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Abstract

Empathy—the ability to understand and respond to others’ emotions and perspectives—is
a key communication skill for humans; however, it is under-explored within current con-
versational systems. While large language models (LLMs) have demonstrated a remarkable
capability to generate coherent and contextually relevant output, they often struggle to
exhibit genuine empathy, resulting in artificial and dull responses, particularly in low-
resource languages such as Arabic. Notably, the research on empathetic conversational
systems in Arabic is still in its early stages, mainly due to the scarcity of open-domain
conversational data. To address this gap, we introduce Arabic Empathetic Conversations
(AEConvs), a genuine Arabic conversational dataset featuring more than 4K open-domain
dyadic empathetic conversations. This dataset provides a valuable resource that captures
nuanced emotional and empathetic cues in the Arabic language. Using AEConvs, we
evaluate and compare the empathetic capabilities of two state-of-the-art generative Arabic
LLMs—AceGPT-chat and Jais-chat—under zero-shot and fine-tuning training settings. Hu-
man evaluation results demonstrate that while both models exhibit some form of empathy
in zero-shot settings, fine-tuning on AEConvs improved their ability to generate more
fine-grained empathetic responses while also yielding enhancements in fluency and context
adherence. Additionally, automatic evaluation indicated improved language modeling
and better lexical and semantic similarity with human reference responses. This study
highlights the importance of culturally and linguistically tailored datasets in advancing em-
pathetic conversational AI. We publicly release the AEConvs dataset, providing a valuable
resource for future advancements in the field.

Keywords: Arabic; conversations; dataset; empathy; large language models; natural
language processing; text generation

1. Introduction
Empathy is an innate cognitive ability that enables humans to recognize and com-

prehend others’ emotional states through perspective-taking. It plays a vital role in social
interactions by strengthening emotional bonds, fostering trust, and nurturing compassion.
Furthermore, empathy is integral to everyday conversation, as people share experiences
and emotions, reinforcing mutual understanding and connection [1]. Since the term em-
pathy emerged in the late nineteenth century, it has been defined differently across the
diverse disciplines of social psychology, ethics, cognitive science, and clinical psychology.

Data 2026, 11, 85 https://doi.org/10.3390/data11040085

https://crossmark.crossref.org/dialog?doi=10.3390/data11040085&domain=pdf&date_stamp=2026-04-22
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/data
https://www.mdpi.com
https://orcid.org/0009-0002-2604-0951
https://orcid.org/0000-0001-5236-797X
https://doi.org/10.3390/data11040085


Data 2026, 11, 85 2 of 20

For example, Barker 1995 [2] defined empathy as “the act of perceiving, understanding,
experiencing, and responding to the emotional state and ideas of another person.” In
contrast, Hoffman [3] defined empathy as “an affective response more appropriate to
another’s situation than one’s own.” In addition, the concept of empathy encompasses
both affective and cognitive dimensions [1]. Affective empathy is the ability to feel or
mirror—either implicitly or explicitly—another person’s feelings. Cognitive empathy, also
called perspective-taking, entails a deliberate effort to understand and interpret another
person’s situation and implicit feelings without necessarily sharing them. Hence, empathy
requires recognizing and understanding others’ emotional states as well as the ability to
respond to them with sympathy and compassion.

A key challenge in developing human-like conversational models is enabling empathy.
This involves equipping a model with the ability to infer and respond to a user’s emotions,
thereby enabling it to generate more genuine and engaging responses. This response
generation process requires modeling cognitive and affective states, making it a complex
generative challenge beyond mere emotion or sentiment detection. Empathetic responses
have the potential to revolutionize various fields, including education, customer service,
entertainment, and healthcare. Although English language research has increased in this
domain, there remains a gap in the nuanced application of empathy across languages and
cultures, where cultural backgrounds significantly shape how people express emotions
and seek empathy [4,5]. These socio-cultural variations are often overlooked in current
open-domain conversational systems, potentially limiting their effectiveness and scalability.
A significant research gap persists in the study of empathy for Arabic conversational
AI. The scarcity of human-generated conversation datasets that accurately capture their
nuanced communication strategies and empathetic behavior poses a significant barrier to
developing truly emotionally intelligent and culturally sensitive conversational models.

Despite its intensive history, the field of conversational AI has recently witnessed
remarkable advancements driven by the emergence of transformer-based large language
models (LLMs). These language models have shown extraordinary capabilities in a variety
of language understanding and generation tasks. However, most of these models are
mainly tailored for the English language. Although some models exhibit multilingual
capabilities, they still struggle to comprehend the morphological and syntactic charac-
teristics of the Arabic language in particular [6–8]. In recent years, the field of Arabic
language processing has seen increased development of generative Arabic LLMs, such as
AraGPT2 [9] and AraT5 [10]. However, these models are not tailored for following instruc-
tions or maintaining coherent conversations. Only recently has the research community
witnessed the emergence of powerful chat-oriented and instruction-following Arabic gen-
erative LLMs such as Jais-chat [11], AceGPT-chat [12], and ALLaM [13], offering exciting
prospects to advance Arabic applications. Nevertheless, as far as we know, these models
remain untested with respect to their emotional awareness or empathetic capabilities.

In view of these limitations, we present the Arabic Empathetic Conversations (AE-
Convs) —a dataset containing more than 4K open-domain Arabic textual empathetic
conversations. Each conversation in the dataset is conducted between two humans, result-
ing in authentic and natural conversations. In addition, we leverage AEConvs to evaluate
the empathetic capabilities of two recently released Arabic generative LLMs—AceGPT-chat
and Jais-chat—using two learning approaches: zero-shot and fine-tuning. In contrast to
fine-tuning, zero-shot testing evaluates a model’s ability to perform a new task without
explicit training on task-specific examples. This approach leverages the model’s inher-
ent knowledge and capacity to generalize to unseen situations. Despite the relatively
small dataset, automatic and human evaluation results demonstrate that fine-tuning with
AEConvs yields significantly more fine-grained empathetic responses in both models com-
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pared to zero-shot responses, while also enhancing the ability to generate more fluent and
contextually relevant responses. Furthermore, human evaluators found that the fine-tuned
AceGPT-chat responses were more empathetic than Jais-chat in over half of the cases,
suggesting a potential performance advantage for AceGPT-chat for this task.

