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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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ChengyuSTS: An Intrinsic Perspective on Mandarin Idiom Representation
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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
DeepSeck for reference !

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 {3 (chengyu), which lit-

Correspondence: lani.qiu@connect.polyu.hk

'Data and code are available upon https://github.com
/Laniqiu/ChengyuSTS.
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[EE:GA7

to draw a snake and add feet to it

Literal:

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: EHER 2. 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 [H]
(to draw) B¢ (snake) % (to add) f& (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
({875, liyu), sayings ({47, suyu), proverbs (IZ1&,
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).

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


https://github.com/Laniqiu/ChengyuSTS
https://github.com/Laniqiu/ChengyuSTS

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. 1d-
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-Al, 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

MWESs, 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 Schiitze, 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).



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. Skvorc 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), AStitchln-
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 Klubicka 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



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 pair P(S, A.), where
S is the original sentence, A, 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, A;) and
P(A., A;), where A; 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.

Sim(S, Ae) ~ 1;
€10C G (8, Ap) ~ Sim(Aey A)

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 Dictionary?, 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 fB7EVEFHHE| T «
YRR XA o (He used the word of "hua
she tian zu" in his speech.), the idiom EHE7S /E 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


https://github.com/pwxcoo/chinese-xinhua.git

S A

Ay Expectation

It’s a blood bath. It’s a massacre.

It’s a sanguine fluid bath. Sim(S, A.) = 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.

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
El ELRERIEL, KEPRIREEAZRTE) . | BELRREHIEE, KEPHREH(ZL M) -
Passengers on the bus were killed in the crash, while the | Passengers on the bus were killed in the crash, while the
passengers on the train were {safe and sound). passengers on the train were {completely unscathed).
- X (A=), MATHTEM - XEEHE (L H B}, MATHTEMN -
These regulations are {full of chop and change}, leaving | These regulations are {consistently changing}, leaving
people at loss. people at loss.
E3 PREALIZAN (FEAAZR L Y O B PR 1 AN 2L IREUX A (B ZR L — RS E ) B R N2
You will disturb this zodiac that is {unshakable as You will disturb this zodiac that is {as solid as Mount
Mount Thai). 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 Al. 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 Al besides reducing the annotation work-
load, brings more diversity to the process, thanks
to its stochasticity.

Initially, ChatGPT (OpenAl, 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 Al-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 DS Z > FMEZ (in brief); L3S 4]
-> A8 (being respectful); H5 H 3f-> [E2 B ¥
(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
etal.,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



X LU A R BE R TS . RERFFAITREMENAZE, HRFHE FRAITIBEIER

B9k .

A8y

BF: MBI, WA 2 LA E

Idiom: Xf4-3HEE

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: X435 (10 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
man sz S 555 (i
Dev 1,219 a%?? 358195 ?1’?(?(?6)
Test 1,153 a%%% ?é%()) ?{?(?59)
All 3,452 (1227 é%z(; (132,’28807?3 (265 ’17455)

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, A;) or (A, A;).

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-
darin®:

¢ Chinese-SBERT .,,.,;: 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.

*Model 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.


https://huggingface.co/uer/sbert-base-chinese-nli
https://huggingface.co/DMetaSoul/sbert-chinese-general-v2
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v1
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/hellonlp/simcse-roberta-large-zh
https://huggingface.co/hellonlp/promcse-bert-large-zh
https://huggingface.co/hellonlp/promcse-bert-large-zh

S

Ac A; sim
El AWM Z Y, [ | BOMA(—KTZY, B | BRMA{AEALE), F
Wt B 154 PR AR | Wt 154 WO AR AE | Bt 1545 W A FR AR Rl
Some netizens {brushed it | Some netizens {laughed it | Some netizens {couldn’t
off with a smilej, while 15 | off}, while 15 others re- | stop laughing}, while 15 oth-
others responded actively... | sponded actively... ers responded actively...
XA HEEFREEAKR | X4 TLEE A e R AR
2 e ) Em ) 0
B2 | HEngmBUASE(ESR | AR 0BOAEERR I
Mt} e ) -
This scandal could {bring | This scandal could
an abrupt end to} what was | {abruptly interrupt} what
once a highly promising po- | was once a highly promis-
litical career. ing political career.
E3 PN Z =N S N, RELMLEEH 0.0

EROE, FUngiER
i -
However, most white horses

have pink skin, and some
have blue eyes.

TR RN — L RS -

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 A. share the same translation, and the translation for its incorrect paraphrase A;
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, A;) and (A., A;).

S A
FRHEEHNTE 2B E M S KB (e R HIN B TR RHNTE 2B E M S R B (SE R A SR
El EWEMREITR - M H TR -

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.

- WRRAE 45— A T T (R HIEIT -

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

generation.

PFERIIERE 8 —(CNE N T (A2 RER R AL} B[ -
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.€., 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-SBERT yenerar  37.90 42.32
XLM-SBERT 10.59 3221
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-Al, 2025), a more
recent and advanced LLLM that has outperformed
other LLMs, including GPT-40 (OpenAl, 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



dissimilarity and 1 perfect similarity.’

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 h; denotes the representation of sam-
ple x;, sim(hq, h2) the cosine similarity between
h1 and ho, and 7 is a temperature hyperparameter.

sim(hi,h;r)
log e /T

N sim(hg,hT)/T sim(h;,h;)/T &)
Ve DI 4e 2%

The key aspect of this approach is to construct
a triplet (z;, z;", z; ) for instance x;, where x" is
semantically similar to x; and x; is dissimilar. In
our experiments, we used the correctly paraphrased
instances of x; as positive samples azj, and their
incorrect paraphrases as negative samples z; . If
an xj is unavailable, we duplicate x; as its positive
sample and in the case of a missing ;" , 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

>We 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-funing 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 100M’) 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-

®Model keys on the Hugging Face Hub (sorted in chrono-
logical order): bert-base-chinese, chinese-bert-wwm-ext,

chinese-roberta-wwm-ext, and chinese-xInet-base.
"Information obtained by using the Transformers library.


https://huggingface.co/google-bert/bert-base-chinese
https://huggingface.co/hfl/chinese-bert-wwm-ext
https://huggingface.co/hfl/chinese-roberta-wwm-ext
https://huggingface.co/hfl/chinese-xlnet-base

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.

Acknowledgements

EC was supported by a GRF grant from the Re-
search Grants Council of the Hong Kong Special
Administrative Region, China (Project No. PolyU
15612222). AV was partly supported by MRC-
FAPESP AIM-Health project.

Ethical Considerations

The datasets and codes used in the study are pub-
licly available, and we strictly followed the terms
of use specified by their original providers. The
annotators were provided with informed consent
and were allowed to withdraw freely. Al tools were
used in compliance with API terms, with no sensi-
tive data exposure.

References

Pranav A, Yan Cong, Emmanuele Chersoni, Yu-Yin Hsu,
Alessandro Lenci, et al. 2024. Comparing static and
contextual distributional semantic models on intrinsic
tasks: An evaluation on mandarin chinese datasets.
In Proceedings of LREC-COLING.

