: The generated response
matches one of the reference answers. The
meaning conveyed by the generated response
is equivalent to the reference. The generated
response may leave out non-essential details
compared to the references.

Additionally, we also evaluated the model with
ROUGE-L (Lin, 2004) as an additional commonly
used evaluation metric. We used the Hugging Face
Evaluate library (Von Werra et al., 2022) imple-
mentation. The evaluation was conducted with the
use_stemmer parameter set to True.

Language model performances based on LLM-
as-a-Judge and ROUGE-L evaluation can be found
in Tables 1 and 2.

C Results with ROUGE-L

Table 2 presents the ROUGE-L evaluation results.
Although the scores differ from those obtained un-
der the LLM-as-Judge setting, the main conclu-
sions drawn from Table 1 remain valid. Analyz-
ing performance at the skill level within each di-
mension, such as the element dimension section
of Table 2, facilitates more fine-grained compar-
isons across models and model variants. This view
makes it possible to identify trade-offs and uneven
improvements that are often obscured when relying
solely on aggregate metrics, such as those reported
in the final column of Table 2.

Similarly, the element dimension consistently
yields higher performance than other dimensions,
suggesting that models are more adept at recog-
nizing recurring skill patterns in this dimension.
Additionally, with multi-dimensional evaluation,
models achieve substantially lower scores com-
pared to evaluations based only on a single coarse-
grained metric. This discrepancy indicates that
coarse-grained evaluations tend to overestimate
model capabilities by concealing weaknesses in
specific skills.

We note that the choice of metric for free-form
evaluation can substantially influence the results.
For instance, while LLM-as-a-judge-based evalu-
ation of Gemma-3 models shows uneven gains in
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Models Llama-3 Gemma-3 GPT-4o
Dimension Skills/Size 1B 3B 8B 1b 4b 12b -

Element

Character 36.76 55.27 62.68 54.62 60.47 65.58 66.86
Event 36.06 49.36 55.27 37.66 42.53 44.96 60.09

Setting 53.70 67.21 78.78 65.15 78.08 74.80 83.51
Dim 42.17 57.28 65.58 52.48 60.36 61.78 70.15

Scope
Local 41.12 56.96 64.43 47.66 54.28 57.01 68.31
Global 20.88 29.85 32.89 25.88 27.24 29.81 41.05
Dim 31.00 43.41 48.66 36.77 40.76 43.41 54.68

Knowledge
Explicit 43.97 60.23 67.15 50.44 56.98 58.98 71.27
Implicit 21.51 32.06 38.12 27.29 30.82 35.21 44.05

Dim 32.74 46.15 52.63 38.86 43.90 47.10 57.66

Answering
Extractive 42.09 58.22 65.16 48.43 54.55 56.55 69.43
Generative 19.90 28.71 34.34 25.85 29.81 35.16 40.43

Dim 31.00 43.47 49.75 37.14 42.18 45.85 54.93
All Multi-Dim 34.23 47.58 54.16 41.31 46.80 49.54 59.36
Coarse-grained 37.44 52.03 58.70 43.70 49.37 52.07 63.35

Table 2: Evaluation of Large Language Models on the FairytaleQA test set with the ROUGE-L metric. Dimension
column indicates the sections of the table corresponding to specific skill dimensions. Skills show the skill-level
evaluation of models. Dim refers to results of dimension-level evaluation, while Multi-Dim represents a multi-
dimensional evaluation of the task. The last row provides a single coarse-grained evaluation.

the scope dimension, ROUGE-L scores indicate
this difference in the element dimension. As LLM-
as-a-judge offers greater flexibility in accommodat-
ing variations in model predictions, we report it as
our main evaluation metric. Nevertheless, human
evaluation remains the gold standard for text gener-
ation tasks, including Narrative QA (Celikyilmaz
et al., 2021). However, conducting human evalua-
tion is both costly and time-consuming (Lal et al.,
2021), and its reliability has also been questioned
(Gatt and Krahmer, 2018), particularly for QA in-
stances that inherently involve multiple ambiguities
(Kalbaliyev and Sirts, 2022).

D Data and Code Availability

The FairytaleQA dataset is publicly available on
Hugging Face.1 Code for annotation, inference,
and evaluation is available on GitHub. 2

1https://huggingface.co/datasets/
WorkInTheDark/FairytaleQA

2https://github.com/EmilKalbaliyev/
Dimensional-Skill-Evaluation
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Abstract

We introduce and frame the concept of poten-
tially problematic word usages (PPWUs): word
occurrences that are likely to cause communi-
cation breakdowns of a semantic nature. While
much research has been devoted to lexical com-
plexity, ambiguity, vagueness and related is-
sues, no work has attempted to fully capture
the intricate nature of PPWUs. We review lin-
guistic factors, datasets and metrics that can be
helpful for PPWU detection. We also discuss
challenges to their study, such as their complex-
ity and subjectivity, and highlight the need for
future work on this phenomenon.

1 Introduction

Language is a powerful communication tool allow-
ing us to exchange complex messages, but infor-
mation is not always conveyed successfully. Mis-
communication can be due to multiple factors, both
linguistic and non-linguistic (e.g., environmental or
psychological causes, such as a noisy background
or the listener’s lack of attention). In this paper,
we focus on cases where a specific use of a word
can give rise to a misunderstanding or an objection
related to its meaning.

We define a potentially problematic word us-
age (PPWU) as an instance of a word1 in context
which is likely to cause some type of miscommu-
nication (misunderstanding or non-understanding)
or disagreement of a semantic nature.2 For exam-
ple, in “I enjoy working on my car”, it is not clear
whether working means polishing it as a hobby
or repairing it (see Table 1). In practice, PPWUs
should be determined with a specific target popu-
lation in mind. In this paper, we discuss intrinsic
factors of words and their contexts which are prob-
lematic both for specific communities but also for

1We consider open-class lexemes or lexical items in gen-
eral, but refer to them as “words” for simplicity.

2We exclude cases of unclear referents of referring expres-
sions such as pronouns or proper nouns.

the general public (e.g., words with a false friend in
a language may only risk being misunderstood or
misused by speakers of that language, but a word in
an underconstrained context can be problematic for
anyone). We say, of a specific word usage, that it is
an (actual) problematic word usage (PWU) when
there is evidence that it has been misunderstood or
disagreed upon by someone (e.g., when someone
has signalled it in an interaction, asking “what do
you mean by ...?” or similar questions (Noble et al.,
2021)).