The main contributions of this study are as follows:

1. We construct a novel Arabic empathetic conversation dataset as a new benchmark.
To the best of our knowledge, AEConvs is the first of its kind to contain genuine
empathetic open-domain conversations written in Modern Standard Arabic (MSA),
the formal and standardized form of language used across the Arabic-speaking world.
The AEConvs dataset is designed to advance research on open-domain conversations,
particularly the development of empathetic conversational models. We believe that
the release of AEConvs is a step toward making Arabic LLMs more emotionally
sensitive and culturally aligned.

2. We provide the first empirical investigation of the empathetic response capabilities of
two state-of-the-art Arabic generative LLMs—AceGPT-chat and Jais-chat—under two
training settings: zero-shot and fine-tuning. Compared to zero-shot baselines, human
evaluation results demonstrate that fine-tuning on AEConvs improved the perfor-
mance of both models in generating empathetic responses, while also improving their
fluency and context-following capabilities. Additionally, the automatic evaluation
indicates improved language modeling and better lexical and semantic similarity with
human reference responses in both models.

The remainder of this study is organized as follows: Section 2 provides an overview of
generative large language models (LLMs) and the recent literature on empathetic response
generation in English and Arabic. Section 3 describes the methodology used to curate the
AEConvs dataset and its relevant statistics. In addition, it details the experimental setup,
including the base models, fine-tuning details, and evaluation metrics. Section 4 presents
and discusses the experimental results and provides a case study with error analysis,
offering a qualitative in-depth examination of model outputs. Finally, Section 5 provides
concluding remarks and future directions.

2. Related Work
This section overviews the current landscape of generative LLMs and explores progress

in empathetic response generation across the English and Arabic languages.

2.1. Large Language Models (LLMs)

Since the introduction of the transformer architecture in 2017 [14], pre-trained LLMs
have fundamentally transformed the field of natural language processing (NLP). These
large models—trained on massive corpora, including published research, web content, and
social media data—demonstrate remarkable proficiency across a wide range of language
comprehension and generation tasks, including sentiment analysis, text translation, and the
generation of coherent conversations. Furthermore, these models have shown impressive
results in zero-shot and few-shot learning, eliminating the need for extensive task-specific
training data [15,16]. More recently, these LLMs have been fine-tuned on datasets with
explicit task instructions, a process known as instruction tuning, and further aligned with
reinforcement learning from human feedback (RLHF) in order to generate more helpful
and human-like outputs [17,18]. For example, the GPT series [19] and Google’s Gemini [20]
excel in producing human-like language with impressive fluency. However, most of these
models are mainly tailored for the English language. Although some models exhibit
multilingual capabilities, they still struggle to comprehend the morphological, syntactic,
and cultural characteristics of the Arabic language in particular [6–8].
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The development of generative Arabic LLMs has witnessed notable progress in recent
years; however, these models still trail behind their English counterparts. This gap stems
from Arabic’s linguistic complexities and dialectal variations, as well as the scarcity of
high-quality training corpora. Moreover, progress in generative Arabic LLMs has lagged
behind advancements in language-understanding models, including BERT-based models
such as AraBERT [21] and QARiB [22]. Among the few existing generative Arabic LLMs
are AraGPT2 [9], AraT5 [10], and, more recently, ArabianGPT [23]. However, these models
are not instruction-tuned or trained for conversational objectives. Only recently have we
witnessed the emergence of Arabic LLMs specifically tailored for instruction following and
applications. Among the first of such models is Jais-chat, which is an instruction-tuned
version of the Arabic–English bilingual LLM Jais [11]. Another example is AceGPT-chat [12],
which is based on the LLaMA-2 [24] architecture and trained to be culturally attuned to
Arabic norms and values. More recently, the Saudi Data and Artificial Intelligence Authority
(SDAIA) released ALLaM [13], an autoregressive decoder-only bilingual model based on
the LLaMA-2 [24] architecture and trained on a mixture of Arabic and English data.

Despite their remarkable proficiency, state-of-the-art multilingual and bilingual LLMs,
including Jais [11], GPT-4 [25], and BLOOM [26], struggle to grasp the cultural nuances
and diversity across different regions [27–29], particularly in Arabic, where they are often
biased towards Western entities and stereotypes [30,31]. This bias and misalignment
mainly stem from their training data [32,33]. The predominance of English content in
the training corpora creates a risk that these models will perpetuate Western cultural
narratives while marginalizing non-Western ones [29]. Recent work has begun to address
this challenge through culturally rich training data, prompt engineering that incorporates
cultural context and evaluation frameworks that assess model performance across cultural
dimensions [27,28,30].

2.2. Empathetic Response Generation in English

There has been a great interest in endowing conversational models with empathetic
capabilities to improve the quality of the generated responses and make them more human-
like. Early approaches relied on specifying emotion labels and using them to guide the
response generation process during the decoding phase of Seq2Seq neural models [34,35].
Another line of research has leveraged explicit contextual information to generate more em-
pathetic responses, including emojis [36], sentiment [37], persona [38], and acts [39]. While
recent transformer-based generative LLMs have demonstrated advanced learning and
generalization skills in conversational modeling, their potential for empathetic responses
remains largely underexplored [15,40]. Current GPT-based chatbots have been shown to
exhibit some empathy traits in their generated responses, but they are often perceived as
less empathetic compared to human interactions [41,42]. More specifically, ChatGPT [43]
generated repetitive patterns of empathy and underperformed compared to supervised
models in terms of emotional understanding and empathetic responding [44,45]. Hence,
these large generative models require further training and adjustments to generate more
fine-grained, human-like, empathetic responses.

A notable challenge is that training LLMs for empathetic responses requires sub-
stantial amounts of conversational data, which is often difficult to obtain. Introduced in
2019 [46], EmpatheticDialogues has been one of the most notable datasets in the field. The
dataset contains approximately 25K crowd-sourced dyadic dialogues covering 32 evenly
distributed emotions. This dataset has served as a key benchmark for training and eval-
uating conversational models to generate emotional and empathetic responses in a large
number of studies [37,41,45,47]. Furthermore, movie and TV show scripts have been a
valuable source of conversational data since they contain large amounts of fictional s in
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different domains and languages [48,49], in addition to conversations collected from social
media platforms such as Twitter [50] and Reddit [51]. However, training conversational
models on web and social media data risks exposing them to toxic, biased, or sarcastic
language, potentially resulting in harmful or unreliable outputs. Moreover, the inherent
noise, spam, and low quality of such data may further hinder the model’s performance.

