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Abstract
Large Language Models (LLMs) demonstrate
remarkable multilingual capabilities, yet it re-
mains unclear whether they are truly multicul-
tural. Do they merely process different lan-
guages, or can they genuinely comprehend
the unique cultural contexts embedded within
them? This study investigates this critical ques-
tion by examining whether LLM’s perception
of emotion and empathy differs across linguis-
tic and cultural boundaries. To facilitate this,
we introduce the Korean Empathetic Dialogues
(KoED), a benchmark extending the English-
based EmpatheticDialogues (ED) dataset. Mov-
ing beyond direct translation, we meticulously
reconstructed dialogues specifically selected
for their potential for cultural adaptation, align-
ing them with Korean emotional nuances and
incorporating key cultural concepts like ‘jeong’
and ‘han’ that lack direct English equivalents.
Our cross-cultural evaluation of leading mul-
tilingual LLMs reveals a significant "cultural
empathy gap": models consistently underper-
form on KoED compared to ED, struggling
especially with uniquely Korean emotional ex-
pressions. Notably, the Korean-centric model,
EXAONE, exhibits significantly higher cul-
tural appropriateness. This result provides com-
pelling evidence that aligns with the "data
provenance effect", suggesting that the cultural
alignment of pre-training data is a critical factor
for genuine empathetic communication. These
findings demonstrate that current LLMs have
cultural blind spots and underscore the neces-
sity of benchmarks like KoED to move beyond
simple linguistic fluency towards truly cultur-
ally adaptive AI systems.1

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has ushered in an era of unprece-
dented multilingual capabilities. Following the
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breakthrough of GPT-4 (Achiam et al., 2023), mod-
els such as Claude 3 (Anthropic, 2024) and Llama
3 (Dubey et al., 2024) have demonstrated the ability
to seamlessly switch between dozens of languages,
producing fluent text that often rivals native speak-
ers. Yet, a fundamental question remains: Does
multilingual competence equate to multicultural
understanding? Can an LLM trained predominantly
on English data truly grasp the cultural nuances em-
bedded in Korean conversations, or does it merely
translate linguistic forms without internalizing cul-
tural meaning?

This distinction between linguistic fluency and
cultural comprehension becomes particularly evi-
dent in emotionally charged contexts. Cultural dif-
ferences fundamentally shape how emotions are
expressed, interpreted, and responded to in social
interactions. As Jin et al. (2024) demonstrated, the
same social situation can evoke entirely different
cultural stereotypes and assumptions between Ko-
rean and American contexts. For instance, while
drug use is stereotypically associated with low so-
cioeconomic status in the United States, it corre-
lates with high socioeconomic status in Korea—a
cultural inversion that profoundly affects how em-
pathetic responses should be formulated. This gap
is also evident in subtle conversational acts. For in-
stance, an empathetic response to someone’s birth-
day in an American context, such as "I hope you
get lots of gifts!", might be naturally replaced in a
Korean context with the question, "Did you have
seaweed soup this morning?". This question is not
a literal inquiry about a meal but a deeply empa-
thetic gesture that acknowledges the birthday and
invokes a shared cultural tradition. An LLM lack-
ing this cultural grounding risks misinterpreting the
empathetic subtext, treating it as a literal, out-of-
place question about soup and generating an inap-
propriate response. Such cultural variations extend
beyond stereotypes to the very fabric of emotional
expression and empathetic communication.
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Current benchmarks for evaluating empathetic
AI predominantly rely on English-centric datasets,
most notably the EmpatheticDialogues (ED)
dataset (Rashkin et al., 2019). While valuable for
assessing empathy in US-centric cultural contexts,
these resources fail to capture the rich tapestry of
emotional expression across cultures. This limi-
tation raises critical concerns: If we evaluate AI
empathy solely through a Western cultural lens, are
we inadvertently creating systems that perpetuate
cultural blindness? As AI assistants become inte-
gral to global communication in counseling (Hu
et al., 2025), education (Huang et al., 2025), and
social support (Qiu and Lan, 2025), their ability to
recognize and respond to culturally-specific emo-
tional cues becomes not just desirable but essential.

To address this gap, we present Korean Empa-
thetic Dialogues (KoED), a culturally-aware bench-
mark that extends beyond translation to capture
authentic Korean emotional expression. Our ap-
proach mirrors the methodology pioneered by Jin
et al. (2024), who demonstrated that direct transla-
tion of culturally-rooted benchmarks often fails to
preserve essential cultural contexts. Following their
lead, we meticulously analyzed the ED dataset and
selected 1,280 dialogue samples (40 samples for
each of 32 emotion categories) that could be mean-
ingfully adapted to Korean cultural contexts while
preserving their emotional core. Samples deeply
rooted in American-specific cultural scenarios were
excluded, ensuring that our adaptations remain au-
thentic rather than forced.

Beyond adaptation, we recognized that certain
emotional concepts central to Korean culture have
no direct parallel in English-based datasets. To ad-
dress this, we handcrafted an additional 80 dialogue
samples (40 each) for two uniquely Korean emo-
tions: ‘jeong’ (정; 情)—a deep emotional bond
that develops through shared experiences and mu-
tual care—and ‘han’ (한;恨)—a complex emotion
encompassing collective suffering, resilience, and
unfulfilled longing rooted in Korean historical ex-
perience (Ka, 2010). These untranslatable emotions
serve as critical test cases for evaluating whether
LLMs can truly understand culture-specific emo-
tional landscapes.

Our comprehensive cross-cultural evaluation re-
veals what we term the "cultural empathy gap" in
current LLMs. Through systematic experiments
comparing model performance on both ED and
KoED datasets, we uncover three key findings:
First, all evaluated multilingual models demon-

strate significantly degraded performance on KoED
compared to ED, with particularly pronounced dif-
ficulties in recognizing and responding to culture-
specific emotions. This performance gap persists
across model architectures and sizes, suggesting
systemic limitations in how current LLMs pro-
cess cultural context. Second, the Korean-centric
LLM EXAONE (LG AI Research, 2024) exhibits
markedly superior cultural appropriateness in its
responses, despite not necessarily outperforming
other models on general language tasks. This find-
ing parallels observations in cross-cultural bias
research and highlights the profound impact of
culturally-aligned pre-training data on model be-
havior. Third, our analysis of culture-specific emo-
tion recognition reveals that even with explicit de-
scriptions, models struggle to perceive emotions
like ‘jeong’ and ‘han’, achieving recognition rates
of no more than 17.7% even under optimal condi-
tions. This suggests that current training paradigms
fail to instill the deep cultural knowledge necessary
for authentic empathetic communication.