The detection of PPWUs has several applica-
tions. It can be useful for text simplification and
readability assessment and can also have uses in
applications related to language learning in gen-
eral, such as aiding in choosing the right learning
materials to adapt them to a student’s level, or de-
signing exercises that target specific types of PP-
WUs. If integrated with a conversational system,
PPWUs could either be actively avoided in produc-
tion, or trigger directed clarification requests to the
user. Ensuring clear language use contributes to de-
crease misunderstandings, which can have negative
psychological and physiological effects (Crockett
et al., 2022). As part of a writing assistance tool, it
could help identify words to be replaced to improve
clarity. It could also be used to detect lexical errors
in translated text.

Numerous studies focus on specific types or
causes of PPWUs, but a unifying perspective en-
compassing them in their full complexity is missing.
In this paper, we introduce and frame the notion
of PPWU bringing together insights and points of
view from research on different domains (e.g, psy-
cholinguistics, computational linguistics, cognitive
science, NLP) and with different goals, providing
a foundation and framework for future research on
PPWU detection. To this end, we compile and out-
line multiple reasons why a specific word or word
usage is likely to cause miscommunication or be
disagreed upon, thereby proposing a first character-
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ization of PPWUs. We also present existing com-
putational methods, resources and datasets that can
be helpful for the study and detection of PPWUs,
identifying areas where more work and knowledge
is necessary; and include a discussion on various
considerations to make when conducting research
on PPWUs.

To compile the bibliography for this survey, we
searched for relevant literature on Google Scholar
using keywords such as “polysemy detection,”
“false friends,” “lexical complexity,” “text readabil-
ity,” or “lexical errors;” and expanded the search by
examining papers citing, or cited by, the returned
papers.

2 Factors contributing to PPWUs

In this section we provide a non-exhaustive3 list
of linguistic properties and phenomena linked to
PPWUs. We distinguish between factors tied ex-
clusively to word identity (Section 2.1) and factors
linked to the linguistic context where a word is
used (Section 2.2).4 In the Appendix, we provide
examples (Table 1) and a diagram summarizing the
content of this section (Figure 1).

2.1 Context-independent factors

Some words are inherently difficult to understand,
regardless of the context they appear in. This is
often referred to as lexical complexity (North et al.,
2023). Here, we outline word characteristics that
may be reasons for a word not to be understood or
for its meaning to be disagreed upon.5 Note that
the properties presented here are not absolute deter-
minants of PPWUs; they often interact with each
other as well as with other linguistic variables.6

While we have aimed to define distinct categories
where possible, they are not mutually exclusive and
can co-occur in real-world usage.

3Our goal is to propose a categorization of PPWU causes
linked to relevant NLP tasks, but there are other idiosyncratic
causes of PPWUs that are difficult to categorize.

4This distinction bears some parallels to the notions of
“meaning potential” and “situated meaning” (Myrendal, 2019).

5Some of the notions presented are used as features in
lexical complexity detection. We exclude factors that, while
correlated with complexity, are not likely to cause miscom-
munication on their own (e.g., word length and syllable count
(Desai et al., 2021)).

6For example, a low-frequency word that is morpholog-
ically transparent (cardiomyopathy) may be easier to under-
stand than another rare word with an opaque morphology
(gybe).

2.1.1 Word properties

Lexical ambiguity. Words that have multiple
senses (homonyms and polysemous words) are
more likely to be misunderstood, even if the con-
text is enough for disambiguation, because the
audience might not be familiar with all of their
senses, especially if some of them are not very
frequent. The number of polysemous words and
unique senses in a text has been found to corre-
late with its readability (Danilov et al., 2023), and
the readers’ knowledge of the multiple senses of a
word correlates with reading comprehension (Ken-
neth Logan and Kieffer, 2017; Booton et al., 2022).
Martínez Alonso et al. (2015) found that, in a sense
annotation task, words with a higher number of
senses and sense entropy tend to display higher
disagreement. Words that have undergone lexical
semantic changes (LSC) can be particularly diffi-
cult: readers or listeners are less likely to know
novel senses of a word if these are recent, or, if
reading a text from a different time period, a word
may have changed in a way that the reader may not
be aware of (e.g., gay used to mean light-hearted,
cheerful). Approaches to quantifying a word’s
number of senses (polysemy detection, Garí Soler
and Apidianaki (2021a)) and whether, how and
when a word has changed meaning (LSC detec-
tion, Schlechtweg et al. (2020); Montariol et al.
(2021)) can be helpful in finding words that are
more likely to be misunderstood.

Word frequency is one of the most useful fea-
tures to estimate lexical complexity (Specia et al.,
2012; Wilkens et al., 2014; Garí et al., 2018). This
is not surprising, as rare words are less likely to be
part of a speaker’s vocabulary, because they may
have had less or no exposure to them. Acronyms,
if not commonly used and not introduced properly
in a text, are also a common source of confusion.
Numerous studies have shown the relationship be-
tween word frequency and reading comprehension
(Marks et al., 1974; Freebody and Anderson, 1983;
Nouri and Zerhouni, 2018), confirming that rarer
words are more prone to limit comprehension than
more frequent words. Word frequency lists exist for
multiple languages (Speer, 2022). Their source is
very important: the nature, register, variety and size
of the corpus, among other factors, may determine
the usefulness of word frequency estimations as
features for lexical complexity prediction (Wilkens
et al., 2014).
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Neologisms are newly created words recently in-
troduced into a language, and which have a cer-
tain degree of acceptance in a linguistic commu-
nity (e.g., rizz). As such, speakers (especially non-
native ones (Charteris-Black, 1998)) are less likely
to know them. An additional difficulty of neolo-
gisms is that they are often driven by technological
advancements, so certain speakers may be unfamil-
iar not only with a new word form but also with the
concept it expresses. At the same time, neologisms
are often coined from existing morphemes (e.g.,
mansplaining) or from other languages, which may
make their interpretation easier than that of neolo-
gisms created ex nihilo (e.g., cromulent) (Lehrer,
2003). Although less common, grammatical ne-
ologisms (existing words used with a new part of
speech (PoS)) can also be problematic. Approaches
to neologism detection (Janssen, 2012; Falk et al.,
2014; Klosa and Lüngen, 2018) can be useful for
detecting PPWUs. Finally, semantic neologisms
(the appearance of new senses) are a form of lexical
semantic change which can be addressed with the
task of novel sense detection (Section 2.2).

