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Abstract
The Iranian linguistic family is pluricen-
tric, encompassing Iranian Persian, Dari
(Afghanistan), and Tajiki (Tajikistan). While
Multilingual Large Language Models
(MLLMs) claim broad coverage, their ro-
bustness across these regional variants and
script differences (Perso-Arabic vs. Cyrillic)
remains under-explored, particularly in the
open-weight landscape. We evaluate five open-
weight models from the Qwen, Bloomz, and
Gemma families across four downstream tasks:
Sentiment Analysis, Machine Translation
(MT), NLI, and QA. Utilizing a dataset of over
240,000 processed samples, we observe severe
performance disparities. While the fine-tuned
gemma-3-4b-persian achieves promising
results on Iranian Persian (77.3% accuracy in
Sentiment), almost all tested models appear to
suffer catastrophic degradation on Tajiki script
(dropping to <1.0 BLEU). These findings
highlight a critical “script barrier” in current
open-weight MLLM development for Central
Asian languages. Code and data available here.

1 Introduction

The Persian language (Farsi) serves as a lingua
franca for millions across the Silk Road region,
officially recognized as Persian in Iran, Dari in
Afghanistan, and Tajiki in Tajikistan. While these
varieties share a high degree of mutual intelligibil-
ity in their spoken forms, they diverge significantly
in the written domain. Iranian Persian and Dari uti-
lize the Perso-Arabic script with subtle lexical and
morphological differences, whereas Tajiki adopted
the Cyrillic script during the Soviet era (Windfuhr,
2009).

This pluricentric nature presents a unique chal-
lenge for Natural Language Processing (NLP).
Current Multilingual Large Language Models
(MLLMs) often treat Persian as a monolith, pre-
dominantly trained on data scraped from the Ira-
nian webspace. This creates a representational bias

(Blasi et al., 2022) that may marginalize Dari and
Tajiki speakers.

In this work, we present a focused evaluation of
five open-weight Large Language Models, ranging
from 1.5B to 4B parameters. By focusing onmodels
suitable for edge deployment rather than proprietary
giants, we aim to understand the accessibility of
Persian NLP. We focus on the following Research
Questions (RQs):

• RQ1 (Task Performance): How do general-
purpose multilingual models compare to
language-specific fine-tunes on standard Per-
sian tasks?

• RQ2 (Script Robustness): Does the change
from Perso-Arabic to Cyrillic script (Tajiki)
cause catastrophic generalization failure in
models that claim Persian support?

• RQ3 (Dialectal Variance): How do models
perform on Dari, which shares the script but
differs in vocabulary and grammar?

We evaluate these questions across four distinct
tasks: Sentiment Analysis, Natural Language In-
ference (NLI), Question Answering (QA), and Ma-
chine Translation (MT).

2 Related Work

2.1 Persian NLP Resources
The landscape of Persian NLP has expanded signif-
icantly in recent years, though it remains skewed
towards the Iranian standard. The SentiPers corpus
(Hosseini et al., 2018) established a baseline for
polarity detection. However, modern evaluations
require larger, diverse sources. An openly avail-
able dataset (Khayati, 2021) for persian sentiment
analysis was collected from the popular iranian
eccormerce website, Digikala. Another valuable
resource provides comments from the food deliv-
ery service, Snappfood for sentiment analysis. The
introduction of FarsTail (Amirkhani et al., 2023)
for NLI and PQuAD (Darvishi et al., 2023) for
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reading comprehension provided the first standard-
ized benchmarks for reasoning in Persian. These
datasets, however, are exclusively in Iranian Persian,
limiting their utility for cross-variant assessment.

2.2 Multilingual LLM Evaluation
Evaluations of MLLMs such as BLOOM (Work-
shop et al., 2022) and Qwen (Bai et al., 2023) often
report aggregate metrics on massive benchmarks
(e.g., MMLU). While these models include Per-
sian in their training data, detailed breakdown by
dialect is rarely provided. Recent works have high-
lighted the “curse of multilinguality,” (Chang et al.,
2024) where increasing the number of languages
can dilute performance on low-resource variants.
Fine-tuned approaches, such as the Gemma-Persian
model (Shojaei, 2025) adapted from Google’s
Gemma family, attempt to mitigate this by focusing
on specific language families. Our work contextu-
alizes these models within the specific linguistic
constraints of the Iranian family.

