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Abstract

Large language models (LLMs) are powerful
tools for a variety of applications, but to in-
teract effectively with users, they must align
with the cultural values and linguistic nuances
of their audience. However, existing LLMs
often fall short in adequately modeling under-
represented languages and cultures, such as
Persian, limiting their applicability and accep-
tance. To address this, we construct diverse,
high-quality datasets specifically tailored to
Persian linguistic and cultural contexts, ensur-
ing a more authentic and context-aware train-
ing process. Using these datasets, we develop
Matina, a Persian-focused multi-expert model
designed to embody Iranian cultural values and
linguistic structures. Matina is trained by fine-
tuning LLaMA3.1 8B-Instruct models across
five domains: culinary, tourism, socio-culture,
translation, and summarization. These experts
are combined using a classifier to create a uni-
fied multi-expert system. By leveraging cul-
turally aligned datasets, Matina outperforms
baseline models in both task performance and
user satisfaction, demonstrating the importance
of data-driven cultural adaptation in LLM de-
velopment.

1 Introduction

Large language models (LLMs) play a vital role in
everyday life, assisting users by understanding their
intentions and aligned with their demographics, be-
liefs, and culture. However, studies have shown
that models like GPT and LLaMA often reflect
Western (Ramezani and Xu, 2023; AlKhamissi
et al., 2024) and American values (Johnson et al.,
2022; Cao et al., 2023), largely due to the predom-
inance of English in their training data (Navigli
et al., 2023; Tao et al., 2024) and development in
English-speaking regions (Masoud et al., 2023).

We define cultural alignment as ensuring AI
systems reflect user values and norms, drawing
from sociological and anthropological perspectives

(Kroeber, 1952). This alignment helps prevent bi-
ases that lead to misrepresentation or cultural insen-
sitivity, particularly in moral values, legal frame-
works, and traditions. Despite advancements in
multilingual LLMs, Persian remains underrepre-
sented, even though it is spoken by over 110 mil-
lion people1. More than just a language, Persian
carries a rich cultural heritage shaped by centuries
of literature and traditions. However, the lack of
high-quality, culturally relevant data limits LLMs’
ability to capture its nuances, reducing their effec-
tiveness in Persian-speaking contexts.

To bridge the gap between LLMs and Persian
culture and language, we introduce Matina, a
Persian-focused language model specifically de-
signed to reflect Iranian values and linguistic nu-
ances. Matina is trained on a large dataset of
264,980,480 tokens and over 42,097 cultural docu-
ments for pretraining, supervised fine-tuning, and
human alignment, ensuring that Persian cultural
and linguistic structures are deeply embedded in its
foundation.

Our work focuses on three representative cul-
tural areas—-culinary domain, tourism, and socio-
cultural contexts-—while also targeting essential
language tasks for Persian users, including English-
Persian translation and text summarization. To
build our datasets, we employ a multi-faceted ap-
proach, including translating existing high-quality
resources, collecting domain-specific Persian docu-
ments, generating culturally relevant content using
GPT, and applying data augmentation techniques
to ensure diversity and inclusively.

We fine-tune the LLaMA3.1 8B-Instruct model
on these datasets in various experimental configura-
tions and evaluate performance using LLM-based
evaluations and human assessments. Our results
show significant improvements in cultural under-

1https://worldpopulationreview.com/
country-rankings/what-countries-speak-farsi
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standing, task-specific performance, and consis-
tency in Persian-language outputs compared to
baseline models, confirming the efficacy of our
strategy.

The rest of the paper is organized as follows:
Section 2 summarizes previous research on cul-
tural and linguistic alignment approaches and
datasets. Section 3 describes the dataset prepara-
tion and training strategies used. Section 4 presents
evaluation results, and Section 5 discusses limita-
tions and future work. Additional details are in the
appendix.

2 Related Work

Large Language Models (LLMs) have progressed
from monolingual (Radford et al., 2019; Raffel
et al., 2020) to multilingual systems (Xue, 2020;
Bai et al., 2023; Touvron et al., 2023), meeting
a wide range of linguistic needs. However, cul-
tural knowledge frequently falls behind linguis-
tic proficiency, with models reflecting biases and
stereotypes in training data (Johnson et al., 2022;
Ramezani and Xu, 2023; Navigli et al., 2023).
This is particularly problematic for conversational
agents, which may produce culturally insensitive
responses in multilingual regions.In this section,
we look at alignment techniques, dataset construc-
tion, and advancements in the focal domains.

2.1 Alignment Methods

Aligning LLMs with cultural values involves
training-free methods and fine-tuning. Training-
free methods rely on well designed prompts to
lead culturally appropriate replies. (Arora et al.,
2022; AlKhamissi et al., 2024). Anthropologi-
cal and cultural prompting techniques (Tao et al.,
2024; Hwang et al., 2023) can help solve cultural
differences within places that speak the same lan-
guage. However, their success is heavily dependent
on the model’s size, architecture, and underlying
dataset. Training-based methods use culturally rel-
evant data for direct model training, leveraging pre-
training or fine-tuning. Pre-training from scratch
(Abbasi et al., 2023; Yoo et al., 2024) or continual
training leverages large datasets and has only been
adopted by a few researches. A more common
approach, fine-tuning, adapts pre-trained models
using labeled datasets to enhance cultural align-
ment for tasks like conversational reasoning (Wang
et al., 2024a; Shi et al., 2024; Li et al., 2024b) or
domain-specific applications like hate speech detec-

tion (Dehghan and Yanıkoğlu, 2024) and emotion
recognition (Kim et al., 2024). These strategies
underscore the importance of culturally relevant
training data in boosting model performance and
alignment.

2.2 Dataset Creation
There are three approaches for creating culturally
aligned datasets: automatic, semi-automatic, and
manual. Automatic methods leverage large-scale
multilingual datasets like Wikipedia and CulturaX
(Conneau, 2019; Nguyen et al., 2023), process-
ing them to represent specific cultures (Lin and
Chen, 2023; Abbasi et al., 2023). Advanced tech-
niques use model-in-the-loop approaches to mine
and structure cultural knowledge (Deshpande et al.,
2022) or generate data with LLMs seeded with
cultural contexts (Nguyen et al., 2024). For instruc-
tion datasets, LLMs adapt existing data to specific
cultures, such as Putri et al. (2024), and Li et al.
(2024a).

Semi-automatic methods combine human exper-
tise with machine processing, enhancing quality
and scalability. Techniques include manual cu-
ration refined by automation (Bai et al., 2024),
cultural localization by native speakers (Alyafeai
et al., 2024), and frameworks like STREAM that
combine moral values and human oversight (Wang
et al., 2024c).

Manually created datasets, though resource-
intensive, are vital for aligning models with human
values especially in low-resource contexts. Exam-
ples include HyperClovaX (Yoo et al., 2024) using
Korean data and AceGPT and Jais (Sengupta et al.,
2023; Huang et al., 2023) incorporating Arabic in-
structions.