Lexical variation refers to differences in lexical
choice due to factors such as age, profession and
social class (sociolects) or geographical location
(dialectal variation). This includes slang, jargon
and dialect-specific words which may only be pro-
duced and understood by certain communities of
speakers. These differences can be particularly
problematic in heterogeneous conversations (with
people from, e.g., different age groups or cultures).
Work on detecting synchronic lexical differences
(Gonen et al., 2020; Yin et al., 2018; Schlechtweg
et al., 2019; Garimella et al., 2016) and dialect
lexicon induction (Scherrer, 2007; Artemova and
Plank, 2023) could help identify words that are
distinctive of certain groups of speakers.

Idioms are phrases with a non-compositional
meaning; i.e., their meaning cannot be inferred
from their parts (e.g., kick the bucket). As such,
they need to be learned as autonomous lexical
items. It is well known that idioms are particu-
larly challenging for second language (L2) learners
(Schraw et al., 1988; Alhaysony, 2017), except
when a similar idiom exists in their native language
(Irujo, 1986). Regardless of the frequency of an id-
iom, familiarity with the words that compose it can
give a false perception of understanding. In fact,
learners tend to overestimate their comprehension
of idioms made up of high frequency words (Mar-

tinez and Murphy, 2011; Park and Chon, 2019);
and when analyzing a sample of English idioms,
Libben and Titone (2008) found that the frequency
of verbs in idioms was negatively correlated with
the predictability of their meaning (see Section 5
for more considerations on undetected misunder-
standing). Relevant NLP tasks include idiomatic
expression identification (Zeng and Bhat, 2021),
the distinction between literal and non-literal id-
iom usages (Li and Sporleder, 2010), and compo-
sitionality detection (Cordeiro et al., 2019).

2.1.2 Concept-related properties

Complex meaning. Words designing complex
concepts may be misunderstood because of a lack
of or an incomplete knowledge of the reality being
described (e.g., enthalpy). While estimating the
complexity of a concept is a hard and subjective
task, as it is not a well-established notion, auto-
matic term extraction can be a good proxy to find
words designating advanced or technical concepts
(Hätty et al., 2020; Rigouts Terryn et al., 2020).

Vagueness and generality. Some words have an
inherently vague meaning, i.e., a meaning that lacks
precision (Van Rooij, 2011). This often concerns
gradable adjectives, both relative (such as big or
tall) and absolute (e.g., bald, flat), but it can also
be found in words of other PoS (e.g., heap, idiot).
These words describe qualities for which it is hard
to draw a line and which can have multiple inter-
pretations. Pezzelle and Fernández (2023) show
that when faced when unclear gradable adjectives,
speakers can increase their alignment with explicit
interaction about word meaning. Adjectives may
inherently be more problematic than other PoS
because their semantic contribution to a noun is
highly variable and combination-specific (Boleda
et al., 2013).

Words that are very general, or high in a hy-
pernymy hierarchy (e.g., thing or do), may not be
specific enough and require clarification or more
details. A mismatch between the provided level of
specificity and the level required by the commu-
nicative situation, i.e., flouting Grice’s maximum of
quantity (Grice, 1975), can also generate confusion
(Cruse, 1977).

Scalar adjective identification (Garí Soler and
Apidianaki, 2021b) can be useful to identify po-
tentially vague adjectives and distinguishing them
from relational ones (e.g., wooden). The VAGO
system (Icard et al., 2022) for measuring vague-
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ness in texts relies on a database with lexical vague-
ness information (Atemezing et al., 2022). Lexi-
cons and ontologies such as WordNet (Fellbaum,
1998) can serve as references for generality, and
work on semantic content quantification (Herbe-
lot and Ganesalingam, 2013; Santus et al., 2014)
and more specifically on hypernymy detection
(Shwartz et al., 2016; Cho et al., 2020) can help
identify words with a general meaning.

Connotatively loaded terms. Words related to
or referring to controversial topics are also prone to
cause disagreement and misunderstanding: speak-
ers may have different mental representations of
these words, which are affected by their own opin-
ions on the topic. For example, speakers may detect
a disagreement on what constitutes or qualifies as
sexism or abuse and signal this in a conversation
(Myrendal, 2019). Work on controversial topic
detection (Choi et al., 2010; Garimella et al., 2018)
as well as on lexico-semantic alignment in, or out-
side of, conversations (Garí Soler et al., 2022, 2023)
can potentially help detect this kind of words.

2.1.3 Cross-linguistic influence
In this section we describe cross-linguistic factors
that may result in PPWUs when the situation in-
volves L2 learners or bilingual individuals in a par-
ticular language pair.

False friends and partial cognates. Two words
in two different languages are said to be false
friends if they sound or look similar but have dif-
ferent meanings (e.g., embarrassed and Spanish
embarazada, which means pregnant). A related
concept is that of partial cognates, where the two
similar words share some, but not all, meanings
(see Table 1). These words can easily give rise
to confusion if they have not been learned prop-
erly. Work on false friend or partial cognate de-
tection (Inkpen et al., 2005; Mitkov et al., 2007;
Ljubešić and Fišer, 2013; Palmero Aprosio et al.,
2020; Lefever et al., 2020; Kanojia et al., 2021) can
help identify words that may be problematic, both
in terms of production (Raušer, 2017) and compre-
hension (Mattheoudakis and Patsala, 2007), when
a speaker of a particular language is involved.