As Omdahl (2014) and Ma et al. (2020) noted,
empathy is fundamental to numerous AI applica-
tions in mental health, education, and social sup-
port. A system that misinterprets cultural emotional
cues risks providing not just inadequate but poten-
tially harmful responses. Our work thus contributes
to a growing body of research that challenges the
assumption that multilingual capability automati-
cally confers multicultural competence.

This paper makes three primary contributions:

• We introduce KoED, a culturally-adapted
empathetic dialogue benchmark comprising
1,360 dialogues that authentically reflect Ko-
rean emotional expression, including untrans-
latable culture-specific emotions.

• We provide empirical evidence of the "cultural
empathy gap" through comprehensive evalu-
ation of LLMs developed across diverse lin-
guistic and cultural contexts, revealing consis-
tent underperformance on culturally-adapted
KoED dataset.

• We demonstrate that cultural alignment in pre-
training data significantly impacts empathetic
response generation, with implications for de-
veloping truly multicultural AI systems.
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2 Related Work

2.1 Empathetic Dialogue: The Hidden
Cultural Assumptions

The development of empathetic dialogue systems
has been largely benchmarked on the English-based
ED dataset (Rashkin et al., 2019), which has served
as the de facto standard for both response gener-
ation and emotion recognition tasks. These sys-
tems are often grounded in psychological theories
distinguishing between affective empathy (sens-
ing another’s feelings) and cognitive empathy (un-
derstanding the reason for those feelings) (Davis,
1983; Spaulding, 2017). While language models
have achieved impressive performance in both di-
mensions—from mimicking emotional expressions
(Majumder et al., 2020) to leveraging common-
sense reasoning (Sabour et al., 2022; Zhou et al.,
2022)—their development has been overwhelm-
ingly confined to the US-centric cultural context in
which ED was created.

The critical oversight in this line of research is
the implicit assumption that cognitive empathy is
culturally universal. Cognitive empathy requires in-
terpreting situations based on a shared cultural un-
derstanding—a framework composed of culturally-
specific scripts, norms, and implicit assumptions.
As demonstrated in the context of social bias re-
search (Jin et al., 2024), the interpretation of the
same social situation can be inverted across cul-
tures. Models trained solely on American contexts
therefore lack the cultural "cognitive toolkit" to ac-
curately engage in empathetic dialogue with users
from different backgrounds. This inherent cultural
specificity of cognitive empathy reveals that cur-
rent benchmarks, by relying exclusively on ED,
measure whether models have learned a specific
set of empathetic scripts, rather than possessing a
generalizable multicultural capability.

It is precisely this challenge that makes empa-
thetic dialogue a uniquely powerful lens for investi-
gating the multilingual-multicultural divide. While
prior work has probed this gap through lenses such
as explicit cultural knowledge (Zhou et al., 2024),
translation and adaptation quality (Cao et al., 2024),
or word-level semantic alignment (Dai et al., 2025),
and some have benchmarked cross-cultural emo-
tion understanding directly (Belay et al., 2025), our
work argues that empathy offers a more rigorous
test. It moves beyond assessing factual recall (what
a model knows) or recognition (what emotion it per-
ceives) to evaluating behavioral competence (how

a model acts in nuanced social interactions). This
is a high-stakes evaluation; in critical applications
like AI-driven counseling and social support, a fail-
ure in cultural empathy is not a minor error but a
potentially harmful one. Moreover, generating an
appropriate empathetic response is a holistic task,
requiring the model to synthesize cultural scripts,
emotional signals, and linguistic fluency, thereby
providing a more comprehensive measure of multi-
cultural understanding than isolated metrics offer.

2.2 From Translation to Cultural
Reconstruction

The inadequacy of direct translation for preserving
cultural validity has catalyzed a paradigm shift in
cross-cultural NLP. Ponti et al. (2020) showed that
culturally-specific scenarios often lose meaning
when literally translated, particularly in emotion-
related tasks where cultural scripts fundamentally
shape appropriate responses. This challenge has
led to systematic cultural reconstruction methods.

Jin et al. (2024) pioneered this approach for
Korean with their KoBBQ dataset, categorizing
content as SIMPLY-TRANSFERRED, CONTEXT-
MODIFIED, or SAMPLE-REMOVED. Their find-
ing that approximately 30% of American scenarios
had no Korean equivalent powerfully underscores
the limitations of translation-based approaches. We
extend this reconstruction paradigm to empathetic
dialogue through KoED. We adopted this dual ap-
proach—selectively adapting transferable content
and handcrafting new content for culture-specific
concepts like ‘jeong’ and ‘han’ (Ka, 2010)—to en-
sure our benchmark rigorously tests for authentic
cultural understanding, not artifacts of translation.

2.3 The Multilingual-Multicultural Divide in
LLM Evaluation

Evaluating LLMs’ nuanced capabilities presents
formidable challenges, particularly for culturally-
bound tasks like empathy. While automated eval-
uation methods have emerged (Liu et al., 2023a;
Ye et al., 2024), even state-of-the-art models strug-
gle with zero-shot empathy evaluation (Xu and
Jiang, 2024). This difficulty is magnified when
considering multicultural competence—an under-
explored dimension that challenges the assumption
that cross-lingual transfer ability confers multicul-
tural understanding (Ahuja et al., 2023).

Recent research reveals a fundamental discon-
nect: LLMs trained predominantly on Western web
data project Western-centric values even when oper-
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Figure 1: Overview of the KoED dataset construction
process. The process consists of three main steps: (1)
initial translation of the ED dataset using a large lan-
guage model (LLM), (2) categorization of the translated
content into three types—SIMPLY-TRANSFERRED,
CONTEXT-MODIFIED, or SAMPLE-REMOVED, and
(3) secondary translation and review for cultural adapta-
tion. Final translations are accepted based on consensus
among human reviewers.

ating in non-Western languages (Wang et al., 2024).
This "data provenance effect" suggests that LLMs’
worldview and cultural alignment are profoundly
shaped by their pre-training data’s geographic and
cultural origins (Bisk et al., 2020). Our work inves-
tigates whether this effect extends to empathetic
communication. Through the controlled compar-
ison of ED and KoED, we provide the first sys-
tematic evaluation of whether the "cultural empa-
thy gap", driven by data provenance, limits current
LLMs’ ability to engage in authentic cross-cultural
empathetic dialogue.

3 KoED Dataset

Building on the cultural reconstruction paradigm
established in cross-cultural NLP research, we
present KoED—a benchmark designed to test
whether LLMs can truly understand Korean emo-
tional expression beyond surface-level translation.