2.3 Alignment Domain
Advances in culinary AI include food classifica-
tion, recipe retrieval, and segmentation (Chen et al.,
2017b; Kiourt et al., 2020; Chen et al., 2017a), sup-
ported by datasets like Food-101 and Recipe1M
(Bossard et al., 2014; Salvador et al., 2017). Only
a few studies focus on aligning models with gas-
tronomy (Cao et al., 2024).

AI breakthroughs in tourism include person-
alized recommendations, itinerary planning, and
sentiment analysis, supported by domain-specific
datasets (Wei et al., 2024; Qi et al., 2024). Efforts
focus on optimizing generative AI, multi-modal
guidance, and knowledge graphs for better services
(Hsu et al., 2024; Mo et al., 2023; Cadeddu et al.,
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Figure 1: A comprehensive overview of methods, processes, and augmentation strategies for constructing culturally
aligned instruction tuning and preference optimization datasets.

2023; Wang et al., 2024d). While datasets like
Cultour aid cultural tourism fine-tuning (Wei et al.,
2024), aligning LLMs with tourism knowledge still
requires further specialization.

Biases in LLMs concerning social norms and
values raise ethical challenges (Wang et al., 2023;
Cahyawijaya et al., 2024). To address these biases,
solutions include methods like few-shot prompting
(Ornstein et al., 2022), context aggregation (Dognin
et al., 2024), and ideological dataset tuning (Agiza
et al., 2024).

LLMs have advanced machine translation be-
yond traditional machine translation models, suc-
ceeding in multilingual tasks but facing challenges
in domain adaptation, linguistic nuance, and low-
resource languages (Zhu et al., 2024; Zhang et al.,
2024). Several ways have been proposed to over-
come these challenges, including interactive ma-
chine translation (Wang et al., 2024b), retrieval-
augmented translation (Zhu et al., 2024), and rein-
forcement learning-based fine-tuning.

To summarize, Persian attempts rely mainly on
static models (Heidary et al., 2021; Farahani et al.,
2021), with no interaction ability. LLMs have en-
hanced summarization and allow user interaction,
but they still struggle with low-resource languages
like as Persian due to their limited efficiency. To
the best of our knowledge, no research has aligned
open-source LLMs to enhance Persian summariza-
tion.

3 Methodology

As mentioned earlier, our work focuses on three
culture-representative domains and two task-based
domains that could benefit the Persian-speaking
community. We first define each domain in Sec-
tion 3.1, then detail the data creation methods em-
ployed for each area, followed by an overview of
the training methodologies applied.

3.1 Areas of Focus

Our model focuses on several key areas to align
with Persian language and culture. The culinary
culture area includes recipes, ingredients, tech-
niques, tools, cultural influences, nutrition, presen-
tation, and the science of food and beverage prepa-
ration, representing Persian gastronomy’s long tra-
ditions. The tourism area explores travel-related
content, such as cultural attractions, itineraries,
accommodations, local cuisine, and recommenda-
tions for unique experiences. The socio-cultural
domain prioritizes balanced representation, cultural
sensitivity, and the elimination of biases, including
political and religious prejudices, while reflecting
varied cultural values and conventions.

Aside from cultural considerations, the transla-
tion task focuses on accurately translating content
from one language to another, paying attention to
idiomatic idioms. Finally, the summary assignment
reduces extensive content into brief, coherent, and
contextually appropriate summaries while retaining
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the substance of the original material.

3.2 Data Curation
In this section, we discuss the strategies and
techniques that we adopt or develop for creating
instruction-following and alignment data, as well
as approaches for augmenting the data sets. Our
primary goal is to leverage the originality and style
notation of proprietary LLMs and connect them
with cultural materials to ensure factual consistency
in the resulting data. The majority of our data pro-
duction procedures relied on reference materials
rather than being entirely reference-free. The num-
ber of data samples generated using each method
across the five domains is shown in Table 1, which
also reflects the total volume of data created for
training and Figure 1 illustrates our data creation
pipelines.

Keyword-based data creation concentrated on
the socio-cultural sphere, which included norms,
rules, values, and beliefs. We crawled data from
political and social websites and extract relevant
keywords using Llama3.1-70B-Instruct. These key-
words were then utilized to generate culturally rel-
evant questions reflecting Iranian societal and cul-
tural concerns.

For effective model alignment using reinforce-
ment learning-like techniques, each question re-
quired at least two responses: a preferred "gold" an-
swer to reinforce desirable behavior and a rejected
answer to guide the model away from undesirable
outputs.In contrast, rejected responses were pro-
duced using LLaMA3.1-70B with role prompts bi-
ased toward non-Iranian perspectives. This process
resulted in a dataset of 35,000 instances. Human
evaluators reviewed and refined the examples, en-
suring linguistic and cultural accuracy by removing
non-Persian content from the gold responses. Addi-
tionally, they rated each QA pair on a scale from 1
(low quality/incorrect) to 5 (high quality/accurate).
Only high-quality instances were retained, with
30,660 examples scoring three or higher selected
for alignment.

Document-based data curation served as the
foundation of our approach, providing a reliable
alternative when expert-collected data was unavail-
able. We selected culturally and domain-relevant
books, websites, and annotated documents, which
were then segmented into smaller, coherent sec-
tions. Utilizing multiple language models with tai-
lored prompts, we generated instruction-response
pairs while ensuring the model remained contextu-

ally grounded to mitigate hallucination.
Our methodology comprised three LLM-based

strategies for dataset construction. First, an LLM
extracted question-answer pairs from text while
preserving contextual alignment. Second, inspired
by the Alpaca dataset, we provided the model with
sample instruction-response pairs to guide it in gen-
erating diverse, high-quality instructions tailored to
Persian culture and language. Third, we employed
role-based conditioning, where the model was as-
signed human-like roles relevant to the domain and
tasked with generating both questions and answers
from given text chunks. To enhance accuracy and
coherence, a separate LLM, acting as a subject-
matter expert, reviewed and refined the generated
responses.

After generating datasets using all the three
methods, we applied an LLM-as-Judge framework
to evaluate instructions based on contextual in-
dependence, complexity, practicality, informative-
ness, clarity, and creativity. High-scoring instruc-
tions were revised, with 75% of questions adapted
to an informal tone for a more natural linguistic
distribution, and 25% of responses adjusted for
consistency. Answers were also reformatted into
bullet points using markdown syntax to improve
readability.

For socio-cultural data, sourced from books and
oral materials, rejected responses were generated
by prompting Llama3.1-70B with an Iranian per-
sona. This method produced a total of 30,720 data
instances for the domain.

Multi-turn Dialogue Augmentation plays a
crucial role in improving our model’s capability
to manage complex, dynamic interactions. We cre-
ated a pipeline in which two GPT-4o-mini models
participated in 3-5 dialogue exchanges, imitating
user interactions with personas such as "curious"
or "skeptical." These characters were created us-
ing carefully developed prompts to ensure diversity
and realism in dialogue scenarios.