Cross-linguistic inequivalence. Every language
offers different conceptualizations of the world
and maps words to referents in different ways
(Pavlenko, 2009). There is rarely a 100% transla-
tion equivalence between words in two languages,

and often words that are almost equivalent differ
in specific nuances that are hard to notice and
to master, for language learners (Shalaby et al.,
2009) but also bilingual speakers (Ameel et al.,
2005). These differences can be quite notorious7

or very subtle, such as what is reflected in the cat-
egorization and naming of similar objects (Malt
et al., 2003; Pavlenko and Malt, 2011). This is
sometimes referred to as “cross-linguistic near-
synonymy” (Gries et al., 2020) and is studied
in the fields of contrastive lexicology and lexico-
semantic typology (Schapper and Koptjevskaja-
Tamm, 2022). In other cases, for cultural or his-
torical reasons, some terms in a language may not
exist at all in another language, because they desig-
nate realities that do not exist in the other culture
(e.g., Russian форточка (fortochka), a specific
kind of small window for ventilation). These dif-
ferences can result in unintended cross-linguistic
transfer during production and comprehension by
multilingual individuals (Jarvis, 2011), which can
lead to misunderstandings. An NLP task that could
assist in automatically finding cross-linguistic near-
synonyms is bilingual lexicon induction (Irvine
and Callison-Burch, 2017).

Words from another language. Sometimes mul-
tilingual speakers interject words from other lan-
guages which may be unknown to their interlocu-
tors or readers. Code switching detection (Samih
et al., 2016; Kevers, 2022) and language identi-
fication algorithms can detect these usages, par-
ticularly when they are tailored to the word level
(Solorio et al., 2014; Rijhwani et al., 2017; Ansari
et al., 2021).

2.2 Context-dependent factors

A word usage may also be misunderstood or dis-
agreed upon because of the characteristics of the
context in which it is used, even if the word itself
is not usually problematic.8 See Table 1 in the
Appendix for examples.

Contextual underspecification. While many
words have multiple senses, context is often enough
for disambiguation, and in practice humans do not
have a problem understanding many polysemous
word usages (Piantadosi et al., 2012). When this

7meat is often translated as мясо (myaso) in Russian, but
in its everyday use, мясо does not include poultry.

8It is, however, not possible to fully disentangle context
from word identity: whether a word’s context is problematic
strongly depends on the word itself.
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is not the case, however, ambiguity may require
clarification. This happens with underconstrained
contexts which do not provide enough information
to establish the sense of a word, and which are
a common reason of disagreement in word sense
annotation, especially when allowing only the an-
notation of a single sense (Jurgens, 2014). There
is not much work on identifying such ambiguities
at the lexical level (Liu et al., 2023). Quantifying
the informativeness of a context with respect to
a specific target word could be helpful (Montariol
et al., 2019; Schick and Schütze, 2019), but ex-
isting approaches assume that the target word is
unknown.

Novel senses and metaphors. A speaker may
use a word in a new sense that it has only recently
acquired, or propose a creative or figurative use
of an existing word. The latter are called novel
metaphors (i.e., metaphors that do not rely on es-
tablished conceptual mappings such as LOVE IS A

JOURNEY (Lakoff, 1993)), and are harder to un-
derstand than conventional metaphors (Lai et al.,
2009; Horvat et al., 2022). There is work on un-
known or novel word sense detection (Erk, 2006;
Cook et al., 2014), as well as novel metaphor de-
tection (Schulder and Hovy, 2014; Haagsma and
Bjerva, 2016; Reimann and Scheffler, 2024). One
challenge is distinguishing these creative uses of
language from errors, discussed below.

Lexical errors. An existing word may be inap-
propriately used instead of a correct alternative for
multiple reasons. In text, a word can be confused
with a homophone or another similar-sounding
term, causing malapropisms (e.g., insurance for
assurance). Sometimes a speaker may mix words
that have a similar or related meaning (broth and
stock or trip and journey) (Shalaby et al., 2009),
or may use a different word because they can’t
come up with the correct one. Lexical errors can
also be due to misspellings which result in another
existing word (so-called “real-word errors,” like
angel for angle) (Azmi et al., 2019), or be caused
by automatic correction tools. Of course, native
and non-native speakers may make different mis-
takes. There is abundant work studying the types
of lexical errors encountered in essays written by
non-native speakers (Hemchua et al., 2006; Saud,
2018), but not so much about the kinds of mistakes
made by native speakers other than malapropisms
(Hirst et al., 1998), presumably because they are
much rarer and harder to detect. Not all mistakes

are equally confusing, however. While exposed
to linguistic input, humans develop expectations
about what is going to be said, and surface form
similarity may facilitate understanding. There is
also evidence that native speakers adapt their expec-
tations when faced with non-native speech, and are
more likely to find interpretations for implausible
statements (Lev-Ari, 2015; Gibson et al., 2017).

Studies targeting anomalies at the lexical level
aim at detecting text obfuscation (deliberate word
substitutions to encrypt a message (Fong et al.,
2008), for example to bypass censorship (Ji and
Knight, 2018)); at identifying real-word mis-
spellings (Samanta and Chaudhuri, 2013; Bravo-
Candel et al., 2021) or detecting miscollocations
(Wanner et al., 2013).

Rare senses. As discussed in Section 2.1.1, pol-
ysemous words used in a rare sense may be prob-
lematic. Precisely due to their low frequency,
Word Sense Disambiguation (WSD) and Neural
Machine Translation (NMT) systems also strug-
gle with them (Campolungo et al., 2022a). Efforts
toward identifying rare word senses (McCarthy
et al., 2004) and correctly disambiguating them
in context (Barba et al., 2021; Hangya et al., 2021;
Campolungo et al., 2022b) can be helpful to find
this kind of PPWUs.

Conversational Maxims Flouting. Going
against conversational maxims (Grice, 1975) can
cause confusion for the listener, especially the
maxim of quality, with contradictory statements,
jokes, information that goes against common
sense, or vandalism in, for example, collaborative
text editing (Adler et al., 2011). Approaches for
semantic plausibility (Ko et al., 2019) and joke
detection (Baranov et al., 2023) can be relevant
for these usages, but they are typically designed to
work at the sentence or text level.

3 Data

In this section we describe the kinds of data that
can be used to investigate PPWUs or to train sys-
tems to automatically detect them. Our focus is on
datasets of actual PWUs where there is evidence of
speaker differences in word meaning. For datasets
dedicated to the linguistic factors described in Sec-
tion 2, refer to Table 2 in the Appendix. The most
obvious clues come from real, spontaneous interac-
tions where a speaker explicitly signals a problem
with a word used in a conversation (Section 3.1).
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Non-dialogical types of data exposing word usage
or comprehension differences between speakers are
presented in Sections 3.2 and 3.3.