2.3. Empathetic Response Generation in Arabic

To date, research on empathetic Arabic conversational systems is in its early infancy.
The first attempt to develop an empathetic Arabic chatbot model was in 2020 [52], where
the researchers used a Seq2Seq model with an LSTM network and attention. The model was
trained on a machine-translated Arabic version of the EmpatheticDialogues dataset [46].
Despite the complexity of Arabic and the relatively small dataset, the model achieved
promising results in terms of empathy and fluency. However, the model exhibited an
average relevance score, producing irrelevant responses in some cases. To address such
limitations, in 2021, the authors [47] further proposed a transformer-based encoder–decoder
model that was initialized with AraBERT [21] pre-trained weights and trained on the same
translated dataset. The model generated more empathetic, fluent, and relevant responses.
However, the model performed poorly in handling neutral emotions because it was fine-
tuned on empathetic conversations rather than pre-trained on general chit-chat data.

Since Arabic is a low-resourced language, translating datasets from other languages is
a common practice in the literature. The Arabic translation of the EmpatheticDialogues
dataset [46] constitutes the first and only up-to-date Arabic empathetic conversational
dataset. Although translated datasets have yielded promising results, machine translation
remains prone to low-quality output, often due to the use of slang and idiomatic expres-
sions commonly found in open-domain conversations. For example, the sentence “This
scared the hell out of me” in the original EmpatheticDialogues dataset [46] is machine-
translated to Arabic as �y���� ¨n� �A�� �@¡: “This makes the hell scared of me.” This
literal translation is inaccurate and may imply a different emotion than intended. More
importantly, translated datasets fail to align with the cultural heritage and local values of
the Arabic communities, and they may reflect cultural biases and ethical concerns from
the source language [28]. Training conversational agents on Western or translated datasets
can lead to cultural encapsulation [53], where models treat Western emotional expressions
as universal while failing to recognize culturally specific ways of communicating distress
or seeking support. This bias not only compromises model performance across cultural
contexts but also threatens to marginalize authentic human expression from non-Western
communities [29]. This is particularly important in Arabic, as the language spans different
regions with distinct values and social norms that differ profoundly from the cultures and
communities of the Western world [12]. The lack of extensive, culturally and religiously
nuanced training data hinders the development of robust and culture-aware conversational
models in Arabic, limiting their adequacy for culturally sensitive domains, such as mental
health support and spiritual guidance.

3. Materials and Methods
This section details the experimental setup of this study. First, we introduce the

AEConvs dataset, outlining its construction process and key characteristics. We then
describe the base pre-trained language models—AceGPT-chat and Jais-chat—and their fine-
tuning details. Finally, we present a comprehensive evaluation framework that leverages
both automatic metrics and human assessment.
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3.1. AEConvs Dataset

Dataset Collection: In order to construct the Arabic Empathetic Conversations (AE-
Convs) dataset, a total of 85 freelancer content writers were hired from Khamsat.com,
an Arabic freelancing marketplace. The freelancers were all native Arabic speakers with
experience writing in Modern Standard Arabic (MSA). Table 1 shows the demographic data
of the freelancers, including gender, age, and education. Data were collected in batches. For
each batch, a group of writers (maximum 10) was added to a group chat on the Telegram
application and asked to engage in dyadic open-domain conversations. Each conversation
consisted of one speaker and one listener, in which the speaker initiated a conversation
about a daily event or an emotional incident, and the listener responded with empathy.
The speaker and listener can alternate turns in each conversation, with a minimum of 4
and a maximum of 10 turns. After a pair of writers finishes their conversation, another pair
starts a new one, and so on.

Table 1. Demographic distribution of the freelance writers.

Gender: Male Female
28% 72%

Age: 18–24 25–34 35–44 +45
46% 42% 8% 4%

Education: High school Bachelor Graduate Other
5% 72% 14% 9%

To assess the qualifications of each freelance writer for the task, particularly their
writing ability and understanding of the assignment, they were first asked to write a sample
set of empathetic conversations. Upon acceptance, the writers were explicitly instructed not
to use dialectical language, emojis, symbols, or numbers. They were also required to use
proper language and avoid greetings and short answers (e.g., “Yes,” “No,” “I agree,” etc.).
In addition, the writers were advised to refrain from revealing personal information or
discussing controversial topics such as politics, sex, and religion. Proofreading and quality
checks were manually performed after each batch.

Dataset Statistics: A total of 4155 conversations were collected. After filtering out
duplicates, conversations with fewer than 4 utterances, violations in speaker–listener turn-
taking, and listeners’ turns with fewer than 3 words, we obtained 4120 unique conversations
divided equally between listener and speaker utterances. Table 2 shows the detailed
statistics of the AEConvs dataset. All conversations are written in MSA. Most of the
dataset consists of short conversations with 4–6 turns, with less than 1% containing more
than 8 utterances. A sample conversation from AEConvs is shown in Table 3. In addition,
Figure 1 shows the word cloud of the 50 most frequently occurring words in the listeners’
turns across the 4120 conversations, indicating the level of expressed empathy in AEConvs.
Stop words were excluded using a custom Arabic stop word list, and the ISRIStemmer
from the nltk library was applied to normalize word forms.

Data Pre-processing: We used CAMeL tools [54] for Arabic data pre-processing and
performed the following steps:

1. Dediacritization: Arabic diacritical marks (h. arakāt) are stripped from text to obtain a
more consistent and standardized orthographic representation, e.g., �CAabu� to �CAb�.

2. Removal of repeating characters: Duplicated letters are removed from words, as they
are often used to convey tone, e.g., �¤¤¤rb� to �¤rb� .

3. Kashı̄da removal: Elongation characters used in Arabic text to artificially extend
words are removed, e.g., �rþkþþJ to �rkJ .
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4. Text normalization: Punctuation, numerals, and special characters are stripped, and
white spaces are standardized.