Conversations began with prompts from our
single-turn datasets (primarily document-based) to
maintain a natural flow. For topics requiring factual
accuracy, relevant document context was incorpo-
rated to ground the dialogue. This approach im-
proved the model’s ability to retrieve information
and respond in a human-like, contextually appro-
priate manner. A total of 24,148 instances with an
average of 3.7 turns were created for the culinary
domain, while 15,660 instances with an average of
3.8 turns were generated for tourism.
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Evol-Instruct-based Data Augmentation is in-
tegral to our methodology, leveraging Evol-Instruct
(Xu et al., 2023) alongside the capabilities of GPT-
4o-mini to enhance and expand our dataset. This
approach is systematically applied to most of our
generated data in order to introduce greater diver-
sity and complexity, enriching the linguistic and
semantic depth of the training material.

For factual topics, we used a document-based
strategy, providing structured context to ensure
correctness and reduce hallucinations. By anchor-
ing discussions in clear context, we improved the
model’s reliability, precision, and real-world ap-
plicability. Through this technique, we expanded
our culinary, tourism, and socio-cultural datasets
by 53,322, 49,480 and 29,140 instructions respec-
tively.

SearchInstruct method enhances the previ-
ous approaches by combining web search and
self-instruction strategies.Unlike the Self-Instruct
method, this methodology takes only a few basic
questions as initial seeds and does not require re-
sponses, making it considerably easier to utilize.
Initially, an LLM is used to expand the quantity and
diversity of these questions, and relevant material
is acquired for each question using a web search.
Then, using the in-context learning capability of
LLMs, an appropriate answer to each question is
generated.

To further align the culinary model’s output with
structured formats, such as markdown tables for
ingredients, we sampled 6,380 instances from the
augmented culinary datasets, refined by Llama3.1-
70B-Instruct to form preferred responses. Rejected
responses, on the other hand were taken from the
reference SFT culinary model.

Translation-based Data Generation is a tech-
nique that allowed us to utilize parallel instruction-
following instances. Initially, we translated pub-
licly available high-quality English instruction-
following datasets, such as ORCA (Mukherjee
et al., 2023) and Ultra-Chat (Ding et al., 2023),
into Persian using GPT-4o and GPT-4o-mini. We
then created translation task instructions using pairs
of translated instructions.

Publicly Available Datasets are another com-
ponent of our curation methodology for generat-
ing instruction-following instances. We gather a
range of publicly available NLP datasets and mod-
ify them by adding diverse instructions.

For further details on the data curation methods,
please refer to Appendix A.

3.3 Model Training

To address the unique attributes and focal areas of
each domain, we trained multiple expert models,
with each expert specializing in a specific cultural
area. The final model aggregates these experts,
and a classifier routes the user’s query to the most
appropriate expert.

We selected Llama-3.1-Instruct-8B as the base-
line model for training, as it includes more Persian
tokens in its tokenizer than other models, such as
Mixtral and earlier Llama versions. This improves
the model’s understanding of Persian words and
context. For training each expert, we applied LoRA
(Hu et al., 2021), a technique from the PEFT family
of methods.

While continual pre-training some experts on rel-
evant data, our primary focus is on the post-training
process, which includes two stages: (A) supervised
fine-tuning and (B) cultural alignment, discussed
in section 3.3.2 and section 3.3.3, respectively. Fur-
ther details on the classifier and its deployment can
be found in section 3.4.

3.3.1 Pre-training
Pre-training allows models to acquire knowl-
edge by training them on large, unstructured
datasets for the task of next-token prediction.
While pre-training typically requires massive
amounts of data—often billions or trillions of to-
kens—continual pre-training can be conducted
with smaller, domain-specific datasets.

To transfer political and social, tourism, and culi-
nary knowledge to Llama3.1-8B, we trained the
model on domain-specific datasets. The data se-
lection was guided by tags generated using the
InsTag method (Lu et al., 2023) on a large Persian
corpus (Hosseinbeigi et al., 2025b). The datasets
included a mix of web-based content, academic
papers, and books.

A total of approximately 1.2 billion tokens was
used to train the socio-cultural expert. The tourism
model was pre-trained on about 60 million tokens,
while the culinary expert was trained on approxi-
mately 15 million tokens.

3.3.2 Cultural Supervised Fine-tuning
Supervised Fine-Tuning (SFT) is a crucial process
for refining pre-trained models, enabling them to
adapt to specific tasks or domains. For each task or
domain discussed in Section 3.1, a LoRA module
is initialized and fine-tuned using Negative Log-
Likelihood (NLL) loss and input masking during
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Domain/Task Number of Instances

Evol-Instruct Multi-turn SearchInstruct Document-based Keyword-based Translation-based Public

Culinary Culture 53,322 24,148 8,932 48,322 - - -
Tourism - 15,660 7,560 32,854 - - -
Socio-culture 29,140 - - 30,720 30,660 - -

Translation - - - - - 280,000 63,000
Summarization - - - 10,000 - - 93,200

Table 1: Overview of methods and the number of instances created for instruction-tuning and preference optimization
dataset across various areas of focus.

the SFT phase.
The instruction-following step was applied to

four areas of focus: culinary culture, tourism,
translation, and summarization, respectively, using
93,328, 56,074, 340,000, and 103,200 instructions.

We did not use all the instances generated for the
culinary domain. Instead, we conducted a careful
quality and diversity assessment with the help of
five human annotators. They reviewed samples
from each sub-dataset and scored them based on
criteria including diversity and the introduction of
new information. Using these annotator scores and
agreement levels, we selected the sub-datasets that
demonstrated higher diversity and better quality,
while excluding those that were overly similar or
of lower quality. This process ensured that only the
most valuable and varied culinary data contributed
to the final training set.

Our main instruction-following data instances
are derived from document-based instances, aug-
mented using Evol-Instruct and multi-turn dialogue
generation methodologies. For the translation task,
we used a combination of publicly available paral-
lel data and the Translation-based Data Augmenta-
tion methodology.

Training details as well as hyperparameter
value for each LoRA module are provided in Ap-
pendix B.

3.3.3 Cultural Alignment

Model alignment and RLHF help capture subjec-
tive, context-dependent human preferences, ensur-
ing responses are truthful, safe, and aligned with
human values. This was particularly important for
our experts in socio-cultural domains.

We tested alignment methods, including PPO
(Schulman et al., 2017), DPO (Rafailov et al.,
2024), and ORPO (Hong et al., 2024), which rely
on specialized loss functions and paired data. DPO
showed instability, while ORPO proved effective
and was selected for alignment.

The socio-cultural model was aligned on a
dataset of 65,630 instances comprising document-
based and keyword-augmented data, as well as
Evol-augmented content. Alignment was critical
for this domain due to its focus on human values
and morals.

