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Preface

It is our pleasure to welcome you to the First Workshop on NLP and LLMs for the Iranian Language
Family (SilkRoadNLP 2026), held as a half-day workshop on March 29, 2026, at EACL 2026 in Rabat,
Morocco.

As the first ACL-affiliated workshop dedicated to the Iranian/Iranic linguistic family, we are excited to
bring together linguists (both computational and non-computational), AI researchers, and community
experts to foster open collaboration and promote culturally informed, inclusive, and ethical approaches
to multilingual Natural Language Processing (NLP) and Large Language Models (LLMs).

We received 18 submissions, out of which 14 papers were accepted. Of these, 6 will be presented as oral
presentations, and 8 as posters, resulting in an acceptance rate of 33% for the former and 44% for the
latter. We regret that the Internet blackout in Iran—which began on January 8th, 2026—prevented many
in Iran from submitting their research to us and caused profound worry for Iranians in the diaspora who
were unable to contact their family and friends. In future editions of SilkRoadNLP, we hope to welcome
our Iranian colleagues who were unable to join us.

Despite these difficulties, contributions to SilkRoadNLP covered a broad range of Iranic languages, de-
monstrating the community’s desire and need for a space of its own within the broader NLP community.
Although the most represented language is—as expected—(Iranian) Persian, our program covers lesser-
represented languages and varieties such as: Dari (Afghan Persian), Dezfuli, Esfahani, Hazaragi, Kabuli,
Kalhori (Kurdish), Khorasani, Luri Bakhtiari, Pashto, Semnani, Shirazi, Shughni, Tajiki (Tajik Persian),
Tonekaboni, Yazdi, and Zoroastrian Dari. Beyond just linguistic diversity, this list also showcases the
orthographic diversity of the Iranian language family, as only four possess a formal, standardized ortho-
graphy (Iranian Persian, Dari, Tajiki, and Pashto), two use the Tajik-Cyrillic script (Tajik and Shughni),
and one is exclusively orally transmitted (Zoroastrian Dari).

In terms of topics, the papers at SilkRoadNLP focus on key areas such as: dataset curation for low-
resource languages, culturally-aware sentiment analysis, automatic speech recognition, and the reasoning
and comprehension capabilities of LLMs. In lieu of an invited speaker or panel, we end our program
with a community discussion on the future of Iranic NLP.

We are very thankful to our program committee, authors, and the EACL Workshop Chairs for their con-
tributions which have allowed us to develop a robust inaugural workshop. We look forward to stimulating
presentations and discussions at SilkRoadNLP 2026, and hope this workshop inspires continued efforts
in Iranic NLP.

SilkRoadNLP 2026 Organizers
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Abstract

While emerging Persian NLP benchmarks have
expanded into pragmatics and politeness, they
rarely distinguish between memorized cultural
facts and the ability to reason about implicit
social norms. We introduce DIVANBENCH, a
diagnostic benchmark focused on superstitions
and customs, arbitrary, context-dependent rules
that resist simple logical deduction. Through
315 questions across three task types (factual
retrieval, paired scenario verification, and situ-
ational reasoning), we evaluate seven Persian
LLMs and reveal three critical failures: most
models exhibit severe acquiescence bias, cor-
rectly identifying appropriate behaviors but
failing to reject clear violations; continuous
Persian pretraining amplifies this bias rather
than improving reasoning, often degrading the
model’s ability to discern contradictions; and
all models show a 21% performance gap be-
tween retrieving factual knowledge and apply-
ing it in scenarios. These findings demonstrate
that cultural competence requires more than
scaling monolingual data, as current models
learn to mimic cultural patterns without inter-
nalizing the underlying schemas.1

1 Introduction

If you offer a Persian guest food, they will refuse.
If you offer again, they will refuse. Only on the
third offer, the “real” one, will they accept. This
three-iteration ritual, called taarof, is immediately
obvious to any Iranian child raised in the culture.
But can a language model, trained on billions of
Persian tokens, distinguish genuine taarof from a
cultural violation? Our results suggest: not really.

