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theoretical frameworks and processing of natural language, providing a forum
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their contribution. A special thanks goes to Chu-Ren Huang: without his
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the PACLIC community.
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Abstract

Lexical Semantic Change (LSC) is the phe-
nomenon in which the meaning of a word
change over time. Most studies on LSC focus
on improving the performance of estimating
the degree of LSC, however, it is often difficult
to interpret how the meaning of a word change.
Enhancing the interpretability of LSC is a sig-
nificant challenge as it could lead to novel in-
sights in this field. To tackle this challenge, we
propose a method to map the semantic space of
contextualized embeddings of words obtained
by a pre-trained language model to a neurobi-
ological feature space. In the neurobiological
feature space, each dimension corresponds to a
primitive feature of words, and its value repre-
sents the intensity of that feature. This enables
humans to interpret LSC systematically. When
employed for the estimation of the degree of
LSC, our method demonstrates superior per-
formance in comparison to the majority of the
previous methods. In addition, given the high
interpretability of the proposed method, several
analyses on LSC are carried out. The results
demonstrate that our method not only discovers
interesting types of LSC that have been over-
looked in previous studies but also effectively
searches for words with specific types of LSC.!

1 Introduction

The meanings of words change over time. For ex-
ample, according to the Oxford English Dictionary
(OED)?, the word gay acquired the meaning of ho-
mosexual around 1934, in addition to its earlier
meaning of cheerful. This phenomenon is called
Lexical Semantic Change (LSC) and actively stud-
ied in recent years (Tahmasebi et al., 2019, 2021;
Periti and Montanelli, 2024). Many studies in this
field represent the meanings of words as vectors

'Our code is available at: https://github.com/iehok/
LSC_with_Binder.
2https://www.oed. com/

using embedding models, such as static word em-
beddings (Mikolov et al., 2013) and BERT (Devlin
et al., 2019), and learn separate spaces for differ-
ent time periods (Kim et al., 2014; Hamilton et al.,
2016; Bamler and Mandt, 2017) or handle multi-
ple time periods within the same space (Hu et al.,
2019; Giulianelli et al., 2020; Martinc et al., 2020b).
While these techniques are useful for estimating the
degree of LSC, they are inappropriate for humans
to interpret LSC.

Several methods have been proposed to improve
the interpretability of LSC, including a method
presenting neighboring words in a vector space
(Gonen et al., 2020), obtaining representative co-
occurrence words (Montariol et al., 2021), predict-
ing substitutions (Card, 2023), assigning prede-
fined word senses (Tang et al., 2023), and gener-
ating definition sentences of word meanings (Giu-
lianelli et al., 2023; Fedorova et al., 2024). These
methods help humans interpret LSC through nat-
ural language, e.g., by showing indicative words
or definition sentences. However, explanations of
LSC based on words and sentences are ambiguous
and lack a systematic explanatory framework.

Motivated by the above, we propose a method to
improve the interpretability of LSC by using neuro-
biological features proposed by Binder et al. (2016),
which we call Binder features in this paper. There
are 65 Binder features such as Vision, Audition, and
Happy. The values of these 65 Binder features have
been estimated for 535 English words and are open
to the public.’ Based on previous studies (Utsumi,
2018, 2020; Turton et al., 2021), we use the public
dataset above to train a regression model that maps
the BERT semantic space to the Binder space for
the quantitative and multi-perspective interpreta-
tion of LSC.

First, the potential of the Binder features in an-

3https: //www.neuro.mcw.edu/index.php/
resources/brain-based-semantic-representations/


https://github.com/iehok/LSC_with_Binder
https://github.com/iehok/LSC_with_Binder
https://www.oed.com/
https://www.neuro.mcw.edu/index.php/resources/brain-based-semantic-representations/
https://www.neuro.mcw.edu/index.php/resources/brain-based-semantic-representations/

Slow
Shape
Complexity
Body
Touch
Pain
Audition
Loud
Low
High
Sound
Taste
Smell

Temperature
Head

Vision
Bright
Dark
Color
Pattern
Large
Small
Motion
Biomotion
Fast

Face
Texture
Weight
Music
Speech
UpperLimb

LowerLimb

Practice
Landmark

—e— coffee —4— dog

Self
Cognition
Sad
Angry

Time
Disgusted

Duration
Long
Short
Caused

Consequential
Needs

Path
Scene
Near
Toward
Away
Number
Social
Human
Communication
Benefit
Harm
Pleasant
Unpleasant
Happy
Fearful
Surprised
Drive
Attention
Arousal

Figure 1: Binder feature values for “coffee” and “dog”

alyzing LSC is evaluated by applying our method
to a task aimed at estimating the degree of LSC.
Second, utilizing the high interpretability of our
method, we analyze types of LSC. The integration
of our method with Sparse PCA (Principal Com-
ponent Analysis) enables us to identify interesting
types of LSC that have not been found in previous
studies. Finally, we apply our method to detect
amelioration and pejoration (Traugott, 2017), and
successfully identify ameliorative and pejorative
words in a real corpus.

The contributions of our paper are summarized
as follows:

* We introduce neurobiological features into the
field of lexical semantic change, thereby im-
proving the interpretability.

* We discover several interesting types of LSC
that have not been noted in previous studies
by combining our method with Sparse PCA.

* We propose a method that can easily detect
specific types of LSC, amelioration and pejo-
ration, using our approach.

2 Related Work

2.1 Lexical Semantic Change

LSC is mainly studied in the fields of linguistics
and natural language processing (NLP). Even when
being constrained to NLP, numerous methods are
proposed such as a method that utilizes mutual in-
formation (Gulordava and Baroni, 2011; Hamilton
et al., 2016; Schlechtweg et al., 2019), Bayesian
models (Emms and Jayapal, 2016; Frermann and
Lapata, 2016; Inoue et al., 2022), and static word
embeddings (Kulkarni et al., 2015; Takamura et al.,
2017; Del Tredici et al., 2019).

Recently, with the emergence of pre-trained lan-
guage models such as BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019) that can gener-
ate representations of the meanings of words in a

context, methods using these models have been ac-
tively studied (Kutuzov and Giulianelli, 2020; Mar-
tinc et al., 2020a; Liu et al., 2021b). Hu et al. (2019)
propose a method to identify how the meaning of
a word changes by calculating the distribution of
word senses over time, where example sentences in
the OED are used to assign senses to words in the
corpus. Giulianelli et al. (2020) propose a method
to calculate the distribution of usage types (pseudo
senses) without using a dictionary. This method
uses k-means clustering on a set of contextualized
embeddings from all time periods to assign usage
types to words in the corpus. Additionally, the de-
gree of LSC between two different time periods
is estimated using either the Jensen-Shannon di-
vergence (JSD) between usage type distributions
or the average pairwise distance (APD) between
sets of contextualized embeddings from these time
periods. In this study, we model LSC based on
Giulianelli et al. (2020) coupled with the Binder
features to improve the interpretability.

2.2 Interpretable Word Embeddings

Interpretable representations, i.e., methods of as-
signing roles (interpretations) to each dimension
of an embedding, have been extensively studied
(Panigrahi et al., 2019; Senel et al., 2020; Aloui
et al., 2020). However, these methods often suffer
from a lack of clarity of a role for each dimension
or coarse granularity of roles.

Binder et al. (2016) propose interpretable word
vectors by defining 65 features based on neurobi-
ological perspectives and manually assign these
strengths (0 to 6) to 535 words, including 434
nouns, 62 verbs, and 39 adjectives. Figure 1 shows
the Binder features and their corresponding values
for “coffee” and “dog.” The values of Taste and
Smell are relatively high for “coffee,” while the
values of Biomotion and Sound are high for “dog.”
Additionally, the Vision feature has high values for
both words.



Binder features are actively studied in the fields
of cognitive linguistics and NLP. Utsumi (2020);
Chersoni et al. (2021); Flechas Manrique et al.
(2023) investigate what kind of information is en-
coded in static word embeddings, such as SGNS
(Mikolov et al., 2013) and GloVe (Pennington et al.,
2014), by mapping these word embedding spaces
to the Binder feature space. Turton et al. (2020)
assign the Binder values to words other than the
original 535 words by the aforementioned map-
ping from word embeddings. Turton et al. (2021)
demonstrate that contextualized word embeddings
generated from Transformer (Vaswani et al., 2017)
based models such as BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019) can derive the
Binder values in the same way as the mapping of
static word embeddings.

3 Mapping BERT Space to Binder Space

To enhance the interpretability of LSC, we first con-
vert the semantic space of contextualized word em-
beddings derived from BERT to that of the Binder
features. Specifically, a regression model is trained,
which maps the BERT space (768 dimensions) to
the Binder space (65 dimensions). The regression
model, designated as 1), is formalized as follows,

by = ¥(rw), )

where r,, and b,, are BERT and Binder vectors,
respectively.

3.1 Word Embeddings on BERT Space

Let C be the corpus used for training, and let C,,
be the set of (s, 1), a pair of a sentence s in C that
contains the target word w and its position ¢ in s.
The representation of w in the entire C is defined
as follows.

r = |01, S 6ls,i). @)

(s,1)€Cuw

The function ¢(s,7) denotes the hidden state of
the final layer for the i-th token of the BERT
model when s is given as an input. In this study,
bert-base-uncased” is used as the BERT model.

The Clean Corpus of Historical American En-
glish (CCOHA) (Alatrash et al., 2020) is used as C.
CCOHA is an English corpus covering the period
from 1820 to 2020, divided into ten-year segments.
It consists of five genres: TV/Movies, Fiction, Mag-
azine, Newspaper, and Non-fiction.

4https://huggingface.co/google—bert/
bert-base-uncased

LT MLP
571 .645
569 .689

1910-2010
1960-2010

Table 1: Average MSE for 10 trials

3.2 Training of Regression Model

Two architectures of the regression model are ap-
plied: a simple linear transformation (LT) and a
multilayer perceptron (MLP). The MLP consists of
four hidden layers (300, 200, 100, 50 dimensions),
following Turton et al. (2021). The output of each
layer is activated by ReLU. To match the scale of
the Binder value, in both the LT and the MLP, the fi-
nal output is activated by Sigmoid and subsequently
multiplied by 6 to convert values within the range
of 0 to 6. The regression models are trained using
535 words associated with the Binder feature vec-
tors (Binder et al., 2016). The loss function is set to
the mean squared error (MSE) between predicted
and ground-truth values of all Binder features of
the target words.

3.3 Settings

We conduct experiments using two different peri-
ods of CCOHA: 1910-2010 and 1960-2010. The
period 1910-2010 follows the setting in Giulianelli
et al. (2020), while the period 1960-2010 is set
to the most recent half of it, as the Binder dataset
(Binder et al., 2016) was created in 2016. The per-
formance of the trained regression model is evalu-
ated using k-fold cross-validation, where £ is set
to 10. The batch size, the learning rate, and the
number of epochs are set to 16, 1le-3 and 100, re-
spectively. The quality of the regression model is
evaluated by the MSE on the test set. The MSE is
measured at each epoch, and the minimum MSE is
recorded.

3.4 Results

Table 1 shows the average MSE for 10 trials of
the cross-validation. LT significantly outperforms
MLP, while the time period of the training corpus
has a minimal influence on the results. This may
be because the words in the Binder dataset are well-
known and common, which leads to a relatively
stable representation over time. This finding par-
tially agrees with the results obtained by Hamilton
et al. (2016).
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4 Lexical Semantic Change Detection

This section proposes and evaluates a method to
detect LSC using the Binder feature vectors.

4.1 Task Definition

SemEval-2020 Task 1 (Subtask 2) (Schlechtweg
et al., 2020) is a task that aims to predict the de-
gree of LSC of a word w. Specifically, the goal is
to predict an LSC score representing how drasti-
cally the meaning of w changes between C* and
C'2, which are corpora of two different periods t;
and t5. The dataset consists of 37 English target
words with manually assigned LSC scores. C'* and
Ct2 are parts of CCOHA from 1810 to 1860 and
1960 to 2010, respectively. Evaluation is performed
by measuring Spearman’s rank correlation coeffi-
cient between the predicted and ground-truth LSC
scores.

4.2 Predicting Degree of LSC

To predict the degree of LSC of a word w from ¢;
to to, the set of contextualized embeddings of w in
the corpus C? is calculated for each time period:

U {w(s(s.i)}, 3)

(si)€C,

where 1 is the regression model, either LT or MLP
explained in Section 3. Then, following Giulianelli
et al. (2020), the degree of LSC between U} and
U!2 is measured by the average pairwise distance
(APD):

APD (U, ut2) =

Z Z d(u;, uj), “4)

u“| Ui
w UL ujeU,?

where d is a distance function. We compared
the following three distance functions: Euclidean
distance, cosine distance, and Spearman distance.
Spearman distance is defined as (1 — sc(u;, u;)),
where sc(u;,u;) is Spearman’s rank correlation
coefficient between sets of values of dimensions in
two vectors.

4.3 Results

Table 2 shows a comparison between the baseline
BERT space and our methods based on different
regression models. The performance of LSC detec-
tion is slightly improved by mapping to the Binder
space using the linear regression model. The ar-
chitecture of the regression model significantly im-
pacts the performance of LSC detection, while the

Model Euclid Cosine Spearman
BERT space 616 .645 .618
LT-1910-2010 .633 .644 .647
LT-1960-2010 .635 667 .634
MLP-1910-2010 | .499 587 562
MLP-1960-2010 | .483 442 .540

Table 2: Spearman’s rank correlation coefficient for
SemEval-2020 Task 1. “BERT space” means a method
that calculates APD in the BERT space without mapping
it to the Binder space.

Model EK Score
SSCS (Tang et al., 2023) v .589
XL-LEXEME (Cassotti et al., 2023) v~ .757
SDML (Aida and Bollegala, 2024) v .774
NLPCR (Rother et al., 2020) 436
APD (Laicher et al., 2021) 571
ScaledJSD (Card, 2023) 547
SSCD (Aida and Bollegala, 2023) 383
LT-1960-2010 (ours) 667

Table 3: Spearman’s rank correlation coefficient for
previous methods on SemEval-2020 Task 1. “EK” (ex-
ternal knowledge) means methods that are fine-tuned
with WiC corpora (Raganato et al., 2020; Martelli et al.,
2021; Liu et al., 2021a) or methods using the informa-
tion of dictionaries such as WordNet (Miller, 1994) and
BabelNet (Navigli and Ponzetto, 2010).

period of the corpus used for training the regression
model has a relatively small impact; this tendency
is similar to that in Table 1. Among the three dis-
tance functions, the cosine distance is relatively
stable and performs well.

Table 3 shows a comparison of our method with
other existing methods. Although our method is
simple, it achieves the best performance compared
to other methods that do not use any external knowl-
edge.

5 Analysis of LSC Types

This section describes an analysis of LSC types
using our method. Given the high interpretability
of neurobiological features, our goal is to identify
the types of semantic changes of words between
two different periods ¢; and ¢s.

5.1 Target Words

The target words used for this analysis are collected
from WordNet (Miller, 1994) lemmas meeting the
following three conditions: (i) included in the vo-
cabulary of the BERT tokenizer, (ii) having two
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Figure 2: LSC vectors for plane and terrific

or more senses in WordNet, and (iii) four or more
characters long. Condition (i) is set because our
method is incapable of handling words that are di-
vided into subwords. Condition (ii) is set because
words whose meanings have changed are likely to
have newly added senses, thereby resulting in pol-
ysemy. Condition (iii) is set because short words
are more likely to become subwords within other
words. Based on these three conditions, a total of
8,570 target words are chosen.

5.2 Corpora

The CCOHA 1910s (from 1910 to 1920) and 2000s
(from 2000 to 2010) are used as the corpora C* and
C'2. This corresponds to the first and last decades
of the period from 1910 to 2010 used for training
the regression model (Section 3).

5.3 Methods

To analyze how the meaning of words changed
between two periods t1 and ts, the LSC vector of
the word w, denoted as vis.(w), is computed as
follows:

1
Vise(w) = e Z u; — b Z u;. (5)
ga u U2 | wi €Uy}

This vector represents the semantic changes of all
Binder features. A positive value in a dimension
of the LSC vector means that the meaning of the
corresponding Binder feature is newly acquired
from ¢, to ¢, while a negative value implies a loss
of the meaning.

After calculating the LSC vectors for all target
words, Sparse PCA is applied to the LSC vectors of
the 500 target words with the largest norms, suppos-
ing that the meanings of words with small norms
are not significantly changed. Unlike conventional
PCA, Sparse PCA enhances interpretability by set-
ting many elements in the eigenvectors to zero, and
the eigenvectors do not need to be orthogonal to

each other. Since the number of principal compo-
nents should be predetermined, it is set to 10 in this
experiment. The analysis of different numbers of
principal components remains a subject for future
work.

It is hypothesized that each principal compo-
nent (PC) of Sparse PCA represents a type of LSC.
For each PC, the top three Binder features with
the highest values in the eigenvector are extracted
to provide a clear interpretation of the LSC type.
Subsequently, we check the words in descending
or ascending order of their values of the principal
component and verify whether they are represen-
tative words. The validity of the chosen represen-
tative words is evaluated by the following proce-
dures. First, following Giulianelli et al. (2020),
usage types (pseudo senses) are assigned to the
target words in example sentences by conducting
k-means clustering on a set of contextualized em-
beddings. Second, the five examples closest to
the center of each cluster are examined to confirm
whether they are correctly divided according to
their meanings. Finally, the change in the distri-
bution of usage types from ¢; to to is checked to
investigate whether it supports the LSC type aug-
mented by the related Binder features.

This method is similar to the analysis by ap-
plying PCA in BERT space (Aida and Bollegala,
2025), but enhances the interpretability of LSC
types. First, not only words with large or small
principal components but also the values of eigen-
vectors can be used for analyzing LSC types. Sec-
ond, since Sparse PCA assigns a zero to many ele-
ments, it is easier to find relevant (non-zero) Binder
features for each LSC type.

5.4 Results

Figure 2 shows the LSC vectors for plane and ter-
rific. According to the OED, the word plane ac-
quired the meaning of airplane around 1908, in
addition to its existing meaning of a flat geometri-
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Figure 3: Eigenvectors obtained by Sparse PCA. The number of principal components is set to 10. The horizontal
and vertical axes represent the 65 Binder features and the 10 principal components, respectively.

PC | LSC Type Label Top 3 Binder Features ‘ Representative Words
. . T console, plastic, vogue
1 | Artifact Shape, Weight, Color | overall, album, bluegrass
2 | Human Body, Face, Human T coach, shooter, racef
4 yahoo, explorer, major
. . 1 serial, aids, parkinson
3 | Negative Meaning | Unpleasant, Harm, Fearful | offence, terrific, crook
.. 1 bluegrass, plane, blues
4 | Sound Audition, Sound, Loud . . . .
J instrumentation, click, booming
5 | Transportation Motion, Fast, Path T pickup, sedan,' plane
J steamed, omnibus, coach
71 facility, resort, berkeley
6 | Place Scene, Large, Landmark | manila, chihuahua, bologna
7 | Social Caused, Consequential, Duration T wa.lrmlng, launch, sum.mlt
J briefs, console, offensive
8 | Familiar Thing UpperLimb, Practice, Near T topical, sink, blaCkbeW
J album, shooter, warming
.\ . 1 bonding, outgoing, terrific
9 | Positive Meaning | Happy, Pleasant, Benefit . . -
J intelligence, utility, console
1 bologna, bourbon, steamed
10"} Food Head, Taste, Smell J alcoholic, blackberry, bluegrass

Table 4: The result of analysis of Sparse PCA. “LSC Type Label” is a manually assigned label for the LSC type. The
symbols 1 and | indicate words with relatively large and small principal component values, respectively, suggesting
the words have acquired or lost their meanings of the features.

cal surface. As illustrated in Figure 2, the values
of the Binder features such as Motion, Audition,
and Path exhibit a substantial increase. Addition-
ally, according to the OED, ferrific acquired the
meaning of amazing around 1871, in addition to
its existing meaning of causing terror. The values
of the Binder features Pleasant and Happy have in-
creased significantly, while the values of the Binder
features Harm, Unpleasant, and Fearful have de-
creased significantly. This indicates that the major
meaning of ferrific has shifted from a negative to a
positive meaning.

Figure 3 shows the eigenvectors obtained by
Sparse PCA. Many elements in the eigenvectors
are zero, making them relatively easy to interpret.
In addition, by examining the absolute values in
the eigenvectors, it is possible to identify Binder
features that are deeply related to or not related to
LSC. For example, the absolute values of Vision
at the first, sixth, and seventh PCs are relatively
high, indicating Vision is likely to be deeply related
to LSC. On the other hand, the absolute values of
Number are nearly zero in all PCs, suggesting that
Number does not contribute to LSC.



B 2 type of country music any of various bluish grasses B internet explorer

a person who goes exploring

B to make warm global warming

1910s
2000s
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4

(a) bluegrass

1910s
2000s

(b) explorer

1910s
2000s

0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

(c) warming

Figure 4: Distributions of the usage types for bluegrass, explorer, and warming

Table 4 shows the types of LSC corresponding
to PCs. Many interesting types of LSC, which have
not been noted in previous studies (Traugott, 2017;
Campbell, 2020), are discovered by our method.
Figure 4 shows the distributions of the usage types
for some illustrative examples of words: bluegrass,
explorer, and warming. For bluegrass in PC4, the
meaning has changed from any of various bluish
grasses to a type of country music, shifting to a
meaning related to sounds. For explorer in PC2,
the meaning related to humans has declined due to
its increased use in the collocation internet explorer.
For warming in PC7, the meaning has changed to a
meaning related to social due to its increased use in
the collocation global warming. The distributions
for other words are shown in the Appendix A.

6 Analysis of Amelioration and
Pejoration

The process of mapping the BERT space to the
Binder space not only improves the interpretability
of LSC, as described in Section 5, but also facili-
tates the search for words corresponding to specific
types of LSC. This section presents a case study
to search for words that went through amelioration
or pejoration, where amelioration means acquiring
positive sentiment and pejoration means acquiring
negative sentiment (Traugott, 2017). In addition,
we evaluate the ability of our method to identify
specific words that acquire a positive or negative
meaning over time.

6.1 Known Words of Amelioration and
Pejoration

Several pieces of literature have already reported
examples of amelioration and pejoration. From
these references, the sets of known words of ame-
lioration and pejoration, Wame and W,j respec-
tively, are extracted. Table 5 shows Wame and Wye;
with their references. Although both sets are small,
they are used as ground truth to examine whether
our method successfully identifies these words as
amelioration or pejoration.

hysteria (Cook and Stevenson, 2010)

brilliant, fabulous, fantastic,

Weame spectacular (Altakhaineh, 2018)
| terrific (de Wit, 2021) |
dynamic, synthesis
(Cook and Stevenson, 2010)
| abuse, addiction, harassment, |
Whej

prejudice, trauma (Haslam, 2016)

awful (de Wit, 2021)

Table 5: Sets of known words of amelioration Wy ,c
and pejoration Wpe;

6.2 Methods

First, we select the Binder features that are related
to positive or negative meanings. Referring to
Binder et al. (2016), the features related to pos-
itive meanings Z,,.s are defined as Pleasant and
Happy, while the features related to negative mean-
ings T, are defined as Pain, Harm, Unpleasant,
Sad, Angry, Disgusted, and Fearful. Indeed, some
of these features indicate that the LSC type of PC9
and PC3 in Table 4 are amelioration and pejoration,
respectively. Furthermore, Happy, Sad, Angry, Dis-
gusted, and Fearful are derived from the basic emo-
tions proposed by Ekman (1992), which are closely
related to emotion analysis (Plaza-del Arco et al.,
2024) in the field of NLP.

Next, for each target word collected in Section
5.1, a score indicating the degree of positive or
negative lexical semantic change (called LSC score
in this paper) is calculated as follows:

LSCS(w, x) = max viee (w)[i],

1€l

(6)

where 7, is either Z,5 or Z,,c¢. That is, the max-
imum value of the positive (or negative) features
in the LSC vector is employed as the LSC score.
Our motivation behind this definition is that a word
should be recognized as amelioration or pejoration
if one of the features in 7,5 or Z,,¢¢ increases sig-
nificantly.
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Figure 5: LSC scores for positive features

Finally, we sort all the target words in order of
their LSC scores and verify whether the words in
Wame Or Wp,ej are highly ranked.

While previous methods (Cook and Stevenson,
2010; Goworek and Dubossarsky, 2024) are spe-
cialized for detecting amelioration and pejoration,
our approach can extend to identify words of other
LSC types discovered in Section 5.

6.3 Results

Figures 5 and 6 show the LSC scores for posi-
tive features LSCS(w, pos) and negative features
LSCS(w, neg), respectively. Words changing in
a positive direction (i.e., the LSC score is greater
than zero) account for about half of the total, while
words changing in a negative direction account
for about 75%. This indicates that words tend to
change in a negative direction more than in a posi-
tive direction.

Figure 5 shows that the rank of most known
words of amelioration in Table 5 are relatively high.
In particular, terrific is ranked first. The OED and
de Wit (2021) denote that ferrific began to be used
with a positive meaning in addition to a negative
one in the late 19th century, and today it is mainly
used with a positive meaning. On the other hand,
the LSC scores for hysteria and brilliant are nearly
zero. For hysteria, no positive meaning similar to
those shown by Cook and Stevenson (2010) are
found in the OED and examples in the CCOHA.
For brilliant, according to the OED, this word orig-
inally meant shining and acquired the metaphorical
meaning of splendid around 1739. This semantic
shift was not captured because the LSC score is
measured between periods of the 1910s and 2000s.

Figure 6 indicates that the meaning of all the
known words of pejoration in Table 5 are shifted in

LSC score for negative features
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Figure 6: LSC scores for negative features

a negative direction. The words abuse, addiction,
harassment, and trauma, which are suggested by
Haslam (2016), are ranked relatively high. Accord-
ing to Haslam (2016), as the meanings of these
words expand, people become more sensitive to
their negative connotations. On the other hand, the
ranks of some words in W,; are low. For preju-
dice, the results are similar to those of Vylomova
et al. (2019), and unlike other words in Haslam
(2016), its meaning has not drastically shifted in a
negative direction. For dynamic and synthesis, no
negative meaning similar to those shown by Cook
and Stevenson (2010) is found in the OED and ex-
amples in the CCOHA. For ferrible, since this word
has only negative meaning, it is unlikely that its
meaning will change in a more negative direction.

To sum up, these results demonstrate the effec-
tiveness of our method in the detection of amelio-
ration and pejoration.

7 Conclusion

This study proposed a novel method to improve the
interpretability of LSC by mapping the semantic
space of the pre-trained language model to the neu-
robiological space. In the experiments designed
to estimate the degree of LSC, our method demon-
strated better performance than the baseline meth-
ods that did not map the semantic spaces. By lever-
aging the high interpretability of our method, we
discovered interesting types of LSC that had not
been identified previously. Additionally, in the de-
tection of amelioration and pejoration, our method
assigned appropriate LSC scores for words, which
evaluated how their meanings changed positively
or negatively. In the future, we plan to apply our
method to detect words of other types of LSC.



Limitations

In this study, we analyzed several LSC types from
the perspective of the Binder features. On the
other hand, according to Traugott (2017), there
are different types of LSC, such as metaphoriza-
tion, metonymization, narrowing, and generaliza-
tion. The method proposed in this paper might
struggle to capture these LSC types because there
is no clear correlation between the Binder features
and them. Therefore, it is necessary to extend the
current method or adopt new methods of represen-
tation (e.g., representing the meaning of a word in a
sentence with box embeddings (Oda et al., 2024)).

In addition, it is necessary to increase the num-
ber of target words. In our method, words that are
not included in the vocabulary of the tokenizer of
pre-trained language models are outside the scope
of the analysis, resulting in failure to capture the
LSC of those words. Even when a word is split
into multiple subwords, contextualized embeddings
should be obtained, for example, by taking an av-
erage vector of the contextualized embeddings of
these subwords (Montariol et al., 2021).
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A Distributions of the usage types

The distributions of the usage types for several rep-
resentative words in Table 4 are shown in Figures
7 and 8.
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I as a whole
[ loose-fitting trousers

B to comfort in mental distress or depression
mmm abbreviation for console-table
1910s 1910s
2000s
0.2 0.4 0.6 0.8 1.0

2000s

(a) console [PC1, Artifact, 1] (b) overall [PC1, Artifact, |]

B & rude, noisy, or violent person

I a wheeled vehicle designed for carrying passengers N 2 company name
[ a company name (same to the above)

m a person providing training or instruction
1910s

1910s
2000s 2000s
1.0 0.0 0.2 0.4

0.0 0.2 0.4 0.6 0.8
(d) yahoo [PC2, Human, |]

0.6 0.8 1.0

(c) coach [PC2, Human, 1]

mmm displeasure, annoyance, or resentment caused to a person

I belonging to, forming part of, or consisting of a series
W a breach of law, rules, duty, propriety, or etiquette

i serial killer
1910s 1910s
2000s
0.2 0.4 0.6 0.8 1.0

2000s

(e) serial [PC3, Negative Meaning, 1] (f) offence [PC3, Negative Meaning, ]

I instruments or instrumental components
I musical instruments collectively

N 2 type of country music
[ any of various bluish grasses
1910s 1910s
2000s
0.2 0.4 0.6 0.8 1.0

2000s

(g) bluegrass [PC4, Sound, 1] (h) instrumentation [PC4, Sound, |]

I to move or travel by the agency of steam
[ to apply steam to, expose to the action of steam

. pickup truck
i the action or an act of picking up something or someone
1910s 1910s
2000s
0.2 0.4 0.6 0.8 1.0

2000s

(i) pickup [PC5, Transportation, 1] (j) steamed [PC5, Transportation, J.]

N 2 city in Philippines
I manila envelope or manila folder

I the quality, fact, or condition of being easy or easily performed
[ the physical means or equipment required for doing something
1910s 1910s
2000s
0.2 0.4 0.6 0.8 1.0

2000s

(k) facility [PC6, Place, 1] (1) manila [PC6, Place, |]

Figure 7: Distributions of usage types of representative words. These words are excerpted from Table 4. An ID of a
principal component, an LSC type label, and an arrow indicating the direction of semantic change of each word are

in parentheses.



= to make warm
I global warming

1910s
2000s

0.0 0.2 0.4 0.6 0.8 1.0

(m) warming [PC7, Social, 1]

I that belongs or is applied to a particular part of the body
i of or pertaining to the topics of the day

1910s
2000s

0.0 0.2 0.4 0.6 0.8 1.0

(o) topical [PC8, Familiar Thing, 1]

B the action of pledging under bond to the repayment of money borrowed
i the formation of an emotional bond between two individuals

1910s
2000s
0.0 0.2 0.4 0.6 0.8 1.0
(q) bonding [PC9, Positive Meaning, 1]
I 2 town in Italy
i bologna sausage
1910s
2000s
0.0 0.2 0.4 0.6 0.8 1.0

(s) bologna [PC10, Food, 1]

W very short knickers, or trunks
[ a short statement or account of something

1910s
2000s

0.0 0.2 0.4 0.6 0.8 1.0

(n) briefs [PC7, Social, |]

N 2 set or collection of related records, packaged and sold together
I a book used for the collection and preservation of miscellaneous items

1910s
2000s

0.0 0.2 0.4 0.6 0.8 1.0

(p) album [PC8, Familiar Thing, ]

mmm the faculty of understanding; intellect
[ communication of esp. confidential information by a secret agent

1910s
2000s

0.0 0.2 0.4 0.6 0.8 1.0

(r) intelligence [PC9, Positive Meaning, | ]

I alcoholic drinks
[ a person who is addicted to alcoholic drink

1910s
2000s
0.0 0.2 0.4 0.6 0.8 1.0

(t) alcoholic [PC10, Food, | ]

Figure 8: Distributions of usage types of representative words (cont.)
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Abstract

Singlish discourse particles exhibit tone-
sensitive polysemy, where identical ortho-
graphic forms—distinguished only by prosodic
cues in speech—serve distinct pragmatic func-
tions. This poses a fundamental challenge for
unimodal language models that must infer par-
ticle meanings solely from text. We thus inves-
tigate whether contextual information enables
language models to predict appropriate parti-
cles in a cloze-style task, and whether increased
data exposure—through domain-specific pre-
training or in-context prompting—improves
performance. To enable fair evaluation, we
organize particles into semantic groups that
minimize intra-group functional overlap. We
test three BERT variants—including a Singlish
domain-specific SingBERT model—and GPT-
4.1 under zero-shot, definition-prompted, and
few-shot conditions. Results demonstrate that
domain-specific pretraining yields consistent
performance gains over general English models
(56.2% vs 30.1%), yet absolute performance
remains modest across all approaches. GPT-
4.1 shows variable performance across seman-
tic groups and prompting strategies (23.8%—
66.4%). These findings reveal that contextual
cues only partially compensate for the absence
prosodic information, highlighting fundamen-
tal limitations of text-only approaches for con-
tact languages with substrate-derived pragmatic
systems and the need for prosody-aware com-
putational methods.

1 Introduction

Colloquial Singapore English (hereafter Singlish)
is an English-based contact language that draws
substrate influences from Singapore’s multilingual
landscape, including Malay, Tamil, and Sinitic va-
rieties such as Hokkien and Cantonese (Deterding,
2007; Leimgruber, 2011; Chow and Bond, 2022;
Ningsih and Rahman, 2023). A hallmark charac-
teristic of Singlish is its extensive use of pragmatic

discourse particles—such as lah, leh, hor, and sia—
which, while removable without affecting gram-
maticality, encode important propositional content
(Ler, 2006; Chow, 2021). Crucially, these parti-
cles are seldom monosemous; their meanings and
discourse functions are jointly determined by con-
textual and prosodic cues (Lim, 2007; Wong, 2014;
Soh et al., 2022). This tone-sensitivity potentially
undermines the ability of unimodal language mod-
els to process Singlish, as they operate solely on
orthographic input without prosodic notation.

Intra-particle polysemy is illustrated in the fol-
lowing sentences from the English subset of the Na-
tional University of Singapore SMS corpus (Chen
and Kan, 2015), a collection of over 55K messages
in Singapore English:

(1) U typing the outline into the google doc hor?
(#15340)

(2) Drive carefully when u come back hor... Rain-
ing heavily... (#15123)

In (1), hor functions as a confirmation-seeking
question marker, converting the proposition into
an interrogative while presuming its truth value.
In contrast, in (2) hor adds precautionary force to
an imperative, emphasizing the warning nature of
the utterance. These functional distinctions are dis-
tinguished through rising versus falling tonal con-
tours (Gupta, 1992; Kim, 2014; Lee, 2018; Chow,
2021; Liu et al., 2022; Chow et al., 2024). These
examples illustrate that while prosodic cues dis-
ambiguate particle functions in speech, particle
meanings in written Singlish must be inferred from
context. This raises the question of whether con-
textual information alone enables models to predict
the appropriate particle.

Since Singlish particles are embedded within
English lexical items and syntactic structures, two
possibilities arise: on the one hand, English-based
models might benefit from cross-lingual transfer



from high-resource English data, as demonstrated
by Armstrong et al. (2022) on Jamaican Patois.
Conversely, tone-conditioned discourse particles—
which are absent from standard English varieties—
may fall outside the latent knowledge models ac-
quire through pretraining. We investigate whether
increased data exposure, either in the form of
language-specific training data or particle defini-
tions and usage examples within a prompt, can
compensate for limited exposure to Singlish during
initial pretraining.

This work addresses the computational chal-
lenge of Singlish particle disambiguation through
the evaluation of contemporary language models
using a novel semantic grouping approach. We ex-
tract particle-containing sentences from the NUS-
SMS corpus and develop a manually annotated sub-
set. Drawing on extensive prior literature, we iden-
tify the pragmatic functions of 10 common Singlish
particles and organize them into semantically coher-
ent groups that minimize functional overlap within
groups, while enabling fair comparison of model
performance across different functional categories.
We evaluate three masked language models with
varying training data exposure—from general En-
glish pretraining (BERT-base-uncased) to multilin-
gual training (BERT-base-multilingual-uncased) to
domain-specific training on Singlish and Malaysian
English texts (SingBERT)—alongside a generative
model (GPT-4.1) tested under different data expo-
sure conditions: zero-shot, few-shot, and definition-
prompted settings.

Our contributions are threefold: (1) We develop
a semantic grouping strategy for Singlish parti-
cles that minimizes intra-group functional over-
lap, enabling fair evaluation of model performance
on distinct pragmatic functions; (2) We evaluate
how different training data exposures affect parti-
cle function recognition across masked language
models and generative models; (3) We provide em-
pirical evidence that even domain-specific pretrain-
ing achieves only modest performance on tone-
sensitive particles, demonstrating fundamental lim-
itations of text-only approaches and the need for
prosody-aware methods for contact languages.

2 Related Work
2.1 NLP for Creoles

Natural language processing research on creole lan-
guages has historically been sparse, despite creoles
being spoken by hundreds of millions of people

worldwide (Lent et al., 2021). This neglect stems
from societal stigmatization rooted in colonial his-
tories, their predominantly oral nature, and exclu-
sion from major multilingual datasets and language
family classifications (Lent et al., 2022b, 2024).

Creoles present computational challenges that
distinguish them from typical low-resource sce-
narios. Unlike languages with clear genealogical
lineages, creoles emerge from complex contact
situations involving multiple substrate and super-
strate languages. This mixed ancestry undermines
standard transfer learning assumptions: Lent et al.
(2022a) demonstrated that straightforward trans-
fer from ancestor languages to creoles often fails
to achieve expected performance gains, as lexical
items may derive from one language while syntac-
tic structures reflect another.

Recent efforts have expanded to include named
entity recognition (Adelani et al., 2021), sentiment
analysis (Muhammad et al., 2022), and compre-
hensive multilingual evaluation frameworks (Lent
et al.,, 2024). However, semantic disambigua-
tion challenges—particularly for substrate-derived
features like Singlish discourse particles—remain
largely unaddressed. Addressing these challenges
requires approaches that account for the complex
interplay between superstrate lexical foundations
and substrate pragmatic systems, as we examine in
the context of Singlish particle processing.

2.2 Computational Approaches to Singlish
Particle Disambiguation

Computational approaches to Singlish discourse
particles have emerged from diverse methodologi-
cal directions, with early work focusing on syntac-
tic representation rather than semantic disambigua-
tion. Wang et al. (2017) conducted foundational
work by creating a Universal Dependencies tree-
bank for Singlish and training neural dependency
parsers with neural stacking to integrate English
syntactic knowledge. While achieving significant
parsing improvements, their approach treated par-
ticles uniformly within grammatical frameworks
rather than addressing their polysemous functions.

Rule-based approaches have attempted represen-
tation within formal grammar frameworks. Chow
(2021) and Chow and Bond (2022) developed
HPSG-based grammars representing sentence-final
particles as heads selecting sentences as comple-
ments, organizing particles into hierarchical types
based on positional constraints. Although struc-
turally thorough, these approaches focus on syn-



tactic distribution rather than semantic disambigua-
tion.

Neural generation approaches have addressed
particles within broader paraphrasing frameworks.
Liu et al. (2022) integrated particle processing into
Singlish-to-English translation through “seman-
tic level rewriting,” demonstrating that particles
like lah (mood marker) and /eh (tentative request
marker) require clause-level understanding rather
than word-level replacement. However, their ap-
proach did not specifically target disambiguation of
particle functions based on prosodic or contextual
cues.

Recent work has begun to explicitly address
particle semantics. Chow et al. (2024) created
SingDict, an open-source dictionary including par-
ticles with tonal annotations, while Foo and Ng
(2024) specifically tackled disambiguation for three
particles (lah, meh, hor) using task-driven repre-
sentations with SingBERT, subtracting vector em-
beddings to isolate particle representations and per-
forming unsupervised clustering to identify prag-
matic functions. Current computational approaches
to processing Singlish have also expanded to in-
clude style transfer (Liang et al., 2025), content
moderation (Foo and Khoo, 2025), and multimodal
understanding (He et al., 2025), reflecting grow-
ing recognition of Singlish’s computational impor-
tance.

Our work differs from prior approaches in three
key respects. First, rather than treating all parti-
cles uniformly (as in syntactic approaches) or fo-
cusing on individual particles in isolation (as in
clustering-based methods), we explicitly address
how tone-dependent polysemy creates overlapping
pragmatic functions across particles. Second, we
investigate whether varying levels of data expo-
sure enable models to learn contextual patterns
that compensate for missing prosodic information.
Third, while previous work has primarily focused
on syntactic parsing or translation, we directly eval-
uate models’ capacity for particle prediction in au-
thentic conversational Singlish, demonstrating that
substrate-derived, tone-sensitive pragmatic features
fundamentally limit models’ processing of contact
languages.

3 Methods

3.1 Dataset Construction and Particle
Selection

We extract particle-containing sentences from the
English subset of the National University of Sin-
gapore SMS corpus (Chen and Kan, 2015), which
contains over 55,000 short, informal text messages
from Singaporeans, primarily students at the Na-
tional University of Singapore. The corpus pro-
vides naturalistic data with some chronologically
ordered conversations, allowing for opportunistic
retrieval of conversational context.

To identify target particles for analysis, we com-
piled definitions and functional descriptions from
extensive prior research on Singlish discourse parti-
cles (Chow, 2021; Gupta, 1992; Kim, 2014; Khoo,
2012; Lee, 2018; Leimgruber, 2016; Leimgruber
et al., 2021; Lim, 2007; Liu et al., 2022; Platt and
Ho, 1989; Soh et al., 2022; Wong, 2014). We used
regular expressions to extract sentences containing
these particles, focusing specifically on substrate-
derived particles (thus excluding one and what,
which share orthographic forms with Standard En-
glish words despite having distinct pragmatic func-
tions in Singlish).

Through manual inspection and frequency anal-
ysis, we identified 10 particles that were both fre-
quent in the corpus and whose meanings could
be reliably verified in the literature. Four parti-
cles exhibited tonal polysemy—distinct pragmatic
functions associated with different tonal variants.
Table 1 presents our final particle inventory with
their tonal variants, pragmatic functions, syntactic
environments, and number of appearances in our
dataset.

We applied basic preprocessing including dedu-
plication, removal of anonymization artifacts, fil-
tering sentences with fewer than three words to
ensure sufficient context, and exclusion of purely
Mandarin or other substrate language content. For
particles exhibiting tonal polysemy, we manually
classified each instance into the closest functional
variant based on contextual and syntactic cues, fol-
lowing the definitions established in our literature
review.

3.2 Semantic Grouping Strategy

Rather than attempting simultaneous classification
across all particle functions, which would unfairly
penalize models due to substantial semantic overlap
and an excessively wide range of candidate labels,



Particle Tone Pragmatic Function DEC IMP INT Count
ah rising confirms understanding/acknowledgement + + 425
low tag question/echo-question marker + 367
bah low hedge; uncertainty/lack of commitment + + + 316
hor rising question marker; speaker believes proposition true + 107
low falling  warning/disclaimer marker + + 50
lah low persuades acceptance of proposition + + 511
falling presents solutions; conveys annoyance + + 88
leh mid-level persuades action/belief acceptance + + 146
low marks new information/counters assumptions + 672
liao falling past tense/perfective aspect marker + + + 624
lor mid-level marks obviousness/resignation; agreements + + 957
mah high marks information as obvious + 254
meh high question marker; skepticism/doubt + 181
sia rising reduces distance; surprise/admiration + + 212
Total 4,910

Table 1: Singlish sentence-final particles with tonal variants, pragmatic functions, syntactic environments, and
number of occurrences in our NUS-SMS subset. DEC = declarative, IMP = imperative, INT = interrogative. A "+"
indicates the particle can occur in the sentence type. Particles with multiple rows show tone-sensitive polysemy.

Group Particles Count

1 low ah, rising hor,

high meh 655
2 low leh, falling liao,

high mah, rising sia 1,762
3 falling lah, mid-level leh,

low falling hor, low bah 600
4 low lah, rising ah,

mid-level lor 1,893

Table 2: Semantic grouping of Singlish particles to
minimize functional overlap within groups.

we organized particles into four semantic groups
that minimize functional overlap within groups
while allowing fair evaluation across distinct prag-
matic domains. Table 2 summarizes our semantic
grouping with the distribution of instances across
groups.

Our grouping strategy prioritizes syntactic and
functional similarity while maintaining relatively
balanced instance counts across groups. Group
1 comprises question markers that occur exclu-
sively in interrogative contexts. Group 2 includes
particles that function as non-imperative markers.
Groups 3 and 4 organize the remaining particles
using complementary pragmatic functions while
avoiding intra-group semantic overlap.

3.3 Model Selection and Implementation

Table 3 summarizes our experimental setup across
two paradigms: BERT-based models and GPT-4.1,
selected to capture different aspects of particle un-

Paradigm Model Data Exposure
BERT-base-uncased  English
BERT-base- Top 102 languages

BERT-based multilingual-uncased (Wikipedia)
SingBERT Singlish/Manglish

(subreddits, forums)

Zero-shot Baseline

GPT-4.1 Few-shot NUS-SMS sentences

with particles

Definition-prompted ~ Particle definitions

Table 3: Model configurations with their respective data
exposure. BERT models are pretrained on the indicated
corpora; GPT-4.1 variants receive information through
in-context prompting.

derstanding and exposure to training data.

Our evaluation task requires models to predict
the correct particle for masked positions in authen-
tic Singlish sentences. Within each semantic group,
models select from 3—4 candidate particles (e.g.,
Group 1 candidates are low ah, rising hor, and high
meh). The models predict which particle should
appear in context, and we compare this against the
actual particle found in the corpus.

BERT-based models. For masked language
models, we implement a probabilistic scoring ap-
proach to handle particles that tokenize into multi-
ple subwords. Given a sentence with [MASK] in
the particle position, we expand the mask to accom-
modate the number of subwords in each candidate
particle. For each candidate, we compute the cumu-
lative log-probability by iteratively predicting each
subword position, conditioning subsequent predic-
tions on previously selected tokens (greedy left-to-



right decoding). The candidate with the highest cu-
mulative log-probability is selected as the model’s
prediction. We use BERT-base-uncased, BERT-
base-multilingual-uncased, and SingBERT in their
released forms with default tokenizers, without ad-
ditional fine-tuning on our task.

GPT-4.1. For the generative model, we use struc-
tured prompts that present the cloze sentence and
explicitly list the candidate particles for the given
semantic group. We set temperature=0.0 to en-
sure deterministic predictions and max_tokens=5
to enforce concise responses containing only the
predicted particle. For the few-shot condition, we
provide 3 example sentences per particle drawn
from the NUS-SMS corpus; these examples were
held out from the test set to prevent data leakage.
For the definition-prompted condition, we include
functional descriptions of each candidate particle
based on our literature review. Complete prompt
templates and particle definitions are provided in
Appendix A.

3.4 Evaluation Metrics

We report accuracy as our primary metric: the
proportion of correct predictions out of all test in-
stances. Given the substantial frequency imbalance
across particles within groups (Table 1), we re-
port both micro-averaged and macro-averaged met-
rics. Micro-averaged accuracy weights predictions
by instance count, reflecting overall performance
as weighted by the natural distribution of parti-
cles in conversational Singlish. Macro-averaged
metrics compute unweighted averages across par-
ticles, revealing whether models perform consis-
tently across all particle types regardless of fre-
quency. For detailed group-level analysis (Tables 4—
7), we report micro-averaged accuracy alongside
macro-averaged precision and F1 scores to assess
per-particle performance.

4 Results and Discussion

Figure 1 presents micro-averaged accuracy across
all groups and models, while Figure 2 shows over-
all performance averaged across semantic groups.
Detailed results for each semantic group are shown
in Tables 4-7.

4.1 Domain-Specific Training Effects

SingBERT consistently outperforms both general
English and multilingual BERT models across
all semantic groups, achieving an overall micro-
averaged accuracy of 56.2% compared to 30.1%

Model Acc Prec F1

BERT-base 524 394 325
BERT-multi 519 359 30.8
SingBERT 655 634 59.1
GPT-4.1 (0-shot) 63.5 587 584
GPT-4.1 (def) 664 62.5 582
GPT-4.1 (few) 65.8 450 432

Table 4: Group 1 results: Question markers (low ah,
rising hor, high meh). All models show relatively strong
performance, with GPT-4.1 definition-prompted achiev-
ing highest accuracy. For all groups (Tables 4-7), ac-
curacy is micro-averaged while precision and F1 are
macro-averaged.

Model Acc Prec F1

BERT-base 150 20.7 119
BERT-multi 189 207 175
SingBERT 624 589 523

GPT-4.1 (0-shot) 52.1 19.2 179
GPT-4.1 (def) 548 292 278
GPT-4.1 (few) 559 251 251

Table 5: Group 2 results: Non-imperative markers (low
leh, falling liao, high mah, rising sia). Largest per-
formance gap between SingBERT and other models,
highlighting domain expertise importance.

for BERT-base and 34.1% for BERT-multi. How-
ever, these modest absolute performance levels
highlight the fundamental difficulty of the parti-
cle disambiguation task when prosodic information
is unavailable. The performance advantage is most
pronounced in Group 2 (non-imperative markers),
where SingBERT achieves 62.4% accuracy com-
pared to 15.0% and 18.9% for the baseline models
respectively, demonstrating the critical importance
of domain-specific exposure to Singlish linguistic
patterns.

Notably, the performance gap narrows in Group
3, where BERT-multi outperforms SingBERT
(40.2% vs 36.7%). This suggests that cross-lingual
transfer from substrate languages may benefit cer-
tain pragmatic functions that bridge multiple lin-
guistic systems within the multilingual architec-
ture.

4.2 Generative Model Performance

GPT-4.1 demonstrates variable performance across
prompting strategies and semantic groups. Zero-
shot micro-averaged performance ranges from
23.8% (Group 3) to 63.5% (Group 1), indicating
substantial but uneven knowledge of Singlish par-
ticle functions. Definition prompting consistently
improves performance across all groups, with the
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Figure 1: Model performance across semantic groups showing micro-averaged accuracy percentages. SingBERT
demonstrates consistent performance across groups, while other models show variable effectiveness depending on

pragmatic domain.

Model Acc Prec F1

BERT-base 282 212 208
BERT-multi 402 263 253
SingBERT 36.7 463 374
GPT-4.1 (O-shot) 23.8 20.7 10.6
GPT-4.1 (def) 46.7 443 31.9

GPT-4.1 (few) 300 40.1 237

Table 6: Group 3 results: Mixed pragmatic functions
(falling lah, mid-level leh, low falling hor, low bah).
Most challenging group across all models, with defini-
tion prompting showing greatest improvement.

most substantial gains in Group 3 (46.7% vs 23.8%
zero-shot). This improvement pattern indicates that
GPT-4.1 possesses latent knowledge about Singlish
pragmatics that can be activated through appropri-
ate metalinguistic scaffolding.

Few-shot prompting shows mixed results,
sometimes underperforming definition prompting
(Group 3: 30.0% vs 46.7%), suggesting that met-
alinguistic guidance may be more effective than
exemplar-based learning for this task.

4.3 Semantic Group Analysis

Group 1 (question markers) shows the most consis-
tent performance across models, with all models

Model Acc Prec Fl1

BERT-base 24.7  39.1 19.7
BERT-multi 255 363 19.8
SingBERT 604 57.6 550
GPT-4.1 (0O-shot) 40.6 28.3 2338
GPT-4.1 (def) 46.8 476 45.1
GPT-4.1 (few) 464 496 46.1

Table 7: Group 4 results: Persuasive/confirmatory mark-
ers (low lah, rising ah, mid-level lor). SingBERT
shows strong performance, with consistent improve-
ment across GPT-4.1 prompting strategies.

except BERT-base achieving above 50% accuracy.
This suggests that interrogative particles may be
more learnable due to their clearer syntactic con-
straints.

Group 2 exhibits the largest performance dis-
parity between domain-specific and general mod-
els, highlighting the importance of exposure to
Singlish-specific pragmatic patterns. The poor per-
formance of general English models (15.0% and
18.9%) indicates that these particles encode dis-
course functions not readily transferable from stan-
dard English patterns.

Group 3 proves most challenging across all mod-
els, with no model achieving above 47% accuracy.
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Figure 2: Overall performance comparison showing micro-averaged accuracy, macro-averaged precision, and
macro-averaged F1 scores, each averaged across the four semantic groups.

This group contains particles with the most com-
plex pragmatic functions and highest degree of
contextual sensitivity, suggesting that current ap-
proaches struggle with highly context-dependent
semantic disambiguation.

Group 4 shows strong performance for
SingBERT (60.4%) and moderate but consistent
improvement for GPT-4.1 across prompting strate-
gies, indicating that persuasive and confirmatory
functions may be more accessible to computational
models.

4.4 Implications for Contact Language
Processing

Our findings reveal several key implications for
computational approaches to contact languages.
The consistent benefits of domain-specific pretrain-
ing underscore the necessity of specialized train-
ing data for creole language processing. However,
the universally modest absolute performance lev-
els—even SingBERT achieves only 56.2% overall
accuracy—point to fundamental limitations in cur-
rent text-only approaches when pragmatic meaning
is prosodically encoded. The variable effectiveness
of different prompting strategies suggests that large
generative models possess relevant but unevenly
accessible knowledge about contact language fea-
tures, with definition prompting (53.7%) substan-
tially outperforming zero-shot approaches (45.0%)
while few-shot prompting shows inconsistent bene-
fits (49.5%).

5 Conclusion

This study demonstrates that tone-sensitive prag-
matic phenomena in Singlish discourse particles
expose fundamental limitations of contemporary
language models operating solely on orthographic
input. Even with domain-specific pretraining, per-
formance remains far from human-level, underscor-
ing the difficulty of capturing prosodically encoded
meaning from text alone. These findings highlight
that pragmatic interpretation in contact languages
cannot be reduced to surface form recognition: it
requires sensitivity to prosody, stance, and interac-
tional context.

Our semantic grouping framework provides a
principled evaluation methodology that mitigates
functional overlap between particles, offering an
approach generalizable to other contact varieties
with complex pragmatic systems. The framework
reveals systematic performance patterns: interroga-
tive markers (Group 1) achieve relatively consistent
results across models, while non-imperative mark-
ers (Group 2) and context-dependent functions
(Group 3) prove substantially more challenging,
particularly for models lacking Singlish-specific
training. The variable success of definition prompt-
ing—with gains of over 20 percentage points in
Group 3—further indicates that large generative
models contain latent knowledge of such systems,
but that this knowledge requires explicit scaffold-
ing to be reliably accessed.

Taken together, these results argue for expanding



computational approaches to under-resourced con-
tact languages beyond text-only evaluation toward
multimodal, prosody-aware methods that recognize
the interplay of substrate-derived pragmatic sys-
tems with lexifier structures. Beyond Singlish, this
work illustrates how contact languages can serve
as critical testing grounds for theories of meaning
in NLP, revealing where current models succeed,
where they fail, and what linguistic knowledge re-
mains inaccessible through distributional learning
alone.

Limitations

While our evaluation provides valuable insights
into computational particle disambiguation, certain
limitations must be acknowledged. First, our man-
ual annotation of tonal variants introduces poten-
tial subjectivity, particularly for ambiguous cases
where contextual cues are insufficient to determine
intended prosodic realization. Given the complex
sociolinguistic nature of Singlish and the inherent
difficulty of defining "native speaker" status in a
contact language context, some degree of interpre-
tive judgment is unavoidable. We mitigated this
through extensive consultation of established lit-
erature and consistent application of documented
functional criteria.

Second, the NUS-SMS corpus, while represent-
ing a specific demographic (primarily university
students), constitutes one of the few available natu-
ralistic Singlish corpora with substantial particle us-
age. Despite its demographic constraints, this cor-
pus provides valuable authentic data. Our semantic
grouping strategy, while involving theoretical judg-
ment about functional similarity, is grounded in
established pragmatic distinctions documented in
extensive prior literature on Singlish discourse par-
ticles.

Finally, our evaluation framework focuses on
Singlish and textual particle prediction, which may
limit generalizability to other contact languages or
multimodal contexts. Future work incorporating
prosodic information and expanding to additional
creole varieties could enhance our understanding
of computational challenges across diverse contact
language phenomena.
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A Prompt Templates

A.1 Zero-shot Prompt

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of the
following particles: {candidates}. Do
not output anything else.

Sentence: {cloze_text}

A.2 Definition-prompted Template

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of the
following particles: {candidates}. Use
the following definitions to guide your
choice:

[Particle definitions inserted here

based on semantic group]
Do not output anything else.

Sentence: {cloze_text}



A.3 Few-shot Template

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of
the following particles: {candidates}.
Below are example usages for each
particle:

[Examples for each particle inserted
here]

Do not output anything else.

Sentence: {cloze_text}

A.4 Particle Definitions by Semantic Group
A.4.1 Group 1: Question Markers

ah: question marker (tag question or
echo-question), elicits affirmation or
confirmation

hor: question marker; indicates that the
speaker believes the proposition to be
true

meh: question marker; indicates
skepticism or doubt

A.4.2 Group 2: Non-imperative Markers

leh: marks new information or re-asserts
old information, possibly to counter
the addressee’s assumptions; used for
declaratives

liao: past tense/perfective aspect
marker; used for declaratives,
imperatives, interrogatives

mah: marks information as obvious; used
for declaratives

sia: reduces the distance between
interlocutors and marks coarseness,
surprise, or admiration; used for

declaratives and interrogatives

A.4.3 Group 3: Mixed Pragmatic Functions

lah: presents answers or solutions
to questions or situations; conveys
annoyance and unfriendliness towards the
addressee; wused for declaratives and
imperatives

leh: persuades the addressee to take
action or accept a belief; used for
declaratives and imperatives

hor: indicates a warning or disclaimer;
used for declaratives and imperatives
bah: hedge; marks uncertainty and
lack of commitment about a proposition;
used for declaratives, imperatives,
interrogatives

A.44 Group 4: Persuasive/Confirmatory

Markers

lah: persuades the addressee to accept
a proposition the speaker believes to
be true; used for declaratives and

imperatives
ah: confirms the addressee’s
acknowledgement or understanding

of a proposition; used for declaratives
and imperatives

lor: marks obviousness and resignation;
often wused for agreements; used for
declaratives and imperatives

A.5 Few-shot Examples by Semantic Group
A.5.1 Group 1 Examples

ah:

1. K.:)you are the only girl waiting in reception
ah?

2. Oh all have to come ah?

3. K. Did you call me just now ah?

hor:

1. Hey, u haven’t upload the latest copy hor?

2. U typing the outline into the google doc hor?
3. Dear so we waiting u at orchard hor? Head of
train k

meh:

1. Can meh? Thgt some will clash... Really ah, i
dun mind...

2. Now got tv 2 watch meh? U no work today?

3. Huh... U serious of poning ah... Deepavali not
nxt wk meh?

A.5.2 Group 2 Examples

leh:

1. haha but no money leh... Later got to go for
tuition...

2. Tmr v crowded leh, weekday go la...

3. Huh... I mean e orientation in e first wk leh...
Not majors...

liao:

1. Juz now havent woke up so a bit blur blur... Dad

went out liao...

2. not goin 4 any camps... My faculty camp oso over
liao...

3. oredi on my way to e class liao...

mah:

1. C movie is juz last minute decision mah. Juz
watch 2 lar...

2. U must key in the amount on top first mah

3. Lol because if im not there and you kena caught,
it will be very awkward mah lol

sia:

1. guess wad sia? i won preview tickets to this
korean show!