The culinary model was also aligned using
ORPO on 6,380 instances. As mentioned earlier,
subsets of the gastronomy dataset was collected
and used to run ORPO on the culinary SFT model.
Though having semantic overlap, the alignment
datasets had different preferred responses than to
those used in the SFT phase.

3.4 Prompt Classifier

We developed a mixture of experts using a hard
classification strategy, selecting a single expert
model for each task rather than blending outputs.
Instead of storing multiple models, we only store
LoRA parameters for each fine-tuned expert, sig-
nificantly reducing storage requirements while en-
abling dynamic task adaptation.

To choose the appropriate expert for a given
query, we fine-tuned an XLM-RoBERTa classi-
fier to categorize the content based on the prompt
context. This classifier determines if the query be-
longs to a specialized domain (tourism, culinary
culture, socio-culture, or translation) or an "other"
category. Based on the classification, the corre-
sponding LoRA parameters are loaded and merged
with the base LLaMA model. For non-specialized
queries, the base model remains unchanged.

This approach enhances computational effi-
ciency and domain adaptability by decoupling task-
specific fine-tuning and using a lightweight classi-
fier to select the appropriate expert model for each
query.

4 Model Evaluation

Evaluating cultural alignment in language models
is challenging due to the lack of statistical bench-
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marks and established standards. To address this,
we employed three evaluation methods: (1) Human
as a Judge, (2) LLM as a Judge, and (3) Human
Satisfaction in multi-experts Interaction. These
methods aim to assess how effectively the models
reflect the target culture’s knowledge, norms, and
values, with human preference serving as a cen-
tral measure of performance compared to baseline
models.

As described in section 3.3, we used Llama3.1-
Instruct 8B as the base model for training the ex-
perts, making it our primary baseline. To validate
our datasets and training procedures, we also fine-
tuned Llama3.1-Instruct 70B and incorporated it
into the same classifier-based system, establishing
it as an additional baseline. Results for fine-tuning
Gemma2 (Team et al., 2024) are also provided
in Table 9 and Table 10.

4.1 Human as a Judge

As noted in section 1, proprietary LLMs like GPT-
4 have limitations in low-resource cultural con-
texts and often exhibit biases toward specific norms
(Johnson et al., 2022; Cao et al., 2023; Ramezani
and Xu, 2023; AlKhamissi et al., 2024), making
them unreliable as cultural evaluators. To address
this, we employed human experts as judges to en-
sure the models successfully captured cultural nu-
ances.

We constructed question-answer datasets for
each domain, ensuring they were distinct from the
training data to maintain reliability. Each dataset
included gold responses to serve as benchmarks.
Questions for each domain were answered by the
corresponding expert models as well as the baseline
models for evaluation.

Three human experts conducted a blind eval-
uation, comparing the answers from the models
and baselines in a win-lose ranking format without
knowing which answers belonged to which mod-

0 20 40 60 80 100
Percentage (%)

Culinary Culture

Tourism

Socio-culture

60.6% 20.9% 18.5%

61.7% 14.0% 24.3%

80.5% 12.1% 7.4%

MATINA 8B vs Llama3.1-8B-Instruct - Human Evaluation
Win
Tie
Lose

Figure 2: Comparative performance of Matina 8B and
Llama3.1-Instruct-8B, based on human judgment. The
evaluation categorizes results into three groups: Win
(where Matina 8B outperforms), Tie (both models per-
form equally), and Lose (where Llama3.1-8B-Instruct
outperforms).

els. This ensured unbiased judgments. Rankings
were based on domain-specific criteria, including
accuracy, relevance, structure, hallucination, output
length, factual correctness, language proficiency,
and alignment with the gold answers. Each ques-
tion was evaluated by at least three annotators, and
majority voting was used to aggregate their pref-
erences, helping to ensure robustness and reduce
individual bias. Prior to the full evaluation, we mea-
sured inter-annotator agreement on smaller evalu-
ation subsets, achieving a substantial agreement
level (κ ≈ 0.72), which supports the reliability of
the human judgments.

4.2 LLM as a Judge

For tasks like summarization and translation, where
cross-lingual knowledge transfer is less critical, we
used GPT-4o mini as a judge after testing its famil-
iarity with Persian linguistic and cultural nuances.
Just like section 4.1, this method involved creating
task-specific datasets distinct from the training data
to ensure unbiased evaluation.

Models, including both experts and baselines,
generated answers to these datasets. Unlike the hu-
man evaluation, gold responses were withheld, and
GPT-4o mini ranked the outputs numerically based
on task-specific criteria. For translation, these in-
cluded accuracy, fluency, cultural relevance and
consistency. For summarization, criteria focused
on faithfulness, helpfulness, coverage, relevance,
and informativeness. This approach ensured con-
sistent and quantifiable evaluations.

4.3 Human Satisfaction in MoE Interaction

In addition to evaluating individual expert models,
we conducted a third experiment to assess the effec-
tiveness of the classifier and the system as a whole.
This method also allowed us to evaluate domains
or contexts potentially overlooked in the datasets,
ensuring comprehensive coverage.

We deployed the multi-expert model along with

Areas of Focus Number of Evaluation Instances

Culinary Culture 300
Tourism 300
Socio-culture 300

Translation 200
Summarization 200

Table 2: Summary of evaluation dataset statistics, cate-
gorized by cultural and linguistic focus areas.
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Model Area of Focus

Culinary Culture Tourism Socio-culture Translation Summarization

Llama3.1-Instruct 8B 3.21 3.49 4.14 5.12 4.65
Matina 8B 5.73 5.42 5.78 5.93 5.62
Llama3.1-Instruct 70B 4.18 4.97 4.85 6.72 5.50
Matina 70B 7.58 7.27 7.18 7.11 6.94

Table 3: Average ratings across five areas of focus for different models. Rates are from human participants and
range from 1 to 10.

Model Number of Like Number of Dislike Average Rating

Llama3.1-Instruct 8B 126 174 4.61
Matina 8B 261 187 6.01
Llama3.1-Instruct 70B 180 191 5.01
Matina 70B 294 135 6.68

Table 4: Final results from an experiment assessing
people’s preferences and ratings for model completions.

Model Summarization Criteria for LLM as a Judge

Faithfulness Helpfulness Coverage Relevance Informativeness

Llama3.1-Instruct 8B 7.47 6.94 6.36 8.11 6.86
Matina 8B 8.50 8.48 8.27 8.72 8.52

Table 5: LLM as Judge Results: Evaluation of Matina
8B on summarization, with criteria including faithful-
ness, helpfulness, coverage, relevance, and informative-
ness.

both baselines, providing access to 20 evaluators
with diverse educational backgrounds, including
computer science, law, and graphic design. Eval-
uators interacted with the models, posing ques-
tions across various domains and tasks. For each
query, users were presented with answers from four
sources: Matina 8B, Llama3.1-Instruct 8B, Matina
70B, and Llama3.1-Instruct 70B. Evaluators first
marked responses as “like” or “dislike” and then
rated them on a scale of 1(incorrect answer) to
10(complete and coherent response) based on their
accuracy and quality.