The rapid advancement of large language models
(LLMs) has sparked significant interest in their mul-
tilingual capabilities, including Persian language

*Correspondence to: alireza.sakhaeirad@epfl.ch

1Dataset publicly available hugging-
face.co/datasets/divanbench/divanbench

Figure 1: Sample Persian cultural concepts from the
benchmark, spanning superstitions, traditions, and
taboos.

processing. Current Persian LLM benchmarks pri-
marily focus on factual knowledge retrieval, trans-
lation quality, and linguistic tasks such as sentiment
analysis and named entity recognition (Khashabi
et al., 2020). However, these evaluations critically
overlook a dimension central to Persian commu-
nication: the ability to reason about implicit cul-
tural concepts, particularly superstitions and cus-
toms, that govern appropriate behavior in context-
dependent social situations.

Persian culture embeds meaning across multi-
ple historical layers: ancient Zoroastrian beliefs
(Chaharshanbe Suri fire-jumping, esfand burning
for evil eye protection), Islamic traditions (nazri
vow offerings, ghorbani sacrifice), complex social
etiquette systems (taarof, jang-e hesab), rich folk
cosmology featuring supernatural beings (jinn, div,
pari, bakhtak), widespread superstitious practices
(whistling at night attracts evil), and elaborate life-
cycle ceremonies with highly specific ritualistic
requirements. These concepts are not facts to be
retrieved from a knowledge base; they are cultural

1
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Category Example Concepts
Social Etiquette Taarof, Jang-e Hesab, Doorway Deference, Three-Times Rule, Pishkesh, Shirini
Nowruz Traditions Haft Sin, Chaharshanbe Suri, Haji Firuz, Samanu Pazan, Khaneh Tekani, Eidi
Supernatural Beings Jinn, Div, Pari, Bakhtak, Hamzad, Al
Apotropaic Rituals Nazar amulet, Esfand burning, Salt circle, Bismillah invocations
Wedding Ceremonies Sofreh Aghd, Knife Dance, Kuzeh Shekani, Honey ritual
Taboos Whistling at night, Sweeping at night, Stepping on bread, Shoe taboos, Nail cutting restrictions
Divination/Omens Fal-e Hafez, Fal-Gush, Dream interpretation, Itchy palms, Ear ringing

Table 1: Distribution of cultural concepts across categories. Concepts span ancient Zoroastrian beliefs, Islamic
traditions, social etiquette systems, folk cosmology, life-cycle ceremonies, taboos, and divination practices.

schemas (Shore, 1996; Strauss and Quinn, 1997) re-
quiring understanding of context-dependent social
dynamics, implicit power relations, and culturally-
specific rules of appropriateness that are obvious
to cultural insiders but opaque to pattern-matchers.

1.1 Motivation: Why Superstitions and
Customs?

Superstitions and customs provide particularly de-
manding testbeds for cultural reasoning because
they often lack logical justification-, unlike social
etiquette, which has pragmatic benefits, supersti-
tions require acceptance of culturally-transmitted
beliefs without empirical grounding. Furthermore,
they exhibit context-dependence: the same action
(such as sweeping) is neutral by day but taboo
at night. These practices involve implicit rules
that are typically corrected through social feedback
rather than explicit instruction, and Persian supersti-
tions notably reflect historical syncretism, layering
Zoroastrian, Islamic, and folk beliefs in complex
ways. Recent work on Korean superstitions (Kim
and Lee, 2025) demonstrated that culture-bound
phenomena reveal limitations invisible in standard
benchmarks. We extend this insight to Persian,
where superstitions permeate daily life and pro-
vide rich signal for distinguishing genuine cultural
understanding from keyword-matching.