3 Experimental Setup

3.1 Models
We selected five open-weight models based on their
accessibility and claimed multilingual support. We
chose moderate sized LLMs for future deployabil-
ity in edge-devices. All models were loaded us-
ing 4-bit quantization (NF4) on an NVIDIA RTX
4090 GPU to simulate resource-constrained envi-
ronments, with the exception of Gemma-3, which
utilized bfloat16 precision based on architecture
requirements.
1. Qwen2.5-Instruct (1.5B & 3B): Alibaba’s

diverse multilingual models (Team, 2024),
known for strong instruction following.

2. Bloomz (1.7B & 3B): The instruction-tuned
variants (Muennighoff et al., 2023) of the Big-
Science BLOOM model, trained on xP3.

3. Gemma-3-4b-persian: A specialized fine-
tune of Google’s Gemma-3, specifically op-
timized for Persian instruction following (Sho-
jaei, 2025).

3.2 Data Processing and Prompts
We utilized a unified data loading pipeline to pro-
cess raw datasets into a standardized JSONL for-
mat.

Preprocessing: Text normalization was applied
to handle common Persian orthographic variations
(e.g., unifying Arabic/Persian Ye (ی) and Kaf ,(ک)

normalizing zero-width non-joiners). For Senti-
ment Analysis, we mapped diverse label spaces
(e.g., 5-star ratings, -2 to +2 scales) to a unified
{Negative, Neutral, Positive} schema.

Prompt Engineering: We utilized English-
language zero-shot prompts for all tasks to maintain
consistency across the multilingual models. How-
ever, for the Machine Translation task, we explic-
itly conditioned the models on the specific vari-
ant. The prompts followed the template: “Trans-
late the following [Source Language] text to En-
glish”, where [Source Language] was dynamically
populated as “Dari”, “Tajik”, or “pes” (Standard
Persian) based on the FLORES-200 subset. This
ensures that performance degradation on variants
(e.g., Tajiki) is due to model capability gaps rather
than ambiguous instructions. English prompts were
chosen for cross-model consistency since all mod-
els are instruction-tuned in English, but Persian-
language prompts could yield different results. (See
Appendix A for full templates).

3.3 Tasks and Datasets

We construct an evaluation benchmark spanning
over 240,000 samples across four tasks, from which
1,000 test instances per task are sampled for model
evaluation. Details of the datasets, their sources,
and the specific variants covered are detailed in
Table 1. For deterministic evaluation considering
time and computational constraints, we sampled a
stratified test set of # = 1000 per task (Seed=42).

Task Dataset Domain Total Size Variant

Sentiment
SentiPers (Hosseini et al., 2018) Digital Reviews 15.6k

IranianDigikala (Khayati, 2021) E-commerce 98.4k
SnappFood (Farahani et al., 2021) Food Delivery 70.0k

MT FLORES-200 (Team et al., 2022) Wiki/News 3.0k Pes/Prs/Tgk
Tatoeba (Tiedemann, 2020) General 13.7k Iranian

NLI FarsTail (Amirkhani et al., 2023) General 10.3k Iranian

QA PQuAD (Darvishi et al., 2023) Wikipedia 60.3k Iranian

Table 1: Summary of datasets used in this study. “Pes”,
“Prs”, and “Tgk” refer to Iranian Persian, Dari, and Tajiki
respectively. Total Size refers to available samples before
test split sampling.

3.4 Evaluation Metrics

For classification tasks, we use Accuracy and
Macro-F1. We incorporated a strict parsing logic:
model outputs that did not strictly match the label
space were categorized as “unknown,” penalizing
the accuracy score. For QA, we report Exact Match
(EM) and F1. For MT, we report BLEU and chrF
scores using sacrebleu. chrF is particularly im-
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portant for Persian due to its agglutinative morphol-
ogy, where token-based BLEU may penalize valid
variations.

4 Results & Analysis

4.1 Overall Performance (RQ1)

Table 2 summarizes the performance across all
tasks. Addressing RQ1, the fine-tuned Gemma-
3-4b-persian demonstrates superior performance
compared to general-purpose baselines, achieving
the highest scores in Sentiment (77.3%), QA (41.0
EM), and MT (23.3 BLEU). This suggests that for
languages with high morphological richness like
Persian, general multilingual pre-training is perhaps
less effective than targeted fine-tuning.

4.2 Sentiment and NLI Analysis

In Sentiment Analysis (Figure 1), the Qwen and
Gemma models performed consistently well. No-
tably, a source breakdown revealed that models
performed best on SnappFood (short, informal re-
views) compared to SentiPers (formal). For exam-
ple, Qwen2.5-3B achieved 78.7% on SnappFood
but only 61.8% on SentiPers, suggesting modern
LLMs are better aligned with web-style informal
text.