Ratings were collected and analyzed to gauge
user satisfaction. Importantly, evaluators were not
provided with specific ranking criteria, allowing
for an assessment based purely on personal satis-
faction.

4.4 Evaluation Dataset

To construct the evaluation datasets, we employed
two distinct approaches:

1. Subset Selection: A subset of the instruction
datasets was extracted, ensuring minimal over-
lap with the training instances. This approach
was used to create the summarization dataset
and parts of the culinary evaluation dataset.

Model Translation Criteria for LLM as a Judge

Accuracy Fluency Cultural Relevance Consistency

Llama3.1-Instruct 8B 7.53 6.76 6.24 7.14
Matina 8B 8.29 7.12 7.70 7.65

Table 6: LLM-as-Judge evaluation results for transla-
tion, comparing Matina 8B and Llama3.1-Instruct 8B
across accuracy, fluency, cultural relevance, and consis-
tency

2. Seed-Based Generation: Inspired by the
self-instruct methodology (Wang et al., 2022),
seeds were either sampled from the training
set or crafted by evaluators to comprehen-
sively cover all subdomains within each target
domain. GPT-4o was then prompted to gener-
ate relevant questions based on these seeds.

After constructing the datasets, random samples
were carefully reviewed by human evaluators to en-
sure they captured the cultural concerns and accu-
rately represented the areas to be evaluated. Addi-
tionally, any problematic questions reported during
the human evaluations were replaced with more rel-
evant alternatives. Dataset statistics are presented
in Table 2.

4.5 Evaluation Results

In the domains of culinary culture, tourism, and
socio-culture, we employed the Human as a Judge
evaluation method, as described in section 4.1.
In this setup, we compared the performance of
the Matina 8B-parameter model against the base-
line. The results, shown in Figure 2, indicate that
Llama3.1-Instruct 8B was preferred in only about
30% of cases across all three domains. In contrast,
the Matina experts outperformed the baseline, with
Matina models being favored in 80.5%, 60.6%, and
61.7% of cases in the socio-culture, culinary, and
tourism domains, respectively. While the tourism
and culinary experts were able to match the base-
line model’s responses in 14.0% and 20.9% of the
questions, ties occurred only in 12.1% of the socio-
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culture domain evaluations. These results not only
demonstrate the superiority of the Matina mod-
els but also highlight the lack of Persian cultural
knowledge in the baseline model, particularly in
areas such as social norms and politics.

For both summariztion and translation tasks, we
applied LLM as a Judge evaluation using GPT-4o
mini to evaluate the outputs of the Matina mod-
els against the baselines. The results are shown
in Table 5 and Table 6. In summarization, as seen
in Table 5, Matina’s summarization expert signif-
icantly outperforms the Llama3.1 baseline across
all five evaluation criteria. Although the difference
in "relevance" was smallest, Matina provided more
comprehensive summaries, making them more in-
formative than those generated by Llama3.1. In
translation as shown in Table 6 Matina’s transla-
tion expert consistently outperformed the baseline
across all evaluation criteria. the prompt for LLM
as a Judge can be find in Appendix D

The results in Table 4 reflect human preferences
in a more realistic setup, where participants inter-
acted with the models. These results indicate that
the Matina models achieved significantly higher
satisfaction ratings from participants, with aver-
age scores surpassing those of the baseline mod-
els (Llama-3.1-Instruct 8B and Llama-3.1-Instruct
70B). This holds true for both the 8B and 70B pa-
rameter models, reinforcing the effectiveness of
our training procedures and training datasets.

These findings underscore not only the success
of the expert models but also the accuracy of our
classifier in directing prompts to the most relevant
expert. Notably, the Matina 8B multi-expert out-
performed Llama3.1-Instruct 70B, despite having
far fewer parameters. This demonstrates the crucial
role of culturally aligned data in improving model
performance.

The evaluation results on benchmarks for pre-
vious Persian language models can be found in
the Matina LLM Benchmark (Hosseinbeigi et al.,
2025a). This benchmark evaluates LLMs on Per-
sian language across various domains and tasks.

5 Conclusion

In this paper, we introduced Matina, a Persian-
focused multi-expert language model designed to
bridge the gap between LLMs and Persian linguis-
tic and cultural representation. Our approach in-
volved creating a diverse instruction-tuning and
preference optimization dataset across five key ar-

eas: culinary, tourism, socio-culture, translation,
and summarization. To ensure cultural alignment,
our data curation focused on culturally rich doc-
uments. We applied this dataset to train models
such as LLaMA-3.1-Instruct-8B and Gemma-2-9B
through a three-stage process: pretraining, super-
vised fine-tuning, and preference optimization. Ad-
ditionally, we leveraged a multi-expert architecture
to enhance inference accuracy and memory effi-
ciency. Evaluation results demonstrate that Matina
outperforms baseline models in both task perfor-
mance and user satisfaction, underscoring the effec-
tiveness of our approach in developing culturally
aligned AI models.

Limitations

While Matina demonstrates significant advance-
ments in cultural and linguistic alignment for Per-
sian users, there are limitations in the scope and
diversity of its datasets. Despite employing di-
verse data augmentation techniques, the datasets
could benefit from broader coverage of queries and
subdomains to further enrich their representation.
Additionally, our focus on three cultural domains
(culinary, tourism, and socio-culture) and two lin-
guistic tasks (translation and summarization) does
not fully cover the richness and complexity of Per-
sian culture and language. Persian encompasses a
wide variety of cultural expressions and linguistic
challenges that remain unexplored in this study.
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Appendix

A Data Creation Details and Samples

Data plays a pivotal role in training and align-
ing language models, directly influencing how a
model learns and responds to various queries. Fac-
tors such as data structure, size, diversity, and do-
main significantly impact the outcomes. To ensure
the transfer of cultural and linguistic knowledge
aligned with expert needs, we curated multiple
datasets, each constructed using distinct methodolo-
gies tailored to specific objectives. After training
the models on the created data, we carefully exam-
ined the shortcomings in the model’s responses. In
response, we adjusted certain details of the prompts
and refined the data creation pipelines to address
these issues and improve performance.

In this section, we outline the prompts used for
dataset creation and provide illustrative samples to
offer insight into the process.

Document-Based Datasets To develop datasets
spanning multiple domains while ensuring diver-
sity and human-like quality, we drew from a
range of sources. Various techniques were applied
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to enhance the naturalness and relevance of the
data, including: Question-Answer Pair Generation,
Alpaca-Style Instruction Generation, Human-Like
Instruction Generation.

Each method employed its own specialized
prompting strategy. The Alpaca-style approach
consisted of more than 20 independent prompts,
each corresponding to a specific task. These
prompts were designed to guide the model in gen-
erating high-quality instructions. However, each
prompt was further optimized and customized
based on the specific dataset and domain to ensure
relevance and contextual accuracy.