3.1 Dialog
When miscommunication happens in dialog, if it
is detected, it can be addressed by means of repair
strategies, such as rephrasing or asking for clarifi-
cation (Purver et al., 2003; Pickering and Garrod,
2004). While some datasets on clarification ques-
tions (Xu et al., 2019; Aliannejadi et al., 2019;
Kumar and Black, 2020) and repair strategies exist
(Rasenberg et al., 2022), they are rarely dedicated
to problems with word meaning.

The most relevant work is on word meaning
negotiation (WMN) in dialog, both in language
learning settings (Varonis and Gass, 1985) as well
as in online discussions (Myrendal, 2019). WMN
can be understood as a case of conversational re-
pair targeting the meaning of a specific word occur-
rence. WMN instances typically have three parts:
a trigger (the PWU), an indicator (the turn signal-
ing a clarification request or an objection), and
the meaning negotiation, which is a metalinguistic
discussion where speakers explicitly discuss the
meaning of the trigger word (Varonis and Gass,
1985; Myrendal, 2015). Myrendal (2015) distin-
guishes two types of WMN: those which arise from
an incomplete understanding and those caused by
a disagreement about how someone has used a
word. Currently, only one dataset with WMN an-
notations exists: the NeWMe corpus (Garí Soler
et al., 2025a). NeWMe contains over 600 WMNs
and related phenomena, coming from both oral and
online conversations and involving a PWU. This
kind of data can shed light on more aspects and
characteristics of (P)PWUs. For example, in an
analysis of triggers in NeWMe, Noble et al. (2025)
found that disagreement problems tend to involve
abstract terms, while understanding issues are more
often linked to concrete terms. However, the data
remains scarce; given the variety of PPWUs, more
annotations covering a wider range of conversa-
tional situations are needed for their study.

3.2 Monolog
In monolog-like text, due to the absence of feed-
back, it is typically harder to anticipate what parts
of the discourse may be unclear. In fact, speak-
ers tend to overestimate their interlocutor’s under-
standing (Keysar and Henly, 2002). Collaborative
writing environments like Wikipedia, where texts

are revised and edited by multiple authors, pro-
vide however a useful testbed to investigate prob-
lematic language use, by highlighting what can
be improved in the original text. The wikiHow-
ToImprove dataset (Anthonio et al., 2020) contains
2.7 million sentences with their revisions. The ad-
vantage of wikiHow compared to other sources of
revision histories like Wikipedia (Faruqui et al.,
2018) or news (Spangher et al., 2022) is that, in
the former, modifications are more likely to be lin-
guistically motivated instead of updating factual
knowledge or providing additional information.

In this kind of interactive setting, PPWUs can be
studied through word replacements. For example,
Anthonio and Roth (2020) investigate noun substi-
tutions in wikiHowToImprove. The fact that a word
is replaced, however, is not evidence of it being a
PWU: modifications are not always of a seman-
tic nature (e.g., misspelling corrections), and only
about 70% of revised versions in the dataset were
judged to be improvements. Indeed, revisions may
introduce vandalism, serve to just improve general
textual coherence, or simply reflect the editor’s per-
sonal lexical choice preferences (e.g., replacing
start with begin). A dataset of word replacements
annotated to indicate whether they constitute a se-
mantic improvement is currently missing. Other
kinds of modifications that can provide interesting
data for the study of PPWUs are specific kinds of
word insertions that clarify a word usage, such as
completions of underspecified noun phrases (tank
→ goldfish tank) (Roth et al., 2022).

Finally, another useful kind of data could be
obtained by directly asking annotators to mark, in
a text, the word usages that they do not understand.

3.3 Signals from annotator disagreement
We can also find evidence of PWUs in cases of
low inter-annotator agreement in semantic annota-
tions at the word level. For example, in datasets
where multiple people annotated senses (Jurgens
and Klapaftis, 2013) or word usage similarity (Erk
et al., 2009, 2013; Schlechtweg et al., 2021, 2025).
Disagreement can be due to multiple reasons, such
as inadequacy of the labels, but it can also point
to the difficulty and subjectivity of the task (Plank,
2022), unveiling ambiguous, unclear or underspec-
ified word usages. A tendency for a word to have
lower levels of agreement can indicate a vaguer
meaning (McCarthy et al., 2016) or other word
characteristics that hinder its comprehension.

Low intra-annotator (Abercrombie et al., 2023)
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agreement is also worth exploring. Schober (2005)
found evidence of “conceptual misalignment” (i.e.,
speakers having different mental representations of
words) in surveys: Respondents taking the same
survey twice were more likely to change their an-
swers when provided with clarifications such as
word definitions in the second iteration. This shows
that there had been a misunderstanding the first
time around. However, this kind of data is expen-
sive to obtain and it requires formulating hypothe-
ses about the words that are likely to be misunder-
stood.

4 Methods

We present here metrics, tools, features and meth-
ods that can be useful for PPWU prediction, for
example because they have been shown to correlate
with, or help predict, factors linked to PPWUs. We
do not discuss supervised models tailored to the
specific NLP tasks.

4.1 Language Model-derived measures
Language models (LMs) are trained with large
amounts of text and can provide a measure of the
likelihood of sentences or of words in context. Dif-
ferent LM-derived measures can be used to esti-
mate the predictability of a word.

One commonly used measure is word surprisal,
calculated as the negative log probability of a word
occurrence. Surprisal theory (Hale, 2001) states
that the cognitive effort required to process a word
is proportional to its surprisal. This relationship has
been largely studied, and surprisal has been found
to be a generally good predictor of words’ reading
times (RT) (Smith and Levy, 2013; Goodkind and
Bicknell, 2018); although it seems to better reflect
RTs of lower verbal intelligence profiles (Haller
et al., 2024). The choice of LM, however, is an im-
portant one. Surprisal values from large LMs with
lower perplexities provide worse RT estimations
than smaller models (Oh and Schuler, 2023).9

Another LM-derived measure is entropy. While
surprisal is a measure of how unexpected a given
word is in its context, entropy is calculated on
the probability distribution over the vocabulary, el-
licited by the preceding context of a specific word
position. It can be interpreted as the difficulty of
predicting the continuation of a context. Pimentel
et al. (2023) use entropy as an operationalization of

9The authors hypothesize that this is due to the vastly larger
amount of training data compared to what humans are exposed
to.

anticipation and find that it can be a better predictor
of RTs than surprisal.