Figure 1: Sentiment Accuracy by Model. Gemma and
Qwen significantly outperform the Bloomz baselines.

To better understand the failure modes of these
models, we analyzed the specific error types in the
sentiment task, as shown in Figure 2. The stacked
bar chart reveals a distinct pattern: while the gemma-
3-4b-persian model maintains a relatively low
error count overall, the baseline models (particu-
larly Bloomz) exhibit a massive disparity. The high
“parsing failure” rate in older models is absent in
Qwen and Gemma, yet the latter still struggle with
distinguishing between Neutral and Negative sen-
timent. This typically occurs in Persian reviews
where polite formalities (Taarof) often mask neg-

ative feedback, confusing models that lack deep
cultural fine-tuning.
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Figure 2: Distribution of top error types in Sentiment
Analysis. While newer models avoid formatting errors,
conflation of Neutral and Negative classes remains a
persistent linguistic challenge.

The Bloomz family struggled significantly with
NLI, yielding accuracy scores near the random base-
line (33%). Analysis of the logs reveals a high
parsing failure rate for Bloomz (up to 1.8%), in-
dicating that the models often failed to generate
the specific labels requested, instead hallucinating
continuations of the premise.

4.3 The Script Barrier: Tajiki Robustness
(RQ2)

Addressing RQ2, our findings indicate a severe
cross-script degradation of models on the Tajiki
variant. As illustrated in Figure 3, there is a stark
disparity between performance on Perso-Arabic
scripts (Persian, Dari) and Cyrillic (Tajiki).

Figure 3: Performance across Persian variants (MT
Task). Note the near-zero performance on Tajiki for
Qwen and Bloomz.

For the Qwen2.5-1.5B model, performance
drops from 6.2 BLEU on Persian to 0.8 BLEU on
Tajiki. This implies that the model probably treats
Tajiki as an entirely foreign language, despite it be-
ing linguistically identical to Persian in syntax and
morphology. However, it is to be noted that we did
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Model Sentiment NLI MT (Avg) QA
Acc F1 Acc F1 BLEU chrF EM F1

Bloomz-1b7 49.6 35.3 33.9 20.3 2.4 21.2 10.1 23.6
Bloomz-3b 48.3 33.8 35.4 24.8 2.7 22.6 17.5 32.5
Qwen2.5-1.5B 72.7 57.9 56.2 51.0 4.6 32.0 10.8 35.2
Qwen2.5-3B 74.0 62.9 63.9 59.3 7.6 37.4 6.1 37.4
gemma-3-4b-persian 77.3 67.8 49.4 44.2 23.3 50.8 41.0 68.4

Table 2: Main results on Persian evaluation tasks. gemma-3-4b-persian dominates in generation tasks (MT, QA)
and Sentiment, while Qwen2.5-3B shows strong reasoning capabilities in NLI.

not conduct a controlled transliteration experiment
to disentangle whether the observed performance
gap is primarily due to script mismatch (Cyrillic
tokenization) or genuine dialectal divergence. The
gemma-3-4b-persian model is the outlier, main-
taining a score of 19.3 BLEU on Tajiki. This sug-
gests that the base Gemma model’s pre-training
may have included Cyrillic data (perhaps Russian
or Central Asian text) that allows for cross-script
transfer, a capability preserved during fine-tuning.

4.4 Question Answering Capabilities

The QA task (PQuAD) proved most difficult. The
Qwen models, despite good instruction following,
struggled with the extractive nature of the task.
They often paraphrased the answer rather than
extracting the span, leading to low Exact Match
scores.

Figure 4: F1 Scores on PQuAD Question Answering.
The fine-tuned Gemma model shows superior span ex-
traction capabilities compared to general multilingual
baselines.

As shown in Figure 4, textttgemma-3-4b-persian
achieved a dominating F1 score of 68.4, nearly dou-
ble that of the nearest competitor. This indicates
that the fine-tuning process for Gemma likely in-
cluded Persian reading comprehension tasks, align-
ing it better with the cultural context and structural
requirements of PQuAD.

4.5 The Dari Divergence: Lexical vs.
Structural (RQ3)

Addressing RQ3, qualitative analysis reveals that
Dari divergence is primarily lexical rather than
structural, stemming from English and Pashto loan-
words (e.g.,نوتنهوپ (Pohantoon) for University) ver-
sus Iranian Persian’s French influence. As detailed
in Table 3, weaker models like Bloomz struggled
with these dialectal markers, frequently hallucinat-
ing (e.g., misinterpreting Pohantoon as unrelated
entities). In contrast, Qwen2.5 and gemma-3-4b-
persian demonstrated robust zero-shot general-
ization. Additionally, while the fine-tuned Gemma
model respected Dari orthography (e.g., meko-
nand), base models often over-corrected text to the
Tehrani standard during generation, highlighting
a persistent training bias despite high aggregate
BLEU scores.