Eneko Agirre, Carmen Banea, Daniel Cer, Mona Diab,
Aitor Gonzalez Agirre, Rada Mihalcea, German
Rigau Claramunt, and Janyce Wiebe. 2016. Semeval-
2016 task 1: Semantic textual similarity, monolingual
and cross-lingual evaluation.

Anthropic. 2024. Claude 3.5 sonnet model card adden-
dum.

Roberto Ascari, Anna Giabelli, Lorenzo Malandri,
Fabio Mercorio, and Mario Mezzanzanica. 2024.
A fistful of vectors: a tool for intrinsic evalua-

tion of word embeddings. Cognitive Computation,
16(3):949-963.

Amir Bakarov. 2018. A survey of word em-
beddings evaluation methods.  arXiv preprint
arXiv:1801.09536.

Timothy Baldwin and Su Nam Kim. 2010. Multiword
expressions. Handbook of natural language process-
ing, 2:267-292.

Rhys Biddle, Aditya Joshi, Shaowu Liu, Cecile Paris,
and Guandong Xu. 2020. Leveraging sentiment dis-
tributions to distinguish figurative from literal health
reports on twitter. In Proceedings of the web confer-
ence 2020, pages 1217-1227.

Ondfej Bojar, Christian Federmann, Mark Fishel, Yvette
Graham, Barry Haddow, Matthias Huck, Philipp
Koehn, and Christof Monz. 2018. Findings of the
2018 conference on machine translation (WMT18).
In Proceedings of the Third Conference on Machine
Translation: Shared Task Papers, pages 272-303,
Belgium, Brussels. Association for Computational
Linguistics.

Tom B Brown. 2020. Language models are few-shot
learners. arXiv preprint arXiv:2005.14165.

Cristina Cacciari. 2014. Processing multiword id-
iomatic strings: Many words in one? The Mental
Lexicon, 9(2):267-293.

Daniel Cer, Mona Diab, Eneko Agirre, Inigo Lopez-
Gazpio, and Lucia Specia. 2017. Semeval-2017
task 1: Semantic textual similarity-multilingual and
cross-lingual focused evaluation. arXiv preprint
arXiv:1708.00055.

Tuhin Chakrabarty, Yejin Choi, and Vered Shwartz.
2022. It’s not rocket science: Interpreting figurative
language in narratives. Transactions of the Associa-
tion for Computational Linguistics, 10:589-606.


https://www-cdn.anthropic.com/fed9cc193a14b84131812372d8d5857f8f304c52/Model_Card_Claude_3_Addendum.pdf
https://www-cdn.anthropic.com/fed9cc193a14b84131812372d8d5857f8f304c52/Model_Card_Claude_3_Addendum.pdf
https://doi.org/10.18653/v1/W18-6401
https://doi.org/10.18653/v1/W18-6401

Billy Chiu, Anna Korhonen, and Sampo Pyysalo. 2016.
Intrinsic evaluation of word vectors fails to predict
extrinsic performance. In Proceedings of the Ist
workshop on evaluating vector-space representations

for NLP, pages 1-6.

Yiming Cui, Wanxiang Che, Ting Liu, Bing Qin, Shijin
Wang, and Guoping Hu. 2020. Revisiting pre-trained
models for Chinese natural language processing. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: Findings,
pages 657-668, Online. Association for Computa-
tional Linguistics.

Yiming Cui, Wanxiang Che, Ting Liu, Bing Qin, Ziqging
Yang, Shijin Wang, and Guoping Hu. 2019. Pre-
training with whole word masking for chinese bert.
arXiv preprint arXiv:1906.08101.

Verna Dankers, Christopher Lucas, and Ivan Titov. 2022.
Can transformer be too compositional? analysing id-
iom processing in neural machine translation. In
Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 3608-3626.

DeepSeek-Al. 2025. Deepseek-rl: Incentivizing rea-
soning capability in llms via reinforcement learning.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. arXiv preprint arXiv:1810.04805.

Yicheng Fu, Zhemin Huang, Liuxin Yang, Yumeng Lu,
and Zhongdongming Dai. 2025. Chengyu-bench:
Benchmarking large language models for chinese
idiom understanding and use.

Jun Gao, Di He, Xu Tan, Tao Qin, Liwei Wang, and Tie-
Yan Liu. 2019. Representation degeneration problem

in training natural language generation models. arXiv
preprint arXiv:1907.12009.

Tianyu Gao, Xingcheng Yao, and Danqi Chen. 2021.
Simcse: Simple contrastive learning of sentence em-
beddings. arXiv preprint arXiv:2104.08821.

Marcos Garcia, Tiago Kramer Vieira, Carolina Scarton,
Marco Idiart, and Aline Villavicencio. 2021a. As-
sessing the representations of idiomaticity in vector
models with a noun compound dataset labeled at type
and token levels. In Proceedings of the 59th Annual
Meeting of the Association for Computational Lin-
guistics and the 11th International Joint Conference
on Natural Language Processing (Volume 1: Long
Papers), pages 2730-2741, Online. Association for
Computational Linguistics.

Marcos Garcia, Tiago Kramer Vieira, Carolina Scar-
ton, Marco Idiart, and Aline Villavicencio. 2021b.
Probing for idiomaticity in vector space models. In
Proceedings of the 16th conference of the European
Chapter of the Association for Computational Lin-
guistics, pages 3551-3564. Association for Compu-
tational Linguistics (ACL).

10

Hessel Haagsma, Johan Bos, and Malvina Nissim. 2020.
Magpie: A large corpus of potentially idiomatic ex-
pressions. In 12th Language Resources and Evalua-
tion Conference: LREC 2020, pages 279-287. Euro-
pean Language Resources Association (ELRA).

Kazuma Hashimoto and Yoshimasa Tsuruoka. 2016.
Adaptive joint learning of compositional and non-
compositional phrase embeddings. In Proceedings
of the 54th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 205-215, Berlin, Germany. Association for
Computational Linguistics.

Wei He, Marco Idiart, Carolina Scarton, and Aline
Villavicencio. 2024a. Enhancing idiomatic rep-
resentation in multiple languages via an adap-
tive contrastive triplet loss. arXiv preprint
arXiv:2406.15175.

Wei He, Tiago Kramer Vieira, Marcos Garcia, Car-
olina Scarton, Marco Idiart, and Aline Villavicencio.
2024b. Investigating idiomaticity in word representa-
tions. Computational Linguistics, pages 1-48.

Hai Hu, Kyle Richardson, Liang Xu, Lu Li, Sandra
Kiibler, and Lawrence S Moss. 2020. Ocnli: Original
chinese natural language inference. arXiv preprint
arXiv:2010.05444.

Yuxin Jiang, Linhan Zhang, and Wei Wang. 2022. Im-
proved universal sentence embeddings with prompt-
based contrastive learning and energy-based learning.
arXiv preprint arXiv:2203.06875.