One limitation of these measures for PPWU de-
tection is that they are not only sensitive to (some)
semantic anomalies but also to misspellings and
syntactic deviations. One promising first step to-
ward solving this problem, so far at the text level, is
the contrastive perplexity score (Todd et al., 2020).
The difference in perplexity between two LMs (one
of which has been fine-tuned on a specific domain)
gives information about the nature of the anomaly
found (i.e., semantic vs non-semantic).

4.2 Word vector representations
Vector representations of words have been used
for a long time in NLP. Static representations from
Vector Space Models or word2vec (Mikolov et al.,
2013), where a word is assigned a unique vec-
tor, have been shown to reflect multiple aspects
of words’ semantics. For instance, they can be
used for identifying synchronic and diachronic lex-
ical variation (Hamilton et al., 2016; Schlechtweg
et al., 2019; Gonen et al., 2020), idioms (Peng
and Feldman, 2017), hypernyms (Santus et al.,
2014) and, in their multilingual form, false friends
(Palmero Aprosio et al., 2020) (Section 2.1).

Contextualized word embeddings from
Transformer-based language models like BERT
(Devlin et al., 2019) additionally allow to represent
word semantics at the token level and obtain good
results on context-sensitive tasks (Section 2.2)
such as novel metaphor detection (Pedinotti et al.,
2021) and WSD (Wiedemann et al., 2019). The
similarity between a target word and its context
has been used to predict eye-tracking features
(Salicchi et al., 2023). At the same time, these
representations have been shown to encode rich
out-of-context lexico-semantic information, such
as a word’s polysemy level, intensity, complexity
and figurativeness (Garí Soler and Apidianaki,
2020; Xypolopoulos et al., 2021; Lyu et al., 2023).

4.3 Cognitive and neurolinguistic measures
Although costly to obtain, psycholinguistic and
neurolinguisic data at the word level, as measured
through eye-tracking and electroencefalography
(EEG), can also help identify PPWUs. See Table 2
for datasets annotated with related metrics.

Longer eye fixations and reading times are typi-
cally interpreted as an indication of higher cogni-
tive load (Just and Carpenter, 1980; Kintsch et al.,
1975). Some eye tracking-derived measures, such
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as gaze duration and first fixation duration, are af-
fected by word frequency and predictability (Inhoff,
1984). Ambiguity also plays a role: Eye fixation
times are longer on ambiguous words which have
equally likely meanings (Rayner and Duffy, 1986)
or for which previous context instantiated a less
frequent meaning (Sereno et al., 1992).

The N400 is an event-related potential signal in
the brain consisting of a negative peak occurring
about 400 milliseconds after a stimulus. It has been
observed as a reaction to all sorts of semantically
surprising input (Kutas and Hillyard, 1980; Kutas
and Federmeier, 2011). Marked N400 waves have
also been found in the processing of metaphorical
language (Coulson, 2008). N400 has been shown
to reflect word predictability modeled as LM sur-
prisal (Michaelov et al., 2024), and evidence from
joke processing shows that it is also sensitive to
semantic plausibility operationalized as the similar-
ity of a word with its preceding context (Xu et al.,
2024). However, thematic role violations (e.g., be-
tween a verb and its argument: “Every morning
at breakfast the eggs would eat...”) seem to ellicit
instead a P600 effect, typically linked with syntac-
tic violations and ambiguities, but no N400 effect
(Kuperberg, 2007).

4.4 Linguistic features
The earliest approaches to solving the NLP tasks
presented in Section 2 often relied on different
kinds and combinations of carefully selected lin-
guistic features. For example, frequency measures
(raw, comparative, or diachronic) can be useful
for neologism detection (Garcia-Fernandez et al.,
2011) and terminology extraction (Rigouts Terryn
et al., 2020). PoS and syntactic features have been
used to predict disagreement in sense annotations
(Martínez Alonso et al., 2015). In lexical complex-
ity prediction, multiple statistical, formal and psy-
cholinguistic features (e.g., word length and con-
creteness) are also often used (Desai et al., 2021).
Ngram information can be employed for neologism
(Falk et al., 2014) and code-switching detection
(Kevers, 2022), and word co-occurrence informa-
tion for semantic content quantification (Herbelot
and Ganesalingam, 2013). Finally, information on
words’ selectional preferences has been helpful for
metaphor detection (Haagsma and Bjerva, 2016).

4.5 Other approaches
While it is not possible to present all existing
methods here, there are other, less widespread ap-

proaches that are worth mentioning. For example,
the uncertainty of automatic sense annotations
from WSD models (Liu and Liu, 2023) can be used
to find ambiguous word usages as well as to iden-
tify words with a tendency to present disambigua-
tion difficulties. Anomaly or outlier detection
methods, although they are most often applied to
texts and not at the word level (Ruff et al., 2019;
Arora et al., 2021), have been used to detect novel
as well as figurative and metaphoric word usages
(Sasaki and Shinnou, 2012; Bejan et al., 2023) and
idioms (Feldman and Peng, 2013). Topic model-
ing has been used for novel word sense detection
(Lau et al., 2014) and idiom detection (Peng et al.,
2014); and sentiment analysis can be useful for
controversial topic detection (Choi et al., 2010).
There has also been work evaluating the ability of
generative Large LMs to detect ambiguities, not re-
stricted to lexical ones (Liu et al., 2023); but LLMs’
effectiveness to detect different kinds of PPWUs
remains unexplored.

5 Open Directions and Challenges

As we have shown, there is a substantial amount of
work on detecting individual phenomena or word
characteristics associated with PPWUs. For the
study of communicative success and failure, as well
as for the outlined applications of PPWU detection,
we argue that it is worth aspiring to address PPWUs
in their full diversity, encompassing the multiple
factors presented, but no such approach currently
exists.10 The present survey aims to provide an
initial overarching perspective that sets the ground
for future work.