3.1 Cultural Reconstruction and Annotation
Pipeline

Our primary goal is to create a benchmark that al-
lows for a fair and controlled comparison of empa-
thetic capabilities across different cultural contexts.
To achieve this, we developed a comprehensive
pipeline (summarized in Figure 1) that integrates
cultural reconstruction with nuanced emotional an-
notation.

The process began with an initial translation
of the ED dataset (Rashkin et al., 2019) using
GPT-4o. Following this, the first two authors, both
native Koreans with expertise in both cultures,

categorized each dialogue based on the cultural
adaptation methodology pioneered by Jin et al.
(2024): SIMPLY-TRANSFERRED, CONTEXT-
MODIFIED, or SAMPLE-REMOVED.

For the dialogues selected for inclusion in KoED,
we deliberately employed a "negotiated agreement"
methodology performed by the two co-first authors,
rather than a standard multi-annotator voting sys-
tem. This two-annotator process is better suited for
the nuanced, interpretive task of cultural reconstruc-
tion, leveraging the authors’ deep expertise in both
Korean and American cultures. We argue that for
capturing subtle cultural meaning, a process requir-
ing in-depth discussion until 100% consensus is
achieved on every single sample is more rigorous
and reliable than a simple tie-breaker vote. This
consensus-driven process consisted of three stages:
First, each author independently reconstructed half
of the dialogues (16 emotion categories each). This
initial reconstruction involved not only rewriting
the dialogue to ensure cultural authenticity but also
simultaneously performing multi-label emotion an-
notation. Recognizing that single labels often fail
to capture emotional complexity, we extended the
original annotation by assigning supplementary la-
bels to reflect the mixed feelings present in the con-
versation. Second, the authors conducted a cross-
check review, where each validated the reconstruc-
tions and multi-label annotations done by the other.
During this phase, both primary and supplemen-
tary emotion labels were often revised to better
align with the new emotional trajectory of the re-
constructed dialogues. Finally, any disagreements
were resolved through a joint review session to
reach a final, unified consensus on every dialogue,
ensuring the naturalness, cultural appropriateness,
and annotation validity of all 1,280 adapted dia-
logues.

3.2 Handcrafting for Culture-Specific
Emotions

To create unambiguous test cases for concepts en-
tirely absent from the source data, we also hand-
crafted an additional 80 dialogues. These dialogues
are intentionally single-label, designed to test the
uniquely Korean emotions of ‘jeong’ and ‘han’ (Ka,
2010). This design allows for a focused evaluation
of a model’s ability to recognize these specific,
culturally-rich concepts without the confounding
factor of mixed emotions. All materials, includ-
ing the original ED dataset, are used under the CC
BY-NC 4.0 license.
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3.3 Benchmark Characteristics

The final KoED benchmark, a product of our re-
construction and annotation pipeline, comprises
1,360 high-quality dialogues. The dataset is bal-
anced across 34 emotion categories—the 32 orig-
inal ED emotions plus the two uniquely Korean
emotions, ‘jeong’ and ‘han’—with 40 dialogues
per category. This balanced design ensures that our
cross-cultural evaluation is robust and not skewed
by any particular emotion.

A key feature of KoED is its emotional granular-
ity. Our multi-label annotation approach resulted
in 555 unique combinations of primary and sup-
plementary emotions, providing a rich representa-
tion of the complex, mixed feelings often found
in authentic conversations. This stands in contrast
to single-label benchmarks and allows for a more
nuanced assessment of a model’s emotional intelli-
gence.

Crucially, KoED is designed as a benchmark
solely for evaluation, not for model training. As
such, it is presented as a single dataset without
predefined train/dev/test splits. This encourages a
standardized, zero-shot evaluation setting, allowing
for a direct and fair comparison of different models’
abilities to navigate a new cultural context. To pro-
vide a clear picture of our methodology, we present
concrete examples for each of the three reconstruc-
tion categories: a SIMPLY-TRANSFERRED case
(Figure 4), a pivotal CONTEXT-MODIFIED case
(Figure 5), and a culturally dissonant SAMPLE-
REMOVED case (Figure 6).

4 Experiment

To empirically investigate the "cultural empathy
gap" and test our hypothesis regarding the "data
provenance effect", we designed a series of experi-
ments centered on a controlled, cross-cultural com-
parison. In this section, we detail our experimen-
tal setup, the models selected to represent diverse
cultural provenances, and the metrics designed to
quantify empathetic and cultural competence.

4.1 Experimental Setup

Models To empirically test our hypothesis regard-
ing the "data provenance effect", we strategically
selected a suite of open-source models with distinct,
verifiable data provenances. We selected Meta-
Llama-3.1-8B-Instruct (Dubey et al., 2024) and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) as rep-
resentatives of models developed within a predom-

inantly Western context. This choice is grounded
in their data composition: their pre-training cor-
pora are heavily English-dominant, with over 95%
of Llama 3’s pre-training data being English, ac-
cording to its official model card. As a point of
contrast representing a non-Western but major lin-
guistic sphere, we included Qwen2-7B-Instruct
(Qwen Team, 2024), a model whose training was
informed by a large-scale multilingual corpus with
a significant Chinese component. Critically, to iso-
late the effect of deep, target-culture alignment,
we included EXAONE-3.0-7.8B-Instruct (LG AI
Research, 2024), a model distinguished by its pre-
training on one of the world’s largest high-quality
Korean corpora, including 45 million professional
documents. This curated selection provides a con-
trolled setup to compare Western-centric, East
Asian-aligned, and Korean-specialized models. To
benchmark these models against the state-of-the-
art, Claude-3.5-sonnet (Anthropic, 2024) was in-
cluded as a high-performance baseline for the re-
sponse generation task. Separately, GPT-4o (Ope-
nAI, 2024) was employed exclusively as our auto-
mated evaluator to score the quality of all generated
responses.

Generation Setting For empathetic response
generation, all models were set to a temperature of
1 for output diversity and limited to a maximum of
256 tokens. All experiments were conducted on a
single RTX 4090 GPU.