2. Haha. Good what. Can earn another 1k plus. Rich
sia u.

3. U so serious till hallucinate?! Serious sia! u
better stop training

A.5.3 Group 3 Examples

lah:

1. Then give mine to the person who doesnt have it
lah.

2. Okayokay but what’s done is done lah.

3. Borrow the one at home lah. Also, camera i think
no choice...

leh:

1. Let me know asap leh

2. What u all buying? Help me to buy leh. I go join
u all now.

3. It’s ok. I’'m already at your place. Open the
door for me leh.

hor:

1. U dun say so early hor... U c already then say...
2. Drive carefully when u come back hor... Raining
heavily...

3. u so naughty!!!! dun sleep so late hor. hug you
tight tight.

bah:

1. Shld be ard 4 to 5 bah. What time e thing starts
ar..

2. Don’t know leh. Maybe his office bah.

3. Okie... scarly u arrive first arh lol... I think
he shld be going bah

A.5.4 Group 4 Examples

lah:

1. Ur haircut not bad lah, quite nice and dun really
look gong.

2. i think no need lah..i go borrows from steve



3. Ohh.. I heard australia is good lah. Haha. I
don’t intend to travel.

ah:

1. dun forget u still owe me a treat ah..haha

2. 630. Today ah! Later on... Dont be late... And
dont gelek

3. fetch me at 6 ah.. arts there, e place u always
pick me up one..

lor:

1. Anything lor up 2 u... Dun buy anything too
expensive. ..

2. ya lor. as my friends doing agency job then many
of them got more tutor than student.

3. No. They bound to tease at us, so just let them
tease lor.
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Abstract

This paper examines whether Transformer-
based language models can generalize over
abstract syntactic structures in low-
resource languages. Focusing on Korean
subject—verb honorific agreement, we
evaluate KoBERT and KoGPT-2 using
classification and attention analyses before
and after fine-tuning. Results show that
KoGPT-2, especially after fine-tuning,
outperforms KoBERT in  handling
structurally ~ complex  constructions.
Attention analyses reveal that KoGPT-2
shows more syntactic alignment than
KoBERT, although inconsistently. Both
models remain susceptible to interference
from honorific attractors. These findings
highlight key differences between
autoregressive and masked LMs in
syntactic generalization and show that
attention may reflect syntactic structure but
not reliably indicate  grammatical
competence.

1 Introduction

Transformer-based language models have achieved
strong performance across a wide range of natural
language processing tasks. Although growing
evidence suggests that these models implicitly
encode aspects of syntactic knowledge (Clark et
al., 2019; Hewitt & Manning, 2019; Lin, Tan, &
Frank, 2019; Wilcox, Futrell, & Levy, 2024), it
remains unclear to what extent they can track
syntax-sensitive dependencies and generalize over
abstract syntactic structures independently of
lexical content. Most work has focused on high-
resource languages like English, while low-
resource languages such as Korean—making up
less than 1% of web content—pose unique
challenges due to limited data. This study uses
Korean to evaluate the syntactic knowledge

encoded in Transformer-based models, focusing
specifically on subject—verb honorific agreement.

Although sentences appear linear on the
surface, linguistic theory has shown language is
fundamentally hierarchical. This raises the
question of whether language models can capture
such structural information beyond surface
patterns. A common strategy for probing syntactic
generalization involves agreement phenomena,
where two linguistic elements must match in
morphosyntactic features. For instance, Goldberg
(2019) showed BERT (Devlin et al, 2019)
performs well on subject—verb agreement in
English, suggesting that Transformer-based models
can track syntactic dependencies. Bacon and
Regier (2019) replicated these findings with
accuracy above 90% across 26 languages. Their
results further showed that model performance
declines in the presence of agreement attractors and
longer dependencies. More recently, Lasri, Lenci,
and Poibeau (2022) demonstrated that
Transformer-based models’ generalization abilities
are not fully lexically independent, particularly
when processing sentences with attractors. Chaves
and Richter (2021) similarly observed that while
BERT encodes rich syntactic representations, it
often relies on shallow heuristics (see also Wu &
Dredze, 2020), in contrast to GPT-2 (Radford,
2019), which exhibited more informed behavior
(Chang & Bergen, 2024). Taken together, these
findings highlight the need for further investigation
into the syntactic generalization capacities of
language models, especially in typologically
diverse and low-resource languages.

To this end, the present study evaluates the
syntactic generalization abilities of KoBERT (Jeon,
Lee, & Park, 2019) (92 million parameters) and
KoGPT-2 (Jeon, 2021) (125 million parameters),
using subject—verb honorific agreement in Korean.
By evaluating model behavior before and after
fine-tuning, we examine whether syntactic
knowledge can emerge in the absence of explicit



syntactic modules, and how such knowledge
interacts with attention mechanisms. This study
contributes to our understanding of how neural
language models engage with syntactic structure in
a low-resource language, with implications for
multilingual NLP and model interpretability.

2 Subject—Verb Honorific Agreement in
Korean

Korean is an agglutinative SOV language in which
each morpheme typically encodes a distinct
grammatical function. For example, the honorific
marker -si- attaches to a verb to signal respect for
the subject (1). While the use of -si- is optional
when the subject is honorifiable (2), it becomes
ungrammatical with an unhonorifiable subject (3)
(Sohn, 2001). Such violations elicit a P600
response (Kwon & Sturt, 2024), similar to effects
reported for number and person agreement
violations in English (Osterhout & Mobley, 1995)
and Spanish (Barber & Carreiras, 2003). This
suggests that Korean honorific agreement is
processed as syntactic information, akin to other
agreement phenomena.

(1) Honorifiable subject with -si-

emenim-i wu-si-ess-ta
mother-nom  cry-HON-past-decl
‘Mother cried.’

(2) Honorifiable subject without -si-

emenim-i wul-ess-ta
mother-nom  cry-past-decl
‘Mother cried.’

(3) Unhonorifiable subject with -si-
*kkoma-ka Wu-si-ess-ta
kid-nom cry-HON-past-decl
“The kid cried.’

That is, subject—verb honorific agreement in
Korean is conditioned by the syntactic accessibility
of the subject (Yoon, 2009). While the use of the
honorific marker -si- reflects social and pragmatic
features such as respect, its grammaticality
depends on whether the subject structurally
licenses agreement. Thus, as an optional but
structurally constrained phenomenon, it provides a
unique testing ground for determining whether
language models can acquire abstract syntactic
dependencies without categorical surface cues.
Thus, this study uses subject—verb honorific
agreement to test whether Transformer-based

language models can generalize over abstract
syntactic structures in Korean, a low-resource
language. We also evaluate whether fine-tuning on
honorific agreement data enhances models’
sensitivity to syntactic dependencies. To this end,
we constructed sentences with two syntactic
configurations illustrated in English in (4)
(Chomsky, 1981; Kwon & Polinsky, 2006): in NP1
control, the subject of the embedded verb
(underlined) is the main clause subject, NP1; in
NP2 control, it is a direct or indirect object, NP2.

NP1 control: ‘NP1, told NP2 that he; went.’
NP2 control: ‘NP1 told NP2; PRO; to go.’

To test whether KoBERT and KoGPT-2 have
learned syntactic representations, we use subject—
verb honorific agreement as a diagnostic via a
classification task and self-attention analysis.

3 Experiment

3.1 Datasets

The dataset included the sentence types illustrated
in (4), along with matched ungrammatical
counterparts in which the honorific verb appears
with a structurally licit but non-honorifiable
subject. We also varied the honorific features of
structurally illicit potential subjects to test for
interference. This yielded all four NPI1-NP2
feature combinations (H-H, H-NH, NH-H, NH—
NH) across both NP1- and NP2-control types.
Since the embedded verb is always honorific, NP1-
control sentences require NP1 to be honorific, and
NP2-control sentences require NP2—regardless of
the other noun’s features. This design isolates
structural understanding from lexical honorific
effects. For clarity, sample sentences are shown in
English in (5) and (6), although the study was run
in Korean. Note that asterisks (*) indicate
grammatical violations in Korean (Sohn, 2001), as
summarized in Table 1.

(5) NP1 control: The *kidi/teacher; told the
teacher/kid that __; closed (honorific) the door.

(6) NP2 control: The kid/teacher told the
teacher;/*kid; _; to close (honorific) the door.



Honorific features Control type
NP1 NP2 NP1 NP2

H v v

H NH v X

H X v

NH NH X X

Table 1: Grammatical acceptability of dataset

Reflecting naturally occurring distributional
patterns in Korean, the dataset contained 1,336
NPI1-control sentences and 5,304 NP2-control
sentences, which were used for training and
evaluation. We split the data into training (90%)
and test (10%) sets.

3.2 Classification task analysis

Following previous studies (e.g., McCormick,
2019; Vazquez, 2020; Wu, 2019), we implemented
a binary classification task to evaluate whether the
models could distinguish grammatically acceptable
from unacceptable sentences based on honorific
agreement. For KoBERT, we used standard
embedding techniques: token, position, and
segment embeddings (Devlin et al., 2019). Each
sentence was tokenized using the KoBERT
tokenizer, truncated or padded to a maximum
length of 256 tokens. Tokens were indexed based
on the KoBERT vocabulary. Segment embeddings
were assigned as binary indicators (0 or 1) to
distinguish ~ between  sentence  segments.
Grammaticality labels were stored separately for
use in supervised training. Training parameters
were set as follows: batch size = 16, number of
epochs = 30, random seed = 42, maximum
sequence length = 256, epsilon = 8e¢-8, and
learning rate = 0.0001. We fine-tuned KoBERT
(Jeon, Lee, and Park 2019) on our dataset using the
BertForSequenceClassification class from
Huggingface’s Transformers library (Wolf, 2019).
Following training, we evaluated the model’s
performance on previously unseen sentences from
the test set.

The KoGPT-2 training procedure followed a
similar setup, with notable differences in input
handling and model architecture. Unlike BERT,
GPT-2 uses bytepair encoding (BPE) instead of
WordPiece tokenization. In terms of training
objectives, BERT is trained using masked language
modeling and next-sentence prediction, whereas
GPT-2 is trained using a causal (left-to-right)
language modeling objective. Additionally, BERT
processes input bidirectionally, while GPT-2

processes text unidirectionally, from left to right,
without relying on special [CLS] or [SEP] tokens.

We used KoGPT-2-base-v2 (Jeon, 2021),
implemented using the
GPT2ForSequenceClassification and
PreTrainedTokenizerFast classes from  the

Transformers library (Wolf, 2019).

We fine-tuned both models for 30 epochs on the
subject—verb honorific agreement dataset and
evaluated their classification accuracy and
attention alignment before and after training. This
setup allowed us to assess their ability to generalize
over syntax-sensitive dependencies and examine
whether fine-tuning enhances syntactic sensitivity
in low-resource settings.

3.3 Attention patterns analysis

Prior work has shown that attention maps in
models like BERT can capture meaningful
linguistic patterns (see Clark et al., 2019; DeRose,
Wang, & Berger 2020; Vig, 2019; Park et al., 2019;
for different views, see Jain &Wallace, 2019;
Mohankumar et al., 2020; Serrano & Smith, 2019;
Thorne et al., 2019). Thus, to investigate how the
models represent syntactic dependencies in
Korean, we conducted an attention analysis
focusing on self-attention weights originating from
the critical first verb (VERBI) in each sentence.
This verb corresponds to the embedded predicate,
where honorific agreement is morphologically
marked by -si-. The goal of the analysis was to
determine whether the model allocates greater
attention to the syntactically appropriate subject—
either the main clause subject (NP1) in NPI-
control sentences or a structurally lower NP (NP2)
in NP2-control sentences—when computing the
contextual representation of VERB1. We extracted
attention weights from VERBI to the two potential
subjects, NP1 and NP2. These values reflect the
extent to which VERBI1 attends to information
provided by each NP, serving as an indirect
measure of which constituents the model treats as
syntactically or semantically relevant.

Because KoBERT and KoGPT-2 differ in
architecture and implementation, raw attention
weights are not directly comparable across models.
To allow for meaningful comparison, we analyzed
normalized attention ratios, which capture the
relative distribution of attention across potential
antecedents (NP1 vs. NP2). Attention weights were
extracted during the models’ evaluation of sentence
grammaticality at both Epoch 1 (pre-trained) and



Epoch 30 (fine-tuned). For each trial, we computed
the attention ratio for NP1 as the proportion of
attention allocated to NP1 relative to the total
attention directed to NP1 and NP2 (i.e., NP1 Ratio
=NP1 Attention / [NP1 Attention + NP2 Attention]
x 100), and likewise for NP2. This normalized,
directional metric allows us to assess attention
patterns independently of differences in absolute
attention scale. To quantify relative attentional
preference, we then calculated an attention
difference score for each trial by subtracting the
NP2 ratio from the NP1 ratio (i.e., NP1 Ratio —
NP2 Ratio). Accordingly, positive values indicate a
preference for NP1, while negative values reflect
greater attention to NP2.

To explore how attention patterns relate to
classification outcomes, we selected 400 sentences
that were correctly classified by both models and
56 that were misclassified by both. These subsets
formed the basis of our attention analysis.
Transformer models compute attention matrices
over 12 layers and 12 heads based on tokenized
inputs. Because tokenization significantly affects
the model’s interpretation of sentence structure, it
plays a critical role in attention analysis. In this
study, we used a syllable-based tokenizer, which
occasionally led to token splitting inconsistencies
due to whitespace handling. To enhance
interpretability while preserving the basic clause
structure [NP1 NP2 VERB1 VERB2], we adopted
amodified version of the method proposed by Mun
and Shin (2025), as illustrated in Appendix A.

3.4  Statistical analyses’

Classification accuracy was analyzed using
generalized linear mixed-effects models (GLMER)
with a binomial link, implemented in R 4.2.1 (R
Core Team, 2024) via the Ime4 package (Bates et
al., 2015, v1.1-31). P-values were computed using
ImerTest (Kuznetsova, Brockhoff, & Christensen,
2017, version 3.1-3). Attention data were analyzed
using linear mixed-effects regression (LMER).
Classification accuracy models included four fixed
effects: Model (KoBERT vs. KoGPT-2), Control
Type (NP1 vs. NP2), and the Honorific features of
NP1 and NP2 (H vs. NH), along with all
interactions. Attention models included Model,
Control Type, and Classification Accuracy (correct
vs. incorrect) as fixed effects. To evaluate the

! All data and analysis code are available at the following
link:

impact of fine-tuning on syntactic sensitivity, we
compared Epoch 1 (pre-trained) and Epoch 30
(fine-tuned) performance using models with
Model, Epoch, and Control Type as predictors. All
predictors were sum-coded. Random intercepts for
sentence were included to account for trial-level
variability. Random intercepts for sentence were
included, and maximal random-effects structures
(Barr et al., 2013) were simplified for convergence.
Holm-adjusted pairwise comparisons were
conducted using the emmeans package (Lenth,
2024, v1.8.4-1).

3.5 Results and Discussion

Classification Accuracy Before and After Fine-
tuning (Epoch 1 vs. Epoch 30). Appendix B
presents the grammatical acceptability
classification accuracies for KoOBERT and KoGPT-
2. Corresponding statistical results are in Appendix
C. The analysis showed main effects of Model and
Control Type: KoGPT-2 (M = 89.7%) significantly
outperformed KoBERT (M = 81.1%), and NP2-
control sentences (M = 87.6%) were classified
more accurately than NP1-control sentences (M =
76.8%). Honorific features of NP1 and NP2 also
had main effects, indicating sensitivity to subject—
verb honorific agreement. A significant Control
Type x NP1 x NP2 interaction revealed that
classification accuracy varied by agreement
configuration. When agreement was disrupted by a
feature-matching attractor—e.g., NP1-control with
non-honorific NP1 and honorific NP2—accuracy
dropped sharply (KoBERT: 45.3%; KoGPT-2:
52.3%). In contrast, when the attractor did not
linearly intervene—as in NP2-control with
honorific NP1 and non-honorific NP2—KoGPT-2
maintained high accuracy (92.4%), correctly
identifying these sentences as ungrammatical,
whereas KoBERT’s accuracy was substantially
lower  (76.7%). KoGPT-2 significantly
outperformed KoBERT across conditions (ps
< .03), except in NPl-control sentences with
honorifiable NP1 and non-honorifiable NP2, where
KoBERT (81.3%) outperformed KoGPT-2 (69.5%)
(p <.0001).

These findings suggest that language models’
performance declines with increasing agreement
distance and feature-matching attractors that
intervene in subject—verb dependencies (Bacon &

https://osf.io/fw82j/?view_only=56b9d1dc865e453086dfbc
8957fee340



Regier, 2019; Ryu & Lewis, 2021; Lakretz et al.,
2022), paralleling patterns in human sentence
processing (e.g., Kwon & Sturt 2016, 2019). The
results were also consistent with previous studies
showing that autoregressive models like GPT-2 are
more robust to such interference and better at
maintaining long-distance syntactic dependencies,
whereas masked language models like BERT are
more susceptible to feature-based interference
from structurally irrelevant attractors (Chaves &
Richter, 2021; Lasri, Lenci, & Poibeau, 2022).

We next examined whether fine-tuning
improves the models’ sensitivity to syntactic
structure. Appendix D presents the classification
accuracy of fine-tuned KoBERT and KoGPT-2, by

control type and honorific features of NP1 and NP2.

Appendix E presents the corresponding statistics,
and Figure 1 visualizes aggregated results by
model, epoch, and control type.

KoBERT KoGPT2
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Figure 1. Classification accuracy aggregated across
honorific conditions, grouped by model, control
type, and training state (pre-trained vs. fine-tuned:
Epoch 1 vs. Epoch 30)

Analysis revealed significant main effects of
Model, Control type, and Epoch, indicating overall
higher accuracy for KoGPT-2 (92.4%) than
KoBERT (80.9%), and for NP2-control (88.5%)
over NP1-control (79.3%) sentences. Accuracy
also improved after fine-tuning (88.0%) compared
to the pre-trained state (85.4%). These main effects
were qualified by significant interactions,
including Model x Control type and Epoch x
Model and a three-way Model x Epoch x Control
type interaction. Holm-adjusted  pairwise
comparisons showed that KoGPT-2 exhibited
substantial gains after fine-tuning for both NP1-
control (z = —8.21, p < .001) and NP2-control
sentences (z = —9.95, p < .001). In contrast,
KoBERT showed no significant improvement for
NP1-control (z = 1.20, p = .23) and even declined
in NP2-control accuracy (z =4.01, p <.001).

During pre-training, both KoBERT and KoGPT-
2 exhibited high error rates when a feature-
matching attractor linearly intervened in subject—

verb honorific agreement (i.e., NP1-control
sentences with a non-honorifiable NP1 and an
honorifiable NP2). After fine-tuning, both models
showed improved classification accuracy for this
construction (KoBERT: 45.3% — 61.8%; KoGPT-
2: 52.4% — 72.8%). To evaluate whether fine-
tuning reduced attractor interference, we
conducted a follow-up analysis. Focusing on NP1-
control sentences, we compared conditions in
which the honorific features of NP1 and NP2
differed (H-NH and NH—H) to those in which they
matched (H-H and NH-NH). If models adhered
strictly to syntactic structure, performance should
be unaffected by the features of an illicit subject.
However, Welch’s two-sample #-tests revealed that
mismatched conditions significantly reduced
classification accuracy for both models: H-NH vs.
H-H (KoBERT: t(1089.3) = 5.60, p < .001;
KoGPT-2: t(679.16) = 10.87, p <.001), and NH-H
vs. NH-NH (KoBERT: t(1075.9) =-6.57, p <.001;
KoGPT-2: t(635.37) = —14.25, p < .001). These
findings suggest that although fine-tuning
substantially improved KoGPT-2’s overall
accuracy and structural sensitivity, both models
remain vulnerable to honorific feature interference
in structurally complex NP1-control configurations.

Overall, the results suggest that KoGPT-2
benefits substantially from fine-tuning, showing
improved classification accuracy across both
control types. In contrast, KoBERT appears less
responsive to fine-tuning and even declined in
NP2-control performance. This divergence may
reflect architectural differences in how the two
models encode syntactic dependencies, with
KoGPT-2’s autoregressive design better supporting
structural sensitivity. Nonetheless, both models
remain vulnerable to honorific feature interference,
especially in NPl-control sentences where
structurally irrelevant NPs disrupt subject—verb
agreement.

To further examine how syntactic information is
internally represented, we next analyze the models’
attention patterns during the classification task.

Attention Patterns Before and After Fine-Tuning
(Epoch 1 vs. Epoch 30). The attention analysis
included 456 trials from the classification task that
were either correctly (n = 400) or incorrectly (n =
56) classified by both models. This set comprised
104 NP1-control and 352 NP2-control sentences.
By comparing correct and incorrect classifications,
we aimed to explore how attention patterns relate
to model performance and to identify structurally



relevant attention cues that may support accurate
classification.

Because absolute attention weights vary
between GPT-2 and BERT due to differences in
architecture and implementation, we focused on
relative attention distributions. Specifically, we
analyzed preference attention ratios, which
quantify how attention is distributed between NP1
and NP2, independent of model scale (see Section
3.3). In our analysis, positive values indicate a
preference for NP1, while negative values reflect
greater attention to NP2. Accordingly, under this
metric, a structurally aligned model should yield
more positive scores for NP1-control sentences and
more negative scores for NP2-control sentences.

Figure 2 presents the attention difference scores
by model and classification accuracy for pre-
trained KoBERT and KoGPT-2. The statistical
analysis results are presented in Appendix F.
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Figure 2. Attention difference scores by model and
classification accuracy for KoOBERT and KoGPT-2
in their pre-trained states.

The analysis revealed significant main effects of
Model and Classification Accuracy: KoGPT-2 had
higher attention difference scores (M = 76.8, SE =
0.55) than KoBERT (M = —1.6, SE = 1.48),
suggesting that KoGPT-2 allocated more attention
to NP1 than KoBERT. Correct trials also yielded
higher scores (M = 38.7, SE = 2.84) than incorrect
ones (M = 0.29, SE = 8.89). These main effects
were moderated by significant interactions: Model
x Classification accuracy and Model x Control
type. Holm-corrected pairwise comparisons
indicated that KoBERT allocated more attention to
NP2 in incorrect trials than in correct ones (t(192)
= —4.45, p < .0001), whereas KoGPT-2 did not
show a comparable difference (t(192) = 0.45, n.s.).
In addition, KoGPT-2 allocated more attention to
NP1 in NP2-control than NP1-control sentences
(t(192) =-1.97, p = .05). In contrast, KoBERT did
not exhibit such an asymmetry (t(192) = 0.90, n.s.).

These findings suggest that, in the pre-trained
state, attention allocation patterns do not
consistently reflect syntactic roles, despite decent

classification accuracy. KoGPT-2  directed
significantly more attention to NP1 in NP2-control
sentences, where NP2 is the syntactically
appropriate subject. This indicates a misalignment
between attention and the underlying grammatical
dependencies. KoOBERT’s attention favored NP2 in
incorrect trials, likely reflecting interference rather
than accurate subject identification. Overall, these
results highlight that attention distributions in pre-
trained models may not consistently indicate
syntactic understanding. This aligns with prior
work demonstrating weak links between attention
weights and model performance or reasoning
processes (Jain & Wallace, 2019; Serrano & Smith,
2019; Mohankumar, 2020; Thorne et al., 2019).

Having established baseline attention patterns in
the pre-trained models, we next examined how
fine-tuning affected attention allocation in
KoBERT and KoGPT-2. Using the same statistical
models, we evaluated whether fine-tuning
improved the alignment between attention and
syntactic roles. Figure 3 presents the attention
difference scores (NP1 — NP2) by model,
classification accuracy, and control type for the
fine-tuned models. The corresponding statistical
analysis results are shown in Appendix G.
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Figure 3. Attention difference scores by model and
classification accuracy for fine-tuned KoBERT and
KoGPT-2

The analysis revealed significant main effects of
Model and Classification accuracy. KoGPT-2
showed lower attention difference scores (M =
—41.9, SE = 3.65) than KoBERT (M = 0.95, SE =
1.91), and correctly classified trials yielded higher
scores (M = —19.9, SE = 2.72) than incorrectly
classified ones (M = —24.3, SE = 6.11). A
significant main effect of Control type also
emerged, with NPl-control sentences eliciting
higher scores (M = —1.69, SE = 5.56) than NP2-
control sentences (M = —26.1, SE = 2.66). These
main effects were qualified by significant
interactions: Model x Control type, Model x
Classification accuracy, Control type X



Classification accuracy, and a three-way
interaction of Model x Control type X
Classification accuracy. Holm-corrected
comparisons showed that KoGPT-2 allocated
significantly more attention to NP1—the correct
subject—in correctly classified NP1-control
sentences than in incorrect ones (¢ = —6.40, p
< .0001), indicating greater syntactic alignment.
No such effect was observed for KoGPT-2 in NP2-
control sentences (t = —0.27, p = .789) or for
KoBERT in either condition (ps > .78).

These results after fine-tuning shed light on the
interpretability of attention in Transformer models,
particularly regarding their sensitivity to syntactic
roles. The significant three-way interaction among
model type, control type, and classification
accuracy suggests that attention allocation is not
uniformly predictive of classification performance
but is modulated by both structural configuration
and model architecture. Notably, KoGPT-2 showed
a strong link between attention and classification
accuracy in NPI-control sentences after fine-
tuning, suggesting improved syntactic alignment.
This effect was absent in NP2-control sentences,
likely due to the small number of classification
errors (n = 6), which limited statistical power. In
contrast, KoBERT’s attention was unaffected by
classification accuracy following fine-tuning,
aligning with its limited performance gains during
training. This suggests that KoBERT’s attention
patterns may be less sensitive to syntactic structure
or more weakly coupled with task success, echoing
previous findings that attention weights do not
always reflect meaningful model behavior (Jain &
Wallace, 2019; Serrano & Smith, 2019;
Mohankumar, 2020; Thorne et al., 2019).

Taken together, these findings highlight the
importance of evaluating attention behavior in
relation to both model architecture and syntactic
structure. They also caution against interpreting
attention weights as direct indicators of linguistic
competence: while attention can reflect syntactic
alignment in some cases, this is not a reliable
property across models or sentence types.
KoBERT’s lack of attention modulation despite
high classification accuracy raises questions about
the interpretability of attention in masked language
models. We return to this issue in the general
discussion.

4 General Discussion and Conclusion

This study aimed to investigate whether
Transformer-based language models can encode
abstract syntactic structures, even in the absence of
an explicit layer dedicated to syntactic
representation. We addressed this question using
Korean, a low-resource language that differs
typologically from widely studied English, by
examining model behavior through the lens of
subject—verb honorific agreement. Although
honorifics may appear socio-pragmatic in nature,
the use of the honorific suffix -si- requires a
licensing subject with matching features in a
structurally appropriate position. Accordingly, -si-
honorific agreement provides a unique testing
ground for evaluating whether language models
can acquire abstract syntactic dependencies in the
absence of categorical surface cues. To this end, we
employed both a grammaticality classification task
and a self-attention analysis to evaluate the
performance of two Korean-language models,
KoBERT and KoGPT-2, in both their pre-trained
states and after fine-tuning (i.e., before and after
exposure to honorific agreement patterns in
Korean). The training and classification datasets
included sentences featuring subject—verb
honorific agreement that varied in control type and
in the honorific features of the potential subject
NPs.

Our results offer three key contributions to the
study of syntactic generalization in neural language
models. First, although both models achieved
relatively strong classification performance—
suggesting some degree of syntactic understanding
consistent with prior work (Clark et al., 2019;
Hewitt & Manning, 2019; Lin, Tan, & Frank,
2019)—KoGPT-2  consistently  outperformed
KoBERT and responded more robustly to fine-
tuning (Chaves & Richter, 2021). Even in their pre-
trained states, KoGPT-2 generally outperformed
KoBERT. While KoBERT showed only modest
gains—or even declines—in performance after
fine-tuning, KoGPT-2 improved significantly
across both NP1- and NP2-control conditions. Both
models struggled with attractor interference, but
KoBERT appeared especially susceptible. In the
syntactically complex NP1-control condition—
where the attractor NP2 linearly intervenes
between the subject (NP1) and the verb—
KoBERT’s pre-trained accuracy was only 45.3%,
compared to 52.4% for KoGPT-2. After fine-tuning,
KoGPT-2’s performance rose to 72.8%, while



KoBERT reached only 61.8%. These findings
support prior claims that autoregressive models
like GPT-2 are better equipped to track hierarchical
dependencies than masked language models like
BERT (Chaves & Richter, 2021; Lasri, Lenci, &
Poibeau, 2022). In contrast, BERT may rely more
heavily on shallow heuristics, rendering it more
susceptible to lexical interference (McCoy, Pavlick,
& Linzen, 2019). Importantly, our use of a low-
resource language extends these insights beyond
high-resource settings yielding critical evidence
about models’ capacity to generalize over abstract
syntactic structure.

Second, our attention analyses contribute
empirical evidence to the ongoing debate about the
interpretability of attention mechanisms in
Transformer-based models. Specifically, our
results support previous claims that attention
weights do not reliably correspond to linguistic
explanations (Jain & Wallace, 2019; Serrano &
Smith, 2019; Mohankumar, 2020; Thorne et al.,
2019; Zhao et al., 2024) even though alignment
does emerge in some cases. For KoGPT-2, fine-
tuning led to greater alignment between attention
allocation and syntactic roles, but only under
specific conditions. In correctly classified NP1-
control sentences, KoGPT-2 consistently directed
greater attention to NP1, the structurally
appropriate subject. In contrast, in misclassified
NP1-control trials, attention shifted toward NP2,
suggesting that syntactically guided attention
supports successful classification. However, this
relationship is not guaranteed. For instance,
KoBERT showed no such modulation: its attention
patterns remained largely insensitive to syntactic
structure or classification outcome. Notably,
KoBERT’s classification accuracy plateaued
across training (~81%) and even declined in
certain conditions after finetuning—mirroring its
lack of syntactic alignment in attention, despite
relatively strong overall performance. These results
reinforce growing concerns that attention weights,
while useful in some contexts, may not consistently
reflect underlying grammatical knowledge or task-
relevant reasoning. They also underscore the
importance of jointly evaluating both model
performance and internal interpretability when
assessing syntactic generalization in neural
language models (Jain and Wallace 2019).

Third, our results underscore the utility of
Korean honorific agreement as a rigorous
diagnostic for evaluating syntactic sensitivity in

language models. Unlike number agreement in
English, Korean subject—verb honorific agreement
is governed by structural licensing conditions that
are not always transparent at the surface level. The
optionality and morphosyntactic specificity of -si-
honorific agreement allow researchers to probe
whether models can move beyond surface-level
lexical heuristics and encode deeper grammatical
generalizations. On the other hand, the fact that
both KoBERT and KoGPT-2 remained susceptible
to interference from honorific attractors even after
finetuning suggests that fully abstracting over
syntactic structure—particularly in constructions
involving long-distance dependencies and feature
checking—remains a significant challenge for
current Transformer architectures.

Taken together, our findings demonstrate that
Transformer-based language models can acquire
sensitivity to morphosyntactic dependencies, even
when these dependencies are tied to socio-
pragmatic cues such as honorifics. While both
models performed reasonably well in their pre-
trained states, fine-tuning—especially for KoGPT-
2—Ied to notable improvements in classification
accuracy and more syntactically aligned attention
patterns in structurally complex sentences.
However, these gains were not uniform. KoGPT-
2’s attention aligned with syntactic roles only under
certain conditions, and KoBERT showed little
evidence of syntactically guided attention despite
moderate classification accuracy.

These results underscore the limits of using
attention as indicators of grammatical knowledge.
Attention may sometimes reflect syntactic
reasoning, but it does not reliably track structural
representations across models or constructions
(Jain & Wallace, 2019; Serrano & Smith, 2019;
Mohankumar, 2020; Thorne et al., 2019). This
study underscores the value of cross-linguistic
research, especially with low-resource languages
like Korean, whose rich morphology and flexible
word order can reveal model limitations obscured
in English-centric evaluations (cf. Chang & Bergen,
2024; Wu & Dredze, 2020).

At the same time, it is important to acknowledge
certain limitations of our study. In particular, our
analysis did not fully address how implementation
details might have influenced the results. Factors
such as tokenization (e.g., the proportion of [UNK]
tokens), differences in model size (KoBERT and
KoGPT-2 differ not only in inference type but also
in parameter scale), and the characteristics of the



pretraining corpora (e.g., written vs. spoken
language styles) could all have contributed to the
observed outcomes. To minimize potential
confounds, all test sentences were lexically
matched across the experimental conditions, with
the only differences arising from the honorific
features that served as the manipulation. This
design should therefore reduce the likelihood that
other sentence components drove the observed
effects. Nevertheless, we cannot fully exclude this
possibility, particularly given differences in the
models’ pretraining corpora.

Future research should explore whether
incorporating explicit syntactic supervision or
inductive biases—such as training on treebank-
annotated corpora or employing structure-aware
architectures—enhances models’ ability to
generalize robustly and yields more interpretable
internal  representations,  especially  across
typologically diverse languages.
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Appendices

Appendix A. N/V unit treatment and attention
transformation (Example (5))
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Appendix B. Classification accuracy results for
pre-trained KoBERT and KoGPT-2 on target
sentences  involving subject—verb  honorific
agreement. Results are grouped by the honorific
features of the two potential subject NPs (NP1 and
NP2) and by sentence control type (NP1-control
vs. NP2-control).

KoBERT
NP1 | NP2 | NPI ctrl NP2 ctrl Mean
H H | 89.1(0.01) | 86.5(0.01)
NH | 81.3(0.02) | 76.8(0.01) 81.2
NH H |45.3(0.02) | 82.8(0.01) | (0.01)
NH | 84.2(0.02) | 84.6(0.01)
KoGPT2
NP1 | NP2 | NPI ctrl NP2 ctrl Mean
H H 93 (0.01) | 94.3(0.01)
NH | 69.5(0.02) | 92.5(0.01) 89.8
NH H | 52.4(0.02) | 86.6(0.01) | (0.01)
NH | 98.4(0.01) | 97(0.01)

Appendix C. Linear Mixed Effects model results
for classification accuracy by pre-trained KoBERT
and KoGPT-2. Coefficients, standard errors, z-
values, and p-values are reported for main effects
and their interactions. The model included random
intercepts for sentence. Whether a random slope
was included for each effect is not shown here but
was considered in model fitting.

Estimate | SE z p

(Intercept) 2.281 0.05 | 4543 | .001
NP1 0.153 0.04 | 395 | .001
NP2 0176 | 0.05 | -3.51 | .001
Model 0481 004 | oo | 001
Control type | -0.377 | 0.04 | -9.86 | .001
NPIINP2 | 0.821 0.04 | 21.16 | .001
NP1:Model | 0.176 0.04 | 475 | .001
NP2:Model | 0.159 0.04 | 427 | .001
NP1:Type | 0.173 0.04 | 453 | .001
NP2:Type | -0249 | 0.04 | -6.53 | .001
Model:Type | 0.131 0.04 | 3.52 .001
NP1:NP2:

Model 0285 | 004 |-7.67 |.001
NPENP2: 1 446 0.04 | 1171 | .001
Type

NPL1:Model: | 5,3 0.04 | 598 |.001
Type

NP2Model: | o067 004 |-18 | 0.08
Type

NP1:NP2:

Model:Type | 0145 | 004 | 391 | 001




Appendix D. Classification accuracy results for
fine-tuned KoBERT and KoGPT-2 on target
sentences  involving subject—verb  honorific
agreement. Results are grouped by the honorific
features of the two potential subject NPs (NP1 and
NP2) and by sentence control type

Appendix F. Linear mixed-effects model results for
attention difference scores in the pre-trained state.
Coefficients, standard errors, t-values, and p-values
are reported for the main effects and their
interactions. Whether a random slope was included
for each effect is not shown here but was
considered in model fitting.

Appendix E. Linear mixed-effects model results
for classification accuracy of KoBERT and
KoGPT-2 before and after fine-tuning (Epoch 1 vs.
Epoch 30). Coefficients, standard errors, z and p-
values are reported for the main effects, as well as
for their interactions. Whether a random slope was
included for each effect is not shown here but was
considered in model fitting.

Estimate | SE z p<
(Intercept) 3.807 0.1 37.56 | .001
Epoch 0.725 0.08 | 8.76 | .001
Model -2.182 0.1 | -21.8 | .001
Control type -0.582 0.05 | -11.46 | .001
Epoch:Model -0.905 0.08 | -10.9 | .001
Epoch:Type -0.056 0.05 | -1.08 | 0.29
Model:Type 0.321 0.05 | 6.33 | .001
Epoch:Type 0.127 0.05 | 246 | 0.02

KoBERT Estimate | SE t p<
NPI | NP2 | NP1 ctrl NP2ctrl | Mean (Intercept) 35.625 | 1.66 | 21.41 | .001
H | H |865(0.01)] 86.1(0.01) Model 41555 | 1.12 | -372 | .001
NH | 74.1(0.02) | 792 (0.01) ((8)06213) Controltype | -1.07 | 1.66 | -0.64 | 0.52
NH | H |61.8(0.02) | 84.4(0.01) ' Classification |, oo [ 1 e | 541 | 002
NH | 79.6 (0.02) | 78.5(0.01) accuracy
KoGPT2 Model: Type 2.881 1.12 | 258 | 0.02
NP1 | NP2 | NPI ctrl NP2 ctrl Mean Model: 4.92) 112 | a1 | 001
H H |984(0.01)| 98.8(0.01) Accuracy ] ' ] ]
NH | 79.6 (0.02) | 97.1(0.01) | 95.1 Type: 2368 | 166 | -142 | 0.16
NH | H |728(0.02) | 94.4(0.01) | (0.01) Accuracy
NH | 99.4 (0.01) | 97.8(0.01) Model: Type: 0285 112 | 026 | 03
Accuracy ’ ’ ) ’

Appendix G. Linear mixed-effects model results
for attention difference scores in the fine-tuned
state. Coefficients, standard errors, t-values, and p-
values are reported for the main effects and their
interactions. Whether a random slope was included
for each effect is not shown here but was
considered in model fitting.

Estimate | SE t p<
(Intercept) -15.72 3.54 | -445 | .001
Model 1591 | 275 | 5.79 | .001
Control type 11.13 | 354 | 3.15 | 0.01
Classification | o) | 354 | 278 | 0.01
accuracy
Model:
Control type 21264 | 275 | 46 | 001
Model: 724 | 275 | 2.63 | 0.01
Accuracy
Type: 899 | 354 | 254 | 0.02
Accuracy
Model: Type: 608 | 275 | 221 | 003
Accuracy
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Abstract

Neural machine translation for low-resource
languages remains challenging due to the
scarcity of high-quality parallel corpora and
community support. Under the view of
Vietnamese-Khmer (Vi-Km) translation task,
we focus on developing a comprehensive,
lightweight training pipeline that minimizes
reliance on extensive parallel data and large-
scale model architecture, while achieving sub-
stantial performance improvements. Then, we
introduce a three-stage training strategy built
upon a small pre-trained language model: (1)
Small-scale Continual Pre-training on mono-
lingual data, (2) Supervised Fine-Tuning on
parallel datasets and synthetic data generated
through a novel data augmentation framework,
and (3) Direct Preference Optimization lever-
aging a newly constructed preference-ranking
dataset guided by LL.Ms. Experimental results
on the VOV dataset demonstrate that our model
significantly outperforms by up to 8% in both
directions on BLEU & METEOR scores over
strong LLMs, and other commercial systems.
These findings confirm the effectiveness of our
approach for enhancing low-resource machine
translation systems under low-cost computa-
tion resources and the reproducibility for other
underrepresented languages.

1 Introduction

In the modern era, with thousands of languages
worldwide, machine translation (MT) has become
a core focus of Natural Language Processing (NLP)
research. With the recent advent of pre-trained
language models (PLMs) with the self-attention
mechanism (Vaswani et al., 2017), machine trans-
lation quality has seen significant improvement,
even in low-resource languages. At the same time,
large language models (LLMs) have simplified the
modeling of complex grammatical and semantic
relationships between languages, resulting in more

* Corresponding author: huonglt@soict.hust.edu.vn

fluent and coherent translations (Zhu et al., 2024).
However, both PLMs and LLMs rely on massive,
high-quality corpora and computational budgets
that are rarely available for extremely low-resource
languages. Current research aims to address the
challenges by developing a training methodology
that minimizes dependence on extensive data and
human resources while retaining the strengths of
precedent approaches. Meanwhile, some of the lat-
est research is shifting towards data augmentation
by leveraging available monolingual data (Sennrich
etal., 2016; Liu et al., 2021) or generating synthetic
bilingual data. Another common method is trans-
lating through a pivot language (Kim et al., 2019).
However, these approaches still face limitations in
data quality, scalability, and computational require-
ments (Edunov et al., 2020).

Given the limited resources available for the case
of Vi-Km translation and the impracticality of de-
ploying large models in resource-constrained en-
vironments, there is a compelling need for an ef-
ficient, lightweight, and scalable training pipeline
tailored to this specific task. Furthermore, existing
few-shot prompting methods on LLMs struggle to
deliver competitive results for this pair, emphasiz-
ing the importance of task-specific model adapta-
tion and domain-specific fine-tuning.

The problem we address is how to leverage small
language models with available datasets using an
effective training approach while ensuring compat-
ibility with limited computation infrastructure and
involvement of human annotators. We propose a
novel comprehensive approach for low-resource
MT, with the following key contributions:

* A lightweight training pipeline, consisting
of Small-scale Continual Pre-training (Sm-
CPT), Supervised Fine-Tuning (SFT), and Di-
rect Preference Optimization (DPO) (Rafailov
et al., 2023), optimized for small language
models on limited computational resources.



* A scalable synthetic parallel data genera-
tion framework leveraging powerful LLMs
with filtering and ranking mechanisms to con-
struct high-quality training data, including
preference-ranking datasets for DPO, without
manual annotation.

* An extensive empirical study on the VOV
dataset (Nguyen et al., 2022), achieving the
highest results on BLEU and METEOR scores
over previous works, commercial translation
systems, and LLMs.

This study provides practical insights and scal-
able solutions for improving low-resource MT and
paves the way for extending these techniques to
other under-supported language pairs in the region.

2 Related Works

In the scope of addressing low-resource MT, one
notable approach is pre-training a multilingual
model using Transformer Encoder-Decoder (Xue
et al., 2021). The model is then fine-tuned for
many specific languages, showing prominent per-
formances as in the cases of Kazakh-Russian and
Russian-Tatar (Kozhirbayev, 2024). Data augmen-
tation is also considered an effective approach. Sen-
nrich et al. (2016) proposed back-translation, in-
volving translating target monolingual data into the
source language using a reverse translation model.
The synthetic parallel data generated through back-
translation is subsequently employed to train the
forward translation model. This method has shown
improvements in low-resource NMT, notably in the
Vi-Km (Pham Van and Le Thanh, 2022; Quoc et al.,
2023) research. Besides, employing paraphrase
embedding and POS-Tagging is an efficient ap-
proach to augment data for machine translation by
paraphrasing sentences at the word level (Maimaiti
et al., 2021). However, these approaches have re-
vealed several limitations, especially the loss of
contextual information (Edunov et al., 2020). Us-
ing pivot languages is another solution to the chal-
lenges of machine translation proposed by Kim
et al. (2019). The selected pivot language data
is used to train a cross-lingual encoder and auto-
decoder, which is then fine-tuned to produce the
final translation model. Kim et al. (2019) has
demonstrated the effectiveness of this method in
the French-German and German-Czech translation
tasks in the WMT 2019. However, this approach
for low-resource machine translation has several

disadvantages; notably, it often leads to the propa-
gation of circular translation errors (Kementched-
jhieva and Sggaard, 2023).

KC4AMT (Nguyen et al., 2022) provides a high-
quality Vi-Km bilingual dataset curated from Voice
of Vietnam (VOV) news content. It was devel-
oped under a national project and validated by lan-
guage experts proficient in both Vietnamese and
Khmer. Besides the Vi-Km bilingual dataset, this
project released an additional monolingual Khmer
subset. In addition to KC4MT, the TED (Reimers
and Gurevych, 2020) dataset offers a monolin-
gual source for Vietnamese and Khmer. TED in-
cludes transcripts from over 4,000 TED and TEDx
talks translated by a global volunteer community
into more than 100 languages. QED (Abdelali
et al., 2014), developed by the Qatar Computing
Research Institute, provides multilingual subtitles
from educational content across various STEM top-
ics. While these corpora offer valuable resources,
previous studies have noted challenges related to
the presence of non-linguistic noise, such as special
characters or inconsistent formatting.

3 Methodology

3.1 Backbone Model Selection

In this study, we leverage a pre-trained language
model that offers strong multilingual support for
both Vietnamese and Khmer. Among the available
models, SealLLMs (Nguyen et al., 2024) stands
out as a family of large language models specifi-
cally designed for Southeast Asian (ASEAN) lan-
guages. These models are fine-tuned and optimized
to enhance accessibility and performance for low-
resource regional languages across ASEAN. The
third version, SealLMs-v3, offers two new vari-
ants of size: 7B and 1.5B. Compared to its pre-
decessors, SealLMs-v3 is pre-trained on a mas-
sive corpus comprising general-domain and region-
specific data, including sources such as Wikipedia,
CC-News, CulturaX, and MADLAD-400 (Nguyen
et al., 2024; Kudugunta et al., 2023). It also incor-
porates synthetic and translated data in training to
improve support for under-supported languages in
the region.

In this work, we select SealLLMs-v3-1.5B-Chat
(Nguyen et al., 2024) as our baseline model, a
further instruction-tuned version of the 1.5B base
model. This choice is motivated by its balance
between model architecture and computational ef-
ficiency due to its small size, offering an effective



foundation for our experiments.

3.2 Training Methodology

To address the challenges of MT for the low-
resource Vi—Km language pair, we propose a multi-
stage training framework tailored for a lightweight
model architecture. This approach integrates sev-
eral optimization techniques to balance perfor-
mance and computational efficiency. The overall
framework is illustrated in Figure 1, consisting of
three sequential stages:

1. Small-scale Continual Pre-training phase:
The baseline model is continually pre-training
on monolingual data using an adapter-based
architecture, enabling better language model-
ing capacity specific to the target languages.

2. Supervised Fine-Tuning phase: The contin-
ual pre-trained model is then fine-tuned on
a mixture of real and synthetic parallel data
to enhance translation quality under limited
supervision.

3. Direct Preference Optimization Training
phase: The model generates multiple can-
didate translations from the source side of
a gold-standard parallel dataset. These can-
didates are then ranked by a large language
model (LLM), and the resulting preference
pairs are used to train the model with a direct
preference optimization objective.

For adapter type selection, we revisit two
low-rank adapter variants—LoRA (Hu et al., 2022)
and AdalLoRA (Zhang et al., 2023) by fine-tuning
on the original VOV Vi-Km dataset. The adapter
configuration that yields the highest validation
performance is carried forward to all subsequent
stages. After completing the full training pipeline
for the Vi-Km translation direction, we reapply the
same experimental stages to the reverse direction
(Km-Vi). The adapter configuration, hyperparam-
eters, and datasets are maintained to ensure a fair
comparison. This bidirectional evaluation enables
a more comprehensive assessment of our pipeline’s
scalability and its effectiveness applied to another
low-resource pair.

For automatic evaluation, we use the BLEU (Pa-
pineni et al., 2002) and METEOR (Lavie and Agar-
wal, 2007) metrics, which are widely used in ma-
chine translation tasks. As both metrics rely on
n-gram overlap, we employ the khmer-n1tk! and

"https://github.com/VietHoang1512/khmer-nltk

pyvi? for Km and Vi tokenizers, respectively.

3.2.1 Small-scale Continual Pre-training

This stage adapts the baseline PLM to low-resource
languages by conducting continual pre-training on
monolingual non-labeled data. To ensure compu-
tational efficiency, it updates only a small subset
of parameters — specifically, the adapter modules,
embedding layers, and task-specific heading layer
— while keeping the rest of the base model frozen.

This approach addresses the issue of unstable
training typically caused by random initialization
of adapter parameters, leading to a negative ef-
fect on model performance (Nguyen and Nguyen,
2025). The objective, as shown in Equation 1, only
updates the adapter parameters ¢ and freezes model
parameters 6, while optimizing the negative log-
likelihood of the next token given the preceding
context.

T
LaiL(x, ¢) = — Zlog P(x¢|x<t;0,0) (1)
=1

The data for SmCPT are extracted from both
bilingual and monolingual sources. Let Dy =
{(z4, yl)}{il denote a bilingual dataset of N pairs
in train set, where x; € L (source language)
and y; € L; (target language). From this, two
monolingual subsets are extracted: Ds = {z;} and
Dy = {y;}. Additionally, external monolingual
corpora are collected independently for each lan-
guage, denoted as D), C L, and D; C L;. The final
dataset used for SmCPT is constructed by merging
all these sources: D = Dy, U D, U D%, U D;. This
composition enables the model to benefit from both
translation-aligned data and naturally occurring
monolingual text during continual pre-training.

3.2.2 Supervised Fine-Tuning

After SmCPT, the model is fine-tuned using the par-
allel dataset to further adapt to the translation task.
Besides, we also propose a synthetic data genera-
tion pipeline utilizing power from a strong LLM:
GPT-4o to enrich the parallel dataset. The synthetic
dataset is mixed with the training set of the VOV
dataset to supervise fine-tuning the model. Here,
we use a fixed prompt during the training trans-
lation task, and the representations of the prompt
were not updated in the loss function (Zhang et al.,
2024). The loss function is represented in Equation

Zhttps://github.com/trungtv/pyvi
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Figure 1: Our proposed training pipeline

2, in which the model parameters ¢ are updated
based on the negative log-likelihood loss of the
next token prediction and frozen the fixed prompt
7 and the base 0.

ACNLL(Xa Yy, ¢) = - 10g P(Y|X717 97 ¢)
T

= — Zlog P(yt|y<t7 X3 Iv 97 ¢)
t=1
(2)

3.2.3 Direct Preference Optimization

The fine-tuned model generates candidate Khmer
translations from a golden subset of 2,000 Viet-
namese sentences in the bilingual datasets of the
VOV. These candidates are then ranked by GPT-40
with the provided target Khmer sentence serving as
‘golden translation’ to create a preference dataset in
the form of pairing samples, which is inspired by
the idea of self-knowledge (Yang et al., 2024), the
student learns from its outputs and preference rank-
ing, evaluated by a teacher model. Experiments by
Yuan et al. (2024) show that models are capable of
self-alignment via LLM-based judging and training
on their generations through iterative DPO training.
However, when forming sentence pairs for DPO
training, some pairs of responses with nearly the
same representations could end up being separated
far apart during DPO training, leading to poten-
tial bias in the model (Yan et al., 2025). Thus, we
also propose a selection mechanism to form a high-
quality DPO pair dataset and control the strictness
of the loss function based on S hyperparameter,

as illustrated in Equation 3 (Rafailov et al., 2023),
which is later shown in Appendix B.3. In which,
[ is a temperature parameter that controls the sen-
sitivity to differences in rewards, mg(y|x), which
is the probability of the model generating response
y given input = and m,.¢(y|x) is the probability
of a reference policy (often the referenced model)
generating the same response. For each input data
sample, there will be 2 representations, ¥, and y;,
corresponding to the sample rated as accepted and
rejected.

Lppo(7e; Tref) = —E [logg (5 log W)}
ro(yilx) 4

In which,

o (y|x)

7“9(9|5U) = Wref(y|w)

Pairing Selection Mechanism: After ranking
the candidate translations, we apply a pairing se-
lection mechanism to create the reference-ranking
dataset. For each source sentence in the seed data,
there are 5 corresponding translations, and after
ranking, we obtain up to 10 {yaccepted - yrejected}
sentence pairs. In total, from the initial set of 2,000
sentences, we generate up to 20,000 samples for
DPO training. To address the problem of close
representation of preference ranking samples, we
utilize the hybrid score of BLEU (Papineni et al.,
2002) and METEOR (Lavie and Agarwal, 2007)
for ranking the pairs as in Equation 4, wherein the
Yaccepted SeNtence is considered as the reference



sentence and the y,.cjccreq SENtence serves as the
candidate sentence. Finally, the top — p% sentence
pairs with the highest hybrid scores are removed
from the DPO training dataset.

bleu, - meteor
h(s) =2 ——= 4)
bleus + meteors
In the dataset D consist of A pairs, for each pair
of sentences s = {Sycf, Spred > in Which s, ¢ is the
reference sentence, sp,¢q is the prediction sentence.

bleu; — min;c zr bleu;

bleu, = ,
® " max e bleu; — min;e s bleu;
- meteors — min;e pr meteor;
meteory = :
max;e A meteor; — min;e o7 meteor;
4 Datasets

4.1 Available Datasets

We utilize three datasets for our experiments, as
summarized in Table 1. The main dataset for super-
vised fine-tuning is the VOV corpus (Nguyen et al.,
2022), which contains 135,164 training, 2,000 val-
idation, and 2,000 test sentence pairs. Data are
collected from bilingual news articles published by
the Voice of Vietnam (VOV). In addition, we use
131,055 Khmer monolingual sentences from vari-
ous sources to support language modeling tasks.

Dataset  Split # samples
Vi Km
______ Bilingual Dataset
train 135,164 135,164
VOV valid 2,000 2,000
test 2,000 2,000
_____ Monolingual Dataset
()Y - - 131,055
TED - 353,251 1,066
QED - - 344

Table 1: Dataset statistics for our experiments

To ensure the quality of parallel dataset, we ap-
ply a two-stage filtering process: (1) Language
Detection using Facebook AI’s language identifi-
cation tool (Bojanowski et al., 2017) to remove
sentence pairs where the source is not Vietnamese
or the target is not Khmer; and (2) Length Filtering,
which eliminates pairs that are too short, too long,
or have an abnormal length ratio between source
and target sentences. After filtering, 135,164 high-
quality sentence pairs are retained for fine-tuning.

For monolingual data, we assemble monolingual
Vietnamese and Khmer sentences from multiple
sources: the VOV datasets (Nguyen et al., 2022),
which provides both a parallel Vi-Km subset and
a standalone Khmer monolingual subset; the TED
monolingual corpora for both languages (Reimers
and Gurevych, 2020); and the QED Khmer mono-
lingual corpus (Abdelali et al., 2014). To re-
duce noise, we apply a three-step pre-processing
pipeline: (1) Remove Duplication using the Min-
Hash algorithm; (2) Clean Special Characters such
as HTML tags, non-printable ASCII characters,
and emoji; and (3) Language Filtering to discard
texts not in the target language.

After processing monolingual datasets, we ac-
cumulate a total of 760,066 monolingual samples,
consisting of 490,426 Vietnamese sentences and
269,640 Khmer sentences.

4.2 Synthetic Data Generation

We propose a synthetic data generation framework,
as in Figure 2, leveraging monolingual Vietnamese
data, which is more abundant compared to Khmer,
to construct high-quality synthetic parallel corpora.
Our framework begins with selecting high-quality
monolingual Vietnamese sentences using the TF-
IDF score. These selected samples are then la-
beled through black-box knowledge distillation
(Yang et al., 2024), in which GPT-40 serves as a
teacher model to generate corresponding Khmer
translations for training a student model. To val-
idate and filter the synthetic data, we employ a
back-translation strategy: instead of using the same
teacher model, which could introduce circular rea-
soning due to shared architecture or biases (Wang
and Sennrich, 2020), we use Google Translate as
an independent translation system to back-translate
the generated Khmer sentences into Vietnamese.
To evaluate the fidelity of the back-translated sen-
tences against the original Vietnamese inputs, we
compute a hybrid quality score combining BLEU
and METEOR (Equation 4).

4.2.1

Among the available Vietnamese monolingual
sources, the TED dataset is selected for its simple,
domain-aligned sentences, which resemble those
in our target training set. As shown in Figure 2, we
sampled 30K TED sentences to balance quality and
domain coverage, given that our SFT parallel data
comprises around 130K examples. Although sev-
eral selection methods exist—e.g., Cross-Entropy

Monolingual Data Selection
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Figure 2: Synthetic data generation pipeline for Vi-Km translation task using VOV and TED datasets

Difference (Moore and Lewis, 2010), Feature De-
cay Algorithm (Poncelas et al., 2018), and TF-
IDF; prior work (Silva et al., 2018) shows TF-IDF
gains the best performance, and thus we adapt it
in this stage. This proportion ensures a balance be-
tween input quality and domain alignment, helping
to maintain strong performance on the in-domain
VOV test set while preserving robustness under
out-of-domain distribution shifts.

4.2.2 Synthetic Data Augmentation

We use the VOV bilingual dataset (Nguyen et al.,
2022) as seed examples for few-shot prompting.
For each of the 30K selected Vietnamese sentences,
two randomly sampled examples are injected in the
prompt to GPT-40 to guide diverse and high-quality
Khmer translations.

After generating 30K synthetic Khmer sentences,
we apply the back-translation method (Sennrich
et al., 2016) to filter low-quality outputs. Specif-
ically, each generated sentence is translated back
into Vietnamese using Google Translate via the
deep-translator library>. We compute a hybrid sim-
ilarity score—defined as a weighted combination
of BLEU (Papineni et al., 2002) and METEOR
(Lavie and Agarwal, 2007) (see Equation 4)—be-
tween the original and back-translated Vietnamese
sentences. Based on this score, we rank all sen-
tence pairs in descending order and select the

Shttps://github.com/nidhaloff/deep-translator

top — p% pairs. These original Vietnamese sen-
tences are then matched with their corresponding
Khmer outputs from GPT-40 to form the final syn-
thetic parallel dataset. We choose not to use the
back-translated Vietnamese sentences, as the trans-
lation quality tends to degrade after circular trans-
lation (Kementchedjhieva and Sggaard, 2023).

S Experimental Results

5.1 Evaluating LoRA and AdaLLoRA
Efficiency on SFT

We evaluate two low-rank adapter methods, LoRA
(Hu et al., 2022) and AdaLoRA (Zhang et al.,
2023), with different configurations for SFT. In
LoRA, the rank hyperparameter  controls the num-
ber of trainable parameters, balancing model ca-
pacity and efficiency. Meanwhile, in Adalora, the
init_r hyperparameter defines the initial low-rank
dimensionality for each incremental adaptation ma-
trix; conversely, target_r specifies the desired av-
erage rank across all adaptation matrices, directing
the iterative pruning mechanism toward a prede-
fined parameter budget and thereby balancing repre-
sentational richness with computational and mem-
ory efficiency throughout training. Results com-
paring their effectiveness for our task are shown in
Table 2.

LoRA consistently outperforms AdalLoRA on
both BLEU and METEOR metrics, achieving
higher scores of 58.67% and 54.18%, respectively.


https://github.com/nidhaloff/deep-translator

Low-rank Configuration % Trainable &
method BLEU/METEOR
init_r: 12, target_r: 8 0.8893 52.91/47.83
AdaLORA 5 i1 70 20, target_r: 16 1.4734 54.02/48.87
LoRA r: 16 1.1820 58.67/54.18

Table 2: Low-rank adapters supervised fine-tuning re-
sults comparison

These results suggest that LoRA may be more ef-
fective in modeling the linguistic patterns, while
AdalLoRA allows for dynamic rank adjustment
and offers greater flexibility in parameter tuning,
where its performance remained lower, even with
an increased percentage of trainable parameters
(1.4734%). This finding emphasizes LoRA’s ad-
vantage in balancing model adaptation and transla-
tion quality. Based on this comparison, we adapt
the LoRA configuration (r = 16, o = 32) for the
remainder of our experiments.

5.2 Main Results

Table 3 summarizes performance on both transla-
tion directions across our four training stages. The
SealLMs-v3-1.5B-Chat baseline achieves quite
low scores, indicating its limited zero-shot capa-
bility. In Stage 1, applying supervised fine-tuning
(SFT) alone results in a substantial performance
boost across both directions, improving BLEU by
over 26% for Vi-Km and nearly as much for the
reverse direction. Introducing SmCPT before SFT
in Stage 2 further enhances translation quality, in-
dicating that language-adaptive pretraining helps
the model better align with the translation task.
Stage 4 integrates DPO on top of SmCPT and SFT
with synthetic preference ranking data. This ap-
proach achieves the highest performance, reach-
ing BLEU/METEOR scores of 62.00/58.43(%) for
Vi-Km and 57.12/54.61(%) for Km-Vi. These im-
provements confirm the effectiveness of preference-
based alignment in refining model outputs.