Zhiying Jiang, Boliang Zhang, Lifu Huang, and Heng
Ji. 2018. Chengyu cloze test. In Proceedings of
the Thirteenth Workshop on Innovative Use of NLP
for Building Educational Applications, New Orleans,
Louisiana. Association for Computational Linguis-
tics.

Filip Klubic¢ka, Vasudevan Nedumpozhimana, and
John D Kelleher. 2023. Idioms, probing and danger-
ous things: Towards structural probing for idiomatic-
ity in vector space. arXiv preprint arXiv:2304.14333.

Alessandro Lenci, Magnus Sahlgren, Patrick Jeuniaux,
Amaru Cuba Gyllensten, and Martina Miliani. 2023.
A comparative evaluation and analysis of three gener-
ations of distributional semantic models. Language
resources and evaluation, 56(4):1269-1313.

M Lewis. 2019. Bart: Denoising sequence-to-
sequence pre-training for natural language genera-
tion, translation, and comprehension. arXiv preprint
arXiv:1910.13461.

Bing Li, Xiaochun Yang, Bin Wang, Wei Wang, Wei
Cui, and Xianchao Zhang. 2018a. An adaptive hier-
archical compositional model for phrase embedding.
In IJCAI, pages 4144-4151.

Bohan Li, Hao Zhou, Junxian He, Mingxuan Wang,
Yiming Yang, and Lei Li. 2020. On the sentence em-
beddings from pre-trained language models. arXiv
preprint arXiv:2011.05864.


https://www.aclweb.org/anthology/2020.findings-emnlp.58
https://www.aclweb.org/anthology/2020.findings-emnlp.58
http://arxiv.org/abs/2501.12948
http://arxiv.org/abs/2501.12948
https://doi.org/10.48550/arXiv.2506.18105
https://doi.org/10.48550/arXiv.2506.18105
https://doi.org/10.48550/arXiv.2506.18105
https://doi.org/10.18653/v1/2021.acl-long.212
https://doi.org/10.18653/v1/2021.acl-long.212
https://doi.org/10.18653/v1/2021.acl-long.212
https://doi.org/10.18653/v1/2021.acl-long.212
https://doi.org/10.18653/v1/P16-1020
https://doi.org/10.18653/v1/P16-1020
https://doi.org/10.18653/v1/W18-0516

Minglei Li, Qin Lu, Dan Xiong, and Yunfei Long.
2018b. Phrase embedding learning based on external
and internal context with compositionality constraint.
Knowledge-Based Systems, 152:107-116.

Shuang Li, Jiangjie Chen, Siyu Yuan, Xinyi Wu, Hao
Yang, Shimin Tao, and Yanghua Xiao. 2024. Trans-
late meanings, not just words: Idiomkb’s role in opti-
mizing idiomatic translation with language models.
In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 38, pages 18554—18563.

Pengfei Liu, Kaiyu Qian, Xipeng Qiu, and Xuan-Jing
Huang. 2017. Idiom-aware compositional distributed
semantics. In Proceedings of the 2017 conference on
empirical methods in natural language processing,
pages 1204-1213.

Te-hsin Liu and Lily I-Wen Su. 2021. Chinese idioms
as constructions: Frequency, semantic transparency
and their processing. Language and Linguistics,
22(4):558-592.

Xin Liu, Qingcai Chen, Chong Deng, Huajun Zeng,
Jing Chen, Dongfang Li, and Buzhou Tang. 2018.
LCQMC:a large-scale Chinese question matching
corpus. In Proceedings of the 27th International Con-
ference on Computational Linguistics, pages 1952—
1962, Santa Fe, New Mexico, USA. Association for
Computational Linguistics.

Siyu Long, Ran Wang, Kun Tao, Jiali Zeng, and Xinyu
Dai. 2020. Synonym knowledge enhanced reader
for chinese idiom reading comprehension. In Pro-
ceedings of the 28th International Conference on
Computational Linguistics, pages 3684-3695.

Tomas Mikolov. 2013. Efficient estimation of word
representations in vector space. arXiv preprint
arXiv:1301.3781, 3781.

Jeff Mitchell and Mirella Lapata. 2010. Composition
in distributional models of semantics. Cognitive sci-
ence, 34(8):1388-1429.

OpenAl. 2024. Gpt-4o system card.

Jipeng Qiang, Yang Li, Chaowei Zhang, Yun Li, Yi Zhu,
Yunhao Yuan, and Xindong Wu. 2023. Chinese id-
iom paraphrasing. Transactions of the Association
for Computational Linguistics, 11:740-754.

Vikas Raunak, Arul Menezes, Matt Post, and Hany Has-
san. 2023. Do GPTs produce less literal translations?
In Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics (Volume
2: Short Papers), pages 1041-1050, Toronto, Canada.
Association for Computational Linguistics.

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert:
Sentence embeddings using siamese bert-networks.
arXiv preprint arXiv:1908.10084.

Ivan A Sag, Timothy Baldwin, Francis Bond, Ann
Copestake, and Dan Flickinger. 2002. Multiword

11

expressions: A pain in the neck for nlp. In Compu-
tational Linguistics and Intelligent Text Processing:
Third International Conference, CICLing 2002 Mex-
ico City, Mexico, February 17-23, 2002 Proceedings
3, pages 1-15. Springer.

Tobias Schnabel, Igor Labutov, David Mimno, and
Thorsten Joachims. 2015. Evaluation methods for
unsupervised word embeddings. In Proceedings of
the 2015 conference on empirical methods in natural
language processing, pages 298-307.

Marco Silvio Giuseppe Senaldi, Gianluca E Lebani,
and Alessandro Lenci. 2016. Lexical variability and
compositionality: Investigating idiomaticity with dis-
tributional semantic models. In Proceedings of the
ACL Workshop on Multiword Expressions.

Ying Sha, Mingmin Wu, Zhi Zeng, Xing Ge,
Zhonggiang Huang, and Huan Wang. 2023. A
prompt-based representation individual enhancement
method for chinese idiom reading comprehension. In
International Conference on Database Systems for
Advanced Applications, pages 682—698. Springer.

Vered Shwartz and Ido Dagan. 2019. Still a pain in
the neck: Evaluating text representations on lexical
composition. Transactions of the Association for
Computational Linguistics, 7:403-419.

Tadej §kvorc, Polona Gantar, and Marko Robnik-
Sikonja. 2022. Mice: mining idioms with con-
textual embeddings. Knowledge-Based Systems,
235:107606.

Kenan Tang. 2022. Petci: A parallel english transla-
tion dataset of chinese idioms. arXiv e-prints, pages
arXiv—2202.

Harish Tayyar Madabushi, Edward Gow-Smith, Marcos
Garcia, Carolina Scarton, Marco Idiart, and Aline
Villavicencio. 2022. SemEval-2022 task 2: Multilin-
gual idiomaticity detection and sentence embedding.
In Proceedings of the 16th International Workshop
on Semantic Evaluation (SemEval-2022), pages 107—
121, Seattle, United States. Association for Computa-
tional Linguistics.

