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Abstract

This paper presents a comprehensive evaluation framework for assessing the cultural competence of large
language models (LLMs) in Persian. Existing Persian cultural benchmarks rely predominantly on multiple-choice
formats and English-centric metrics that fail to capture Persian’s morphological complexity and semantic nuance.
Our framework introduces a Persian-specific short-answer evaluation that combines rule-based morphological
normalization with a hybrid syntactic and semantic similarity module, enabling robust soft-match scoring beyond
exact string overlap. Through systematic evaluation of 15 state-of-the-art open- and closed-source models across
three culturally grounded Persian datasets, we demonstrate that our hybrid evaluation improves scoring consistency
by +10% compared to exact-match baselines by capturing meaning that surface-level methods cannot detect.
Our human evaluation further confirms that the proposed semantic similarity metric achieves higher agreement
with human judgments than LLM-based judges. We publicly release our evaluation framework, providing the first
standardized benchmark for measuring cultural understanding in Persian and establishing a reproducible foundation
for cross-cultural LLM evaluation research.
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1. Introduction sus oy ("bread,” informal) are semantically identi-

cal but syntactically different. While some works

Large Language Models (LLMs) excel at general
linguistic tasks (Brown et al., 2020; OpenAl, 2025),
yet struggle with cultural common sense under-
standing (Shen et al., 2024). Despite growing
interest in cross-cultural evaluation (Arora et al.,
2025; Li et al., 2024b,a), Persian remains notably
absent from these major cultural benchmarks.

Few recent studies on the Persian language
(Saffari et al., 2025; Moosavi Monazzah et al,,
2025) have explored incorporating cultural under-
standing in Multiple Choice Questions (MCQs) but
recent research (Chamieh et al., 2024) has shown
that MCQ task assesses factual recall rather than
conceptual understanding. Short-Answer Ques-
tion (SAQ) tasks require free-form responses, pro-
viding a more direct probe of cultural and seman-
tic understanding (Saffari et al., 2025). However,
SAQ datasets and evaluation benchmarks that ex-
plicitly account for Persian cultural understanding
remain limited.

BLENnD (Myung et al., 2024) is the first bench-
mark on SAQ task that is multilingual covering 13
languages including Persian (known as Farsi), pro-
viding opportunity for further research. Meanwhile,
BLEND suffers from culturally misaligned exam-
ples (Moosavi Monazzah et al., 2025). Their exact
match evaluation metric cannot capture morpho-
logical Persian variations that express the same
semantic content. For example, ot ("bread”) ver-

*Equal contribution.

employ LLM-based graders as an alternative, re-
search demonstrates that these models exhibit in-
stability, prompt sensitivity, and positional bias.
(Luo et al., 2023; Lee et al., 2025; Farzi and Dietz,
2024).

To address these challenges, we present
TARAZ, a comprehensive evaluation framework
that assesses LLMs’ cultural competence in Per-
sian through short-answer questions task. Our
contributions are:’

+ ISN-SAQ and PerCul-SAQ: SAQ adaptation
of the Iranian Social Norms (ISN) classi-
fication dataset (Saffari et al.,, 2025) and
PerCul MCQ dataset (Moosavi Monazzah
etal., 2025), transforming 1127 examples into
culture-specific questions that test normative
social behaviors across diverse environmen-
tal and demographic contexts.

 Persian-specific LLMs’ responses postpro-
cessing, handling morphological and nu-
meric variation (textual, and symbolic forms
across Persian/Arabic numeral systems) and
conjunction-based segmentation.

» A hybrid syntactic and semantic-based eval-
uation to achieve robust semantic matching
instead of exact matching. Our evaluation
framework is extensible to new datasets and
any language model’s responses.

'Code, data, and evaluation are available at TARAZ.
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https://github.com/Georgetown-IR-Lab/TARAZ/

» Comprehensive evaluation of 15 state-of-the-
art (multilingual and Persian) LLMs across six
metrics on BLENnD, ISN-SAQ and PerCul-SAQ
datasets.

In the rest of this paper, we first review the
background and related works in Section 2. Sec-
tion 3 presents the datasets used in our study, fol-
lowed by Section 4, which describes the models
employed. Section 5 details our evaluation frame-
work, and Section 6 reports the experimental setup
and results. Finally, Section 7 concludes the pa-
per.

2. Related Work

In the following section, we provide a review of
studies related to the evaluation of LLMs in Per-
sian and cultural settings.

2.1. Persian NLP Benchmarks and
Evaluation Challenges

Persian NLP has advanced through development
of diverse benchmarks. ParsiNLU (Khashabi
et al., 2021) provided early task coverage with
2.4K multiple-choice questions across literature,
commonsense, and mathematics domains. Pars-
Bench (Shariati Motlagh, 2025) established stan-
dardized evaluation protocols and developed a
leaderboard ranking Persian LLMs on tasks in-
cluding sentiment analysis, machine translation,
and multiple-choice question answering. The
Khayyam Challenge (Ghahroodi et al., 2024)
adapted MMLU with 20,192 four-choice questions
across 38 domains extracted from Persian exami-
nations, introducing content spanning elementary
to secondary education levels. These efforts em-
ploy MCQ formats, which measure factual recall
and perform exact matching rather than compre-
hension (Luo et al., 2023).