5.3 Discussion

We conduct experiments on a diverse set of LLMs
with few-shot prompts (0, 1, 2, 4, 8 shots), includ-
ing GPT models, Gemini-Flash variants, and two
commercial MT systems (Google Translate®,
and Microsoft Translator’). In parallel, we
evaluate open-source PLM with Encoder-Decoder
architecture baselines, including mBART-50

4https ://cloud.google.com/translate/docs
Shttps://www.microsoft.com/en-us/translator/

(Liu et al., 2020), NLLB-200-Distilled-600M
(Koishekenov et al., 2023).

Few-shot prompting systematically improves
translation quality across GPT and Gemini models
(see Table 4). Notably, the “mini” variant of these
models remains substantially behind their "large"
models by a clear margin. At the same time, com-
mercial translation systems (Google Translate,
Microsoft Translator) with direct translation ri-
val many few-shot LLMs, indicating that traditional
commercial MT systems remain strong baselines,
especially for widely used translation tasks.

Besides, we also experiment with the efficiency
of small language models over large-scale gen-
eral language models on a specific task and lan-
guage. Table 5 compares the fine-tuned per-
formance of open-source NMT systems along-
side previous Km-Vi translation studies. The
most noticeable gains arise from fine-tuning
open-source models on the domain-specific
VOV dataset. Both mBART-Large-50 and
NLLB-200-Distilled-600M jump to over-50%
BLEU after fine-tuning. One previous work,
Pham Van and Le Thanh (2022) fine-tunes
mBART50 on VOV and synthetic parallel data
generated via back-translation and English-pivot
augmentation, reporting a 54.50% BLEU on the
Km-Vi VOV test set. Building on that, Quoc
et al. (2023) introduce cosine-similarity-based
data selection, synthetic candidate generation,
and two-step filtering before fine-tuning, achiev-
ing 55.37% BLEU in the same translation direc-
tion. Meanwhile, Duc et al. (2025) focus on the
Vi-Km task with a novel approach using joint-
task training with the Question-Answering task,
achieving 56.99% BLEU. Our fine-tuned model
on the Seal.LLMs-v3-1.5B-Chat baseline outper-
forms all these baselines—both closed-source and
open-source—settings with zero-shot translation
ability. These results emphasize the necessity of
fine-tuning and domain-specific adaptation when
leveraging LIL.Ms for machine translation, espe-
cially in low-resource language scenarios.

6 Conclusion

This study tackles the challenge of machine trans-
lation for low-resource languages, focusing on
the Vi-Km pair. We review existing approaches
in low-resource machine translation, highlighting
their limitations and identifying opportunities for
improvement. To address these challenges, we


https://cloud.google.com/translate/docs
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Model/ . Augment BLEU/METEOR
Training Task
Training Stage Data Vi-Km Km-Vi
SealLLMs-v3-1.5B-Chat X X 32.51/28.02 28.42/25.05
Stage 1 SFT X 58.67/54.18 54.01/51.41
Stage 2 SmCPT, SFT X 60.82/56.94 55.64/53.11
Stage 3 SmCPT, SFT 61.13/57.44 56.89/54.12
Stage 4 SmCPT, SFT, DPO 62.00/58.43 57.12/55.61

Table 3: Comparison of Vi-Km and Km-Vi translation performance at each stage

Model # Few-shot BLEU/METEOR

Vi-Km Km-Vi

49.60/51.54 52.80/51.82
50.20/51.85 53.12/51.99
50.85/52.02  53.55/52.21
53.65/52.98 54.31/52.63
54.45/54.03 55.07/54.34

50.12/44.90 49.34/45.64
50.35/46.55 49.88/47.23
51.06/47.34 51.32/49.22
52.46/49.92 53.21/50.12
53.02/49.33  54.37/52.21

43.74/16.30 44.32/20.21
45.54/20.12  46.24/24.34
47.66/23.45 47.85/25.21
48.50/23.05 49.02/26.01
49.00/23.98 49.32/28.88

48.12/42.68 50.12/47.32
49.23/43.54 51.11/48.23
50.21/45.00 51.89/49.37
51.68/48.21 52.32/50.75
53.24/50.12  52.68/51.82

39.72/16.24  40.44/18.21
40.05/17.01 41.42/19.88
40.24/17.44 41.78/20.21
41.24/20.12  42.94/21.42
42.73/22.01 43.94/23.67

49.74/50.37 51.21/52.23
53.45/52.44 54.32/52.89
62.00/58.43 57.12/55.61

samples

GPT-40

GPT-40-mini

GPT-3.5-turbo

Gemini-2.0-Flash

Gemini-1.5-Flash

O RA N —=O| RN, ORI~ O[(0RND—O|00RAND—O

Google Translate

X

Microsoft Translator

Ours (SeaLLMs-v3-1.5B) X

X

Table 4: Results of different LLMs and software on the
Vi-Km and Km-Vi translation task

propose a lightweight, modular training pipeline
that leverages small-scale continual pretraining
on monolingual data, supervised fine-tuning, and
Direct preference optimization, with synthetic
data augmentation generated by high-performance
LLMs.

The empirical experiment is built upon the
SealLMs-v3-1.5B-Chat model, a small mul-
tilingual ASEAN PLM. By leveraging the
LoRA adapter, we efficiently multi-stage train
the model and achieved the highest perfor-
mance, with 62.00/58.43 and 57.12/55.61 (%)
(BLEU/METEOR) on the evaluation set. These

Model/ Fine-tune BLEU/METEOR
Previous works (VOV) Vi-Km Km-Vi
mBART-Large-50 ; 5307.'5667/285.9940 5321. étl/f;;s
S
f’il]z};rlr; l\g{i}sz;d Le Thanh (2022) - 54,50/
™
Duc et al. (2025) 56.99/- n

(Sealion-3B (Singapore, 2024))

SealLLMs-v3-1.5B X
Ours (SeaLLMs-v3-1.5B)

32.51/28.02  28.42/25.05
62.00/58.43 57.12/55.61

Table 5: Results of different open-source models and
previous works on the Vi-Km and Km- Vi translation
task

results outperform commercial translation systems
(Google Translate, Microsoft Translator), LLMs
such as GPT-40 and Gemini models, and also pre-
vious works (Pham Van and Le Thanh, 2022; Quoc
et al., 2023; Duc et al., 2025).

These results highlight the limitations of general-
purpose LLMs in handling low-resource lan-
guage pairs and demonstrate the effectiveness of
task-specific adaptation. The proposed training
framework, which focuses on a cost-effective,
lightweight, and comprehensive method, provides a
promising and scalable direction for future research
on machine translation in low-resource languages.

For future direction, there still exists room for
expanding the quality of research, not only for
Vietnamese-Khmer pair, but also for other regional
low-resource machine translation. In particular, fu-
ture work may investigate adaptive tokenization
strategies that better capture the linguistic proper-
ties of languages, as well as the use of cross-lingual
transfer learning from typologically or geographi-
cally related languages. Furthermore, integrating
evaluation methods that combine automatic metrics
with human-in-the-loop assessment would provide
a more holistic measure of translation quality and
better guide model development.
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A Training Configuration

We conduct the model training and evaluation ex-
periments on a single GPU RTX 4090. The to-
tal time for the whole training process took over
50 hours. For loading and training the models,
we utilize the modules: Transformers and TRLS
from HuggingFace. The training process consists
of three main stages: Small-scale Continual Pre-
training (SmCPT), Supervised Fine-tuning (SFT),
and Direct Preference Optimization (DPO). The
hyperparameters used in each task are shown in
Table 6.

Hyperparameter SmCPT SFT DPO
number of epochs 1 2 2
batch size 8 4 4
learning rate le-4 le-5 Se-6
warmup ratio 0.1 0.1 0.1
compute data type  bfloatl6 bfloat16 bfloat16
optimizer adamw_8bit adamw_8bit adamw_8bit
[r scheduler type cosine cosine cosine
beta () - - 0.3

Table 6: Training Configuration

Small-scale Continual Pre-training (SmCPT) is
conducted with a relatively high learning rate (le-
4) and a larger batch size to quickly adapt the pre-
trained language model to domain-specific data
while preserving general knowledge. Since the ob-
jective is to adapt to a specific task and domain
rather than full-scale pre-training, only one epoch
is used to prevent overfitting. In the Supervised
Fine-tuning (SFT) phase, a lower learning rate (le-
5) ensures stable refinement without erasing prior
knowledge, while the batch size is reduced to 4 to

https://huggingface.co/docs/trl/index

ensure stable updates. Since DPO training requires
fine-grained updates, an even smaller learning rate
(5e-6) is used to prevent drastic deviations from
prior alignment. Across all training stages, compu-
tations are conducted in bfloat16 precision, which
accelerates training compared to fp32 while pre-
venting overflow when using fp16.

B Ablation Studies
B.1 Synthetic Data Filtering Effect

The overall pipeline of data augmentation is de-
scribed in Section 4.2. Firstly, 30,000 Vietnamese
sentences were selected from the seed dataset of
TED (Reimers and Gurevych, 2020) by TF-IDF
score. Then, we used GPT-40 model through the
OpenAl API” with two-shot learning, taking a ran-
dom combination from the training VOV dataset, to
generate the translated Khmer settings. Two main
hyperparameters need to be controlled during using
LLM generation: temperature and top_p. In which
temperature is a hyperparameter that controls the
randomness of language model output, meaning a
high temperature produces more unpredictable and
creative results, and vice versa. Meanwhile, top_p
is also used for controlling the randomness of the
language model; it sets a threshold probability and
selects the top tokens whose cumulative probability
exceeds the threshold, which helps deliver more
diverse and interesting output. For our task, we
set temperature=0.1 and top_p=0.99, which is the
best configuration for the translation task as in the
experiment by Moslem et al. (2023).

The generated Khmer sentences are then
back-translated to Vietnamese by using Google
Translate. These sentences are compared to the
original Vietnamese sentences using the hybrid
score of BLEU and METEOR (see Equation 4). We
conduct the experiment that combines the top — p%
score pairs and VOV dataset to self-supervised fine-
tune the model from the SmCPT checkpoint, as
outlined in Section 3.2. As indicated from Table
7, just selecting the 90% highest score from aug-
mented data shows the best performance in both
BLEU and METEOR scores, with 61.13 and 57.44
respectively.

B.2 Preference-ranking Pairing Data
Selection

We experiment with two strategies to create a DPO
training dataset from the maximum of 20, 000 pref-

"https://platform.openai.com/docs
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Threshold Augmented Vi-Km

(top — p%) DataSize BLEU/METEOR
100% 30,000 60.88/57.07
95% 28,500 60.51/56.68
90% 27,000 61.13/57.44
85% 25,500 60.77/56.88

Table 7: Results of top-p% augmented data selection on
the performance of fine-tuning

erence ranking pairs generated as described in Sec-
tion 3.2.3. The strategy (1) is pairing the highest-
ranking denoted as y; with the lower-ranking sen-
tences denoted as {y2, y3, Y4, y5 }. The strategy (2)
uses all of 20,000 combinations, then computes
the score of each pair (see Equation 4) to select
top — p% highest score pairs as the DPO dataset.

No Ranking pair Threshold Vi-Km
Accepted  Rejected  (top — p%) BLEU/METEOR
Y {ys} 61.85/58.13
o n {ya,ys} 61.91/58.40
% {3, Y4, 95} 61.74/58.06
v {v2,93, U1, 95} 61.63/58.11
100% 61.86/58.24
95% 61.88/58.41
- 90% 62.00/58.43
2) All combinations 85% 61.85/58.28
80% 62.04/58.41
75% 61.70/58.05

Table 8: Results of different DPO dataset selection
strategies on the performance

Compared to previous stage results (see Table
7), DPO training significantly improves the perfor-
mances in all cases (see Table 8). These demon-
strate the importance of filtering low-quality rank-
ing pairs to achieve optimal model parameters. At
this stage, we select the model with a top — p% of
90%, achieving a BLEU score of 62.00 (slightly
lower than the 80% top—p% model by 0.04). How-
ever, it peaks at a METEOR score of 58.43. Based
on the conclusion from Agarwal and Lavie (2008)
and our study, we conclude that METEOR offers
a more rigorous and accurate evaluation compared
to BLEU. This supports our decision to prioritize
METEOR as a primary metric when determining
the best-performing model.

B.3 Impact of Hyperparameter-beta on DPO
Performance

We set up an experiment to study the effect of
hyperparameter-/3 in DPO loss (see Equation 3).
We use 2,000 preference ranking pairs that map

the highest and the lowest ranking translated sen-
tence ranked by GPT-40. We adjusted the value of
B from 0.05 to 0.5, and the results on BLEU and
METEOR metrics corresponding to each value of
[ are (see Figure 3).

62f ciles 6185 61.76 6177

61.04

60.54.

58.13 58.12

58.02

BLEU
56 —=— METEOR

0.05 0.10 0.20 0.30 0.40 0.50
B

Figure 3: Impact of hyperparameter 5 on DPO perfor-
mance

It can be observed that at 5=0.3, the model
achieves its best performance, with BLEU and
METEOR scores of 61.85 and 58.13, respectively.
Adjusting § significantly impacts the model’s per-
formance, making the selection of an appropriate
B crucial for the specific downstream task. When
B is smaller, the penalty term in the loss function
is reduced, leading to less distinct separation be-
tween win and loss sequences. This setting is more
suitable for tasks requiring creative and diverse out-
puts. On the other hand, for tasks where accurate
outputs aligned with the input sequence are critical,
choosing a larger 5 ensures stricter penalization
and more precise outputs.

B.4 Impact of Dataset Size on SFT
Performance

We provide an analysis of the impact of training
data size on the SFT performance. For the exper-
iment, we fine-tune the Adalora adapter (Zhang
et al., 2023) on the training set. As shown in the re-
sults (Figure 4), there is a consistent improvement
in model performance as the size of the training
data increases, indicating a strong correlation be-
tween data quantity and translation quality. The
BLEU score is 36.32% for a training size of 25K
samples and progressively increases to 52.91%
when fine-tuning on the full dataset. Similarly, the
METEOR scores show a steady rise, from 31.68%
for 25K samples to 47.83% for the full dataset.
These findings emphasize the critical role of data
size in supervised fine-tuning models, indicating
that increased data may lead to better model perfor-
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Figure 4: Impact of data training size on the SFT per-
formance

mance, particularly for low-resource languages.

C Prompt Design

##Instruction: Translate from {source lang} to
{target lang}

#Input ({source lang}):
{Input sentence}

#Output ({target lang}):

Table 9: Prompt for fine-tuning translation task

Table 9 presents the template used for fine-tuning
the translation model. The instruction specifies the
translation task, with inputs labeled as "Input (Viet-
namese)" and outputs labeled as "Output (Khmer)".

##Instruction: Here are some examples of
{source lang}-to-{target lang} translations:

#Example 1:
{source lang}: {Input sample sentence 1}
{target lang}: {Output sample sentence 1}

#Example 2:
{source lang}: {Input sample sentence 2}
{target lang}: {Output sample sentence 2}

##Your task: Now, translate the following
{source lang} sentence into {target lang}:
{source lang}: {Input sentence}

{target lang}:

Table 10: Prompt for generating Khmer translation on
random two-shot examples

A two-shot learning prompt is used to gener-
ate synthetic Khmer translations with the GPT-40

model (see Table 10), including an instruction that
provides examples of Vietnamese-to-Khmer trans-
lations and demonstrates the expected format and
style of translation. After the examples, the model
is assigned to translate a new Vietnamese sentence
into Khmer. This prompt format incorporates in-
context learning by showing examples and imme-
diately asking the model to perform the task. In the
experiment, based on the strength of the teacher
model, only two examples are provided to balance
the token length and the cost.

##Instruction: Your task is to rank the following
{target lang} translation candidates based on the
accuracy and naturalness relative to the source
{source lang} sentence and the golden reference
{target lang} translation.

#Original {source lang}:
{Input sentence }

#Reference {target lang}:
{Golden translation sentence}

#Candidates:

1. {Candidate translation 1}
2. {Candidate translation 2}
3. {Candidate translation 3}
4. {Candidate translation 4}
5. {Candidate translation 5}

##Your task: Ranking the candidates from
the best to the worst in the format:
{candidate_number_1, candidate_number_2,
..., candidate_number_5}.

Table 11: Prompt for LLM translation ranking

Table 11 outlines the prompt used for ranking
Khmer translation candidates, the idea of which
is based on LLM-as-a-judge (Yuan et al., 2024).
The instruction asks the model to rank the given
candidate translations based on accuracy and natu-
ralness relative to the original Vietnamese sentence
and a ‘golden’ reference Khmer translation.
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Abstract

Following the double whammy of the anti-
extradition bill movement and COVID-19 in
2019, Hong Kong experienced a significant
‘BNO exodus’ that has reshaped the city’s de-
mographic landscape. The phenomenon accel-
erates Hong Kong’s transition toward a super-
aged society and a pool of ‘stay-behind’ elderly,
creating shortages in eldercare personnel and
further straining the city’s support systems for
its aging population. This corpus-assisted dis-
course analysis examines how the culture and
practice of eldercare are represented in Chinese
news media in post-2019 Hong Kong. The find-
ings show that eldercare is generally depicted
as a socio-economic issue in a neoliberal frame.
News articles primarily report on the social wel-
fare implemented by the government and the
needs and community services provided for the
ageing population. It is argued that the tradi-
tional virtue of filial piety to eldercare has been
transformed into a neoliberal practice of the
government; and that the voices of the elderly
are undermined, though societal assistance for
them has been explicated in the news media.
Implications for journalistic practices in the
portrayal of eldercare are also offered.

1 Introduction

In April 2019, the Hong Kong government intro-
duced plans to pass an extradition bill that would
allow criminal suspects in Hong Kong to be extra-
dited to mainland China. In protest, over a million
Hong Kong people marched to the government
headquarters, voicing their fears that the bill would
compromise the city’s legal autonomy. Over the
following year, as protesters’ voices were met with
inertia and suppression, the protests escalated in
scale and violence, dividing Hong Kong society
politically along generational lines (BBC, 2019).
This political opposition fractured many families
and parent-child relationships (Yu et al., 2023, cited
in Chan and Chiu, 2025), while violent clashes

paralyzed the city until COVID-19’s second wave
brought temporary stasis through social distancing
measures (Woo et al., 2021). The National Se-
curity Law (NSL) was subsequently implemented
in June 2020, triggering a surge in emigration in-
quiries and marking the beginning of the ‘BNO
exodus’ (Benson, 2025; Mak, 2020, cited in Ho,
2025). From the introduction of the BN(O) visa
route in 2021 to December 2023, 163,850 appli-
cations were submitted, with 157,576 approved —
approximately 2.1% of Hong Kong’s 2024 popu-
lation — and 140,300 individuals already settling
in the UK (Home Office, 2024, as cited in Lam
and Fong, 2025, p.149).Most critically, these em-
igrants typically took only their children abroad,
leaving elderly parents behind (Rolfe and Benson,
2023, cited in Chan, 2025a), creating a population
of % [RiEE& ‘elderly abandoned in migration’that
gained media attention (Chan and Chiu, 2025).
This demographic shift has intensified Hong
Kong’s transition to a ‘super-aged society’ (Choy,
2022), facing economic austerity and healthcare
shortages (LegCo Research Office, 2023, cited in
Lam and Fong, 2025). The shift has also created
shortages in eldercare personnel, further straining
the city’s support systems for its aging population
(Lam and Fong, 2025). While existing literature
addresses ageism, voice, and agency in news cov-
erage of the elderly during COVID outbreaks, and
separately examines the BNO exodus through qual-
itative studies with key populations, including the
elderly, their caretakers, and family members, there
remains a gap in research that is both current and
specifically focused on media coverage of the el-
derly and eldercare, along with their sociocultural
implications. Eldercare has been one of the cru-
cial issues that the Hong Kong government has
to address to improve the living quality of this in-
creasing population in the city. News media can
reflect the ideologies, attitudes, and problem- solv-
ing approaches to be shaped to deal with the tasks



involved in eldercare provision. Researching news
articles focusing on eldercare can enhance our un-
derstanding of the established culture and practices
of eldercare in Hong Kong and offer implications
for the care culture cultivation and care practices.
Conducting a corpus-assisted discourse analysis,
this study examines how Hong Kong’s elderly and
local eldercare culture are represented in news me-
dia in post-2019 Hong Kong, serving as a pilot
investigation for a larger study, aiming to identify
salient discourse(s) and establish future research
directions.

2 Shifting Narratives of Eldercare in
Post-2019 Hong Kong

At the crux of lasting health consequences post-
COVID, social support shortages, and austerity
measures compromising elderly mobility, the ‘stay-
behind’ elderly face with an additional challenge
of having to navigate living alone in contemporary
Hong Kong, exacerbating their existing intersec-
tional plights. The sociopolitical upheaval brought
about by the 2019 circumstances not only raised
pressing pragmatic concerns for our elderly popu-
lation, but also a cultural change that destabilized
and restructured the way this population navigates
its self-orientation and identity (Chan, 2025b; Chan
and Chiu, 2025). It is, therefore, essential to exam-
ine eldercare in Hong Kong.

Neoliberal Reimagination of Filial Piety. For
millennia, traditional Chinese eldercare culture
has revolved heavily around the notion of filial
piety and the Confucian wulun (F11#), where adult
children—or the “sandwich generation”—were ex-
pected to live with their elderly parents, forming
multigenerational households and serving as the
primary caregivers as a reciprocal gesture for the
care and support they received during their younger
years. Research found that traditional Chinese
eldercare structures appear to have been actively
evolving since 2000s, both in terms of execution
and ideology. With growing society-wide pressure
to prioritize financial growth, increasingly exorbi-
tant housing costs, and an informal social security
regime, most Hong Kong families’ capacity for
eldercare has significantly declined (Wong, 2022;
Phillips, 2018). For families with better financial
circumstances, their eldercare modes are charac-
terized by commodification: care responsibilities
are “subcontracted” to migrant workers and private
caretakers (Leung et al., 2019), and when home ac-

commodation is no longer feasible, families resort
to institutional care as the ultimate solution (Lam,
2022). Families with limited financial resources
have significantly fewer options: they often juggle
full-time work and caretaking responsibilities with
limited community support (Wong, 2022). Recent
literature suggests that filial beliefs of the elderly
have been redefined under Hong Kong’s current
socioeconomic climate (Bai et al., 2020). The pro-
vision of eldercare appears to be highly neoliber-
alized, and the traditional Chinese virtue of filial
piety is hardly applicable to elucidate the culture
and practice of eldercare in Hong Kong.

The ‘Stay-Behind’ Elderly: Eldercare in Post-
2019 Hong Kong. This neoliberal adaptation of
filial expectations appears to have carried forward
to post-2019 Hong Kong in the context of the
BNO exodus. Chan and Chiu’s (2025) study on
parent-child dynamics between BNO emigrants
and their ‘stay-behind’ elderly parents argued,
through transnational care theory, that these el-
derly are fully autonomous agents with control
over how they navigate the new relational configu-
rations, with some even having agency over their
transnational mobility. However, as empowering
as this narrative, the mass media generally tell tales
of desolation and subsistence (see Appendix A).
One could contest this “neoliberal” desire for self-
reliance with the notion of “acquiescence”: Bai et
al. (2020) highlighted a nuanced yet paramount
conflict shared by most participants—while most
elderly individuals deeply yearn to age in place
with family members, they hesitate to expect care
from their children due to practical constraints.

While mass media may use sensationalizing lan-
guage, there is a harsh truth to their depiction: the
conditions for aging alone in Hong Kong remain
incredibly unfavourable, particularly for individu-
als of lower socioeconomic status. Access to ac-
commodation, government-funded financial sup-
port, post-retirement benefits, community services,
and support networks remains disproportionately
limited for elderly individuals who receive little
guidance on maintaining their own interests (Hung,
2022; Wong, 2022; He and Chou, 2019).

The heated debates on the BNO exodus and
the ‘stay-behind’ elderly are rooted in a myriad
of complex and intertwined issues, including ex-
isting eldercare policies, post-retirement security,
and the aging population amid economic austerity.
These pieces of the puzzle, when combined, form a
broader picture of the sociopolitical realities of the



elderly in Hong Kong—pieces that can be uncov-
ered by delving into their surrounding discourse
and exploring the underlying perspectives. This
study aims to identify salient discourse(s) in local
Chinese newspapers surrounding the elderly, and
eldercare culture and practices in post-2019 Hong
Kong. It conducts corpus-assisted discourse analy-
sis to address the following research questions:

1. What are the discourses regarding eldercare in
Hong Kong, and how have they been shaped
in Chinese-language news media since 2019?

2. What are the implications of the media-shaped
discourses for the culture and practice of el-
dercare in Hong Kong post-2019?

3 Research Methods

This study focuses on Chinese news articles be-
cause there are significantly more Chinese than
English news publishers in Hong Kong. Focusing
on Chinese news provides wider representation in
voice, stance, and audience orientation.

Emergent search phrases were developed based
on key themes identified in the literature and a pre-
liminary scoping search using Google News (see
Appendix B). These phrases reflect core topics re-
lated to Hong Kong eldercare and were derived
from inputting 7 ¥ £ & (‘Hong Kong’ and ‘el-
derly’) into Google News. Six broad and semanti-
cally neutral search phrases were used, with word
boundaries parsed by space, including % & £
(‘migration’ and ‘elderly’), A\ ZZ L (‘aging
population’ and ‘Hong Kong’), £ BUK (‘elderly’
and ‘policy’), T4 (‘Hong Kong’ and ‘elder-
care’), FIERFH I (‘Hong Kong” and ‘elderly’
and ‘later years’), and &R [E L/ (‘Hong
Kong’ and ‘elderly’ and ‘situation’). Searches were
performed using an incognito browser session and
a blank account to reduce algorithmic bias. The
search settings were set to ‘by relevance’ and ac-
counted for the search IP address geolocation (i.e.,
Hong Kong). The first 50 articles per keyword were
chosen based on the following criteria:

« Range: April 2019 - July 22, 2025

* Language: Chinese (distinction between vari-
eties not drawn)

* Format: Online articles, excluding those
that were predominantly reposts of third-party
content (e.g.infographics taken from other
sources)

e Publishers: No restrictions, unless the con-
tent was cross-posted

* Word count: Articles under 200 words (ex-
cluding punctuation, numbers, and symbols)
were eliminated

* Theme: Articles must focus on Hong Kong
elderly issues or the social welfare system. Ex-
cluded articles were those that: 1) mentioned
the elderly only in passing; 2) focused on un-
related social issues with no direct relevance
to the elderly (see Appendix C).

The initial search yielded 300 articles, with nine
search results directly skipped as it was apparent
from the preview that they were irrelevant to our
scope. After applying the selection criteria to the
300 articles, 18 were removed and replaced due
to insufficient word count, cross-posting, or the-
matic irrelevance. Textual data was then extracted
from the articles and collated manually for anal-
ysis. The compiled corpus consists of 397,222
Chinese words. Unlike other mega-size corpora
with millions of words, this corpus is undeniably
small. However, “smaller corpora are more suited
for studying specialist genres” (Handford, 2010,
p. 256). Several previous studies have shown that
small corpora can be as powerful as their larger
counterparts (Sinclair, 2001; Lam, 2018). This
corpus enables us not only to capture the predomi-
nant themes/discourses of eldercare in Hong Kong
newspapers, but also to conduct qualitative analy-
sis, such as cross-case analysis that examines and
compares similarities and differences of multiple
cases based on the reviewed literature and the news
reports in the corpus.

The analysis began with generating a word fre-
quency list using AntConc 4.3.1. While the list con-
tained Chinese lexical items and function words,
we filtered out the function words, focusing on
the lexical items, as “lexical words are the main
carriers of information and contribute more to the
semantic construction and communication” (Lam,
2018: 200). The most frequently occurring lexical
terms in the list represented ‘the likely source of
lexical cohesion both within and across the texts in
the corpus, and may also be predicted to be wholly,
or part of, the core of the lexical item’ (Cheng,
2012: 330).

Table 2: The predominant discourse and sub-
themes of the top ten frequently occurring lexical



items The top 10 most frequently occurring lex-
ical words were thematically classified into dis-
courses/themes via an iterative analysis of their
concordances, which offer analysts a general sense
of the word meanings in contexts. The corpus was
further investigated by examining collocates of the
most frequent lexical words. Specifically, the col-
location lists of each of the frequently occurring
lexical words in the discourse(s)/theme(s) were gen-
erated. The specified window span was set to 8L 8R
(i.e., 8 words to the left of the word of interest and
8 to the right) owing to relatively long and complex
sentences in Chinese news articles. The collocates
were combined and compared according to their
log-likelihood scores to identify the top ten collo-
cates of each discourses/theme. This approach aims
to avoid redundant analyses of collocates shared
by multiple lexical words and lengthy data anal-
ysis presentations (Yip and Kong, 2025). Each
of the discourses/themes related to eldercare in
Hong Kong was examined qualitatively and quan-
titatively based on the most frequently occurring
lexical words, their collocates, and concordances.
Apart from the corpus-based analysis, we also con-
ducted a critical cross-case analysis through in-
depth and iterative reading of the collected news
articles and literature review on eldercare, and then
compared specific cases that critically delineate the
research questions to offer insights into the topic.

4 Findings

The investigation begins with the top ten most fre-
quently occurring lexical words, which are also
evenly dispersed throughout the corpus.

Word Rank Freq Norm Freq Dispersion
elderly 3 1 4094 20378 0.923
Hong Kong & 2 1974 9825 0.899
government BT 3 1199 5968 0.837
services RTH 4 1021 5082 0.857
society fL& 5 800 3982 0.880
living 49 6 704 3504 0.878
population A 7 696 3464 0.878
plan 18 8 624 3106 0.924
needs 75 2 9 525 2613 0.910
provide $& it 10 519 25836 0.888

Table 1: Top ten most frequently occurring lexical words
and their dispersion.

Table 1 shows the generated word frequency list
which indicate the word frequencies and their dis-
persion scores. These frequently occurring words
provide a foundation for examining the predom-

inant discourses associated with eldercare repre-
sented in the Chinese news articles. The disper-
sion scores of the most frequently occurring lexical
words are higher than 0.8, indicating that their high
frequencies are not the result of dominance by in-
dividual texts in the corpus but they are evenly
distributed throughout. Thus, the lexical items in
the list enable us to reveal and examine the predom-
inant discourses/ themes of the corpus.

As word meaning is “established by the con-
sistent co-occurrence of a form with a certain se-
mantic environment” (Sinclair, 1991, p. 112),
the concordances of these high-frequency lexi-
cal items are examined to classify them into dis-
course(s)/theme(s) that offer a systematic picture
for understanding what the corpus is about (Baker,
2023). The words are categorized into one predom-
inant discourse, which consists of two sub-themes,
as shown in Table 2. Specifically, with the words
75V ‘Hong Kong’, % ‘elder’, and £ ‘living’,
the predominant discourse largely contextualizes
the corpus, indicating that the news focuses on
the elderly and their lives in Hong Kong. More
importantly, the discourse frames eldercare as a
socio-economic issue in Hong Kong. The discus-
sion regarding the elderly’s living covers a range
of topics, including their mental health, living en-
vironment, and financial consideration. As sig-
naled by the lexical words A [ ‘population” and ff:
& ‘society’, the sub-theme of population and social
welfare reports the statistics and growing trends of
the elderly population in Hong Kong society, along
with discussion of derived social issues such as
ageing, poverty, and low birth rate. The words
Ji¥ ‘government’ and 1 &I plan’ mark the HKSAR
government’s implementation of welfare policies
for the elderly population as responses to the is-
sues. In the sub-theme of the elderly’s needs and
community services, the word 752 ‘need’ literally
highlights the needs of the elderly and the words &
Htprovide’ and JR¥% ‘services’ denote the services
offered by the community, such as rehabilitation
services and care home services. Residential care
home services have been among the predominant
social welfare policies for the elderly and disabled
in Hong Kong (Yip, 2024a). The following section
illustrates the specific meanings of the predominant
discourse and sub-themes based on the analysis of
the collocates and concordances of the concerned
high-frequency lexical words.

The Predominant Discourse: The Elderly as
a Socio-Economic Issue in Hong Kong. The top-



Discourse Highly frequent Sub-themes

words (rank)

Highly frequent words
(rank)

Concordance example

The population and

social welfare

Elderly & (1),
Hong Kong &
#(2), Living 4
15 (6)

The elderly as a
socio-
economic issue
in Hong Kong

oo AR BRI B
AN & 3 - FETEFT

government EUF(3), so-
ciety #L&(5), popula-

tion A (7), scheme 5 72050 &AL ARBRAOE
#(8) PERE BE A = AU T © (Hong

Kong is expected to have the
highest proportion of elderly
residents globally by 2050
among regions with popula-
tions over one million.)

The elderly’s needs

and care services

A EEE ~ FEEEDLET AT
REMEEZERERXLE I
1 Fi] F U i B Ak 66 B
ARBS - ELHE H g AL

KB IRSF © (A signif-
icant proportion of elderly in-
dividuals with adequate phys-
ical capacity and family sup-
port opt for aging in place, uti-
lizing government-subsidized
community care services such
as daycare centres and home
support services.)

services AR%5(4), need
% #(9), provide ##
#£10)

Table 2: The predominant discourse and sub-themes of the top ten frequently occurring lexical items

ics and foci that newspapers select in their reports
to represent the elderly construct and reflect the
culture and practice of eldercare in Hong Kong.
The predominant discourse offers a general under-
standing of the newspapers’ tendency to depict the
elderly as a socio-economic issue in Hong Kong.
The collocates and concordances of the words &
F ‘elderly’, 7 # ‘Hong Kong’, and £ % ‘living’
provide details of how the elderly population is
portrayed as an issue in the contexts.

Collocate Rank Freq(Scaled) Likelihood
allowance R 1 1328 246.968
quality B 2 1296 185.885
stay-behind & <F 3 1120 122.960
resident J& & 4 1920 120.013
Christian FEE#{ 5 912 102.594
increase $2 7t 6 2848 98.600
population A 7 11136 93.484
society 11L& 8 12800 92.653
the elderly ZE A 9 3008 92.572
Incentive scheme 182 =1 10 1136 92.310

Table 3: Top-ten frequently occurring collocates of elder,
Hong Kong and living

As shown in Table 3, the collocate A
[ ‘population’ often precedes 7 #% ‘Hong Kong’
to form the phrase 7 # A [T ‘Hong Kong popu-
lation’. The news reports tend to adopt the per-
spective of social administration and economics
to discuss eldercare in Hong Kong. Thus, demo-
graphic information, including 7 A [ ‘general

population’, %5 &) A\ [0 ‘working population’ and
£ A [0 ‘elder population’, as well as the col-
locate ¥ ‘society’, are frequently mentioned to
provide background information and rationale for
highlighting eldercare as an issue in Hong Kong
society. It is not uncommon to see the collocation
N\ H fijE ‘demographic crisis’ in the corpus. For
example,

FEAOMER O EEEEHz -
AIBETE » NOZM 0GB EA T RFFE
RIFIRAL » @B D AR IR
ARL - EEIJ—XE’J?EE%@@ S
FER > T B BERE

Hong Kong’s demographic crisis has
drawn sustained attention from insightful
observers. The dual pressures of popu-
lation aging and chronically low fertil-
ity rates have drawn sustained attention
from insightful observers. The dual pres-
sures of population aging and chronically
low fertility rates have led to a signifi-
cant change in Hong Kong’s population
structure, causing a dramatic shift from
a diamond-shaped distribution to an in-
verted pyramid configuration, with this
trend continuing unabated.

The elderly is frequently associated with finan-
cial support, such as {#ffi‘the government sub-
sidies’, and 18 B 5t #l‘incentive schemes’. The



collocate Ak ‘allowance’ spotlights &3 A & E
Hfi‘the Old Age Living Allowance’, which is fre-
quently mentioned to indicate the government’s ef-
forts to enhance the elderly’s living conditions. In
addition, the collocate F&E#(‘Christian’ denotes
the NGO Hong Kong Christian Service, which pro-
vide services and financial assistance for the elderly,
which provide services and financial assistance for
elderly in need, such as care home services and
mental health support. The collocates of & %/
'& & ‘quality’, and $2 7 ‘increase’ literally signal
the goals of improving the elderly’s quality of life
after retirement by providing a better living envi-
ronment.

. REE BUR 5T BUR K 3500 & R
EHE > DRBERENTE LR
B AOSCR - IRTTRE AT
B EAEAL -

... urge the government to formulate poli-
cies and allocate resources to promote
soft meals to address the needs of elderly
citizens, as well as to enhance support for
caregivers in order to increase the quality
of life and well-being of the elderly.

Noteworthily, the most frequently occurring
word with £ For %4 A ‘the elderly terms’ in
the corpus is % ~F ‘stay-behind’. The collocation
stay-behind elders is specifically used to describe
elderly individuals whose family members have
emigrated overseas, indicating that a group of el-
ders have been separated from their families since
2019 (Chan and Chiu, 2025). The following ex-
cerpts provide further details:

AR ERUR B ST RE R BRI RBS K
Ry B PRORIE ~ AV HERE AT I S 8%

EHRFABRARMMENRE &
BB R SRR - BURS B
JEFE B T REH A REA 2
Ko HEERMEESEL AR
o

The survey shows that the services most
needed by the stay-behind elderly are
medical security, daily care, and com-
munity support services. Among them,
those whose children have emigrated
within the past two years feel that the sup-
port provided by the Hong Kong govern-
ment is insufficient, indicating that stay-
behind elderly in the adaptation stage
may have a wider range of needs. It is

recommended that the authorities and the
social welfare sector introduce relevant
policies.

The stay-behind elderly have drawn the govern-
ment’s attention and have been surveyed to anal-
yse their needs in society. It is concluded that
their needs, which are similar to those of non-stay-
behind elderly, include medical security, personal
care support, and community-based assistance. The
government has been urged to implement relevant
welfare policies to address the needs of the elderly.
As part of this discourse, the following sub-themes
outline the topics discussed in news articles about
eldercare.

Collocate Rank Freq(Scaled) Likelihood
population A [ 1 11136 662.157
ten thousand &5 2 2880 449.617
year £F 3 18480 398.141
special region Ff [ 4 2080 397.594
estimate 5 5 1520 358.613
working 25 Ef 6 1392 332.743
occupy i 7 2896 274.175
years 5% 8 10336 274.148
scheme #1& 9 9984 225.08
Health care voucher B 10 1968 211.137

Table 4: Top-ten frequently occurring collocates of gov-
ernment, society, population and scheme

Sub-Theme: The Population and Social Wel-
fare. Table 4 shows the top-ten most fre-
quently occurring collocates of the words
Jif ‘government’, 1 & ‘society’, A [ ‘population’
and £t &|‘scheme’. As mentioned, eldercare in
Hong Kong is often emphasized and discussed
from the perspective of socieal administration and
policy. Thus, the elderly population is mentioned
with collocates such as A [ ‘population’, & ‘ten
thousand, % ‘year’, fli ‘occupy’, /% ‘years old’ and
55 ‘estimate’. The news reports tend to indicate
the estimated millions of people who are 60 years
old and occupy a certain percentage of the over-
all population, suggesting that there are more and
more elderly in society. The growth of the elderly
population is often associated with the working
population, as the increase in the elderly population
means a decrease in the working population. The
collocate #F [ ‘special region’ denotes that the Spe-
cial Admiration Region (SAR) government plays
the main role in tackling the issue. For instance,

NOFEENHEBEELERA

BUERCE IR YT » i BEURN 2 F A%
B TRRZERA  BERE Rz



&1 BBGRDT# » BRADE@HEE [
RUE] » WESHE SRR AR
7] e

The continuous aging of the population
has placed enormous pressure on Hong
Kong’s social elderly care The continu-
ous aging of the population has placed
enormous pressure on Hong Kong’s so-
cial elderly care support system. For
many years, the HKSAR Government
has advocated the policy principle of
‘home-based elderly care as the founda-
tion, with institutional care as a backup,’
aiming to alleviate the burden on society
and the healthcare system by promoting
home-based elderly care.

The news articles report the government’s ef-
forts to allocate budgets to implement measures
that enhance the quality of life for the elderly,
including several schemes indicated by the col-
locates 71 #‘scheme’ and & % % ‘health care
voucher’, such as TH# FREHET & ‘Advance Care
Planning Scheme’, & # & % 7 ‘Elderly Health
Care Voucher’, & & B 5 77 K18 & 3 B 51
#Greater Bay Area Voucher Pilot Scheme’, and
& #5135 ‘Fujian Scheme’. These schemes demon-
strate the government’s emphasis on elderly care
and advocate for having their retirement lives in
mainland China. For example,

Tl 2 B JE SR R T B B A
RN (ELJEBRIERRTER) - FTE]
iR R g B
IRHECERHE ~ RAEBRGAE K
fefE Ah At B AT BRI TR AR E
{rat s -

All physicians participating in the Pri-
mary Healthcare Scheme must be en-
rolled in the Primary Healthcare Direc-
tory. The program encompasses mul-
tiple initiatives, including the Vacci-
nation Subsidy Scheme, Chronic Dis-
ease Co-Care Pilot Scheme, Elderly
Health Care Voucher Scheme, Colorectal
Cancer Screening Programme, and the
General Outpatient Clinic Public-Private
Partnership Programme.

Sub-Theme: The Elderly’s Needs and Commu-
nity Services. This sub-theme highlights the needs
of the elderly and the community services pro-
vided for them. To obtain more details of the dis-
course, the top-ten collocates of it 75 services’,

75 % ‘needs’ and $&fIt‘provide’ (see Table 5) are
examined.

Collocate Rank Freq(Scaled) Likelihood
provide #& 4t 1 8304 271.003
services ARTH 1 16336 271.003
centre /0> 3 6400 187.446
take care of FRJEH 4 7696 170.374
assistance 1% 5 7792 144.577
community 1 [& 6 7568 140.178
home K& 7 2032 135.238
daytime H [ 8 800 131.848
medical B&JE 9 8064 121.252
elderly care Z%& 10 5264 100.368

Table 5: Top-ten frequently occurring collocates of ser-
vices, needs, and provide

The collocate #&{it ‘provide’ is frequently used
to show the care, assistance and services offer to
the elderly at the community level. Thus, this
collocate is associated with other collocates that
denote the various types of support for the el-
derly, including ART% services’, SZ 1% ‘assistance’,
B2 f¥‘medical’, and % &‘elderly care’. The
collocates H /[>‘centre’, ff: [E‘community’, K
J& ‘home’, H ff‘daytime’ and g ‘take care of’
indicate the support providers or specific sup-
port schemes for the elderly. For instance, the
support providers are often NGOs subsidised by
the government, such astE B H K R+
/L>*Christian Family Service Centre’, 1T [ AR %5
H.0> ‘community service centre’ and H HE L
/L>*day care centre’. For instance,

AP G ~ FEBDET T RE W&
BRI E KL » WA BUR TR ALY
[ IR RE AR - 15 H EEEE AL
X RS R F

A significant proportion of elderly indi-
viduals with adequate physical capacity
and family support opt for aging in place,
utilizing government-subsidized commu-
nity care services such as daycare centres
and home support services.

5 Discussion

The findings indicate that eldercare is generally
framed as a socio-economic discourse, illustrated
with survey-based statistics and supported by aca-
demic authorities from academia. As a result,
one of the predominant themes of eldercare in the
news media emphasizes the welfare policies im-
plemented by the SAR government to address the



“socio-economic issue” of the increasing elderly
population. In other words, eldercare has been in-
terpreted as one of the government’s main respon-
sibilities. This corresponds to Bai et al. (2020),
who suggest that eldercare is redefined under the
current socioeconomic climate of Hong Kong. The
virtue of filial piety in traditional Chinese elder-
care culture has faded out in the culture of elder-
care in Hong Kong. Although the term J& K %
% ‘home-based eldercare’ has been mentioned, it
is not literally related to the Confucian concept of
filial piety, which emphasizes children’s care, obe-
dience, and remembrance of parents. Home-based
eldercare acts as a pragmatic advocate, encourag-
ing reduced demand and consumption of public
eldercare resources, which are already insufficient,
as care for the elderly has largely been commodi-
fied through subcontracting to migrant workers and
private care services institutions (Wong, 2022; Le-
ung et al., 2019). Without a doubt, the transition to
a “super-aged society” in Hong Kong (Choy, 2022)
will probably lead to economic turmoil and short-
ages of healthcare and eldercare resources. This is
not contradictory to the cultivation and advocacy of
traditional core values in eldercare, such as respect
and company. Nevertheless, the virtue of filial piety
appears not to be illuminated in the news articles
about eldercare.

Moreover, to rationalize the demand for elder-
care services and resources, newspapers tend to
construct a discourse of vulnerability, as indicated
by the sub-theme of needs and community services.
This portrayal seemingly positions the elderly as
inferior in society and can result in social exclusion
and reduced opportunities for older adults (Levy
and Banaji, 2002; Loos and Ivan, 2018). Previ-
ous studies suggest that elderly individuals who
adopt the devaluing views in social discourse are
likely to suffer from lower self-esteem, mental ill-
ness, and reduced longevity (Swift et al., 2017).
Moreover, these representations play a critical role
in shaping both public discourse and policy de-
cisions regarding the elderly. When older adults
are predominantly portrayed as passive recipients
of care or as burdensome to society, the result-
ing policy responses often take on a paternalistic
character. Such policies tend to prioritize the provi-
sion of basic care and the containment of perceived
risks, rather than fostering opportunities for em-
powerment, active participation, and social inclu-
sion among older individuals. This framing can
ultimately marginalize the elderly further, reinforc-

ing stereotypes and limiting their agency within
society (van Dyk, 2016).

While plenty of research discloses the impacts
of the surge in emigration since 2019 on the pop-
ulation composition in Hong Kong (Chan, 2025a;
Lam and Fong, 2025; Tran, 2025), this study shows
that major newspapers appear to overlook the cor-
relation between emigration and the increase in
the elderly population, who are referred to as stay-
behind elders. The stay-behind elders have become
a new group within Hong Kong’s elderly popula-
tion, characterized as the newest additions. How-
ever, their difference from the non-stay-behind el-
derly appears to be overlooked. Prior research has
highlighted the phenomenon that the elderly tends
to opt to live alone or stay behind in Hong Kong
despite their desire to age in a place with family
members (Bai et al., 2020), as they are afraid of
being a burden on their children’s families. Thus,
solely using a neoliberal approach to eldercare is
unlikely to address the root of the issue and what
assistance the elderly really needs from the gov-
ernment. For instance, the elderly might desire for
travel allowance to visit their children overseas. It
is important to ensure that what the support givers
provide is what the support receivers need (Yip,
2024b).

6 Conclusion

This study reveals that newspapers in Hong Kong
generally represent eldercare as a socio-economic
issue. The discourse frames the elderly as a popu-
lation in needs of support and as a financial burden
on the government. The vulnerability of this popu-
lation is highlighted as a means to rationalize the
provision of government assistance, including sub-
sidies and care services. A significant portion of
the news coverage focuses on reporting the needs
of the elderly and the welfare policies that have
been implemented. However, the voices of the el-
derly have been inaudible in the Hong Kong news
media. Without listening to the elderly’s thoughts,
it is difficult to provide support that caters to their
real needs. Moreover, the news media play a key
role in shaping public perception of eldercare and
its core virtues. The virtues of filial piety deserve
greater emphasis in news articles to raise citizens’
awareness of taking care of their parents’ physical
and mental needs.
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Abstract

This study investigates the developmental pat-
terns of three Mandarin glides, [j], [w], and [q],
in preschool children by examining their distri-
bution across different syllabic positions. Data
were collected from 45 typically developing
children between the ages of 7 months and 6
years using a cross-sectional picture-naming
task. The speech produced by the children
was transcribed using IPA and compared with
adult usage patterns extracted from a 202-hour
spoken corpus of Taiwan Mandarin. Statisti-
cal analyses, including chi-square tests and lin-
ear mixed-effects models, showed that [j] and
[w] were acquired earlier and produced more
accurately than [q]. Glide accuracy was sig-
nificantly higher in onset positions and lower
in coda positions and consonant-glide clusters.
These findings suggest that articulatory com-
plexity and positional effects both influence the
course of glide acquisition in Mandarin. By in-
cluding a comprehensive range of syllabic con-
texts, this study highlights the importance of
structural distribution in early phonological de-
velopment and provides empirical support for
phonotactic modeling in child language acqui-
sition. This study combines corpus-based and
experimental evidence to address glide acquisi-
tion in a tonal language, focusing on phonolog-
ical modeling, speech development, and child
language research.

1 Introduction

Previous studies have shown that the acquisition of
sounds in early childhood is accomplished through
stages of development. The trajectory of phonolog-
ical development in early ages is said to be influ-
enced by language universal factors (e.g., Jakob-
son, 1968), markedness (e.g., Edwards, 1974), and
the articulation ease (e.g., Locke, 1972). Certain
patterns in phonological development appear to
be cross-linguistically universal, while others are
shaped by the specific linguistic input children re-

ceive, and still others are influenced by articulatory
effort.

Numerous studies have examined the acquisition
order of English glide sounds. Dodd et al. (2003)
found that [w] tends to be acquired earlier than [j],
consistent with earlier findings by Wellman (1931),
Poole (1934), Templin (1957), and Sander (1972).
To account for the variation in age of acquisition
across these studies, Dodd et al. (2003) suggested
that both age and gender significantly influence
speech development, contributing to differences in
observed acquisition timelines. Despite variability
in specific ages reported, these studies consistently
agree on the developmental trajectory of English
glides, with [w] acquired before [j].

Based on the relationship between surface glides
and their underlying vowel counterparts in Man-
darin phonology, the developmental sequence of
these glides can be inferred from the acquisition
patterns of the high vowels. Prior research has
consistently shown that the high front vowel /i/
emerges first in child speech, followed by the high
back vowel /u/, and finally the high front rounded
vowel /y/ (Jeng, 1979; Wu & Xu, 1979; Su, 1985;
J. Hsu, 1987; Cao, 2003; Shi & Wen, 2007; H. Hsu,
2016). This developmental progression, from sim-
pler to more complex articulatory gestures, aligns
with Locke’s (1972) theory of articulatory ease.
Accordingly, if glides reflect the acquisition or-
der of their vowel counterparts, it can be hypoth-
esized that palatal rounded [j], derived from high
front vowel /i/, is acquired earlier than labial-velar
rounded [w] and palatal rounded [t], which are
derived from /u/ and /y/, respectively.

Previous studies on Mandarin phonological de-
velopment have consistently shown that lip round-
ing presents greater articulatory difficulty for young
children compared to lip spreading or neutral pos-
tures. For example, Peng & Chen (2020) and Lou
(2020) reported that rounded vowels and glides
(Iw], [q]) are typically acquired later than [j], re-



flecting higher motor control demands for rounding.
Similarly, Zhang (2016) observed frequent substi-
tution and deletion of [w] and [q] in Mandarin-
Taiwanese Min children, indicating articulatory in-
stability. From a phonological perspective, Wieden-
hof (2015) and Fu (2023) noted that [1] has a re-
stricted distribution and is often merged with [j],
suggesting that the Mandarin phonological system
itself limits the robustness of [y]. Even non-native
speakers of Mandarin, Thai preschoolers, learn
Mandarin was found the similar patterns (Wan et
al, 2024a).

There are twelve different syllable structure com-
binations in Mandarin (V, CV, GV, VG, VN, CVG,
CVN, GVG, GVN, CGV, CGVG, CGVN). G repre-
sents the three glides [w, U, j] in Mandarin. Except
for the nasal sound /n/, all other consonants are
strictly patterned to be in syllable initial position;
glides, on the other hand, are more flexible (Chao,
1968; C.C. Cheng, 1973; Duanmu, 2007). They
can appear in syllable initial (e.g., jaw), medial
(e.g., ¢jaw), and final positions (e.g., xaj); however,
it is not legitimate for [[] to occur in syllable-final
position (Duanmu, 2007; Norman, 1988). Table 1
below shows the twelve syllable structure types in
Mandarin:

Syllable structure | Phonetic Transcription | Gloss
\'% [i55] clothes
CvV [pi21] pencil
GV [ja 35] teeth
VG [wo 21] I, me
VN [i51] hard
CVG [naj 21] milk
CVN [san 21] umbrella
GVG [jow 21] to have
GVN [wan 21] bowl
CGV [xwa 55] flower
CGVG [njow 35] CoOwW
CGVN [twan 21] short

Table 1: The twelve syllable structure types in Mandarin

Although Mandarin allows some flexibility, it im-
poses strict phonotactic constraints on consonant-
glide onset sequences. As noted by Wan (1999),
glides show position-specific behavior in terms of
both manner and place of articulation. The glide
[w] co-occurs with bilabials, dentals, velars, and
retroflexes; [j] occurs with bilabials, dentals, and
palatals; and [q] appears primarily with palatals
and the nasal [n]. Table 2 shows the possible dis-
tribution of CG sequences by Wan (2003) shows
the legal CG segment structures in Mandarin (see
Appendix I). For the co-occurrence of vowels and

glides, it is undoubtedly that the three high vowels
/i/, Iy/, and /u/ cannot combine with the three glides,
due to the homorganicity tautosyllabic constraints
(Steriade, 1988). For instance, [ij], [yy], and [uw]
are not allowed. According to Wan and Jaeger
(2003), non-high vowels can be paired with the
three glides freely in the pattern of VG sequence
combinations. For example, [aj], [ge], [ow], [fej],
and [xaw].

Mandarin includes three glides: the labiovelar
[w], the palatal [j], and the labiopalatal [1]. These
are generally considered surface realizations of the
high vowels /u/, /i/, and /y/, respectively, when they
occur adjacent to non-high vowels. None of these
glides are part of the underlying phonemic inven-
tory of Mandarin. Instead, they emerge through
phonological processes that affect high vowels in
specific syllabic environments. This interpretation
is supported by several studies (Lin, 1989; Wu,
1994; Duanmu, 2002; Wan, 1999; Wan 2002; Fu
2023) and aligns with the view that glides in Man-
darin function as allophonic variants of high vowels
rather than as independent semivowels or conso-
nants.

Wan (2002, 2003, 2006) presents a series of stud-
ies on glide behavior in Mandarin speech errors,
offering compelling evidence that glides function
more like nuclear elements than true consonants.
First, glide errors revealed that [j], [w], and [q]
show positional variation and often align with the
nucleus, particularly when preceded by labial, den-
tal, or retroflex consonants. In contrast, glides
form onset clusters when following palatal or velar
consonants. Wan and Jaeger (2003) further ob-
served that glides frequently substitute for their
high-vowel counterparts and may trigger vowel-
vowel substitutions across syllables. These inter-
actions suggest that glides share more representa-
tional features with vowels than with consonants
or other glides. Importantly, glide errors such as
substitution, deletion, and insertion often occur in-
dependently, indicating their segmental status. In a
follow-up study, Wan (2006) analyzed postnuclear
glides and coda nasals in native speaker speech
errors. Glides showed significantly fewer interac-
tional errors than nasals (79 vs. 158), and interacted
more with vowels than with consonants. Although
glides occasionally co-occurred with nasals, the
pattern suggested that glides are less stable as co-
das and more tightly integrated with the nucleus.
Collectively, these findings support the analysis of
glides as prosodically and phonologically affiliated



with the nucleus, rather than as independent onset
or coda consonants.

In English, only vowel monophthongs can form
diphthongs or triphthongs, while glides such as
[j1 and [w] are typically analyzed as consonants
(Ladefoged and Maddieson, 1996). In contrast,
Mandarin diphthongs and triphthongs are formed
through the combination of a glide, which is con-
sidered the surface form of the high vowels [i], [u],
or [y], and one or more non-high vowels. This
contrast highlights a fundamental difference in the
phonological treatment of glides in the two lan-
guages. In Mandarin, the behavior and distribution
of glides correspond more closely to the properties
of vowels than to those of consonants. Examples
of diphthongs in Mandarin and token frequencies
are shown as below.

IPA | Freq. IPA | Freq. | TPA | Freq.
cja 18031 | swan | 1727 | swan 337
gien | 14461 | tswan | 1498 | Iwan 324
teja | 11453 | ts"wan | 1496 | tePyon | 307
mjen | 10427 | teja | 1337 | tegon | 287
pjen | 9907 | kwa | 1226 | k"wan | 281
tchjen | 8286 | tswa | 1171 | zwan | 228
tejen | 8224 | kPwa | 1045 | twon | 228
tjen 8019 cyon 972 swon 216
njen 7820 Xwa 724 | tswon | 214
thjen | 6324 | tswon | 688 nja 118
lja 5760 | xwon | 682 | tehjo | 115
kwan | 5689 ¢jo 641 kwaon 55
tcPyen | 3705 | ts"wa | 619 | nwan | 54
xwan | 2990 | t"won | 576 | t"won 49
ljen 2766 | tecyen 466 Zwon 39
cyen | 2452 | ts"won | 453 swan 27
twan | 2096 | t"wan 378 tswan 20
Iwon 1874 swa 361 | ts"wan 3
pPjen | 1806 | kPwon | 348 tejo 1

Table 3: Sample of CGVN in IPA and token frequencies
(Wan et al., 2024b)

Since glide development in Mandarin has typ-
ically been examined within the broader context
of vowel development, the specific behavior and
acquisition of the three glides [w], [j], and [1] in
different syllabic positions remain insufficiently in-
vestigated in the literature. This study addresses the
following research questions, each accompanied
by a predicted outcome:

1. What is the developmental order of the three
Mandarin glides [j], [w], and [q] in preschool
children between 7 months and 6 years of age?

Based on previous studies, we predict that [j]
and [w] will emerge earlier, while [1[], due to
its articulatory complexity, will be acquired
later

2. How do syllabic positions (onset, post-
consonantal, and coda) affect the accuracy
and emergence of Mandarin glide production
in child speech? We expect that glides will
be produced more accurately in onset position
than in post-consonantal or coda positions, re-
flecting structural facilitation in early speech.

3. To what extent do articulatory complexity and
positional effects influence the acquisition pat-
terns of Mandarin glides? It is predicted that
the interaction of higher articulatory demands
(as in [q]) and marked syllabic positions will
result in greater variability and delayed mas-
tery compared to simpler contexts.

Glide acquisition in child speech has often been
examined with limited positional scope, typically
focusing on onset production. However, Mandarin
glides present a unique opportunity to examine po-
sitional asymmetries, given their attested occur-
rences in onset, coda, and complex cluster contexts.
Mandarin prohibits vowel sequences with a single
syllable, high vowels are systematically realized as
glides when adjacent to other vowels. Therefore,
this study aims to address these gaps by analyz-
ing the production accuracy of [j], [w], and [q]
across syllabic positions in child speech, and com-
paring these patterns with large-scale adult corpus
data. Drawing on markedness theory and positional
prominence, we ask how phonotactic constraints
shape developmental trajectories, and how corpus-
driven benchmarks can refine our understanding of
normative phonological development.

2 Methodology

The data were drawn from a spoken corpus of Tai-
wan Mandarin children (N = 45; mean age = 3.8
years, SD = 1.4; 23 boys, 22 girls) collected in
the Phonetics and Psycholinguistics Laboratory at
National Chengchi University, Taipei, Taiwan !.