1.2 Research Questions, Contributions, and
Key Findings

This work (illustrated in Fig. 1) investigates
whether Persian-capable Large Language Models
(LLMs) internalize cultural schemas, the implicit
social logic mapping context to action, or merely re-
produce surface-level cultural facts and stereotypes.
The investigation focuses on three core dimensions:
the propensity for models to exhibit acquiescence
bias through pattern-matching, the impact of con-
tinuous Persian pretraining on reasoning versus flu-
ency, and the capacity for factual knowledge to be
operationalized into scenario-based application. By

distinguishing between fluent cultural expression
and robust cultural reasoning, this work provides
a framework for evaluating cultural competence in
low-resource linguistic environments.

Central to this evaluation is the introduction of
DIVANBENCH, a diagnostic framework covering
81 concepts across superstitions, customs, and so-
cial etiquette, instantiated through 315 questions.
The benchmark adopts a three-level architecture
designed to isolate distinct layers of cultural com-
petence: Factual MCQ for baseline knowledge re-
trieval, Binary Belief Verification for testing dis-
cernment through paired positive/negative scenar-
ios, and Scenario-Based MCQ for evaluating multi-
step inference in complex social contexts. By utiliz-
ing a paired design, contrasting behavior that aligns
with Persian customs against plausible but cultur-
ally inappropriate alternatives, this methodology
effectively quantifies acquiescence bias. Further-
more, the study isolates the effects of monolingual
adaptation by comparing a base model, Llama 3.1-
8B, its Persian-adapted variant Dorna2-8B, reveal-
ing how specialized pretraining affects the transi-
tion from surface fluency to logical consistency.

Our evaluation of 7 state-of-the-art models yields
the following key findings:

• The acquiescence Trap: 6 of 7 models
exhibit significant asymmetry in reasoning;
while they identify appropriate behaviors with
84%–92% accuracy, they fail to reject cultural
violations at rates between 19% and 48%, sug-
gesting a reliance on pattern-matching over
logic.

• The Persian Pretraining Paradox: Continu-
ous pretraining can inadvertently degrade crit-
ical reasoning. Llama 3.1-8B’s rejection ac-
curacy of 73% dropped to 30% after Persian-
specific adaptation (Dorna2), representing a
43-percentage-point decline.

• The Factual–Conceptual Gap: Performance
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decreases by an average of 21% when tran-
sitioning from factual retrieval to scenario-
based reasoning, demonstrating that memo-
rized cultural facts do not reliably translate
into functional cultural schemas.

• Distinct Learning Targets: The results pro-
vide empirical evidence that cultural facts and
schemas behave as independent objectives,
suggesting that cultural competence requires
training mechanisms beyond standard data
scaling or monolingual adaptation.

The remainder of this paper is structured as fol-
lows: Section 2 reviews related work on cultural
evaluation and Persian NLP; Section 3 describes
our benchmark design, cultural concept coverage,
and data collection methodology. Section 4 de-
tails our experimental setup including model selec-
tion, evaluation protocol, and experimental design.
Subsection 4.2 presents our four main findings
on acquiescence bias, pretraining effects, factual-
conceptual gaps, and model scaling. Subsection 4.3
analyzes the mechanisms behind these findings and
their implications for multilingual NLP. Finally,
Section 5 concludes and discusses future directions
for cultural reasoning research. Appendix A gives
more insight into the data and presents more exam-
ples, and appendix B adds some additional detail on
system prompt variations, experiments, and results.

2 Related Work

2.1 Persian LLM Evaluation
Most Persian NLP benchmarks have tradition-
ally emphasized linguistic competence and fac-
tual or domain knowledge. Representative re-
sources include PARSINLU for broad NLU cov-
erage (Khashabi et al., 2020), FARSTAIL for Per-
sian natural language inference (Amirkhani et al.,
2021), and PERSIANMEDQA for bilingual medi-
cal question answering (Ranjbar Kalahroodi et al.,
2025). Recent efforts broaden evaluation toward
general knowledge and multimodal educational as-
sessment, including the Khayyam Challenge (Per-
sianMMLU) (Ghahroodi et al., 2024) and MEENA
(PersianMMMU) (Ghahroodi et al., 2025). In par-
allel, a newer line of work targets cultural and
pragmatic competence more directly: PERCUL