Methodology Our experimental methodology
employs a unified, two-stage prompting pipeline
for both tasks: emotion recognition and empathetic
response generation. This approach, adapted from
Qian et al. (2023), allows us to first test a model’s
cultural perception and then evaluate its subsequent
behavioral response based on that perception. Stage
1: Emotion Recognition (Cultural Perception Task).
In the first stage, we test a model’s ability to inter-
pret the emotional context within a specific cultural
framework. Instead of relying on a model’s internal
(and potentially biased) knowledge, we provide it
with the complete list of 34 emotion labels from
our benchmark, including the culturally-specific
concepts of ‘jeong’ and ‘han’. The model’s task
is to select the most relevant emotion(s) from this
explicit list. The accuracy of this selection serves
as the result for our emotion recognition experi-
ment. Stage 2: Empathetic Response Generation
(Behavioral Response Task). In the second stage,
the model is tasked with generating an empathetic
response. Critically, this response is conditioned
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Model | Dataset ED (English-based) KoED (Korean-adapted)
Without jeong, han With translated jeong, han Without jeong, han With jeong, han

Meta-Llama-3.1-8B-Instruct 34.53% 30.74% 32.19% 28.53%

Mistral-7B-Instruct-v0.3 39.38% 36.40% 33.52% 31.10%

Qwen2-7B-Instruct 32.73% 30.74% 25.70% 22.57%

EXAONE-3.0-7.8B-Instruct 31.41% 29.12% 30.31% 26.18%

Claude-3.5-sonnet 46.17% 42.94% 41.72% 38.31%

Average 36.84% 33.99% 32.69% 29.34%

Table 1: Performance comparison of multilingual models on the emotion recognition task across the ED and KoED
datasets. We test under two conditions: (1) "Without jeong, han": Models were evaluated on the 1,280 dialogues of
the 32 shared emotions, with only these 32 emotions provided as recognition candidates. (2) "With jeong, han":
Models were evaluated on all 1,360 dialogues, with the full list of 34 emotions (including descriptions for jeong and
han, translated for the ED condition) provided as recognition candidates. This comparison reveals the impact of
introducing culture-specific concepts on model performance.

on the emotion(s) it identified in Stage 1. This al-
lows us to evaluate how a model’s initial cultural
interpretation directly influences its subsequent em-
pathetic behavior. To ensure we are evaluating cul-
tural adaptation rather than a model’s default behav-
ior, we prepend a clear instruction to every prompt,
adapted from Wang et al. (2024):

Task Definition: This is a Korean/English empathetic dialogue task. . . .

This unified pipeline provides a rigorous frame-
work to assess the full cycle of multicultural em-
pathy: from perception to action. The complete
prompt structure is detailed in Appendix A.

Evaluation Metrics A major challenge in eval-
uating empathetic responses is their subjective na-
ture, which makes objective measurement difficult.
To address this, we developed a holistic evalua-
tion framework, leveraging LLM-based assessment
methodologies (Liu et al., 2023b; Ye et al., 2024).
The framework is centered on five key indicators,
each rated on a 5-point Likert scale:

1. Explorations (EX): How deeply does the
model explore the interlocutor’s situation and
emotions?

2. Interpretations (IP): How accurately does
the model understand and interpret the other
party’s emotions and situation?

3. Emotional Reactions (ER): How appropri-
ate is the model’s emotional response to the
situation?

4. Evoked Emotion Alignment (EEA): How
similar is the model’s emotional response to
that of a typical person?

5. Cultural Appropriateness (CA): How well
does the model reflect the norms of the spec-
ified [Korean/English] culture and maintain
grammatical integrity?

The EX, IP, and ER metrics are adapted from the
multifaceted framework of Sharma et al. (2020),
while the EEA metric follows the concept from
Huang et al. (2023). Our novel Cultural Appropri-
ateness (CA) metric was specifically designed to
assess alignment with cultural norms and serves as
our primary metric for quantifying the "cultural em-
pathy gap". The detailed scoring rubrics for these
indicators are specified in Figures 9 through 13.
Evaluation was performed by both an automated
evaluator (GPT-4o) and a human panel. The panel
consisted of four native Korean speakers (two men,
two women), aged between 25 and 29, all holding
at least a bachelor’s degree from diverse academic
backgrounds spanning the social sciences, natural
sciences, and engineering. This demographic di-
versity helps ensure that the evaluations are not
biased by a single disciplinary perspective. All hu-
man participants were compensated ($0.1 per data
point), participated voluntarily, and provided in-
formed consent for their anonymized ratings to be
used in this research. To ensure reliability, both hu-
man and automated evaluators used the identical,
detailed rubric provided in Appendix B.

4.2 Emotion Recognition
As a foundational test of cultural perception—the
first stage of empathy—we conducted an emotion
recognition experiment. The goal was to quantify
whether models’ ability to identify emotions is con-
sistent across different cultural contexts.
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Experimental Design. We evaluated five mod-
els on both ED and KoED under two conditions,
using our multi-label annotations as the ground
truth for both datasets to ensure a fair comparison.
(1) Shared Emotions: We used the 1,280 dialogues
of the 32 shared emotions. (2) All Emotions: We
used all 1,360 dialogues, which involved adding
English translations of our 80 handcrafted ‘jeong’
and ‘han’ dialogues to the ED set. The task required
models to predict a single, most representative emo-
tion for each dialogue. A prediction was marked as
correct if it matched any of the ground-truth labels
(either primary or supplementary), accommodat-
ing the multi-label nature of our dataset. This task
was executed using the first stage of our prompting
pipeline, modified to output only one emotion.

Results and Interpretation. The results, de-
tailed in Table 1, reveal a consistent and significant
trend. Across both conditions, all models achieved
higher accuracy on the US-centric ED dataset than
on the culturally-reconstructed KoED dataset. The
average accuracy dropped from 36.84% (ED) to
32.69% (KoED) in the shared emotions condition,
and this gap widened slightly from 33.99% (ED)
to 29.34% (KoED) when culture-specific concepts
were introduced.

This performance degradation on the culturally-
adapted dataset provides the initial empirical ev-
idence for the "cultural empathy gap". The fact
that this gap exists even when evaluating shared
emotions suggests that the issue transcends simple
vocabulary; models struggle to interpret the nu-
ances of how these emotions are expressed within
a Korean cultural context. The consistent under-
performance across all models points to a systemic
limitation in their current multicultural capabilities.

4.3 Empathetic Response Generation

Model EX IP ER EEA CA
Llama-3.1 2.58 2.85 2.80 2.77 2.94
Mistral 2.67 2.41 2.33 2.19 2.04
Qwen-2 2.47 2.42 2.25 2.22 2.14
EXAONE 2.84 3.37 3.34 3.40 3.71
Claude-3.5-sonnet 4.14 4.54 4.41 4.45 4.64

Table 2: Human evaluation results for empathetic re-
sponse generation on the KoED dataset. The scores
represent the average ratings given by four evaluators
(rounded to two decimal places) on a 5-point Likert
scale across five evaluation dimensions.

Moving from cultural perception to action, we
next evaluated the models’ ability to generate em-

pathetic responses. The experiment followed the
two-stage pipeline described in our methodology,
where models first identified emotions (Stage 1)
and then generated a response conditioned on their
own perception (Stage 2).