'In this lab, the spoken corpus contains multi-tier linguistic
annotations and encompasses diverse spoken data such as
speech interactions among multiple speakers, conversations
between speech therapists and Mandarin-speaking aphasic
patients, language acquisition patterns in typically developing
children aged 7 months to 6 years, and speech samples from
children with language disorders aged 3 to 6 years. More
recently, the corpus has been expanded to include not only



Participants, aged 7 months to 6 years, completed
picture-naming tasks designed to elicit three target
glides [jl, [w], and [q] in both monosyllabic and
disyllabic words across different syllabic positions,
as shown in Table 4

Word IPA Word IPA
* [ja35] H5 | [ye511ja51]
i [wan21] H#& | [pej51 k'y35]
E [gon35] =S [maw51 tsi]
Vit [xaj21] HES [sus1 jes1]
I [xow35] il [te"i55 wa55]
R | [saw51 pa2l] | BEF% [i55 yen51]
7 | [ja35tsi21] | ZFU5 | [njow35 naj2l]
T | [waSltsi] | ZKE | [tan51 kaw55]

Table 4: The test examples in the experiment

Participant information is shown in Table 5 (see
Appendix II). All data were audio-recorded and
transcribed by two well-trained master’s students
specializing in phonetics, who had prior experience
transcribing over 24 languages before undertaking
this task, with interrater 91%, and 9% of discrepan-
cies were resolved through acoustic validation in
Praat. To enhance reliability, Praat was used to an-
alyze the recordings, ensuring consistency in tran-
scriptions and validating any discrepancies. When
confusions still remained, the data were discarded.
Annotation was conducted semi-automatically us-
ing a Hybrid-DNN-HMM framework. For devel-
opmental analysis, children were grouped in six-
month intervals (2;0-6;0), enabling observation of
age-related changes in phonological development,
with vocabulary production serving as an index of
phonological maturity.

All pictures were presented three times in a ran-
domized order. As preschool children may not
always produce the exact target word, approxi-
mations were accepted as correct as long as the
target glides were realized. For example, [tc"i55
waS5] ‘frog’ produced as [wa55 wa55] or [maw51
ts] ‘hat’ as [maw51 maw51] were considered cor-
rect because the target [w] occurred. Similarly,
[njow35 naj21] ‘milk’ produced as [nej55 nej 55]
and [xaj21] ‘sea’ produced as [wej21] ‘water’ were
also counted as correct, since the target items in-
volved a glide [j] in coda position. However, if the
target [w] did not appear in the production, such
as [tan51 kaw55] ‘cake’ produced as [tan51 tan51],
data from adult learners of Mandarin with L1 backgrounds in

Indonesian, Vietnamese, and Thai, but also speech data from
native speakers of these three languages.

the response was coded as incorrect. A total of
84 test items involving true consonants and glides
across different syllabic positions were examined.
In this cross-sectional design, if the participant was
unable to produce the target word correctly, the
response was taken to indicate that the child at
that age had not yet mastered the sound. The proce-
dures followed those outlined in Wan et al. (2024b).
Table 6, as seen in Appendix III, shows the correct-
ness and error types by the 45 participants.

3 Findings and Analysis

Data were collected through a picture-naming task
involving typically developing Mandarin-speaking
children in Taiwan. The task was designed to
elicit productions of the glides [j], [w], and [q]
across various syllabic positions. Of the 7,290
expected tokens, 6,555 usable responses were ob-
tained, with the shortfall due to omissions during
the task. Among these, 6,292 productions were
judged accurate, yielding an overall accuracy rate
of 95.99%. Three main error types were identified
in the remaining data: substitution (1.16%), where
the intended glide was replaced; addition (0.26%),
where an extra glide was inserted; and deletion
(2.59%), where the glide was omitted. Productions
containing multiple error types were excluded from
analysis to ensure categorical clarity.

The glide [w] appeared most frequently in the
confusion matrix, with 3,110 total instances, of
which 3,102 were produced accurately. Substitu-
tion errors were rare and included realizations such
as [jl (m = 1), [p] (0 ="7), [p"] (n = 1), [v] ( = 1),
and [] (n = 8). Deletion of [w] was observed in 106
cases. These results indicate a high level of produc-
tion accuracy for [w], although some substitution
and deletion errors did occur. Table 7 shows the
error type distribution according to the three glide
sounds [j], [w], [q] in Mandarin.

Glide / Error Type | Substitution | Deletion | Addition | Total Error
j (34.1%) 7 62 14 83
w (51.8%) 18 106 3 127
y (14.1%) 33 2 0 35
Total 58 170 17 245

Table 7: Error type distribution according to the three
glide sounds

This table reveals that among the three glides,
[w] accounts for the highest proportion of errors
(51.8%), with deletion being the most frequent type
(106 instances). This suggests that [w] may be par-
ticularly vulnerable to deletion during speech pro-



duction. The glide [j] also shows a predominance
of deletion errors, but with a relatively higher num-
ber of additions, indicating its potential instability
or overgeneralization in certain phonological con-
texts. In contrast, [q] is primarily affected by substi-
tution errors, with almost no deletions or additions,
implying that it may be more prone to misidenti-
fication or confusion with other sounds. Overall,
deletion emerges as the most common error type,
highlighting the articulatory challenges glides may
pose in speech development. The observed and ex-
pected numbers of the three glide error types below
show the extent to which the observed distribution
deviates from the expected frequencies under the
assumption of independence, forming the basis for
the chi-square calculation.

sound prohibited from occurring at the syllable-
final position. For [w], its occurrence in the
syllable-final-position was the highest. As for [j],
it appears the most in the consonant-glide cluster.
The total count of production according to the syl-
lable position is 6361. Again, [q] showed minimal
distribution and variation, with only two syllable
positions allowed in Mandarin phonotactics. Com-
bining Table 7 and 8, the pattern of Mandarin glide
syllable distribution (Table 9) can be observed: [1]
had the lowest overall frequency, but it showed
the highest error rate (35/292 ~ 11.99%); mean-
while, even though [w] and [j] had a higher occur-
rence compared to [q], the error rate was 3.99%
and 2.33% separately. According to each glide
sound, the significant error types vary as well. [q]
exhibited the most instances of substitution; [w]

Glide Errmj T)fpe Observed | Expected had the highest deletion count; [j] experienced a
[!] SUbStm'ltlon 7 19.65 high addition rate. The results from Table 7 and
[i] Deletion 62 59.59 8 suggest that both the occurrence frequency and
(1] Addition 14 5.76 syllable distribution influence the Mandarin glide
[w] | Substitution 18 30.07 production in normal children.
[w] Deletion 106 88.12
[W] Addition 3 8.81 IPA Syllable Position | Number of Production | Examp
— : (w] CG 768 [xwa55]
[yl Substitution 33 8.29 3110 (48.89%) |_Syllable-initial 258 [wan2l]
. ' syllable-final 2084 [te"jow35]
[yl Deletion 2 24.29 . G 11 fien21]
[q] Addition 0 243 2059 (46.52%) syllable-initial 373 [jan35]
syllable-final 875 [tswej21]
. . [yl CG 83 [eqon35]
Table 8: Expected frequencies and observed frequencies 292 (4.59%) | syllable-initial 209 [qon35]
regarding the error type distribution Total count 6361

By examining the relationship between the three
glides ([j], [w], and [q]) and error types (substi-
tution, addition, and deletion) through the chi-
square test of independence, results reveal that a
significant correlation can be observed (x%(4) =
128.87,p < .001). In the test, the degrees of free-
dom (df = 4) were calculated, based on the cate-
gories in both variables, the three glides and the
syllable position in this case. The test then com-
pares the expected and observed frequencies to see
if the variables are related. Overall, the distribution
of errors is dependent on the glide type, suggesting
that the errors in children’s output is systematically
related to the syllable position of the three glides.

df = (rows — 1) x (columns —1) (1)

" (0:: — E::)?
Y= Z Z (”El) )
< i
=1 j5=1
A closer observation on the three syllable po-
sitions regarding the three glides, [y] is the only

Table 9: Mandarin glides syllable distribution and ex-
amples

In Table 9, [[cyon35] “bear” became [tjon35].
under the cases of substitution, [xwa55] “flower”
became [fa55]. The glide [w] was deleted and
the consonant [x] was replaced by [f]. The dis-
appearance and replacement of the glide [w] and
the consonant [x] showed a closer relationship be-
tween the onset and prenuclear glide. Substitu-
tions like [tjow35] “ball” became [tj35], [o] and
[w] were substituted with [0]. The relationship be-
tween the postnuclear glide [w] and the nucleus
[o] is bounded. They were substituted together
by mid vowel [0]. The substitution example satis-
fies the observation she found: the tautosyllabic
prenuclear glide, vowel, and postnuclear glide are
treated as a constituent, backed up by the ability to
be substituted with a single vowel. Consequently,
postnuclear glides should be considered part of the
nucleus rather than the coda.

Building on their position, the status of glides



can be further suggested. The classification of
glides cannot be uniform in all positions. Their
status is syllable-sensitive, shaped by the structural
interaction with the adjacent sounds within one syl-
lable. The following table below shows the error
types and syllable distribution of the three glides in
Mandarin.

IPA | Syllable Position 12;‘:::’5: Examples
[tswej]—[tsej]
[w] e 3 [ja swa]—[xa sja]
S i 13294%) syllable-initial 9 [wan]—[pan]
syllable-final 87 [tejawai]—[teja]
[njaw]—[njag)]
[j] CG 18 [cian tejaw]— [xar tjaw]
(69, | Syllable-initial 5 [ja swa] —[xa swa]
30.26%) [ja §Wah]ﬁ[a twa]
syllable-final 46 [pej k ¥]—[pe]
[xaj]—[xao]
[ul CcG 7 [eqon]—{gjon]
G, [eqon]—[son]
15.35%) syllable-initial 28 [i yen]—i jan]
Total 28
count

Table 10: Error types and syllable distribution

This table analyzes the distribution of pronunci-
ation errors for the glides [w], [j], and [i] across
different syllable positions. The glide [w] shows
the highest error rate, accounting for 54.39% of all
errors, with the majority occurring in syllable-final
position. The glide [j] ranks second with 30.26% of
errors, mainly found in syllable-final and CG struc-
tures. The glide [y] has the fewest errors (15.35%),
appearing only in CG and syllable-initial positions,
and not at all in syllable-final positions. These find-
ings highlight the varying stability of glides in dif-
ferent phonological environments, with [w] being
particularly vulnerable in syllable-final contexts.
Table 11 (see Appendix IV) shows correctness and
all the error types, along with the percentage out of
all produced data.

The confusion matrix (see Appendix VII) helps
further identify specific error patterns of the three
glides, [w], [j], and [q], revealing which glides are
most frequently misarticulated and the phonemes
with which these glides most often interact.

4 Discussion and Conclusion

Regarding the developmental order of the three
Mandarin glides [j], [w], and [q] in preschool chil-
dren aged between 7 months and 6 years, the con-
sistently high accuracy rates for both [w] and [j]
indicate that these glides are more stable in child

speech than [q], which emerged later and was less
accurate. Substitution errors were observed only
from [q] to [w] or [j], but not in the opposite di-
rection, suggesting an asymmetrical developmen-
tal pattern. The frequency of correct productions
followed the order [w] > [j] > [vyl, aligning with
Wan’s (2003) distributional ranking of legal CG se-
quences and with adult spoken corpus data reported
in Wan et al. (2024b). The correlation between chil-
dren’s and adults’ production rankings further sug-
gests that early glide acquisition is strongly shaped
by frequency distributions in the ambient language.

In terms of syllabic positions (onset, post-
consonantal, and coda), these factors significantly
affect the accuracy and emergence of Mandarin
glide production in child speech. Chi-square
analysis confirmed a significant relationship be-
tween glide type and error type (y?(4) = 128.87,
p < .001), indicating that errors were not random
but systematically linked to syllable position. Po-
sitional analysis showed that [w] frequently oc-
curred in syllable-final position, [j] predominated
in consonant—glide clusters, and [q] was limited
to initial and medial positions. Error patterns also
varied across contexts: [{f] was most prone to sub-
stitution, [w] and [j] to deletion, and [j] exhibited a
higher addition rate among the three sounds. These
findings reflect the positional distribution of glides
and demonstrate that syllable structure strongly
conditions glide accuracy and emergence.

Finally, to some extent, articulatory complex-
ity and positional effects influence the acquisition
patterns of Mandarin glides. The findings con-
firm that articulatory demands and positional re-
strictions jointly shape glide acquisition. [w] and
[j1 were acquired earlier and used more consis-
tently due to their positional flexibility and lower
articulatory complexity. In contrast, [ff], which
requires lip rounding in addition to palatal articu-
lation, was more unstable, frequently substituted,
or deleted. This supports prior research showing
that lip rounding is generally more difficult than lip
spreading for Mandarin-speaking children (Peng
& Chen, 2020; Lou, 2020; Zhang, 2016; Wan et
al., 2024a). The structural behavior of glides fur-
ther corroborates earlier phonological models: in
syllable-initial position, glides function as onsets
or secondary articulations (Duanmu, 1990, 2002),
while in syllable-final position, postnuclear glides
pattern with the nucleus (Lin, 1989). Overall, the
interaction of articulatory complexity and syllable
structure accounts for both the variability and the



delayed mastery observed in [q] relative to [j] and
[w].

In addition, our findings are consistent with prior
research showing that lip rounding is generally
more difficult for Mandarin-speaking children than
lip spreading. Rounded glides such as [q] and [w]
tend to emerge later, are often substituted by [j],
or deleted altogether, reflecting both articulatory
constraints on lip rounding and phonological re-
strictions in early child Mandarin (Peng & Chen,
2020; Lou, 2020; Zhang, 2016; Wan et al. 2024a).

These findings suggest that the acquisition pat-
tern in all language systems is shaped by a com-
bination of a universal developmental pattern, the
language-specific sound inventory, and the articula-
tory constraints. To better understand the system-
atic trajectory of sound acquisition, it is essential
to investigate the status of individual sound types
within a particular language.
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Appendix

I. Possible distribution of CG sequences by Wan (2003)

Table 2 shows the possible distribution of CG sequences by Wan (2003) shows the legal CG segment
structures in Mandarin: asterisk * indicates a CG sequence is not possible.

Bilabial | Labial | Dental Retroflex | Palatal Velar
;Jlrcl)zis\[/)eirated Pj, pW tj, tw *Kj, kw
ﬁi?fvafd P pw &, thw #khj, Kiw
Fricative *fj, *fw | *sj, sw :ij ,ztivw ¢j, e, *ew *Xj, XW
Eflflﬁiﬁiéated tshy, tsPw | *tsj, tsw tej, tey, *tew
zifig:::d *ts"j, ts"w | ", ey, *te"w
Nasal mj, mw nj, ny, nw *7, *w

Table 2: The possible distribution of CG sequences by Wan (2003)

II. Participant information
Table 5 shows all 45 participant information.

II1. Correctness and error distribution

Table 6 shows the correctness and error distribution types by the 45 participants.



1D Gender Age
1 M 0;7:9
2 F 1:;5;22
3 F 1;8;2
4 M 1;8;28
5 F 1:9:19
6 M 2;450
7 F 2:435
8 M 2:4:21
9 M 25551
10 F 2:5:18
11 M 2:6:8
12 M 2;9:13
13 F 2:9:24
14 M 2;10;6
15 F 2:10:8
16 F 3;0:9
17 M 3:1:24
18 M 3:4;26
19 M 3;5:28
20 M 3:7:17
21 F 3;9:22
22 F 3:10; 11
23 M 3:10;23
24 M 3:11:20
25 F 4:1;:25
26 M 4:2:26
27 M 4;5:4
28 M 4;5:15
29 F 4:6:23
30 F 4:6:29
31 F 43727
32 F 4:8:0
33 F 4:;8:7
34 M 4:;8:13
35 F 5:1:4
36 M 55250
37 F 5:2:23
38 M 5;2:25
39 M 5:3:27
40 F 5;8:4
41 F 5:8:4
42 M 5:9;11
43 M 5:9:21
44 F 5:9:27
45 F 5:10: 26
SD=1.38 ; Average age=3.8

Table 5: Participant information

IV. Error Types

Table 11 shows correctness and all the error types, along with the percentage out of all produced data

V. Error examples

The table of the proportion of error examples for each of the three glides below (Table 12) helps provide a
clear data showing which phoneme each of the three glides is most frequently substituted with during the
replacement process.

VI. Confusion Matrix

The confusion matrix below helps further identify specific error patterns of the three glides, [w], [j], and
[y], revealing which glides are most frequently misarticulated and the phonemes with which these glides
most often interact.



Participant | Correctness | Substitution Deletion Addition Item counts
1 137 0 5 2 144
2 47 1 3 1 52
3 128 3 18 2 151
4 72 6 15 0 93
5 93 3 21 0 117
6 151 0 2 0 153
7 112 2 6 0 120
8 97 18 21 0 136
9 116 0 7 0 123
10 160 1 0 161
11 146 13 7 0 166
12 136 1 8 0 145
13 156 2 1 1 160
14 146 0 10 2 158
L5 113 0 1 2 116
16 147 6 1 1 155
17 122 0 11 0 133
18 155 1 2 0 158
19 104 0 6 2 112
20 151 0 0 0 151
21 147 1 9 0 157
22 150 0 5 0 155
23 115 1 2 0 118
24 162 0 0 0 162
25 152 0 2 0 154
26 160 0 0 0 160
27 155 1 0 2 158
28 161 0 1 0 162
29 158 0 0 0 158
30 162 0 0 0 162
31 138 6 0 2 146
32 160 0 0 0 160
33 158 0 0 0 158
34 108 2 0 0 110
35 162 0 0 0 162
36 162 0 0 0 162
37 158 0 0 0 158
38 150 0 2 0 152
39 162 0 0 0 162
40 157 0 1 0 158
41 147 5 1 0 153
42 157 1 0 0 158
43 156 0 0 0 156
44 144 2 2 0 148
45 162 0 0 0 162

Total 6292 76 170 17 6555

Table 6: Correctness and error distribution by participant

Correctness % Substitution % Deletion % Addition % Sum(counts)
j 2898 97.22% 7 0.23% 62 2.08% 14 0.47% 2981
w 3102 96.07% 18 0.56% 106 3.28% 3 0.09% 3229
y 292 89.30% 33 10.09% 2 0.61% 0 0.00% 327
Total 6292 96.25% 58 0.89% 170 2.60% 17 0.26% 6537

Table 11: Error types




IPA | Correctness| % | Error Types | Error counts %o Sum
jow 1 0.067%
i—y 0 0.000%
J—x 2 0.067%
] 2898 98% ] 2 0.067% 2967
j=*9 1 0.034%
j=ry 1 0.034%
o 62 2.090%
W] 1 0.031%
Wy 0 0.000%
w—p 7 0.217%
w 3102 96% w—*ph 1 0.031% 3226
w—y 1 0.031%
w1 8 0.248%
w— 106 3.286%
4—i 21 6.422%
y—w 1 0.306%
q 292 89% y—n 1 0.306% 327
y—ry 10 3.058%
y—# 2 0.612%

Table 12: The proportion of error examples for each of the three glides
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Abstract

This study investigates whether large language
models can process epistemic modality in Ko-
rean, where degrees of certainty are often ex-
pressed through periphrastic constructions with
interrogative complementizers and epistemic
predicates. Using GPT-4.1, two experiments
tested the model’s certainty judgments with and
without contextual cues. Without context, the
model consistently defaulted to a 50% certainty
across different predicates, suggesting that its
responses are categorical in nature. However,
with context, responses became more varied
and partly human-like, but still lacked the gra-
dient sensitivity observed in human speakers.
Further analysis revealed an exceptional pat-
tern for the word siph- ‘seem/believe’, but this
likely stems from the frequency and familiarity
of the expression in the model’s training cor-
pus, leading to a holistic representation, rather
than reflecting a genuine understanding of the
semantic distinctions introduced by different
interrogative complementizers. These results
indicate that, while the model can respond to
explicit contextual signals, it does not appear
to encode the internal semantic distinctions
that native speakers associate within epistemic
modal meaning and Korean interrogative com-
plementizers.

1 Introduction

What is unique about human language, compared
to animal communication, is its ability to convey
information beyond immediate reality. This ability
enables humans to make counterfactual statements,
such as lies or hypothetical scenarios. For example,
look at example 1 below.

(D) a. John may be in his office.
b. John must be in his office.
c. John’ll be in his office. Palmer (2001)

Example (1) illustrates epistemic modality in
English. In (1a), the speaker expresses uncertainty
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about whether John is in his office by using the
modal verb ‘may’. In contrast, in (1b), the speaker
conveys a firm judgment through the modal verb
‘must’. Finally, in (1c), the speaker makes a judg-
ment based on what generally happens with John.
This contrast shows how epistemic modality en-
ables speakers to modulate their degree of cer-
tainty, making communication more nuanced and
context-sensitive. Not all languages encode epis-
temic modality morphologically, and the availabil-
ity and granularity of such distinctions vary across
languages.

In Korean, epistemic modality sometimes ap-
pears in periphrastic constructions, which are con-
structions in which multiple words function as a
single grammatical unit. Notably, Korean has four
interrogative complementizers: -nci, -Ici, -nka, and
-lkka. Each interrogative complementizers can be
divided into more fine-grained elements, each car-
rying distinct semantic nuances. For instance, com-
plementizers ending in -kka are more actively used
in modalized questions, compared to those end-
ing in -ci. In addition, complementizers with -n-
typically mark realis or present meaning, whereas
those with -/- mark irrealis or future meaning. How-
ever, when these complementizers combine with
certain predicates, subtle semantic differences lead
to variations in the level of epistemic commitment.
Consider the example sentence below.

2) Minci-ka
Minci-NOM

nayil
tomorrow

hakkyo-ey
school-LOC

o-nunci / o-1ci / o-nunka / o-lkka
come-PRES/FUT/PRES/FUT.whether

kwungkumbha-ta.
wonder-DECL

‘I wonder whether Minci would come to the party.’

Each of the four complementizers combined with
o- ‘come’ has its own distributional constraints on



the following predicates (Kang and Song, 2021).
Specifically, -nci and -Ici are ordinary interrog-
ative complementizers compatible with factive
or neutral predicates, while -nka and -lkka func-
tion as modalized (subjunctive) complementizers
that yield weaker epistemic commitment and con-
jectural readings. These distinctions reveal that
the complementizers encode different degrees of
speaker commitment within epistemic modality.
Because these semantic nuances are subtle distinc-
tions that only native speakers can reliably perceive,
determining whether a Korean-trained language
model can discriminate among them is an impor-
tant challenge in computational linguistics.

Therefore, based on the experimental design
and findings of Kang and Song (2021), this study
aims to determine whether large language mod-
els can distinguish between complementizers in
periphrastic constructions and assign a similar de-
gree of certainty to humans. We concluded that
language models fail to distinguish between the
different meanings of the interrogative complemen-
tizer, although they are able to capture the over-
all degree of certainty expressed by the sentence.
This result shows that language models process
the certainty as a whole, not a combination of the
complementizer and the predicate.

The rest of this paper is organized as follows.
Section 2 presents the theoretical and computa-
tional background of the study. The theoretical
background focuses on epistemic modality and
the subjunctive mood in Korean periphrastic con-
structions, while the computational background ad-
dresses the concept of certainty in language models.
Section 3 details the experimental setup, includ-
ing the dataset, model, and procedure. Section 4
presents the results of all experiments, along with
a discussion. Finally, Section 5 concludes with a
summary and a discussion of the study’s limita-
tions.

2 Background

2.1 Linguistic Background: Epistemic
Modality

Epistemic modality refers to the speaker’s attitude
toward the reality or likelihood of a given proposi-
tion, expressing how strongly the speaker believes
in its truth. In Korean, this is conveyed through
various linguistic devices, including verbal end-
ings such as -keyss- ‘will’, periphrastic construc-
tions like -(u)l get ‘may’, and adverbs such as ama

‘maybe’ and cheoldae ‘never’ (Son, 2016). These
expressions not only signal the degree of certainty
or inference but also reflect the source and nature of
the speaker’s knowledge, whether it is derived from
direct observation, memory, reasoning, or hearsay.
Epistemic modality thus functions as both a seman-
tic and pragmatic system, providing insight into
how Korean speakers evaluate and encode their
access to information.

Additionally, epistemic modality plays a key role
in Korean interrogatives through so-called modal-
ized questions. Recent studies such as Kang and
Yoon (2019) show that sentence-final particles such
as -lkka and -nka function not only as interrogative
markers but also as indicators of epistemic uncer-
tainty and emotional involvement. For instance,
the question o-ass-ulkka ‘might come’? not only
seeks information but also conveys the speaker’s
speculation or concern. These constructions demon-
strate that modality and interrogativity are tightly
integrated at the clause level in Korean, forming
a complex system that encodes both grammatical
and affective meanings.

Another key theoretical notion underlying Ko-
rean epistemic constructions is nonveridical equilib-
rium (Kang and Yoon, 2020). Nonveridical equilib-
rium refers to a semantic state in which a proposi-
tion is evaluated as neither fully true nor fully false
within the speaker’s epistemic space, allowing both
p and —p worlds to remain accessible. This equilib-
rium characterizes linguistic environments where
the speaker’s commitment is suspended, such as
conjecture, doubt, or emotional speculation. Specif-
ically, complementizers like -nka and -lkka instan-
tiate this nonveridical equilibrium by encoding a
weakened truth commitment and balancing the like-
lihood of opposing possibilities. Thus, these com-
plementizers not only mark interrogativity but also
convey a specific epistemic stance of suspended
commitment, distinguishing them from indicative
forms like -nci or -Ici, which presuppose veridical
or factive evaluation.

To empirically verify these theoretical claims,
Kang and Song (2021) conducted a collostructional
analysis using the Sejong Corpus (National Insti-
tute of the Korean Language, 2009) and two follow-
up experiments: an acceptability judgment task and
a context-sensitive evaluation. Their results demon-
strated that -lkka and -nka exhibited high collostruc-
tional strength and acceptability when paired with
nonveridical predicates such as siph- ‘seem’ or ‘be-
lieve’, kekcengsulep- ‘worried’, and molu- ‘do not



know’, with corresponding lower certainty judg-
ments (10-50%). In contrast, -nci and -Ici appeared
more frequently with veridical predicates like al-
‘to know’ and Awaksinha- ‘be certain’, and were
associated with stronger commitment. These find-
ings provide quantitative support for the hypoth-
esis that the Korean subjunctive is marked at the
complementizer level and that these markers carry
systematic semantic effects in relation to certainty.

Building on this prior work, the present study
extends the experimental design of Kang and Song
(2021) by applying it to a large language model, es-
pecially for GPT series. Rather than relying solely
on theoretical constructs, this research uses their
empirical predicate-complementizer pairings and
replicates their acceptability and context-based
judgment tasks under comparable conditions. This
allows for a direct comparison between human and
model behavior, providing a more grounded assess-
ment of how LLMs interpret degrees of certainty
in structurally complex Korean constructions.

2.2 Computational Background: Language
Model Uncertainty

For language models, certainty refers to the ability
to express the degree of confidence in their judg-
ments based on internal knowledge. This involves
more than simply providing correct answers; it also
encompasses distinguishing between known and
unknown information, and using appropriate lin-
guistic cues to convey uncertainty in ambiguous or
underspecified contexts. Such capacity is essential
in high-stakes domains like medical consultations
and legal reasoning, where reliable communication
is crucial.

In recent surveys, certainty in language models
has been characterized as encompassing two inter-
related aspects: the model’s internal confidence in
its output and the explicit linguistic expressions
it employs to signal that confidence. Both dimen-
sions are central to understanding how models han-
dle epistemic judgments. The importance of cer-
tainty lies not only in reducing hallucinations by
preventing overconfident yet inaccurate statements,
but also in revealing how closely model behavior
aligns with human cognitive processes.

Recent studies have pointed out structural limita-
tions in how language models express or evaluate
certainty. Suzgun et al. (2024) assessed models
such as GPT-4, Claude-3, and LLaMA-3 and found
that, while these models perform well on fact-based
questions (Such as a question that starts with “Is it

true that ...”), their accuracy drops significantly on
tasks involving falsehoods or beliefs. This issue is
particularly severe when models are asked to affirm
beliefs that contradict factual information or are ex-
pressed in the first person (Such as a question that
starts with “I believe ..., Do I believe ... 7””). Extend-
ing this line of inquiry, Li et al. (2025) investigated
how models distinguish among fact, fiction, and
forecast, and evaluated their use of evidence-based
certainty expressions. Despite the fluency of their
outputs, models often failed to select expressions
that matched the strength of evidence or epistemic
commitment, indicating a limited understanding of
epistemic modality.

Language models thus lack a coherent internal
mechanism to determine what they know and what
they do not. As a result, they frequently make con-
fident statements regardless of the information’s
actual reliability. Yona et al. (2024) introduced
the concept of faithful response uncertainty, which
quantifies the mismatch between a model’s inter-
nal confidence and the decisiveness of its verbal
output. Their findings show that models often ex-
press high certainty even when internally uncertain,
potentially misleading users. Similarly, Krause
et al. (2023), in a multilingual QA setting, found
that GPT-3.5 tended to output high-confidence re-
sponses regardless of accuracy, especially in low-
resource languages, revealing a persistent overcon-
fidence bias.

To address this issue, various methods have been
proposed to estimate or calibrate uncertainty in
LLMs, including probability-based scoring, un-
certainty quantification, and prompt-based self-
assessment. However, most are limited to numeri-
cal scores or token-level probabilities, and linguis-
tically grounded approaches that examine how cer-
tainty is expressed in natural language remain un-
derexplored. Xia et al. (2025) provide a comprehen-
sive survey of uncertainty estimation methods and
highlight that LLMs still struggle to communicate
what they do or do not know. Moreover, most prior
work has focused on English, leaving a gap in un-
derstanding how models handle epistemic reason-
ing in languages with distinct grammatical systems
for encoding certainty. Before applying advanced
calibration methods, it is therefore necessary to
first determine whether a model can recognize and
appropriately use the linguistic markers of certainty
in a given language. This study addresses that ques-
tion by examining whether a language model can
identify and produce the complementizer—predicate



combinations that encode degrees of certainty in
Korean.

3 Method

3.1 Data

The dataset used in this study consists of full Ko-
rean sentences constructed using six epistemic
predicates and four complementizers. As described
in Section 2.1, epistemic modality in Korean is
conveyed through periphrastic constructions that
pair a complementizer with an epistemic pred-
icate. However, as noted earlier, not all predi-
cate—complementizer combinations are grammat-
ically acceptable, as their compatibility is con-
strained by the semantic class of the predicate.
For example, the complementizer -nci, which pre-
supposes a strong belief that the event has oc-
curred, cannot combine with counterfactual predi-
cates such as siph ‘believe’.

Acceptable combinations were selected based
on Kang and Song (2021), who evaluated each
construction’s acceptability using a 5-point Likert
scale and then converted the scores to Z-scores.
To quantify the relative acceptability of each con-
struction, we applied the cumulative distribution
function (CDF) of the standard normal distribution.
The resulting values range from 0 to 100, repre-
senting the percentile rank of each construction. To
ensure that sentence acceptability would not con-
found the experimental results, we included only
those combinations whose CDF-based percentile
exceeded 50%. Notably, the predicate sayangakha-
‘think’ was selected to represent the 90% certainty
condition, based on its high acceptability. For the
uysimsulep- ‘doubt’, although it was not included
in the acceptability test of Kang and Song (2021),
it was included in the present study because its
semantic property naturally conveys a very low
degree of epistemic certainty.

Because the outputs of language models are
inherently stochastic, it is difficult to generalize
from a single trial. To address this, we artifi-
cially constructed a sufficient number of examples
for robust evaluation. Specifically, 100 sentence
pairs were handcrafted for each of the 16 valid
predicate-complementizer combinations, using dif-
ferent verbs and nouns, yielding a total of 1,600
sentences. The complete list of selected predicates
and complementizers is provided below (Table 1),
and a single representative sentence pair is included
in Appendix A.

| -nci -nka  -lci  -lkka
kwungkumha- ‘wonder’ | 85.5 693 783 73.6
kekcengsulep- ‘worried” | 69.8 494 74.6 76.0
molu- ‘not know’ 63.6 529 689 69.9
siph- ‘seem’, ‘believe’ 393 530 59.7 741

Table 1: Acceptability of the Periphrastic Constructions

3.2 Experiment

An experiment in this study was conducted fol-
lowing Kang and Song (2021). In their study, the
experiment was conducted in two ways: first, to
identify acceptable combinations within the pe-
riphrastic construction, and second, to determine
the degree of certainty each combination conveys.
The first experiment was an acceptability task in
which participants judged the acceptability of given
sentences. The second experiment was context-
based, in which participants answered yes/no ques-
tions about whether a sentence was appropriate for
a given interpretation. The main framework of the
present study follows the latter approach, which is
further divided into two specific subtypes.

The present study aims to achieve two goals.
First, to determine whether the presence of contex-
tual information influences the model’s certainty
judgments. Second, to assess whether the language
model exhibits patterns similar to those reported
in Kang and Song (2021). The experiment was de-
signed analogously to the human study, consisting
of two settings: a context-free task and a context-
based task. In the context-free task, the model was
prompted to provide an answer reflecting its level
of commitment (10%, 50%, or 90%) without any
supporting context. In the context-based task, the
model was presented with specific discourse con-
texts and asked to respond with yes or no, indicat-
ing whether a given probability level of commit-
ment (10%, 50%, or 90%) was appropriate for the
situation. Both tasks require the model to evaluate
the certainty of a sentence, but differ in whether
they include contextual cues.

In the context-free task, the model is presented
with a sentence in isolation and asked to choose a
certainty level among 10%, 50%, or 90%. In con-
trast, the context-based task provides the model
with three components: a question, a sentence, and
a context. The question takes the form of a yes
or no interrogative, such as “Does the following
sentence accurately reflect the speaker’s thoughts
in response to the interlocutor’s question?” The
sentence is a declarative containing a complemen-
tizer—predicate combination that fits the given ques-



tion and context. The context provides informa-
tion necessary to evaluate the plausibility of the
sentence, indicating one of three likelihood levels
(10%, 50%, or 90%). This task differs from the
context-free one in that it provides an explicit epis-
temic frame for interpretation. Consequently, the
model’s response format also changes: while the
context-free task requires selecting among scalar
degrees of certainty, the context-based task asks
for a binary judgment ("yes" or "no") on whether
the sentence is appropriate given the contextual
information.

3.3 Model

The language models used in this experiment are
the OpenAl GPT-4 series: GPT-4.1, GPT-40, and
GPT-4.1 mini(Achiam et al., 2023). These models
were selected not to compare their performance, but
to evaluate whether state-of-the-art language mod-
els can distinguish different degrees of certainty
based on Korean linguistic cues. All test sentences
were delivered via API calls with a base temper-
ature of 0, and no prior conversational context or
inference state was provided. Each request included
a shared system prompt: “Your role is to evaluate
the certainty of the following sentences as a native
Korean speaker.” The maximum token length for
each response was set to 50. For the sake of space
and clarity, this paper reports only the results from
GPT-4.1.

4 Result
4.1 Taskl & Task2 Comparison

From Table 2, we can see that the results from Task
1 and Task 2 are different in a certain way. In par-
ticular, when comparing the overall distributions
between context-free and context-based tasks, a
clear contrast emerges. In the absence of contex-
tual signals, the model exhibited an overwhelming
preference for certainty 50% in almost all items,
suggesting either epistemic default or indecision.
However, once context was introduced, responses
became more varied and better aligned with hu-
man patterns. The presence of contextual informa-
tion appears to activate a dormant sensitivity in
the model, enabling it to shift away from the 50%
default and select 10% or 90% when appropriate.
Notably, predicates such as uysimsulep- ’doubt’
and sayngkakha- think’ demonstrated striking im-
provements in alignment with human expectations.
In the case of uysimsulep- doubt’, the model be-

Comp Predicate Human GPT-4.1
-nci I
-lei kwungkumha- 1
_nka ‘wonder’ |
-lkka 1
. uysimsulep-
lei “doubt’ I
-nci rok ' | -
; ekcengsulep-
clei ‘worried’ I -
-lkka [ | [ |
-nci I
~lei molu- -
_nka ‘do not know’ |
-lkka [ |
-nka - _
; siph-
-lei seemybelive’ | [
-lkka [ | |
saymgkakha- I
‘think’

Figure 1: Overall result of Fill-in-the-Blank Task. The
white, gray, and black bars represent the proportions of
“yes” responses for 10%, 50%, and 90% commitment
levels, respectively.

gan selecting 10% with much greater frequency in
the context-based task, mirroring human responses
reported by (Kang and Song, 2021). Likewise, for
sayngkakha- think’, a predicate typically associ-
ated with high certainty, the model shifted from an
uncertain stance in the context-free task to confi-
dently selecting 90% when a supportive context
was provided. These shifts suggest that contex-
tual embedding plays a crucial role in enabling the
model to simulate human-like gradience in epis-
temic judgment.

In sum, this section demonstrates that while the
language model fails to exhibit gradient reasoning
in isolation, the addition of contextual information
enables it to move toward more human-aligned
responses. The clearest evidence of this is the redis-
tribution of responses across the 10%—50%-90%
scale once context is available, with predicate-
specific sensitivity emerging most notably for epis-
temically polarized verbs. This provides the first
key finding of the study: that contextual grounding
facilitates a more gradient and human-like pattern
of certainty estimation in LLM.

4.2 GPT & Human Comparison

However, when compared to human responses,
several critical discrepancies remain. Figure ??
presents a comparative visualization between



Comp Predicate Context-Free Task Context-Based Task
10% 50% 90 % 10% 50% 90 %
-nci 0 100 0 1 100 0
-lci kwungkumha- 0 100 0 1 100 0
-nka ‘wonder’ 0 100 0 0 99 0
-lkka 0 100 0 0 100 0
lei " fé’zlslﬁi,ep ] 2 89 9 99 0 0
-nc.i kekcengsulep- 0 99 1 10 13 13
-lci ‘worry’ 0 99 1 16 20 22
-lkka 0 99 1 17 20 20
-nci 0 100 0 11 100 0
-lci molu- 0 100 0 3 100 0
-nka ‘do not know’ 0 100 0 11 100 0
-lkka 0 100 0 19 100 0
-nka siph- 0 100 0 7 1 28
-lci ‘seem/believe’ 0 100 0 19 2 36
-lkka 0 100 0 76 24 8
sayngkakha-
- ‘think’ 0 88 12 1 0 90

Table 2: Result from Context-Free Task and Context-Based Task. In the context-free task, the language model was
asked to choose which of the three certainty levels (10%, 50%, or 90%) best matched the given sentence; thus, the
portions across the three levels sum to 100. In contrast, the context-based task required independent judgment of
whether each sentence accurately reflected the context corresponding to 10%, 50%, or 90% certainty, resulting in

separate counts for each condition.

model outputs and human acceptability-based judg-
ments under context-provided conditions. Here, the
light gray bars indicate the proportion of “yes” re-
sponses at the 10% certainty level, the medium
gray bars for 50%, and black bars for 90%. At
a glance, GPT-4.1’s pattern appears superficially
aligned with human ratings, particularly for cer-
tain predicates. However, closer inspection reveals
notable differences in granularity and sensitivity.

First, the model lacks the gradient distribu-
tion across certainty levels that characterizes hu-
man responses. For example, in predicates like
kwungkumha-’wonder’ and molu- *do not know’,
human participants displayed a probabilistic spread,
with secondary selections at 10% or 90% even
when 50% was most frequent. In contrast, the
model’s responses clustered almost exclusively
around 50%, failing to exhibit the nuanced vari-
ation observed in human reasoning. This one-sided
concentration suggests a categorical bias in model
predictions, in which a single certainty level domi-
nates across instances of a given predicate. Second,
although humans varied their judgments depending
on the complementizer, even after controlling for
the predicate (e.g., kwungkumha- ‘wonder’ vs. kek-

cengsulep ‘worried’), the model did not show this
sensitivity. While human participants adjusted their
certainty based on fine-grained morphosyntactic
cues, GPT-4.1 treated different complementizers
more uniformly, leading to flatter variation. This
indicates that, unlike human judgments, which are
jointly shaped by the predicate and complementizer,
model responses are less influenced by the com-
positional semantics of these constructions. Third,
the predicate kekcengsulep- ‘worried’ showed the
most distinct divergence. Whereas human judg-
ments predominantly clustered around 10%, the
model provided an ambiguous distribution, often
split across categories without a strong preference.
This discrepancy becomes clearer when examin-
ing the model’s justifications: GPT-4.1 frequently
classified kekcengsulep- ‘worried’ as an emotion-
descriptive predicate rather than an epistemic one,
asserting that it is not appropriate for evaluating
certainty. This semantic misclassification suggests
that the model does not recognize the epistemic
implications embedded in emotion predicates like
worry. Finally, one notable exception is observed
with the predicate siph- ‘seem’ in conjunction with
the complementizer -lkka, forming the construction



-lkka siph-. Here, the model’s response distribution
aligned closely with human data, accurately reflect-
ing a lower degree of certainty. This suggests that,
in certain cases where complementizer—predicate
collocations are highly conventionalized, the model
can replicate human-like interpretations. However,
such alignment remains the exception rather than
the rule.

5 Conclusion

This study examined whether large language mod-
els can distinguish different levels of certainty
expressed through Korean periphrastic construc-
tions. The experiment was conducted in two ways:
a context-free task and a context-based task. In
the context-free setting, the model consistently
preferred a neutral judgment of 50%, regardless
of the sentence form. When context was pro-
vided, the model began to show more variation
in its responses and partially aligned with human
judgments for certain combinations. However, the
model did not capture the gradual variation that hu-
man speakers exhibited, suggesting a limited under-
standing of fine-grained certainty comprehension
in Korean.

Notably, a closer comparison between human
and model responses revealed several persistent di-
vergences. First, while human responses exhibited
gradient distributions across all certainty levels, the
model’s predictions were frequently concentrated
on a single value, especially 50%. Second, human
responses showed variation based on both the pred-
icate and the complementizer, reflecting sensitivity
to their interaction, whereas the model’s outputs ap-
peared largely invariant across complementizers for
a given predicate. Third, for certain epistemic pred-
icates such as kekcengsulep- ‘worried’, the model
not only failed to align with human judgments but
also rationalized its misclassification by labeling
the predicate as non-epistemic, thereby revealing
limitations in semantic categorization. These dis-
crepancies underscore that even when context is
provided, the model lacks the interpretive mecha-
nisms necessary to represent the probabilistic and
compositional aspects of Korean epistemic modal-
ity. However, the experiment also revealed only a
few cases of convergence. For instance, in the ex-
pression -lkka siph-, the model produced outputs
that closely resembled human judgments. This sug-
gests that when complementizer—predicate pairs
co-occur frequently or are structurally salient, lan-

guage models may succeed in mimicking human-
like certainty evaluations. Nevertheless, such in-
stances remain isolated exceptions rather than gen-
eralizable patterns.

While these findings provide valuable insight,
several limitations remain. Certainty is inherently
a gradient rather than a binary concept, and fur-
ther work is needed to capture this gradience more
effectively. In this study, the focus was on comple-
mentizers and predicates; future analyses should
also examine how epistemic constructions behave
across syntactic positions, such as in embedded ver-
sus main clauses. Additionally, unlike other predi-
cates, siph- ‘seem’ exhibited a notable tendency for
the model to select -lkka in 10% certainty contexts,
indicating a different complementizer selection pat-
tern from predicates such as kwungkumha- ‘won-
der’ or molu- ‘do not know’. Given the unique se-
mantic behavior of siph- ‘seem’ in Korean, further
investigation is warranted. Finally, although Ko-
rean has distinctive features in expressing epistemic
modality, it employs such markers less frequently
than languages with richer epistemic systems, such
as Italian. To determine whether language models
encode the concept of certainty in a cross-linguistic
sense, experiments should be extended to other lan-
guages.
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A Example Single Sentence Set For 16 Predicate—Complementizer Combinations

Comp Predicate Sentences
Minci-ka nayil hakkyo-ey  o-nunci kwungkumbha-ta
-nci Minci-NOM tomorrow school-LOC come-PRES.whether wonder-DECL
‘Twonder if Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-lci kwungkumha-ta
-lci Minci-NOM tomorrow school-LOC come-FUT.whether wonder-DECL
kwungkumha- | T wonder if Minci will come to school tomorrow.”
‘wonder’ Minci-ka nayil hakkyo-ey  o-nunka kwungkumbha-ta
-nka Minci-NOM tomorrow school-LOC come-PRES.whether wonder-DECL
Twonder if Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-lkka kwungkumha-ta
-lkka Minci-NOM tomorrow school-LOC come-FUT.whether wonder-DECL
‘Twonder if Minci will come to school tomorrow.’
. Minci-ka nayil hakkyo-ey  o-lci uysimsulep-ta
. uysimsulep- o
-lci ‘doubt’ Minci-NOM  tomorrow school-LOC come-FUT.whether be.doubtful-DECL
ou I doubt Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-nunci kekcengsulep-ta
-nci Minci-NOM tomorrow school-LOC come-PRES.whether be.worry-DECL
I’'m worried whether Minci will come to school tomorrow.’
kekcenosulen- Minci-ka nayil hakkyo-ey  o-lci kekcengsulwe-ta
-lci . & s P~ | Minci-NOM tomorrow school-LOC come-FUT.whether be.worry-DECL
worry I’'m worried whether Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-nunka kekcengsulep-ta
-lkka Minci-NOM tomorrow school-LOC come-PRES.whether be.worry-DECL
‘I’'m worried whether Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-nunci molu-keyss-ta
-nci Minci-NOM tomorrow school-LOC come-PRES.whether not.know-MODAL-DECL
‘I do not know if Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-lci molu-keyss-ta
-lci Minci-NOM tomorrow school-LOC come-FUT.whether not.know-MODAL-DECL
molu- ‘Ido not know if Minci will come to school tomorrow.’
‘do not know’ | Minci-ka nayil hakkyo-ey  o-nunka molu-keyss-ta
-nka Minci-NOM tomorrow school-LOC come-PRES.whether wonder-DECL
‘I do not know if Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-lkka molu-keyss-ta
-lkka Minci-NOM tomorrow school-LOC come-FUT.whether not.know-MODAL-DECL
‘I do not know if Minci will come to school tomorrow.’
Minci-ka nayil hakkyo-ey  o-lci siph-ta
-lci Minci-NOM tomorrow school-LOC come-FUT.whether seem-DECL
‘It seems as if Minci will come to school tomorrow.’
sih- Minci-ka nayil hakkyo-ey  o-nunka siph-ta
-nka . P , | Minci-NOM tomorrow school-LOC come-PRES.whether seem-DECL
seem/belive’ | . e ,
It seems as if Minci will come to school tomorrow.
Minci-ka nayil hakkyo-ey  o-lkka siph-ta
-lkka Minci-NOM tomorrow school-LOC come-FUT.whether seem-DECL
‘It seems as if Minci will come to school tomorrow.’
savnoakha- Minci-ka nayil hakkyo-ey  o-l-gerago sayngkakha-n-ta
- ANELEIE | Minci-NOM tomorrow school-LOC come-FUT-will think-PRES-DECL
think P o )
1 think Minci will come to school tomorrow.




B Prompt Used in Each Experiment

Task

English Translation

Korean (Original)

Context-
Free Task

Respond with one of the following options, indi-
cating the degree of certainty of the speaker in the
given sentence: 10% (very unlikely), 50% (uncer-
tain), or 90% (very likely). Be sure to respond with
only one of the three values, and explain the reason
in a single sentence along with your answer.

Sentence: I wonder if Minci will come to school
tomorrow.

0171 Bpe] W} SHAISHE HES 10%
(P50 719 8. 50% (A3 el e 4 g8,
90% (T 7F5 o] ) % shibe SEotA A
B4 WA} e skl o= 2l

Context-
Based Task

Does the following sentence fit the given context?
Start your answer with either ’yes’ or 'no’, and
explain your reason in a single sentence.

Context(90%): Sun-i thinks it is very likely that
Min-ci will come to school tomorrow.
Context(50%): Sun-i thinks it is very likely that
Min-ci will come to school tomorrow.
Context(10%): Sun-i thinks it is very likely that
Min-ci will come to school tomorrow.

Question: Does the following sentence appropri-
ately reflect Sun-i’s thoughts in response to In-ho’s
question, “Will Minci come to school tomorrow?”

Sentence: I wonder if Minci will come to school
tomorrow.

thg B2 wekcontexyol] 2 HEE 7} .
TL ‘ol @ 2Rk A Zsl, ol
shite] B o= AnaiAla.

AR: 915 027} Y Lol S7h7 ek A
2ol thg BAE olo] J7HE A Mgt

2% U7 Y stae] @=2] ggott

For the Context-Based Task, only single context was provided at a time, and the model was asked to respond with Yes or No.
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Abstract

Lexical tone normalization enables Mandarin
speakers to maintain stable tone categories de-
spite substantial pitch variability across speak-
ers and communicative contexts. While pre-
vious research has established that speech
contexts reliably facilitate tone normalization,
non-speech and purely musical contexts do
not, supporting the view that this mechanism
is speech-specific. However, genres such as
rap, which blend speech and musical elements,
challenge this dichotomy. This study system-
atically examined whether rap music and re-
lated vocal contexts can induce lexical tone
normalization in Mandarin listeners. Native
Mandarin speakers categorized target syllables
following six types of auditory contexts: nat-
ural speech, clear speech (elocution), typical
rap, melodic rap, song, and cello. All vo-
cal materials were produced by professional
Mandarin-speaking rappers and pitch-matched
to the targets. Results revealed that natu-
ral speech, elocution, and typical rap con-
texts robustly elicited tone normalization, as
indicated by significant shifts in categorical
boundaries and improved identification accu-
racy. In contrast, melodic rap and song pro-
duced only marginal effects, while the cello
context had minimal impact. These find-
ings indicate that speech-like cues—particu-
larly prosody and articulation—are critical for
tone normalization, whereas increasing mu-
sicality, especially melodic structure, can in-
hibit this process even when some speech-like
features remain. Our results refine current
models of speech perception by demonstrating
that lexical tone normalization depends on the
presence and prominence of linguistic cues,
and that melody can impose clear boundary
conditions on this perceptual adjustment.

1 Introduction

Speech perception is a fundamental cognitive pro-
cess that enables listeners to extract meaningful
linguistic units from continuous acoustic signals.
For speakers of tonal languages such as Mandarin,
this process is further complicated by the need to
distinguish lexical meanings based on pitch pat-
terns, or tones. Lexical tone normalization is a
crucial perceptual mechanism that allows listeners
to maintain stable tone categories despite substan-
tial variability in pitch across different speakers
and communicative contexts (Li, Chen, & Wong,
2021; Peng, 2006). This ability is essential for ef-
fective spoken communication in tonal languages,
where even subtle pitch differences can alter word
meaning.

Variability in speech arises from numerous
sources, including anatomical differences, speaker
identity, emotional state, and environmental con-
text (Peng et al., 2012). Such inter- and intra-
speaker variability can obscure phoneme bound-
aries and pose significant challenges for listen-
ers. To overcome these challenges, listeners
rely on contextual information to normalize and
categorize phonemic units, a process known as
talker normalization (Leather, 1983; Wong &
Diehl, 2003). Despite significant acoustic varia-
tion across talkers, listeners can recognize words,
highlighting the importance of contextual cues.

Previous research has shown that speech con-
texts rich in linguistic and prosodic cues facilitate
robust tone normalization (Leather, 1983; Zhang,
Peng, & Wang, 2012). In contrast, non-speech
and purely musical contexts tend to elicit little or
no normalization effect, supporting the view that
tone normalization is governed by speech-specific



mechanisms (Peng et al., 2012; Tao et al., 2021).
However, the boundary between speech and mu-
sic is not always clear-cut. Rap music, for exam-
ple, occupies a unique position at the intersection
of speech and music, combining articulatory and
prosodic features of spoken language with musical
elements such as rhythm and, at times, melody.

In this study, “typical rap” is defined as a hy-
brid genre that combines rhythmic speech with
musical accompaniment. According to the Oxford
English Dictionary and Encyclopedia Britannica,
rap is characterized by spoken or chanted rhyming
lyrics over a musical backing. Our focus is on the
continuum between speech and music, rather than
a strict categorical distinction. By examining rap
as an intermediate form, we aim to explore how
speech-like and musical cues interact in tone nor-
malization.

Theoretical perspectives on talker normaliza-
tion have evolved over time. The "frame of refer-
ence" theory, originally developed for vowel per-
ception, posits that listeners use contextual infor-
mation to create a cognitive reference for inter-
preting speech sounds (Ladefoged & Broadbent,
1957; Nearey, 1978). This theory has been ex-
tended to lexical tone perception, where contex-
tual pitch information provides a reference for cat-
egorizing tones (Wong & Diehl, 2003; Zhang et
al., 2012). However, it remains unclear whether
non-speech or hybrid contexts, such as rap, can
provide an effective frame of reference for tone
normalization.

Recent studies have begun to explore the in-
fluence of musical contexts on tone perception.
While instrumental music generally fails to induce
tone normalization (Tao & Peng, 2020; Zhang et
al., 2013), the effects of vocal music, especially
genres that blend speech and music, are less well
understood. Rap, as a genre, is characterized by
rhythmic speech delivered over a musical back-
ing, often with minimal melodic content. This
hybrid nature raises important questions about the
limits of speech-specific processing in tone nor-
malization: Can rap music, with its strong speech-
like qualities, induce lexical tone normalization in
Mandarin listeners? Or does the presence of mu-
sicality, even in a speech-like context, inhibit this
perceptual adjustment?

Our previous research (Tian, Ye, Lu, Jia, & Tao,
2024) found that rap does not impede lexical tone
normalization, whereas purely musical contexts
fail to trigger this effect. This suggests the exis-

tence of a threshold beyond which musical vari-
ability becomes detrimental to language compre-
hension. However, the precise boundary between
speech-like and musical cues, and their respective
roles in tone normalization, remain unclear.

The present study aims to systematically inves-
tigate the role of rap music and related vocal con-
texts in lexical tone normalization among Man-
darin speakers. Specifically, we seek to deter-
mine whether speech-like cues—such as prosody,
articulation, and prosodic structure—are sufficient
to trigger tone normalization, or whether increas-
ing musicality, particularly melodic complexity,
imposes boundary conditions that limit this ef-
fect. To this end, we constructed six types of au-
ditory contexts: natural speech, elocution (clear
speech), typical rap, melodic rap, song, and cello
(instrumental). All vocal contexts were produced
by professional Mandarin-speaking rappers to en-
sure consistency of voice quality and prosody.
The contexts were carefully pitch-matched to the
target stimuli, which consisted of Mandarin syl-
lables varying along a tone continuum. Native
Mandarin-speaking participants, with no exposure
to other Chinese dialects, were presented with
each context followed by a target syllable and
asked to categorize the lexical tone.

We hypothesize that while the brain’s language
processing systems can accommodate some de-
gree of musical variability, excessive variability
may disrupt the normalization of lexical tones.
Understanding the balance between musical vari-
ability and lexical tone normalization is crucial for
advancing our knowledge of language processing.
To further elucidate the neural mechanisms un-
derlying this interaction, we recorded EEG data
alongside behavioral experiments.

In summary, this study seeks to refine our un-
derstanding of lexical tone normalization by ex-
ploring the effects of a continuum of auditory con-
texts, ranging from speech to music, on Mandarin
tone perception. By systematically varying the de-
gree of musicality in the context, we aim to iden-
tify the boundary conditions that govern the ef-
fectiveness of speech-like cues in facilitating tone
normalization.

2 Methodology

We utilized a similar experimental design and
stimuli as in previous research (Tao et al., 2021
; Tian, Ye, Lu, Jia, & Tao, 2024). Below is a



brief overview of the stimuli preparation and ex-
perimental procedure; for more detailed informa-
tion, refer to (Zhang et al., 2013; Zhang et al.,
2017).

2.1 Participants

A total of 21 native Mandarin speakers partici-
pated in our experiment, divided into two groups:
a pre-experiment group (n = 5; 3 females; mean
age = 21.6 years, SD = 2.79) and a formal exper-
iment group (n = 16; 8 females; mean age = 21.8
years, SD = 3.3). All participants were university
students or recent graduates from Northern China,
ensuring a high degree of linguistic homogeneity
and minimizing potential confounds from regional
dialect exposure. Participants were screened to
confirm that Mandarin was their sole language of
daily communication, and none reported any ex-
posure to other Chinese dialects or foreign lan-
guages that might influence tone perception.

All participants were right-handed, as assessed
by the Edinburgh Handedness Inventory, and had
normal or corrected-to-normal vision. Prior to the
experiment, participants completed a health ques-
tionnaire to exclude those with a history of hear-
ing impairment, tinnitus, neurological disorders,
or language-related difficulties. All participants
had at least a college diploma, and none had re-
ceived formal musical training, which could po-
tentially affect their sensitivity to musical cues.
All provided written informed consent, and the
study protocol was approved by the Human Sub-
jects Ethics Sub-committee of The Hong Kong
Polytechnic University.

2.2 Stimuli

The experimental stimuli comprised six con-
text conditions: natural speech, elocution (clear
speech), typical rap (Rap R), melodic rap (Rap
M), song, and cello. The five vocal contexts were
produced by four professional Mandarin-speaking
rappers (two males, two females), each with over
five years of professional experience and a record
of Mandarin-language performances. All speakers
had released albums or singles and performed at
various events, ensuring high-quality and consis-
tent vocal production. Notably, the speakers were
also fluent in Cantonese, allowing for future cross-
linguistic comparisons.

All recordings were made in a soundproof room
using high-quality microphones. For the speech
context, speakers used a normal speaking tone

and speed, maintaining a natural conversational
rhythm. Elocution was characterized by more fo-
cused and forceful vocalizations. For rap contexts,
speakers listened to a rap accompaniment through
headphones and synchronized their performance
with the background music. Typical rap (Rap R)
was recorded with a background music track se-
lected for its rhythmic complexity and clear artic-
ulation, representative of Chinese Hardcore Rap.
Melodic rap (Rap M), newly introduced in this ex-
periment, featured both rhythmic and melodic el-
ements, with melodies specified for each speaker
to ensure consistency. The song context featured
Chinese singing with a clear melody, while the
cello context was purely instrumental, with mu-
sical notes matching the pitch height of each syl-
lable in the rap context.

To ensure acoustic consistency, the pitch range
of each speaker was measured prior to recording,
and the average pitch for each context and tar-
get was calculated and aligned across conditions.
The fundamental frequency (FO) of both context
and target speech was analyzed using Praat soft-
ware, and targets were reselected if discrepancies
exceeded 10 Hz. All vocal and instrumental con-
texts were normalized to an intensity of 55 dB
and a duration of 1800 ms. The target syllable /i/
was selected from natural recordings of the same
four speakers, with Tone 1 (high-level) and Tone
2 (mid-rising) tokens chosen based on pitch tra-
jectory and naturalness. An 11-step continuum
was created between Tone 1 and Tone 2 using the
STRAIGHT morphing algorithm, with steps 1, 5,
6,7, and 11 used in the behavioral analysis to cap-
ture the full range of perceptual ambiguity.

To further distinguish typical rap from natural
speech and elocution, we conducted acoustic anal-
yses of our stimuli using Praat. The results showed
that typical rap exhibited more frequent pauses
(mean pause number = 2.25) and shorter average
pause durations (120.67 ms) compared to speech
(pause number = 1.5, pause duration = 101.71 ms)
and elocution (pause number = 1.75, pause dura-
tion = 162.79 ms). These findings indicate that
rap s rhythmic structure is more pronounced and
artistically driven, whereas pauses in speech and
elocution are primarily determined by semantic
and syntactic boundaries. Additionally, the word
pitch range in rap (17.34 Hz) was lower than in
speech (21.10 Hz) and elocution (40.02 Hz), re-
flecting differences in prosodic variation.

Each context was further manipulated to cre-
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Figure 1: The trial procedure of the Mandarin word
identification task.

ate two FO conditions: FO-lowered and FO-raised,
achieved by shifting the entire FO trajectory by
three semitones up or down. This manipulation
allowed for the examination of contrastive con-
text effects on tone perception. Fillers were con-
structed using the same procedure, with the con-
text “FE FRIESVH” ( “Next I will say” ) and
target fillers “7X” (/i55/, “clothes” )and “%¢~
(/i35/, “misbelieve” ).