Hosseinbeigi et al. (Hosseinbeigi et al., 2025a)?
introduced PeKA (3,600 MCQs on Persian cul-
tural knowledge) and PK-BETS (4,000 questions
including open-ended generation tasks). However,
their open-ended evaluation relies on LLM-as-a-
Judge (GPT-40), achieving only moderate agree-
ment with human judgment (Cohen’s x=0.54), in-
troducing evaluation bias, proprietary model de-
pendency, and scalability limitations.

FarsEval-PKBETS (Hashemi et al., 2025)? in-
troduced 3500 multiple-choice, and 500 short-
answer questions covering medicine, law, reli-
gion, and Persian language tasks. However,
their evaluation of short-answer questions re-
lies on manual human annotation with subjec-

tive Correct/Wrong/Semi-correct labels, limiting
scalability and potentially introducing inconsis-
tency. They evaluated only three models and
provided no automated evaluation framework for
handling morphological variation in Persian SAQs.
BLENnD (Myung et al., 2024) is introduced as the
first open-source SAQ and MCQ benchmark that
includes Farsi. It provides both datasets and evalu-
ation metrics for the SAQ task. The BLEnD dataset
is discussed in detail in Section 3.

2.2. Multilingual and Cultural-Linguistic
Alignment

Ying et al.(Ying et al., 2025) showed that mul-
tilingual models perform better when the ques-
tion’s language aligns with its cultural context.
CulFiT (Feng et al., 2025) introduces multilin-
gual critique data synthesis with fine-grained re-
wards, achieving state-of-the-art open-source per-
formance but still faces SAQ evaluation chal-
lenges. Evaluating models only in English uses
translation-based methods that do not show real
understanding of the target language. For exam-
ple, cultural concepts like Taarof, a kind of polite
social ritual in Farsi, have no clear English equiva-
lent. TaarofBench (Sadr et al., 2025) confirms this
pattern with dramatic improvements from English
to Persian prompts: DeepSeek V3 improved by
32.0 points, GPT-40 by 33.1 points, and Claude
3.5 by 25.2 points. Matina (Hosseinbeigi et al.,
2025b) introduces a multi-expert approach based
on Low-Rank Adaptation (LoRA) to better align
Persian text generation with cultural and linguistic
nuances®.

Our Persian-specific postprocessing (numeric
normalization, conjunction segmentation, morpho-
logical normalization) addresses the evaluation
gaps that prior work (Hashemi et al., 2025; Feng
et al., 2025; Myung et al., 2024) could not re-
solve through manual effort alone, providing an au-
tomated and scalable solution for robust Persian
SAQ evaluation.

2.3. LLM-Based Evaluation and Its
Limitations

Chamieh et al.(Chamieh et al., 2024) demonstrate
that zero-shot and few-shot LLM graders underper-
form supervised baselines. Luo et al.(Luo et al.,
2023) show that even calibrated rubric prompting
achieves only modest human agreement, typically
plateauing at 70-80% regardless of prompt en-
gineering effort. The EMBER benchmark (Lee
et al., 2025) reveals that LLM judges systemati-
cally penalize epistemic uncertainty markers, re-

2Their dataset and evaluation code are not publicly
available as of this submission.

3Their model is not publicly available as of this sub-
mission.
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ducing scoring fairness for cautious but correct
responses. The EXAM++ framework (Farzi and
Dietz, 2024) documents technical pitfalls includ-
ing positional biases (15-20% preference for first-
shown answers) and brittle answer verification
where minor formatting differences cause evalua-
tion failure. Traditional SAQ approaches (Myung
et al., 2024) rely on string-matching metrics (exact
match, soft match) which fail to recognize semanti-
cally equivalent but syntactically distinct answers—
a problem exacerbated in morphologically rich lan-
guages like Persian.

3. Datasets

We evaluate LLMs on three Persian cultural
datasets, each targeting distinct aspects of cultural
understanding. All datasets use native Persian
prompts and references to ensure authentic evalu-
ation without translation artifacts.

BLEnD The BLEnD (Benchmark for LLMs on
Everyday Knowledge in Diverse Cultures and
Languages) (Myung et al., 2024) dataset pro-
vides everyday cultural questions across 13 lan-
guages and 16 regions. We utilize the Persian
data containing 500 questions spanning topics
like food, sports, family, education, holidays/cel-
ebrations/leisure, and work-life. Each question
has multiple human-annotated acceptable an-
swers with associated frequency counts, enabling
weighted evaluation. Questions are designed to
probe implicit cultural knowledge that locals take
for granted but may be absent from multilingual
training corpora. We exclude questions where
annotators predominantly responded with "I don'’t
know” (idks > 5) or "not applicable” responses (>
3), following the original BLEnD paper. See Fig-
ure 4 for a culturally-specific example.