Evidence of the "Cultural Empathy Gap".
The results from both automated and human eval-
uations provide decisive evidence of the "cultural
empathy gap" in response generation. The auto-
mated evaluation scores (Figure 2) show a clear
trend: all open-source models suffered a signifi-
cant performance degradation when moving from
the US-centric ED to the culturally-reconstructed
KoED. This drop was particularly pronounced on
our primary metric, Cultural Appropriateness (CA),
confirming that models struggle to align their re-
sponses with Korean interactional norms. The hu-
man evaluation results on KoED (Table 2) reveal
these difficulties in greater detail: not only Western-
developed models such as Llama-3.1 and Mistral,
but also Qwen-2, which was developed in China
— an East Asian cultural context — scored signifi-
cantly lower on CA compared to other metrics.

Support for the "Data Provenance Effect"
Hypothesis. Furthermore, the results offer com-
pelling support for our "data provenance effect" hy-
pothesis. As shown in both automated and human
evaluations, the Korean-centric model, EXAONE,
consistently outperformed other open-source mod-
els on the KoED dataset. While Claude-3.5-sonnet
remained the top performer overall, EXAONE’s
score on the crucial CA metric (3.71 in human
evaluation) was dramatically higher than that of its
open-source peers and approached the level of the
state-of-the-art commercial model. This outcome
strongly suggests that pre-training on a large cor-
pus of culturally-relevant data is a critical factor in
a model’s ability to produce genuinely empathetic
and culturally appropriate responses.

Isolating the Cultural Factor from Linguistic
Proficiency. A critical consideration is whether the
observed performance gap on KoED stems from
a lack of cultural understanding or simply weaker
Korean linguistic proficiency. The unique perfor-
mance of EXAONE provides compelling evidence
for the former. Despite being a 7.8B model, com-
parable in scale to Llama-3.1 (8B) and Mistral
(7B), its Cultural Appropriateness (CA) score of
3.71 in human evaluations dramatically surpasses
its peers (Llama: 2.94, Mistral: 2.04). If linguis-
tic skill at a given model scale were the primary
determinant, their performances should have been
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Figure 2: Qualitative performance of each language model in generating empathetic responses. The figure presents
the average scores assigned by GPT-4o to the responses generated by various models on two datasets: the original
ED dataset (indicated by blue dots) and the culturally adapted KoED dataset (indicated by red dots). These scores
reflect the models’ ability to produce responses that are both emotionally and culturally appropriate, highlighting
differences in performance across the two datasets.

similar. EXAONE’s anomalous success on a metric
specifically designed to measure cultural alignment,
bringing it closer to the state-of-the-art Claude-3.5-
sonnet (4.64) than to its own size-class, strongly
suggests that the "data provenance effect" is not
merely a linguistic artifact. It is a distinct cultural
advantage conferred by pre-training on a deeply
aligned corpus.

Implications of Scale on the Cultural Empa-
thy Gap. The significant performance gap between
the open-source models and the proprietary base-
line, Claude-3.5-sonnet, warrants discussion. On
one hand, the superior performance of a much
larger model like Claude-3.5-sonnet may suggest
that at a massive scale, models are exposed to
enough diverse data to begin approximating cul-
tural norms, thereby shrinking the cultural gap
through superior general reasoning. However, our
findings with EXAONE offer a crucial nuance. The
fact that a modest 7.8B model can achieve a Cul-
tural Appropriateness score that dramatically sur-
passes its similarly-sized peers and significantly
closes the gap with Claude indicates that direct
cultural alignment is a more efficient, and perhaps
more effective, path to genuine cultural competence
than scale alone. While scale may be a mitigator,
it does not appear to be a panacea for the cultural
empathy gap; culturally-aligned data remains a key
ingredient.

Evaluation Reliability. To validate our evalua-
tion process, we measured the consistency of our
human ratings. The inter-evaluator agreement was

very high, with an Intraclass Correlation Coeffi-
cient (ICC(2,4)) of 0.884 (Shrout and Fleiss, 1979).
Additionally, the Spearman correlation coefficient
between the human panel’s average scores and the
GPT-4o automated scores was 0.649 (Spearman,
1961), indicating a moderate-to-strong positive cor-
relation and affirming the reliability of our auto-
mated evaluation as a proxy for human judgment.
Overall, these findings confirm that multicultural
empathy requires more than just linguistic fluency;
it necessitates a deep, culturally-grounded under-
standing—one that is significantly influenced by
a model’s training background and cannot be ex-
plained by linguistic capability alone.

5 In-Depth Analysis: Probing the Limits
of Cultural Comprehension

Having established the existence of a "cultural em-
pathy gap", we now conduct an in-depth analysis
to probe its underlying reasons. We focus on the
most challenging test cases in our benchmark—the
culturally-specific emotions of jeong and han—to
investigate how LLMs process concepts that lack
direct parallels in their primary training data.

5.1 Can Explicit Prompts Teach Culture?
To test whether a model’s cultural knowledge
deficit can be compensated for by explicit instruc-
tion, we designed a controlled experiment. We eval-
uated five models’ recognition accuracy for jeong
and han under four prompting conditions, each pro-
viding a different level of contextual information:

798



Figure 3: Comparative analysis of recognition accuracy
for the Korean-specific emotions “jeong” and “han” un-
der varying annotation conditions. The figure shows how
models’ average performance improves with increasing
contextual information—from no description (UN) to
simple descriptions (SIMPLE), and further to detailed
explanations in Korean (KR) and English (EN), with the
most notable gains observed under the KR condition.

Undescribed (UN): Providing only the words,
testing the model’s pre-existing knowledge.

Without Description (UN):

정,한

Translation:

Jeong, Han

Simply-described (SIMPLE): Providing a min-
imal tag to identify the concepts as culturally
unique.

With Korean Description (SIMPLE):

정 (한국고유의감정),
한 (한국고유의감정)

Translation:

Jeong (Unique Korean emotions),
Han (Unique Korean emotions)

Korean-described (KR): Providing a detailed,
official definition in the original language from the
Standard Korean Language Dictionary.

With Korean Description (KR):
정 (느끼어 일어나는 마음 혹은 사랑이나 친근감을 느끼는 마음), 한
(몹시원망스럽고억울하거나안타깝고슬퍼응어리진마음)

English-described (EN): Providing an English
translation of the KR definition using DeepL.

With English Description (EN):
Jeong (A feeling that arises in one’s heart, or a feeling of love or affinity),
Han (A feeling of bitter resentment, injustice, pity, or sadness)

The results, shown in Figure 3, reveal a clear
pattern: providing more context improves perfor-
mance. Accuracy is near-zero under the UN condi-
tion, underscoring that these concepts are not part

of the models’ inherent knowledge base. Perfor-
mance significantly improves as descriptions are
added, with the most substantial gains occurring un-
der the KR (native language) condition. This high-
lights the importance of providing cultural knowl-
edge in its original linguistic form.