Given the extensive number of prompts involved
in the process, presenting all of them in detail
would be impractical. Therefore, as a represen-
tative example, we provide the base prompt for QA
data generation in Figure 2. Additionally, Figure
3 illustrates the base prompt used in the LLM-as-
Judge framework for evaluating instructions, and
Figure 4 showcases one of the six prompts utilized
in the revision process, specifically for cases where
the question is informal, the response remains for-
mal, and the answer is structured in a bullet-point
format.

Books in the desired domains are a rich source
for QA extraction. For socio-culture, books on
cultural, social, and religious norms were selected
and chunked by subsections. GPT-4o-mini was
given a prompt to generate questions in the desired
format. To improve results, we instructed the model
not to reference specific sentences or use phrases
like "according to the writer’s opinion." The prompt
is shown in fig. 3.

you are a Q&A expert. Here you must generate 3 comprehensive and detailed questions with answers
from the given context by the user.
the given context is in Persian. Your generated questions must also be in Persian.
questions must only come from the given context and should be the most important topics discussed in
the context.
answer must only consist of the information given in the context and should be detailed and informative
that should be at least multiple sentences.
do not ask for the writer's opinion in the questions and do not reference to the writer's opinion in the
answers. If you need to ask for a given content, mention that part in the question.
take the following challanges and generate questions that can be as close as possible to any of these
fields.
{challenges}
Avoid using any phrases such as \'نویسنده\' and \'از نظر نویسنده\' in asking and answering the questions.
your question and answer must be grammatically correct.
Output must have the following format:
question:
answer:
*************
question:
answer:
*************

Figure 3: Prompt to extract QA from socio-cultural
books

Keyword-Based Dataset To generate a set of
keywords that represent the areas and subdomains
to be covered in the dataset, and to which the model
should be exposed, we extracted keywords from
relevant content and created QAs for each keyword.

system_prompt =
تو یک ایرانی ھستی کھ فقط میتونھ بھ فارسی صحبت کنھ اما میتونھ بھ زبان ھای دیگھ فکر کنھ. بنابراین میتونی از دانش در ھر زبانی استفاده کنی اما

.فقط فارسی حرف بزنی
Translation:
You are an Iranian who can only speak Persian but can think in other languages. Therefore, you can use the
knowledge in any language, but only speak Persian.

instruction = 
{key_gen_num} .تا از مھمترین کلمات کلیدی یا عبارات کوتاه متن زیر را کھ میتوانی در رابطھ با آنھا سوالات چالشی مطرح کنی، استخراج کن

.کلمات کلیدی نباید شامل نام افراد، فصل ھا، تاریخ (روز و ماه و سال) باشند
.ھمچنین سعی کن کلمات تا حد ممکن متفاوت باشند

 .را در خروجی بنویسNone اگر متن داده شده راجع بھ مسائل غیر سیاسی، فرھنگی، اسلامی و اقتصادی بود، بھ جای کلمھ، عبارت
 بھ طور مثال، متون ورزشی، مرتبط با ماشین و مسابقات و

:متن    
    {context}

:خروجی باید بھ شکل زیر باشد
:کلمھ کلیدی1
:کلمھ کلیدی2

 Translation:
Extract {key_gen_num} of the most important keywords or short phrases in the following text that you can
ask challenging questions about. Keywords should not include people's names, chapters, dates (days,
months, and years).
Also, try to keep the words as different as possible.
If the given text is about non-political, cultural, Islamic, and economic issues, write the word "None" in the
output instead of the word. 
For example, sports texts, related to cars and races, etc 
Text:
{context}
The output should look like this:
Keyword1:
Keyword2:

Figure 4: Prompt to extract keywords from documents

Given the following Persian questions, rewrite the question in a creative way. Use tasks such as listing,
opinion asking, rejecting/agreeing with statements, giving examples and etc. to rewrite the questions.
The rewritten question should not include 'آیا' and the question better be rephrased without this particular
word. The core idea of the question must not be changed.
Correct any grammatical errors according to the Persian grammar. Make sure to rewrite the questions in
Persian only and keep the order as given. Do not generate anything other than the rewritten questions. Do
not write the provided question again.

Questions: 
{questions}

Output must be in the below format:
:سوال1
:سوال2
    ...
 Rewritten questions:

Figure 5: Prompt to diversify question structures

The prompt used for this task is provided in fig. 4,
where key_gen_num specifies the number of key-
words to extract from the given context, and context
refers to the text segment. We also observed that
questions generated for the keywords were biased
towards a certain structure and therefore further
prompted the model with the questions and asked
for revisions as in fig. 5.

Evol-Instruction Augmentation To implement
the Evol-Instruct methodology for dataset enhance-
ment, we adopted the prompting framework from
(Xu et al., 2023), introducing modifications to en-
sure all generated content remained strictly within
the Persian language domain, thereby avoiding
cross-linguistic contamination. Our approach in-
volved a two-step process: first, a specialized
prompt (Figure 6a) was applied to transform the
generated instructions into a casual, conversational
format while retaining their relevance and instruc-
tional intent. In the second step, another prompt
(Figure 6b) was employed to generate answers for
the reformulated questions based on the context
provided. This structured adaptation ensured that
the Evol-Instruct methodology was optimized for
Persian-language dataset augmentation, maintain-

20886



Make this text casual and conversational without losing any information:
{evol_instruction}

(a) Prompt to make instructions informal

Answer the following question using this Text (Do not refer to the text in
your answer), your answer shouldn't be short:
Text:
{text}
Question:
{evol_instruction}

(b) Prompt to answer augmented instructions based on content

Figure 6: Prompts to augment dataset by Evol method

ing both linguistic fidelity and contextual relevance.
Multi-turn Dataset Augmentation To create

our multi-turn chat dataset in the culinary domain
using LLMs, we assigned a specific role to the
user-LLM and prompted it to ask questions based
on the given characteristics. These questions were
designed to reflect the perspective and concerns
of someone embodying the assigned role. The
roles were originally defined in Persian, with their
translations provided in the list below. The agent-
LLM, on the other hand, was tasked with taking on
the role of an expert chef, offering detailed answers
tailored to the given context, if provided. Examples
of this dataset for both the culinary and tourism
domain are provided in fig. 7.

1. Continue the conversation according to the
context. You are in the role of an Iranian user
seeking to learn new things about cooking.
Ask your questions informally and driven by
natural curiosity.

2. Act as someone interested in learning the ba-
sics of cooking who is looking for simple tech-
niques. Ask your questions clearly and simply,
avoiding complex terms. Use an informal tone
for your questions.

3. Take on the role of a dormitory student with
limited cooking equipment, seeking recipes
that can be prepared using simple pots and
minimal facilities. Ask your questions based
on these limitations, using informal language.

4. Assume the role of someone with dietary re-
strictions (like diabetes) looking for low-sugar
and low-carbohydrate recipes. Ask your ques-
tions about reducing sugar and carbohydrate
intake in dishes, using informal language.