Concept Iranian Persian Dari (Target) Model Handling

University Dāneshgāh (هاگشناد) Pohantoon ( نوتنهوپ ) Gemma: Ø | Bloomz: ×
Company Sherkat ( تکرش ) Kompani ( ینپمک ) All Models: Ø
Technology Fanāvari ( یروانف ) Teknālozhi ( یژولانکت ) Qwen: Ø | Bloomz: ×
Policy Siāsat ( تسایس ) Pālisi ( یسیلاپ ) Gemma: Ø | Qwen: Ø

Table 3: Qualitative analysis of lexical divergence
in Dari. Stronger models (Gemma/Qwen) success-
fully bridge the lexical gap, while weaker baselines
(Bloomz) suffer from hallucinations when encountering
non-Iranian specific vocabulary (e.g., Pashto loanwords
like Pohantoon).

5 Reproducibility

To encourage future work and enable other re-
searchers to replicate our results, we release the
code for this manuscript in this link.

6 Limitations and Future Work

This study has several limitations that should be
considered when interpreting our findings. All
experiments used English zero-shot prompts for
consistency; Persian-language prompts may yield
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different results. Our model selection was lim-
ited to small open-weight models (1.5B–4B), and
the absence of larger or proprietary baselines lim-
its generalizability. The gemma-3-4b-persian
model used bfloat16 precision while others used
NF4 quantization, which may partially explain its
performance advantage. Our Tajiki results conflate
script mismatch with dialectal divergence; a con-
trolled transliteration experiment would be needed
to disentangle these factors, and our findings should
be read as indicating insufficient Cyrillic coverage
rather than a definitive failure to understand Tajiki it-
self. Finally, results are from a single 1,000-sample
split without confidence intervals, and bootstrap
resampling would strengthen statistical reliability.
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8 Conclusion

Our investigation reveals a stark dichotomy in the
landscape of Persian NLP within the open-weight
model ecosystem: while fine-tuning has success-
fully adapted LLMs to the Iranian standard, a
formidable “script barrier” appears to isolate Tajiki
speakers, and dialectal nuances in Dari remain
under-utilized. Since this study focuses on smaller
open-weight LLMs, further work is required to de-
termine if these limitations persist in larger, propri-
etary models. The superior performance of gemma-
3-4b-persian underscores that generic multilin-
gual pre-training is likely insufficient for complex
tasks like QA; rather, achieving true linguistic inclu-
sivity across the Iranian continuum requires curated,
multi-script instruction tuning that treats these vari-
ants not as separate low-resource languages, but as
a unified linguistic heritage.
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A Prompt Templates

We utilized the following zero-shot prompts for our
experiments. For the Machine Translation task, the
prompt was dynamically adjusted based on the spe-
cific variant (Persian/Dari/Tajik) in the FLORES-
200 dataset to ensure models were not penalized
for script confusion. It is to be noted that English
prompts bias toward instruction-tuned models.

Task Template

Sentiment Classify the sentiment of the following Per-
sian text as one of: negative, neutral, posi-
tive.
Text: {text}
Respond with only the sentiment label, noth-
ing else.
Sentiment:

MT Translate the following {source_lang} text
to {target_lang}.
{source_lang} text: {text}
{target_lang} translation:

NLI Given the premise and hypothesis below, de-
termine the relationship between them.
Choose one of: entailment, neutral, contra-
diction.
Premise: {premise}
Hypothesis: {hypothesis}
Respond with only the label, nothing else.
Relationship:

QA Answer the question based on the given con-
text. Extract the answer directly from the
context.
Context: {context}
Question: {question}
Answer:

Table 4: Zero-shot prompt templates used for evaluation.

B Reproducibility Details

Experiments were conducted using 4-bit quantiza-
tion (NF4) for Qwen and Bloomz models to sim-
ulate consumer-grade hardware constraints. We

utilized python 3.10.19 for running our scripts. The
Gemma-3 model was loaded in bfloat16 precision
as it was an architectural requirement for loading
Gemma. We utilized the bitsandbytes python
package for quantization and the transformers
python pacakge for inference. Deterministic gen-
eration was enforced by setting the temperature to
0.0 and do_sample=False for all tasks. We ac-
knowledge that a single 1,000-sample split without
confidence intervals is a limitation, especially for
noisy MT metrics. Bootstrap confidence intervals
should be adopted in future works.