However, the most critical finding lies in the
performance ceiling. Even under the optimal KR
condition, the peak recognition accuracy remains
strikingly low (17.7% for jeong and 13.5% for han).
This suggests a fundamental limitation: while ex-
plicit prompting can provide surface-level pattern
matching cues, it fails to instill the deep, contextual
understanding required to genuinely comprehend
concepts like jeong and han. The models appear
to be performing a sophisticated form of lexical
matching rather than true cultural reasoning. This
finding challenges the notion that cultural compe-
tence can be simply "injected" at inference time and
points towards the necessity of incorporating such
knowledge during the pre-training phase itself.

6 Conclusion

In this paper, we challenged the notion that mul-
tilingual competence equates to multicultural un-
derstanding, testing this in the nuanced, high-
stakes domain of empathetic dialogue. By intro-
ducing KoED, a benchmark meticulously recon-
structed—not translated—from the English ED
dataset, we created a controlled environment for
cross-cultural evaluation. Our experiments pro-
vided direct empirical evidence of a "cultural em-
pathy gap", revealing that LLMs fail to transfer
empathetic capabilities from a US-centric to a Ko-
rean context. Crucially, we demonstrated this gap is
not a mere linguistic artifact but is strongly linked
to the "data provenance effect," as evidenced by
the Korean-centric model EXAONE. Its superior
cultural appropriateness, despite its modest scale,
cannot be explained by language proficiency alone
and suggests that authentic multicultural empathy
is a direct, and more efficiently achieved, function
of culturally-aligned pre-training, not simply an
emergent property of scale. Ultimately, our work
provides both a new benchmark (KoED) and a clear
methodology for probing the cultural limitations
of LLMs. We have shown that to build truly em-
pathetic AI, the field must move beyond culturally
monolithic paradigms, prioritizing deep cultural
alignment over mere linguistic fluency.
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Limitations

While this study provides strong empirical evidence
for the "cultural empathy gap", we acknowledge
several limitations that define the boundaries of
our claims and offer important avenues for future
research.

First, and most critically, our experimental de-
sign, which compares model performance on an En-
glish benchmark (ED) versus a Korean one (KoED),
inherently conflates cultural and linguistic factors.
A performance drop on KoED could be attributed to
a model’s failure to grasp Korean cultural nuances
(our central claim), but also, in part, to weaker
general linguistic proficiency in Korean. While we
cannot fully disentangle these variables, our analy-
sis in Section 4.3 provides strong evidence that the
cultural component is a decisive factor. The Korean-
centric model EXAONE, despite its modest scale,
achieved a Cultural Appropriateness score far ex-
ceeding its similarly-sized peers and approaching
the state-of-the-art. This result cannot be explained
by linguistic proficiency alone and strongly sup-
ports our conclusion that a genuine "cultural empa-
thy gap" exists, driven by the cultural alignment of
pre-training data.

Second, our evidence for the "data provenance
effect" hinges on a single, albeit powerful, case
study of EXAONE. While EXAONE’s dramatically
superior performance in cultural appropriateness
provides compelling support for our hypothesis,
it does not constitute definitive proof of a univer-
sal principle applicable to all non-Western mod-
els. A more comprehensive study is needed to test
the generalizability of our findings. This would
involve a broader comparative analysis including
other culturally-specialized models developed for
different non-Western contexts (e.g., models spe-
cialized for Japanese, Arabic, or Hindi) to see if a
similar "home-ground advantage" in cultural com-
petence consistently emerges.

Third, while our cultural reconstruction method-
ology is a significant advance over direct transla-
tion, KoED is not a substitute for a corpus created
natively from the ground up. The original situations
and emotional prompts from the ED dataset still
provide the thematic scaffolding for KoED. Con-
sequently, our benchmark may not capture certain
types of empathetic conversations or emotional sce-
narios that are unique to the Korean experience
and would only arise in a natively generated cor-
pus. The development of such large-scale, natively-

created empathetic dialogue datasets for diverse
cultures represents a critical and necessary next
frontier for the field, and our work highlights the
urgent need for such resources.
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A Generation and Recognition Prompt

This section details the unified prompt template
used for both of our primary tasks: emotion recog-
nition and empathetic response generation. The
prompt is designed as a versatile, two-stage process,
illustrated in Figure 7. The crucial modification lies
in the instruction for Stage 1 (Emotion Inference),
depending on the specific task being performed:

• For the Emotion Recognition Task (Section
4.2): The model is instructed to analyze the
dialogue and select only a single most repre-
sentative emotion from the predefined list of

34. The model’s process stops here for this
task.

• For the Empathetic Response Generation
Task (Section 4.3): The model is instructed
to select up to four candidate emotions from
the same list to build a rich understanding of
the context.

Stage 2 (Response Generation) is executed only for
the response generation task. The model’s objective
is to generate the final Listener response based on
the emotion(s) it inferred in Stage 1. To standardize
this task across dialogues of varying lengths, the
following procedure is applied:

• If a conversation context ends on a Speaker’s
turn (an odd number of utterances), the model
is prompted to generate a new, subsequent
Listener response for the next turn.

• If a conversation context already ends on a
Listener’s turn (an even number of utterances),
the final ground-truth utterance is removed.
The model is then tasked with regenerating
this utterance based on the preceding context
and its own emotional inference from Stage 1.

This versatile two-stage process allows us to use a
consistent framework to first test perception, then
action.

B Evaluation Prompt and Rubrics

This section outlines the prompts used for both
automated (GPT-4o) and human evaluation of the
generated responses. The model’s performance was
assessed using five key metrics: Explorations (EX),
Interpretations (IP), Emotional Reactions (ER),
Evoked Emotion Alignment (EEA), and Cultural
Appropriateness (CA). Figure 8 shows the common
task instructions provided for each metric. Figures
9, 10, 11, 12, and 13 detail the specific 5-point
Likert scale rubrics used for scoring. These same
rubrics were provided to the human evaluators to
ensure consistency during the qualitative assess-
ments.
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KoED Data Sample: A Prime Example of SIMPLY-TRANSFERRED

conv_id: "hit:497_conv:994"
Emotion Labels: ["anticipating", "excited"]
Situation: I can’t wait for the weekend. I am going to Disney World in Florida.

Dialogue Reconstruction Highlighting Cultural Adaptation

Turn 1 Speaker A:
[Original ED]: I cant wait for next weekend. I am going to Disney World here in Florida.
[KoED]: 다음주말이너무기다려져.용인에버랜드에가기로했거든.