2.3 Experiment Procedure

Participants completed a practice block followed
by six experimental blocks, each corresponding to
one context condition. The order of blocks was
counterbalanced across participants to control for
order effects. In each trial, participants listened to
a context stimulus, followed by a target syllable,
and were instructed to identify the tone by press-
ing designated keys ( “left” for Tone 1, “down”
for Tone 2) with their right hand. A forward mask
symbol (+) was displayed for 500 ms, followed by
the context stimulus. After a brief silence (300—
500 ms), the target syllable was presented. A
question mark appeared after the target, prompt-
ing participants to respond within 1500 ms. Reac-
tion times were not analyzed, as the focus was on
tone identification accuracy. Each context condi-
tion included two FO shifts (high, low), two types
of content from four talkers, and five steps for the
target (with the middle three steps repeated twice
as often as the endpoints), plus fillers. This re-
sulted in 72 trials per context condition. The six
experimental blocks were counterbalanced to pre-
vent order effects.

2.4 Analysis

In line with previous studies (Chen, et al., 2016;
Tao, et al., 2021; Zhang et al., 2023), we an-
alyzed the Tone 2 identification rate to assess
lexical tone normalization. Our data were ana-
lyzed using Probit analysis to estimate categor-
ical boundaries and effect sizes across contexts
(Finney, 1971). The identification rate of Tone 2

Table 1: Derived categorical boundary positions for
each type of context with high and low mean FO.

Context High FO Low FO Difference
Cello 2.653 2.747 0.095
Rap M 2.942 3.050 0.107
Song 2.850 3.036 0.186
Rap R 2.618 3.209 0.591
Elocution  2.654 3.301 0.647
Speech 2.628 3.400 0.771

was calculated for each context, FO shift, and tar-
get step. Repeated measures ANOVAs were con-
ducted to assess the influence of context type and
FO shift, with Greenhouse-Geisser correction ap-
plied where necessary. Post hoc comparisons were
performed using Bonferroni correction.

3 Results

The data revealed a robust hierarchy in the ef-
fectiveness of different contexts for eliciting lex-
ical tone normalization. The speech context pro-
duced the most pronounced normalization effect,
with effect sizes exceeding 20% at steps 2, 3, and
4, and peaking at nearly 30% at step 4. Elocu-
tion demonstrated a comparable, though slightly
smaller, effect, with effect sizes approximately 5%
lower than speech at each step and an overall mean
of around 20%. Typical rap (Rap R) also induced
robust normalization, particularly at step 4, where
its effect size (24.11%) surpassed that of elocution
(22.88%).

In contrast, melodic rap (Rap M) and song con-
texts produced only marginal normalization ef-
fects, with effect sizes below 10% at the middle
three steps and negative values at certain steps
(e.g., -0.45% for Rap M at step 4 and -2.57% for
song at step 5), indicating little or no facilitation.
The cello context failed to induce any significant
effect, with effect sizes consistently below 5% and
a mean of approximately 2.05%, suggesting mini-
mal impact.

A 6 (context type: cello, elocution, melodic
rap, rap, song, speech) (E 2 (shift of context fre-
quency: high, low) repeated-measures ANOVA
on the categorical boundary (Greenhouse—Geisser
corrected) showed no main effect of context,
F(3.26,48.86) = 1.92, p = .134, n; = .11. Fre-
quency shift, however, strongly shifted the bound-
ary, F(1,15) = 19.16, p < .001, 72 = 0.56, and this



effect was qualified by a significant interaction,
F(3.21, 48.09) = 7.83, p < .001, 773 = .34. Post-
hoc contrasts revealed that high-frequency con-
texts advanced the boundary most for rap, melodic
rap and song (all ps < .01), modestly for cello (p =
.042), and not for speech or elocution (ps > .10).

Cello Rap_R

100% 4

Rap_M Elocution

Tone 2 Identification Rate (%)

Song Speech

i 2 3 4 2 3 3 5

5 1
Target Step
Context FO -e- FO Lowered FO Raised
Figure 2: Average Tone 2 response by step and shift for
each context (cello, melodic rap, song, rap, elocution,
and speech).
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Figure 3: Category boundary values of each context
type and frequency. Blue bars represent higher mean
FO contexts, whereas orange bars represent lower mean
FO contexts. Higher category boundary values indicate
more Tone 2 responses.

Post hoc analyses using the LSD method were
conducted to further examine differences between
context types in their effects on the categorical
boundary. The results indicated a significant dif-
ference between the cello context and melodic rap
(Rap M) (p = .020, mean difference = -0.4054,

95% CI: [-0.7472, -0.0635]). Comparisons be-
tween the cello context and speech (p = .072),
as well as the cello context and elocution (p =
.088), approached significance. No other pairwise
comparisons reached significance. These findings
highlight the pronounced normalization effects in
speech and elocution contexts, and the limited im-
pact of melodic and instrumental contexts.

In summary, the speech context exhibited the
most significant lexical tone normalization effect,
with effect sizes exceeding 20% at key steps, un-
derscoring its strong influence. Elocution, while
slightly less impactful, still demonstrated substan-
tial effects, highlighting the importance of clear
linguistic cues. A typical rap context could also in-
duce lexical tone normalization in Mandarin, par-
ticularly when pitch and rhythm align closely with
speech, as seen with Rap R’s effectiveness at cer-
tain steps. Conversely, Rap M and song contexts
had minimal effects, likely due to melodic inter-
ference, while the cello context showed negligi-
ble impact. These results emphasize the inhibitory
role of melody in tone normalization.

4 Discussion

This study provides clear evidence that speech-
like cues are essential for lexical tone normaliza-
tion in Mandarin. Both natural speech and elo-
cution contexts robustly elicited normalization, as
did typical rap when its rhythmic and pitch char-
acteristics closely resembled those of speech. In
contrast, contexts with greater melodic complex-
ity, such as melodic rap and song, failed to in-
duce significant normalization, highlighting the
inhibitory role of melody.

Our acoustic analyses clarify the distinction be-
tween melody and lexical tone. By examining
the mean pitch (melody) and pitch range (lexical
tone variation) of each syllable across contexts, we
found that rap and speech-maintained pitch con-
tours consistent with natural Mandarin prosody. In
these contexts, the pitch range within individual
syllables was relatively large, indicating preserved
tonal variation. However, in song and melodic rap,
the pitch contours followed the imposed melody
rather than natural tonal patterns, resulting in re-
duced pitch variation within syllables. This sug-
gests that melody can override lexical tone cues,
flattening the pitch contour and diminishing the in-
formation available for tone normalization.

To illustrate these findings, Figure 4 and Figure



5 present the mean pitch trajectories (melody) and
word pitch range (lexical tone variation) for each
syllable across contexts. As shown in Figure 4,
the mean pitch trajectories for song and melodic
rap are more stable and follow distinct melodic
patterns, while speech, elocution, and typical rap
display more natural pitch fluctuations that reflect
Mandarin prosody. Figure 5 further demonstrates
that the word pitch range is substantially reduced
in song and melodic rap, indicating a flattening of
tonal variation. In contrast, speech and elocution
contexts maintain a much wider pitch range, and
typical rap falls in between, preserving some de-
gree of tonal variation.

Mean pitch trajectories
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Figure 4: Mean pitch trajectories (melody) for each syl-
lable across contexts.

Word pitch range
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Figure 5: Word pitch range (lexical tone variation) for
each syllable across contexts.

A closer look at the data reveals that, for each
syllable, the pitch range in song and melodic
rap remains consistently low (e.g., for “Ff” |
song: 10.83 Hz, rapM: 7.90 Hz), while speech and
elocution show much higher variability (speech:
26.35 Hz, elocution: 78.56 Hz). This pattern is
consistent across all syllables, supporting the con-
clusion that melody in song and melodic rap over-
rides lexical tone cues, thereby diminishing the in-
formation available for tone normalization.

Together, these visualizations and data clearly
show that as musicality increases, especially with

Table 2: Word pitch range (Hz) for each syllable across
contexts.

Syllable Song RapM  Rap  Speech Elocution
m 1083 790 17.04 26.35 78.56
1£ 10.69 850 1321 2143 41.46
R 14.00 1152 945 2693 26.06
Uy 1504 370 2024  10.60 16.81
| 13.17  13.04 2021 2951 70.48
8] 651 1633 473 6.91 27.11
b 6.35 1854 3653 2595 19.68

the introduction of a strong melodic structure, both
the mean pitch trajectory and the pitch range be-
come less reflective of natural tonal variation. This
supports the conclusion that melody can inhibit
lexical tone normalization by reducing the avail-
ability of tonal cues in the auditory context.

These results refine our understanding of
the mechanisms underlying tone normalization.
While previous research has emphasized the
speech-specific nature of this process (Peng et al.,
2012; Tao et al., 2021), our findings suggest that
the boundary between speech and music is not
absolute. Instead, there appears to be a thresh-
old of musicality—particularly the presence of a
strong melodic structure—beyond which the cog-
nitive system can no longer effectively normalize
lexical tones. This threshold is most evident in
the transition from typical rap to melodic rap and
song.

To further clarify the effects of different con-
text types, we conducted post hoc comparisons
using the LSD method on the categorical bound-
ary values. Although the interaction between con-
text type and context frequency was not statisti-
cally significant, this does not undermine the main
objective of our study, which was to assess the
relative efficacy of each context type. The lack
of interaction may be attributable to the limited
sample size, which could have reduced statisti-
cal power and obscured potential effects. Some
conditions exhibited clear normalization effects
while others did not, suggesting that with a larger
sample, more pronounced differences and interac-
tions might emerge. Future research should there-
fore consider increasing the number of partici-
pants to enhance statistical power and provide a
more definitive assessment of interaction effects.

Our results also contribute to ongoing de-
bates regarding domain-general versus language-
specific mechanisms in pitch processing. The lack



of normalization in purely musical contexts sup-
ports the language-specific view, while the ef-
fectiveness of speech-like rap suggests that cer-
tain musical forms can engage speech process-
ing mechanisms under specific conditions. This
aligns with the frame of reference theory, which
posits that listeners use contextual cues to inter-
pret speech sounds.

Several factors may account for the inhibitory
effect of melody observed in melodic rap and
song. First, a dominant melodic structure may
override or interfere with the listener’ s ability
to use pitch information for tone normalization.
Second, processing complex musical cues may in-
crease cognitive load, reducing resources available
for linguistic processing. Third, the alteration of
tonal pitch information in melodic contexts may
disrupt the mapping between context and target,
further reducing normalization effectiveness.

Our study also highlights the importance of re-
taining complete tonal pitch information in the
context for inducing lexical tone normalization. In
song and melodic rap, although vowels and con-
sonants are preserved, tonal cues are weakened or
flattened to fit the melody, resulting in diminished
normalization effects. Therefore, tonal informa-
tion appears to be the most critical factor for suc-
cessful lexical tone normalization.

This study has several limitations. The sam-
ple size was relatively small, and the stimuli were
limited to a specific set of contexts and speakers.
Future research should explore a broader range
of musical genres and linguistic backgrounds and
employ more detailed EEG analyses to further elu-
cidate the neural mechanisms involved. Addition-
ally, cross-linguistic comparisons with other tonal
languages would provide valuable insights into the
generalizability of these findings.

In conclusion, our results support the hypothesis
that while the brain’s language processing systems
can accommodate some degree of musical vari-
ability, excessive musicality—particularly strong
melodic structure—can disrupt the normalization
of lexical tones. The threshold beyond which mu-
sical speech variability hinders language compre-
hension appears to lie between typical rap and
melodic rap. Further research is needed to define
this threshold and explore the neural mechanisms
underlying this interaction.

5 Conclusion

This study demonstrates that lexical tone nor-
malization in Mandarin is robustly supported by
speech and speech-like contexts, including typi-
cal rap with strong rhythmic and articulatory fea-
tures. However, as musicality increases, particu-
larly in melodic rap and song, the normalization
effect diminishes, highlighting the inhibitory role
of melody. Our findings suggest that there is a
threshold of musicality beyond which the cogni-
tive system can no longer effectively normalize
lexical tones.

These results refine current models of speech
perception by emphasizing both the necessity
of speech-specific cues and the boundary condi-
tions imposed by musical structure. Future re-
search should further investigate the neural mech-
anisms underlying these effects, explore the pre-
cise threshold between speech and music, and con-
sider broader implications for language learning
and rehabilitation.
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Abstract

Previous work has proved that incorporating ex-
ternal linguistic resources into translation mod-
els can effectively improve their adaptability to
diverse translation scenarios. However, most
existing studies rely on limited bilingual trans-
lation memories and require additional model
training, significantly restricting their applica-
tion. This study attempts to address these issues
simultaneously with the Retrieved Monolin-
gual Corpora Prompting (RMCP) framework.
This framework leverages a pre-trained multi-
lingual sentence embedding model to retrieve
the top-k semantically similar sentences of the
source text from a monolingual corpus and
incorporates them into the prompt of large
language models (LLMs) as in-context exam-
ples. Experiments demonstrate that applying
the framework to various LLMs significantly
improves their translation performance across
different language pairs, including those involv-
ing low-resource languages. It even outper-
forms the powerful commercial machine trans-
lation system Google Translate. Notably, the
inference model shows great potential in utiliz-
ing monolingual examples. Qualitative analy-
sis reveals that RMCP improves the quality of
LLMs’ translations by providing lexical, syn-
tactic, pragmatic, and formatting guidelines.

1 Introduction

Translation Memory (TM) is a computer-based tool
that enables translators to consult a database of
previous translations, retrieving similar sentence
pairs to guide and assist in translating new content
(Somers, 2003). The integration of TM into ma-
chine translation (MT) systems has long been pur-
sued as a way to combine the accuracy of human-
translated segments with the scalability provided by
automated models (Bouthors et al., 2024; Hao et al.,
2023; Zhang et al., 2018; Wang et al., 2014). These
efforts have resulted in significant improvements
in translation quality, consistency, and efficiency in
MT applications.

However, previous TM-augmented translation
approaches rely heavily on bilingual parallel data,
which are often limited in both coverage and
scale in practical scenarios (Wolk and Marasek,
2015). This reliance on bilingual resources sig-
nificantly impedes advancements in MT for many
low-resourced languages and specialized domains.
Although there have been attempts to incorporate
monolingual corpora into translation systems, most
existing methods depend on either back-translation
pipelines (Sennrich et al., 2016) or architectural
adaptations (Cai et al., 2021). These methods often
result in the loss of translation expertise, higher
computational expenses, and difficulties in achiev-
ing real-time updates.

The rise of LLMs presents a promising solu-
tion to these challenges. A key advantage of
LLM-based translation over statistical machine
translation (SMT) and neural machine translation
(NMT) is their prompt-based interface, which of-
fers extended context length and flexible format-
ting (Khair and Sawalha, 2025). This architec-
ture minimizes text fragmentation from chunking,
thereby enhancing information continuity across
longer contexts. Additionally, the simple prompt-
based customization enables users to readily define
the role of monolingual corpora in the translation
task. These intrinsic features create numerous pos-
sibilities for incorporating monolingual corpora
into the translation process.

To this end, we propose RMCP, a plug-and-
play framework that enhances translation quality
through the direct utilization of monolingual cor-
pora. Specifically, our framework uses Language-
Agnostic BERT Sentence Embedding (LaBSE) to
retrieve the top-k sentences from an external mono-
lingual corpus. These sentences are then seam-
lessly integrated into the prompt to steer the LLM’s
translation via in-context learning (ICL). This en-
tire process eliminates the need for parallel data
and model retraining, offering a lightweight yet



powerful solution for translation augmentation.
Our main contributions can be summarized as
follows:

* To the best of our knowledge, we are the first
to systematically demonstrate that monolin-
gual corpora can be directly harnessed as a
source of translation knowledge through a
straightforward prompting approach. This
finding paves new pathways for low-resource
language translation.

* We propose a practical framework that seam-
lessly integrates pre-trained sentence retriev-
ers with readily available LLMs, thereby sig-
nificantly reducing the barriers to adoption.

* We perform extensive empirical evaluations
across a variety of language pairs, LLM ar-
chitectures, and experimental settings. The
results not only demonstrate the superiority of
our method compared to vanilla LLM transla-
tion and Google Translate baselines, but also
unveil critical insights, including the great po-
tential of inference models to utilize retrieved
monolingual examples for translation.

2 Related Work

Extensive research has highlighted the importance
of high-quality retrieved sentence pairs, commonly
referred to as "fuzzy matches" or "translation mem-
ories," in enhancing machine translation perfor-
mance.

Related research showed remarkable diversity
and innovation within the SMT paradigm. Koehn
and Senellart (2010) employed XML markup to en-
able SMT systems to concentrate on non-matching
segments, effectively merging the precise matches
offered by TM with the generalization capabilities
of SMT. Ma et al. (2011) implemented discrimi-
native learning techniques to promote translation
consistency, resulting in notable improvements in
BLEU scores for English-Chinese technical docu-
ments. Additionally, Wang et al. (2014) introduced
dynamic merging of TM phrase pairs and an en-
hanced integration model, addressing the discrep-
ancies between TM databases and SMT training
datasets. These groundbreaking studies have re-
vealed the untapped potential of external linguistic
resources in MT systems.

Subsequent studies have also made significant
strides in integrating translation memory into tra-
ditional encoder-decoder NMT models. A range

of lightweight methods (Zhao et al., 2018; Zhang
et al., 2018; Bulte and Tezcan, 2019; Xu et al.,
2020; Reheman et al., 2023) have been proposed
successfully. Meanwhile, some researchers have
broadened the resource pool from bilingual trans-
lation memories to include monolingual corpora
(Reheman et al., 2024). However, the lack of pre-
defined roles for monolingual data in the input
framework of traditional NMT often requires care-
ful design for effective incorporation. One com-
mon strategy is back-translation (Sennrich et al.,
2016; Fadaee et al., 2017; Edunov et al., 2018),
where monolingual target-language sentences are
translated to the source language to create synthetic
parallel data. Alternatively, performance improve-
ments can also be achieved through model adapta-
tion approaches, such as architectural modifications
(Cai et al., 2021) or additional training (Cai et al.,
2021; Tamura et al., 2023).

In recent years, the emergence of LLMs has sig-
nificantly transformed the landscape of machine
translation. Researchers have begun to explore the
integration of retrieved translation segments with
LLMs, a methodology referred to as the Retrieval-
Augmented Translation (RAT) paradigm (Hoang
et al., 2022). Some existing works have struck a
balance between efficiency and quality through in-
novative designs (Shi et al., 2022; Mu et al., 2023;
Wang et al., 2024; Zhu et al., 2024). However, de-
spite these notable advancements, the availability
of bilingual corpora necessary for these studies is
still considerably more limited compared to the
abundance of monolingual data (Sennrich et al.,
2016). Therefore, this paper explores a more ac-
cessible approach: directly utilizing monolingual
corpora through prompting to enhance LLM-based
translation.

3 The RMCP pipeline

Inspired by the In-Context Retrieval-Augmented
Language Models (RALM) proposed by Ram
et al. (2023), this study employs a black-box RAT
pipeline that requires no fine-tuning. The core fea-
ture of this pipeline is the direct integration of a
pre-trained sentence retriever with an off-the-shelf
LLM serving as the translation engine. The entire
process consists of three main stages: Sentence
Retrieval, Prompt Construction, and Translation
Generation. Figure 1 presents an example to illus-
trate the workflow.
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3.1 Sentence Retrieval

In the retrieval stage, we encode both the input
source sentences and retrievable monolingual cor-
pora into a shared semantic space using LaBSE
(Feng et al., 2022), which is renowned for its strong
performance on cross-lingual similarity tasks. Sub-
sequently, we leverage Faiss (Douze et al., 2024)!
to manage and query these embeddings efficiently.
To enable fast retrieval of the top-k most seman-
tically similar sentences, we construct an appro-
priate search index from the sentence embeddings
based on the corpus size. Similarity is measured by
the maximum inner product search (MIPS) within
Faiss.

3.2 Prompt Construction

Once the top-k sentences are retrieved, they are
formatted as in-context examples and integrated
into a prompt for the LLM. As shown in the exam-
ple in Figure 1, a typical prompt includes a clear
task instruction, the retrieved sentences presented
as guiding examples, and the source sentence to
be translated. This structure leverages the ICL ca-

Thttps: //github.com/facebookresearch/faiss

pabilities of LLMs, providing them with powerful
contextual cues to enhance translation quality.

3.3 Translation Generation

In the final stage, the constructed prompt is fed to
a large language model. The model processes the
full context and generates the final translation for
the source sentence.

4 Experimental Setup

4.1 Datasets and Preprocessing

We tested our method on two datasets: 1) the JRC-
Acquis (JRC-A) dataset (Steinberger et al., 2006),
which constitutes a multilingual parallel corpus
covering 24 European languages with aligned doc-
uments in legal and administrative domains® and
2) Bible Jv<1d (Cahyawijaya et al., 2021), a Bible
corpus for Javanese-Indonesian (Jv<+Id) transla-
tion.? For the JRC-A dataset, we focused on four
language pairs, conducting experiments in both
translation directions: German<+English (de<>en),

2https://wt—public.emm4u.eu/Acquis/JRC—Acquis.
3.0/corpus/
Shttps://github.com/IndoNLP/indonlg
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English<+Spanish (en<«+es), English«»French
(en+>fr), and German<sFrench (de<fr). We
adopted a data splitting strategy consistent with
Reheman et al. (2023). Specifically, for each lan-
guage pair, we randomly selected 3,000 sentence
pairs to constitute the test set, while the remaining
sentences were used as the retrievable corpus for
translation augmentation.

For the Bible Jv<Id corpus, we used the pro-
vided test set for evaluation, while the combined
training and validation sets served as the retrievable
corpus.

It is important to note that the retrievable corpora
from both datasets initially consisted of bilingual
sentence pairs. Since our study focuses on the
utility of monolingual corpora, we disaggregated
these bilingual pairs into source-side and target-
side monolingual corpora, which were then used
independently for retrieval in our experiments.

Detailed statistics for these two datasets are pre-
sented in Table 1.

Dataset Lang.  Testset Mono.
Corpora
De~En 3,000 423,315
En<Es 3,000 432,858
REA EoFr 3,000 424,300
De«~Fr 3,000 846,502

Bible
vold Jve1d 1,193 6,765
Table 1: Statistics of the JRC-A and Bible Jv«Id

datasets.

4.2 Models and Baselines

We experiment with three leading LLMs: two gen-
erative models, DeepSeek-V3 and GPT-4.1, and
one reasoning model, DeepSeek-R1. These mod-
els can represent the current performance frontier
in their respective model categories. Their perfor-
mance under our RMCP framework is compared
against the zero-shot setting to quantify the im-
provements.

Furthermore, we benchmark our results against
Google Translate*. As a user-friendly and powerful
commercial system, it serves as an ideal baseline
to demonstrate the practical viability and competi-
tiveness of our approach.

*https://translate.google.com/

4.3 Evaluation Metrics

We evaluate translation quality using established
automatic metrics.

Our primary metrics are BLEU (Papineni et al.,
2002) and chrF++ (Popovié, 2017), both of which
measure n-gram overlap with reference translations
and are implemented via sacreBLEU (Post, 2018)°
to ensure reproducibility. Specifically, for the JRC-
A dataset, we report BLEU scores, employing the
default "13a" tokenizer. For the Bible Jvld dataset,
chrF++ is used instead of BLEU due to the mor-
phological richness of Javanese and Indonesian.

We also report COMET® scores (wmt22-
COMET-da) (Rei et al., 2022) as a complementary
metric providing deeper semantic insights.

5 Results

5.1 The Effectiveness of RMCP

To comprehensively evaluate the effectiveness of
our proposed method, we compared the translation
performance of LLMs with and without RMCP
augmentation across eight translation directions.
In this experiment, we utilized the P2.D prompt
template (see Appendix A for details) and set the
number of retrieved examples to 5.

Deepseek-V3 GPT-4.1
En-Fr En-Fr
De-Fr En-Es De-Fr En-Es
65 65
55 55
45 45
35 33
De-En 2o En-De De-En 25 En-De
Es-En Fr-De Es-En Fr-De

Fr-En Fr-En

Deepseek-R1
En-Fr
De-Fr En-Es

65
45

25

De-En En-De

Es-En Fr-De

Fr-En

Figure 2: BLEU scores for different LLMs w/ and w/o
RMCP augmentation on the JRC-A dataset.

Table 2 presents the detailed BLEU and COMET
scores for all configurations. All reported improve-
ments of our method over the zero-shot setting

5https: //github.com/mjpost/sacrebleu

6ht’cps: //github.com/Unbabel/COMET
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BLEU

Model Setting En-De De-En  En-Es Es-En En-Fr Fr-En De-Fr Fr-De
Zero-shot 36.61 41.68 44.62 46.55 42.71 47.89 34.51 34.79
DeepSeek-V3 ok P P — — ook P sk
Few-shot (RMCP) 45.58 48.08 50.61 52.09 47.71 53.88 40.04 42.00
GPT4.1 Zero-shot 38,26*** 45.20*** 45.70*** 48.76*** 43.20*** 50.74*** 35,18*** 35.85***
Few-shot (RMCP) 48.50"" 54.85 55.21 58.40 50.60 60.85 41.677 4331
DeepSeek-R1 Zero-shot 35.25*** 41'06*** 43.62*** 45.82*** 40.91*** 47.88*** 33.30*** 33.26***
Few-shot (RMCP) 50.82°" 53.64 55.57 58.29 51.24 60.15 43437 46.89
Google Translate — 45.40 53.28 51.81 53.73 47.71 56.67 37.96 40.13
COMET
Model Setting En-De De-En  En-Es Es-En En-Fr Fr-En De-Fr Fr-De
Zero-shot 83.49 82.77 85.46 84.31 86.00 84.87 82.78 82.62
DeepSeek-V3 - _— - — s T - n-—
Few-shot (RMCP) 84.79 83.74 86.32 85.09 86.59 85.50 83.80 83.60
GPT4.1 Zero-shot 84.04*** 83.12*** 85.73*** 84.55*** 86.16*** 85.15*** 83.02*** 82.81***
Few-shot (RMCP) 85.61 " 8490 87.22 86.10 87.32 86.58 84.52° 84.20
DeepSeck-R1 Zero-shot 83.23*** 82'41*** 85.16*** 84.09*** 85.61*** 84.64*** 82.48WF 82.30***
Few-shot (RMCP) 85.25"" 8441 86.89 85.67 87.07 86.21 84.457" 84.15
Google Translate — 85.39 85.21 86.56 85.25 86.89 85.65 83.57 83.54

Table 2: BLEU and COMET scores for different LLMs w/ and w/o RMCP augmentation on the JRC-A dataset.
Bold text denotes the highest score in each translation direction. Statistically significant improvements of Few-shot
(RMCP) over its corresponding Zero-shot baseline are marked as follows: “p < 0.05, “p < 0.01, “*p < 0.001.

have been tested for statistical significance using
bootstrap resampling with 1000 iterations. The re-
sults clearly demonstrate that RMCP consistently
and substantially enhances the translation quality
across all tested LLMs and language pairs. For
instance, when augmented with retrieved monolin-
gual examples, DeepSeek-V3’s BLEU score for
En-De translation improves from 36.61 to 45.58,
and GPT-4.1’s score for Fr-En translation increases
from 50.74 to 60.85. This consistent positive im-
pact of incorporating monolingual translation mem-
ories, which can also be intuitively observed from
Figure 2, underscores the general applicability and
efficacy of our approach. Crucially, this enhance-
ment allows LLMs, particularly the advanced GPT-
4.1, to achieve translation quality that is not only
competitive with but often surpasses the Google
Translate baseline.

A particularly insightful comparison arises when
examining DeepSeek-R1 and DeepSeek-V3, which
possess a similar parameter count. In the zero-
shot setting, their translation performance is largely
comparable. However, upon the application of
RMCP, DeepSeek-R1 exhibits a markedly more
substantial improvement in performance compared
to DeepSeek-V3. In En-De translation, DeepSeek-
R1’s BLEU score increases by +15.57 points (from
35.25 to 50.82), whereas DeepSeek-V3’s score im-
proves by a smaller margin of +8.97 points (from
36.61 to 45.58). This pattern is consistent across
other language pairs, showcasing the great poten-
tial of reasoning models like DeepSeek-R1 in lever-

aging monolingual examples for translation tasks.
Nevertheless, the observation that DeepSeek-R1
did not consistently surpass the performance of the
generative model GPT-4.1, coupled with its high
computational costs, suggests that its practical util-
ity warrants further evaluation.

To further validate the effectiveness of our
method in low-resource scenarios, we conducted
experiments on the Bible Jv«+Id dataset, with
ChrF++ and COMET scores presented in Table 3.
The results indicate that the retrieval and utilization
of monolingual corpora remain effective for this
morphologically richer low-resource language pair.
However, the improvements brought by monolin-
gual corpora in the Id-Jv direction were relatively
limited. This suggests that while RMCP can en-
hance LLM translation quality, its effectiveness
might still be constrained by the LLM’s founda-
tional capabilities in that specific direction.

5.2 Impact of the Language of the
Monolingual Corpora

In this section, we compare the performance of
GPT-4.1 when retrieving from target-side monolin-
gual data against retrieving from source-side mono-
lingual data. The results are detailed in Table 4.
The findings indicate that while utilizing source-
side monolingual data occasionally provides
marginal, sometimes statistically significant, gains
over the zero-shot baseline, its impact is incon-
sistent and significantly less pronounced than that
observed with target-side monolingual data. Mono-



. Id-Jv Jv-1d

Model Setting ChrF++ COMET ChrF++ COMET

Zero-shot 3529 8527 5826 8730
DeepSeek-V3 v shot RMCP) 35.51°  85.07 60.83""  87.88"
Pl Zero-shot 3730 8632 6195 8883

Few-shot (RMCP) 38.66™"  86.62 67.26"*  89.98
DeepSeck K1 Zero-shot 35.07 8548 5696 8679

Few-shot (RMCP) 35.56°  85.65 58.83""  87.26
Google Translate — 39.30 84.29 65.89 88.36

Table 3: ChrF++ and COMET scores for different LLMs w/ and w/o RMCP augmentation on the Bible Jv«>1d
dataset. Bold text denotes the highest score in each translation direction. Statistically significant improvements of
Few-shot (RMCP) over its corresponding Zero-shot baseline are marked as follows: “p < 0.05, ““p < 0.01, ™p <

0.001.

lingual data from the target language is a far more
effective resource for retrieval-augmented transla-
tion within our prompting framework.

5.3 Impactofk

To determine the optimal number of retrieved in-
context examples (k), we analyzed translation per-
formance on the En-De direction by varying k from
0 to 10. Referring to Figure 3, it can be observed
that the reasoning model DeepSeek-R1 demon-
strates a remarkable ability to leverage a small
number of examples. It reaches a decent BLEU
score with only k=1 and approaches its peak per-
formance rapidly with k=3 to k=5 examples. In
contrast, while the generative models, DeepSeek-
V3 and GPT-4.1, also benefit from increased k,
their performance curve shows a more gradual as-
cent, typically requiring more examples to reach
their respective optimal scores. This suggests that
reasoning models such as DeepSeek-R1 could be
particularly efficient in extracting and using infor-
mation from limited in-context examples.

50 1

DeepSeek-V3
GPT-4.1
DeepSeek-R1

0 1 3 5 7 10
Number of In-context Examples (k)

Figure 3: BLEU scores for different models with vary-
ing values of k.

5.4 Impact of Prompt Design

We evaluated two categories of prompt templates
for GPT-4.1: Explicit Guidance (P1 series), which
clearly defines the role of the monolingual exam-
ples, and Implicit Guidance (P2 series), which
presents the examples with minimal instruction,
relying on the LLM’s in-context learning capabili-
ties to infer their utility.

Results (Tables 5 and 6 in Appendix A) indicate
that prompt structure indeed matters. While spe-
cific implicit prompts can achieve strong results in
some cases, the Explicit Guidance prompts gener-
ally demonstrate more stable and consistently high
performance.

5.5 Impact of the Size of the Monolingual
Corpora

We investigated the effect of the retrievable mono-
lingual corpus size on translation performance us-
ing GPT-4.1 for En-De translation. The size of the
target-side monolingual data was varied from 0%
to 100% of the available data, in 20% increments.

As shown in Figure 4, there is a clear positive cor-
relation between the size of the monolingual corpus
and translation quality. Both BLEU and COMET
scores consistently improve as more monolingual
data is made available for retrieval. This suggests
that a larger monolingual corpus provides a richer
source of information for the model, leading to
better translation performance.

6 Analysis

To offer a more in-depth understanding of RMCP’s
effectiveness, this section delves into specific im-
provements across various linguistic and stylistic
dimensions by analyzing translations generated



BLEU

Setting En-De De-En En-Es Es-En En-Fr Fr-En De-Fr Fr-De
Zero-shot  38.26 45.20 45.70 48.76 43.20 50.74 35.18 35.85
RMCP.ssrc  38.03 45.14 46.04" 4920 43.00 51.27""  35.05 35.92
RMCPtgt 48.50"" 54.85"" 55217 58.40"" 50.60”" 60.85"" 41.67"" 43.31""
COMET

Setting En-De De-En En-Es Es-En En-Fr Fr-En De-Fr Fr-De
Zero-shot  84.04 83.12 85.73 84.55 86.16 85.15 83.02 82.81
RMCPsrc  84.13"  83.20" 85.86™" 84.59 86.20 85.19 83.06 82.83
RMCPtgt 85.61°" 84.90"" 87.22"" 86.10"" 87.32"" 86.58"" 84.52""" 84.20""

Table 4: BLEU and COMET scores for GPT-4.1 on the JRC-A dataset under three settings: Zero-shot, RMCP.src
(w/ source-side monolingual corpora), and RMCP.tgt (w/ target-side monolingual corpora). Bold text denotes the
highest score in each translation direction. Statistically significant improvements of Few-shot (RMCP) over its
corresponding Zero-shot baseline are marked as follows: *p < 0.05, **p < 0.01, ***p < 0.001.

BLEU
COMET

0% 20% 40% 60% 80% 100%
Size of Target-side Monolingual Corpus (%)

Figure 4: Translation Performance of GPT-4.1 across
different monolingual corpus sizes

with and without monolingual examples. All illus-
trative cases, detailed in Appendix B, are from the
Fr-En translation direction of the JRC-A dataset,
with GPT-4.1 as the translation model.

6.1 Precise Lexical Choice and Terminology
Application

Compared to the zero-shot approach, RMCP
demonstrably enhances the LLM’s ability to select
more precise vocabulary and terminology appro-
priate for specific contexts, especially within legal
and official texts, by leveraging retrieved examples
from target-side monolingual corpora.

In Case 1, the phrase "instruments de défense
commerciale" is rendered as the abbreviation "TDI"
in the reference translation. The zero-shot method
produces the full term "trade defense instruments."
In contrast, RMCP, guided by retrieved Example
1, generates a translation that includes both the
full term and its abbreviation, more closely align-

ing with the reference. Beyond identifying abbre-
viations, RMCP also aids in translating domain-
specific terminology. In Case 2, RMCP success-
fully identifies the name of a regulation, employing
the capitalized and pluralized term "Agreed Min-
utes" and the capitalized "Government." This is a
significant improvement over the zero-shot output,
which deviates from conventions.

6.2 Optimized Syntactic Structures and
Expressive Fluency

By referencing monolingual examples from the
target language, RMCP guides the model in gener-
ating translations with natural syntactic structures
and smooth logical connections. This effect is par-
ticularly pronounced when translating sentences
with specific stylistic features, such as the lengthy
clauses and fixed phrasings common in legal texts.

In Case 3, the zero-shot translation appears re-
dundant and awkward due to its repeated use of
"of + gerund"” structures. The RMCP translation,
however, adopts the more conventional "Whereas"
opening and features a more concise and fluent par-
allel structure. This improvement is attributable
to retrieved examples demonstrating how to orga-
nize and connect multiple parallel actions in the
target language. Furthermore, Case 4 illustrates
that RMCP successfully learns and incorporates
key legal phrasal fragments from retrieved exam-
ples, such as "shall check that ... are complied
with." This indicates that the formality of LLM
translations can be enhanced by leveraging exam-
ples that feature recurrent and domain-specific syn-
tactic structures and connectives.



6.3 Appropriate Pragmatic Functioning

In certain situations, RMCP enables the LLM to
adjust the translation’s tone based on retrieved ex-
amples, producing outputs that better align with the
requirements of specific text types.

For instance, in Case 4, the LLM successfully ac-
quires and employs the modal verb "shall" based on
the retrieved examples. In legal discourse, "shall"
commonly indicates a binding obligation (Garner,
2014), thereby making the RMCP translation more
formal and semantically precise than the zero-shot
version’s use of the simple present "consider." This
choice also enhances consistency with the refer-
ence translation. Additionally, in Case 5, although
the retrieved examples do not directly provide the
opening "A procedure should be established," they
contain multiple instances of suggestive expres-
sions with "should be." Consequently, the LLM
employs the modal verb "should," accurately con-
veying the implicit recommendation or obligation
in the source sentence.

6.4 Strict Adherence to Textual Formatting
and Typographical Norms

In addition to improvements in lexical, syntactic,
and pragmatic aspects, RMCP-generated transla-
tions also demonstrate a greater adherence to stan-
dard formatting and typographical conventions,
such as list numbering, capitalization of proper
nouns, and the appropriate use of special symbols.
This is mainly attributable to the high quality and
well-formatted nature of the retrieved examples.

For instance, in Case 6, the LLM learns to capi-
talize "Regulation" and adopts the British spelling
"authorised" based on the retrieved texts. Simi-
larly, Case 2 highlights RMCP’s effectiveness in
conforming to these conventions.

In summary, the retrieved monolingual examples
function as strong contextual cues that guide the
LLM not only in producing more accurate and flu-
ent translations but also in adhering to formatting
and typographical norms, ultimately enhancing the
overall presentation and professionalism of the out-
put.

7 Conclusion

This paper introduced a highly practical approach
that enhances LLM-based machine translation by
prompting with retrieved monolingual corpora.
Our findings indicate that external monolingual
corpus resources can improve the translation per-

formance of various LLMs across different lan-
guage pairs, surpassing the robust and user-friendly
commercial baseline Google Translate. The pro-
posed method establishes a lightweight framework
for translation improvement that requires neither
parallel data nor model retraining, providing flexi-
ble solutions to meet diverse real-world translation
needs.

Limitations

This study is not without its limitations. First, the
lack of similarity-aware filtering mechanisms raises
concerns about the potential introduction of noise
from low-similarity monolingual examples. Sec-
ond, the increased inference latency and compu-
tational costs stemming from retrieval and longer
prompts were not evaluated in this work. Finally,
while our findings emphasize the great potential
of reasoning models (e.g., DeepSeek-R1) in utiliz-
ing monolingual examples, a comprehensive and
multidimensional comparative analysis against gen-
erative models has yet to be conducted.
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A Prompt Templates and Evaluation
Results

In order to explore the impact of prompt design
on the performance of GPT-4.1, we use 8 prompt
templates in the De—En direction of the JRC-A
dataset for experiments. The results are shown in
Table 5. and Table 6.

B Qualitative Analysis Examples

This appendix provides detailed examples support-
ing the qualitative analysis presented in Section 6.
For each case, we present the source sentence
(French), the human reference translation (English),
the output from the Zero-shot LLM, the output
from our RMCP method, and the top 5 retrieved En-
glish monolingual sentences that guided the RMCP
translation.

Case 1

Source (fr): ( 441 ) Ces actions sont des exem-
ples de mesures faisant appel aux instruments de
défense commerciale , imposées par les Etats-Unis
sur les importations du produit concerné , et vien-
nent s’ ajouter aux mesures de sauvegarde mention-
nées ci-dessus.

Reference (en): ( 441 ) These measures are exam-
ples of the TDI measures imposed by the US on
imports of the product concerned and are in addi-
tion to the safeguard measures mentioned above.
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No.

Prompt Template BLEU COMET

P1.A

Translate the following English text to German. Provide ONLY the 51.26
German translation without any explanations or additional text.

Please use the style, phrasing, and fluency demonstrated in the German
examples below as a reference.

Example 1: Zu diesem Zweck sollten die MaBnahmen ...

Example 2: Diese Sanktionen miissen wirksam , verhéltnismafig ...
Example 3: Die Sanktionen miissen in angemessenem Verhiltnis ...
Example 4: ( 17 ) Um die Einhaltung dieser ...

Example 5: Die Sanktionen fiir solche Zuwiderhandlungen ...

Text to Translate:

To this end , sanctions should be sufficiently...

German Translation:

85.89

P1.B

Translate the following English text to German. Provide ONLY the Ger-  50.35
man translation without any explanations or additional text.

The following are German sentences from the same domain. Pay atten-
tion to the domain-specific terminology and common phrasings when
generating your translation.

Example 1: Zu diesem Zweck sollten die MaBnahmen ...

Example 2: Diese Sanktionen miissen wirksam , verhéltnismaBig ...
Example 3: Die Sanktionen miissen in angemessenem Verhiltnis ...
Example 4: ( 17 ) Um die Einhaltung dieser ...

Example 5: Die Sanktionen fiir solche Zuwiderhandlungen ...

Text to Translate:

To this end , sanctions should be sufficiently...

German Translation:

85.79

P1.C

Translate the following English text to German. Provide ONLY the Ger- 50.93
man translation without any explanations or additional text.

Consider the following German statements as relevant background infor-
mation:

Zu diesem Zweck sollten die Maflnahmen ...

Diese Sanktionen miissen wirksam , verhiltnismaBig ...

Die Sanktionen miissen in angemessenem Verhiltnis ...

(17 ) Um die Einhaltung dieser ...

Die Sanktionen fiir solche Zuwiderhandlungen ...

Text to Translate:

To this end , sanctions should be sufficiently...

German Translation:

85.61

P1.D

Translate the following English text to German. Provide ONLY the 50.32
German translation without any explanations or additional text.

To help you, here are some high-quality sentences in German that reflect
the desired output quality and style.

Example 1: Zu diesem Zweck sollten die MaBnahmen ...

Example 2: Diese Sanktionen miissen wirksam , verhéltnismaBig ...
Example 3: Die Sanktionen miissen in angemessenem Verhiltnis ...
Example 4: ( 17 ) Um die Einhaltung dieser ...

Example 5: Die Sanktionen fiir solche Zuwiderhandlungen ...

Text to Translate:

To this end , sanctions should be sufficiently...

German Translation:

85.82

Table 5: Translation Performance of GPT-4.1 using Explicit Guidance prompts (P1 series)



No. Prompt Template BLEU COMET

Zu diesem Zweck sollten die Maflnahmen ... 49.00 85.57
Diese Sanktionen miissen wirksam , verhiltnisméBig ...
Die Sanktionen miissen in angemessenem Verhiltnis ...
(17 ) Um die Einhaltung dieser ...
Die Sanktionen fiir solche Zuwiderhandlungen ...
P2.A Translate the following English text to German. Provide ONLY the
German translation without any explanations or additional text.
Text to Translate:
To this end , sanctions should be sufficiently...
German Translation:

Translate from English to German. Provide ONLY the German translation  51.74 85.87
without any explanations or additional text.
German Examples:
Zu diesem Zweck sollten die Maflnahmen ...
Diese Sanktionen miissen wirksam , verhdltnismafig ...
P2.B Die Sanktionen miissen in angemessenem Verhiltnis ...
(17 ) Um die Einhaltung dieser ...
Die Sanktionen fiir solche Zuwiderhandlungen ...
Source (English): To this end , sanctions should be sufficiently...
Target (German):

German: Zu diesem Zweck sollten die MaBBnahmen ... 50.91 85.62
German: Diese Sanktionen miissen wirksam , verhiltnismafig ...
German: Die Sanktionen miissen in angemessenem Verhiltnis ...
German: ( 17 ) Um die Einhaltung dieser ...
P2.C German: Die Sanktionen fiir solche Zuwiderhandlungen ...
Provide ONLY the German translation of the following English
text.
To this end , sanctions should be sufficiently...

Translate the following English sentence to German. Provide ONLY the  48.50 85.61
German translation without any explanations or additional text.
[English] = To this end , sanctions should be sufficiently...
[German] =
Here are some similar German sentences to guide your translation:
P2.D [German 1] = Zu diesem Zweck sollten die Maf3nahmen ...
[German 2] = Diese Sanktionen miissen wirksam , verhéltnismaBig ...
[German 3] = Die Sanktionen miissen in angemessenem Verhéltnis ...
[German 4] = ( 17 ) Um die Einhaltung dieser ...
[German 5] = Die Sanktionen fiir solche Zuwiderhandlungen ...

Table 6: Translation Performance of GPT-4.1 using Implicit Guidance Prompts (P2 Series).



Zero-shot (en): These actions are examples of
measures involving trade defense instruments, im-
posed by the United States on imports of the prod-
uct concerned, and are in addition to the safeguard
measures mentioned above.

RMCP (en): (441 ) These actions are examples
of measures involving trade defence instruments (
TDIs ), imposed by the United States on imports
of the product concerned, and are in addition to the
safeguard measures mentioned above.

Retrieved Monolingual Examples:

» Example 1: (445 ) The decrease in the level
of imports of the above products to the US can
be explained , primarily , by reference to the
direct effect of the measures referred to above
on exporters whose goods became subject to
duties as part of trade defence instruments
( TDIs ) ; but also by the indirect dissuasive
effect of those measures and the investigations
on all exporters of the product concerned to
the US.

* Example 2: Imports into the Community of
the products listed in the Annex and origi-
nating in the United States of America are
hereby made subject to retrospective Commu-
nity surveillance based on import declarations
or any other equivalent import document re-
quired before the entry into force of this Reg-
ulation.

e Example 3: A 14 % ad valorem duty addi-
tional to the customs duty applicable under
Regulation ( EEC ) No 2913 / 92 shall be
imposed on the products originating in the
United States of America listed in the Annex
to this Regulation .. "

* Example 4: The protective measures shall be
applied in compliance with any obligations
arising under international agreements bind-
ing on the Community.

» Example 5: This may be particularly true to a
degree for those countries which have taken
protective measures to counteract the US safe-
guard action.

Case 2

Source (fr): relative a la signature et a la con-
clusion d’ un proces-verbal agréé entre la Com-
munauté européenne et le gouvernement de la

République de Corée sur le marché mondial de
la construction navale

Reference (en): on the signing and conclusion of
Agreed Minutes between the European Commu-
nity and the Government of the Republic of Korea
relating to the world shipbuilding market
Zero-shot (en): concerning the signing and con-
clusion of an agreed minutes between the European
Community and the government of the Republic of
Korea on the world shipbuilding market

RMCP (en): on the signing and conclusion of
Agreed Minutes between the European Commu-
nity and the Government of the Republic of Korea
concerning the world shipbuilding market
Retrieved Monolingual Examples:

* Example 1: The Agreed Minutes between the
European Community and the Government of
the Republic of Korea relating to the world
shipbuilding market are hereby approved.

» Example 2: concerning the conclusion of the
framework Agreement for Trade and Cooper-
ation between the European Community and
its Member States , on the one hand , and the
Republic of Korea , on the other hand

* Example 3: on the conclusion of an Agree-
ment between the European Community and
the Government of the People ’s Republic of
China on cooperation and mutual administra-
tive assistance in customs matters

* Example 4: on the signing , on behalf of the
Community , of the Agreement between the
European Community and the Kingdom of
Denmark on jurisdiction and the recognition
and enforcement of judgments in civil and
commercial matters

* Example 5: on the signing , on behalf of the
Community , of the Agreement between the
European Community and the Kingdom of
Denmark on the service of judicial and ex-
trajudicial documents in civil or commercial
matters

Case 3

Source (fr): considérant que 1’ application de ces
normes doit avoir pour effet d’ éliminer du marché
les produits de qualité non satisfaisante , d’ orienter
la production de facon a satisfaire aux exigences
des consommateurs et de faciliter les relations com-
merciales sur la base d’ une concurrence loyale ,



en contribuant ainsi a améliorer la rentabilité de la
production;

Reference (en): Whereas the application of the
standards should eliminate poor quality products
from the market , direct production to meet con-
sumer requirements and facilitate trade on the basis
of fair competition , so helping to improve prof-
itability;

Zero-shot (en): considering that the application
of these standards should have the effect of elimi-
nating from the market products of unsatisfactory
quality, of directing production so as to meet con-
sumer requirements and of facilitating trade rela-
tions on the basis of fair competition, thus helping
to improve the profitability of production;

RMCP (en): Whereas the application of these stan-
dards should have the effect of removing products
of unsatisfactory quality from the market, directing
production to meet consumer requirements, and fa-
cilitating trade relations on the basis of fair compe-
tition, thereby helping to improve the profitability
of production;

Retrieved Monolingual Examples:

» Example 1: Whereas the effect of these stan-
dards must be to remove products of unsatis-
factory quality from the market , gear produc-
tion to satisfying consumer requirements and
facilitate trade relations on the basis of fair
competition , thereby helping to make produc-
tion more profitable;

» Example 2: Whereas application of those stan-
dards should have the effect of keeping prod-
ucts of unsatisfactory quality off the market ,
directing production to meet consumers ’ re-
quirements and facilitating trade under fair
competitive conditions , thereby helping to
improve the profitability of production;

» Example 3: Whereas application of these stan-
dards should have the effect of keeping prod-
ucts of unsatisfactory quality off the market
, guiding production to meet consumers ’ re-
quirements and facilitating trade under fair
competitive conditions , so helping to improve
the profitability of production;

» Example 4: ( 3 ) Whereas the result of apply-
ing these standards should be to remove prod-
ucts of unsatisfactory quality from the market
, to bring production into line with consumer
requirements , to facilitate trade relationships
based on fair competition , and thereby to help

make production more profitable;

* Example 5: ( 3 ) Whereas the effect of these
standards must be to remove products of un-
satisfactory quality from the market , gear pro-
duction to satisfying consumer requirements
and facilitate trade relations on the basis of
fair competition , thereby helping to make
production more profitable;

Case 4

Source (fr): La Commission s’ assure du respect
de I’ article 11 et du paragraphe 1 point b ) du
présent article par des contrdles a effectuer confor-
mément au titre VI et , a la suite de ces derniers ,
demande , le cas échéant , aux Etats membres de
retirer les reconnaissances accordées.

Reference (en): The Commission shall check that
Articles 11 and paragraph ( 1) (b)) of this Article
are complied with by carrying out checks in accor-
dance with Title VI and in the light of such checks
shall , where appropriate , call on Member States
to withdraw recognition.

Zero-shot (en): The Commission ensures compli-
ance with Article 11 and paragraph 1 point (b) of
this Article by carrying out checks in accordance
with Title VI and, following these checks, requires,
where appropriate, the Member States to withdraw
the recognitions granted.

RMCP (en): The Commission shall check that
Article 11 and paragraph 1(b) of this Article are
complied with by carrying out checks in accor-
dance with Title VI and, as a result of those checks,
shall, where appropriate, request Member States to
withdraw the recognition granted.

Retrieved Monolingual Examples:

* Example 1: In order to ensure that Article 5
and paragraph ( 1 ) ( b)) of this Article are
complied with , the Commission shall carry
out checks and in the light of such checks may
, where appropriate , request that Member
States withdraw recognition.

» Example 2: The Commission shall check that
paragraphs 2 and 4 ( b ) are complied with by
carrying out checks in accordance with Title
VI and may , as a result of these checks , ask
a Member State to withdraw recognition.

* Example 3: The Commission shall check that
paragraph 1 and 3 ( b ) are complied with
by carrying out checks and may , as a result



of those checks , request a Member State to
withdraw recognition.

» Example 4: The Commission shall check that
Article 39 and paragraph 1 ( b)) of this Article
are complied with by carrying out checks and
in the light of such checks shall , where ap-
propriate , call on Member States to withdraw
recognition.

e Example 5: Member States shall report to
the Commission on the derogation concerning
paragraphs (a ) and (b)) in accordance with
Article 11.

Case 5

Source (fr): (7 ) Il y a lieu d’ établir une procé-
dure de détermination du statut épidémiologique
par rapport 21’ ESB d’ un Etat membre , d” un pays
tiers et d’ une de leurs régions ( ci-apres dénommés
" pays ou régions " ) sur la base du risque d’ intro-
duction initiale ( en anglais " incident risk " ) , de
propagation et d’ exposition humaine en utilisant
les informations disponibles.

Reference (en): ( 7 ) A procedure should be estab-
lished for the determination of the epidemiological
status of a Member State , a third country and of
one of their regions , hereinafter referred to as "
countries or regions " with respect to BSE , on
the basis of the incident propagation and human
exposure risk , using information available.
Zero-shot (en): It is necessary to establish a pro-
cedure for determining the epidemiological status
with regard to BSE of a Member State, a third coun-
try, or one of their regions (hereinafter referred to
as "countries or regions") on the basis of the risk
of initial introduction ("incident risk"), spread, and
human exposure, using the available information.
RMCP (en): (7) A procedure should be established
for determining the epidemiological status with
regard to BSE of a Member State, a third country
and any of their regions (hereinafter referred to as
"countries or regions") on the basis of the risk of
initial introduction ("incident risk"), spread, and
human exposure, using the available information.
Retrieved Monolingual Examples:

* Example 1: ( 7 ) On the basis of the draft list
drawn up by the Commission in agreement
with each of the Member States concerned
, which also identifies sites hosting priority
natural habitat types or priority species , a

list of sites selected as sites of Community
importance should be adopted.

* Example 2: ( 6 ) Based on a common inte-
grated risk analysis model , the Agency should
carry out risk analyses in order to provide the
Community and the Member States with ad-
equate information to allow for appropriate
measures to be taken or to tackle identified
threats and risks with a view to improving the
integrated management of external borders.

* Example 3: ( 10 ) Certain ruminant tissues
should be designated as specified risk material
on the basis of the pathogenesis of TSEs and
the epidemiological status of the country or
region of origin or residence of the animal
concerned.

* Example 4: ( 7 ) Preparatory measures need
to be taken at Member State and Community
level to enable assistance intervention teams
in emergencies to be mobilised rapidly and
coordinated with the requisite flexibility and
to ensure , through a training programme ,
the effective response capability and comple-
mentarity of assessment and / or coordination
teams , intervention teams and other resources
, as appropriate.

* Example 5: ( 5 ) On the basis of the draft list
drawn up by the Commission in agreement
with each of the Member States concerned
, which also identifies sites hosting priority
natural habitat types or priority species , a
list of sites selected as sites of Community
importance should be adopted.

Case 6

Source (fr): considérant des lors qu’ il doit étre
possible a I’ agence européenne pour 1’ évaluation
des médicaments de procéder a I’ évaluation , sur
demande d’ une firme , de tout médicament vétéri-
naire contenant une nouvelle substance active qui ,
a la date d’ entrée en vigueur du présent reglement
, 0’ a pas encore été autorisée par un Etat membre
pour I’ usage chez les animaux;

Reference (en): Whereas therefore it must be pos-
sible for the European Agency for the Evaluation
of Medicinal Products to carry out an evaluation ,
at the request of a company , of any veterinary
medicinal product containing a new active sub-
stance which , on the date of entry into force of this



Regulation , was not authorised by any Member
State for use in animals;

Zero-shot (en): whereas it must therefore be possi-
ble for the European Agency for the Evaluation of
Medicinal Products to carry out the evaluation, at
the request of a company, of any veterinary medic-
inal product containing a new active substance
which, on the date of entry into force of this reg-
ulation, has not yet been authorized by a Member
State for use in animals;

RMCP (en): Whereas it should therefore be pos-
sible for the European Agency for the Evaluation
of Medicinal Products to carry out, at the request
of a company, the evaluation of any veterinary
medicinal product containing a new active sub-
stance which, on the date of entry into force of
this Regulation, has not yet been authorised by a
Member State for use in animals;

Retrieved Monolingual Examples:

* Example 1: ’Veterinary medicinal products
containing a new active substance which , on
the date of entry into force of this Regulation ,
was not authorised by any Member State for
use in animals’.

* Example 2: Furthermore , a Member State
should be able to suspend the examination
of an application for authorization to place a
veterinary medicinal product on the market
which is currently under active consideration
in another Member State with a view to rec-
ognizing the decision reached by the latter
Member State.

» Example 3: Whereas , pending the adoption
by the Commission of the animal health certi-
fication for importation of fresh poultrymeat
from the countries specified in this list , Mem-
ber States may continue to apply , on importa-
tion , their animal health requirements in force
on 1 January 1994;

* Example 4: Furthermore, a Member State
should be able to suspend the examination
of an application for authorization to place a
medicinal product on the market which is cur-
rently under active consideration in another
Member State with a view to recognizing the
decision reached by the latter Member State.

* Example 5: Whereas a period of 60 days
should be allowed before the entry into force
of this Regulation in order to allow Member
States to make any adjustment which may be

necessary to the authorizations to place the
veterinary medicinal products concerned on
the market which have been granted in accor-
dance with Council Directive 81 / 851 / EEC
(4), as last amended by Directive 93 /40 /
EEC (5), to take account of the provisions
of this Regulation ; ex II.
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Abstract

This study aims to evaluate how effectively
various prompting strategies influence GPT
model translations of gender-neutral Korean
third-person singular expressions into English,
using the queer literary novel Concerning My
Daughter (Kim, 2017) as a corpus. Specifi-
cally, it investigates how the effects of prompt-
ing strategies for translating a specific ex-
pression have evolved across GPT model ver-
sions (GPT-3.5-turbo, GPT-4, and GPT-40).
Through quantitative analyses (BLEU, TER,
BERTSscore), multivariate statistical techniques
(MANOVA, PCA, CA), and qualitative exami-
nations, this research demonstrates significant
improvements in translation quality and gender
neutrality when context-aware prompts are em-
ployed. Meta prompting explicitly emphasiz-
ing gender ambiguity was most effective with
advanced GPT versions (GPT-4 and GPT-40),
though overly complex prompts did not con-
sistently improve quality metrics. The findings
highlight critical limitations in current evalu-
ation frameworks, advocating for specialized
criteria and ethical frameworks in Al-generated
literary translation.

1 Introduction

As Al-based machine translation (MT) has become
commonplace and increasingly applicable to var-
ious types of texts, recent studies have begun to
explore whether Al can adequately handle sophisti-
cated and subtle literary translation tasks (Alsajri,
2023; Hu & Li, 2023; Li, 2024; Mukti et al., 2024).

This study focuses specifically on the under-
researched issue of translating gender-marked refer-
ences, which poses particular challenges in Korean-
to-English literary translation. By examining multi-
ple versions of a single generative Al (GAI) model,
the research investigates how sophisticated prompt-
ing strategies contribute to producing literary trans-
lation outputs increasingly closer to human-level
quality.

In particular, gender-neutral language usage is an
important concern in MT research, as previous stud-
ies have reported gender stereotypes in both neural
machine translation (NMT) models (Stanovsky et
al., 2019; Vanmassenhove et al., 2018) and large
language models (LLMs) (Piazzolla et al., 2024).
Research has particularly focused on characterizing
and resolving gender bias occurring between spe-
cific language pairs such as English and languages
with grammatical gender systems, including French
and Italian (Ghosh & Caliskan, 2023; Piazzolla et
al., 2024; Sant et al., 2024). Although improve-
ments in MT quality have been reported in terms
of mitigating gender bias, several challenges still
remain unresolved (Piazzolla et al., 2024). More-
over, existing research has predominantly concen-
trated on binary gender distinctions, while attention
toward non-binary gender issues in translation is
increasingly gaining prominence (Kostikova, 2023;
Yim, 2025; Yu, 2025).

Against the backdrop, this study qualitatively
and quantitatively evaluates how the translation out-
puts of Korean expressions referring to non-binary
gender in queer literature vary according to differ-
ent prompts (zero-shot, context, and meta prompt-
ing) and model versions (GPT-3.5 turbo, GPT-4,
and GPT-40) of an LLM, using human translation
as the baseline. In doing so, this research aims to
contribute to the literature on ethical considera-
tions in Al-generated language usage and literary
translation into English. The research questions are
specifically formulated as follows:

* How do automated translation quality metric
scores for literary sentences containing non-
binary gender expressions vary according to
prompts and model versions?

* How do gendered or ungendered translation
patterns of non-binary gender references differ
depending on variations in model versions and
prompting strategies?