Harish Tayyar Madabushi, Edward Gow-Smith, Car-
olina Scarton, and Aline Villavicencio. 2021.
AStitchInLanguageModels: Dataset and methods for
the exploration of idiomaticity in pre-trained lan-
guage models. In Findings of the Association for
Computational Linguistics: EMNLP 2021, pages
3464-3477, Punta Cana, Dominican Republic. Asso-
ciation for Computational Linguistics.

Benjamin K Tsou. 2012. Idiomaticity and classical tra-
ditions in some east asian languages. In Proceedings
of the 26th Pacific Asia Conference on Language,
Information, and Computation, pages 39-55.

Yulia Tsvetkov, Manaal Faruqui, and Chris Dyer. 2016.
Correlation-based intrinsic evaluation of word vector
representations. arXiv preprint arXiv:1606.06710.


https://aclanthology.org/C18-1166/
https://aclanthology.org/C18-1166/
https://cdn.openai.com/gpt-4o-system-card.pdf
https://doi.org/10.18653/v1/2023.acl-short.90
https://doi.org/10.18653/v1/2022.semeval-1.13
https://doi.org/10.18653/v1/2022.semeval-1.13
https://doi.org/10.18653/v1/2021.findings-emnlp.294
https://doi.org/10.18653/v1/2021.findings-emnlp.294
https://doi.org/10.18653/v1/2021.findings-emnlp.294

Xinyu Wang, Hongsheng Zhao, Tan Yang, and Hongbo
Wang. 2020. Correcting the misuse: A method for
the chinese idiom cloze test. In Proceedings of Deep
Learning Inside Out (DeeLIO): The First Workshop
on Knowledge Extraction and Integration for Deep
Learning Architectures, pages 1-10.

Mingmin Wu, Yuxue Hu, Yongcheng Zhang, Zeng Zhi,
Guixin Su, and Ying Sha. 2024. Mitigating idiom
inconsistency: A multi-semantic contrastive learning
method for chinese idiom reading comprehension.
In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 38, pages 19243—-19251.

Yinfei Yang, Yuan Zhang, Chris Tar, and Jason
Baldridge. 2019a. PAWS-X: A cross-lingual ad-
versarial dataset for paraphrase identification. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 3687—
3692, Hong Kong, China. Association for Computa-
tional Linguistics.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Car-
bonell, Russ R Salakhutdinov, and Quoc V Le. 2019b.
Xlnet: Generalized autoregressive pretraining for lan-
guage understanding. In Advances in Neural Infor-
mation Processing Systems, volume 32. Curran Asso-
ciates, Inc.

Wenpeng Yin and Hinrich Schiitze. 2014. An explo-
ration of embeddings for generalized phrases. In
Proceedings of the ACL 2014 Student Research Work-
shop, pages 41-47.

Wenpeng Yin and Hinrich Schiitze. 2016. Discrimina-
tive phrase embedding for paraphrase identification.
arXiv preprint arXiv:1604.00503.

Mo Yu and Mark Dredze. 2015. Learning composition
models for phrase embeddings. Transactions of the
Association for Computational Linguistics, 3:227—
242,

Ziheng Zeng and Suma Bhat. 2021. Idiomatic ex-
pression identification using semantic compatibility.
Transactions of the Association for Computational
Linguistics, 9:1546-1562.

Ziheng Zeng and Suma Bhat. 2022. Getting bart to
ride the idiomatic train: Learning to represent id-
iomatic expressions. Transactions of the Association
for Computational Linguistics, 10:1120-1137.

Ziheng Zeng and Suma Bhat. 2023. Unified represen-
tation for non-compositional and compositional ex-
pressions. arXiv preprint arXiv:2310.19127.

Zhe Zhao, Hui Chen, Jinbin Zhang, Xin Zhao, Tao
Liu, Wei Lu, Xi Chen, Haotang Deng, Qi Ju, and
Xiaoyong Du. 2019. Uer: An open-source toolkit for
pre-training models. EMNLP-IJCNLP 2019, page
241.

12

Zhe Zhao, Yudong Li, Cheng Hou, Jing Zhao, et al.
2023. Tencentpretrain: A scalable and flexible toolkit
for pre-training models of different modalities. ACL
2023, page 217.

Chujie Zheng, Minlie Huang, and Aixin Sun. 2019.
Chid: A large-scale chinese idiom dataset for cloze
test. In Proceedings of the 57th Annual Meeting of
the Association for Computational Linguistics, pages

778-787.

He Zhou, Yu Yin Hsu, and Emmanuele Chersoni. 2024.
Evaluating Chinese Noun Compound Interpretation
in Natural Language Inference. In Proceedings of the
Chinese Lexical Semantics Workshop (CLSW 2024).


https://doi.org/10.18653/v1/D19-1382
https://doi.org/10.18653/v1/D19-1382
https://proceedings.neurips.cc/paper_files/paper/2019/file/dc6a7e655d7e5840e66733e9ee67cc69-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/dc6a7e655d7e5840e66733e9ee67cc69-Paper.pdf

Bridging Information Gaps with Comprehensive Answers:
Improving the Diversity and Informativeness of Follow-Up Questions

Zhe Liu'® Taekyu Kang'®~ Haoyu Wang! Seyed Hossein Alavil? Vered Shwartz'>
! University of British Columbia 2 Vector Insitute
{zheliu92, salavis, vshwartz}@cs.ubc.ca
{davidk15, macdude}@student.ubc.ca

_—\

1. | 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

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

2. So | ask this Question:

4. | still want more Information:
(1) Other essential components besides water
(2) The trigger for cooling down

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?

(2) What causes the water vapor in the air to

Learner 4

How do clouds form?

(3) The factors that influence cloud shape

ﬁ 6. So | ask this Follow-up Question:

cool down?

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 pipeline' 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.
!Code available at https://github.com/zheliu92/
nlp_followupqg_public/
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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

Proceedings of the 14th Joint Conference on Lexical and Computational Semantics (*SEM 2025), pages 13-30
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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-40 (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-40 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.
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* 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 LLLMs 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 ELIS (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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Initial Question:
What is Data Retention and
should | be worried about it?

Initial Answer:

If someone gets access to
these records, they could use
them to cause you trouble....
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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, howeyver, 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
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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 (1Q,
IA) pairs, meaning that 99.8% of the (IQ, [A) 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 (1Q,
IA) pairs.



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-40-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.’

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 1Q. 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-40 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-40. 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-4o0 to gen-
erate follow-up questions that address those gaps
while maintaining contextual relevance to the 1Q
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

*Please refer to Appendix B for the LLM prompts used
for the following stages.
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human-written examples. The resulting dataset
comprises 27,874 samples—about 10x 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 k = 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 1Q 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.*

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.