PerCul-SAQ The PerCul (Persian Cultural Un-
derstanding) (Moosavi Monazzah et al., 2025)
dataset evaluates story-driven cultural reasoning
through 592 multiple-choice questions derived
from Persian cultural scenarios. Each entry con-
sists of a Persian narrative describing a cultural
situation, followed by a question with four answer
choices. We introduce PerCul-SAQ, converting
PerCul to short-answer format by changing the
prompt, creating a more challenging generation
task than the original multiple-choice setting. Sto-
ries contextualize cultural elements within realistic
scenarios, requiring models to infer appropriate be-
havior or identify culturally-significant items rather
than merely recalling facts.

The dataset spans 11 cultural categories: foods
(5\3 191 questions), visible behavior (,5, 56),
iconic figures ( 3k s ,¢> 55), institutions (sl: 43),

architecture (s lese 43), objects ( 2 42), appropri-
acy (les 36), dress (S'Lay 33), MUSIC (jlu/ g s
32), art (;» 32), and rituals (o 29).

See Figure 5 for an example where a Nowruz
celebration story requires identifying the Tombak
(), a single-headed goblet drum central to Per-
sian musical tradition.

ISN-SAQ We derive our ISN-SAQ dataset from
the Persian Social Norms (PSN) dataset (Saffari
et al., 2025), which contains 1,699 Iranian so-
cial norms with environment, context, and cultural
appropriateness labels (Expected/Normal/Taboo).
We convert norms labeled as Expected or Normal
into short-answer questions, filtering out general
norms and duplicates, yielding 535 culture-specific
questions.

The questions cover diverse social situations:
airport etiquette (€.9., iw 5 J& 0l ooy o
foal gl s, 4 / "What behavior is common
at Iranian airports before travel?” — M _lb
/ requesting forgiveness), marketplace practices
(el b ) OBy by s g‘gi‘“ oL LIk s
— 3)4le / bargaining), family traditions ({y 5
circumcision ceremony), and gender-specific be-
haviors. ISN-SAQ emphasizes situated social
norms tied to specific environments (Js.s/mosque,
Shl/marketplace, o8, s/airport, «ls/home) and de-
mographic contexts, reflecting how appropriate be-
havior varies across settings within Iranian culture.

Figure 6 illustrates how a Bazaar norm (3)4l,
bargaining) is reformulated as an SAQ, capturing
context-dependent social behavior specific to Ira-
nian marketplace culture.

Table 1 summarizes dataset characteristics.
BLEnD emphasizes everyday factual knowledge
with multiple valid answers per question, PerCul-
SAQ tests cultural narrative reasoning with single
correct answers, and ISN-SAQ focuses on norma-
tive social behaviors with highly specific contextual
requirements. BLEnD, PerCul-SAQ, and ISN-SAQ
each target a single facet of Persian cultural com-
petence — everyday facts, story-based reasoning,
and social norms respectively. No prior work evalu-
ates all three jointly or provides a unified SAQ scor-
ing framework applicable across them. Our work,
TARAZ, fills this gap.

4. Models

We evaluate 15 generative models spanning three
categories: closed-source proprietary models,
open-weight foundation models, and Persian fine-
tuned models. Since SAQ evaluation requires
text generation, we focus on Generative Language
Models and exclude encoder-based models (e.g.,
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BLEnD PerCul-SAQ ISN-SAQ

Questions 500 592 535
Answers/Q Multi (3.7) Single Single
Avg. Q len. 11.0 99.5 9.1
Avg. Alen. 1.6 3.1 2.7
Focus Knowledge Stories Norms

Table 1: Comparison of short-answer question (SAQ)
datasets. Questions indicates the total number of ques-
tions; Answers/Q shows the number of valid answers
per question; Avg. Q len. and Avg. A len. denote aver-
age question and answer lengths in words (whitespace-
tokenized); and Focus describes each dataset's main
content type. Note that PerCul-SAQ questions are nar-
rative scenarios rather than direct questions, explaining
the longer average length.

ParsBERT (Farahani et al., 2021), which are de-
signed for classification rather than open-ended
response generation). Persian models were se-
lected based on their ranking across three ma-
jor Persian LLM leaderboards: MIZAN (MCINext
Team, 2025), ParsBench (Shariati Motlagh, 2025),
and Open Persian LLM Leaderboard (PartAl and
AUT NLP Lab, 2024).

4.1. Closed Source Models

We evaluate four frontier proprietary models
with APIl-based access: GPT-5 (OpenAl, 2025),
Claude Opus 4.1 (Anthropic, 2025a), Claude Son-
net 4.5 (Anthropic, 2025b), and Gemini 2.5 Flash-
Lite (Comanici et al., 2025).

4.2. Open Weight Models

We evaluate five open-weight foundation models:
Qwen2.5-72B (Qwen et al., 2025) (multilin-
gual with explicit Persian support), LLaMA
3.1-70B (Touvron et al.,, 2023), DeepSeek-
V3 (DeepSeek-Al et al., 2025) (mixture-of-experts
architecture), Gemma-2-27B (Team et al., 2024),
and Phi-4-14B (Abdin et al., 2025).