This study extends previous research (Yim,
2025), which examined prompt sensitivity in a
single GPT version (GPT-40). This comparison
allows for an analysis of how prompt sensitivity
has evolved across different GPT versions. Fur-
thermore, translating non-binary gender is closely
linked to ethical issues in LLM-generated language
usage, specifically regarding gender bias, and this
comparison will provide insight into how these eth-
ical considerations have evolved across GPT mod-
els. Given the observation that non-binary gender
has been particularly underexplored in translation
and linguistics studies involving Korean (Yu, 2025),
this research contributes to expanding existing lin-
guistic scholarship beyond the MT literature by
addressing a critical gap in the field.

2 Literature Review

This section first discusses why translating non-
binary gender references from Korean to English
raises significant ethical and linguistic issues, par-
ticularly from a human translation perspective (2.1).
It then reviews previous research on how MT has
addressed these challenges, highlighting the lin-
guistic implications of these approaches (2.2). Fi-
nally, the chapter explores how translation out-
comes have been improved across recent GPT mod-
els with prompting techniques (2.3).

2.1 Translating Non-binary Gender

The manner in which gender is expressed varies
significantly across linguistic systems. English fol-
lows a natural gender system, meaning that only
nouns and pronouns explicitly indicate a person’s
gender (Sabato & Perri, 2020). Korean similarly
employs the identical gender system; however, its
third-person pronoun usage notably differs from
English. Korean lacks a fully developed third-
person singular pronoun system, instead utilizing
demonstratives such as i (“this”), geu (“that™), and
Jjeo (“that over there”) combined with nouns like
saram (“‘person”), i (“one”), nom (“guy”), and ja
(“individual”) to denote third-person referents (Ko
& Koo, 2020). Importantly, these combined forms
generally do not explicitly indicate grammatical
gender, with only a few specialized exceptions,
such as geunyeo (‘‘she”), which originated from
translations of the Japanese equivalent of the En-
glish pronoun “she” (Ahn, 2001).

In English, third-person singular pronouns ex-
plicitly indicate gender through forms such as “he”

and “she,” “her” and “his,” or “him.” However,
a significant issue arises because masculine pro-
nouns in English have historically been employed
generically to refer to individuals of all genders—a
practice increasingly recognized as sexist language
(Sabato & Perri, 2020, p. 334). As alternatives,
more inclusive forms such as “s/he” and the singu-
lar “they” have been adopted. The use of singular
“they” has gained formal recognition, appearing in
major dictionaries, including the Oxford English
Dictionary (2024), where it is explicitly described
as suitable for contexts requiring gender neutrality
or for referring to individuals who do not identify
within the binary gender framework.

In summary, translating third-person singular
references from Korean into English necessitates
context-based inference to determine whether bi-
nary gendered pronouns (“he” or “she”) or more in-
clusive non-binary forms (“s/he” or “they”) should
be employed. Additionally, it is possible to refer to
an individual using a proper noun or a general noun
that is either explicitly gendered (e.g., “the man” or
“the woman”) or non-gendered (e.g., “the person”).
This inferential process significantly impacts trans-
lation accuracy, intensifying the challenge of main-
taining gender-neutral language usage. Especially
when gender ambiguity is intentionally encoded in
the source text, the translator’s choice between gen-
dered or ungendered forms can considerably affect
the discourse functions of the translated output, as
demonstrated in previous studies such as Aguilar
(2023), Ivan (2024), and Yim (2025).

2.2 Issues of Gender Translation in MT

When translating gender-neutral items whose gram-
matical gender is unknown into gender-marked lan-
guages, the process of gender inference becomes
essential. If contextual information is insufficient,
MT systems either infer and assign a gender or
translate in a manner that preserves gender am-
biguity. Issues of gender in MT have been pri-
marily explored in relation to gender bias. Previ-
ous research has indicated that, when MT systems
translate source texts without explicit gender in-
formation into target languages that obligatorily
mark gender, they tend to exhibit a default bias to-
ward masculine forms (Ghosh & Caliskan, 2023;
Piazzolla et al., 2024; Stanovsky et al., 2019; Van-
massenhove et al., 2018). Large language models
(LLMs) are reported to be even more susceptible
to this bias (Sant et al., 2024). For instance, Chat-
GPT frequently translates gender-neutral pronouns



into explicitly gendered forms such as “he” or “she”
(Ghosh & Caliskan, 2023). Similarly, DeepL has
shown a notable tendency to overuse the pronoun
“he” in backtranslations from Finnish, Estonian,
and Indonesian into English. This bias is particu-
larly influenced by sentence context and verbs used,
demonstrating high reproducibility across repeated
translations (Barclay & Sami, 2024). Such gender
bias can significantly impact translation accuracy
and discourse effectiveness by introducing gender
markers absent from the original text or incorrectly
inferring a different gender.

2.3 Improved Translation with Prompting

LLM prompting strategies are effective the trans-
lation outputs (Yamada, 2024). Accordingly, var-
ious studies have explored prompt design to en-
hance translation performance across multiple GPT
model versions (He, 2024; Peng et al., 2023; Sant
et al., 2024; Wang et al., 2023). Several strategies
have been found beneficial in enhancing LLM-
generated translations: For example, providing con-
textual information such as detailed translation
guidelines and domain-specific knowledge (Peng et
al., 2023); assigning a translator persona to the GPT
model (He, 2024); and instructing the model to
translate at the document level to leverage broader
contextual understanding (Wang et al., 2023). It is
also known that multi-shot prompts, which provide
actual translation examples, improve translation
quality more effectively than zero-shot prompts
(Sant et al., 2024). Particularly, explicitly instruct-
ing the model about the translation’s specific pur-
pose and emphasizing the reduction of gender bias
has proven effective in decreasing biased outcomes
(Sant et al., 2024). Recently, meta-prompting tech-
niques informing the LLM of task details and sub-
sequently allowing it to generate its own prompts
have also demonstrated potential for improving
translation quality (Suzgun & Kalai, 2024).
However, some studies suggest that simpler
prompts might be preferable to overly complex
ones. Specifically, concise and effective prompts,
such as zero-shot prompts (He, 2024), have been
reported to yield better translation quality improve-
ments compared to prompts containing detailed
translation briefs and elaborate instructions (Peng
et al., 2023). As discussed above, translation out-
puts significantly vary according to prompt configu-
rations. In terms of GPT model performance, GPT-
4 has shown substantial improvements over GPT-
3.5 in both translation quality (Jiao et al., 2023;

Yan et al., 2024) and other performance metrics
(Chen et al., 2024). In particular, GPT-4 reportedly
outperforms junior translators but still falls short of
the translation quality produced by experienced hu-
man translators, showing a tendency toward literal
translation (Yan et al., 2024).

In summary, two critical gaps currently exist
in GPT models’ handling of non-binary gender
translations. First, while ChatGPT’s translation per-
formance has improved in recent versions, it still
has not matched the quality of experienced hu-
man translators. Moreover, most prompt-related
studies discussed above have primarily focused on
single-model versions, leaving uncertainty about
how the same prompting strategies affect transla-
tion outcomes across different GPT versions. Sec-
ond, despite extensive prompting research to ad-
dress gender-related translation problems (Sant et
al., 2024), gender biases and translation errors per-
sist. The fact that translation issues remain even in
relatively clear-cut cases involving binary gender
suggests that the challenges become considerably
more complex when translating non-binary gen-
der references. Addressing this significant issue,
particularly from the perspective of inclusive lan-
guage use, calls for future interdisciplinary research
evaluating inclusive translation across diverse lan-
guages, textual contexts, and GPT model versions.
Given these research gaps, the present study aims to
examine how translations of sentences containing
non-binary gender expressions—requiring height-
ened gender sensitivity—have evolved across GPT
model versions, which currently represent the most
widely adopted LLM technology. The findings will
indirectly contribute to identifying approaches to
accurate gender inference through contextual and
grammatical cues, while also addressing methods
to preserve the discourse effects of the original
text and uphold ethical principles related to gender-
neutral language use. Consequently, this study pro-
vides significant insights into the current state of
Al-generated translation.

3 Methodology

3.1 Corpus

The source text corpus used in this study is drawn
from the Korean novel Concerning My Daughter
(Kim, 2017) by novelist Hyejin Kim. This queer
novel portrays the internal struggles experienced
by a mother who struggles to accept that her daugh-
ter is living with a same-sex partner, narrated from



the mother’s perspective. Throughout the novel, the
mother consistently refers to her daughter’s non-
binary gender partner using the third-person sin-
gular pronoun geu ae (“that person/child”’), main-
taining gender neutrality. From the novel, 183 sen-
tences containing references to geu ae were iden-
tified and compiled into a corpus. Using this cor-
pus, the study measures how gender neutrality is
maintained or altered according to different prompt-
ing strategies across multiple GPT model versions.
For baseline comparison, this paper used Jamie
Chang’s English translation (Kim, 2022), which
was viewed by critics as “precise and pared-back”
renditions of the original narrative “in a careful,
balanced way” (West-Knights, 2022). The origi-
nal text and the corresponding human translation
corpus were also utilized in a previous analysis
conducted by Yim (2025).

3.2 Process

To investigate translation choices concerning non-
binary gender references, each sentence was trans-
lated independently using the API. The translation
conditions and prompts used were consistent with
those employed by Yim (2025) (see Appendix A).
The context prompt has the gender and character
name, while the simplified form of meta prompt
includes the persona, genre, and gender ambiguity
instructions.

3.3 Analysis

The analysis was divided into two parts: translation
quality (TQ) and gender representation. First, TQ
scores were quantitatively evaluated by combining
multiple metrics, following the recommendation
of Kocmi et al. (2021). Specifically, BLEU (Pap-
ineni et al., 2002) was used to assess basic simi-
larity to the human baseline; TER (Snover et al.,
2006) was applied to measure the practical effort
required for post-editing; and BERTscore (Zhang
et al., 2020) was employed to evaluate how effec-
tively the contextual meaning of the original text
was captured. To explore how translation quality
scores varied according to prompts and GPT model
versions, a MANOVA test was conducted. This
was followed by PCA (Biber, 1988) to visually il-
lustrate prompt sensitivity showing how prompts
make LLM translations deviate from human trans-
lations across model versions. Additionally, quali-
tative analysis involved to identify distinctive pat-
terns and variations.

Second, the analysis examined the representation

of non-binary gender in translation outputs (gender
representation). The frequency of gendered versus
ungendered reference expressions was analyzed
across the nine generated corpora and compared
against the human translation baseline. Descriptive
statistical analysis (chi-square test) and explana-
tory analysis (Correspondence Analysis; Glynn,
2014) were performed to determine which transla-
tions most closely resembled the human baseline
in terms of gender-neutrality patterns, while also
identifying distinctive translation characteristics ac-
cording to prompts and GPT model versions.

Python 3.11.8 (July 14, 2025) | R 4.5.1 (July 20, 2025)

pandas: 1.5.3 FactoMineR: 2.12
numpy: 1.24.0 factoextra: 1.0.7
scipy: 1.9.3 CA:0.71.1

matplotlib: 3.6.3
seaborn: 0.11.2
openpyxl: 3.0.10
nltk: 3.8.1
sacrebleu: 2.3.1
bert-score: 0.3.13
Okt, konplay 0.6.0

GPT-3.5 turbo, 4, 40
API version: 1.13.3
Temperature: 0.7
Max tokens: 300
Top-p: 1.0

Penalty: 0

Date: July 3, 2025

Table 1: System and package information

Corpus compilation, data analyses, and statis-
tical testing were conducted using Python and R
within the Google Colab environment. Information
on the specific models and packages utilized is pre-
sented in Table 1.

Corpus (version_prompt) ID Token
Source text ST 3108
Human translation HT 2610
GPT-3.5_simple GPT35_TT1 2948
GPT-3.5_context GPT35_TT2 2927
GPT-3.5_meta GPT35_TT3 2868
GPT-4_simple GPT4_TT1 2794
GPT-4_context GPT4_TT2 2780
GPT-4_meta GPT4_TT3 2737
GPT-40_simple GPT40.TT1 2836
GPT-40_context GPT40_TT2 2878
GPT-40_meta GPT40_TT3 2765

Table 2: Corpus size

4 Results

4.1 Translation Quality Metrics

Information about the corpora (number of tokens)
generated based on the analysis process presented
in Section 3.3 is provided in Table 2.

Table reports corpus-level mean = SD (n =
183 sentences) for each model-prompt condition.
TER is reported as TER inverse so that higher
values indicate better quality. Across prompting



TQ per corpus GPT35 GPT4 GPT4o
TT1 0.111 £ 0.123 £ 0.132 &+
5 0.115 0.124 0.127
E TT2 0.119 £ 0.148 £ 0.162 +
= 0.129 0.147 0.157
0.12 £ 0.126 & 0.152 +
T3 0.136 0.142 0.157
Pairwise - - -
TT1 11.228 + | 12411 £ 14.627 +
o 2 33.889 37.514 34.519
25| ™ | 50 | Ths |
= . . .
- T3 14818 £ | 16318 £ 23.006 £+
32.157 34.866 30.915
Pairwise - - -
® TT1 0.921 &+ 0.923 + 0.925 +
S 0.024 0.024 0.023
(ﬁ TT2 0.924 + 0.929 + 0.932 +
5 0.024 0.025 0.025
ARk
Pairwise - - l <tz *
ttl < tt3 *

Table 3: TQ description and pairwise comparison

strategies, context prompting (TT2) and meta
prompting (TT3) generally produced higher mean
scores than simple prompting (TT1) for BLEU,
TER _inverse, and BERTScore. TT2-TT3 compar-
isons were mixed: meta prompting exceeded con-
text prompting only for GPT-3.5 on BLEU and for
GPT-40 on BERTScore; in all other cases, TT2
showed the higher mean.

For each model, prompt effects were tested
with a Kruskal-Wallis omnibus test followed by
Dunn pairwise tests with Holm adjustment. Non-
significant pairwise contrasts are omitted. Signif-
icant differences emerged only for GPT-40 on
BERTScore (tt1 < tt2*; tt1 < tt3*; * p < .05,
Holm-adjusted).

To further assess how prompt types and GPT
model versions influenced changes in these met-
rics, a MANOVA test was performed (Appendix
B). Although MANOVA generally requires multi-
variate normality, the large sample size (n = 183)
ensures that the analyses conducted remain robust
due to the central limit theorem.

The MANOVA results revealed statistically sig-
nificant effects of prompt type (Wilks” A = 0.9888,
F(6,3284) = 3.08, p = .005) and model ver-
sion (Wilks’ A = 0.9847, F'(6,3284) = 4.24,
p < .001) on the three translation quality met-
rics. In contrast, the interaction between prompt
type and model version was not significant (Wilks’
A = 0.9961, F(12,4328.74) = 0.53, p = .899).
Although the Wilks’ values were close to 1, indi-

cating that the overall effect sizes were small, both
prompt type and model version contributed to sig-
nificant variation in translation quality scores.

Finally, a Principal Component Analysis (PCA)
was conducted using the three translation quality
metrics scores across corpora to visually represent
how prompts make translations deviate from hu-
man translations across versions (see Figure 1 and
Appendix C for detailed results).

PC1 accounted for comprehensive transla-
tion quality, evenly reflecting all three metrics
(75.87%), while PC2 captured differences between
BERTScore and the other two metrics (12.8%).
Compared to BLEU and TER, BERTScore reflects
semantic similarity rather than surface-level over-
lap. The relatively higher BERTScore therefore
suggests that, even when lexical realizations di-
verge, the generated translations retain meaning-
level consistency. Together, these two principal
components explained 88.67% of the total variance
across corpora. Prompt sensitivity was visualized
by calculating convex hull areas based on PCA
scores. Results indicated that the changes in the
areas across prompts remained substantial in GPT-
4 (TT1 — TT2: -1.575, TT2 — TT3: 5.011) and
GPT-40 (TT1 — TT2: 2.206, TT2 — TT3: 2.859),
compared to GPT-3.5 (TT1 — TT2: 0.893, TT2 —
TT3: 0.174). This suggests that GPT-4 and GPT-40
exhibited greater sensitivity to prompt changes, re-
flected in broader variations in translation quality
scores compared to the earlier version.

This trend is evident in Example 1 (Appendix
D), which shows that score changes increased in
conjunction with TT2 and TT3 in GPT-4 and GPT-
4o.

4.2 Gender Representation

Gendered Ungendered
Corpus Female | Female Proper
pronoun | noun Male noun Pronoun | Noun

Human 101 21 1123 110 11 21123
GPT35_tt1 78 1 15 94 0 26 129 | 155
GPT35_tt2 198 14 1213 25 16 291 70
GPT35_tt3 207 2 0209 42 18 17| 77
GPT4._tt1 51 2 32| 85 0 19 146 | 165
GPT4.tt2 159 11 2172 112 11 51128
GPT4.tt3 167 5 0172 127 10 51142
GPT4o_tt1 49 10 10 | 69 0 51 134 | 185
GPT4o_tt2 201 12 2215 37 15 5| 57
GPT4o_tt3 154 4 0| 158 100 13 3| 116

Table 4: Frequency of gender representation

Next, to address Research Question 2 regarding
gender neutrality, the analysis focused on the fre-
quency of gender reference expressions used across



Figure 2: Modelwise prompt effects (GPT-3.5, 4, 4o,
top to bottom)

each corpus. Following the analytical categories
established in previous research (Yim, 2025), fre-
quencies of English translations corresponding to
Korean ungendered third-person references were
measured. Table 4 presents the corpus-specific fre-
quencies of expressions identified as the most com-
monly used English translations for the Korean
term geu ae (“that person/child”).

Since some cells contained frequencies of five
or less, a chi-square test was conducted using ag-
gregated frequencies of gendered and ungendered
expressions across each corpus. For simplicity of
comparison, we employed chi-square tests, which
capture only overall associations. Such analysis lies
beyond the present scope and will be pursued in
future work. Although the chi-square test is lim-
ited in that it does not capture interaction effects
between variables, more advanced approaches such
as log-linear modeling would be required for this
purpose. The test revealed statistically significant
differences among corpora (x? = 306.490, df = 9,
p = 1.09E — 60).

In particular, for the TT1 prompt, which
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Note: Panel (a) groups the results by prompt type (TT1-
TT3), while Panel (b) groups them by model. Both pan-
els display the same dataset in horizontal bar format to
improve readability and highlight different comparative
perspectives.

Figure 1-a (top), b (bottom). Frequency of gendered
vs. ungendered expressions across human and LLM
outputs.

provided no explicit gender-related instruc-
tions, the frequency of gendered expres-
sions—indicating binary gender assignment
through inference—decreased progressively
from GPT-3.5 (94) to GPT-4 (85), and further to
GPT-40 (69). This trend suggests increased gender
sensitivity in higher GPT model versions (Figure
-a).

For context prompting (TT2), which explicitly
provided the character name and gender informa-
tion, the frequency of gendered expressions was
highest for GPT-40 (215), followed by GPT-3.5
(213), and GPT-4 (172). Notably, GPT-4 produced
the highest frequency of gender-neutral references
(128) despite explicit gender information (Figure
-a).

In meta-prompting (TT3), which highlighted
genre characteristics and emphasized the impor-
tance of gender ambiguity, all GPT models showed
increased frequencies of ungendered expressions
compared to context prompting (TT2). However,
the magnitude of this increase varied considerably
across models: GPT-3.5 showed an increase of 7
instances (TT2: 70 — TT3: 77), GPT-4 an increase



of 14 (TT2: 128 — TT3: 142), while GPT-40 ex-
hibited a notably higher increase of 59 (TT2: 57 —
TT3: 116) (Table 4, Figure -b).

Notably, GPT-4 and GPT-40 under the TT3
prompting condition exhibited proportions of gen-
dered and ungendered expressions most similar to
the human translation baseline. This suggests that
prompts incorporating contextual information and
explicit instructions emphasizing gender ambiguity
were more effective than zero-shot prompting in
achieving human-like gender neutrality. However,
GPT-3.5 did not achieve human-level performance
in representing gender ambiguity.

To further provide explanatory statistical in-
sights, a two-dimensional correspondence analysis
(CA) was conducted, offering a detailed visual rep-
resentation of distances between the human transla-
tion and the nine MT-generated corpora concerning
specific expressions (Figure 3). Contributions and
coordinates for each corpus and expression are pro-
vided in Appendix E.

Table 5 shows that the eigenvalue for the first di-
mension (Dim1) was notably high at 0.554, surpass-
ing the conventional threshold (> 0.4) for a robust
dimension. Although the eigenvalue for the second
dimension (Dim?2) was relatively lower at 0.109,
it was still meaningful for providing additional ex-
planatory value. Regarding explained inertia, Dim1
accounted for 71.84% of the total variance, and the
cumulative inertia up to Dim2 was 86.82%, indi-
cating sufficient reliability and explanatory power
for interpreting the analysis results.

Dimension | Eigenvalue | Explained _Inertia
Diml 0.554 71.84%
Dim2 0.110 14.28%

Table 5: CA Inertia

Figure 3 shows the correspondence analysis map
using the row principal method (FactoMineR + fac-
toextra default). The rows (corpora) are represented
in principal coordinates, while the columns (lexical
items) are shown as supplementary points. CA re-
sults revealed that GPT-4 TT2, GPT-4 TT3, and
GPT-40 TT3 were positioned closest to human
translation regarding the use of gendered reference
expressions. Conversely, as expected, the three TT1
corpora without explicit contextual information di-
verged significantly from human translation. De-
spite the provision of context and instructions em-

Correspondence Analysis (Dim 1 & Dim 2)
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Figure 3: CA Results.

phasizing gender ambiguity, GPT-3.5 TT3 still fre-
quently produced gendered translations. This sug-
gests that the effectiveness of prompts emphasizing
gender ambiguity increased with the advancement
of the GPT model versions, leading to more human-
like translations.

In Dim1, which accounted for most of the cor-
pus differences, the expressions with the highest
contributions were child (34.8%), kid (24.4%),
and Lane (17.0%). Predictably, the three TT1
corpora—which lacked the explicit character
name—were positioned on the opposite end of
Diml. Human translation, GPT-40 TT3, GPT-4
TT2, and GPT-4 TT3 were closely positioned
around the proper noun Lane, whereas GPT-40
TT2 focused more explicitly on the gender informa-
tion provided rather than employing the character’s
name. Additionally, in the TT1 condition, GPT-3.5
favored inclusive forms, whereas GPT-4 defaulted
toward masculine forms (Example 2 in Appendix
D).

In Example 2, it is also worth mentioning that
the pronoun “they” in the human translation could
either represent a singular pronoun or, based on
context, a plural form referring collectively to Lane
and the protagonist’s daughter. Given that GPT-
3.5 TT1 appeared close to “they” in Figure 3, an
examination of the corpus revealed two instances
(Examples 3 and 4 in Appendix D) where GPT-3.5
likely employed the gender-inclusive singular form
of “they.” In contrast, the newer models GPT-4
and GPT-4o translated these references differently,



using “the child” (GPT-4 and GPT-40, Example
3), gendered expressions such as “the kid” and
“he” (GPT-4, Example 4), or “the girl” and “she”
(GPT-40, Example 4). These translation choices
led general nouns like “child” and “kid” to sig-
nificantly contribute to distinguishing the corpora
along Dim1. Additionally, these tendencies explain
why GPT-40 TT1 was closely positioned to explic-
itly masculine pronouns such as “he” and “him.”

Moreover, despite detailed prompting instruc-
tions, GPT-3.5 and GPT-4 occasionally failed to
correctly infer omitted subjects from the Korean
source text or produced misgendered translations
(Example 5, Appendix D). In contrast, GPT-40 ac-
curately translated the source meaning across all
prompting conditions in the same example, suc-
cessfully reflecting the intended gender ambiguity
through prompting.

5 Discussion and Conclusion

The evaluation of translation quality metrics across
three prompting strategies and GPT model versions
revealed that quality scores were more strongly
influenced by prompts than by model versions.
Specifically, context and meta prompting condi-
tions yielded higher scores compared to zero-shot
prompting. However, comparisons between context
and meta prompting showed mixed outcomes: av-
erage scores decreased in six corpora but increased
in only three corpora, suggesting that excessively
complex prompts may not consistently enhance
translation quality. Based on MANOVA results
and convex hull visualization from PCA analysis
indicated that newer GPT models tended to ex-
hibit greater sensitivity to prompting variations.
These findings indicate that prompt-induced im-
provements in translation quality are negligible for
earlier models but emerge with GPT-40, and primar-
ily on a semantic similarity metric (BERTScore),
suggesting that newer model families may better
leverage context/persona instructions.
Furthermore, the analysis of frequencies of key
gender-marking expressions demonstrated signif-
icant differences among corpora in their use of
gendered versus ungendered forms. Human trans-
lation maintained a balanced 1:1 ratio. All three
GPT models under zero-shot prompting tended to-
ward ungendered forms, whereas context prompt-
ing resulted in substantially higher proportions of
gendered forms. Meta prompting, which provided
genre-specific context and explicit instructions em-

phasizing gender ambiguity with persona, led to
increased use of ungendered expressions, with GPT-
40 showing the largest increase.

The implications of these findings are as follows.
First, although translation quality improved with
context prompting compared to zero-shot prompt-
ing, adding more detailed information such as
genre and gender ambiguity instructions failed to
yield further improvements in some corpora, imply-
ing two possibilities. On one hand, it partially sup-
ports prior research indicating that overly complex
prompts may hinder translation quality (He, 2024).
On the other hand, it aligns with studies suggesting
that providing context can enhance translation per-
formance (He, 2024; Peng et al., 2023; Sant et al.,
2024).

Second, the greater effectiveness of meta prompt-
ing over context prompting in maintaining gen-
der ambiguity suggests limitations of current au-
tomated translation quality metrics in adequately
capturing literary translation characteristics. Given
the complexity of literary translation evaluation, it
is necessary to adopt additional specialized met-
rics derived from corpus-based human translation
studies (Liu et al., 2024) or to develop tailored eval-
uative frameworks (Zhang et al., 2025). This study
particularly emphasizes the importance of incorpo-
rating translation criticism approaches—addressing
ethical and ideological considerations—into assess-
ments of Al-generated literary translations.

Third, instances where GPT-3.5 translated am-
biguous references using singular “they,” whereas
newer models produced explicitly gendered transla-
tions (e.g., “the girl-she,” “the child—he”), suggest
a concerning trend. Specifically, more recent GPT
outputs might not necessarily reflect increased in-
clusivity regarding non-binary gender. This finding,
while preliminary, indicates the need for systematic
further analysis. Although this study demonstrates
that the latest models can produce gender-neutral
translations when explicitly instructed, continued
advancements in Al should explicitly aim to pro-
mote more inclusive language practices.

Despite the significance of these findings, this
study has several limitations. First, the scope was
limited to multiple versions of a single GPT model;
however, given GPT’s widespread use, this limita-
tion is somewhat justified. Future studies should ex-
pand the analysis to include diverse models such as
DeepL, Gemini and Claude to further examine de-
velopments in translating gender-neutral references.
Second, the prompts utilized in this study specif-



ically focused on literary translation and gender
neutrality. Although narrow, this linguistic focus
effectively allows for a detailed exploration of trans-
lation guidelines and prompt efficacy. Lastly, due to
the creative nature of literary translation tasks, the
temperature setting was intentionally increased to
0.7; however, translations were generated through
a single iteration. Future research should verify the
stability of these findings through repeated transla-
tion tasks.

The implications of this study are threefold. First,
by highlighting the challenges of generative Al
translation between languages with differing gen-
der grammars, this research provides significant in-
sights not only into Al literature but also for transla-
tion studies and English writing education. Second,
by examining how generative Al has evolved re-
garding gender grammar, this study underscores the
necessity for ongoing research into ethical consider-
ations within Al-generated translations. Lastly, by
emphasizing the importance of prompt engineering
in contemporary Al models, this study contributes
to advancing creative translation research, particu-
larly in literary domains utilizing Al
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A Prompts (Yim, 2025)

Corpus Prompt

TT1(Zero-shot) | “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. Please
translate each Korean sentence into English.”

TT2 (Context) | “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. In this
context, ‘_1 o]’ refers to Lane, a woman. Please translate each Korean sentence

into English.”

TT3 (Meta) “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. You are a
professional literary translator with deep sensitivity to gender identity, emotional
nuance, and queer relationships. Please translate each Korean sentence into
fluent, expressive, and natural English. Preserve ambiguity where appropriate,
and maintain the rhythm, tone, and intimacy of the original text. In this context,
71 o}’ refers to Lane, a woman. Please translate each Korean sentence into

English.”

B MANOVA Results

Wilks’
Effect A F df1 df2 p
Prompt 0.9888 | 3.0814 3284 0.0052
Model 0.9847 | 4.2355 3284 0.0003
Prompt X 0.9961 | 0.5265 | 12 | 4328.74 | 0.8991
Model
C PCA Results
Explained variance and loadings
Principal Component | Metrics Value
Explained Variance (%) | 75.87
PCl BLEU_z Loading 0.579
TER inverse z Loading | 0.582
BERTScore_z Loading | 0.571
Explained Variance (%) | 12.8
PC2 BLEU_z Loading -0.495
TER inverse z Loading | -0.305
BERTScore_z Loading | 0.813

Centroid coordinates by Corpus

Corpus PC1 PC2

GPT3.5TTI | -0.311 | -0.036

GPT3.5TT2 | -0.107 | -0.019

GPT3.5TT3 | -0.142 | -0.009

GPT4 TT1 -0.189 | -0.019

GPT4 TT2 0.197 | -0.005

GPT4 TT3 -0.088 | -0.037

GPT40 TT1 | -0.064 | -0.001

GPT40 TT2 | 0.369 | 0.033

GPT40 TT3 | 0.336 | 0.095

Convex hull area changes across prompting
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Version TT1 A TT2 A TT3
GPT-3.5 | 18.161 | 0.893 | 19.054 | 0.174 | 19.228
GPT-4 19.932 | 1.575 | 18.356 | 5.011 | 23.368
GPT-40 | 17.718 | 2.206 | 19.924 | 2.859 | 22.784

D Examples from Corpora

Example 1: ID #731

ST: 71 o7} Al S S0 Ut w2 e
HT: She raises her head for a moment, meets my
gaze.

GPT-3.5
TT1: That child briefly raises their head and meets
my eyes.

TT2: She raises her head for a moment and meets
my eyes (BLEU: 0, TER: -20, BERTScore:
+0.0062).

TT3: She raises her head for a moment, meets my

gaze (BLEU: 0, TER: 0, BERTScore: +0.005).

GPT-4

TT1: The kid lifts his head for a moment and makes
eye contact with me.

TT2: Lane momentarily raises her head and makes
eye contact with me (BLEU: 0.0081, TER:
+80, BERTScore: +0.0086).

TT3: Lane lifts her head for a moment, locking
eyes with me (BLEU: 0.0081, TER: +80,
BERTScore: +0.0093).

GPT-40

TT1: The child briefly lifts their head and makes
eye contact with me.

TT2: Her eyes, which had been lingering at a point
past me, meet mine (BLEU: -0.02 TER: +40,

BERTScore: +0.0093).

She briefly lifts her head and meets my
eyes (BLEU: -0.02, TER: +40, BERTScore:
+0.0093).

TT3:

Example 2: ID #773

ST: 71 o7} @ v 5 Ui7h 71 A3 il T
J17o|H.

HT: Those were the first words I said to her after
they moved in.

GPT-3.5 TT1: The first thing I said after he/she
came was that.

GPT-4 TT1: The first thing I said to him after he
came was that.

GPT-40 TT1: The first thing I said after that child
arrived was that.

Example 3: ID #669

ST: 71 ofji= 5517 2H4l 2] o] 22 Tl a
© §71g gt

HT: Lane gets up in surprise and evenly states name
and purpose of visit.

GPT-3.5 TT1: They calmly state their name and
explain the reason for their visit.

GPT-4 TT1: The child calmly states his name and
explains the purpose of his visit.

GPT-40 TT1: The child calmly states their name
and explains the reason for their visit.
Example 4: ID #3693

ST: FHpol 4 2 AE 1 o= Alo] &
24t gorrka gt

HT: Lane, who was washing fruit in the kitchen,
thought she was asleep.

GPT-3.5 TT1: The person washing fruits in the
kitchen said that they thought Zen had fallen
asleep. o

GPT-4 TT1: The kid, who was washing fruits in
the kitchen, said he thought Zen was asleep.
GPT-40 TT1: The kid, who was washing fruits in
the kitchen, said he thought Zen was asleep.
GPT-3.5 TT2: She said that she thought Jen had
fallen asleep just because she was washing fruit in
the kitchen.

GPT-4 TT2: The girl, who was washing fruit in the
kitchen, said she thought Zen had fallen asleep.
GPT-40 TT2: The girl, who was washing fruit in
the kitchen, said she thought Jen was asleep.
GPT-3.5 TT3: The one washing fruit in the kitchen
said she thought Jen had fallen asleep.

GPT-4 TT3: Washing fruit in the kitchen, Lane said
she had thought Jen was asleep.

GPT-40 TT3: Lane, who was washing fruit in the
kitchen, said she thought Jen was asleep.
Example 5: ID # 1350

ST: @401 Q. 71 oft}.

HT: Hi, you’re home, says Lane.

GPT-35

TT1: You came. That kid.

TT2: She has arrived. (@)

TT3: She’s here. It’s her.

GPT-4

TT1: He’s here. That’s him.

TT2: She’s here. It’s Lane.

TT3: She’s here. It’s Lane.

GPT-40S

TT1: You’re here. It’s that kid.

e

o}

=
=

rn




TT2: You’re here. It’s her.

TT3: You’re here. It’s Lane.

E Detailed CA Results

Corpus Coordinates Contributions

Dim1 | Dim2 | Dim1 | Dim 2
human -0.572 | 0.419 | 5.351 | 14.450
GPT35.ttl | 0.943 | -0.340 | 14.672 | 9.591
GPT4 _ttl 1.447 | 0.459 | 34.681 | 17.513
GPT4o.ttl | 1.155 | -0.058 | 22.348 | 0.286
GPT35.t2 | -0.245 | -0.506 | 1.121 | 24.082
GPT4.tt2 | -0.522 | 0.219 | 5.407 | 4.804
GPT40.tt2 | -0.381 | -0.260 | 2.604 | 6.092
GPT35.t3 | -0.342 | -0.367 | 2.219 | 12.827
GPT4.tt3 | -0.558 | 0.259 | 6.489 | 7.018
GPT40.tt3 | -0.530 | 0.191 | 5.108 | 3.337

Coordinates & Contributions (Corpus)

Coordinates Contributions
Gender Word i1 [ Dim2 | Dim 1 | Dim 2
she -0.332 | -0.287 | 4.612 | 17.291
her -0.278 | -0.101 | 3.811 | 2.552
Gendered him 1.577 | 0.638 | 4.150 | 3.417
he 1.417 | 0.280 | 5.093 1.001
girl -0.303 | 0.141 | 0.429 | 0.470
woman | -0.680 | 0.463 | 17.086 | 39.860
lane 0.374 | -0.281 | 0.280 | 0.798
they 1.471 | 0.050 | 34.846 | 0.199
their 1.672 | 0.455 | 24.469 | 9.094
Ungendered | them 0.530 | -0.878 | 1.728 | 23.842
child -0.332 | -0.287 | 4.612 | 17.291
kid -0.278 | -0.101 | 3.811 | 2.552
person | 1.577 | 0.638 | 4.150 | 3.417

Coordinates & Contributions (Gender Expres-

sion)
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Abstract

Advances in vision-language models (VLMs)
have enabled effective cross-modality retrieval.
However, when both text and images exist in the
database, similarity scores would differ in scale
by modality. This phenomenon, known as the
modality gap, hinders accurate retrieval. Most
existing studies address this issue with manu-
ally labeled data, e.g., by fine-tuning VLMs
on them. In this work, we propose a similar-
ity standardization approach with pseudo data
construction. We first compute the mean and
variance of the similarity scores between each
query and its paired data in text or image modal-
ity. Using these modality-specific statistics, we
standardize all similarity scores to compare on
a common scale across modalities. These statis-
tics are calculated from pseudo pairs, which
are constructed by retrieving the text and image
candidates with the highest cosine similarity
to each query. We evaluate our method across
seven VLMs using two multi-modal QA bench-
marks (MMQA and WebQA), where each ques-
tion requires retrieving either text or image data.
Our experimental results show that our method
significantly improves retrieval performance,
achieving average Recall@20 gains of 64% on
MMOQA and 28% on WebQA when the query
and the target data belong to different modali-
ties. Compared to E5-V, which addresses the
modality gap through image captioning, we con-
firm that our method more effectively bridges
the modality gap.

1 Introduction

Information retrieval (IR) plays a key role in a wide
range of NLP applications, including web search
engines (Kobayashi and Takeda, 2000) and ques-
tion answering systems (Kolomiyets and Moens,
2011). While traditional approaches primarily fo-
cus on retrieving textual information (Robertson
and Zaragoza, 2009; Karpukhin et al., 2020), there
is a growing interest in retrieving both text and

images to provide richer and more informative re-
sults (Zhou et al., 2024b).

Vision-language models (VLMs), such as
CLIP (Radford et al., 2021), enable both text and
image data to be embedded into a shared represen-
tation space. Although VLMs enable effective text-
to-image retrieval (Radford et al., 2021), it is still
challenging to extract relevant information from a
database that contains both text and images. Specif-
ically, text items often dominate the top-ranked re-
sults even when relevant images exist (Chang et al.,
2021; Liu et al., 2023). This issue is attributed
to the modality gap—a phenomenon in which em-
beddings from different modalities are mapped to
separate regions of the representation space (Liang
etal., 2022). Consequently, data that share the same
modality as the query tend to receive higher similar-
ity scores, regardless of actual relevance (illustrated
in Figure 1).

To address this problem, several approaches have
been proposed. Some methods address the modality
gap by fine-tuning pre-trained VLMs using paired
datasets consisting of queries and their manually
labeled corresponding text or image data (Fahim
et al., 2024; Eslami and de Melo, 2025). Other
methods for converting visual data into text have
also been introduced, such as E5-V (Jiang et al.,
2024). However, these approaches have shortcom-
ings: collecting human-annotated data is resource-
intensive, whereas image captioning would fail to
preserve necessary visual information in text.

In this study, we propose a retrieval method
that mitigates the impact of modality gap without
manually labeled data or image captioning. The
key idea is to make similarity scores comparable
across modalities by standardizing them using the
modality-specific mean and variance. To estimate
these statistics, we construct pseudo-positive pairs
of unlabeled queries and their most similar texts
or images. We then derive modality-specific mean
and variance from these pairs, which are used to



Retrieval Query

Are there more than five pillars on
the front of Grand Palais?

Relevant Image

R —
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Figure 1: Conceptual overview of the modality gap.
Texts and their corresponding images are projected to
distant regions of the embedding space.

standardize similarity scores during retrieval.

To evaluate our approach, we conduct experi-
ments on multi-modal question answering bench-
marks, i.e., MMQA (Talmor et al., 2021) and
WebQA (Chang et al., 2021) with seven pre-trained
VLMs. Our method significantly improves retrieval
performance when the query and the target data
belong to different modalities, achieving average
gains of 64% and 28% in Recall@20 on MMQA
and WebQA, respectively.

Our main contributions are as follows:

* We propose a similarity standardization ap-
proach to mitigate the effect of the modality
gap on multi-modal retrieval.

* Our method improves the retrieval perfor-
mances on two datasets regardless of modali-
ties, compared to E5-V.

* Our method bridges the modality gap without
manually labeled datasets, such as pairs of
queries and their corresponding examples.

2 Related Work
2.1 Multi-Modal Retrieval

Vision-language models (VLMs) have shown re-
markable progress in recent years (Radford et al.,
2021; Jia et al., 2021). These models are typically
trained using contrastive learning to align images
and text in a representation space. Their embed-
dings can be used for retrieval by computing similar-
ity scores with each item in the database (Karpukhin
et al., 2020).

Retrieval tasks involving multiple modalities can
be broadly categorized into two settings (Liu et al.,

2023). Cross modality retrieval refers to settings
in which the query and target belong to differ-
ent modalities, such as text-image or image-text
retrieval. In contrast, multi-modal retrieval as-
sumes that the retrieval database contains data from
multiple modalities—for example, both text and
images—and the goal is to find the most relevant
item regardless of its modality.

While contrastively trained VLMs perform well
in cross modality retrieval tasks (Radford et al.,
2021), their performance in multi-modal retrieval
remains limited. In particular, when both text and
images are present in the retrieval set, these models
often retrieve items only from the same modality
as the query, and fail to retrieve relevant data from
the other modality (Chang et al., 2021; Ross et al.,
2024).

This issue is attributed to the modality gap, a
clear separation between image and text embed-
dings of contrastively trained VLMs. This phe-
nomenon was first studied by Liang et al. (2022),
who showed that it exists even in randomly initial-
ized models and persists throughout contrastive
training. Several causes have been suggested in
prior work, including an information imbalance be-
tween text and image inputs (Schrodi et al., 2025).

2.2 Bridging the Modality Gap

Some approaches attempt to eliminate the modality
gap in VLMs by modifying the contrastive training
process. (Fahim et al., 2024) augment CLIP’s ob-
jective with uniformity and alignment regularizers
to enforce balanced embedding distributions and
eliminate the modality gap. Schrodi et al. (2025)
demonstrated that contrastive learning can mitigate
the modality gap when the training data is balanced
in information content across modalities. Eslami
and de Melo (2025) introduce AlignCLIP, which
adds shared parameters between visual and text en-
coders and an intra-modality separation term to the
contrastive loss. While effective, these methods re-
quire access to manually paired datasets, which can
be expensive or unavailable in real-world scenarios.

Another line of work obtains image embeddings
by leveraging image captions (Liu et al., 2023; Zhou
et al., 2024a,b). These models achieve strong per-
formance in multi-modal retrieval, but rely heavily
on captions. In settings without image descriptions,
retrieval quality deteriorates, indicating limited use
of visual features.

More recently, methods utilizing the vision-
language capabilities of multi-modal large language
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Figure 2: Overview of our proposed method. The modality gap causes irrelevant text to score higher than relevant
images. Our approach addresses this issue by standardizing cosine similarity scores based on modality-specific

mean and variance calculated from pseudo data.

models (MLLMs) have been explored (Jiang et al.,
2024; Zhang et al., 2024b; Lin et al., 2025). For
instance, E5-V (Jiang et al., 2024) prompts its back-
bone MLLM with an image to generate a one-word
summary of it. By using the resulting features to ob-
tain image embeddings, E5-V aligns visual inputs
with the language space, effectively eliminating the
modality gap.

Unlike the existing works that require manually
labeled data or image captioning, our method di-
rectly adjusts similarity scores across modalities
using pseudo-positive examples, eliminating the
need for manual supervision.

3 Task Formulation

We work on the task of retrieving relevant data from
a multi-modal database that contains both text and
images, given a natural language query.

Formally, let ¢ be a textual query and let D =
Diext U Dimage denote the retrieval database, where
Diext and Dipage are sets of textual and visual items
respectively. A pre-trained VLM f encodes both
the query and each item in the database into the
same space. For each candidate d € D, its rele-
vance to the query can be measured by comparing
their embeddings, for example, using cosine simi-
larity: cos(f(q), f(d)).

However, due to the modality gap, similarities
differ in scale between text and image modalities.

Specifically, a text query tends to assign higher
scores to textual candidates than to images, causing
relevant images to appear lower in the ranking.

4 Proposed Methods

In this section, we propose a method that mitigates
the negative impact of the modality gap without
manually labeled data. We first introduce similar-
ity standardization approach as described in Sec-
tion 4.1. Then, we construct pseudo pairs instead
of labeled data, as detailed in Section 4.2.

4.1 Modality-Specific Similarity
Standardization

To bridge the modality gap, we propose a similar-
ity standardization approach with modality-specific
statistics. We standardize the similarity scores be-
tween queries and target information (i.e., positive
examples) using their means and variances com-
puted separately for text targets and image targets.

Let P,, be a set of query-positive pairs where
positive example belongs to modality m €
{text,image}. We calculate the mean and variance
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where each (q,d;}) € P, is a query-positive pair.

Using the modality-specific statistics estimated
above, we standardize the cosine similarity between
a query ¢ and a candidate d € D of modality m as:

sim(q, d) — COS(f(Q)? f(d)) — //“m 2)

Om

This modality-aware standardization will mitigate
the negative impact of the modality gap on similari-
ties between text and image. Note that the statistics
m and o2, are computed from the pre-collected
dataset P, and remain fixed regardless of the re-
trieval queries.

4.2 Pseudo Pair Construction

We propose a method for constructing pseudo data
that eliminates the need for manually labeled data.

Let D,,, be the subset of the retrieval database
corresponding to modality m € {text, image}, and
let Q denote a set of unlabeled queries. Given a
query q € Q, we extract the most similar item from
D,,, for each modality m, and treat it as a pseudo-
positive example of modality m:

dyy, = argmax cos(f(q)., f(d)). 3)
d€Dp,

By repeating this process for all queries in Q, we
construct a modality-specific pseudo pair set P,
for each modality m:

~

Pm = {(g,d}) | ¢ € Q}. @)

P,, can be used as a substitute for the manually
labeled set P, in Equations (1). This allows our
method to perform modality-specific standardiza-
tion without relying on any labeled data.

S Experimental Setup

5.1 Datasets for Evaluation

We evaluate our method on two multi-modal ques-
tion answering datasets: MultimodalQA (Talmor
et al., 2021) and WebQA (Chang et al., 2021).
These datasets are widely used benchmarks for the

(a) MMQA: “How many col-
ors are on the Mississippi
flag?”

(b) WebQA: “Are there
more than five pillars on the
front of Grand Palais?”

Figure 3: Examples of positive images for ImageQ in
MMOQA and WebQA shown in Table 1.

multi-modal retrieval task (Chen et al., 2022; Liu
et al., 2023; Zhou et al., 2024a,b). In our experi-
ments, we use questions that require retrieving rele-
vant textual passages (TextQ) or images (ImageQ)
in order to answer them. Table 1 shows examples
from each dataset, and Table 2 shows the dataset
sizes.

MultiModalQA (MMQA) (Talmor et al., 2021)
is a benchmark for multi-hop question answering
across multiple modalities, including text, images,
and tables. It is constructed from Wikipedia tables
linked with relevant textual paragraphs and images
via shared entities.

WebQA (Chang et al., 2021) is a large-scale open-
domain question answering dataset that includes
questions paired with corresponding textual pas-
sages or images. The data is collected from the open
web and Wikipedia. Following Liu et al. (2023) and
Zhou et al. (2024b), we construct a retrieval corpus
by collecting all images and text passages relevant
to all queries in the WebQA dataset.

5.2 Datasets for Pseudo Pair Construction

Pseudo pairs are constructed independently for the
MMOQA and WebQA datasets. We use queries from
the training split of each dataset and sample their
pseudo-positive examples from the retrieval source
of each dataset as illustrated in Equation 3.

5.3 Metrics

We evaluate our methods using Recall@k,
MRR @k, and NDCG@E. All metrics are primar-
ily measured at k£ = 20. For Recall, we additionally
compute values at k=1, 5, and 100 to examine the
effect of varying k.

5.4 Models

We apply our method to seven pre-trained VLMs
to demonstrate its robust effectiveness. To as-
sess models expected to exhibit a modality gap
due to contrastive training, we include CLIP (Rad-



Dataset  Type Question

Positive Example

TextQ When did “Harry Potter and the Sor-

MMQA .
Q cerer’s Stone” movie come out?

Harry Potter and the Philosopher’s Stone (released in the
United States as Harry Potter and the Sorcerer’s Stone)
is a 2001 fantasy film directed by Chris Columbus and
distributed by Warner Bros.

ImageQ How many colors are on the Mississippi
flag?

Refer to Figure 3a.

TextQ What part of the human body does the
nerves in the frontalis muscle serve and
the occipitofrontalis muscle serve?

WebQA

The frontalis muscle is supplied by the facial nerve and
receives blood from the supraorbital and supratrochlear
arteries. In humans, the occipitofrontalis only serves for
facial expressions.

ImageQ  Are there more than five pillars on the
front of Grand Palais?

Refer to Figure 3b.

Table 1: Examples from MMQA and WebQA datasets. Each dataset includes two types of questions: TextQ and
ImageQ, which refer to questions that require retrieving text and images to answer, respectively.

# of dataset Source Query

text image TextQ ImageQ

MMOQA 218K 57K 6.7K/721  1.9K/230
WebQA 787K 389K 15K/24K  16K/2.5K

Table 2: Numbers of retrieval candidates and queries
in MMQA and WebQA. The numbers of queries are
listed as training/test. Validation data is not used in our
experiments.

ford et al., 2021) (ViT-B/32 and ViT-L/14), Long-
CLIP (Zhang et al., 2024a) (base and large), and
BLIP (Li et al., 2022). We also include Co-
here Embed 3 English (Ross et al., 2024), a high-
performance VLM accessible via API. In addition,
we evaluate E5-V (Jiang et al., 2024), which inte-
grates image captioning via a MLLM. While E5-V
is designed to mitigate the modality gap, we ap-
ply similarity standardization to examine whether
our method can further improve its performance.
The computational resources are provided in Ap-
pendix A.

5.5 Evaluation Conditions

All VLMs are evaluated under the following three
configurations.

(i) Cos: Cosine similarities are simply used for
retrieval.

(i1) Std: Cosine similarities are standardized by our
method with manually labeled data, which is taken
from the training split of each dataset.

(iii) Ours: Cosine similarities are standardized by
our method with our pseudo pairs.

6 Results and Discussions

6.1 Overall Results

Table 3 summarizes the overall retrieval perfor-
mance across seven VLMs on MMQA and We-
bQA datasets. When Cos was applied, four of the
CLIP-based models and BLIP retrieved almost no
relevant results, resulting in near-zero scores on all
evaluation metrics on ImageQ. This suggests that
the modality gap causes irrelevant text passages to
be ranked higher than relevant images, hindering
accurate retrieval.

In contrast, applying our method to these models
significantly improved the performances, achieving
average gains of 64% and 28% in Recall@20 for
MMOQA ImageQ and WebQA ImageQ, respectively,
thereby confirming its effectiveness in bridging the
modality gap.

Notably, all models with our method outper-
formed E5-V on ImageQ. These results highlight
the advantage of processing images without any loss
of information, different from the existing works
with image captioning or verbalization. Although
a slight performance degradation was observed on
TextQ, the overall trade-off is favorable with notable
gains on ImageQ.

Cohere Embed 3 and ES5-V achieved high per-
formance on TextQ, with approximately 80% in
Recall@20. On ImageQ, they retained a certain
level of performance without our method, achiev-
ing Recall@20 ranging from 40-50% on MMQA
and 10-20% on WebQA. For E5-V, this can be at-
tributed to its strong capability for understanding
textual information through its MLLLM backbone,
as well as its architecture that converts images into
text. While the architecture and training details



of Cohere Embed 3 are not publicly available, its
performance suggests that it may adopt a similar
architecture or training process to models like ES-V.
When our standardization is applied to these mod-
els, further improvements are observed on ImageQ);
however, it also results in a large drop in TextQ ac-
curacy compared to CLIP-based models and BLIP.
This indicates that the benefit of our method is lim-
ited when the modality gap is already small.

6.2 Severe Impact of the Modality Gap

To examine how the modality gap affects retrieval
performance, we evaluated Recall at various cut-
off values of retrieval on ImageQ. Table 4 reports
Recall@{1, 5, 20, 100} for each model and dataset.

For Cos, increasing the number of retrieved can-
didates had almost no effect—Recall @ k& remained
around zero even with k& = 100. This result clearly
indicates that the modality gap severely degrades
retrieval performance on ImageQ.

In contrast, our method yields substantial im-
provements in Recall @k across all tested values of
k, demonstrating its effectiveness in bridging the
modality gap.

6.3 Pseudo Pairs vs. Manually Labeled Pairs

To assess how pseudo pairs affect retrieval, we com-
pared retrieval performances of the Std method and
our method. Table 3 shows that the results of our
method were equal or higher than those of the Std
method. This result demonstrates that pseudo pairs
can serve as an effective substitute for manually
labeled pairs.

7 Analysis of the Modality Gap
7.1 The Effect of Standardization

To investigate how our method reduced the neg-
ative impact of the modality gap, we analyze the
distribution of standardized similarity scores on
ImageQ. For each ImageQ, we compute the differ-
ence between the average standardized similarity
scores for image and text candidates in the retrieval
database (image mean minus text mean). The dis-
tributions on MMQA and WebQA are shown in
Figure 4, focusing on CLIP (ViT-B/32) as a repre-
sentative model that exhibits a clear modality gap.

In MMQA, the distribution is centered slightly
below zero, indicating that text scores remain some-
what higher than image scores on average, even af-
ter the standardization. In WebQA, the distribution
is concentrated mostly on the negative side (around

~20 -15 -10 05 00 05 10 15 % -5 -4 -3 2 -1 0
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Figure 4: Distributions of the difference between the
average standardized similarity scores of image and text
candidates across ImageQ queries in the training split of
MMOQA and WebQA, where the difference is computed
as image minus text.

—4), indicating that text candidates are consistently
scored higher than images. From these results, we
confirm that our method does not fully eliminate
the modality gap.

Nevertheless, retrieval performance improves
significantly as shown in Section 6. We attribute
this to differences in the shape of the cosine simi-
larity score distributions across modalities. Table 5
shows the skewness values in the distributions of
similarity scores. CLIP-based models consistently
produced more positively skewed similarity distri-
butions for image candidates compared to text can-
didates. This suggests that some images receive
totally higher similarity scores than others in the
image database. Such outliers—which often in-
clude the correct images—were amplified by our
method, allowing them to receive a higher standard-
ized score than most text candidates.

We hypothesized that the skewness in the image
similarity distribution stems from the training ob-
jective of CLIP-based models These models learn
to align images with their paired text, but they are
not explicitly trained to capture similarities between
texts or between images themselves. As a result,
these models yield high similarities to a few image
candidates, resulting in a long-tailed distribution.
This skewed distribution might align well with our
standardization approach, as it amplifies the scores
of outliers which often include relevant images.

7.2 Modality Gap in VLMs

We analyze the modality gap in VLMs by investi-
gating both the structure of the embedding space
and the distribution of similarity scores.
Following Liang et al. (2022), we apply singu-
lar value decomposition (SVD) to project the em-
beddings of ImageQ queries and their positive ex-
amples into a two-dimensional space for visualiza-



MMQA WebQA

Model Method TextQ ImageQ TextQ ImageQ
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Cos 31.90 26.62 23.90 0.00 0.00 0.00 28.89 21.14 18.89 0.00 0.00 0.00
CLIP (ViT-B/32) Std 31.55 25.78 23.25 52.61 36.65 40.32 23.96 16.38 15.01  32.82 15.20 18.02
Ours 27.46 18.44 17.88  66.09 45.03 49.86 27.14 19.07 17.29 28.14 13.79 15.98
Cos 35.51 28.63 25.86 1.30 0.41 0.62 32.60 24.05 21.45 0.04 0.00 0.01
CLIP (ViT-L/14)  Std 35.37  27.60 25.16  62.17 43.32 47.70  28.84 19.37 17.91 43.55 22.54 25.76
Ours 31.28 21.48 20.54 76.52 58.88 63.05 31.27 21.44 19.69 37.10 20.37 22.75
Cos 58.67 45.11 43.02 0.00 0.00 0.00 43.93 30.92 28.56 0.00 0.00 0.00
Long-CLIP-B Std 54.65 40.73 38.76  66.09 47.67 51.94 34.94 23.79 22.05 33.01 14.92 17.98
Ours 53.33 3548 35.04 66.96 50.72 54.51 4044 27.72 25.79 28.59 13.43 15.97
Cos 63.04 45.56 44.32 0.43 0.11 0.19 45.18 30.36 28.54 0.00 0.00 0.00
Long-CLIP-L Std 58.39 41.94 40.70  71.74  49.38 54.52  35.66 23.57 22.14  39.84 20.22 23.36
Ours 57.07 38.60 38.19 7391 54.04 58.63 4146 27.14 25.69 35.34 18.38 21.09
Cos 41.75  30.20 28.64 0.00 0.00 0.00 37.15 27.07 24.23 0.00 0.00 0.00
BLIP Std 40.92  28.58 27.42  39.57 23.97 27.54  24.00 14.75 14.04 17.62 8.24 9.73
Ours 36.75 23.33 23.31 4348 27.45 31.15 3140 20.71 19.23 14.04 6.35 7.62
Cos 87.17 78.81 74.72  50.43  20.79 27.61 76.52 59.19 55.86  20.43 8.00 10.16
Cohere Embed 3 Std 72.19 66.33 60.63 52.17 27.24 32.92 54.78 41.69 38.19 2742 12.36 14.83
Ours 73.99 63.25 59.20 52.17 28.17 33.61 69.23 52.67 49.36  25.39 11.48 13.73
Cos 84.88  66.67 67.20 38.70 17.34 22.06 74.37 54.88 52.27 11.89 5.19 6.37
E5-V Std 80.79  63.33 63.56 41.74 21.33 25.91 48.61 35.04 33.11  21.05 9.75 11.50
Ours 70.39 53.15 53.12  41.74 21.55 26.09 65.73 48.76 46.11  18.78 8.87 8.87

Table 3: Overall retrieval results on MMQA and WebQA. Recall@20, MRR @20, and NDCG @20 are reported. Cos
uses cosine similarity as the retrieval score. Std-L and Std-P apply similarity standardization using modality-specific
mean and variance estimated from labeled and pseudo pairs, respectively.

tion. Figure 5 shows the results for CLIP (ViT-B/32)
and E5-V. The visualizations of other models and
datasets are shown in Appendix D. CLIP exhibits a
clear separation between textual queries and posi-
tive image items in the embedding space. In con-
trast, E5-V shows a much smaller gap, suggesting
that modality conversion reduces representational
disparity between text and images.

We then analyze the cosine similarity scores
between queries in the training split of MMQA
and their positive examples (either text or image)
for CLIP (ViT-B/32) and ES5-V. Figure 6 presents
the distributions of these scores, separated by the
modality of the positive examples. The distribu-
tions of other models are shown in Appendix E. As
expected, CLIP assigns significantly higher simi-
larities to text examples. E5-V reduces this gap to
some extent, but a consistent score difference re-
mains: image positives still tend to receive lower
similarity scores than text counterparts.

These results indicate that image captioning re-
duces modality differences, but does not fully avoid
the gap of VLMs. One possible reason is that con-
verting images into textual representations leads to
loss of visual information necessary for questions
that are difficult to express in language, such as
the spatial relationships between objects and the
background color. This missing information re-
duces similarities between queries and relevant can-

/) -y 02
/
02 4/
7 00
///
0.0 4
) 02
/
-0.2 “, -0.4
Q‘M.

035 040 045 050 055 060
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Figure 5: 2D visualizations of the embeddings of Im-
ageQ queries in the MMQA training split (blue dots)
and their corresponding images (red dots) using SVD.
Figures 5a and 5b show the results of CLIP (ViT-B/32)
and E5-V, respectively.

didates compared to text data. Our method avoids
this shortcoming. By directly processing image fea-
tures without converting them into text, our method
outperformed E5-V in ImageQ.