“Full hyperparameter details and reproduction results are
provided in Appendix D.
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GPT-40-Generated

Figure 3: The ORG/AUG/FULL Dataset. ORG is
the original dataset of ELIS from the FollowupQG pa-
per. We augment ORG using GPT-40. FULL combines
ORG with all GPT-40-generated data (about 10x larger).
AUG is a random sample of only GPT-40-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-40 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-40’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.
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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)

Distinct-1 Distinct-2 Clusters

Model (%) (%) 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, TA) 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-40 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-



Sent.

Model BERT Sim. Bl B2 B3 B4 METEOR ROUGE
ORG  86.28 76.74 40.34 849 254 1.15 17.57 19.09
AUG 85.72 7191 3254 4.02 0.69 0.17 13.84 11.07
FULL 8574 7242 3295 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-40 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
etal., 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,
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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)

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

Does the FQ contain any of
the following errors?

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?

alot (3)/some (2)/little (1)
/no (0)

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



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 14716 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 k = 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-40
Teacher and CoT baselines described in §4. Ta-
ble 6 shows that both LLLM 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-40. 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-40-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



IQ

How would you explain the concept of a heuristic?

It took me a long time to understand heuristics and / still don’t know if I can ELI5 after a handful of bachelor and

IA 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.
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
CA 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.
— How do you know if you can ELI5?
FQ — What is a heuristic?
by — Thanks for the answer. So, what I am trying to understand is, whar is ELI5?
ORG  —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 ELIS5 after a handful of bachelor and graduate degrees. But I'm still working on it.
FQ — What are some examples of cognitive strategies that rely on heuristics?
by — How does the concept of a heuristic relate to the process of problem-solving?
AUG  —What role does the hippocampus play in heuristic formation?
— What are some examples of heuristics used in decision-making?
FQ — What role do heuristics play in problem-solving?
by — How do heuristics help in :s‘egmeming and segmenting information to specific tasks or objectives?
FULL — 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 ELIIS. Like, I know what a heuristics are. And 1
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 (ELIS), 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-40 “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—
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Model Human-INF GPT-INF-All (%) GPT-INF-Sel (%)

ORG 0.7755 25.17 23.29
AUG 1.4517 36.19 3591
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-40 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-40 la-
bels with human-annotated informativeness scores
(85.1) 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 ¢-test (p = 0.0011)
confirms the statistical significance, although the
effect size is small (Cohen’s d = 0.215) (Cohen,
2013).



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-40 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-40 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
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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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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

XD

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” (ELIS) 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

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

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

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

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.

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.
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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.



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.
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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,
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(

10, IA):
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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)



B1 B2 B3 B4 METEOR ROUGE BERT Sentence Similarity
Reported ORG 1722 7.11 389 2.6l 8.00 13.35 - -
Reproduced ORG 2188 327 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

1 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” (ELIS) 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

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

Do vaccines memorize dis-
eases?

What do vaccines do?

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?

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.

27



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.
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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



Instructions
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 question). Carefully review each component and answer the following questions based on your judgment:
Questions:

1. Q1: Do you think the follow-up question is a valid question?

A: Yes B: No

I

. Q2: Does the initial question, answer, or follow-up question contain sensitive information?

A: Yes B: No

i

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

Please Note:
After answering all questions for a single task, click next to move to the next sample.

Once you complete all tasks, press submit to complete the survey.
We will be manually evaluating a few of your responses to confirm that they are reasonable.

Follow-up Questions That Are... Relatedness of Follow-Up Question

. Our Question:
Valid / Invalid Do you think the follow-up question is related to the initial question or the answer?
Your Options:
Inappropriate A. Strongly Related B. Related C. Slightly Related D. Not Related

Guideline:
Strongly Related to the Original *  Strongly Related: The follow-up question asks for specific definitions, particular reasons, or meanings directly from the
Question original question and answer. The information requested is fully contained in the original question or answer.
«  Related: The follow-up question primarily seeks information from the original question or answer but also brings in
e 9 additional, new information.
Related to the Original Question
« Slightly Related: The follow-up question mainly addresses other cases but has some relevance to the original question or
answer.
Slightly Related to the Original . Not Related: The follow-up question does not relate to the original question or answer.

Question

Strongly Related Follow-up Questions Example #1
Initial Question:

ELIS: How is 2FA security by-passed?

al Answer:

Various possible methods. If someone inadvertently shared their 2fa setup key (or a situation like having their phone stolen
and the authentication app backed up), that could be used alongside the original password to gain access. SIM swapping is
another possible tactic assuming the first password and the victim's cell phone number are already known: if the attacker
calls the carrier and requests a replacement SIM/ESIM delivered to the attacker, the attacker could then take advantage of
any voice/text message 2fa prompts.

Follow-up Question:

And can anything be done to prevent a SIM swap?

Reason For Being Strongly Related:

Reason: The follow-up question is asking for elaboration on the solutions about how to prevent a SIM swap, and “SIM swap”
appears in the answer. In addition, there is no other new information in the follow-up, and thus it can be considered as
strongly related.

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

Data to Annotate
Previewing Answers Submitted by Workers X
This message is only visible to you and will not be shown to

Workers.

You can test completing the task below and click "Submit" in order

to preview the data and format of the submitted results.

Question: ELIS: Why does light get absorbed in black holes if
photons are massless?

Answer: Photons are “massless”, but not really. They're still

physical and can be impacted by gravity. This is why light can - "
‘curve’ around a dense object like a planet. Black Holes have crazy Data Annotation Questions
amounts of gravity, and literally trap light inside.

Question 1:
Follow-up Question: How is thi related to the theory on Newton's Do you think the follow-up question is a valid question?
law? “Yes
“No
Question 2:

Does the initial question, answer, or follow-up question contain sensitive
information?

“Yes

“No

Question 3:

What is the relatedness of the follow-up question to th
answer?

~Strongly Related

“Related

~Slightly Related

“Not Related

al question and

Submit

Figure 5: Human Evaluation Interface - Annotation.
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1Q What causes occupational domination?

In IT it is cultural. Women in the U.S. drop out of IT classes because they do not like the male-dominated culture.
IA 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.

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

CA 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.

— 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.
FQ This is a myth. /7 is not something about women. It’s a myth that women drop out because of the male-dominant
by culture.
ORG - Soit’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 — What are some examples of how outsourcing has impacted the gender imbalance in IT?
by — How do cultural expectations influence the recruitment of female programmers?
AUG - Can you explain the concept of ‘cultural fit’ in the context of occupational domination?
FQ — How do traditional gender roles in professions like medicine and engineering contribute to occupation domination?
by — Why might women feel more comfortable pursuing professions outside of traditional professions?
FULL - 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.
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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-
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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 aresult, 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 LL.Ms 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



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
Has China provided Iran with de-
contamination materials?
Has China provided Iran with de-
contamination materials?
Has China provided Iran with de-
contamination materials?

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

provision.v, supplier.n, supply.n, supply.v

SUPPLIER
FEs RECIPIENT

THEME

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



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, FE3, and FE3.” symbols, such
as X or FE, 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.
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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



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 FE|, FEs, and FE3; FE{, FEs, and FEsg
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 1.7!
(Baker et al., 1998), a comprehensive lexical
database cataloging over 1,000 semantic frames,
their associated core and peripheral frame elements,
and lexical units.