In addition, the dataset was randomly partitioned into 80% for training, 10% for
validation, and 10% for testing. The splitting was performed at the conversation level,
rather than the turn level, to maintain integrity.

Table 2. Statistics of the AEConvs dataset.

No. of conversations 4120

No. of speaker utterances 9869

No. of listener utterances 9869

Average no. of turns per conversation 4.8

Average no. of words per conversation 70

Average no. of words per utterance 14.4

Table 3. A conversation sample (with English translation) from the AEConvs dataset.

!­w�� ©d�  wk§  � Ynm�� A� dK� �d�tm��

I really wish I had siblings! Speaker
¨� dy�w�� �fW�� 
�� �¡ ,®`� Tmy\� Tm`� w¡ ��w�±�¤ ­w�³�  w�¤

?�ktl¶A�
�mtsm��

Having brothers and sisters is truly a great blessing. Are you the only child
in your family? Listener

¨t�� ­d�w�� r�AK� �y�t� ¯ 
�� ,��w�� ¯¤ ­w�� ©d� Hy� �F°� �`�

¨t�wfV @n� AhtK�
�d�tm��

Yes, unfortunately I have no brothers or sisters. You can’t imagine the
loneliness I’ve felt since childhood. Speaker

��r�±�¤ ��r�±� An�w�CAK§ �h� ,�m�� Cdq§ ¯ ­w�¯�  w�¤ ,�Cw`J �hf��


CA�� ¤� ºA�d}�� A�Ay�� An�Er§ ¢l�� �k� ,­dy`s�� �A§r�@�� �nO� �h`�¤

­w�³� �� 
r��¤ �S�� An�  w�wk§

�mtsm��

I understand your feelings; having siblings is priceless. They share our joys
and sorrows, and we create happy memories with them. But sometimes God
blesses us with friends or relatives who are better and closer to us than our
own siblings.

Listener

@n� 
rqm�� ¨q§d} wh� dm�� ¨q§dO� ¨nRw� ¢l��  � r`J� ,�y�}

!TnF  ¤rK`�� z¡A�  µ� Ant��d} rm� ,T�wfW��
�d�tm��

That’s right, I feel that God has compensated me with my friend Ahmed,
who has been my close friend since childhood. Our friendship is now almost
twenty years old!

Speaker

T`¶�r�� T��dO�� £@¡ ��¤ Amk� Ynm�� !¢l�� ºAJ A� �¶�C �@¡ �mtsm��

This is wonderful, God bless you! I hope this wonderful friendship lasts
forever. Listener

3.2. Base Models

AceGPT-chat: AceGPT models [12] are a recently released series of LLaMA2-based [24]
models with different parameter sizes, ranging from 7B to 13B. AceGPT was designed to
serve as an Arabic culture-aware and value-aligned generative model. The integration
of localized pre-training, fine-tuning on native Arabic instructions, and reinforcement
learning from AI feedback (RLAIF) enables AceGPT models to better align with Arabic
cultural norms and values. This leads to improved performance on culturally-specific
tasks. AceGPT models are pre-trained on a mixture of English and Arabic data, using
a larger subset of the latter. The AceGPT family consists of two variants: AceGPT-base
(the foundational model) and AceGPT-chat (an instruction-tuned model optimized for
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applications). Both configurations outperformed similar open source LLMs, including
Jais-13B [11], on the Arabic Cultural and Value Alignment (ACVA) benchmark under zero-
shot settings, demonstrating the model’s superior ability to attune to the unique cultural
characteristics of Arabic communities. Table 4 lists the performance of AceGPT-13B-chat
compared to Jais-13B-chat on the ACVA benchmark.

(a) (b)

Figure 1. (a) Word cloud of listeners’ turns in the AEConvs dataset. (b) The English version (translated
via Google Translate API).

Table 4. Performance comparison of AceGPT-chat and Jais-chat models on the Arabic Cultural and
Value Alignment (ACVA) benchmark [12].

Model Average F1-Score on ACVA

AceGPT-13B-chat 76.39%
Jais-13B-chat 68.54%

Jais-chat: Jais [11] is a family of bilingual English–Arabic generative LLMs introduced
by the Inception Institute of Artificial Intelligence, UAE, in 2023. Jais models are designed
to excel in the Arabic language while maintaining strong English capabilities, and they are
trained on a mixture of Arabic, English, and code data. In addition, they have demonstrated
superior performance in Arabic knowledge and reasoning capabilities across existing
Arabic and multilingual LLMs, while proving to be strong competitors to their English
counterparts. Two foundational Jais model families have been released. The first is the
Jais-family, pre-trained from scratch using a decoder-only architecture based on GPT-3 [55],
comprising eight model sizes, ranging from 590 million to 30 billion parameters. The second
family, Jais-adapted, was released more recently in 2024. These models are adaptively
pre-trained on top of the LLaMA-2 [24] architecture, trained on a larger Arabic dataset to
enhance Arabic capabilities. The Jais-adapted models come in three sizes (7B, 13B, and 70B
parameters) and feature an expanded context window of 4096 tokens. Both foundational
families are available in two variants: base models and instruction-tuned chat models
(Jais-chat). The chat variants are optimized for applications by training on a corpus of
4 million Arabic and 10 million English instruction–response pairs across single- and
multi-turn settings.
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To ensure a fair comparison, we used the AceGPT-7B-chat and Jais-adapted-7B-chat
versions; both are LLaMA-2-based, with approximately 7 billion parameters. Table 5 shows
the main features of AceGPT-7B-chat and Jais-adapted-7B-chat. For ease of reference, we
refer to these models as AceGPT-chat and Jais-chat, respectively, throughout the rest of
this paper.

Table 5. A comparison of the main features of the AceGPT-7B-chat and Jais-adapted-7B-chat models.