5. Act as a busy individual with little time to
cook, seeking quick and simple recipes that

can be prepared in under 30 minutes. Focus
your questions on time efficiency and simplic-
ity, using informal language.

6. Take on the role of an athlete looking for
high-protein, energy-boosting meals for post-
workout. Ask your questions about nutrients,
energy, and protein in recipes, using informal
language.

B Training Details

In the three stages of training, we systematically
experimented with various hyperparameters and
configurations, evaluating the model’s performance
and refining the settings based on the results. To
optimize both resource and time efficiency, some of
these experiments were conducted on smaller sub-
sets of the data. As the dataset size increased, con-
figurations were further adjusted accordingly. The
parameters explored included learning rate, num-
ber of epochs, dataset size, dataset diversity, order
of training data, alignment beta, and LoRA rank
and alpha. These experiments aimed to achieve a
balance where the model retained its prior knowl-
edge while effectively integrating new information.
Additionally, we sought to ensure the model could
perform reasoning tasks, rather than merely memo-
rizing the newly introduced knowledge.The models
were trained using a data and model parallel setup
across multiple GPUs—specifically, 4 NVIDIA
A100 GPUs were used to train the 8B parameter
models, and 6 A100 GPUs were employed to fine-
tune LLaMA-70B.

After each training cycle with new configu-
rations, the models were tested with 20 to 30
prompts. If no significant errors were observed in
the model’s responses, its outputs were then evalu-
ated by human reviewers and compared to previous
versions. The best-performing version from each
stage was selected for further experiments and sub-
sequent training.

Notably, different expert models were fine-tuned
with distinct configurations, highlighting the flexi-
bility and efficacy of our methodology for training
multiple specialized models rather than a single
aggregated model on the entire dataset. The final
hyperparameter settings are detailed in table 7.

The query classifier represents a critical compo-
nent of our model that requires dedicated training to
achieve optimal performance. As mentioned in sec-
tion 3.4, we used XLM-RoBERTa (Conneau, 2019)
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چقدر زمان برای پخت آش ترخینھ و ماش لازمھ؟

برای تھیھ آش ترخینھ و ماش، زمان کل پخت حدود ١٠ دقیقھ است، اما باید توجھ داشتھ باشید کھ زمان آماده سازی و پخت بھ صورت جداگانھ محاسبھ می شود. در اینجا مراحل و
زمان ھای لازم برای تھیھ این آش را بھ تفکیک توضیح می دھم:

زمان آماده سازی:

خیس کردن ماش:1. 
٢ ساعت قبل از شروع پخت، ماش را در آب خیس کنید تا نرم شود.

خرد کردن پیاز:2. 
حدود ١٠ دقیقھ برای خلالی خرد کردن ۴ عدد پیاز نیاز دارید.

زمان پخت:

سرخ کردن پیاز:1. 
حدود ۵ دقیقھ برای سرخ کردن پیازھا در روغن کافی است تا طلایی و نرم شوند.

پخت آش: پس از اضافھ کردن ماش، ترخینھ، سبزی ھای خرد شده و ۶ لیوان آب بھ قابلمھ، آش را روی حرارت متوسط قرار دھید. این مرحلھ حدود ١٠ دقیقھ2. 
طول می کشد تا آش بھ جوش بیاید و جا بیفتد.

اضافھکردن کشک:3. 
در اواخر پخت، کشک را اضافھ کنید و اجازه دھید چند دقیقھ دیگر بپزد.

زمان کل:

زمان آماده سازی:
٢ ساعت

(خیس کردن ماش) + ١٠دقیقھ (خرد کردن پیاز) = ٢ساعت و ١٠ دقیقھ

زمان پخت: ۵ دقیقھ (سرخ کردن پیاز) + ١٠ دقیقھ (پخت آش) = ١۵ دقیقھ

نتیجھ گیری: در مجموع،
برای تھیھ آش ترخینھ و ماش، شما بھ حدود ٢ ساعت و ٢۵ دقیقھ زمان نیاز دارید کھ شامل زمان خیس کردن ماش، آماده سازی و پخت است. امیدوارم این توضیحات بھ شما کمک کند

تا آش خوشمزه ای تھیھ کنید! نوش جان!

برای تھیھ آش ترخینھ و ماش، آیا سبزی مخصوصی باید استفاده کنم؟ اگر بلھ، چھ سبزی ھایی بھتر ھستند؟

برای تھیھ آش ترخینھ و ماش، استفاده از سبزی ھای معطر و تازه بسیار مھم است تا طعم و عطر بھتری بھ آش ببخشند. معمولاً از سبزی ھای زیر برای تھیھ این آش استفاده می شود:

سبزی ھای مناسب برای آش ترخینھ و ماش:

تره: بھ عنوان یکی از سبزی ھای اصلی، تره طعمی معطر و خوشایند بھ آش می بخشد.1. 
جعفری: این سبزی نیز عطر و طعم خوبی داشتھ و معمولاً در آش ھا استفاده می شود.2. 
 .3....

(a) Culinary Multi-turn dataset - User role: Beginner Chef

آیا بازار ماھی فروش ھا بندرعباس برای خرید ماھی تازه خوب است؟

بازار ماھی فروش ھا در بندرعباس بھ عنوان یکی از بزرگ ترین و مھم ترین مراکز فروش ماھی در ایران شناختھ می شود. این بازار کھ اخیراً تأسیس شده است، نھ تنھا برای خرید ماھی
تازه، بلکھ بھ عنوان یک جاذبھ گردشگری نیز مورد توجھ قرار گرفتھ است. امکاناتی مانند دو طبقھ پارکینگ و تنوع فوق العاده ماھی ھا و آبزیان خلیج فارس این بازار را بھ انتخابی

ایده آل تبدیل کرده اند.

تنوع محصولات
بازار ماھی فروش ھا

در بازار ماھی فروش ھای بندرعباس، طیف گسترده ای از ماھی ھا و آبزیان بھ فروش می رسند، از جملھ:

ماھی شوریده
کفال

ھوور
حلوا سفید
شیرماھی
شاه میگو

کوسھ
خرچنگ

ھشت پا

این تنوع امکان انتخاب بھترین محصولات را برای خریداران فراھم می کند.

خدمات جانبی بازار

علاوه بر خرید، بازار خدماتی مانند پاک کردن میگو و ماھی را نیز ارائھ می دھد کھ این موضوع برای مشتریانی کھ تجربھ کمتری دارند بسیار مفید است 

نکات مھم برای خرید ماھی

تازگی محصول :بھتر است خرید ماھی تازه را بھ روزھای آخر سفر موکول کنید.1. 
حمل و نقل :ماھی ھا بھ دلیل حساسیت در نگھداری، نیازمند شرایط خاص برای حمل و نقل ھستند.2. 
قوانین حمل ھوایی :برای جابھ جایی ماھی در سفرھای ھوایی باید از قوانین مربوطھ مطلع باشید.3. 