"https://framenet.icsi. berkeley.edu/frameIndex
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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.,


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

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 ¢ = 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 ¢ — 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 £ = 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
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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 3B? and
LLaMA 3.1 8B?, 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 « 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—B.
1-8B-Instruct
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the AdamW optimizer (8-bit), with a learning rate
of 2 x 10~%, 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 * 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

37

embeddings®. 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 055 052|093 0.87
31 Open-ended  Cos 0.64 0.63 | 0.87 0.73
8B MCQs F1 027 0.34 | 0.66 0.63
LLaMA Closed Fl1 049 0.50 | 0.91 0.86
3.2 Open-ended  Cos 0.63 0.63 | 0.83 0.73
3B MCQs F1 025 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 dataset’ (Swayamdipta et al., 2017), which
is based on FrameNet and originally released in
CoNLL format (Carreras and Marquez, 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

Thttps: //github.com/swabhs/open-sesame
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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,


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

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
[ChinalsyppLier provided [Iran]recipient [with de-
contamination materials]tupme?”. By contrast,
the baseline mislabels the THEME span, predict-
ing [materials]yareriar 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,
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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:

* Fach 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:
({def(X) » ?

Which frame is defined by

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 F'E1 and FEy?

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( F E;)” accurately express F'F;
in the X frame?

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

11. Closed-ended: Can LU;, as a POS;, 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)

e CORPORAL PUNISHMENT (inherits from
REWARDS AND PUNISHMENTS)

e COMMUNICATION MANNER (inherits from
COMMUNICATION)



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 F'E1 and F E5?”, 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 FE; 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
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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
sros = [T
5

where [-] denotes the ceiling function.
For instance, if the frame ARRIVING includes
Nverb = 1D verb lexical units, then

1
5_‘:3

Sverb = ’75
resulting in three samples for verbs. If there are
Thoun = & noun lexical units, then

8
Snoun = ’75-‘ =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(FE;) accu-
rately express FE; in the X frame?”, we generate
k = p+ q = 9 samples per frame element FE;,
where p = 3 are positive and ¢ = 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 g — 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 LU;, as a POS;, be considered a lexical



unit of the X frame?”, samples are generated for
each sublist of five lexical units. Given a part of
speech POS;, the number of such sublists is com-
puted as:

where n; is the number of lexical units with POS
equal to POS; in the given frame. For example, in
the frame ARRIVING, if there are nyen, = 15 verb

lexical units:
Sverb — ’V -‘ =3

then the total number of samples for that POS is:

1

SPOS; = " 5

15

5

Stotal = Sverb X k=3 X 9 =27

Similarly, for npou, = 8, we compute:

Snoun = ’V

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

8

5-‘ =2 = Snountotal =2x9=18

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.
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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

Ansl: 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



ID Prompt type ‘What varies?

Instances per frame

Why that number of instances?

Tl Open-ended Wording of question about frame definition

T2 Open-ended Wording of question about frame name from
definition

T3 Closed-ended Match/mismatch of frame definitions

T4 Open-ended Surface forms of request for FE list

T5 Open-ended Subset of core FEs and question formulation

T6 Multiple-choice  Set of distractors for correct FE

T7 Closed-ended Pairings of roles with frames

T8 Open-ended Question formulation per core FE

T9 Closed-ended FE—definition pairs

T10  Open-ended POS-based sublists of LUs

T11 Closed-ended LU-POS verification questions

5
5

9 (3+6)
5
5

5

9 (3+6)
3 x Icore FEI
9 x Icore FEI|

>, ]

9 x ["2]

5

One definition, asked in 5 paraphrased forms
One definition, reversed as 5 distinct questions

3 correct, 6 distractors from unrelated frames

FE list is fixed, asked in 5 paraphrased forms

2 FEs randomly sampled; question paraphrased 5
times

Each with 1 correct + 3—4 distractors; mix of cor-
rect/incorrect MCQs

3 true role sets, 6 sampled from unrelated frames

3 paraphrases per core FE definition

3 correct, 6 incorrect per FE

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

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
Tl 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
TS5 Which is the frame involving frame elements such as FE; 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 027  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 FE; defined in X frame? Open-ended Cos 0.68  0.87
T9 Does the definition of frame element “def(FE;)” accurately express FE; in the X frame? Closed Fl 0.51 0.99
T10  Could you list some lexical units associated with the X frame? Open-ended Cos 075 085
Ti1 Can LU;, as a POS;, 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, TS, 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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wnn

You are an expert in Frame Semantics and Semantic Role Labeling. Your task is to identify the =xx
lexical unitxx evoking a given frame and extract the corresponding xxframe elements** with
their roles from a given sentence.

### Instructions:

Identify the *xlexical unit** that evokes the given frame.

Extract **frame elements*x present in the sentence and map them to their respective roles
Format your response strictly as a JSON object following the structure provided.

Do not include any additional explanations-return only the JSON.

Use only #**frame elements*x you know.

s wN =

### 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"”
}
}
]
3

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

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

wnn

Figure 2: Instructional prompt used for SRL evaluation.

Frame Name T, T, T3 T4 Ts T¢ T; Tg T9 Ty T;; Total
RELEASING 55 9 5 5 5 9 9 27 2 18 99
MANIPULATION 55 9 5 5 5 9 9 27 2 18 99
CONTROL 5 5 9 5 5 5 9 21 63 2 18 147
KIDNAPPING 55 9 5 5 5 9 6 18 3 27 97
COMMUNICATIONMANNER 5 5 9 5 5 5 9 9 27 2 18 99
CORPORAL PUNISHMENT 55 9 5 5 5 9 9 27 2 18 99
SUICIDE ATTACK 55 9 5 5 5 9 6 18 1 9 77
MOTION NOISE 55 9 5 5 5 9 15 45 1 9 113
COMMERCE PAY 55 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 Tg Tg T 10 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
SuUPPLY 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
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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; Glavas and
Stajner, 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.

48

ydg@sdjzu.edu.cn

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 (Glavas and Sta-
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 (Glava$ and Stajner, 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.
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* 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; Glava$ and §tajner,
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.



CWI Instruction:

Build CWI
instruction

Given you a sentence: A bad part of the investigation is that we
may not get the why.

Identify and extract complex words and phrases form this sentence. |

Input CWI Instruction:

Output Complex Words

Complex words . L
—_— investigation

Large language
& guag get the why

model

Build LS
Instruction

Complex sentence:

A bad part of the investigation is that we may not get the why.

LS Instruction:
There is a sentence as follows:
A bad part of the investigation is that we may not get the why.

This sentence contains some complex terms as
follow: investigation, get the why

Input LS Instruction

Results

The appropriate substitution terms as follow:
The simplified substitution for 'investigation' is 'search
for answers'.
The simplified substitution for 'get the why' is 'find the
reason'.

The simplified sentence is as follows:
A bad part of the search for answers is that we may not
find the reason.