Turn 2 Speaker B:
[Original ED]: That sounds super fun, I love florida and orlando its quite awesome.
[KoED]: 오,좋겠다.용인볼거리진짜많지. T-익스프레스타려고?푸바오는볼거야?

Turn 3 Speaker A:
[Original ED]: Yes it is. I live in Orlando, but rarely go to the attractions so its long overdue.
[KoED]: 응,맞아!제대로즐겨야지.사실나용인살면서도에버랜드자주안갔거든.그래서
이번엔오랜만에가는거야.

Turn 4 Speaker B:
[Original ED]: Yea thats fair, I could imagine if they are so near by you wouldnt care about them.
[KoED]: 맞아,가까이있으면오히려잘안가게되더라.나도집근처놀이공원 1년에한번
갈까말까야.

Figure 4: An example of a SIMPLY-TRANSFERRED dialogue. This adaptation focuses on direct, word-level
cultural substitution of named entities to maintain local relevance, preserving the original topic and trajectory. This
is a common pattern for substituting entities (e.g., ’Uber’ → ’Kakao Taxi’). In this example, the core topic (visiting
an amusement park) is preserved in Turn 1 by replacing "Disney World in Florida" with its culturally equivalent
counterpart, "용인에버랜드" (Everland in Yongin). The subsequent turns demonstrate a parallel conversational
structure that logically follows this substitution: in Turn 2, the discussion about "Orlando" naturally pivots to famous
attractions at Everland, "T-익스프레스" (T-Express) and "푸바오" (Fubao). The core conversational logic (e.g.,
"living nearby but rarely visiting" in Turn 3) and the overall trajectory remain identical to the original. This
contrasts with the CONTEXT-MODIFIED example (Fig. 5), where introducing a new cultural element ("seaweed
soup") fundamentally alters the dialogue’s path rather than simply translating the existing one.
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KoED Data Sample: A Prime Example of CONTEXT-MODIFIED

conv_id: "hit:46_conv:92"
Emotion Labels: ["excited", "anticipating"]
Situation: Today is my birthday. I’m excited about messages and gifts.

Dialogue Reconstruction Highlighting Cultural Adaptation

Turn 1 Speaker A:
[Original ED]: Today is my birthday! I am 34!
[KoED]: 오늘내생일이야!서른넷됐어!

Turn 2 Speaker B:
[Original ED]: Happy Birthday!!!! What are you going to do for it?
[KoED]: 생일축하해!!!!오늘뭐할거야?

Turn 3 Speaker A:
[Original ED]: Nothing today since its Thursday, hopefully I can bar hop this weekend. Waiting
for gifts today.
[KoED]: 평일이라오늘은조용히보내고,주말에친구들이랑술자리가질까해.지금은카톡
축하메시지만기다리는중.

Turn 4 Speaker B: (Pivotal Cultural Modification)
[Original ED]: I hope you get lots and lots! [of gifts]
[KoED]: 아, 그렇구나. 생일을 2번 즐길 수 있네! 그럼 지금 카톡 알림음 들릴 때마다

설레겠다.ㅎㅎ그나저나아침에미역국은먹었어?

Turn 5 Speaker A: (Conversation Diverges Based on New Context)
[Original ED]: me too. I love goodies.
[KoED]: 아직인데,오늘이따회사구내식당에서마침미역국이나오더라고.

Turn 6 Speaker B:
[Original ED]: That’s great! Looks like your company is taking care of you. Happy birthday
again!
[KoED]: 회사에서챙겨주는것같네!기분좋겠다.다시한번축하하고생일잘보내~

Figure 5: An example of a CONTEXT-MODIFIED dialogue. The reconstruction aims to preserve the original
conversation’s core emotional theme (excitement, anticipation) and trajectory, while going beyond simple local-
ization. For instance, in Turn 3, bar hop—a specific activity of moving between pubs, which is less common
in Korea—is culturally adapted to 술자리 (suljari), the more resonant and general concept of a social drinking
gathering. The pivotal modification, however, occurs in Turn 4, where the generic English wish for gifts is replaced
with a culturally-specific Korean question: "Did you have seaweed soup (미역국) this morning?". Eating seaweed
soup is a deep-rooted birthday tradition in Korea. This single change fundamentally alters the conversational
context while staying true to the initial empathetic goal, as seen in the subsequent turns (5 and 6), demonstrating
a true cultural adaptation rather than a mere translation.
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KoED Data Sample: A Prime Example of SAMPLE-REMOVED

conv_id: "hit:104_conv:208"
Emotion Labels: ["angry"]
Situation: some guys shot my neighbour and ran into the woods

Original Dialogue (Filtered during KoED Curation)

Turn 1 Speaker A:
[Original ED]: i just moved to this neighborhood and some dumb criminals shot one of my
neighbors and ran into the woods!

Turn 2 Speaker B:
[Original ED]: Thats not good. Do you own a gun?

Turn 3 Speaker A:
[Original ED]: I do! I want to be able to protect my son

Turn 4 Speaker B:
[Original ED]: That is always number one goal.

Figure 6: An example of a SAMPLE-REMOVED dialogue. This conversation was entirely excluded from the
KoED dataset as its core topic is culturally dissonant and does not align with common Korean sentiment or daily
experience. The dialogue, which begins in Turn 1 with a report of a neighborhood shooting, pivots in Turn 2 to
a discussion about personal gun ownership ("Do you own a gun?"). This topic, while prevalent in some cultures
(like the U.S.), is highly sensitive and largely irrelevant in the South Korean context, where civilian gun ownership
is extremely rare and strictly regulated. A direct translation would be unrelatable, and a cultural adaptation (e.g.,
changing the weapon) would either escalate the situation unnaturally or trivialize the original’s context. To maintain
the dataset’s cultural integrity and relatability, such samples were filtered and removed during the curation
process. Notably, because these samples were discarded before our main annotation phase, they did not undergo the
subsequent multi-emotion labeling applied to the final KoED corpus and thus retain their original single emotion
label.
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Prompt Template for Empathetic Response Generation

Task Definition:
This is a/an {Korean / English} empathetic dialogue task: The first worker (Speaker) is given
an emotion label and writes his own description of a situation when he has felt that way. Then,
Speaker tells his story in a conversation with a second worker (Listener). The emotion label and
situation of Speaker are invisible to Listener. Listener should recognize and acknowledge others’
feelings in a conversation as much as possible.

Guideline Instruction:
Now you play the role of Listener, please give the corresponding response according to the existing
context. You only need to provide the next round of response of Listener.