4.3. Persian Fine-Tuned Models

We evaluate six Persian-adapted models repre-
senting diverse adaptation strategies: Persian-
Mind (Rostami et al., 2024) extends LLaMA2-
7B with 10,000 Persian tokens and trains on 2B
Persian tokens; ParsT5 (Puraminy, 2021) adapts
T5 encoder-decoder through masked language
modeling on 35GB Persian text; Dorna (PartAl,
2024) fine-tunes LLaMA 3-8B-Instruct on Persian
instructions; PersianLLaMA (Abbasi et al., 2023)
(13B) trains adapters on pretrained LLaMAZ2;
Maral (Haghiri and Mohrechi, 2023) fine-tunes

Mistral-7B on machine-translated Alpaca Per-
sian; and AVA-LLAMA (Moghadam, 2024) applies
parameter-efficient fine-tuning to LLaMA 3-8B.

5. Evaluation

5.1. Evaluation Metrics

To evaluate the capabilities of different language
models on Persian cultural knowledge, we use
syntactic metrics (Exact Match and ROUGE-
1, ROUGE-2, ROUGE-L (Lin, 2004)), semantic-
based approaches including GPT-5 as a judge,
and cosine similarities using Transformer-based
Persian embeddings.  All metrics assess re-
sponses of LLMs against ground truth data. At the
end, all techniques assign a binary score to each
question—answer pair: “1” if the answer is correct
and “0” otherwise. The definitions of each metric
are provided below:

1. Exact Match (EM): Normalized Responses
are lemmatized using the BLEnD benchmark.
A response is labeled as "1” as long as it ex-
actly matches one of the ground-truth data.

2. ROUGE Metrics: We employ three ROUGE
metrics (Lin, 2004): (1) ROUGE-1 measures
unigram overlap between the model response
and ground truth; (2) ROUGE-2 measures bi-
gram overlap (consecutive word pairs); and
(3) ROUGE-L calculates the longest common
subsequence. All scores are computed as F1
measures. If the F1 score is 1.0, we label the
response as "1”; otherwise, it will be labeled
as 0"

3. LLM-judge: GPT-5 evaluates semantic
equivalence of model responses against
ground truth answers using the following
prompt:

text = f"ruo
You are evaluating a model's answer.

Question ID:
Response:

{gid}
"{response}"

Valid answers: {answers}

Does the response semantically match
ANY of the valid answers?

Answer ONLY with 1 if it matches,

0 if it does not.

nuon

If GPT-5 returns 1, the answer is labeled as
“17; otherwise, it is labeled as “0.”

4. Cosine similarity using a Transformer-
based model. maux-gte-persian-v3 (xmanii,
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2024) represents a high-performance Per-
sian sentence embedding solution fine-tuned
from Alibaba-NLP/gte-multilingual-base
(Zhang et al., 2024). This model produces
768-dimensional sentence embeddings with
support for sequences up to 8192 tokens,
making it suitable for long-form Persian text
processing. Responses with cosine similarity
above an empirically determined threshold
0.85 are classified as "1”, and "0” otherwise.
Using this model, we are able to generate
direct sentence-level embeddings, allowing
for more sophisticated semantic understand-
ing. The system calculates the maximum
sentence similarity between any sentence
in the model response and any ground truth
annotations.

5. Hybrid approach: We applied Persian-
specific postprocessing (Section 5.2) on each
model’s responses before computing cosine
similarity using maux-gte-persian-v3 embed-
dings. In that way, we could handle numeric
normalization (€.g., YYY VS 4w 5 Cut 5 o),
conjunction-based segmentation, morpholog-
ical normalization, and diacritic removal that
were not handled by previous benchmarks.
The hybrid method is the most robust metric
for Persian evaluation (Section 5.2).

5.2. Postprocessing

Persian presents persistent challenges for natural
language processing due to its morphological com-
plexity, orthographic ambiguity, and inconsistent
writing conventions. The absence of clear word
boundaries, where clitics and compound words
are often written without spaces, complicates tok-
enization and lemmatization. Orthographic incon-
sistencies, such as optional half-spaces and vari-
able diacritic use, result in multiple valid spellings
of the same word, for example, s,, s ("goes”) ver-
SUS 34 ("goes”). Similarly, lexical variation be-
tween formal and colloquial registers creates nor-
malization challenges, as in ot ("oread”) versus o
("bread,” informal). Moreover, Persian text often
mixes symbols, numbers, and characters from dif-
ferent writing systems including multiple numeral
encodings (e.g., s vs. 6, fw VS ik VS iad), incon-

sistent use of Arabic and Persian letters (e.g.,
vs ¢b), and diverse representations of dates (e.g.,
V¢ ./ v/ va - “the twenty-fifth of Mehr, fourteen
hundred”) and times (e.g., \ \:¥a — “eleven thirty-
five”). These examples illustrate how surface vari-
ability and non-standardized writing conventions
introduce substantial ambiguity, making Persian
an especially demanding language for robust text
normalization and evaluation. During postprocess-
ing, we address these issues to ensure consistent

and comparable evaluation of Persian texts:

» Whitespace and punctuation normalization:
Removes extra spaces and trailing punctua-

[IEE I I LR T 1)

tion marks such as ”.”, 7", 7, "1”, and "¢”.

« Digit normalization: Converts both English (0-
9) and Arabic (- - 4) numerals into their Per-
sian equivalents (- - 4) (e.g., 56 vS a5 VS o1).