&

For each provided complex word or phrase, generate a simple, clear,
and easily understandable substitute based on the sentence context.
Generate simple substitutes in accordance with the following
instructions:

Generate a simple, clear, and easily understandable substitute
based on the sentence context.

The substitution should preserve the original semantic meaning
and be accessible to a broader audience without triggering grammar
errors.

Use the simple terms to substitute the complex words following
the following requirements:

To ensure grammatical correctness, you may:

Adjust the word order of some words in the new sentence.
Delete individual words that do not affect the meaning.
Modify certain prepositions if necessary.

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.
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3.1 LS-I-A Dataset

3.1.1 Complex Word Identification

We build on the CWI instruction dataset based
on the CWIG3G?2 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



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-40 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,
1s_instruction and 1s_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 1s_instruction. All
the instances are iteratively fed into the LLMs fol-
lowing these steps, enabling them to learn the sim-
plification rules and strategies.
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We use our newly constructed dataset to fine-
tune LL.Ms for complex word identification and
lexical simplification. In this study, we select
three mid-sized open-source instruction-aligned
LLMs: Llama-3.1-8B-Instruct!, Qwen2.5-7B-
Instruct-1M?, and Mistral-8B-Instruct-2410°.

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 le-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.
n
>
i=1

where, n represents the test size, h; denotes the
number of hallucination terms in instance i, and m;
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

1
HR = —
n

h;

myg
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Instruct

Zhttps://huggingface.co/Qwen/Qwen2.5-7B-Instruct- 1M

3https://huggingface.co/mistralai/Ministral-8B-Instruct-
2410



Level) (Kincaid et al., 1975) for fluency, and
BERT¢ore (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 BERT . (Zhang et al., 2019)
is calculated via the bert-score module*.

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 CWIG3G?2 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 Fl-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.

*https://github.com/Tiiiger/bert_score
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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 LL.Ms. Notably,
the fine-tuned Qwen model achieves the highest
SARI score on the ASSET benchmark (41.41),
along with a BERT .o 0f 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, BERT.ores 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 BERT o8 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 BERT .o (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 BERT .o (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.



model precision T  recall T F11 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 04727  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
SARI1T FKGL | BERTscoret | SARIT FKGL | BERTSscore

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-
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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. (left-shifted blue segment), while non-fine-tuned
Although the keep scores of our fine-tuned mod- ~ Mistral barely shortens inputs at all.
els are lower than those of traditional systems such Sentence split proportions (orange segments)

as EditNTS and ACCESS, they reflect a more trans-  are consistent across all models, with fine-tuned
formative simplification strategy. While higher  variants maintaining structural cohesion. The
keep scores generally indicate stronger preserva-  "Exact copies" segments (green) are minimal
tion of the original sentence structure, they may  for fine-tuned models—remarkably fine-tuned
also reflect a more conservative editing approach  LLaM A—highlighting their strong rewriting capa-
with limited modification. In contrast, our models  bility compared to traditional models like Dress-LS,
are more inclined to rephrase the complex items  which retain a higher proportion of copied content.
and partially restructure the input, yielding moder- Additionally, the red (Additions) and cyan (Dele-
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.

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

Figure 3 offers a visual demonstration of how engaging in more meaningful and substantive sim-
instruction-based fine-tuning enhances the qual- plification.

ity of text simplification along both structural and Finally, the Levenshtein similarity (gray seg-
lexical dimensions. Compared to baseline models,  ments) and lexical complexity scores indicate that
our fine-tuned models exhibit a balanced distri- our fine-tuned models strike a desirable balance
bution across key structural indicators. Notably, between adequacy and fluency. The longer gray
the compression ratio (blue segments) for the fine-  bars in fine-tuned models signify sufficient diver-
tuned models remains close to 0.90, indicating that ~ gence from the source while maintaining coher-
they reduce sentence length effectively without ag-  ence. These visual patterns affirm the benefits of
gressive truncation. In contrast, non-fine-tuned fine-tuning LLLMs in sentence simplification, align-
models display more extreme behaviors—for ex-  ing more closely with human-like simplification
ample, non-fine-tuned Qwen heavily compresses  behaviors.
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5.2 Structural and Lexical Evaluation
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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-1-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-
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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.

She was among the first doctors to object to cigarette smoking around children, and drugs use in pregnant
She was one of the first doctors to find out how to cigarette smoking around children, and use in pregnant

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

NTS+SARI

women.
ACCESS

women.
EditNTS

women.
Dress-LS

non-ft Mistral
non-ft Qwen
non-ft LLaMA

She was among the first doctors to make cigarette smoking around children .
She was a first medical professional to oppose smoking near kids and drug misuse during pregnancy.
She was among the earliest doctors to oppose smoking near kids and taking drugs while pregnant.

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
non-ft Qwen
non-ft LLaMA

They have similar cultures to the people who live near the coasts of Papua New Guinea.
They are similar to people who live near the coast in Papua New Guinea.
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.

57

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-



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

59

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
anode 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 “®&
T 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 “%
## 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 COCA! (Dong, 2020).

During the translation process, semantic

!Available at: https://www.english-corpora.org/
coca/
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1 he trial judge noted that the operative intervention caused the rupture -- not the failure to earlier diagnose

2 inutes each and where even a slightest error would cause death. Because that would NOT be fun. Also, if the
3 omfort. They are specially designed to relieve pain caused by bruxing or clenching. # If you believe you grin
4 enters of power. They have spilled more blood and caused more misery than any other force. They have canoni
5 and Limn. # The drop in rainfall and soil saturation caused landslides in the canton of Turrialba, Paraiso, Ji

6 system cope with the impending public health crisis caused Alzheimer's disease and related dementia will be p
7 , recently elected Socialist Party leader Harlem Dsir caused a stir when he reminded the crowd of President Fra
8  SE by Vivian Sharpe. It explains the damage that 1s caused by sexual abuse. It reminds us why 1t is so import

9 d how autism is the the result of "' brain damage " caused by vaccines; then the confabulation begins that re
10 search engines have her name blocked. Diabetes 1s caused by parasites? So, if she didn't have an accumulati

11 of Somalia have made the waters their home and have caused extensive damage as a result. Shipping industries
12 be videos. # And with all the astrosities this animal  has caused , if he does not get impeached, tried. sentenced,

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:

Google Translate & ChatGPT 4:
() & #& 27 %28 T.

1SG BEI teacher praise PERF

‘I was praised by my teacher.’

DeepL:

(2) % %37 T T A,
1SG SHOUDAO? PERF teacher’s praise-VN
‘I was praised by my teacher.’

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 % # BIAOYANG (“praising”). The
subject is the patient here.
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2022; Dong et al., 2023). As the standard and most
common passive structure in Chinese, the “#% 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 of Mandarin 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
Seq2Seq MT models, that is, fine-tuning them with
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 decide whether 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.



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-
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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 &
T YOUYU (Wu and Lan, 2019), and Dong’s study
about INSIST ON and 2 # 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. HIOLFAEXHE,
‘This is the situation.’
b. FLE,

‘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.