نتیجھ گیری

بازار ماھی فروش ھای بندرعباس با امکانات، تنوع بالا و خدمات جانبی، گزینھ ای عالی برای خرید ماھی تازه است. این بازار تجربھ ای لذت بخش و خاطره انگیز برای بازدیدکنندگان
فراھم می کند.

بھترین زمان برای بازدید از بازار ماھی فروش ھا بندرعباس کی است؟

زمان مناسب برای بازدید

بھترین زمان برای بازدید از این بازار معمولاً صبح زود تا اوایل ظھر است. در این بازه زمانی، ماھی ھای تازه  بھ بازار وارد می شوند و تنوع بیشتری از
محصولات قابل دسترس است. 

....

(b) Tourism Multi-turn dataset

Figure 7: Example of Multi-turn datasets - Data samples have been truncated.

Domain/Task Training Hyperparameters

Lora Rank Lora Alpha Pretrain SFT ORPO

lr epochs tokens lr epochs samples lr beta epochs samples

Culinary 128 256 1e-4 3 15M 1e-4 3 93,328 5e-6 0.1 1 10,900
Tourism 256 512 1e-4 4 60M 1e-4 6 56,074 - - - -
Socio-culture 128 256 1e-4 1 1.2B - - - 5e-6 0.07 1 90,520
Translation 32 64 - - - 1e-5 1 340,000 - - - -
Summarization 32 64 - - - 1e-5 4 103,200 - - - -

Table 7: Training hyperparameters for different expert.

for its strong performance with Persian-language
text. The training dataset included 87,634 "Other",
85,872 "culinary", 57,415 "tourism", and 37,079
"socio-cultural" samples. To improve handling of
out-of-distribution and task-specific cases, 20% of
domain-specific data was relabeled as "Other." A
class-weighted cross-entropy loss addressed class
imbalance, enhancing the classifier’s ability to gen-
eralize across varied prompts. The model was then
trained with a learning rate of 0.00002 for 1 epoch.
The performance evaluation on a specially curated
test set achieved an impressive accuracy of 93.8%.

C Training Gemma-9B

We train Gemma-9B in three stages. First, we pre-
train it on 264,980,480 tokens. Next, we apply
supervised fine-tuning, followed by preference op-
timization using the ORPO method. Unlike Matina,
Gemma does not utilize a multi-expert model; in-

stead, we fine-tune it using a single LoRA mod-
ule. The evaluation results are presented in Ap-
pendix C.1 and Appendix C.2

Model Area of Focus

Culinary Culture Tourism Socio-culture Translation Summarization

Llama3.1-Instruct 8B 3.21 3.49 4.14 5.12 4.65
Matina-Gemma 8B 5.73 5.42 5.78 5.93 5.62

Table 8: Average ratings across five areas of focus for
different models. Rates are from human participants
and range from 1 to 10.

Outcome Percentage

Win (Matina-Gemma) 67%
Tie 27%
Lose (Matina-Gemma) 6%

Table 9: Human evaluation results comparing Matina-
Gemma with the baseline model.
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C.1 Human Evaluation
To assess the cultural alignment of the model, we
conducted a human evaluation with native Persian
speakers. The evaluators compared the responses
generated by our model, Matina-Gemma, against
those from the baseline model. The results are
present in Table 8 and Table 9.

As can be seen in Table 8, Matina-Gemma signif-
icantly outperformed the baseline model, Llama3.1-
Instruct 8B, across all five evaluated areas, with
particularly strong improvements in culturally rele-
vant categories such as Culinary Culture and Socio-
culture. Furthermore, as shown in Table 9, human
evaluators preferred Matina-Gemma’s responses
in 67% of cases, with only 6% favoring Llama3.1-
Instruct. These results demonstrate the effective-
ness of our fine-tuning approach in enhancing cul-
tural alignment and contextual understanding for
Persian-speaking users.

C.2 LLM-as-a-Judge Evaluation
We also employed GPT-4O-mini as an automated
judge for further evaluation, providing an addi-
tional layer of assessment beyond human judgment.
This LLM-as-a-Judge setup offered a consistent
and scalable means of comparison. Each evalu-
ation criterion was scored as either 0 or 1, with
final scores reflecting the overall performance. As
shown in Table 10, Matina-Gemma achieved a
slightly higher score (7.0) compared to the base
model Gemma-9B-IT (6.8). Although the margin
is modest, this result reinforces the human evalua-
tion findings by confirming that our fine-tuning im-
proves model performance even under automated,
objective evaluation.

Model Final Score

Gemma-9B-IT 6.8
Matina-Gemma 7.0

Table 10: LLM-as-a-Judge evaluation scores.

D LLM as a Judge Prompts

As described in Section 4.2, prompts were given
to GTP4o-mini, along with the answer of multiple
models to evaluate which model has superiority
over the others. LLM as a judge was used for the
domains of translation and summarization. For
each task being assessed, a different criteria is out-
lined and explained for the model in the prompt

and model responses are assessed based on these
criteria. The prompt used for translation evaluation
is depicted in Figure 8.

You are an expert translator. Your task is to evaluate three translations provided below. The translation is from
{source_lang} to {target_lang}. Evaluate each translation based on the following criteria:

    1. **Accuracy:** Does the translation preserve the original meaning?
    2. **Fluency:** How naturally does the text read in the target language?
    3. **Cultural Relevance:** Are cultural and idiomatic expressions appropriately translated?
    4. **Consistency:** Is terminology consistently translated across the text?

    For each translation, provide:
    - A score out of 10 for each criterion.
    - A brief comment explaining the score.

    **Original Text:**
    {question}

    **Translations:**

    **Translation 1:**
    {response1}

    **Translation 2:**
    {response2}

    **Translation 3:**
    {response3}

    Provide your evaluation for each translation in JSON format as shown below:

    {{
      "translation_1": {{
        "accuracy": {{"score": [Score], "comment": "[Comment]"}},
        "fluency": {{"score": [Score], "comment": "[Comment]"}},
        "cultural_relevance": {{"score": [Score], "comment": "[Comment]"}},
        "consistency": {{"score": [Score], "comment": "[Comment]"}}
      }},
      "translation_2": {{
        "accuracy": {{"score": [Score], "comment": "[Comment]"}},
        "fluency": {{"score": [Score], "comment": "[Comment]"}},
        "cultural_relevance": {{"score": [Score], "comment": "[Comment]"}},
        "consistency": {{"score": [Score], "comment": "[Comment]"}}
      }},
      "translation_3": {{
        "accuracy": {{"score": [Score], "comment": "[Comment]"}},
        "fluency": {{"score": [Score], "comment": "[Comment]"}},
        "cultural_relevance": {{"score": [Score], "comment": "[Comment]"}},
        "consistency": {{"score": [Score], "comment": "[Comment]"}}
      }}
    }}

Figure 8: Prompt to evaluate translation results with
LLM (LLM as a judge).
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