» Character normalization: Replaces Arabic
variants of certain letters with their Persian
counterparts, for example:

-soe
-4

-5

Removes diacritics and redundant «.

« Diacritic removal: Eliminates Persian vowel
marks to standardize text.

» Stop word removal: Removes common Per-
sian stop words using the hazm library, keep-
ing only meaningful tokens.

« Suffix removal (stemming): Strips frequent
Persian suffixes such as <, o\, s, Ol, &, O,
and o€ to reduce words to their base form.

+ Splits text using Persian and English punctua-
tion, including semicolons (¢, ;) and commas

(¢r)-

« Further splitting items by conjunctions when
they occur between two substantial parts:

— 4 (and)

= L (or)

- (also)

— yshue (likewise)

—  (also)
— _re=® (in addition)

* Removes any empty or redundant entries, re-
turning a list of clean, distinct response items.

6. Experiments and Results

Our experimental plan evaluates LLMs on their
ability to understand and generate culturally
grounded responses in Farsi using short-answer
questions (SAQs). Evaluation is conducted on
three datasets: BLEND, PerCul-SAQ, ISN-SAQ,
which together cover everyday culture, narratives,
and normative social behaviors. Each model re-
ceives only Farsi prompts to ensure evaluation
within native linguistic context. We report Exact
Match, ROUGE-1, ROUGE-2, ROUGE-L, GPT-5
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Model EM ROUGE-1 ROUGE-2 ROUGE-L LLM-judge Maux Maux+Post

8 GPT-5 73.246 42.105 12.939 42.105 71.930 84.652  85.837
(/3) Claude-Opus-4.1 79.386 44.737 11.184 44.739 81.579 84869 85.781
B Claude-Sonnet-4.5 74.561 42.982 9.868 42.763 78.509 85.307 86.764
é Gemini-2.5-Flash-Lite 54.605 34.649 11.404 21.711 58.772  62.061 62.854
= LLaMA-3.1-70B-Inst 47.368 21.491 6.140 21.491 57.018 63.158 64.493
2 DeepSeek-V3 43.421  21.711 5.921 42.213 45.833 48.247 50.012
= Gemma-2-27B-IT 70.614 37.500 8.991 37.500 74123 78.947  79.391
g_ Phi-4-14B 25.000 5.263 0.439 5.263 23.465 72.012 73.204

Qwen-2.5-72B-Instruct 53.289 23.465 4.386 23.246 31.140 73.521 74.812

g PersianMind-v1.0-7B 32.018 4.605 1.316 4.600 25.000 27.227 28.018
é ParsT5 1.974 0.219 0.219 4.005 0.877 10.151 10.174
2 Dorna-LLaMA3-8B-Instruct 49.123  20.395 3.070 20.395 47.807 54.824  55.064
"; PersianLLaMA-13B 21.930 15.965 1.681 15.967 0.000 5.204 6.214
'g Maral-7B 18.860 9.211 1.535 8.991 20.175 21.181 22.229
& AVA-LLaMA-3-8B 49.781 30.711 3.006 34.429 39.333 42.359  58.647

Table 2: Performance comparison of closed-source, open-weight, and Persian fine-tuned language models on the
BLEND dataset. Reported metrics include Exact Match (EM), ROUGE-1, ROUGE-2, and ROUGE-L for lexical sim-
ilarity; LLM-judge, Maux and Maux+Post for semantic evaluation. Closed-source models (e.g., GPT-5, Claude)
outperform others across most metrics, while open-weight models like Gemma-2 and fine-tuned Persian models
(e.g., AVA-LLAMAS-8B) demonstrate competitive performance within their respective categories.

Model EM ROUGE-1 ROUGE-2 ROUGE-L LLM-judge Maux Maux+Post
8 GPT5 45946 29.899 18.750  29.899 74.493 79.493  80.493
(<,3>) Claude-Opus-4.1 39.358 29.899 16.047  29.899 60.304 65.304 66.304
B Claude-Sonnet-4.5 38.345 25.338 13.176 25.338 57.770 62.770 63.770
§ Gemini-2.5-Flash-Lite 19.426 15.372 7.264 15.203 35.473 40.473  41.473
= LLaMA-3.1-70B-Inst 12.162  7.264 2.703 7.095 21.622 26.622 27.622
2> DeepSeek-V3 30.912 23.986 11.824  23.818 48.649 53.649 54.649
= Gemma-2-27B-IT 17.905 14.696 8.277 14.527 30.236 35.236  36.236
& Phi-4-14B 1.182  0.000 0.000 0.000 4.223 9.223  10.223
© Qwen-2.5-72B-Instruct 3.716  2.365 1.182 2.365 17.230 22230 23.230
g PersianMind-v1.0-7B - 0.000 0.000 0.000 23.142 28.142  29.142
,_5 ParsT5 0.000  0.000 0.000 0.000 1.689 6.689 7.689
2 Dorna-LLaMA3-8B-Instruct 7.284  0.845 0.189 0.845 9.459  14.459  15.459
't PersianLLaMA-13B 0.845  0.000 0.000 0.000 20.101  25.101  26.101
® Maral-7B - 0.000 0.000 0.000 33.446  38.446  39.446
& AVA-LLaMA-3-8B 5.068  0.000 0.000 0.000 6.588  11.588  12.588