Model Size (Parameters) Base Architecture Context Length Pre-Training Data Size Instruction-Tuning Data
Size

AceGPT-7B-chat 7 billion LLaMA-2 2048 30B, 19.2B of which are
Arabic

194 K prompt–response
pairs; mix of English,
native Arabic, translated,
and GPT-4-generated

Jais-adapted-7B-chat 7 billion LLaMA-2 4096 39B, 19B of which are
Arabic

10 M English and 4 M
Arabic prompt-response
pairs

3.3. Fine-Tuning Details

We fine-tuned both models using Low-Rank Adaptation (LoRA) [56] within the Un-
sloth1 framework. LoRA enhances LLM fine-tuning by decomposing the weight update
matrix into a lower-rank representation, enabling faster training and potentially lower com-
putational cost without sacrificing performance. The LoRA configuration employed a rank
of r = 32 with a scaling factor alpha = 32 and a dropout rate of 0.1 for regularization. For
model stability, we enabled rank stabilization (rsLoRA) [57], and gradient checkpointing
was enabled through Unsloth’s optimized implementation to reduce memory consumption.
A random seed of 3407 was used to ensure reproducibility. For the learning rate, we
experimented with different values ranging from 1 × 10−5 to 5 × 10−5 and selected the
one that achieved the best perplexity (PPL) on the validation set without overfitting, as
shown in Table 6. We followed existing work [58,59] using perplexity as a metric to find the
optimal learning rate and number of training epochs. Both models were trained with early
stopping, and training for more than 2 epochs resulted in overfitting and higher perplexity,
indicating worse performance. Furthermore, we set the batch size to 16, the maximum
sequence length to 512, and used the AdamW (Adam with Weight Decay) optimizer for
both models. Conversations were formatted according to each model’s standardized chat
template prior to fine-tuning. All experiments were conducted on a single Tesla T4 GPU
provided by Google Colab. The training time lasted 5 h and 31 min for AceGPT-chat and
3 h and 2 min for Jais-chat.

Table 6. Hyperparameters and perplexity values used in fine-tuning AceGPT-chat and Jais-chat
models.

Model Learning Rate Training Epochs Perplexity (PPL)

AceGPT-chat 1 × 10−5 2 2.03
Jais-chat 3 × 10−5 2 3.81

3.4. Evaluation

In this work, we employ a comprehensive evaluation strategy that combines auto-
mated and human assessment. Automatic metrics capture different dimensions of text
quality, while human evaluation provides holistic validation. The models’ performance
was evaluated on a random sample of 100 conversations from the held-out test set. The
assessment was restricted to a single-turn response generation task, providing a critical
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and interpretable baseline for meaningful future comparisons before progressing to the
added complexity of multi-turn interaction.

3.4.1. Automatic Evaluation

Automatic evaluation typically compares the model-generated response against a
golden reference response using predefined metrics to assess various attributes of text
quality. We employed a suite of automatic evaluation metrics on the test set, each tar-
geting a distinct aspect of text quality: perplexity (PPL) for intrinsic fluency, BLEU [60]
for lexical overlap with reference data, and BERTScore [61] for semantic similarity via
contextual embeddings.

• Perplexity (PPL) is an intrinsic metric used to evaluate the performance of language
models and is commonly used to evaluate the fluency of generative LLMs. For each
word in the sequence, perplexity measures the probability of that word occurring
given the previous words. In other words, perplexity measures how well the model
is confident in its generated responses, where lower perplexity scores indicate better
language modeling performance and higher perplexity scores indicate model confu-
sion. Perplexity is calculated as the exponentiated average negative log-likelihood of
a sequence:

Perplexity(P) = exp

(
− 1

N

N

∑
i=1

log P(wi)

)
(1)

where N is the sequence length, and P(wi) is the model’s predicted probability of the
i-th token.

• BLEU [60] (Bi-Lingual Evaluation Understudy) is an n-gram-based metric origi-
nally designed for evaluating the quality of machine-translated text against one
or more reference human translations. Despite capturing only surface-level lexical
similarity, BLEU has been widely used in evaluating empathetic response genera-
tion [37,39,45,46], where improvements in the BLEU score suggest better alignment
with the characteristic linguistic patterns of empathetic expressions in the training
data. BLEU is computed as the geometric mean of the modified precision, weighted
by a uniform weighting factor and multiplied by a brevity penalty (BP) to penalize
overly short outputs:

BLEU = BP × exp

(
N

∑
n=1

wn log pn

)
(2)

where pn is the modified n-gram precision, wn denotes the weights for each n-gram,
and BP is the brevity penalty.

• BERTScore [61] is an automatic evaluation metric for text generation tasks. It utilizes
contextual embeddings from a pre-trained BERT model to compute the similarity
score between a generated text and a reference text, capturing nuanced semantic
relationships beyond surface-level n-gram matching. BERTScore has demonstrated
better correlation with human judgment in text generation tasks compared to common
automatic metrics, including BLEU and ROUGE [61,62]. The BERTScore is repre-
sented by its F1 value derived from precision (P) and recall (R) according to the
following formula:

F1 = 2 × (
P × R
P + R

) (3)

where precision (P) is the true positives divided by the sum of true positives and false
positives, and recall (R) is the true positives divided by the sum of true positives and
false negatives.
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3.4.2. Human Evaluation

To qualitatively assess model performance, we conducted two human evaluation
tests: an aspect-based rating test and a pairwise preference test. We recruited 3 native
Arabic speakers (1 male and 2 females) with a Bachelor’s degree and content writing
expertise. Prior to evaluation, a screening test was conducted to ensure that evaluators
shared a consistent understanding of the evaluation criteria. They were asked to rate
responses without knowing which model or setting (zero-shot vs. fine-tuned) produced
each output. We used Fleiss’ Kappa [63] as a measure of inter-annotator agreement between
the evaluators.

In the aspect-based rating test, we generated responses from each model for the
contexts of the sampled conversations—in zero-shot and fine-tuning settings—and then
asked the evaluators to judge each generated response based on three criteria:

• Empathy: To what extent does this response show emotional understanding and
compassion for the speaker’s experience?

• Relevance: To what extent is this response relevant to the context of the conversation?
• Fluency: To what extent is this response readable and fluent?

For each criterion, a response was rated on a 3-point Likert [64] scale. Following [65],
we opted for a Likert scale with three dimensions instead of five. This is because five-
point ratings are highly likely to vary between different individuals, resulting in low
inter-annotator agreement. In the pairwise preference test, each context of the sampled
conversations was paired with two responses generated by each of the fine-tuned models,
and the evaluators were asked to select the best response in terms of empathy. Ties were
allowed if two responses were perceived as equally empathetic.