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. %K= T 7 Fw
Zhangsan beat PERF Lisi
‘Zhangsan beat Lisi’

b. FwWwH#k K= T 7

Lisi BEI Zhangsan beat 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) REBIEE L, WFREZHOALGLE
T, R @A KGILT T,
‘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
100,000 words in literary texts, while only 94 times

62

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
the most 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 corpus®, 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 Corpus®, 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 °.

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

4 Available at: http://www.natcorp.ox.ac.uk/

3 All 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-Jussa 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 mBARTS50-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-tuned models for
translating general text with the Flores+ (NLLB
Team et al., 2024; Costa-Jussa et al., 2022) and
Tatoeba (Tiedemann, 2020) datasets. BLEU (Pa-
pineni et al., 2002), chrF2 (Popovi¢, 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
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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
mBARTS50-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 107° and acquired the model with
the best validation BLEU after 6 epochs. For
NLLB-600M, we trained with a learning rate of
5 x 10~% for 5 epochs, and kept the checkpoint
with the best validation BLEU (at step 60). For
mBARTS50-mmt, the appropriate learning rate is
also 10~°. 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
mBARTS50-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-
tuned models 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 mBARTS50-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,



Flores+ Tatoeba
Models
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 233 17.1 82.3 27.7 18.4 69.7
Fine-tuned NLLB-600M 24.4 16.4 80.4 253 18.1 74.7
mBART50-mmt 32.8 22.6 84.8 33.9 22.8 81.6
Fine-tuned mBARTS50-mmt  32.3 21.4 84.7 332 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: A 89, AXAe K3, AT
4 % KRG I
‘Yes. They have told me that they played
many mad pranks.’

OPUS-MT: &, £#, HBMEsiefng
A RAZ 69 BAE B

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

Fine-tuned OPUS-MT: &, & &), H A
&K, AN EATRAZ G BAEE]

‘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: 1R £ £ X K 2R HFRE LT
—H 8,
“In my friend’s house they treated you as a

2

son.
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NLLB-600M: 7 & A0 A 49 K 2, /R4 L 1 )L
¥

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

B

son.

Fine-tuned NLLB-600M: 1% /£ & A X 49 K
PR — LT —H,

‘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 Espariol
del Siglo XXI°), 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, mBARTS50-mmt performs
poorly on this task and is not discussed here’.
After fine-tuning with the English-Chinese BEI
dataset, NLLB-600M achieved higher accuracy on
both positive and negative evidence sentences in

®Available at: https://www.rae.es/corpes/

"Discussion raised at: https://huggingface.co/
facebook/mbart-large-50-many-to-many-mmt/
discussions/13.
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Fine-tuned Fine-tuned Fine-tuned
BEI test set OPUS-MT OPUS-MT NLLB-600M NLLB-600M mBARTS50-mmt 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 29.5 219 78.3 80.0 59.3

Table 3: Performance (in %) of pretrained and fine-tuned NLLB-600M model on Flores+, Tatoeba and the Spanish-

Chinese BETI 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
aclassifier (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
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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 mBARTS50-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-
els®. 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
mBARTS50-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 and may suggest that models with more

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 mBARTS50-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 passive marker—such as in
example (6)—in order to give a sentence in active
voice. This is the kind of change we expected to
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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: '© AR G151+ 4

‘They are in perfect preservation.

THE
9

mBARTS50-mmt: C {18tk & 15 4 b4 o
‘They have been preserved so well.’

Fine-tuned mBARTS50-mmt: ‘& {114k %131k
*F

‘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).

In modern Mandarin 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 #% between the patient THEY "¢ 1 and verb
PRESERVE %% % to obtain a topic sentence. In
this case, THEY "€ 1] 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 passive marker BEJ, 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



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 sequence machine translation mod-
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 mBARTS50-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
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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 problem when translated into Chinese by MT
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-AlI interac-
tion and pave the way for more context-aware
Al 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
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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 Al systems, educa-
tional tools, and interactive entertainment, where
both the content and emotional delivery of speech
play key roles in creating engaging and effective
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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.

e 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
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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 Al
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 LLLMs and automatic speech
recognitions (ASR), text-based emotion classifi-
cation has seen improved accuracy (Hama et al.,



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 Baltrusaitis, 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

72

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.



Movie Clip Tag Scene Description Duration Validation Source
The Blair Witch  Fear Final scene when screaming intensifies, 2:03 Schaefer et al. (2010)
Project (Myrick et al., man standing facing the wall and camera
1999) falls.
The Conjuring (Wan, 2013)  Fear Girl gets out of bed at night and bags her ~ 2:26 Tyilikci et al. (2024)
head on a cupboard. Frantic scene.
American History X (Kaye, Anger Neo-Nazi kills a black man, smashing  3:24 Schaefer et al. (2010)
1998) his head on the curb and then smiles
after being arrested.
Platoon (Stone, 1986) Anger Villagers pushed around in burning vil-  2:42 Author tested in pilot.
lage and soldier stops other soldiers
from raping a child.
Baby laughing at ripping pa- Joy 8-month-old Micah (a boy) laughing 1:44 Author tested in pilot.
per (YouTube, 2011) hysterically while at-home daddy rips
up a job rejection letter.
Cats and Dog playing to- Joy Dog lies peacefully on a large bed with  1:53 Author tested in pilot.
gether (YouTube, 2022a) kittens and adult cat moving around.
With happy music.
One Day (Scherfig, 2011) Surprise ~ Woman rides a bicycle; she gets hitby a  2:26 Zupan and Eskritt (2020)
truck.
Neighbors (Nicholas Stoller ~ Surprise ~ Woman calls man about missing airbags ~ 1:07 Author tested in pilot.
and O’Brien, 2014) Man is ejected to an office ceiling.
Trainspotting (Boyle, 1996) Disgust  The main character enters “The worst  1:23 Schaefer et al. (2010)
toilet in Scotland” and later dives into a
filthy toilet bowl.
Planet Terror (Rodriguez, Disgust Scene where man is examined by doc- 2:01 Michelini et al. (2019)
2007) tors in a hospital and exposes infected
parts of his body.
Young impala and dead Sadness Young impala finds adult impala lying  1:44 Author tested in pilot.
mother (YouTube, 2022b) down and apparently dead. Then lies by
dead animal.
My Girl (Zieff and Ele- Sadness Funeral scene where girl cries and runs  1:39 Gabert-Quillen et al. (2015)
hwany, 1991) away after approaching the casket where

a little boy lies.

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-
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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 97x 6 entries, with five elements: 1)
Speech: a 30-second audio recording of the partic-
ipant’s verbal response to the following instruction:



"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 O 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.
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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-40 text segmenta-
tions. The agreement between two human annotators
was comparable to human-LLM agreements.

Step-2: Semantic Segmentation - We used GPT-
40 (OpenAl, 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‘ !, 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 x 6 audio transcriptions. Whisper achieved a

"https://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 X 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-
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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-40 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., 20