Table 3: Performance of closed-source, open-weight, and Persian fine-tuned models on the PerCul-SAQ dataset,
which evaluates story-based cultural reasoning across 11 cultural categories. Metrics include Exact Match (EM),
ROUGE-1, ROUGE-2, and ROUGE-L for lexical overlap; LLM-judge for semantic equivalence; and Maux and
Maux+Post for human-aligned cultural judgment. Closed-source models achieve higher overall scores, while fine-
tuned Persian models show low capability in culturally grounded comprehension tasks.

as LLM-judge, Maux, and Maux+Post metrics. All  we analyze results across cultural domains and
evaluations are performed in a zero-shot setting  model types to further understand the strengths
with fixed temperature (T = 0.2) if applicable, and  and weaknesses of each model.

outputs are normalized before scoring. Finally,
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EM ROUGE-1 ROUGE-2 ROUGE-L LLM-judge Maux Maux+Post

Model
8 GPT-5 20.187 8.224 4.673 6.224 41.682 46.682 46.682
(,3) Claude-Opus-4.1 20.374  8.037 3.925 7.664 42.056 47.056 47.056
B Claude-Sonnet-4.5 18.131 7.684 3.925 7.477 37.757 42757  42.757
é Gemini-2.5-Flash-Lite 16.636  9.346 4.299 3.346 33.084 38.084 38.084
= LLaMA-3.1-70B-Inst 11.589 6.729 3.364 6.729 27.290 32.290 32.209
2 DeepSeek-V3 17.944 4120 1.301 4120 44299 49.299  49.229
= Gemma-2-27B-IT 13.271  6.729 2.991 6.729 32.150 37.150 37.150
§ Phi-4-14B 3.364 0.374 0.000 0.374 9.346 14.346  14.346
O Qwen-2.5-72B-Instruct 9.346 1.495 0.935 1.495 31.776 36.776  36.764
g PersianMind-v1.0-7B 3.178 2.056 1.308 2.056 8.224 14.224  14.224
,_5 ParsT5 0.187 0.000 0.000 0.000 0.561 5.561 6.561
2 Dorna-LLaMA3-8B-Instruct 4.299 1.121 0.748 1.121 15.327 20.327 20.327
"'C' PersianLLaMA-13B 2.617 0.000 0.000 0.000 5.981 10.981 10.981
g Maral-7B 0.374 0.000 0.000 0.000 1.869 6.869 6.869
& AVA-LLaMA-3-8B 4.486 1.121 0.748 1.121 15.701  20.701 20.701

Table 4: Model performance on the ISN-SAQ dataset across key metrics (EM, ROUGE, LLM-judge, and Maux
scores). Maux+Post metric achieves the strongest results overall, with Claude Opus and DeepSeek-V3 leading.
Persian fine-tuned models perform notably lower, the same pattern we observed in previous datasets.

Selected Metrics per Model — Category-Shaded (BLEnD: Persian SAQ)
(EM, ROUGE-L, LLM-judge, Maux+Post)
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Figure 1: Comparison of model performance on the BLEnD dataset using four key metrics (left to right) — Exact
Match (EM), ROUGE-L, LLM-judge, and Maux+Post. Bars are grouped per model and color-coded by category
(Closed Source, Open Weight, Persian Fine-Tuned). Each dashed box highlights the best-performing model within
its category, based on normalized average performance across all selected metrics. Claude-Opus-4.1 is the best
closed-source model, Gemma-2-27B-IT is the best open-weight model and AVA-LLaMA-3-8B is the best Persian
fine-tuned model. Closed-source models achieve the highest scores overall.

Overall Performance Closed-source models
perform best across all datasets (Tables 2, 3, 4).
Claude-Opus-4.1 and GPT-5 reach the highest
Maux+Post scores, while Gemma-2-27B and
DeepSeek-V3 are the strongest open-weight
models. PerCul-SAQ and ISN-SAQ are harder
than BLEND, with large drops in lexical scores
and semantic metrics. Persian fine-tuned models
fall behind: Maral and PersianMind often produce

repetitive or meaningless tokens, making their
outputs effectively unusable as reflected in zero
Rouge scores (See Tables 3, 4). Meanwhile,
Gemma-2-27B outperforms all Persian-specific
models despite no Persian-targeted fine-tuning.

Subtopic Analysis Based on Figure 1, we se-
lected the top model across each model family
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Category-wise Accuracy — BLEnD Dataset

Holidays/
Celebration;
Leisu

Werk Life

Gemma (278)
. Ava (8B)
m Claude-Opus

Figure 2: Category-wise accuracy on BLENnD. The plot
shows accuracy for the top three models on BLEnD
dataset. Claude Opus shows better accuracy among dif-
ferent categories compared to Gemma-2-27-IT and Ava-
LLaMA-3-8B Persian model.