List of 34 Emotions:
Afraid (두려움), Angry (화남), Annoyed (짜증남), Anticipating (기대됨), Anxious (불안함),
Apprehensive (염려됨), Ashamed (부끄러움), Caring (보살핌), Confident (자신감), Content
(만족함), Devastated (충격받음), Disappointed (실망함), Disgusted (역겨움), Embarrassed (당황
함), Excited (흥분됨), Faithful (충실함), Furious (격노함), Grateful (감사함), Guilty (죄책감),
Hopeful (희망적), Impressed (감명받음), Jealous (질투남), Joyful (기쁨), Lonely (외로움),
Nostalgic (향수에 젖음), Prepared (준비됨), Proud (자랑스러움), Sad (슬픔), Sentimental
(감상적), Surprised (놀람), Terrified (겁에 질림), Trusting (신뢰함), 정(한국 고유의 정서), 한
(한국고유의정서)

1. Do not use any emotion terms other than the 34 basic emotions listed above.
2. Combinations or mixtures of emotions are allowed.
3. Select up to 4 emotions that best describe the Speaker’s emotional state.

Dialogue:
[dialogue]

Stage 1:
1. Analyze the given dialogue to identify the Speaker’s complex emotional state.
2. Specify the identified emotions using multiple labels from the 34 emotions listed above. Select
all that apply, with no minimum or maximum limit.
(STOP HERE. Do NOT proceed to steps 3 and 4 yet. Only identify the emotion at this stage.)

Stage 2:
Identified Emotions: [identified emotions]
Generate the next {Korean / English} empathetic response based on the identified emotions.

Figure 7: Prompt template for empathetic response generation and emotion identification. This two-stage pro-
cess instructs the model first to analyze the dialogue and select relevant emotions from a predefined list of 34
emotions—including culturally specific emotions such as ‘jeong’ and ‘han’—and then to generate an empathetic
response based on the identified emotions.
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You will be given one response for one dialogue.
Your task is to rate the response based on the criteria provided.
Please make sure you read and understand these criteria carefully. Refer back to them as needed
during your evaluation.

Dialogue:
[dialogue]

Empathetic Response:
[empathetic response]

Please give feedback on the listener’s responses. Also, provide the listener with a score
on a scale of 1 to 5 for the {criterion}, where a higher score indicates better overall performance.
Make sure to give feedback or comments for the {criterion} first and then write the score for the
{criterion} .

Response Format:
Feedback: [Your feedback here]
Score: [1-5]

Figure 8: Prompt template for evaluating empathetic responses. This template provides detailed guidelines for
assessing a response based on five key metrics: Explorations, Interpretations, Emotional Reactions, Evoked Emotion
Alignment, and Cultural Appropriateness.

Score 1: No attempt to explore the interlocutor’s emotions or experiences, showing no additional
inquiry or interest.
Score 2: General attempts at exploration are made, but they are not specific or fail to delve deeply
into the interlocutor’s situation.
Score 3: Somewhat specific exploration is attempted, but it lacks depth or completeness.
Score 4: The response makes a fairly specific and clear attempt to explore the interlocutor’s feelings
or experiences.
Score 5: The response makes a very specific and thoughtful attempt to understand the interlocutor’s
emotions and experiences deeply.

Figure 9: Evaluation rubric for Explorations (EX) in empathetic response assessment. This rubric specifies the
criteria for evaluating how thoroughly the model explores the dialogue context and the speaker’s emotional state.
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Score 1: The response does not show any acknowledgment or interpretation of the interlocutor’s
feelings or experiences.
Score 2: The response acknowledges the interlocutor’s situation or feelings but does so at a very
surface level.
Score 3: The response shows some understanding of the interlocutor’s feelings or experiences, but
it lacks depth.
Score 4: The response provides a fairly deep interpretation of the interlocutor’s emotions and
experiences, showing considerable understanding.
Score 5: The response offers a very deep and clear interpretation, fully conveying an understanding
of the interlocutor’s feelings and experiences.

Figure 10: Evaluation rubric for Interpretations (IP) in empathetic response assessment. This rubric outlines the
criteria for assessing the model’s accuracy in understanding and interpreting the speaker’s emotions and context.

Score 1: The response lacks any expression of emotional reactions, warmth, compassion, or con-
cern.
Score 2: Emotional reactions are present but are either unclear or insufficiently warm or compas-
sionate.
Score 3: The response shows some emotional reaction but lacks sufficient depth or warmth.
Score 4: The response expresses a significant level of emotional reaction, showing warmth, concern,
and deep compassion for the interlocutor’s situation.
Score 5: The response shows a very deep and warm emotional reaction, displaying strong empathy
and concern for the interlocutor’s situation.

Figure 11: Evaluation rubric for Emotional Reactions (ER) in empathetic response assessment. This rubric details
the criteria used to evaluate the appropriateness of the model’s emotional response to the conversation.

Score 1: The response fails to recognize the interlocutor’s emotional state and may respond with
an inappropriate emotional tone, potentially exacerbating negative feelings.
Score 2: The response minimally recognizes the interlocutor’s emotional state but reacts insuffi-
ciently, resulting in little to no noticeable change in the interlocutor’s emotions.
Score 3: The response acknowledges the emotional state and partially addresses it, but falls short
of a fully appropriate reaction, leading to a moderate change in the interlocutor’s emotional state.
Score 4: The response accurately recognizes the emotional state and effectively addresses it,
alleviating some of the negative feelings or appropriately balancing overly excited emotions.
Score 5: The response demonstrates highly accurate recognition of the emotional state, perfectly
aligns its response, and effectively modulates the emotional state, providing clear emotional relief
or balance when needed.

Figure 12: Evaluation rubric for Evoked Emotion Alignment (EEA) in empathetic response assessment. This rubric
defines the criteria for comparing the model’s generated emotional response to those typically observed in human
responses.
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Score 1: The response is very disconnected from language culture and contains significant gram-
matical errors, leading to potential cultural misunderstandings.
Score 2: The response somewhat misaligns with language culture and has some grammatical issues,
with insufficient reflection of cultural context and expression.
Score 3: The response generally aligns with language culture and is grammatically correct with no
major issues, but some expressions or grammatical usage may feel slightly awkward or incomplete.
Score 4: The response mostly aligns with language culture and is grammatically appropriate,
reflecting cultural context and expression well.
Score 5: The response perfectly aligns with language culture and is grammatically accurate and
natural, fully reflecting traditions, customs, and social expectations.

Figure 13: Evaluation rubric for Cultural Appropriateness (CA) in empathetic response assessment. This rubric
presents the criteria for evaluating how well the model’s response reflects the cultural context and maintains linguistic
accuracy.
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