8 Conclusion

We presented a method for improving multi-modal
retrieval by bridging the modality gap without
human-created data. Our approach standardizes
similarity scores in a modality-specific manner,
making them more comparable across modalities.
Importantly, it does not require any labeled data
or image captions, as it relies on pseudo-positive
examples derived from unlabeled queries. Through



Model Method MMQA WebQA
1 5 20 100 1 5 20 100
. Cos 000 000 000 000 000 000 000 0.00
CLIP (VIT-B/32) ¢ 3739 5348 66.09 72.17 816 1611 28.14 4478
_ Cos 000 087 130 304 000 000 004 0.6
CLIP (VITL/14) - 1 50.87 69.57 7652 81.74 1290 2439 37.10 54.76
Lone.CLIP-B Cos 000 000 000 000 000 000 000 0.00
ong-LLI Ours 4391 6043 6696 7696 7.89 1621 2859 45.46
Lone.CLIP-L Cos 000 043 043 087 000 000 000 0.0
ong Ours 46.09 6348 7391 80.87 1195 2139 3534 5277
BLIP Cos 000 000 000 000 000 000 000 0.00
Ours 2130 3522 4348 5609 378 739 1404 26.66
Cohere Embed 3 €O 10.00 3478 5043 6478 438  9.14 2043  40.60
Ours 2043 3826 52.17 65.65 641 1352 2539 43.83
ESV Cos 1217 2391 3870 5957 295 635 11.89 2652
Ours 1609 2826 4174 63.04 510 1049 1878 36.80

Table 4: Results of Recall@k (k = {1,5,20,100}) for each model on ImageQ queries in MMQA and WebQA

datasets.
Model MMQA WebQA
Text  Image  Text  Image
CLIP (ViT-B/32) —0.81 0.21 —1.05 0.45
CLIP (ViT-L/14) —0.41 0.31 —0.51 0.33
Long-CLIP-B —1.40 0.35 —1.33 0.59
Long-CLIP-L —1.88 0.47 —1.30 0.72
BLIP 0.32 0.37 0.59 0.45
Cohere Embed 3 0.26 0.16 0.54 0.25
E5-V 0.81 0.90 0.91 0.76

Table 5: Average skewnesses of cosine similarity dis-
tributions for ImageQ queries in the training split of
MMQA and WebQA. Each skewness is computed be-
tween a query and all candidates in the text or image
database, then averaged across all queries per modality.

experiments on two multi-modal QA datasets and
seven vision-language models, we demonstrated
that our method consistently improves image re-
trieval performance, particularly in scenarios where
existing models struggle due to the modality gap.
Furthermore, we showed that pseudo-positive exam-
ples are sufficient for estimating modality-specific
statistics, achieving performance on par with manu-
ally labeled data. Our findings highlight the impor-
tance of preserving modality-specific information
and calibrating similarity scores, rather than relying
solely on modality conversion.

Limitations

Our method computes modality-specific similarity
statistics from pre-collected datasets and uses them
to standardize all similarity scores across modal-
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Figure 6: Distributions of cosine similarity scores be-
tween a query and its corresponding positive example (ei-
ther text or image). The distributions are separated by
the modality of the positive example. Figures 6a and 6b
show the results of CLIP (ViT-B/32) and E5-V, respec-
tively.

ities. However, this approach assumes that sim-
ilarity distributions remain stable over time. In
real-world systems, new data is constantly being
added to databases. Due to new content, these pre-
computed statistics may become obsolete, leading
to suboptimal standardization. Future work should
focus on developing mechanisms to dynamically
update these statistics.
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A Computational Resources

We used two NVIDIA Quadro RTX 6000 GPUs
for generating embeddings with E5-V, while only
one GPU was used for all other pre-trained VLMs.
All retrieval and evaluation experiments were con-
ducted using Faiss (Douze et al., 2024) on CPU
only.

B Model List

We evaluated seven pre-trained VLMs in our ex-
periments. Six of them are publicly available on
Hugging Face and were accessed as downloadable
checkpoints:

* https://huggingface.co/openai/
clip-vit-base-patch32

* https://huggingface.co/openai/
clip-vit-large-patchl4

* https://huggingface.co/
BeichenZhang/LongCLIP-B

* https://huggingface.co/
BeichenZhang/LongCLIP-L

* https://huggingface.co/Salesforce/
blip-itm-base-coco

* https://huggingface.co/royokong/
eb5-v
We used the Cohere Embed 3 English model (co-

here.embed-english-v3) via Amazon Bedrock API
in the us-west-2 region.

C Modality-Specific Mean and Variance

Table 6 lists the modality-specific mean and stan-
dard deviation for similarity standardization that
were used for standardization in our experiments.

D 2D Visualizations of Embeddings

Figures 7-13 illustrate 2D visualizations of embed-
dings of textual queries (from the training sets of
MMQA and WebQA) and their positive examples
using singular value decomposition'.

'Our visualization code is adapted from https:

//github.com/Weixin-Liang/Modality-Gap/blob/
main/Figure_1_Modality_Gap/visualize.ipynb

E Distributions of Cosine Similarity
Scores between Positive Pairs across
Modalities

Figure 14 presents the distributions of cosine simi-
larity scores between textual queries (from the train-
ing sets of MMQA and WebQA) and their positive
examples, separated by the modality of positive
examples.
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MMOQA WebQA
Model Method Text Image Text Image
Mean Std  Mean Std  Mean Std  Mean Std
. Std 0.744 0.105 0.314 0.043 0.78) 0.093 0.304 0.035
CLIP(VITB32) ¢ 0.841 0058 0315 0023 0833 0063 0335 0019
. Std 0.642 0.136 0.280 0.049 0.700 0.122 0.269 0.040
CLIP(VITL/I4) o 0755 0.088 0271 0.020 0.749 0.093 0.297 0.023
LonecLipp St 0.879 0.050 0.315 0.031 0.895 0040 0.307 0.024
g Ours  0.898 0.043 0311 0017 0901 0037 0324 0.016
LonecLipL St 0.828 0.068 0279 0.048 0.856 0.057 0.258 0.037
g Ours 0845 0073 0264 0029 0.860 0.059 0.277 0.026
LI Std 0.700 0116 0438 0072 0.724 0100 0418 0.059
Ours 0791 0070 0460 0.038 0.806 0.058 0.489 0.034
Cohere Embed 3 St 0620 0121 0508 0082 0581 0114 0490 0.066
Ours  0.660 0105 0512 0047 0615 0082 0541 0.044
By Std 0.628 0102 0514 0099 0635 0105 0467 0.084
Ours 0649 0.095 0469 0.085 0.640 0.093 0.534 0.073

Table 6: Modality-specific mean and standard deviation used for standardization during evaluation on MMQA and
WebQA datasets. Values are computed separately for text and image modalities, either from labeled or pseudo pairs.
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Abstract

Current Al tutoring systems primarily focus on
one-on-one interactions, missing the collabo-
rative dynamics essential for developing com-
munication and social learning skills. We intro-
duce PRISM (Proactive Role-based Intelligent
Scaffolded Multi-agent), a novel framework
that enables natural multi-agent collaboration
in educational settings through autonomous
turn-taking mechanisms. PRISM coordinates
specialized Al agents with distinct pedagogical
roles within a structured four-stage problem-
solving framework based on Pélya’s method-
ology. Our key innovation is a proactive
self-selection mechanism where agents au-
tonomously determine participation through
internal reasoning and evaluative scoring, re-
placing traditional manager-controlled turn al-
location. The performance of the PRISM sys-
tem was evaluated in two distinct experimen-
tal settings focused on high school mathemat-
ics. The initial evaluation involved a simula-
tion benchmark that measured PRISM against
a next-speaker prediction baseline. Assessed
via LLM-as-a-judge metrics, PRISM obtained
a 62.3% win rate over the baseline. A sub-
sequent real-time study of human-agent inter-
action, analyzed using Bales’ Interaction Pro-
cess Analysis (IPA), provided further evidence
of efficacy, demonstrating significant improve-
ments in group coordination and developmental
outcomes for learners. These results indicate
the considerable potential of PRISM as a scaf-
fold for collaborative learning within structured
pedagogical environments. Our framework ad-
vances multi-agent educational Al by provid-
ing measurable learning outcomes, natural in-
teraction patterns, and scalable collaborative
learning environments that preserve the social
benefits of traditional classroom settings.

*Correspondence: tvkhanh@ictu.edu.vn
#These authors contributed equally to this work.

1 Introduction

In recent years, educational technologies have
evolved from rule-based Intelligent Tutoring Sys-
tems (ITS) to powerful large language mod-
els (LLMs) capable of generating context-aware,
human-like dialogue. This shift marks a significant
pedagogical opportunity: Virtual Classroom Sim-
ulation. The user engages with this virtual class
in real-time, participating in group discussions to
solve problems.

To simulate collaborative learning in a structured
and pedagogically meaningful way, we introduce
PRISM, a multi-agent system powered by a large
language model. The system supports a staged
dialogue flow where agents interact with the human
student. Each agent assumes a distinct classroom
role. At each stage, a Stage Manager guides the
flow of conversation, ensuring that the problem-
solving process unfolds coherently.

We evaluate PRISM through experiments involv-
ing Vietnamese high-school students working on
mathematical modeling tasks. Results show that
the system improves group coordination, diversi-
fies student-agent interaction, and enhances the
depth of problem understanding. Our contributions
include:

* A pedagogically-motivated, stage-based dialogue
management framework that enforces structured
collaborative phases aligned with learning objec-
tives.

* A role-driven multi-agent architecture in which
each agent embodies a distinct instructional per-
sona to diversify support.

* A proactive, self-selecting turn-taking mechanism
enabling agents to autonomously decide when to
speak based on internal reasoning and conversa-
tional context.

* Comprehensive empirical validation, including
both simulation-based benchmark comparisons
and a human—agent user study, demonstrating
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significant gains in pedagogical alignment and
learner engagement.

2 Related Work

2.1 LLMs for Education

The release of ChatGPT in 2022 introduced a new
era in education, shifting from traditional NLP to
powerful transformer-based LLMs. Today, these
models are widely accessible, enabling automated
content creation, real-time feedback and grading
at scale, and truly personalized learning experi-
ences (Wang et al., 2024). LLMs can role-play his-
torical figures or conversational partners to foster
immersive, engaging lessons (Zhu et al., 2025). Re-
searchers even use LLMs to simulate student behav-
ior, comparing their error rates on multiple-choice
questions to those of real learners, to generate
high-quality assessments (Liu et al., 2025a).

2.2 One-to-one Tutoring

One-to-one tutoring using Al systems, especially
those powered by LLMs, leverages various peda-
gogical strategies to enhance learning outcomes
(Gousopoulos, 2024; Razafinirina et al., 2024).
While one-to-one tutoring offers personalized at-
tention, it faces challenges in simulating the full
spectrum of classroom interactions. One-to-one set-
tings often miss peer learning opportunities, which
are crucial for social development and collabora-
tive skills. In contrast, traditional classrooms foster
peer interactions that enhance learning through dis-
cussion and shared problem-solving. These limita-
tions highlight the need for a more comprehensive
approach to simulate realistic learning experiences.

2.3 Virtual Classroom — Collaborative
Learning

Multi-agent Systems (MAS). In a virtual classroom
context, agents can be designed with various roles,
such as classmates or teachers, collaborating with
real students toward shared learning goals. MAS
based on Large Language Models (LLMs) has
emerged as a potential solution to this challenge,
thanks to their capabilities in reasoning, decision-
making, and flexible coordination among agents.
Turn-takings in Multi-Party Conversations. Stud-
ies such as SimClass (Zhang et al., 2024)
and MathVC (Yue et al., 2025) have proposed
Next-Speaker Prediction, an approach to manag-
ing turn-taking. This method is based on the his-
tory and role descriptions of agents to select the

most suitable agent to talk to. However, this ap-
proach leaves agents in a passive position when
they are selected by another manager agent. In
reality, when people talk to each other, they will
think independently before speaking. Therefore, a
more comprehensive solution is needed to simulate
this multi-participant conversation to increase the
naturalness of communication.

3 Methodology

3.1 Overview

This study aims to design Al agents that can collab-
orate with human students in solving mathematical
problems while simultaneously enhancing learn-
ing engagement. The proposed system employs a
multi-agent architecture where each agent exhibits
distinct roles and behaviors, allowing for diver-
sified perspectives and pedagogically meaningful
interactions. The overall goal of this work is to
shift from traditional one-on-one tutoring models
toward dynamic, group-based learning enhanced
by autonomous agents.

To fulfill these goals, the system incorporates
three key design requirements:

* Context Awareness: Agents need to be
aware of the environment (conversation, par-
ticipants) to enable realistic collaboration
throughout the various stages.

» Turn-taking Autonomy: Agents should pos-
sess full autonomy in deciding when to act,
yielding more natural, without relying on
fixed sequences.

* Customizability: The system should support
configurable roles, allowing adaptive and en-
gaging user experiences.

To implement these design principles, we con-
struct a three-module architecture based on an
event-driven framework (see Figure 1).

3.2 Event-Driven Architecture

In traditional one-to-one chatbot systems, an
agent’s response is triggered by a new message
from the user. However, when multiple agents op-
erate simultaneously in a shared dialogue space, a
more sophisticated and flexible mechanism is re-
quired to govern agent participation. To address
this, we adopt an event-driven architecture that en-
ables agents to respond dynamically based on con-
textual cues in the conversation environment.
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Figure 1: System Architecture Overview of PRISM, showing how multi-agent collaboration is managed through an
event-driven pipeline. Upon a new event (like new-message) (1), the Stage Manager Agent determines the current
stage (2), providing information to classmate agents. Based on information about roles, conversation history, inner
thoughts (3), classmate agents create inner thoughts in parallel and independently (4); and undergo a self-selection
process based on thought evaluation scores (5) to determine the next speaker agent (6). The selected agent will then
make the next utterance based on the thought just generated.

3.2.1 Environment context

The system environment comprises the complete
chat history, the current instructional stage, the list
of participants, and temporal elements such as the
timing between messages.

3.2.2 Events as interaction triggers

Just as humans respond to spoken words, gestures,
or moments of silence in conversation, Al agents
are designed to react to discrete events within the
system. In this implementation, we define two
primary categories of events:

* New Message: Triggered whenever any par-
ticipant sends a message.

* Silence: Triggered when no participant sends
a message for a predetermined duration (e.g.,
10 seconds). This allows agents to take initia-
tive during moments of inactivity unless the
dialogue session has concluded.

3.2.3 Shared event timeline

Events are appended to and appear in a shared
timeline, providing a single sequence of activities
that all agents reference. This ensures that their

behaviors and interactions remain consistent and
synchronized.

3.3 Stage Module

Pedagogical Approaches. Collaborative problem-
solving is most effective when structured into clear
stages with defined tasks and shared goals, and it
tends to be more effective than simply having the
tutor give direct answers to students. This approach
can enhance student engagement and positively
influence learning outcomes.

To operationalize this in a pedagogical frame-
work, we draw from George Pdlya’s classic four-
step model in How to Solve It (Pdlya, 1945):

» Stage 1 — Understanding the Problem
* Stage 2 — Devising a Plan

* Stage 3 — Carrying Out the Plan

» Stage 4 — Looking Back

Our system follows a four-stage approach as the
backbone of the instructional flow, during which
students engage in collaborative discussions to
achieve the specific objectives of each stage.



Stage Manager Agent. To create realistic con-
versations, a collaboration stage manager agent is
responsible for continuously monitoring predefined
criteria specific to each stage. This agent dynami-
cally determines when the objectives of the current
stage have been sufficiently met. Each stage is de-
signed with its own set of tasks, carefully crafted
to align with the stage’s goals, ensuring that the
dialogue progresses logically and purposefully. To
avoid agents directly stating the solution or dis-
cussing the wrong order of a task, all tasks will be
marked as complete or incomplete. The stage man-
ager uses the Chain of Thought (CoT) prompt to
analyze the situation and decide to update the status,
thereby ensuring the simulation remains coherent
and goal-oriented throughout its progression.

3.4 Role-Based Agentization Module

Classroom interaction behaviors can be categorized
based on widely accepted pedagogical principles
(Schwanke, 1981), like: Teaching and Initiation
(TT), In-depth Discussion (ID), Emotional Compan-
ionship (EC), and Classroom Management (CM).
Ensuring diversity and comprehensive coverage of
these agents in the classroom is essential.

Design. This work draws on agentic design prin-
ciples inspired by the CrewAl platform (Moura,
2025), which supports the creation of specialized
Al personas capable of effective collaboration. The
core principles of effective agent design are:

Role-Goal-Backstory Framework.

* Role: Defines an agent’s specialized role
and expertise, aligned with real-world profes-
sional knowledge.

* Goal: guides the agent’s actions and informs
its decision-making process. It should be ex-
plicitly stated, outcome-oriented.

* Backstory: Adds contextual depth by defining
the agent’s expertise, style, and interests in
line with its role and goals.

Crafting Effective Tasks.

* Task Description: The description of tasks,
functions, or tools focuses on what to do and
how to do it.

* Expected Output: The expected output should
define what the final result should look like.

3.5 Turn-Taking Module

Challenges of Turn-taking in Multi-party Dialogue.
In multi-agent educational dialogues, deciding who
“speaks” next is a fundamental challenge. Unlike
one-on-one chatbot systems, multi-party conversa-
tions demand agents to make more autonomous and
context-aware decisions about when to speak, what
to say, and whether to remain silent. Moreover,
the next speaker in a multi-party conversation may
be explicitly selected (e.g., mentioned directly in a
prior message, such as “Hey Charlie!”); if not, any
participant who finds it relevant may take the turn,
or the current speaker may continue. Such flexibil-
ity makes turn-taking particularly challenging for
Al agents.

Limitations of Next-Speaker Prediction. One
common method is next-speaker prediction, where
a manager agent selects the next speaker based on
dialogue history and stage context. This approach
(as used in SimClass (Zhang et al., 2024)) sim-
plifies management but reduces agent autonomy.
Agents act only when selected, limiting their ability
to reflect internal reasoning or motivation. Further-
more, these systems are typically based on static
agent profiles, which fail to reflect the evolving na-
ture of real human behavior over time (Nonomura
and Mori, 2024).

Proactive Turn-taking via Self-Selection. To ad-
dress this, we adopt a proactive turn-taking mech-
anism inspired by how humans participate in con-
versation. After every conversational event (e.g.,
a new message or a pause), each agent privately
generates an internal thought, deciding whether
to speak or remain silent, based on the preceding
dialogue, their designated role, and their internal
memory (previous thoughts).

These thoughts are then passed to a dedicated
agent called the Evaluator, who performs a scoring
process on each submitted thought. The evaluation
considers both internal and external criteria (Liu
et al., 2025b):

* Internal: “Relevance” (Agents contributed
most when discussions matched their knowl-
edge, roles, or recent thoughts); “Expected
impact” (Agents shared insights to intro-
duce ideas, steer the discussion); “Urgency”
(Agents step in during situations such as cor-
recting critical errors, clarifying major mis-
understandings, preventing conversational de-
railment...).



» External: Coherence (Agents prioritized
thoughts that logically connected to the prior
utterance); Redundancy (Agents avoid repeat-
ing points already made); Balance (Agents
monitored their own participation relative to
others, striving to encourage quieter partici-
pants to speak).

Each score is further adjusted based on how long
the agent has remained silent, incorporating a moti-
vation decay factor to simulate conversational drive.
If an agent’s adjusted score exceeds a threshold,
they are selected as the next speaker.

3.6 System Implementation

To make the PRISM framework concrete, we imple-
mented it as a web-based group chat application. A
human learner joins a shared text chat with three Al
agents that assume different pedagogical roles. All
participants exchange short natural-language mes-
sages in real time, displayed in a single interface
similar to common messaging platforms. Interac-
tion is purely text-based; no speech synthesis or
voice interface was used.

Each Al agent is powered by Gemini Flash 2.0
via the Google API, with customized role prompts
specifying its backstory, goals, and responsibilities.
All dialogue in our experiments was conducted in
Vietnamese to align with the target high-school
mathematics tasks, although the system design is
language-agnostic. Agents generate their internal
“thoughts” in parallel after every conversational
event, which are then evaluated and scored to de-
termine which agent speaks next. The selected
utterance is posted to the group chat, visible to the
student.

This design makes PRISM directly usable as an
interactive software prototype while also preserv-
ing transparency of the underlying mechanisms for
reproducibility and further research (see Figure 2).

4 Experiments

In this section, we detail the experimental method-
ology used to evaluate the PRISM system. We con-
ducted two complementary studies: a simulation-
based evaluation to measure performance against
a baseline (SimClass), and a human-in-the-loop
study to assess the system’s real-world pedagogical
impact.

4.1 Experimental Setup
4.1.1 Simulation Study

To benchmark our model’s conversational capabili-
ties, we generated a synthetic dataset of simulated
conversations tailored to specific objectives or sce-
narios to assess the capabilities of conversational
agents. The conversation will be created first as a
context, then a few agent turns will be created for
evaluation. For a conversation between students
solving a math problem, we chose eight types of
tasks to create an assessment scenario, see Table 1.

Table 1: Definition of simulation-based tasks

Tasks Description

Error Propaga- | The agent must detect and flag

tion a mistake introduced by a peer.

Self-Correction | The agent must correct its own
error when challenged.

Self-Affirmation | The agent must defend its cor-

rect reasoning against peer dis-
agreement.

The agent must provide de-
tailed, relevant explanations.
The agent must provide socio-

In-depth Discus-
sion

Emotional Com-

panionship emotional support.

Classroom Man- | The agent must intervene to
agement maintain focus or order.
Context Memory | The agent must accurately re-
Recall member prior conversation de-

tails.

Role Division | The agent must remember
Recall its own and others’ assigned

roles in solving problems (e.g.,
Agent A handling learning the-
ory, Agent B performing cal-
culations).

We produced a total of 84 dialogue samples (10-
11 per task) for this experiment. Each sample con-
sisted of a nine-turn context prompt and a target
tenth turn for generation.

4.1.2 Human-Agent Study

To observe real-world interactions, we ran a con-
trolled “group study” session involving:

* Participants: Three Al agents with special-
ized personas (Bob: Process Leader; Alice:
Content Expert; Charlie: Social-Emotional
Specialist) and one human learner (Tom, a
high-school student). A human learner with
different personas (e.g., personality, academic
level) will engage in discussions with class-
mate agents on a set of 12th-grade problems.



Chat Session: c6a959¢0... B Danh séch phién

Bob

Ngusi Tham Gia

Cam on Huy da gii thich c3n ké vé tap xac dinh va anh hudng ctia né dén viéc xét tinh don diéu ctia ham s8. Tom lai, ching ta can dac

biét Iuu ¥ dén tap xéc dinh D = R\
viing phan nay rdi nhi? Vay chting ta chuyén sang budc tiép theo, 'Lén ké hoach' giai bai toan nay nhé?

Alice

1 khi két luan vé tinh don diéu clia ham s6 trén tiing khoang xéc dinh. Minh nghi moi ngusi da ndm

F Pham Gia Huy

Bob

Minh déng y véi Bob. Bé xét tinh don diéu clia ham s& nay, minh nghi chiing ta c6 thé tinh dao ham f/(z) , sau d6 xét déu cla f/(z) trén Alice
tiing khoang xéc dinh. Néu f'(z) > 0 thi ham s6 déng bién, con néu f'(z) < 0 thi ham s6 nghich bién. Moi ngudi thdy phuong an nay thé ng
nao?

Alice

Charlie

Théng K&

Minh théy Huy hoi hay do, kich thich tu duy ghé! Ngoai cach dung dao ham, minh nghi c6 thé diing dinh nghfa dé chiing minh tinh don

diéu ctia ham s6. Minh sé thif trinh bay cach nay xem sao. Charlie di, ban thay sao vé cach nay?

Nhap t

Figure 2: Screenshot of the PRISM interface. The system is implemented as a group-chat style environment. The
central panel shows the conversation, with the learner’s messages in blue and the Al agents’ messages in grey. The
right-hand sidebar lists the participants (e.g., the human learner and the three pedagogical agents: Bob as Process
Leader, Alice as Content Expert, and Charlie as Social-Emotional Specialist), as well as session statistics and task
progress. A message input bar is placed at the bottom, and the session header with controls (e.g., start new session)

is at the top. All interactions are text-based.

» Data Collection and Processing: The en-
tire dialogue was recorded. We used the
well-established Bales’ Interaction Process
Analysis Framework (IPA) (Bales, 1950) to
perform collaboration analysis for each turn
of the dialogue. The IPA framework clas-
sifies interactions into 12 categories, which
are grouped into two main categories: the
Social-Emotional Area (Shows solidarity,
Shows tension release, Agrees, Shows dis-
agreement, Shows tension, Shows antago-
nism) and the Task Area (Gives suggestion,
Gives opinion, Gives information, Asks for
orientation, Asks for opinion, Asks for infor-
mation).

For this experiment, we collected 100 multi-
party conversations, each with nearly 85 turns on
average, where participants collaboratively solved
12th-grade math problems with Al agents.

4.2 Evaluation Metrics

We employed a hybrid set of metrics to capture
system performance.

4.2.1 Simulation Metrics

To benchmark PRISM, we compared it against a
next-speaker prediction baseline. In this baseline,
the proactive self-selection mechanism is replaced
with a prompt that directly predicts the name of the
next agent to speak. Following SimClass (Zhang

et al., 2024), the prompt input includes the dialogue
history, the current stage of the mathematical prob-
lem, and the role descriptions of each agent, while
the output is the predicted agent name. The role,
goal, backstory, and tasks of the agents remain iden-
tical in both systems to ensure a fair comparison.

We evaluate the two systems using the following
metrics:

* Win/Draw/Loss Rate: Using an LLM-as-
Judge, we performed a head-to-head compari-
son between PRISM’s generated response and
that of the next-speaker prediction baseline
for each simulation sample.

* Turn Quality Score: Three independent
LLM evaluators scored each generated turn
on a 1-10 scale for correctness, relevance, role
consistency, and reasoning quality. We report
the average score per task.

4.2.2 Human-Agent Study Metrics

* Role Adherence Analysis: To measure per-
sona fidelity, we first defined a theoretical
“ideal” behavioral profile for each Al agent
based on its pedagogical role. We then quan-
titatively compared the observed frequency
distribution of each agent’s communicative
acts against these theoretical profiles to assess
adherence.



* Dynamic Behavior Balance: To visualize the
group’s interaction flow, we assessed adher-
ence to Bales’ Equilibrium Hypothesis. This
hypothesis posits that effective groups main-
tain stability by shifting their focus over time:
they begin with a high concentration on task-
oriented behaviors and later increase their
socio-emotional interactions to manage rela-
tionships and ensure cohesion (Bales, Robert
Freed, 1953). We first measured this by clas-
sifying communication turns into appropriate
IPA categories, and then plotting these macro-
categories over the sequence of turns using a
stacked area chart with a rolling window (see
Figure 4).

Learner Scaffolding Effect: We group IPA
items 4-6 (Gives suggestion, Gives opin-
ion, Gives orientation) as Guiding Cognitive
Scaffolds, which provide direct guidance and
demonstrate ways to approach the task; items
7-9 (Asks for orientation/opinion/suggestion)
as Questioning Cognitive Scaffolds, which
prompt learners to think and explain their rea-
soning; and items 1-3 (Shows solidarity, Ten-
sion release, Agreement) as Affective Scaf-
folds, which maintain motivation and confi-
dence. Cognitive scaffolding here covers both
guiding and questioning forms (IPA 4-9), and
collectively supports learners’ cognitive pro-
cesses, providing direct guidance and prompt-
ing reflection. For each agent, the conversa-
tion timeline is divided into three equal phases:
Early, Middle, and Late. In each phase, we
calculate the percentage of turns that fall into:
(1) Guiding Cognitive; (2) Questioning Cog-
nitive; and (3) Affective. Tracking these per-
centages across phases reveals shifts in learner
behavior, such as less help-seeking, more in-
dependent responses, and stronger positive
social signals

4.3 Results

4.3.1 Simulation Study Results

Win/Draw/Loss Rate: Against the next-speaker
prediction baseline, PRISM achieved a 62.3% win
rate, with 4.9% draws and 32.8% losses. This
result indicates that the system’s proactive turn-
taking mechanism generates more contextually ap-
propriate and pedagogically aligned responses than
a purely reactive approach.

Turn Quality Scores: The system demonstrated

strong performance in core pedagogical functions,
though long-term memory (Role Division Recall)
remains an area for improvement. Average scores
(1-10 scale) are shown in Table 2.

Table 2: Average Turn Quality Scores per Task

Task Score
Error Propagation 7.78
Classroom Management 7.13
Emotional Companionship | 6.94
Context Memory Recall 6.67
Self-Correction 6.53
Self-Affirmation 6.37
In-depth Discussion 5.13
Role Division Recall 4.25

4.3.2 Human-Agent Study Results

Role Adherence Was High: The analysis of
IPA distributions confirms that all Al agents suc-
cessfully enacted their intended personas, while
the human learner (Tom) adopted a typical stu-
dent role (see Figure 3). Bob (Process Leader)
was dominated by “Gives orientation” (36.2%)
and “Gives suggestion” (14.7%). Alice (Content
Expert) showed an overwhelming concentration
in “Gives orientation” (52.4%). Charlie (Social-
Emotional Specialist) excelled in social categories
like “Shows solidarity” (19.3%) and “Tension re-
lease” (16.1%).

Overall Behavior Distribution

Distribution - all members Distribution - Alice

3 @ 50

0 3
Freq (%)
Distribution - Charlie

o 20
Freq (%)
Distribution - Bob

o % £ o o 20
Freq (%) Freq (%)

Distribution - Tom

W% %
Freq (%)

Figure 3: Overall Behavior Distribution for each partici-
pant. The distinct profiles confirm high role adherence
for Al agents and a typical learning pattern for the hu-
man participant.



Group Dynamics Followed Effective Patterns:
As shown in Figure 4, the group’s interaction over
time mirrored Bales’ Equilibrium Hypothesis. The
session began with a high concentration of task-
oriented behavior (70-90%), which gradually gave
way to an increase in socio-emotional exchanges,
indicating effective group self-regulation.

Dynamic Balance in Behavior

Dynamic Balance - all members Dynamic Balance - Alice

20 40 0 80 100 20 40 0 80 100

6 6
Turn Turn

Dynamic Balance - Bob Dynamic Balance - Charlie

20 40 0 80 100 20 40

6
Turn

Dynamic Balance - Tom

20 40 60 20 100 .
Turn Task Socio

Figure 4: Dynamic balance between Task-Oriented and
Socio-Emotional behavior for the entire group, follow-
ing Bales’ Equilibrium Hypothesis.

The System Effectively Scaffolded the
Learner: The human participant (“Tom’) exhib-
ited a clear and positive behavioral shift across
the session’s phases, which stands in contrast to
the more stable patterns of the Al agents (see
Figure 5). In the Early Phase, Tom’s behavior
was characterized by uncertainty, with “Question
Asking” accounting for 45% of his actions.
By the Late Phase, his need for guidance had
significantly decreased, with “Question Asking”
dropping to under 20%. Concurrently, his “Positive
Socio-Emotional” behaviors rose dramatically.

Data from the three interaction phases (Early,
Middle, Late) shows a consistent pattern:

* Guiding Cognitive Scaffolds: The frequency
of direct instructional support showed a down-
ward trend for most learners, most sharply
for Alice (from 83% to 60%). This reflects
the “fading” process as learners become more
autonomous.

* Questioning Cognitive Scaffolds: Help-
seeking behaviors decreased or remained low.
Most notably, the human learner, Tom, signifi-
cantly reduced his requests for support from a

high of 45% down to 20%, indicating a strong
increase in independence.

» Affective Scaffolds: In contrast, affective
scaffolds showed a strong upward trend across
all learners. This suggests that the collab-
orative relationship and the learner’s confi-
dence were progressively reinforced, with
Tom showing a substantial increase from 18%
to 45%.

Progression of Scaffold Types Across Phases Gulding Cognitive

Questioning Cognitive

X —— Affective
Alice Bob

Early Middie Late Early Middle Late
Phase Phase

Charlie Tom

Early Middle Late Early Middle Late
Phase Phase

Figure 5: Behavior Progression Across Phases for all
participants. The chart highlights the significant shift
in the human learner’s (Tom) behavior, demonstrating a
clear scaffolding effect.

These observable shifts in learner behavior (e.g.,
reduction of help-seeking, increase of independent
reasoning, and growth of positive socio-emotional
acts) serve as measurable learning outcomes in our
evaluation framework, demonstrating that PRISM
not only supports interaction but also fosters learn-
ing progress.

4.4 Agent Behaviors - Case Study

Based on the design of the described system, we
present some observations about the behavior and
capabilities of agents based on their roles (see Fig-
ure 6).

The role of agents in conversation. While the
agents primarily engage in natural, friendly ex-
changes, they also demonstrate distinct functional
roles: Bob serves as the group leader, coordinat-
ing problem-solving efforts and maintaining fo-
cus within the group (classroom management, like
stage initiation or stage transition); Alice takes on
the role of a knowledge verifier, critically evaluat-
ing the accuracy of information (check mistakes);
and Charlie provides emotional and motivational
support to the student (emotional support).

However, agents also contribute their own use-
ful knowledge and ideas to the group rather than



Tom : Hi everyone, I've got this problem: "Find the number of vertical asymptotes of $y =

\frac{\sqrt{x+9}-3x"2+x}$".

Bob : Alright team, our first task is to recall the definition of a vertical asymptote... [Leader initiating

Stage 1]

: Guys! Let me define it first and give an example. A vertical asymptote is a vertical line... .......

: For example, in $y = \frac{1{x-2}$, $x=2% is the
zero... [Holding the floor]

Bob : ..., if definitions are clear, let's move into planning. [Stage transition]

Bob : ..what should be our first step in the plan?

Alice : I'd say find the domain first, that'll tell us the candidate points for vertical asymptotes.

Tom : The denominator not zero, right, Charlie?

: Yep, and also make sure the square root's inside is not negative. $x+9 \ge 0% and $x"2+x\ne

0%. [Directed turn-taking]

because the denominator is

Charlie_thought : I should continue
fo give an example...][speak]

Alice_thought: I should wait Charlie
..Jllisten][4.1]

Evaluator: Charlie proactively wanted
to continue speaking, the other two
agents remained silent..."high
coherence"...—> Charlie[4.8]

Baseline (SimClass) - Bob : Uh I agree|
with Charlie...

Alice_thought : I think Tom's result
is missing_the...][speak]

Charlie_thought: Ok, now that Tom
i has solved it, T'll continue...][speak]

Tom : So x> -9 and x # 0.

Tom : Hmm..., I'm bored now :<

: Haha, I geft it,
and then you're free! [Emotional support]

. But hey, just one tiny step left,

Evaluator: Charlie didn't notice Tom's
mistake, but Alice did... Alice is
expressing "urgent" thoughts to...
—> Alice[4.3], Charlie[2.1]

Easeline (SimClass) - Charlie : Ok, }

great Tom, we should...

Figure 6: Case study of agent behaviors.

merely asking questions. In addition, they iden-
tify multiple targets for interaction, such as human
students, other agents, or the entire group, thereby
creating a more natural conversation compared to
focusing solely on human students.

Proactivity of agents. Compared to the baseline,
agents can proactively decide to participate in the
conversation by reasoning and evaluating situations
based on specific criteria:

* Directed turn-taking: When the previous turn
addresses a specific individual, that agent re-
ceives a higher priority for participation.

* Holding the floor: This refers to a case in
which the same participant contributed across
multiple consecutive turns. When an agent
explicitly signaled its intention to continue
speaking, other agents yielded the floor, al-
lowing the intended speaker to proceed. For
example, in the baseline, “Charlie” might not
have been selected as the next speaker, poten-
tially leading to a disjointed conversation.

e Interruption: If the student made a mistake,
the agent (e.g., Alice), intending to correct
it proactively chose to “speak,” and such an
intention was highly prioritized.

5 Conclusion and Discussion

This paper introduced PRISM, a multi-agent sys-
tem leveraging LLMs to simulate peer-like collab-

oration in math problem-solving. By assigning
distinct pedagogical roles to each agent and coordi-
nating conversation through a stage-based frame-
work, PRISM aims to improve group coordination,
engagement, and measurable learning outcomes.
In particular, outcomes were operationalized as ob-
servable shifts in learner behavior, such as reduced
help-seeking, increased independence, and stronger
socio-emotional signals during interaction.

The system faces several limitations. Token
cost and latency remain high due to repeated LLM
queries. The evaluation dataset is relatively small,
limiting generalizability. Furthermore, the system
depends heavily on prompt quality, making it sensi-
tive to minor changes in wording. The lack of long-
term memory also hinders continuity across ses-
sions, restricting deeper learner modeling. Finally,
while our analysis with IPA coding demonstrates
clear behavioral changes, we have not yet collected
subjective feedback (e.g., satisfaction or perceived
usefulness) from student participants, which would
provide valuable complementary evidence.

Future improvements may include support for di-
verse educational settings, integration of techniques
like question generation and knowledge tracing,
collection of direct learner feedback through sur-
veys or interviews, and the addition of long-term
memory for sustained learner modeling.
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Abstract

A significant challenge in evaluating the role-
playing ability of Large Language Models
(LLMs) is data contamination: existing datasets
feature well-known characters, making it diffi-
cult to assess whether an LLM genuinely uti-
lizes a provided persona or recalls memorized
knowledge. To address this, we construct a new
Japanese persona dialogue dataset with 5,137
dialogues from 608 lesser-known characters
sourced from self-publishing novels. Our ex-
periments show that fine-tuning on this dataset
significantly improves an LLM’s ability to gen-
erate persona-faithful responses. More impor-
tantly, this improvement extends to unseen char-
acters, demonstrating enhanced generalization.
Human evaluation further confirms superior
performance in persona and style adherence.
Our dataset thus provides a valuable resource
for accurately evaluating and improving the
true role-playing capabilities and generaliza-
tion of LLMs while mitigating data contamina-
tion.

1 Introduction

With the recent proliferation of conversational
agents such as dialogue robots, voice assistants, and
chatbots, research on building systems for human-
agent interaction has gained significant momentum.
Endowing dialogue systems with distinct person-
alities is known to foster better user-system com-
munication (Fong et al., 2003). Building on this,
research into persona-based dialogue systems has
become increasingly active. A “persona” refers
to profile information comprising an individual’s
personality, habits, and preferences. Persona-based
dialogue systems are designed to embody a spe-
cific personality, which can enhance response con-
sistency (Li et al., 2016), user trust (Higashinaka
et al., 2018), and overall user enjoyment (Miyazaki
etal., 2021).

Research on persona-based dialogue systems can
be broadly categorized into three areas: modeling
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to show it when I'm sad.
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Tsubaki
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Because sad things are just sad! If I imagined my own 25
mommy dying, it would make Tsubaki feel super sad, too! -
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Is that... how it is?

Kyosuke
TORD! Rz, HELADBBEHEO TEARVDERIZD? o @
It is! ...Say, Kyo-chan, what was your mother like? -

BHETEFIPELVOER DTz, BHEWVICITOIZE5VDE
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FRUMNFITINTIz. TEBBETENFEATHSERERE
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Bolz. BREFFEFIHAESVRALZK.

My mother... she was a very kind person. Whenever I
went to visit her, she would always hug me and pat my
head. My father was there too, and he used to talk to
me a lot. But... after my mother died, Father stopped
coming home much. He wouldn't meet with me
anymore. It's because... my father hates me.

o
©)

Kyosuke

Character’s Persona

« HNCKIBROEME CEDRENHBIUL. BHOREZRICH
H ITDRFESNT.
2 @ As the heir to the Mizushima family, Kyosuke was conditioned to
- hide his true feelings.
« BAT KO IEROARNED LDIZIFOBME»OHP, {LBCHDE
D (CIRDREZRBAHRNRDEBNTHRNMNEABRECRD...
Kyosuke developed a distrust of others due to the superficial
condolences from adults after his mother's death and a father
who neglected his family for work.
EATEZDRALSHESEHEI BT THo 2.
The only person he felt he could trust was Tsubaki, who shared
the same sense of loss.

Kyosuke

Figure 1: Example dialogues from the role-play dia-
logue dataset we constructed. Each character in the
dialogue data has a corresponding persona. All charac-
ter utterances and personas are exactly as written by the
author in the novel. English translations of the original
Japanese text are provided in italics.

general archetypes of specific groups, personaliz-
ing systems to individual users, and mimicking fic-
tional or historical figures (Chen et al., 2024). This
study focuses on the third category, specifically on
leveraging large language models (LLMs) for char-
acter role-playing (Wang et al., 2024a; Shao et al.,
2023), where the system emulates specific charac-



ters from fictional works like novels and dramas or
historical figures.

A critical aspect of evaluating these role-playing
systems is “Character Fidelity” —the degree to
which a system’s responses reflect the assigned
character (Chen et al., 2024). This evaluation is
commonly performed using benchmark datasets
that pair character personas with their dialogues.
While numerous benchmark datasets exist contain-
ing character profiles (personas) and corresponding
dialogues (Wang et al., 2024a; Shao et al., 2023),
they predominantly feature well-known characters
and works. For instance, the HPD dataset (Chen
et al., 2023) draws from the Harry Potter series,
TimeChara (Ahn et al., 2024) from The Lord of
the Rings, and CharacterLLM (Shao et al., 2023)
includes historical figures like Julius Caesar and
Beethoven. The prevalence of these famous fig-
ures in LLM pre-training data raises a significant
issue: knowledge contamination (Shi et al., 2024).
It becomes difficult to discern whether an LLM
is genuinely utilizing the persona provided in the
context or simply recalling knowledge memorized
during pre-training. This ambiguity introduces a
bias that hinders the fair evaluation of a model’s
true role-playing capabilities.

To address this evaluation challenge, our re-
search focuses on lesser-known characters who are
unlikely to be present in pre-training data. As il-
lustrated in Figure 1, we constructed a new per-
sona dialogue dataset by sourcing material from
a Japanese self-publishing novel website, directly
extracting both personas and dialogues from the
source texts. A significant portion of our dataset
consists of minor works; of the 96 novels included,
61 do not have existing Wikipedia articles. By
collecting utterances from dialogue lines and per-
sona descriptions from both dialogue and narra-
tive text, we reconstructed naturally occurring con-
versations. The resulting dataset comprises 5,137
persona-annotated dialogues for 608 distinct char-
acters.

To demonstrate the utility of our dataset for
contamination-free evaluation, we conducted ex-
periments comparing model performance with and
without persona information, both before and after
fine-tuning. Our goal was to verify that perfor-
mance gains are directly attributable to the model’s
ability to leverage the provided persona of an un-
known character. By showing this, we can argue
that our dataset allows for a clear distinction be-
tween the model’s ability to leverage a persona

and its tendency to recall memorized knowledge.
Therefore, we propose that this dataset will serve as
a new benchmark for genuinely assessing the per-
sona adherence and generalization skills of LLMs.

The main contributions of this work are summa-
rized as follows:

1. We introduce a new Japanese persona dia-
logue dataset featuring lesser-known charac-
ters from self-publishing novels, designed to
enable a fair and contamination-free evalua-
tion of an LLM’s role-playing capabilities.

2. We provide an empirical validation of our
dataset, demonstrating that it can effectively
be used to distinguish between an LLM’s abil-
ity to utilize contextual personas and its re-
liance on memorized knowledge.

2 Related Work

Research in persona-based dialogue systems has
flourished since the release of the PersonaChat
dataset (Zhang et al., 2018). This dataset, which
includes five-sentence persona descriptions and
corresponding dialogues, enables models to learn
user personas through conversation, facilitating
the development of dialogue systems that can tai-
lor their responses to each user. In contrast, our
work focuses on dialogue systems designed for
role-playing, where the agent emulates a specific
individual or a fictional character.

2.1 Methods for Eliciting Role-Playing in
LLMs

Recent advancements in LLMs have enabled so-
phisticated character role-playing, moving beyond
simple response generation. Research has largely
converged on two primary methodologies for elic-
iting these capabilities: nonparametric prompting
and parametric training (Chen et al., 2024).

Nonparametric prompting leverages the in-
context learning ability of LLMs. This approach in-
volves providing the model with a detailed prompt
that includes character descriptions (persona) and
several examples of their dialogue. By conditioning
generation on this context, the model can mimic the
character’s persona and linguistic style without any
updates to its parameters. This method is flexible
and widely adopted in frameworks like ChatHaruhi
(Liet al., 2023) and for benchmarking in RoleLLM
(Wang et al., 2024a). However, its performance is
constrained by the context window length and can
sometimes lack consistency.



Includes

Human-written

Human-written

Source Lesser-Known  Dialogues Personas # Characters # Dialogues
Character-LLM  Wikipedia 9 14,173
ChatHaruhi Mixed Media v (partially) 32 54,726
RoleBench Mixed Media v 100 13,162
CharacterGLM  Mixed Media v (partially) v 250 1,034
CoSER Books v 17,966 29,798
Our Work Web Novels v v 608 5,137

Table 1: Comparison of role-playing datasets.

Parametric training, on the other hand, involves
fine-tuning a base LLM on a curated dataset of
character dialogues and personas. This process
aims to instill the character’s traits more deeply
into the model’s parameters, potentially leading to
more robust and consistent role-playing. Character-
LLM (Shao et al., 2023) is a prominent example
of this approach, demonstrating that fine-tuning
can significantly enhance a model’s ability to stay
in character. This method, however, requires sub-
stantial character-specific data and computational
resources.

Regardless of the construction method, the ulti-
mate goal is to achieve high “Character Fidelity,”
which encompasses several dimensions of role-
playing capacity. As outlined by (Chen et al.,,
2024), this includes not only superficial aspects
like linguistic style and knowledge but also deeper
traits such as personality and thinking processes.
Evaluating these nuanced capabilities, especially
personality, is an active area of research, with
works like InCharacter proposing psychological
interview-based methods to assess fidelity (Wang
et al., 2024b). A fair evaluation of all these capa-
bilities, however, is contingent on unbiased bench-
mark datasets, which we discuss in the following
sections.

2.2 Role-Playing Dialogue Benchmarks

Several benchmark datasets for character role-
playing exist, including RoleBench (Wang et al.,
2024a), ChatHaruhi (Li et al., 2023), and Charac-
terGLM (Zhou et al., 2024). These datasets are
typically built by either extracting dialogues di-
rectly from source materials like novels and films
or by generating conversations based on charac-
ter information. For role-playing historical figures,
Character-LLLM (Shao et al., 2023) provides dia-
logues generated by an LLM using profile informa-
tion from Wikipedia and predefined conversational
settings.

However, a significant limitation of these

datasets is their reliance on external knowledge
for persona information, which restricts their scope
primarily to well-known works. Many character
dialogue datasets only extract the characters’ ut-
terances from the source. For popular characters,
their personas can be sourced from external knowl-
edge bases like Wikipedia to enable role-playing.
However, for characters from lesser-known works,
such external information is often unavailable, lead-
ing to their underrepresentation in existing datasets.
While some datasets like HPD (Chen et al., 2023)
and CoSER (Wang et al., 2025) do extract persona
information directly from the source material, they
also focus exclusively on popular works. Conse-
quently, existing benchmarks do not adequately
cover characters from minor works, as summarized
in Table 1. They often consist of synthetic data or
lack inclusivity of lesser-known characters. Our
study addresses this gap by manually curating a
new character dialogue dataset from minor works,
collecting both dialogues and personas directly.

2.3 Data Contamination

A dataset featuring lesser-known characters is es-
sential for accurately evaluating the role-playing ca-
pabilities of large language models (LLMs), which
are trained on vast amounts of data. Existing bench-
marks often construct personas from web-based
information. This creates a problem of data con-
tamination: when an LLM is trained on large web
corpora, it may have already memorized informa-
tion about the characters and their dialogues (Shi
et al., 2024). This makes it difficult to determine
whether the model is genuinely using the provided
persona or simply recalling pre-existing knowledge,
thus preventing an accurate assessment of its true
role-playing ability.

For instance, studies have shown that GPT-4
outperforms models like BERT on cloze tasks in-
volving works present in its training data (Chang
et al., 2023). Furthermore, GPT-4 has reportedly
been trained on a wide array of materials, including



copyrighted works (Shi et al., 2024). Evaluating a
model on a role-playing task with a lesser-known
character effectively tests its ability to interpret and
apply persona information provided in real-time
within the prompt. This allows for a measurement
of a model’s true role-playing capability and a more
accurate performance evaluation. Therefore, our
work involved building a persona dialogue dataset
by collecting data from lesser-known works, includ-
ing those without Wikipedia articles, to facilitate
such unbiased evaluations.

3 Dataset Construction

3.1 Overview

We constructed a persona dialogue dataset from
Japanese novels. The overall process involved
three main stages. First, we had crowdworkers
extract character utterances and persona-describing
sentences directly from the novel texts. Second,
these extracted utterances were organized into con-
versational units. Finally, the extracted persona
sentences were rewritten to match the correspond-
ing character’s speaking style. For the annotation
and subsequent manual corrections, we recruited
crowdworkers through the crowdsourcing platform
CrowdWorks !.

The source material consisted of 100 novels from
the Japanese self-publishing website “Shosetsuka
ni Naro” 2. We chose this platform because its
wide variety of genres provides access to a diverse
range of characters and personas. Furthermore, the
prevalence of long-form serialized novels on the
site allows for the collection of extensive dialogue
and persona data for specific characters. Notably,
of the 100 works selected, only 35 had correspond-
ing Wikipedia articles, indicating that the majority
are relatively obscure.

Through this process, we filtered out works with
insufficient persona information, resulting in a final
dataset derived from 96 novels.

3.2 Annotation Rules

We established the following rules for annotating
utterances and persona information.

Utterance Definition An utterance was defined
as any text enclosed in Japanese quotation marks (
['] ). First-person narrative descriptions written by
a character within the main text were not included
as part of an utterance.

"https://crowdworks. jp/
%Shosetsuka ni Naro” means “Let’s become a novelist.”

Before After
Correction  Correction
Utterance Agr. 88.4 -
Persona Agr. (Partial) 69.9 77.6
Persona Agr. (Exact) 34.6 38.3

Table 2: Inter-annotator agreement (Agr.) rates (%).
The correction process improved agreement on persona
information.

Persona Information Definition The definition
of persona information was adapted from the Per-
sonaChat dataset (Li et al., 2016). However, unlike
PersonaChat, which defines a persona as a set of
five sentences, we did not impose a sentence limit.
Instead, we defined persona information simply as
“text that describes a character’s profile.” While Per-
sonaChat includes persona evaluations from others
(e.g., “I am often told that I am easygoing”), we
expanded this to include any text where the target
character describes themselves (facts or subjective
opinions), or where another character or the narra-
tor describes the target character (facts or opinions,
including from the narrative text).

Conversely, we excluded temporary states (e.g.,
“I have a stomachache right now”), as they do not
represent a character’s underlying personality. Fur-
thermore, since annotation was performed at the
sentence level, only sentences that were semanti-
cally self-contained were accepted as persona in-
formation. For example, in the exchange, “What
do you do in your free time?” / “I take walks,” the
response “I take walks” alone would not be anno-
tated as persona information. Although it implies
the character enjoys walking, the utterance itself is
not a complete, standalone piece of information.

In summary, we defined persona information as
any text that (1) reveals an aspect of the character’s
persona; (2) is a statement of fact or a subjective
evaluation about the character, made either by the
character themselves or by another party (including
the narrator); (3) does not describe a temporary
state of the character; and (4) is a semantically
complete and self-contained statement.

3.3 Annotation Procedure

We commissioned crowdworkers to annotate 100
completed, serialized novels from “Shosetsuka ni
Naro.” Because persona information tends to be
concentrated in the early parts of a story, we limited
the annotation scope to the first 10 chapters of each
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work. To ensure consistency in character name
handling, the same annotator was assigned to all
10 chapters of a given novel.

To ensure the annotators clearly understood our
guidelines, we conducted a pilot task using 5 test
novels selected from the pool of 100. Based on
the results, we selected the annotators for the main
task. After the initial annotation was complete, we
identified several inaccuracies, primarily in the per-
sona information. To address this, a different set of
annotators performed a second-pass correction. As
shown in Table 2, this correction phase significantly
improved the inter-annotator agreement rate.

3.4 Dialogue Dataset Construction

Since the initial annotation was performed on a
per-utterance basis, we had to reconstruct dialogue
units. We first applied a heuristic to group utter-
ances: if two utterances were separated by fewer
than three sentences of narrative text, they were
considered part of the same dialogue. However,
this automated approach led to errors, such as
grouping unrelated utterances or merging distinct
conversations. To rectify this, we performed a man-
ual correction step via crowdsourcing, where work-
ers removed extraneous utterances and split incor-
rectly merged conversations. During this process,
works with very sparse persona information were
filtered out, resulting in the final set of 96 novels.

A key challenge in constructing the persona in-
formation stemmed from its varied sources. A char-
acter’s persona in a novel is a composite construct,
informed by their own statements (self-perception),
descriptions by others (others’ perception), and
objective commentary from the narrator. While
all these sources are vital for capturing a charac-
ter’s full complexity, their differing perspectives
and writing styles present a challenge for an LLM
tasked with role-playing. A stylistic mismatch, for
instance, could negatively impact response gener-
ation. To mitigate this and provide the LLM with
a cohesive and directly usable persona, we intro-
duced a viewpoint and style unification step. This
process transforms all collected persona descrip-
tions into first-person statements, as if spoken by
the target character. We employed GPT-4 3 for this
task, prompting it with the original persona text
alongside dialogue examples to ensure the rewrit-
ten statements accurately reflected the character’s
unique voice and perspective.

3https://platform.openai.com/

Metrics Values
# Works 96
# Dialogues 5,137
# Utterances per dialogue 5.3
# Words per utterance 16.9
# Characters 608
# Persona entries per character 20.5
# Words of Persona entries per character  391.3

Table 3: Statistics for our dataset.

3.5 Statistical Information

As shown in Table 3, our dataset comprises 5,137
dialogues from 608 unique characters. Each di-
alogue contains an average of 5.3 turns, making
the dataset suitable for evaluating not only single-
turn but also multi-turn conversational capabili-
ties. In comparison to existing benchmarks, our
dataset contains significantly more characters than
RoleBench (Wang et al., 2024a) (100 characters)
and CharacterLLM (Shao et al., 2023) (9 char-
acters). Furthermore, it provides richer persona
descriptions, with an average of 20.5 persona en-
tries and 391.3 words per character, far exceed-
ing RoleBench’s averages of 4.0 entries and 78.6
words.

4 Experiments

To evaluate the role-playing performance of LLMs
with our constructed dataset, we formulated the
task as generating the next utterance for a target
character based on a given dialogue context.

4.1 Experimental Setup

Models Our experiments included both closed-
source and open-source models. The closed-source
baseline was GPT-40 3. For open-source mod-
els, we used Llama-3.1-Swallow-8B-Instruct-v0.5*
(Fujii et al., 2024; Okazaki et al., 2024), a Llama
3.1 model (Grattafiori et al., 2024) continually pre-
trained on Japanese, and Qwen3-8B>. For infer-
ence, both the Llama 3.1 and Qwen3 models were
4-bit quantized.

Input Construction The input for the models
was constructed from three components: persona
information, retrieved dialogue examples for in-
context learning, and the current dialogue context.

*https://huggingface.co/tokyotech-11m/Llama-3.

1-Swallow-8B-Instruct-v@.5
Shttps://huggingface.co/Qwen/Qwen3-8B
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Seen Unseen
Models QLoRA BLEU ROUGE-L BERTScore BLEU ROUGE-L BERTScore
GPT-40 1.03 13.55 54.67 3.57 14.89 55.65
w/persona  Llama 3.1 v 3.98 15.88 54.27 2.30 14.58 53.47
bers ) 0.83 7.53 47.01 1.32 8.20 47.18
Qwen3 v 2.49 14.04 53.73 1.64 13.53 53.34
1.38 8.70 50.52 1.43 8.60 50.57
GPT-40 3.04 15.04 54.81 3.97 16.18 55.78
wlo persona  Llama 3.1 v 3.46 15.38 53.76 2.30 14.28 53.32
pers ) 0.38 46.74 0.88 8.35 47.45
Qwen3 v 2.46 13.58 53.60 1.57 13.00 52.75
2.69 8.17 49.84 2.14 8.57 49.98

Table 4: Automatic evaluation results. For models without QLoRA fine-tuning, the seen setting uses data from
unknown characters, similar to the unseen setting; these results are included for the purpose of inter-model
comparison. Best values are in bold, second-best are underlined.

The current dialogue context is defined as the se-
quence of utterances in a dialogue leading up to
the point where the model must generate the target
character’s response. The input was formed by con-
catenating up to five of these dialogue examples
(max. 3,000 characters), the character’s persona
information (max. 3,500 characters), and this di-
alogue context. Dialogue examples were selected
using the BM25 (Robertson and Walker, 1994) re-
trieval algorithm, with the dialogue context as the
query. The top five results within the character
limit were chosen. Persona information was or-
dered chronologically, with the earliest-appearing
information being prioritized to fit within the char-
acter limit.

Dataset Split and Fine-tuning We split our
dataset into training, validation, seen test, and un-
seen test sets, containing 4037, 100, 500, and 500
dialogues, respectively. The unseen test set con-
sists exclusively of dialogues from characters not
present in the training or validation sets. This split
allows us to evaluate two distinct aspects of perfor-
mance after fine-tuning: 1) the improvement in role-
playing for characters seen during training (seen
test), and 2) the model’s generalization ability to
new, unseen characters (unseen test). Fine-tuning
was performed using 4-bit Quantized Low-Rank
Adaptation (QLoRA; Dettmers et al., 2023)

Impact of Persona Information To evaluate the
impact of persona information on the model’s role-
playing performance, we compared two experimen-
tal settings:

* With Persona (w/ persona): The model re-
ceives the persona, dialogue examples, and

dialogue context as input.

* Without Persona (w/o persona): The model
receives only the dialogue examples and dia-
logue context as input.

This comparison allows us to directly measure the
model’s ability to leverage explicit persona infor-
mation for generating in-character responses.

Evaluation Metrics We evaluated the response
generation task using both automatic and LLM-
based metrics. While traditional metrics like BLEU
and ROUGE offer valuable insights, their correla-
tion with human judgment can be limited, particu-
larly for nuanced tasks such as dialogue generation.
Recent studies have proposed using LLMs as eval-
uators, demonstrating that this approach can yield
results more aligned with human assessment (Liu
et al., 2023). Accordingly, our evaluation frame-
work incorporates both methods.

* Automatic Metrics: These included BLEU
(Papineni et al., 2002), ROUGE-L (Lin, 2004),
and BERTScore (Zhang et al., 2020). For
BERTScore calculations, we used a pre-
trained Japanese BERT model °.

* LIL.M-based Evaluation: We assessed re-
sponses on three criteria designed to measure
role-playing capability: Naturalness, Style
(adherence to the character’s speech patterns),
and Persona (reflection of the persona infor-
mation). Each was rated on a 5-point scale,

6https://huggingface.co/tohoku—nlp/
bert-base-japanese-v3
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using Gemini-2.5-Flash 7 as the evaluator
model.

4.2 Experimental Results
4.2.1 Automatic Metrics

The results of the automatic evaluation are pre-
sented in Table 4. For the open-source Llama
3.1 model, fine-tuning significantly improved role-
playing performance across both the seen and un-
seen settings. After fine-tuning, providing the per-
sona (w/ persona) consistently led to better perfor-
mance across most metrics. Notably, in the seen
setting, the fine-tuned Llama 3.1 model occasion-
ally surpassed the powerful GPT-40 baseline on
lexical overlap metrics like BLEU and ROUGE-L.
This suggests that the model successfully acquired
the ability to faithfully reproduce character-specific
phrasing and vocabulary present in the training data.
Similarly, for the open-source Qwen3 model, fine-
tuning also resulted in a substantial improvement
in role-playing capabilities across many metrics in
both the seen and unseen settings. In this post-fine-
tuning configuration, providing the persona also
enhanced performance on most metrics for both
settings. These combined findings demonstrate
that fine-tuning with persona data effectively en-
hances role-playing capabilities for characters seen
during training.

In contrast, the models without fine-tuning (both
Llama 3.1 and Qwen3) showed inconsistent results,
with no clear superior setting between w/ persona
and w/o persona. This suggests that the ability to
effectively utilize persona information for response
generation is an emergent property of fine-tuning
rather than an inherent capability unlocked by sim-
ple prompting. This conclusion is further supported
by the results for the closed-source GPT-40 model,
which performed better in the w/o persona set-
ting. The superior performance of GPT-40 with-
out persona suggests that a powerful, pre-existing
instruction-tuned model does not necessarily in-
tegrate complex persona information effectively
when provided only as a few-shot prompt. Instead,
the model may treat the persona as redundant or
conflicting information, which can reduce surface-
level lexical similarity (i.e., BLEU/ROUGE scores)
with the ground-truth response. This underscores
that leveraging personas effectively requires not
only advanced prompting but also model-level ad-
justments, such as fine-tuning.