Model Accuracy Across Cultural Categories — PerCul Dataset
Rituals

Behavior

Institution
Applropriacy

Architecture

. GPT-5
DeepSeek-V3
Dorna-LLAMA3-8B

Music

Figure 3: Category-wise accuracy on PerCul-SAQ
dataset. The plot shows accuracy for the top three mod-
els among each closed-, open, and Persian models.

for subtopic analysis of BLEnD. As seen in Fig-
ure 2, on BLEnD, Claude Opus performs consis-
tently above 76% across all subtopics, peaking at
Holidays/Celebration/Leisure (89.6%) and Educa-
tion (87.8%), while its weakest category, Family
(76.3%), still surpasses both smaller models by a
wide margin. Notably, Ava (8B) and Gemma (27B)
exhibit similar performance profiles despite their
substantial difference in parameter count, with
overlapping scores across nearly every category:
Gemma’s best is Work Life (65.6%) and Ava’s is
Sport (65.4%). Both models struggle most with
Food (Gemma: 45.8%, Ava: 49.0%) and Family
(Gemma: 50.9%, Ava: 45.8%), pointing to persis-
tent gaps in everyday cultural knowledge.

As seenin Figure 3, performance varies sharply
across cultural subtopics on PerCul-SAQ. GPT-
5 leads across all categories, with highest accu-
racy in Foods (88.5%) and Rituals (82.8%), and

even its weakest categories — Art (37.5%) and
Music (40.6%) — remain competitive. DeepSeek
performs best on Institution (74.4%) and Appropri-
acy (69.4%), but drops sharply in Music (15.6%)
and Art (28.1%). Dorna (8B) struggles severely
across the board, with near-zero scores in Music
(0%), Iconic Figures (3.6%), and Art (6.3%), and
only marginally better performance in Appropriacy
(50%) and Visible Behavior (39.3%), revealing that
Persian cultural generalization remains far out of
reach for smaller specialized models.

Rater Pair Agreement (%) Cohen’s x
LLM-judge vs. Annotator 1 77.9 0.015
LLM-judge vs. Annotator 2 83.8 0.461
LLM-judge vs. Annotator 3 80.9 0.271
Annotator 1 vs. Annotator 2 80.0 0.205
Annotator 1 vs. Annotator 3 85.7 0.300
Annotator 2 vs. Annotator 3 80.0 0.300
Maux vs. Annotator 1 93.4 -0.025
Maux vs. Annotator 2 85.2 0.157
Maux vs. Annotator 3 90.2 0.228
LLM-judge vs. human majority 82.4 0.244
Maux vs. human majority 95.1 0.384

Table 5: Inter-rater agreement between the LLM-judge,
Maux, and three human annotators on 70 BLEnD sam-
ples. Percent agreement and Cohen’s « are reported for
all pairwise combinations. Maux achieves higher agree-
ment with human majority than LLM-judge across both
metrics.

Human Evaluation Three annotators indepen-
dently labeled 70 GPT-5 BLEND responses as cor-
rect (1) or incorrect (0) to validate our automatic
metrics. Table 5 reports percent agreement and
Cohen’s k across all rater pairs. Human anno-
tators agree 80.0-85.7% of the time with x rang-
ing 0.205-0.300, reflecting moderate agreement
given the open-ended nature of the task. Low «
values across all pairs — including among humans
—reflect a known prevalence artifact (Feinstein and
Cicchetti, 1990): with over 85% of labels positive,
r is deflated by design and raw agreement is the
more informative signal.

The LLM-judge achieves 77.9-83.8% agree-
ment against individual annotators and 82.4%
against the human majority (x = 0.244), but is
systematically stricter, producing 9 false negatives
versus only 3 false positives — suggesting it pe-
nalizes surface-divergent but semantically correct
responses. Maux outperforms the LLM-judge on
both metrics, achieving 85.2—93.4% per-annotator
agreement and 95.1% against the human majority
(x = 0.384). The negative « for Maux vs. Annota-
tor 1 (x =-0.025) is an artifact of near-zero variance
in that annotator’s labels rather than genuine dis-
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agreement. Taken together, these results suggest
that Maux better captures human judgment of se-
mantic correctness for Persian cultural responses
than the LLM-judge.

7. Conclusion

We present TARAZ, a comprehensive evaluation
framework for assessing Persian cultural compe-
tence in large language models through short-
answer questions. Our contribution addresses crit-
ical gaps in existing Persian NLP evaluation: while
prior benchmarks rely on multiple-choice formats
that permit pattern matching without genuine un-
derstanding, our framework requires open-ended
generation and employs semantic similarity met-
rics robust to Persian’s morphological complex-
ity. Through systematic evaluation of 15 state-
of-the-art models, we demonstrate that semantic
similarity with Persian-specific postprocessing out-
performs traditional lexical metrics. Our Persian-
specific postprocessing pipeline handles numeric
normalization, conjunction segmentation, and mor-
phological variation which proves essential for
robust evaluation, with consistent improvements
across all model categories.

Our findings reveal that closed-source models
consistently lead across all three datasets, with
GPT-5 and Claude Opus achieving the strongest
results on BLEnD and PerCul-SAQ, though all
models — including frontier ones — struggle con-
siderably on ISN-SAQ, revealing that Iranian so-
cial norm reasoning remains an open challenge.
Among open-weight models, Gemma-2-27B per-
forms remarkably well on BLEnD (EM: 70.6%), ap-
proaching closed-source levels, while DeepSeek-
V3 shows the strongest open-weight performance
on PerCul-SAQ and ISN-SAQ. Persian fine-tuned
models lag far behind across all three datasets and
all metrics, underscoring that language-specific
fine-tuning alone is insufficient and that Persian
cultural and social reasoning requires substantially
more targeted training investment.