C Detailed Experimental Results
C.1 Sentiment Analysis by Domain
Table 5 presents the performance breakdown across
the three source datasets used in the aggregated
Sentiment Analysis task.

• SnappFood: Short, informal food delivery
reviews.

• Digikala: Product reviews, semi-formal/col-
loquial.

• SentiPers: Formal/Academic corpus.
The results indicate that general-purpose multilin-
gual models (Qwen, Bloomz) struggle significantly
with the formal register of SentiPers (e.g., Qwen2.5-
1.5B drops from 76.6% on SnappFood to 48.0%
on SentiPers). In contrast, the fine-tuned gemma-
3-4b-persian maintains high robustness (74.5% on
SentiPers), suggesting successful alignment across
different registers of Iranian Persian. A visual de-
piction of the LLMs’ performance across different
datasets is shown in Figure 5.

Figure 5: Performance of Multilingual LLMs across
datasets of different nature, indicatingmore recent LLMs
are better adept to handle web data.

C.2 Machine Translation by Variant and
Source

Table 6 presents a granular breakdown of BLEU
scores across language variants and data sources.
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Model SnappFood (Informal) Digikala (Semi-Formal) SentiPers (Formal)
Acc F1 Acc F1 Acc F1

Bloomz-1b7 55.3 37.1 49.6 34.6 25.5 19.8
Bloomz-3b 60.8 39.7 43.7 30.7 15.7 12.9
Qwen2.5-1.5B 76.6 51.4 74.5 56.8 48.0 41.0
Qwen2.5-3B 78.7 52.6 72.3 55.6 61.8 55.7
gemma-3-4b-persian 79.3 53.4 76.0 62.1 74.5 70.0

Table 5: Detailed performance breakdown on Sentiment Analysis datasets. The SentiPers dataset proved most
challenging for base models, while the fine-tuned Gemma model demonstrated cross-domain robustness.

Model Variant Performance (BLEU) Source Breakdown (BLEU)
Persian Dari Tajiki FLORES-200 Tatoeba

Bloomz-1b7 2.4 3.4 1.0 2.5 0.2
Bloomz-3b 2.4 4.4 1.1 2.9 0.1
Qwen2.5-1.5B 6.2 10.3 0.8 5.0 0.1
Qwen2.5-3B 6.7 16.4 2.3 9.1 0.1
gemma-3-4b-persian 20.6 29.0 19.3 25.0 0.2

Table 6: Detailed Machine Translation results. The left section highlights the “Script Barrier” where performance
collapses on Tajiki for non-fine-tuned models. The right section shows the model performance averaged across
variants on specific datasets.

Three critical patterns emerge from this data:

The Script Barrier (Tajiki): The most salient re-
sult is the catastrophic failure on Tajiki. Although
Tajiki and Persian are highly mutually intelligible
and share core syntax and morphology, the Cyril-
lic script poses a major barrier for base multilin-
gual models. Both Qwen2.5-1.5B and Bloomz
collapse to near-zero performance (< 1.1 BLEU),
effectively treating Tajiki as unseen. In contrast,
the fine-tuned gemma-3-4b-persian remains usable
at 19.3 BLEU, indicating that targeted instruction
tuning can bridge the Perso-Arabic–Cyrillic script
gap where general multilingual pre-training fails.

The Dari Inversion: Contrary to expectations,
models often perform better on Dari than on Stan-
dard Persian (e.g., Gemma-3: 29.0 vs. 20.6 BLEU).
Qualitative analysis suggests this is not due to bet-
ter dialectal modeling, but to test-set artifacts: the
Dari subset of FLORES-200 contains simpler, less
metaphorical sentences that models translate more
literally and accurately.

Domain Brittleness (Tatoeba vs. FLORES):
We observe a variation between data sources.
While models achieve respectable performance on
FLORES-200 (Wiki/News domain), they fail al-
most completely on the Tatoeba dataset (averaging
< 0.2 BLEU) (Figure 6). Tatoeba consists largely
of short, context-free, and idiomatic sentences. The
models’ inability to handle these samples indicates

a high sensitivity to domain and sentence length;
they struggle to ground short, ambiguous text with-
out the extensive context provided in Wikipedia-
style paragraphs.

Figure 6: Comparison of Machine Translation perfor-
mance (BLEU) across data sources. While models
achieve reasonable scores on the standard FLORES-200
benchmark, they exhibit near-total failure on the Tatoeba
dataset, highlighting a lack of robustness to diverse sen-
tence structures and community-sourced data.
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