4. Results and Discussion
In this section, the results of both the automatic and human evaluations are presented

and analyzed, comparing the performance of AceGPT-chat and Jais-chat in generating
empathetic responses under zero-shot and fine-tuning settings. In addition, we present
a case study with an error analysis, offering a qualitative in-depth examination of model
outputs and showcasing their strengths and limitations in practical scenarios.

4.1. Automatic Evaluation

After fine-tuning, the perplexity, BLEU, and BERTScore were calculated on the test
set. The results are illustrated in Table 7. Clearly, AceGPT-chat showed competitive
performance compared to Jais-chat. Its low perplexity score indicates better fluency in its
generated responses. Additionally, the slightly higher BLEU score indicates a stronger
match with the human reference responses. Similarly, the BERTScore demonstrates that
AceGPT-chat has slightly better semantic similarity with human responses than Jais-chat.

Table 7. Automatic evaluation results.

Model Perplexity (PPL) BLEU (Avg.) BERTScore (F1)

AceGPT-chat 1.91 0.014 0.70
Jais-chat 3.14 0.011 0.67

Note: Under zero-shot settings, we note that both models often produce English or
empty responses, despite being explicitly prompted to answer in Arabic. This could be
attributed to their bilingual training. Specifically, 19% of AceGPT-chat responses contained
mixed Arabic–English text. For Jais-chat, 8% of the responses were in English, and fewer
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than 2% were empty responses. Thus, automatic metrics could not be computed as these
require Arabic reference texts for comparison.

4.2. Human Evaluation

Tables 8 and 9 show the average human ratings in the aspect-based rating test for
AceGPT-chat and Jais-chat, respectively. In zero-shot testing, both models showed compa-
rable levels of empathy, with AceGPT-chat slightly ahead. Similarly, AceGPT-chat demon-
strated better context relevance, while Jais-chat was slightly better in fluency. However,
we observed that both models exhibited repetitive patterns of empathy, often generating
generic responses such as “I am sorry to hear that,” which we showcased in Section 4.3.
After fine-tuning, both models clearly showed a significant improvement in empathy, with
Jais-chat performing slightly better. Likewise, fine-tuning led to improved context relevance
for both models, with Jais-chat improving the most across all aspects. Lastly, fluency in both
models improved the least after fine-tuning, indicating that both models were inherently
able to generate fluent and coherent language.

Table 8. Results of aspect-based rating test for AceGPT-chat. Fleiss’ Kappa k is 0.36, where 20 < k < 40
indicates fair agreement. All results are statistically significant (p < 0.05; Friedman test).

Empathy Relevance Fluency

Zero-shot 1.79 2.14 2.39
Fine-tuned 2.56 2.82 2.85

Table 9. Results of aspect-based rating test for Jais-chat. Fleiss’ Kappa k is 0.42, where 40 < k < 60
indicates moderate agreement. All results are statistically significant (p < 0.05; Friedman test).

Empathy Relevance Fluency

Zero-shot 1.68 1.85 2.45
Fine-tuned 2.60 2.85 2.91

For the pairwise preference test, the results in Table 10 show that the responses of
AceGPT-chat after fine-tuning, in terms of empathy, were preferred by a large margin over
those generated by the Jais-chat model. However, the relatively high tie rate suggests that
the Jais-chat model is still competitive in many cases.

Table 10. Results of the pairwise preference test. k denotes inter-annotator agreement measured using
Fleiss’ Kappa, where 40 < k < 60 indicates moderate agreement.

AceGPT-chat vs. Jais-chat Win Lose Tie k
53% 14% 33% 0.42

In general, the results of both the automatic and human evaluation tests highlight both
models as robust baselines for Arabic conversational AI. The AceGPT-chat and Jais-chat
models were highly competitive in their ability to generate more empathetic, contextually
relevant, and fluent responses after fine-tuning with the AEConvs dataset compared to
their performance in zero-shot settings. This indicates the benefit of fine-tuning LLMs
with a good-quality, task-specific dataset, even when the dataset is relatively small. In
addition, the performance advantage of AceGPT-chat over Jais-chat can be attributed to its
targeted training to localization and alignment with Arabic cultural nuances and values,
as evidenced by its higher score on the Arabic Cultural and Value Alignment (ACVA)
benchmark [12] (see Table 4). This underscores the critical role of culturally tailored
datasets in enhancing LLMs’ performance for region-specific applications.
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4.3. Case Study

Table 11 shows selected conversation contexts from the AEConvs dataset, providing the
gold-standard human responses compared to the responses generated by the AceGPT-chat
and Jais-chat models under both zero-shot and fine-tuning settings. Clearly, fine-tuning
both models with AEConvs consistently improved the empathy of the generated responses
across all cases. As demonstrated by the first case, the AceGPT-chat model generated a more
convincing, empathetic response after fine-tuning than in zero-shot settings, exhibiting a
spiritual perspective and offering comfort by suggesting that everything happens at the right
time according to God’s plan. The Jais-chat model, on the other hand, generated similar
responses before and after fine-tuning, and these responses resemble generic empathetic
expressions such as “I am sorry to hear that,” as well as suggesting a medical consultation.

In the second case, both the AceGPT-chat and Jais-chat models under zero-shot settings
showed brief responses that only acknowledged the speaker’s feelings without offering
any additional insights or encouragement. After fine-tuning, both models generated longer,
more engaging responses, with AceGPT-chat closely mimicking the optimistic tone of a
gold-standard human response. Similarly, Jais-chat’s response was more empathetic and
constructive, acknowledging the challenges of moving to a new house while framing the
change as an opportunity for growth and learning. It provides a balanced perspective that
combines understanding with encouragement.

Lastly, the third case shows brief and generic responses from both models under
zero-shot settings that lack depth and fail to meaningfully engage with the speaker. In
contrast, the responses generated by both models after fine-tuning are more empathetic
and engaging. The AceGPT-chat model again mirrors the gold-standard human response
by emphasizing the importance of gratitude in Islamic values and encouraging such acts.
Jais-chat’s response, conversely, offers acknowledgment and asks for further engagement
with the speaker, promoting a deeper and more interactive conversation.

Table 11. Case study of the responses generated by AceGPT-chat and Jais-chat, where FT and Z-shot
denote fine-tuning and zero-shot test settings, respectively. Responses were translated into English
using Google Translate API.