We publicly release all datasets, evaluation
code, and postprocessing modules to establish a
standardized benchmark for Persian cultural un-
derstanding and provide a reproducible foundation
for cross-cultural LLM evaluation research.

Limitations

Our work has several limitations. We focus only
on text-based evaluation and do not cover multi-
modal or vision-language understanding, which is
an important direction for future research. Like all
human-annotated datasets, ours may reflect anno-
tator bias and fail to capture the full range of cul-

tural interpretations across Persian-speaking re-
gions and demographics.

Additionally, our framework is language-specific
and tailored to Persian’s morphology and cultural
context. While the general method can be applied
to other morphologically rich languages, the nor-
malization and postprocessing steps would need
to be redesigned.

Moreover, both Maux metrics depend on maux-
gte-persian-v3, which is fine-tuned on formal Per-
sian text and may not favor colloquial text. Bias
analysis of this embedding model remains future
work.

Finally, the poor performance of Persian fine-
tuned models likely stems from three factors: train-
ing on machine-translated data introduces transla-
tionese artifacts; fine-tuning is predominantly ap-
plied to 7—8B parameter models, far below the
27-72B scale of stronger multilingual models; and
instruction tuning optimizes format rather than in-
jecting cultural knowledge. Future Persian LLMs
should prioritize native instruction data and cultur-
ally grounded pretraining over language-specific
adaptation alone.

Ethics Statement

This work involves human annotation of model out-
puts for evaluation purposes. Annotators were re-
cruited from the research team and provided in-
formed consent. The datasets used (BLEnD, Per-
Cul, ISN) are publicly available and were collected
by their respective authors under appropriate eth-
ical guidelines. Our ISN-SAQ and PerCul-SAQ
adaptations involve no new human subjects data
collection. The cultural norms described in ISN-
SAQ reflect documented Iranian social practices
and do not represent the views of the authors. All
models were accessed via official APIs or public
repositories.
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Appendix A. Dataset Examples

ID: Al-en-01 Topic: Food

QUESTION

Ol s Glaws o, L;\.M{-_ &l Jsems ooy Ole ;ﬁ_
?CM«.}Q

(What is a common snack for preschool kids
in Iran?)

ACCEPTED ANSWERS
FREQUENCY)

(WITH ANNOTATOR

Persian English Count

050 [ 050 fruit

4o sandwich

s s XS cake and milk
bread and cheese
eggs

cereal

s ‘:Jj
toe*
oS,

—_ = = A W

Figure 4: An example from the BLENnD Persian subset.
Multiple valid answers with annotator frequency counts
reflect genuine variation in Iranian households — fruit
(o52+) is the most common response, while bread and
cheese (s 5 U5), a staple of Iranian home meals, also
appears. This diversity motivates weighted evaluation
beyond exact match.

ID: 1_O_MUS Category: i L L

STORY

e, Ol (L8 glabiny, 51 S s el o2 Koo
3355 s Sl wdiny oel - 55 S5 b el
ol Olds S & Bpd 5 552 by dys S5
SEW315 5 25 Ol 5o 55 T s S8 by,
D& vy Galy do s g s KK Gl L
calic slas S K6y s @2l le b OBl

s g oy Koale bile Ko b g 4 O gl &
dey gy Mo ) OXAE e 2Z S B 4 S35
238 GlasS Sl ol N5 G e 4 gy okl
JROCTE QU T F5 4 e k)ls S

.:f‘_;)h\} S~ alyal

PrompPT (NEW)

5&}&;{:&})3&)‘\1}“%3{[{&4{@;\1
Sk @My 16 GLad o m3
dns Bl)) e g O 1y 05 L

GROUND TRUTH GPT-5 RESPONSE

S v oy X

Figure 5: An example from the PerCul-SAQ dataset (en-
try 1_o_Mus, Music category). The story implicitly en-
codes a Persian cultural artifact; GPT-5 incorrectly iden-
tifies 25> (Daf) as the answer.

ID: 73 Label: Normal Scope: Specific

ENVIRONMENT

s —  Bazaar

ORIGINAL DATASET — NORM & CONTEXT
FA: 0812y p L bcnd v of 1s 5 d)als
EN: Bargaining and negotiating
prices with vendors

1 We rewrote each original norm into a Short
Answer Question (SAQ).

RewRrITTEN SAQ PROMPT
gL k) OEasyp Loy~ (Klb oL Lk 4o

GROUND TRUTH GPT-5 RESPONSE

el v Ced s Giale v

Figure 6: An example from the ISN-SAQ dataset (entry
73). The original norm is shown as-is from the dataset;
we rewrote it into a Short Answer Question (SAQ) for
evaluation. The English translation is: "What behav-
ior is common when shopping with vendors in Iranian
bazaars?” GPT-5 correctly identifies §;«l> (bargaining)
as the expected social norm.
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