One key reason for the lack of a comprehensive
approach is the complexity and the varied na-
ture of PPWUs. The most effective solution may
involve a combination of multiple approaches tai-
lored to specific purposes, audiences, situations,
or PPWU types. A big gap preventing progress is
the scarcity of large, good-quality datasets an-
notated with real PWUs. Annotation of WMNs
is helpful but costly; recent efforts striving toward
their semi-automatic annotation (Garí Soler et al.,
2025b) will contribute to a better understanding
of the characteristics of PWUs and their rate of

10Lexical complexity prediction is closely related, but it
has a narrower scope. It typically focuses on concept-related
difficulties that can cause non-understanding. Our definition
of PPWUs is broader and more context-dependent, including
usages that cause confusion and disagreement, and considers
phenomena such as humor, ambiguity, and lexical errors.
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occurrence, and will provide more data that could
eventually serve to train models for (P)PWU detec-
tion. Existing metrics and methodology (Section
4) typically address a particular phenomenon, but
it is not always clear what kinds of PPWUs they
may detect, which ones they may fail to capture,
and what kind of false positives they may propose.
For example, LM-derived measures can find un-
expected usages of words, which is practical for,
e.g., lexical error detection, but would probably not
be useful to identify contextual underspecification
problems.

Another difficulty lies in the subjectivity of PP-
WUs. As mentioned in Section 1, what constitutes
an actual PWU depends on various characteristics
of both the speaker and the listener, such as their
age, language proficiency, and any potential lan-
guage impairments or pathologies. It is therefore
important to take annotator characteristics into ac-
count when collecting data for PPWU detection,
and more data and studies are needed to determine
the types of usages that are problematic for each
type of audience. Differences are not necessarily
restricted to specific groups – individual variation
can occur even within a community, such as among
language learners (Degraeuwe and Goethals, 2024).
While the individual component should not be ne-
glected, and it may be desirable to restrict the scope
to usages problematic for a specific population, it
is also possible to identify usages that are problem-
atic across communities. Such usages may involve
errors, underspecification, or jokes; where the issue
comes from the production side and depends less
on the listener’s characteristics.

Unsignaled PPWUs present an additional chal-
lenge. Not all PPWUs result in communication
breakdowns: Many misunderstandings and dis-
agreements are not signaled, either because they go
undetected or because they do not pose a real prob-
lem to continue communication. A consequence of
this is that when collecting evidence of PPWUs in
conversation, an undetermined number of PPWUs
are prone to be overlooked. Identifying keywords
within a dialog may help determine the words that
are critical for the conversation to move forward.
In a conversational system, this could help restrict
the words for which clarification is needed. It is
possible that PPWUs worthy of being signaled are
more likely to be located in the parts of utterances
that introduce new information (i.e., the comment,
rather than the topic or theme, in information struc-
ture (Lambrecht, 1994)).

Although the perspective proposed here is in-
tended to be language-independent, there may also
be language- and culture-specific causes of PP-
WUs, and ways of adapting metrics and tools to
specific languages. Whether a PPWU is signaled
in a conversation may have a cultural component
and be influenced by different politeness norms, po-
tentially causing differences in the frequency with
which they are observed across languages.

6 Conclusion

We have introduced the notion of Potentially Prob-
lematic Word Usages (PPWUs) and reviewed work
from various disciplines to provide a comprehen-
sive perspective of related linguistic factors, meth-
ods for their detection, and the kinds of data that
can be used for their study. We have also discussed
challenges to take into account when working with
PPWUs, and identified areas for future work.

PPWUs are a complex and understudied phe-
nomenon. They are affected by multiple factors,
both linguistic (word and contextual properties)
and non-linguistic (e.g., interlocutor characteris-
tics and differences between them). More work is
needed to broaden our understanding of PPWUs,
their underlying causes and their prevalence, but
datasets containing evidence of miscommunication
due to specific word usages are scarce.

One of our long-term goals is to develop meth-
ods aimed at capturing PPWUs in their many forms,
rather than focusing on just one subtype. With this
work, we have laid out a framework organizing
existing knowledge and methods, pointing out the
diversity of problems that must be considered when
tackling PPWUs, in order to serve as a stepping
stone for future research on this multifaceted phe-
nomenon.

Limitations

While we have made an effort to provide a com-
prehensive and cross-disciplinary overview of phe-
nomena, datasets and approaches relevant to the
study of problematic word usages, some relevant
works may have been missed. Even regardless of
the methodology for bibliography search, however,
this survey cannot be fully exhaustive. For instance,
we have identified and presented discrete factors
associated with PPWUs, but word usages can be
problematic due to other idiosyncratic reasons that
may be hard to classify and detect (see last row
of Table 1 for an example). Moreover, it remains
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unclear how often each of the presented factors
actually leads to a PWU.

In this paper, partly due to space constraints, we
have chosen to give only a high-level overview of
the different research directions that need to be ex-
plored for studying PPWUs. Our primary goal was
to establish a conceptual and empirical foundation
for the study of PPWUs, which required an exten-
sive synthesis of prior work. While we point to
several avenues for future research, taking the first
concrete steps, such as carrying out corpus-based
studies that could propose a complete typology of
PPWUs, is left for future work.

Finally, we acknowledge that, if taken naively,
the definition of PPWUs is very broad and many
words in a text could be considered to be “po-
tentially problematic.” However, this is precisely
why we argue that PPWU identification must be
audience- and context-sensitive. Bringing these
factors together under a single perspective is cru-
cial, because in real-life interaction, problems may
arise from different sources, and effectively deter-
mining the underlying cause requires considering
them jointly.
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Cause Example Source
Low frequency Yes, I am a byword to them. Shardlow et al. (2020)

Neologism

– I, yeah, I-m, yeah, I do aerobics, uh, step classes and, uh
– Step classes?
– toning classes, yes.
(At the time of speaking, 1992, stepping classes were a new concept)

Godfrey et al. (1992);
Garí Soler et al. (2025a)

Lexical variation
chips denotes different things in UK and American English, and lorry is
mainly exclusively used in the UK.

Complex meaning

It is unlikely that morphological changes during development led to
impairment of spatial learning and motor coordination, and morphological
alterations in the cytoarchitecture of the hippocampus and cerebellum were
not observed (...)