Context (1) !d`� 	��� ��¤ ,��w�� Tsm� ¨��¤E Yl� YS�

I have been married for five years, and I still have no children!

Gold-standard human response �b� ��Ð ¨`� �O� ,A�� �y�bO� ¨k� ��AytJ� �h��

I understand your longing to become a mother, it happened to me before.

AceGPT-chat (Z-shot)  µ� Yt� 
A��³� �d� º�C¤  wk� d� ¨t�� 
AbF±� �� d§d`�� �An¡ ,¨qlq� ¯

Don’t worry, there are many reasons why you may not be able to conceive yet.

AceGPT-chat (FT) ¨� �d�§ º¨J ��  �¤ ,¢tmk�� �nm§¤ ¨W`§ ¢l��  � Ysn� ¯ �k�¤ �ql� �h��

	FAnm�� 
�w��

I understand your concern, but do not forget that God gives and grants in His
wisdom, and that everything happens in the right time.

Jais-chat (Z-shot) ?�@¡ �w� �bybV �� 
�d�� �¡ .��Ð �Ams� �F� A��

I’m sorry to hear that. Have you talked to your doctor about this?

Jais-chat (FT) ?	ybW�� 
`��C �¡ ,Aq� 	`} r�� �@¡

This is really hard, have you seen a doctor?
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Table 11. Cont.

Context (2) Yl� �l��t�� �yWtF�F 
n�  � �� Tql� Aq� A�� ,d§d��� �znm�� Y�� �qt��F �wy��

¯ �� ­d§d��� T·yb�� £@¡

Today I will move to a new house. I am really worried whether I will be able to
adapt to this new environment or not.

Gold-standard human response ��w� ¨t�� ­d§d��� T·yb�� �� �ym� �kK� �l��t�  � Ynm��¤ dy� rb� Aq� �@¡  �

This is really good news and I hope you adapt nicely to your new environment.

AceGPT-chat (Z-shot) .ryy�t�� �@¡ £A�� �r�AK� �h�� A��

I understand your feelings about this change.

AceGPT-chat (FT) dy��t�A� Ahnyb�tF¤ ­d§d��� T·yb�� Yl� T�rs� �yml��ttF ,¨qlq� ¯

Don’t worry, you will quickly adapt to the new environment and you will
definitely love it.

Jais-chat (Z-shot) .�ql� �h�� A��

I understand your concern.

Jais-chat (FT)  � r�@� �k�¤ .A§d��  wk§  � �km§ d§d� �zn� Y�� �Aqt�¯� ,¨`ybV r�� �@¡

�l`t��¤ wmnl� T}r�  wk§  � �km§ ryy�t��

This is normal, moving to a new home can be challenging. But remember, change
can be an opportunity for growth and learning.

Context (3) ¨�Ay� ¨� Tlym��� ºAyJ±� Yl�¤ ¢m`� Yl� ¢l�  Ant�¯A� r`J�

I feel grateful to God for his blessings and the beautiful things in my life.

Gold-standard human response AhFCAm�  � Anyl� 	�§¤ TyFAF±� Ty�®F³� �yq�� �� ºz� Am¡  Ant�¯�¤ dm���

�`n��  ¤z� rkK�Ab� .�¶� �kK�

Gratitude and thankfulness are fundamental Islamic values and we should practice
them constantly. Thankfulness increases blessings.

AceGPT-chat (Z-shot) .�tm�¤ �ym� Cw`J �@¡ ,�`�

Yes, that’s a beautiful and grateful feeling.

AceGPT-chat (FT) ,An� ¢l�� ARC �� d§z§ w¡¤ ,�®F³� ¨� �� Ab`�� �¡� �� w¡ �`n�� Yl� rkK��  �

¢l�  Ant�¯A� r`K� ��� �Ams� dy`F A�� .An�Ay� ¨� T�rb�� 	l�§¤

Being thankful for blessings is one of the most important acts of worship in Islam,
it increases Allah’s pleasure about us, and brings blessings in our lives. I am happy
to hear that you feel grateful to Allah.

Jais-chat (Z-shot) ��Ð �Ams� dy`F A��

I’m glad you feel that way!

Jais-chat (FT) ?¢�  Ant�¯A� �§r`K� �y`� º¨J �An¡ �¡ ,¢m`� Yl� ¢l� dm���

Thanks to God for his blessings. Is there anything in particular that you are
grateful for?

4.4. Error Analysis

Table 12 shows a few cases of erroneous model responses where the fine-tuned models
fail to generate empathetic, coherent, and context-relevant responses. Jais-chat’s response
in the first case, despite appearing empathetic on the surface, offers a logically impossible
advice—getting sleep before going to bed is temporally incoherent (sleep occurs after
going to bed). This pattern, also observed in AceGPT-chat, suggests that the model has
learned to recognize emotional cues but struggles to generate factual and contextually
specific responses. The second case demonstrates that the AceGPT-chat model may be
hallucinating conversation history, a manifestation of the broader hallucination problem in
large language models. Although very rare, this hallucination error was observed in Jais-
chat’s responses as well. In the third case, Ace-GPT-chat gave a detailed medical diagnosis
beyond its competence. This can be attributed to models optimized for helpfulness that may
interpret symptom descriptions as requests for explanation, leading to diagnostic responses

https://doi.org/10.3390/data11040085

https://doi.org/10.3390/data11040085


Data 2026, 11, 85 15 of 20

even when clinically inappropriate. Jais-chat exhibited similar behavior in a few responses.
Surprisingly, the last case shows similar responses from both models, as they claimed to be
able to fix the speaker’s broken phone. These responses, despite being empathetic, commit
a credibility fallacy, where a conversational agent falsely claims personal experience of a
phenomenon it cannot physically or cognitively experience [5]. This type of error could
diminish the perceived authenticity and empathy of conversational models.

Table 12. Sample error cases by model.

Context (1) .�yl�� ��wV �f� ¨� {m�§ �� T�CAb��

I didn’t get any sleep last night.

Jais-chat (FT) ?M�rf�� Y�� 	¡@�  � �b� ®yl� �An�  � 
�r� �¡ ,Aq� ��z� r�� �@¡

This is really annoying. Have you ever tried getting a little sleep before going to bed?