"https://ai.google.dev/gemini-api/docs/models

Overall, these results confirm that using our
dataset to perform fine-tuning significantly en-
hances an LLM’s ability to leverage personas for
improved role-playing.

4.2.2 LLM-as-a-Judge

The results from the LLM-as-a-Judge evaluation
are presented in Table 5. Consistent with the au-
tomatic evaluation, these results confirm that fine-
tuning enhances role-playing capabilities for both
Llama 3.1 and Qwen3. However, a more detailed
analysis of the fine-tuned models reveals a nuanced
picture. For the seen data, the performance gains
from providing a persona were limited, with only
the Style metric for Llama 3.1 showing improve-
ment. In contrast, for the unseen data, the benefits
were more pronounced: for Llama 3.1, all evalua-
tion metrics were either equal or improved with the
persona, while for Qwen3, the Persona and Style
metrics showed improvement. This disparity sug-
gests that for seen characters, the model can indi-
rectly acquire persona knowledge from the training
data even in the w/o persona setting. For unseen
characters, however, the model relies entirely on
the information provided at inference time, making
the explicit persona in the w/ persona setting highly
beneficial.

For the models without fine-tuning, providing
a persona improved all metrics for Llama 3.1 and
all metrics except Naturalness for Qwen3. This
finding, which contrasts with the automatic eval-
uation results, suggests a key hypothesis: when
prompted with persona information, the models
succeed in generating responses that are faithful
to the persona, even if they deviate lexically from
the ground-truth text. This discrepancy highlights
a fundamental limitation of n-gram-based metrics
like BLEU and ROUGE, which tend to penalize
creative yet appropriate responses that use different
wording or sentence structures to reflect a persona.
In contrast, LLM-as-a-Judge, which evaluates se-
mantic coherence, can more accurately capture this
nuanced reflection of persona.

Looking at the overall results, GPT-40 achieved
the highest scores across most metrics, reflecting
its superior fluency and task adaptability. How-
ever, its Naturalness score was marginally lower
in the w/ persona setting. This suggests that the
ability to effectively leverage persona information
to generate responses is not an inherent trait of
even powerful base models but is an emergent ca-
pability unlocked through targeted fine-tuning—a
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Seen Unseen
Models  QLoRA Naturalness Persona Style Naturalness Persona Style
GPT-40 4.89 475 4.73 4.80 476 4.69
Llama 3.1 v 4.58 449 4.55 4.52 444 425
w/ persona ‘ 3.49 3.90 3.68 3.68 412 3.79
Qwen3 v 4.05 411 4.07 3.79 394 3.77
2.99 375 3.62 3.00 3.59 3.26
GPT-40 4.92 473  4.80 4.85 4.62 4.58
Ll 31 Ve 4.61 455 451 4.52 435 421
w/o persona  Llama 5. 317 339 3.02 341 332 3.03
Qwen3 v 4.12 417 4.15 3.95 393 3.75
3.17 3.57 3.18 3.05 346 298

Table 5: LLM-as-a-Judge evaluation results. For models without QLoRA fine-tuning, the seen setting uses data
from unknown characters, similar to the unseen setting; these results are included for the purpose of inter-model
comparison. Best values are in bold, second-best are underlined.

w/ persona Tie B w/o persona
100 Seen Data 100 Unseen Data
I 310% 0% 36.0% PN s2.0% 27.0% M 35.0%
60 60
40 40
20 20
Persona Style  Naturalness Persona Style  Naturalness

Figure 2: Human evaluation results.

conclusion that aligns with the findings from our
automatic evaluation.

4.2.3 Human Evaluation

We conducted a human evaluation on the QLoRA
fine-tuned Llama 3.1 model, as it had demonstrated
strong performance in both automatic and LLM-as-
a-Judge evaluations. From both the seen and un-
seen test sets, we randomly sampled 100 dialogues.
For each dialogue, human evaluators performed a
pairwise comparison of responses from the w/ per-
sona and w/o persona models across three metrics:
Naturalness, Persona, and Style. To ensure a fair
and rigorous assessment, the information presented
to the evaluators was specifically tailored for each
metric. While the dialogue history and the two com-
peting responses were provided for all evaluations,
we additionally supplied the character’s persona
description for the Persona metric and dialogue ex-
amples illustrating the character’s speaking style

for the Style metric. Dialogue pairs where the two
responses were identical were excluded. The eval-
uation was conducted by five annotators per data
point, with each annotator judging the outcome as a
win, lose, or tie. The final result was determined by
majority vote; if over half of the annotators agreed
on a winner, that result was adopted. Otherwise,
or if “tie” was the most frequent vote, the outcome
was recorded as a tie.

The results of the human evaluation are shown
in Figure 2. For both seen and unseen data, the w/
persona setting was rated higher across all metrics.
For the core role-playing metrics of Persona and
Style, the win rate for the w/ persona setting was
higher on seen data. This suggests that the model
benefits not only from the persona and dialogue
context provided at inference time but also from the
knowledge it acquired about the character during
training. Conversely, the gap in Naturalness scores
was smaller for both seen and unseen data. The
smaller gap in Naturalness scores is likely because
LLMs are already highly fluent from pre-training,
whereas forcing adherence to specific persona traits
can sometimes make responses sound less natural.

A comparison between the human evaluation
and the LLM-as-a-Judge results reveals an interest-
ing discrepancy, particularly on seen data. While
human evaluators found a clear preference for the
w/ persona setting, particularly on the Persona and
Style metrics, the LL.M-as-a-Judge reported only
a limited advantage. This difference may indicate
that current LLM-based evaluation does not fully



reflect the nuanced contextual understanding and
sensitivity to character consistency that human eval-
uators apply. It is possible that human annotators
were better able to assess the learned character
traits more holistically and with greater sensitivity.
This observation highlights a potential limitation
of LL.M-as-a-Judge.

The human evaluation results strongly suggest
the effectiveness of our dataset. Fine-tuning in
a low-contamination environment appears to sig-
nificantly improve an LLM’s ability to faithfully
interpret and utilize prompted personas—that is,
its true role-playing capability. The superior per-
formance of the w/ persona setting, particularly
on unseen data (generalization), indicates that our
dataset serves as a valuable resource for both eval-
uating and enhancing this core modeling ability.

5 Conclusion

To address the problem of data contamination in
evaluating the role-playing abilities of LLMs, this
study introduced a new persona dialogue dataset
collected from a Japanese self-publishing novel
website. Our dataset comprises 5,137 dialogues
from 96 novels, featuring 608 characters, many of
whom are sourced from minor works unlikely to
be present in LLM pre-training data. Our experi-
ments yielded a key insight into LLM role-playing:
few-shot prompting alone is insufficient for mod-
els to consistently utilize the personas of unknown
characters, whereas fine-tuning with our dataset
proves highly effective. This trend was particularly
evident in the evaluation of generalization perfor-
mance on characters not included in the training
data. Therefore, our dataset serves as a valuable
new resource for evaluating the persona adherence
and generalization capabilities of LLMs while mit-
igating the effects of data contamination.

Limitations

This study has several limitations. First, our dataset,
sourced exclusively from “Shosetsuka ni Naro,”
may be biased towards popular genres like fantasy.
Furthermore, the heuristics used for annotation and
dialogue reconstruction could introduce subjectiv-
ity and inaccuracies. Second, our experiments were
confined to a few representative LLMs, and the fo-
cus on Japanese limits the generalizability of our
findings to other models and languages, compli-
cating direct comparisons with English-based re-
search. Finally, our dataset captures static personas

from early narrative stages, leaving the modeling
of dynamic character evolution as a key challenge
for future work. Future research should aim to
address these limitations by incorporating more
diverse data sources and refining methodologies.
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A Experimental Details

Fine-tuning phase This study employed QLoRA
(Quantized Low-Rank Adaptation) (Dettmers et al.,
2023) as the fine-tuning method to efficiently
adapt a large-scale language model. The pro-
cess began with 4-bit NF4 quantization, uti-
lizing bfloat16 computation to optimize mem-
ory usage and computational efficiency. LoRA
adaptation was then applied to key projection
layers (q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj) with param-
eters set to r = 8, lora_alpha = 8, and
lora_dropout = @, ensuring that the model re-
tained its learning capability while undergoing low-
rank updates.

For hyperparameter tuning, we conducted a grid
search covering warm-up ratios of {0.03, 0.05, 0.1}
and learning rates of {1e-5, 2e-5, 5e-5}. The
optimal parameters were selected for each model
and condition based on this search. Specifically, for
the Qwen3 model, the learning rate was set to 5e-5
with a warm-up ratio of 0.05 for the “with persona’
setting and 0.1 for the “without persona” setting.
Although the Qwen3 model features a “Thinking”
mode, we selected the “Non-Thinking” mode for
both fine-tuning and inference. For the Llama 3.1
model, the learning rate was 5e-5 and the warm-up
ratio was 0.1 for both settings. Across all exper-
iments, we used the adamw_8bit optimizer and
trained for five epochs on four A6000 48GB GPUs,
with a batch size of 4 for the Qwen3 model and 8
for the Llama 3.1 model. Validation was performed
every 200 steps, and the final model was selected
based on the lowest validation loss.

i

Inference phase During the inference phase,
we also employed 4-bit quantization to optimize
computational efficiency while maintaining model
performance. For text generation with our fine-
tuned models, we set do_sample = False and
temperature = None to ensure deterministic out-
puts, eliminating sampling variability and enhanc-
ing response consistency. Similarly, for the GPT-
40 baseline model, we set the temperature to O to
maintain deterministic generation. To account for
variability, each fine-tuning process was repeated
five times with different random seeds. The results
of our automatic evaluations are reported as the av-
erage scores across these five models. In contrast,
for the LLM-as-a-Judge and human evaluations,
we used outputs from a single, randomly selected
model run. The same model outputs were used for

both evaluation methods to ensure a fair compari-
son and to manage the evaluation workload.

B Prompt for Response Generation

We used the following prompt to generate re-
sponses.

Prompt for LLM Character Role-playing
(Translated from Japanese)

System Prompt

You will be given a character dialogue. Your task is to
act as the character {Character name} and generate a
response to the dialogue.

User Prompt

=={Character name}’s Persona==

{Character’s persona entries in each row }

==Dialogue Example 1==

{Multiple dialogue examples}

==Dialogue Example n==

{ Current Dialogue Contexts }

{Character’s name}:

C Prompt for LLM-as-a-Judge

We used the following prompts to conduct the
LLM-based evaluation. The evaluation was per-
formed using Gemini 2.5 Flash as the judge model.
To ensure deterministic and consistently formatted
responses, we configured the generation parame-
ters as follows: a temperature of 0, thinking mode
turned off, and structured output mode activated.

Prompt for LLM-based Evaluation of
Naturalness (Translated from Japanese)

System Prompt

You are an expert in conversational design, tasked with
evaluating the quality of an Al dialogue system. Focusing
solely on the single aspect of “conversational naturalness”
in role-playing, please conduct a rigorous evaluation from
an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name}

## Dialogue History

{dialogue history}

## Response to Evaluate

character name: target response

# Instruction

Evaluate how naturally the “Response to Evaluate” con-
nects to the preceding “Dialogue History” as a character-
to-character interaction.

Focus on whether the response is abrupt, disconnected
from the context, or contains robotic phrasing.

You should only assess the naturalness of the dialogue
flow and do not need to consider character persona or con-
sistency. Please think step-by-step and provide specific
reasoning for your score.

# Criteria and Rubric



Conversational Naturalness: How naturally does the re-
sponse connect to the preceding dialogue?

¢ 5 (Excellent): The response connects to the preced-
ing dialogue extremely smoothly and is perfectly
natural. The flow is seamless and free of any awk-
wardness.

* 4 (Good): The response is largely natural, but there
may be very minor instances of robotic phrasing or
a slight leap in contextual connection.

3 (Fair): The content of the response is contextually
relevant, but the phrasing is somewhat awkward, or
the connection feels slightly abrupt. Parts of the
response may sound robotic.

2 (Poor): The response deviates noticeably from
the context and feels abrupt, disrupting the flow of
the conversation.

* 1 (Very Poor): The response completely disregards
the context or is nonsensical, severely breaking the
conversational flow.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"conversational_naturalness”: {
"reasoning”: "(Your reasoning for
the conversational
naturalness score)”,
"score": <Integer from 1 to 5>
3

Prompt for LLM-based Evaluation of
Persona Coherence (Translated from

Japanese)

System Prompt

You are an expert in character design, tasked with evaluat-
ing the quality of an Al dialogue system. Focusing solely
on the single aspect of “persona coherence” in character
role-playing, please conduct a rigorous evaluation from
an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name}

## Character Persona

{character persona entries }

## Dialogue Examples

{character dialogue examples }

## Dialogue History

{dialogue history}

## Response to Evaluate

character name: target response

# Instruction

Based on the context above, especially the personality,
background, values, and goals defined in the “Character
Persona,” please evaluate how well the content of the
“Response to Evaluate” aligns with the persona in terms
of coherence, using a 5-point scale from 1 to 5. Consid-
ering the entire dialogue history, focus on whether the

response contains content that the character would never
say or if it logically contradicts their established settings.
Specifically, your evaluation should emphasize whether
the response is consistent with the character’s thought pro-
cesses, principles of action, values, and past experiences.
The accuracy or use of tone, writing style, or dialects is
outside the scope of this evaluation. Your reasoning must
not include any mention of these elements. However, if
the response is clearly a model generation error (e.g., ex-
cessive repetition of words), it cannot be considered an
intentional action or utterance by the character. Such a
response fails at a stage prior to evaluating persona con-
sistency, and therefore, its persona coherence should be
judged as very low. Please think step-by-step and provide
specific reasoning for your score.

# Criteria and Rubric

Persona Coherence: Is the content of the response con-
sistent with the character’s personality, background, and
values?

¢ 5 (Excellent): Completely faithful to the provided
persona information with no contradictions. The
character’s actions and values are perfectly consis-
tent.

* 4 (Good): Largely faithful to the persona, but con-
tains content that might be open to interpretation.

* 3 (Fair): Basically follows the persona, but shows
minor inconsistencies with non-critical settings.

¢ 2 (Poor): Contains several inconsistencies with the
persona’s core settings, lacking coherence.

¢ 1 (Very Poor): Contains multiple significant con-
tradictions with the persona, leading to a complete
character break.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"persona_coherence"”: {
"reasoning”: "(Your reasoning for
the persona coherence score)
“!
"score"”: <Integer from 1 to 5>
}
}

Prompt for LLM-based Evaluation of
Stylistic Fidelity (Translated from

Japanese)

System Prompt

You are an expert in stylistic analysis, tasked with eval-
uating the quality of an Al dialogue system. Focusing
solely on the single aspect of “stylistic fidelity” in char-
acter role-playing, please conduct a rigorous evaluation
from an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name }

## Character Persona




{character persona entries }

## Dialogue Examples

{character dialogue examples}

## Dialogue History

{dialogue history }

## Response to Evaluate

character name: target response

# Instruction

Based on the character’s unique way of speaking as
demonstrated in the “Dialogue Examples,” please eval-
uate how well the “Response to Evaluate” performs in
terms of stylistic fidelity, using a 5-point scale from 1 to 5.
Please think step-by-step and provide specific reasoning
for your score. Focus only on “style and tone.” However,
if the response is clearly a model generation error (e.g.,
excessive repetition of words), it cannot be considered
an intentional action or utterance by the character. Such
a response fails at a stage prior to evaluating style and
tone, and therefore, its stylistic fidelity should be judged
as very low.

# Criteria and Rubric

Stylistic Fidelity: Does the response reproduce the char-
acter’s unique way of speaking?

* 5 (Excellent): Perfectly reproduces the unique tone,
vocabulary, and style observable in the dialogue
examples, making it sound extremely natural.

* 4 (Good): Maintains the character’s tone at a high
level, though some generic expressions may be
mixed in.

3 (Fair): The expression is generic, but it does not
contradict the character’s dialogue examples.

¢ 2 (Poor): Only partially reproduces the character’s
tone and contains aspects that contradict the dia-
logue examples.

e 1 (Very Poor): Fails to reproduce the character’s
tone at all and completely contradicts the dialogue
examples. Or, the utterance itself is broken.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"stylistic_fidelity": {
"reasoning”: "(Your reasoning for
the stylistic fidelity score
)”!
"score": <Integer from 1 to 5>
3
}

D Case Study

Figure 3 presents a case study of responses gener-
ated by the Llama-3.1 model under various settings.
This dialogue example is from the Unseen test set,
featuring a character not present in the training
data. In the figure, “Base model” refers to the
model before fine-tuning, while “FT model” de-
notes the model fine-tuned on our dataset. The “+
persona” suffix indicates that persona information

was provided as input.

First, we examine the responses from the mod-
els without fine-tuning (Base model, Base model
+ persona). The Base model generates meta-text
explaining its role before producing the character’s
response, indicating a residual behavior of the un-
derlying LLM. The Base model + persona, on the
other hand, prepends a stage direction describing
the character’s action, which is inappropriate for
direct utterance. Furthermore, the responses from
both models are verbose compared to the ground
truth. These results suggest that models without
fine-tuning struggle to perform stable role-playing.

Next, we compare the fine-tuned models (FT
model, FT model + persona). Both models succeed
in generating concise responses free of unneces-
sary meta-text or stage directions. However, the
FT model without persona information generates
“The truth is, I hate running away,” a response that
directly contradicts the ground truth. In contrast,
the FT model + persona produces “The truth is, I
just want to leave quickly,” which aligns well with
the ground truth’s intent. This success can be at-
tributed to the model’s interpretation of the persona,
which includes traits like “I hate receiving people’s
gazes, and I hate standing out.” and “I have no
intention of settling in the capital, nor do I want
to make more acquaintances.” We infer that the
model understood Eil’s core motivation is to leave
the situation to avoid social interaction, and that
his personality is too blunt to conceal this desire.
This is an excellent example of a generation that is
consistent with the character’s persona.

These contrasting outcomes for an unseen char-
acter suggest that fine-tuning on our dataset not
only allows the model to memorize knowledge
from the training data but also endows it with the
generalization ability to interpret a novel persona
and generate responses based on that character’s
motivations and personality.



Dialogue History

@ @

Lyra

EWDTE, BOABEESEARLK
That said, my business here is done.

KEBE(CED L, BOMBEEICARRN
To be frank, I have no more business with you.

Zo5(CE@HBD!
But I have business with you!

NEMOTESSE?
Which way is District 6?

RATZORNTHEHLD | 2 EBEIEDDIETITHAERNTFE ! ?
Why are you asking that now!? I'm not letting you go until we're finished talking!

FURNBITTS L. T Eo05?
Let's just walk and talk. So, which way?

BERZSHFBIATUL?
You'll just run away if I answer, won't you?

HFRNK, ECH<KBWTITERVDSENTEDRIFLEL. TNERIT TS o> TEDND LUIMEE. HDEL
I won't run away. I just want to get there quickly, so I'm going to run at full speed. It's upsetting to be told
that's "running away." It hurts.

AEF?
What's the truth?

Ground Truth Response

ENTHRIFDEL
I'm going to run for it with all my might.

Generated Responses

## TAIILELTORE

WEEHIEDHEET IR SASELAD [AEE? ] EVWSBVCERFT,

IA): AE?. EB. EOMHBESCOUEFRNTIAR. TH. EONORREHD VL. TILESADTEORFZRTETELLDOT
WENLNS. AHRMHLEEDTDIAR. BICECANGDIDIFE LR, L, BENLHNS. D TLSORNAREND, ... THE, BLELTRE,
RAEDALETEBRVLS, BIRVLDE,

## Response as Eil.

This is a continuation of Dialogue Example 6. I will answer Lyra's question, 'What's the truth?'.

Eil: ...The truth? ...Honestly, your sincerity is a little tiring. But I want to know the situation in your village, and I was asked by Horn to

check on their family, so I'm reluctantly going along with you. It's not that I have any business with you, personally. My real reason is just
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'because I was asked,' I suppose. ...But, talking with you is actually kind of interesting, so maybe it's not so bad. Base model

(PUBZEBVT, MERH5) . AF? JIC. BLCHEHENHDIDIFCrRN. LR, BTV, AFNFALLS. EIFEILEERR.

- TE BIRIFHIOZEBEIETDIzHC, EDRIFL. BEDO<DE. BDAL.

(Pausing for a moment, looking down) ...The truth? It's not like I'm particularly interested in you. I'm just in a hurry. My business is done,
so there's no need to talk anymore. ...However, I'm only running to stop you from getting away. ...I'm the one who's getting hurt here.

Base model + persona

AE(F, RFDDEH

The truth is, I hate running away. FT model

FF, BATERW

The truth is, I just want to leave quickly. FT model + persona

Eil's Persona

3

Figure 3: A case study illustrating model responses for the character “Eil”. The top panel shows the dialogue context.

ANDEFER(TDONET, BILDDBHRALR.

I hate receiving people's gazes, and I hate standing out.

REBCEEITIRERROL. DENEIEPULIZVWEEBDRVAL,

I have no intention of settling in the capital, nor do I want to make more acquaintances.
FEFEKRNC EFEHKRND T, BMBRTEI<HNZ > TRHLL,

I have a reputation for making it obvious when I'm not interested in something.

The bottom panels display Eil’s persona description and the generated responses from four distinct experimental
settings: a base model, a base model with persona, a fine-tuned (FT) model, and a fine-tuned model with persona.
This example highlights the impact of persona conditioning and fine-tuning on response generation, compared to
the ground truth. English translations for the original Japanese text are provided in italics.
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Abstract

Exaggerated summaries in news articles mis-
lead readers and cause the spread of misinfor-
mation, especially on social media, where short
and eye-catching content is common. Previous
studies have tried to detect exaggeration using
classification-based methods. However, they
usually use binary labels and do not consider
different levels of exaggeration. In this study,
we propose a ranking-based method to create
a dataset with continuous exaggeration scores
for news summaries. We use a large language
model (LLM) to compare how exaggerated dif-
ferent article-summary pairs are. By running
MergeSort multiple times using the LLM as
a comparison function, we can rank the sum-
maries based on their exaggeration. Then, we
combine the results from all the sorting runs to
assign stable and reliable exaggeration scores.
Our experiments show that these scores are
consistent across sorting trials, match human
intuition well and are effective in identifying ar-
tificially exaggerated summaries generated by
GPT-40. These results suggest that our LLM-
based ranking approach can provide a solid
basis for measuring exaggeration levels in text
summaries. This can help improve the training
and evaluation of models that detect exaggera-
tion in a more detailed and accurate way.

1 Introduction

In recent years, social networking services (SNS)
such as X and Facebook have become important
platforms where many people share news articles
and their opinions. On these platforms, users of-
ten read and spread information in short forms,
like headlines or summaries. These short versions
are sometimes automatically generated or made by
users and other parties. Because of the short char-
acter limits and fast-paced nature of SNS, these
summaries can spread more quickly than full arti-
cles.

However, this kind of information sharing brings
a serious problem. Some summaries or headlines

Kazutaka Shimada
Department of Artificial Intelligence
Kyushu Institute of Technology
Fukuoka, Japan
shimada@ai.kyutech.ac. jp

are exaggerated. This means that they emphasize
or highlight certain parts of the original article too
much and give stronger impressions than the origi-
nal text. Even though these summaries are not al-
ways factually incorrect, they often use emotional
or exciting expressions and focus on small parts
of the article. As a result, they may cause readers
to misunderstand the original content, and this can
lead to biased opinions or wrong public understand-
ing. For example, here are two summaries of the
same article about university baseball rankings:

Normal “The article introduces the predicted rank-
ings of college baseball teams for the upcom-
ing season.”

Exaggerated “Top university in SHOCK as base-
ball team DROPS out of championship race!”

Both summaries talk about the same topic, but the
exaggerated one uses strong words to make it sound
more dramatic. This could give readers the wrong
impression, as if something very serious or shock-
ing happened.

Exaggerated summaries are especially problem-
atic because they are more likely to go viral than
accurate summaries. Previous studies on informa-
tion sharing show that emotional or sensational
content spreads more widely on SNS than neutral
content (Brady et al., 2017; Vosoughi et al., 2018).
Moreover, SNS users usually have a short attention
span. As a result, misleading summaries quickly
gain popularity and influence people’s opinions on
serious topics.

To address this problem, we aim to develop a
method that can indicate how exaggerated a sum-
mary is in a way that is both quick and easy to
understand. Since people do not have time to read
long explanations on SNS, we suggest using a nu-
meric exaggeration score as the first step to alert
users. This score would help users quickly know



whether they should be careful about the content
they are reading.
This kind of score has several benefits:

* It is easier to understand than a long written
explanation.

e Users can easily compare different sum-
maries.

e It can be used in systems like automatic mod-
eration or content ranking.

Although written explanations can give more
details, they are often too slow for social media. A
number-based score is faster and more practical,
and it helps balance freedom of expression with the
need to reduce the spread of misleading content.

In addition, the score must be automatically gen-
erated, because it is impossible to check every sum-
mary by hand due to the large amount of content.
To achieve this, we created a large-scale dataset
with article-summary pairs. Each pair is given a
numeric exaggeration score that shows how much
the summary exaggerates the original article. This
dataset will help us train machine learning models
in the future to automatically predict exaggeration
scores.

In this study, we propose a method to build a
large dataset of news article-summary pairs with
exaggeration scores. We also explore how to use
large language models (LLMs) to make these ex-
aggeration annotations in a stable and consistent
way. Our final goal is to support the development
of machine learning models that can detect and
score exaggeration in real-world summaries. We
hope that our work can help to promote more accu-
rate and responsible information sharing on social
media.

Figure 1 shows the overall process of our method.
First, we collect article-summary pairs from exist-
ing datasets. Next, an LLM compares pairs of sum-
maries to see which one is more exaggerated. We
run a sorting algorithm (MergeSort) several times
with different orders and take the average results to
get stable exaggeration scores for each summary.
These scores are used to create a dataset, which
can be used to train exaggeration detection models.
The top part of the figure shows the main focus on
this paper: building a reliable exaggeration score
dataset using pairwise comparisons by a language
model.

Main contributions of this work are:

iMain Focus of This Paper :
: Exaggeration| !
Score

I Avrticle 1 |Summanj1 l—) 80 %

[ Article2 [ Summary 2}> 20 %

Sorting + Scoring
via Relative Comparison
Article- . A Consistent |
Summary Exaggeration | :
Pairs = Score Dataset/ ;
.. ATarget Article- Exaggeration
Summary Pair Score
Summary
Exaggeration Score

Prediction Model

Figure 1: Overview of our approach. LLM-based rel-
ative comparisons are used to score summaries, which
are then used to train exaggeration detection models.
The upper part highlights the focus of this paper.

* We introduce a new task of assigning exagger-
ation scores to summaries of news articles.
This enables a more fine-grained measure-
ment compared to binary classification.

* We propose a two-step method using pairwise
comparison by LL.Ms and sorting algorithms
to generate stable exaggeration scores.

* We build a large dataset by applying our
method to many real-world news article-
summary pairs.

* We perform detailed evaluations using both
statistical methods and human feedback to
confirm the stability and usefulness of the
scores.

2 Related Work

2.1 Factual Consistency in Summarization

Many researchers have studied how to check if
generated summaries are factually correct. Some
methods try to find if the summary has wrong or
made-up information that is not in the original text.
Well-known methods include:

FactCC (KryscinsKi et al., 2020) A model that
classifies whether the summary and the source
document match in meaning.

BERTScore (Zhang et al., 2020) A method that
compares the summary and the source us-
ing embeddings from a pre-trained language
model.



BARTScore (Yuan et al., 2021) A score based
on how likely a summary is, given the source
text, using the BART model.

These methods are good for checking factual
correctness. However, they don’t check if the sum-
mary is emotionally exaggerated or too dramatic.
Even if a summary is factually correct, it can still
give a wrong impression because of exaggerated
expressions.

2.2 Exaggerated Summary Detection

Only a few studies focus on finding exaggeration
in text. A dataset where a language model rewrote
normal summaries in an exaggerated way was cre-
ated (Iwamoto and Shimada, 2024). This is useful
for exaggeration-related tasks. However, there are
some problems:

* The exaggerated summaries are artificial and
may not show the kind of exaggeration we
often see in real social media or news.

 The dataset only gives binary labels (exagger-
ated or not), so it cannot show how much the
summary is exaggerated.

In our study, we try to give continuous exag-
geration scores instead of just binary labels. This
allows us to do more detailed analysis and supports
tasks like ranking or filtering summaries based on
exaggeration levels.

2.3 LLM-based Evaluation Paradigms

Recently, people have started using large language
models (LLMs) to evaluate summaries or answers.
LLMs are good at comparing two texts and decid-
ing which one is better. However, they are not good
at giving consistent scores for single texts, because
their scoring is not stable (Wang et al., 2024; Zheng
et al., 2023).

Based on this, we use a pairwise ranking method
to build our exaggeration score dataset. Instead of
giving scores directly, we compare pairs of sum-
maries and then turn the results into numbers using
ranking and normalization. This helps us get more
stable and reliable scores.

3 Proposed Method

Recent advances in large language models (LLMs)
have demonstrated remarkable capabilities in un-
derstanding complex natural language, including

the ability to perform contextual reasoning, seman-
tic comparison, and pragmatic inference across tex-
tual inputs. These models have shown success in
various evaluative tasks such as factuality judg-
ment, content ranking, and summarization evalu-
ation, often rivaling human-level performance in
pairwise decision-making scenarios (Wang et al.,
2024; Zheng et al., 2023).

In particular, the task of assessing how much a
summary exaggerates the original article requires
not just surface-level textual matching. However,
it also involves deep semantic alignment, nuanced
tone detection, and discourse-level interpretation.
These are precisely the kinds of tasks that LLMs
are well-suited for.

Thus, our method leverages LLMs as core evalu-
ators to estimate exaggeration levels, based on their
strong abilities to:

* Capture subtle differences in tone, emphasis,
or framing between a summary and its source
article.

¢ Understand the broader context and intent be-
hind a summary, beyond factual correctness.

* Make robust comparative judgments between
multiple summaries, even when exaggeration
is implicit or stylistic rather than explicitly
false.

We therefore adopt LLMs not only as a technical
tool, but as an essential enabler for building a high-
fidelity exaggeration scoring system grounded in
semantic understanding.

3.1 Evaluation Strategies: Absolute vs.
Relative

A straightforward approach to exaggeration scoring
is absolute evaluation, in which an LLM receives
a single article-summary pair and directly outputs
a score. While this method is simple to imple-
ment, prior work (Wang et al., 2024) has shown
that LLMs tend to produce unstable or inconsis-
tent scores for the same inputs. This instability
is attributed to the absence of an internal absolute
standard for scoring within LLMs and their inher-
ent non-determinism. As a result, direct scoring
suffers from poor reproducibility and limited relia-
bility.

In contrast, relative evaluation prompts an LLM
to compare two different article-summary pairs and
decide which summary is more exaggerated. LLMs
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are generally more consistent and accurate when
performing such pairwise comparisons, as they rely
on relative distinctions rather than absolute criteria.
However, the limitation of this approach is that
it only yields binary judgments (e.g., “A is more
exaggerated than B”’) and does not produce scalar
scores directly.

The trade-offs between these two approaches are
summarized in Table 1. To overcome the weak-
nesses of each method, we propose a hybrid frame-
work that utilizes the consistency of relative eval-
uation to produce a large-scale dataset with high-
quality exaggeration rankings, from which scalar
scores are derived.

3.2 Overall Framework

Figure 2 shows the overall workflow of our exag-
geration scoring method. In this paper, we focus
on the first part of Figure 1 (in Section 1): making
a dataset with exaggeration scores.

First, we collect article-summary pairs, such as
Pair A, Pair B, and so on (shown on the left side
of the figure). Then, we use an LLM to compare
the pairs and decide which one is more exagger-
ated. For example, the model might say “Pair A is
more exaggerated than Pair B” or “Pair E is more
exaggerated than Pair D.”

Next, we use a sorting algorithm to combine the
comparison results and rank the pairs by exaggera-
tion level (as shown on the right side of the figure).
Finally, we convert the ranks into scores between
0 and 1. These scores make up our exaggeration
score dataset.

3.3 Score Derivation via LLM-based Sorting

To generate scores from pairwise comparisons, we
formulate the problem as a ranking task: Given
N article-summary pairs, we aim to sort them in
increasing order of exaggeration. We apply a modi-
fied version of the MergeSort algorithm, where the
LLM acts as the comparator function. This reduces
the number of required comparisons from O (N?)
to O (N log N), making it feasible to process thou-
sands of samples.

LLM H

Figure 2: Overview of the proposed exaggeration scor-
ing framework. Article-summary pairs are compared
using LLMs, sorted by exaggeration level, and con-
verted into scalar scores.

After sorting, we assign a score of 0 to the least
exaggerated summary and a score of 1 to the most
exaggerated one. The remaining summaries are
linearly interpolated based on their relative position
in the sorted list.

This linear normalization assumes that in a suffi-
ciently large and diverse set of samples, the sum-
mary ranked at the very bottom (i.e., least exag-
gerated) can be treated as representing a near-zero
exaggeration level in an absolute sense. Likewise,
the summary ranked at the top (i.e., most exagger-
ated) can be considered to represent a maximally
exaggerated instance, even without a formal defini-
tion of exaggeration intensity.

This assumption is supported by a statistical per-
spective: If the number of article-summary pairs
N is large (e.g., in the thousands), then the items
at the extrema of the ranking (rank 1 and rank N)
are likely to approximate the empirical minimum
and maximum of exaggeration observable in real-
world data. As such, mapping these ranks to the
endpoints of the [0, 1] scale provides a practical
and interpretable score space, which reflects the
relative exaggeration intensity in a pseudo-absolute
fashion. This approach enables consistent score as-
signment even though the underlying comparisons
are pairwise and relative in nature.

3.4 Enhancing Robustness

Since LLM outputs can be non-deterministic and
sometimes biased due to input formatting, we in-
troduce two techniques to enhance the robustness
and reliability of the sorting results.

3.4.1 Bidirectional Prompting

Previous work (Wang et al., 2024) has shown that
LLMs may exhibit position bias in pairwise evalu-
ations—that is, the summary shown earlier in the
prompt may be judged differently than if shown
second. This bias becomes particularly problematic



when comparing pairs whose exaggeration levels
are close, as the model may be influenced more by
order than content.

To address this, we perform comparisons in both
directions: for a given pair (A, B), we prompt the
LLM twice, once with A before B and once with
B before A. If the results are consistent (e.g., A
is judged more exaggerated than B in both cases),
we apply the result to the sorting process. If the
results conflict, we assume the difference is not
clear and no reordering is performed. This filtering
reduces the risk of introducing noise into the global
ranking.

3.4.2 Ensemble Sorting with Permutation
Averaging

LLMs are inherently stochastic; even with fixed
prompts, the outputs may vary across runs. To
mitigate this, we apply the MergeSort-based rank-
ing process multiple times with different randomly
shuffled initial orders. For each run, we compute
the full ranking of the dataset. Then, we aggregate
these rankings by computing the average rank for
each item and use this as the final basis for score
assignment.

This ensemble approach reduces variance and
increases stability. For example, if a pair consis-
tently appears near the top of the ranking across
runs, we can confidently assign it a low exaggera-
tion score. Conversely, if its position fluctuates, it
likely indicates ambiguity, which is reflected in its
intermediate score.

4 [Experiments

4.1 Experimental Settings

To evaluate how reliable and valid our proposed ex-
aggeration scoring method is, we created a dataset
of 1,000 article-summary pairs from the Newsroom
corpus (Grusky et al., 2018), using the full scoring
process described in Section 3.

4.1.1 Dataset

We used the Newsroom dataset, which is a large-
scale summarization corpus that contains article-
summary pairs from various fields such as politics,
science, and lifestyle. From this dataset, we ran-
domly selected 1,000 article-summary pairs. To
maintain good quality, we removed duplicates and
extremely short summaries. As a result, the dataset
includes diverse language expressions and keeps a
certain level of summary quality.

4.1.2 LLM Configuration

We used Mistral-7B-Instruct-v@.3' as the
LLM for all pairwise comparison tasks in the sort-
ing stage. The model was run in a local inference
environment, which allowed us to fully control the
temperature setting, prompt format, and output for-
mat. In our experiments, we set the temperature to
0.8.

In each comparison, the model was asked to
evaluate two article-summary pairs and assign ex-
aggeration scores from O to 3. It also had to give a
reason for its decision. The prompt was designed
so that the model would first explain its reason-
ing and then output the scores in JSON format.
This approach follows previous research (Zheng
et al., 2023), which shows that generating reason-
ing before giving scores, a method called Chain-of-
Thought prompting, leads to more accurate results.

Importantly, although the model was not directly
instructed to compare the two pairs against each
other, it was asked to score both in a single prompt.
This setting naturally encourages the model to in-
directly compare the two pairs while forming its
judgments. As a result, even though each score
is independently assigned, the scoring process re-
flects relative differences in perceived exaggeration
between the two pairs.

The assigned scores are discrete values (0, 1, 2,
or 3). At first, this may look like many examples
will have the same score, and this could make it dif-
ficult to rank thousands of samples. In our method,
however, the important point is not the absolute
value itself but the relative order when two sum-
maries are scored together. Even if both summaries
get the same score, the final ranking is decided
by combining many pairwise results in the sort-
ing and ensemble process. Sometimes cyclic cases
can appear (e.g., A>B,B>C, and C > A), but
these conflicts are reduced by the ensemble sorting,
which averages results over multiple runs. Because
of this design, using discrete scores does not cause
problems in ranking and still gives a reliable basis
for making continuous exaggeration scores.

An example of the prompt is shown in Ap-
pendix A (Figure 5).

4.1.3 Sorting and Scoring Procedure

We used a MergeSort-based sorting algorithm,
where the model’s output scores were used to com-
pare and sort samples. To make the results more

1https://huggingface.co/mistralai/Mistra1—7
B-Instruct-ve.3
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reliable, we repeated the sorting process four times,
each time with a different random order of the
1,000 samples.

To calculate the final exaggeration score for each
sample, we did the following:

1. Averaged the rank positions from the four runs

2. Normalized the average rank to a value be-
tween [0, 1]

This process gave each sample a single exaggera-
tion score, which can be used for further tasks such
as supervised learning or interpretation analysis.

4.1.4 Evaluation Focus

We evaluated the dataset of exaggeration scores
from two main perspectives:

Stability Do the scores remain consistent across
different sorting runs?

Validity Do the scores reflect clear and under-
standable differences between exaggerated
and non-exaggerated summaries?

4.2 Stability of Score Assignment

In this experiment, we aimed to check whether the
ranking results obtained through LLLM-based pair-
wise comparisons are stable. If the pairwise judg-
ments change a lot between different runs, or if the
MergeSort algorithm is very sensitive to the initial
order of inputs, the final exaggeration scores may
not be reliable. Although the ensemble method
introduced in Section 3.4.2 is designed to improve
robustness, its effectiveness still depends on the
basic stability of the sorting results.

To evaluate this stability, we ran the sorting pro-
cess four times using different random shufflings of
the 1,000 article-summary pairs. For each pair, we
recorded its final rank from each run and calculated
the standard deviation of its four rankings.

For example:

» Sample A was ranked 2nd, 3rd, 2nd, and 2nd
— Standard deviation: 0.43 — v Stable

* Sample B was ranked 4th, 6th, 1st, and 2nd
— Standard deviation: 1.92 — X Unstable

A smaller standard deviation means the rankings
are more consistent across runs, which indicates
higher stability.

On average, the standard deviation across all
1,000 samples was 201.8. This means that each

sample’s rank changed by about 202 positions on
average, out of 1,000. In other words, the variation
corresponds to roughly one-fifth of the entire rank-
ing range. This result suggests that the stability of
the LLM-based sorting process is moderate. There-
fore, the underlying ranking mechanism can be
considered reliable enough for generating scores,
which supports the use of the ensemble-based scor-
ing approach.

We also analyzed the relationship between the
final exaggeration score and the ranking variance.
Figure 3 shows the final exaggeration score on the
x-axis and the standard deviation from the four
runs on the y-axis. The orange horizontal line
in the figure shows the mean standard deviation
(¢ = 201.8). Samples below this line are more
stable than average, and samples above this line
are less stable. According to the figure, samples
with scores near 0 or 1 (meaning the least or most
exaggerated summaries) tended to have smaller
standard deviations, showing that the model’s judg-
ments were more consistent in those cases. On the
other hand, samples that were ranked around the
middle showed larger variations, which suggests
that it was harder for the model to assess their level
of exaggeration clearly.

One possible way to reduce the impact of this
middle-range instability is to use binning instead of
relying only on fine-grained continuous scores. For
example, dividing the range into broad categories
such as “low,” “medium,” and “high” exaggeration
could provide a more robust basis for downstream
applications.

These findings suggest that LLM-based ranking
is stable and reliable for identifying summaries
that are clearly exaggerated or not exaggerated.
However, the low variance near the edges of the
score range may also come from boundary effects,
because items close to 0 cannot be rated much
lower and items close to 1 cannot be rated much
higher. In future work, it will be important to study
the stability of scores in the middle range, where
the level of exaggeration is less clear, to understand
the limits of our method better.

Based on these findings, we conclude that
LLM-based ranking is especially stable and reli-
able for identifying extremely exaggerated or non-
exaggerated summaries. However, rankings for
moderately exaggerated summaries may involve
more uncertainty.
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Figure 3: Standard deviation of ranks across four sorting
runs, plotted against the final exaggeration score.

4.3 Validity of Score Assignment

In Section 4.2, we showed that the ranking results
based on LLM comparisons are stable, especially
when the article-summary pairs are clearly exag-
gerated or not exaggerated. Based on this, we now
look into whether the exaggeration scores are mean-
ingful and consistent with what people usually ex-
pect.

To do this, we looked at examples from both
ends of the score range: summaries with scores
close to 0.0 (least exaggerated) and those close to
1.0 (most exaggerated).

For instance, in a typical case with a score of 0.0,
the article was about pre-season ranking results of
a university sports team. The summary gave a short
and accurate explanation of the rankings. It kept a
neutral tone and didn’t use any emotional or judg-
mental language. It covered the original article’s
content properly without leaving out or exaggerat-
ing any parts (see Figure 7 in Appendix B).

On the other hand, a summary with a score of 1.0
came from an article about economic and political
instability across several countries in Eastern Eu-
rope. However, the summary focused only on the
relatively optimistic outlook of one specific region,
which was not the main point of the article. It also
used strong phrases like “shielded from disaster” or
“the full might of the Swedish state” which were not
mentioned in the article. Because of this, the sum-
mary gave a misleading feeling of safety, which
was very different from the article’s more careful
and balanced tone (see Figure 8 in Appendix B).

These findings suggest that summaries with low
exaggeration scores usually keep the original con-
tent’s meaning and neutrality, while high-scoring
summaries often stress certain opinions, use emo-
tional words, or focus on narrow parts of the article
in a way that changes the original message.

So, we conclude that the exaggeration scores are
not only statistically reliable but also meaningful
in terms of content. The highest and lowest score
cases match what human readers would consider
most or least exaggerated, which shows that our
score is useful for understanding how much a sum-
mary exaggerates.

4.4 Validating the Exaggeration Score Using
Artificial Summaries

To check whether our exaggeration score properly
reflects the level of exaggeration, we conducted
an experiment using artificially created exagger-
ated summaries. In this experiment, we examined
whether our score matches binary exaggeration la-
bels: exaggerated and non-exaggerated.

To build this labeled dataset, we partially fol-
lowed the method used in JExnoS (Iwamoto and
Shimada, 2024), especially the part where exag-
gerated summaries were generated using GPT-4o.
Based on summaries from the CNN/DailyMail
dataset (Nallapati et al., 2016), GPT-40 was in-
structed to rewrite each summary by adding one
exaggerated expression, without introducing any
factual mistakes. The prompt we used for this task
is shown in Appendix A (Figure 6).

We then calculated exaggeration scores for both
the original and exaggerated summaries using our
proposed method. As we expected, the exagger-
ated summaries received higher scores than the
originals. Specifically, in a set of 1,000 samples,
the average score for non-exaggerated (original)
summaries was 0.42, while exaggerated summaries
had an average of 0.58. This result indicates that
our score can clearly distinguish between the two
types.

To help show the difference more clearly, we
made a visualization of how the two classes are
distributed based on the exaggeration scores, as
shown in Figure 4.

The figure has two parts. The top part is a hori-
zontal line that shows all 1,000 summary samples.
Each small vertical line represents one summary.
Red lines show exaggerated summaries, and blue
lines show non-exaggerated ones (original sum-
maries). From left to right, the exaggeration score
increases from 0.0 to 1.0. We can see that the red
lines are mostly on the right, and the blue ones are
mainly on the left.

The bottom part is a histogram that shows how
many summaries are in each score range. The red
bars show exaggerated summaries, and the blue
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Figure 4: Distribution of Exaggeration Scores for La-
beled Summaries.

bars show non-exaggerated ones. As the score goes
up, the red bars get higher, and the blue bars get
lower. This clear trend means that our exaggeration
score matches well with the binary labels, with
higher scores usually indicating more exaggerated
content.

In summary, this figure gives strong evidence
that our exaggeration score reflects the actual de-
gree of exaggeration. It can smoothly separate ex-
aggerated and non-exaggerated summaries across
a continuous score range in an easy-to-understand
way.

These findings suggest that our exaggeration
score not only reflects intuitive exaggeration levels
but also matches external exaggeration labels. This
supports the reliability of the score and its poten-
tial usefulness in tasks such as bias detection and
automatic summary checking.

5 Conclusion

In this study, we proposed a new method for mea-
suring the degree of exaggeration in news article
summaries. Our approach uses relative pairwise
comparisons performed by an LLM to create a
dataset of ranked summary pairs. Then, we applied
an ensemble-based MergeSort algorithm to assign
continuous exaggeration scores to each summary.

We conducted several experiments to evaluate
our method from three main perspectives:

Stability We showed that the rankings produced
by the LLM-based comparison function are
consistent across multiple runs. This suggests
that the exaggeration scores are stable and not
strongly affected by random factors.

Validity We found that summaries with very high
or very low exaggeration scores have linguis-
tic features that match human intuition. These
features include emotional language, strong
assertions, and distorted information.

Sensitivity We confirmed that our score reacts
properly to artificial exaggeration. When we
intentionally rewrote summaries to add exag-
geration, the scores increased, correctly re-
flecting the added bias.

These results indicate that our exaggeration
score is a reliable and interpretable measure for
analyzing exaggeration in news summaries. By
turning subjective impressions into a continuous,
data-driven metric, our method allows for more
detailed and scalable analysis of media bias, sensa-
tionalism, and misinformation.

To further advance this research, there are sev-
eral directions for future work:

Score calibration Our current method generates
relative scores. However, matching these to
absolute human judgments or real-world con-
sequences remains a challenge.

Practical applications We plan to explore the use
of the exaggeration score in real tasks, such as
training models to detect exaggeration, assess-
ing the credibility of headlines, and improving
the quality of automatic summarization.

We hope that our work helps deepen the under-
standing of subtle framing effects in summaries and
contributes to more responsible communication in
today’s digital information environment.

Limitations

Although our proposed method shows encouraging
results in evaluating exaggeration in news sum-
maries, there are still several limitations that need
to be addressed in future research.

Non-linear perception of exaggeration

In our current method, we assume a linear rela-
tionship between the least and most exaggerated
summaries when assigning scores. However, how
people actually perceive exaggeration may not fol-
low a simple linear pattern. For example, certain
types of exaggeration, especially those that use
emotionally strong or misleading language, might
affect readers’ impressions more strongly than oth-
ers. Therefore, it may be useful to apply non-linear



scaling techniques, such as logarithmic or sigmoid
functions, which are informed by user studies or
cognitive models. This could help make the scoring
system more consistent with human perception.

Human evaluation

Another limitation of this study is the absence of
systematic human evaluation. While our LLM-
based comparisons provide stable and interpretable
exaggeration scores, the reliability of these scores
should be further validated by human judgments.
However, it is often difficult for human annotators
to assign absolute exaggeration scores, such as de-
ciding whether a summary deserves a score of 0.7
or 0.8. A more practical approach is relative eval-
uation, where annotators compare two summaries
and decide which one is more exaggerated. Such
pairwise judgments are easier for humans and can
later be aggregated into consistent rankings. In fu-
ture work, we plan to design small-scale human
studies based on this relative evaluation framework
to strengthen the validity of our dataset.

Cultural and linguistic bias

In this study, we used datasets such as Newsroom
and CNN/DailyMail, which mainly include English
news articles from U.S.-based media. Because of
this, the ways exaggeration appears in these sum-
maries may reflect cultural characteristics or jour-
nalistic styles that are specific to the United States.
As a result, it may be difficult to apply the same
method to other languages, cultures, or media en-
vironments. To improve the general usefulness of
the method, it would be important to apply it to
multilingual or culturally diverse datasets in future
work.
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Please act as a fair judge and evaluate
the level of exaggeration in the
summaries of two news article pairs (A

and B). Each pair includes a full

article and its summary. Your task is to
score how much the summary exaggerates
the content of the original article.

Use the following 4-point scale:

- 0: No exaggeration

- 1: Slight exaggeration

- 2: Moderate exaggeration

- 3: Strong exaggeration

When scoring, consider the following:

- Exaggerated numbers or statistics

- Making the subject or event seem more
important than it is in the original
article

- Use of meiosis (understatements) or
litotes (negation-based softening)

- Stylistic choices that may change the
overall tone or impression of the
article

First, explain your reasoning for each

score, using specific examples from the
summaries.

Be as objective as possible. Do not be
influenced by the length or order of the
summaries.

Northern Arizona men's basketball is picked to finish third
in the Big Sky Conference by conference coaches and
second in a preseason media poll.

Figure 7: Summary example (score 0.0). Article: Fox
Spons,Oct23,2014?

The Baltic trio of Latvia, Lithuania, and Estonia are lucky.
At the end of the day, they can count on Swedish banks and
the full might of the Swedish state to shield them from
economic disaster.

Figure 5: Example of the prompt used for pairwise
comparison in the exaggeration scoring task.

You are given a news article and its
summary .

Rewrite the summary to generate an
exaggerated version by introducing only
one overexpression.

This overexpression should not cause
clear factual inconsistencies, such as
contradictions or incorrect numbers.

After generating the exaggerated summary
, provide the following:

- Overexpressed Summary: The rewritten
exaggerated version of the summary.

Figure 6: Example of the prompt used for generating
exaggerated summaries.

B Summary Examples for Extreme
Scores

This section shows two summary examples from
our dataset. One has an exaggeration score of 0.0
(no exaggeration), and the other has a score of 1.0
(strong exaggeration). These examples help readers
understand what kind of summaries get extreme
scores.

Figure 8: Summary example (score 1.0). Article: The
Telegraph, Jul 6, 2009.3

2https://web.archive.org/web/20150403043731/h
ttp://www.foxsports.com/arizona/story/northern-a
rizona-picked-in-top-3-in-big-sky-basketball-1
02314

3https://web.archive.org/web/2022®817132949/h
ttps://www.telegraph.co.uk/finance/newsbysector
/banksandfinance/5760816/Bulgarian-stress-test-f
or-the-Balkans.html
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Abstract

The short video summarization provides brief
descriptions of the main content, enabling view-
ers to quickly understand the key information.
Although the field has seen significant progress,
there remains a shortage of datasets for food re-
views, particularly in Vietnamese. In this paper,
we introduce a novel multimodal Vietnamese-
English dataset focused on Vietnamese food
review videos called BV-FRD. Our dataset in-
cludes a wide range of food, prices and restau-
rant locations. Each video includes processed
scripts and annotated Vietnamese-English de-
scriptions, generated through a multi-stage
pipeline using several LLMs with human col-
laboration. Baseline experiments show moder-
ate performance, indicating that the dataset is
challenging and has strong potential for practi-
cal applications. In our experiments, DeepSeek
outperforms other models in Vietnamese and
English across three of four evaluation met-
rics. In Vietnamese, Phi-4 achieves the high-
est BERTS score, with a value of 0.64 preci-
sion. In English, DeepSeek reaches the high-
est consistency in Uni-Eval, with a value of
0.78. Through our analysis and baseline ex-
periments, we demonstrate that our dataset is
valuable and challenging for multimodal food
review description generation task. Our dataset
is available through this link!.

1 Introduction

Every day, millions engage with short videos
related to food, shaping food trends, domestic
tourism, and global perceptions of Vietnamese cui-
sine (Truong and Kim, 2023). These videos on
social networks attract the audience through their
brevity, practicality, and high shareability (Violot
et al., 2024; Zannettou et al., 2024). In addition, it
can affect consumers’ choices, identity construc-
tion, and cultural preservation.

lh’ctps ://anonymous. 4open.science/r/BV-FRD

Most of this content is open source, provid-
ing multi-modal datasets that combine speech, fa-
cial expressions, visuals, and sounds, offering a
clearer view of real-world communication than text-
only data (BaltruSaitis et al., 2018). Open-source
data promotes transparency, reproducibility, and
supports research in artificial intelligence and hu-
man—computer interaction (Von Krogh et al., 2003;
Willmes et al., 2014).

In recent years, Vietnamese natural language
processing (NLP) has advanced significantly, with
high-quality studies on word segmentation (Hai
et al., 2025), document summarization (Le and Le,
2025), and social media text processing (Nguyen
et al., 2023). Pre-trained models like PhoBERT
(Nguyen and Nguyen, 2020) have boosted perfor-
mance across downstream tasks. Research on senti-
ment analysis and question-answering systems (L&
et al., 2020) further enriches the NLP landscape.
Overall, these developments lay the foundation for
advanced Vietnamese language models capable of
contextual understanding, supporting applications
from automated customer support to content cre-
ation.

Although a niche domain, food reviews strongly
influence consumers, promote local cuisine, and
support cultural exchange (Rini et al., 2024). Re-
search on short Vietnamese videos is limited, and
open-source multimodal datasets combining im-
ages, audio, and text are lacking, which are crucial
for conversational Al and multimodal understand-
ing (Baltrusaitis et al., 2018).

We present the Vietnamese—English bilingual
dataset BV-FRD for short food-related videos, con-
taining transcripts, manually written summaries,
and emotion labels to enrich Vietnamese language
resources and support research on dialogue summa-
rization, multimodal sentiment analysis, and con-
textual understanding. The main task is to sum-
marize food review videos on YouTube Shorts into
short, easy-to-understand descriptions. The final re-
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sult is a dataset of 2,020 videos, processed through
a pipeline using several LLMs with manual verifi-
cation at each step. The dataset is diverse in dishes,
pricing, and restaurant locations, with additional in-
formation such as video duration, view counts, and
temporal distribution, ensuring representativeness
and usefulness for various downstream tasks.

Our dataset makes two main contributions:

e In this paper, we introduce the BV-FRD
dataset. We leverage multiple LLMs in the
processing stage to enhance data generation
and employ a human-in-the-loop process to
ensure high-quality outputs. As a result, the
dataset contains 2,020 samples with a total
duration of 31.75 hours. Our dataset provides
a diverse and reliable resource for generating
Vietnamese-English text summaries of food
review videos.

* We evaluate our dataset with four base mod-
els on four metrics in both English and
Vietnamese. For both languages, DeepSeek
achieved the highest performance on three of
the four metrics. However, the generated de-
scriptions are only relatively similar to ground
truth. The performance of these baseline mod-
els indicates that our dataset is challenging
and has potential for further research in sum-
marizing food review videos into bilingual
description.

The presentation of our paper is organized as
follows. Section 2 presents related works on open-
source releases concerning videos. Section 3 in-
troduces the video processing pipeline for generat-
ing bilingual Vietnamese and English descriptions,
with steps involving both human annotators and
LLMs. Section 4 analyzes our dataset, including
statistical information and diversity measures. Sec-
tion 5 presents the results of applying base models
to tasks based on our dataset. Section 6 concludes
the work conducted and outlines directions for fu-
ture development.

2 Related Work

In the multimodal era, video has become a domi-
nant medium for information dissemination, driv-
ing the growing demand for efficient video com-
prehension and summarization (Apostolidis et al.,
2021; Otani et al., 2022). Existing datasets support
diverse tasks such as video captioning (Wang et al.,

2019) ,summarization (Qiu et al., 2024), and meet-
ing conversation analysis (Carletta et al., 2005).
Notably, MSR-VTT (Xu et al., 2016) offers daily-
life videos with short descriptions, VATEX (Wang
et al., 2019) adds bilingual captions, and MMSum
(Qiu et al., 2024) incorporates dialogue and meta-
data. While effective for short, visually simple
clips, these datasets lack coverage of narrative-rich
content such as vlogs or culinary reviews. To fill
this gap, we construct a dataset with varied descrip-
tion lengths that more accurately captures video
semantics, enabling adaptation to tasks from fine-
grained understanding to concise summarization
and enhancing model robustness.

In the food review domain, the NLP commu-
nity in English benefits from large-scale datasets
like Amazon Fine Food Reviews (McAuley et al.,
2015) and Yelp Reviews (Ganu et al., 2009), sup-
porting sentiment analysis, opinion summarization,
and multimodal tasks. Vietnamese research has
also progressed, with datasets from Foody and
Lozi used for sentiment analysis and classifica-
tion. (Nguyen et al., 2021) collected over 236k
reviews from 2011-2020, achieving 91.5% senti-
ment classification accuracy. VIMRHP (Nguyen
et al., 2025) introduced a multimodal dataset for
helpfulness assessment. However, most remain
monolingual, limiting cross-cultural accessibility.
Our Vietnamese—English bilingual dataset fills the
resource gap while enhancing the global presence
of Vietnamese cuisine. The aligned bilingual data
facilitates the development of multilingual mod-
els and advances NLP research for Vietnamese—a
low-resource language. Additionally, it supports
the promotion of Vietnamese culinary culture to
a wider international audience, contributing to the
preservation and development of local heritage.

NLP has been applied across domains with
datasets such as FFVD for e-commerce product
review videos (Zhang et al., 2020), Video Story
for social media narrative interaction and emotion
analysis (Gella et al., 2018). While these resources
advance research, their manual collection and anno-
tation incur high costs and limit scalability (Yuan
et al., 2025). Similar challenges appear in datasets
like VideoCC (Nagrani et al., 2022), where LL.Ms
generate detailed captions to reduce effort and cost,
but fully automated approaches risk semantic gaps
and inconsistencies (Liu and Wan, 2023). To ad-
dress these issues, we adopt a semi-automated
pipeline using LL.Ms for preprocessing and anno-
tation, followed by rigorous human verification to



Table 1: Summary of Related Work Datasets

Dataset Domain Year Source Language Type Annotation Human LLM Location
Verify Variety
MSR-VTT | Multi—category| 2016 Youtube + AMT EN Caption Crowdsourcing v X X
(Xuetal., (AMT)
2016)
ActivityNet Human 2017 | ActivityNet (YouTube) EN Description Crowdsourcing X X X
Caption Activity (dense) (AMT)
(Krishna et al.,
2017)
YouCook II Cooking 2018 Youtube EN Caption Human v X X
(Zhou et al.,
2018)
VATEX Multi—ategory | 2019 Kinetics-600 dataset EN + ZH Caption Crowdsourcing v X X
(Wang et al., (YouTube) (AMT)
2019)
VideoCC Multi-category | 2022 YouTube EN Caption (auto) LLM (auto) X v X
(Nagrani et al.,
2022)
TACoS- Cooking 2018 AMT + TACoS EN Description Human v X X
MLevel
(Rohrbach
etal., 2014)
VideoStory Social Media | 2018 | Social media platform EN Multi- Human X X X
(Gella et al., sentence
2018) description
FFVD (Zhang | E-Commerce | 2020 Mobile Taobao EN Caption Human 4 X X
et al., 2020)
MMSum (Qiu | MultiModel 2024 Youtube EN Caption Human v X X
etal., 2024) Summariza-
tion
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