Shardlow et al. (2020)

Vagueness

– Do you genuinely believe that the less palatable parts of TRP [The Red Pill]
are less effective than the positive parts?
– You’ll have to define “effective” for me and give me a specific example or
two (...). Many forms of abuse, manipulation, and deception might be
described as “effective”, depending on what your goal is and whether or not
you’re a psychopath.

Tan et al. (2016);
Garí Soler et al. (2025a)

Generality

– I wonder what kind of care you get when you’re hospitalised for
appendicitis, gallstone, ileus, inflammation of the pancreas or inflammation of
the intestines. (...)
– What do you mean by care? I was brought medicine and received help with
mixing the nutritional drink which was replacing food during the time my
intestines were resting. When I started feeling better and could move around I
had to fix that myself.

Myrendal (2015)

Connotatively loaded
term

– (...) agnosticism postulates that the existence or nonexistence of god is
beyond our knowledge or ability to gather it. (...)
– Not necessarily, or in most cases. Agnosticism argues that it is not possible
at a given moment in time to know absolutely, but then we don’t know
anything absolutely. Moreover, that that’s ok, we’ll work with what we have.
(...)
– (...) That’s kind of a flimsy sort of agnosticism (...)

Tan et al. (2016);
Garí Soler et al. (2025a)

False friend
We usually go to a magazine to buy milk.
(Russian магазин (magazin) or French magasin mean shop, store)

Yaylaci and Argynbayev
(2014)

Partial cognate
English blank and its equivalent in several Romance languages (ES: blanco,
FR: blanc, PT: branco, IT: bianco, CA: blanc). They can both mean empty but
the Romance versions also mean white.

Domínguez and Nerlich
(2002)

Cross-linguistic
inequivalence

Russian форточка (fortochka), a specific kind of small window for
ventilation common in post-Soviet states.

Pavlenko (2009)

Word from another
language

– (...) the truth is that I don’t know what the gringo fandom is like (...)
– (...) Not sure what you mean by gringo (...)
– Oh JAJFJWJF SORRY- “gringo” is a way that people who speak spanish
refer to people who speak english (...)

Noble et al. (2021)

Ambiguity or
contextual
underspecification

Rooms are classically decorated and warm Jurgens (2014)

Ambiguity or
contextual
underspecification

– (...) I enjoy working on my car (...)
(...)
– Oh I thought you meant “working on my car” as in polishing it and keeping
it in super condition as a hobby, not as in “occasional repairs”.

Tan et al. (2016);
Garí Soler et al. (2025a)

Novel sense The use of bet to mean yes
Metaphor Westerns have a gladiatorial, timeless quality. Do Dinh et al. (2018)
Lexical error Choose which charter you want to be . (correction: character) Anthonio et al. (2020)

Rare sense
– Anyone who has a link to a dirty Win7 download?
– What do you mean by dirty?
– What I meant by ‘dirty’ was an illegal copy of the operating system.

Myrendal (2015)

Vandalism
First , make sure your hamster is familiar with your scent and your poop .
(original word: “voice”)

Anthonio and Roth
(2020)

Semantic plausibility /
contradiction

i understand. i am not sure if i can afford a babysitter, i am a millionaire Ko et al. (2019)

Unclassified

– (...) True waffles are crisp on the outside and fluffy on the inside (...)
– So the definition of waffle changes based on how long you cook it? I happen
to enjoy my waffles slightly undercooked, does that mean that they are not
waffles?

Tan et al. (2016);
Garí Soler et al. (2025a)

Table 1: Examples of PPWUs.
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Task/Annotation Reference Language Resource name
(if existing)

Lexical Semantic Change

Schlechtweg et al. (2018) DE DURel
Schlechtweg et al. (2020) EN, DE, SV, LA SemEval 2020 Task 1
Basile et al. (2020) IT DIACR-Ita
Rodina and Kutuzov (2020) RU RuSemShift
Kutuzov et al. (2022) NO NorDiaChange
Chen et al. (2023) ZH ChiWUG

Complex Word Identification

Horn et al. (2014) EN

Paetzold and Specia (2016) EN CWI–2016
Yimam et al. (2018) EN, DE, ES CWI–2018
Maddela and Xu (2018) EN Word Complexity Lexicon
Lee and Yeung (2018) EN

Ortiz-Zambranoa and Montejo-Ráezb (2020) ES ALexS
Nishihara and Kajiwara (2020) JA

Shardlow et al. (2021) EN CompLex

Idiomatic Expressions

Haagsma et al. (2020) EN MAGPIE
Korkontzelos et al. (2013) EN SemEval-2013 Task 5
Cook et al. (2008) EN VNC-Tokens
Sporleder et al. (2010) EN IDIX

Term Extraction Rigouts Terryn et al. (2020) EN, FR, NL ACTER
Scalar Adjective Identification Garí Soler and Apidianaki (2021b) EN SCAL-REL
Vague terms Atemezing et al. (2022) EN, FR

False friends and cognates Palmero Aprosio et al. (2020) IT-{EN,FR,DE,ES}
Bilingual Lexicon Induction Pavlick et al. (2014) 100 languages

Code-switching

Solorio et al. (2014)
MSA-DA, EN-ES,
EN-ZH, EN-NE

Molina et al. (2016) MSA-DA, EN-ES

Kevers (2022) CO-FR BDLC
Nayak and Joshi (2022) HI-EN L3Cube-HingCorpus

Novel Word Sense Detection Cook et al. (2014) EN BNC-ukWaC & SiBol/Port
Metaphor Detection Steen et al. (2010) EN VUAMC
Novel Metaphor Detection Do Dinh et al. (2018) EN

Self-paced reading times Smith and Levy (2013) EN Brown Corpus
Self-paced reading times Futrell et al. (2021) EN Natural Stories Corpus
Word-level eye-tracking Kennedy et al. (2003) EN Dundee Corpus
Word-level eye-tracking Luke and Christianson (2018) EN Provo Corpus
N400 Toffolo et al. (2022) EN

Table 2: Selection of datasets annotated with linguistic information relevant for PPWUs.
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Figure 1: Factors associated with PPWUs and related NLP tasks, with examples.
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