Context (2) YRwf�A� A·yl�  A� Aq� �wy��

Today was really chaotic.

AceGPT-chat (FT) Tlf��� Y�� 
A¡@l� T§A�l� Asm�t� 
n� AS§� A��

I was also very excited to go to the party.

Context (3) �R�¤ 	bF  ¤ �w§ d`� A�w§ �ºwF  � z§ r�±� �@¡¤ ©dl� ¨� d§dK�� �Af��A� r`J�

My skin feels extremely dry, and this is getting worse day by day for no apparent reason.

AceGPT-chat (FT) Cw`K��¤ dl��� ¨� �Af��� 	bs� T�A� ¨¡¤ ¨�§wl�� 	lOt�� Yms� T�A� �� ¨�A`� ��� ¤db§

�kK��¤  wl�� ¨� ry�t��¤ 	lOt��¤ �qKt��¤ rKqt��¤ Tk��A�

It appears you are suffering from a condition called multiple sclerosis, which causes dry, itchy,
flaky, cracked, hardened, and discolored skin.

Context (4) .�d��¤ A�wbF� «wF ¢lm�� �� �d§d� ��EAm. rsk��¤ |C±� Yl� ¨��w� ��¤ dq� ¨h�� A§

Oh my God, my phone fell on the ground and broke. It’s still new, I’ve only had it for a week.

Jais-chat (FT) .
�¤ 
r�� ¨� d§d� ��A¡ �� �FC�F ,¨qlq� ¯ ,�yl� ¯

Don’t worry, I’ll send you a new phone as soon as possible.

AceGPT-chat (FT) Xq� ­d��¤ T�AF �� ���� �� ¢�®}�� �w��F ¨q§d} A§ �lq� ¯

Don’t worry, my friend, I’ll fix it for you in less than an hour.

5. Conclusions
Empathy plays a fundamental role in human interactions, providing emotional sup-

port and improving communication. Understanding how perceived empathy affects in-
teractions in systems is essential for their advancement, as it directly shapes user trust,
engagement, and long-term adoption. These advances have the potential to enable transfor-
mative applications in fields such as clinical psychology, education, and customer service.
While numerous studies have explored empathetic responses in English, the development
of such models for the Arabic language is not addressed in the existing literature. This is
largely attributable to the scarcity of high-quality open-domain conversational data and
the challenges of curating new datasets. The cultural diversity across human societies leads
to significant variations in how empathy is expressed and perceived. The proposed dataset,
Arabic Empathetic Conversations (AEConvs) serves as a new benchmark that provides
valuable insights into how humans express emotions and empathetic reactions in conversa-
tions, specifically within the Arabic culture. In addition, we leveraged AEConvs to evaluate
the empathetic response capacity in two powerful generative Arabic LLMs, Ace-GPT-chat
and Jais-chat. Empirical human evaluation results demonstrate that, despite the relatively
small dataset, both models have the potential to generate better empathetic responses after
fine-tuning compared to their zero-shot performance. Moreover, the automatic evaluation
results indicate improvements in the capability of both models to generate more fluent
and context-relevant responses after fine-tuning. Building on our initial findings, we aim
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to explore and compare the performance of other generative Arabic LLMs and test their
prompt-based in-context learning capabilities to generate empathetic responses. Moreover,
we plan to investigate methods for generating more fine-grained empathetic responses by
leveraging additional contextual features of conversational data, such as emotion labels
and dialogue acts.

Our primary contribution lies in establishing reproducible baselines for this task,
highlighting the potential of current approaches to computational empathy, as well as
the limitations. Thus, we acknowledge several limitations of this study. Due to resource
constraints, only three evaluators were used for the human evaluation. This small eval-
uation pool, although common in exploratory research, limits the generalizability of our
findings. Furthermore, single-turn evaluation, while useful for initial benchmarking, over-
looks critical dimensions of genuine empathetic interaction. This may overestimate or
misrepresent the models’ true empathetic capabilities. Empathy is a multidimensional
concept. Consequently, its evaluation in systems encompasses a broad range of technologi-
cal, psychological, and ethical considerations [5]. There is currently no widely accepted
method for assessing empathy in conversational systems. The reliance on heterogeneous
evaluation frameworks—combining subjective human judgments with automatic metrics
that capture only surface-level text quality—creates a significant barrier to the fair and
objective comparison of conversational AI systems. We acknowledge that the complexity
of human empathy—encompassing cognitive, affective, and cultural dimensions—cannot
be fully captured using only the automated and human evaluation metrics employed here.
Moreover, while both fine-tuned models demonstrate improved alignment with cultural
and religious norms in Arabic responses—as illustrated in Section 4.3—this observation
remains qualitative. The lack of established evaluation protocols for cultural alignment
underscores a critical methodological gap in conversational AI, especially for low-resource
languages such as Arabic. Our initial findings, therefore, indicate both the potential of
cultural fine-tuning and the need for standardized metrics to systematically validate cul-
tural nuance. In conclusion, this work highlights the importance of empathy in Arabic
conversational systems and underscores the need for more robust resources in terms of
datasets, pre-trained LLMs, and systematic evaluation frameworks to drive progress in
this area.

Author Contributions: Conceptualization, A.A.; methodology, A.A.; software, A.A.; validation,
A.A. and A.A.M.; investigation, A.A.; resources, A.A.; data curation, A.A.; writing—original draft
preparation, A.A.; writing—review and editing, A.A.M.; supervision, A.A.M.; project administration,
A.A.M. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The AEConvs dataset is publicly available on HuggingFace at [https:
//huggingface.co/datasets/afnankhth/AEConvs, accessed on 5 April 2026] under the Creative
Commons Attribution 4.0 International License (CC BY 4.0).

Acknowledgments: During the preparation of this manuscript, the authors used AI-assisted tech-
nologies for the purposes of text editing and proofreading. The authors have reviewed and edited
the output and take full responsibility for the content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/data11040085

https://huggingface.co/datasets/afnankhth/AEConvs
https://huggingface.co/datasets/afnankhth/AEConvs
https://doi.org/10.3390/data11040085


Data 2026, 11, 85 17 of 20

Note
1 https://unsloth.ai/, accessed on 6 October 2025.
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