uses story-driven scenarios to probe cultural un-
derstanding in Persian (Moosavi Monazzah et al.,
2025), TAAROFBENCH evaluates the Persian po-
liteness system and its nuanced social dynam-

ics (Gohari Sadr et al., 2025), and ELAB bench-
marks Persian-relevant alignment and safety dimen-
sions (Pourbahman et al., 2025). Together, these
works show a shift from “language + facts” evalua-
tion toward culturally grounded pragmatics, though
the latter remains less standardized and compara-
tively underexplored.

2.2 Cultural Competence in LLMs
Beyond Persian, substantial evidence shows that
LLMs often fail to capture culture-specific, context-
dependent norms and may default to dominant
viewpoints or produce plausible-but-shallow cul-
tural explanations (Zhang et al., 2025; Dai et al.,
2025; Durmus et al., 2024; Hossain and Afli, 2025).
Cross-cultural evaluations similarly report perfor-
mance disparities between high-resource and low-
resource cultures and uneven representation of
global perspectives (Cao et al., 2023; Durmus et al.,
2023). Related research in social/pragmatic reason-
ing and perspective-taking further indicates weak-
nesses on tasks that require implicit modeling of
beliefs and intentions (Sap et al., 2019, 2022). Par-
ticularly relevant are cultural testbeds based on su-
perstitions (e.g., NUNCHI-BENCH), where models
may handle surface facts but struggle with situa-
tional reasoning (Kim and Lee, 2025).

Methodologically, evaluation can be confounded
by systematic response biases: LLMs exhibit
position bias in multiple-choice settings and re-
lated tendencies such as acquiescence bias/“yes-
saying” (Zheng et al., 2023; Wang et al., 2023;
Wallace et al., 2019; Si et al., 2023). Prior work
mitigates these effects via prompt design and cal-
ibration (Ko et al., 2023; Si et al., 2023), while
alternative evaluation designs aim to measure bias
explicitly. Finally, cognitive theories distinguish ex-
plicit cultural facts from implicit cultural schemas
learned through repeated, socially situated experi-
ence (Shore, 1996; Strauss and Quinn, 1997). This
distinction aligns with arguments that text-only
training may be insufficient for grounded under-
standing (Bisk et al., 2020) and echoes the clas-
sic observations that robust common sense rea-
soning is difficult to recover from text statistics
alone (Levesque et al., 2012).

2.3 Positioning Our Work
Our work uniquely combines: (1) comprehen-
sive coverage of Persian superstitions and cus-
toms (more than 80 concepts across 7 domains);
(2) explicit bias measurement through paired pos-
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itive/negative design; (3) direct comparison iso-
lating pretraining effects (Llama3.1 (Dubey et al.,
2024) vs. Dorna2 (PartAI Team, 2024)); and (4)
theoretical grounding distinguishing cultural facts
from schemas. While prior work addresses individ-
ual aspects (Persian-related factual retrieval tests,
cultural evaluation, low-resource pretraining), we
provide integrated analysis revealing systematic
limitations in current approaches to cultural com-
petence in Persian LLMs.

3 Benchmark Design and Data Collection

We introduce DIVANBENCH, a benchmark for eval-
uating cultural reasoning in Persian LLMs. Our
design philosophy centers on distinguishing gen-
uine cultural understanding from pattern-matching
to plausible-sounding Persian text.

3.1 Design Principles
We evaluate models across three complementary
tasks isolating different aspects of cultural compe-
tence:

Factual Multiple-Choice Questions The first
data type consists of 100 Factual MCQs designed
to test whether models can accurately retrieve fun-
damental information regarding Persian culture,
history, geography, and traditions. These ques-
tions serve as a critical baseline control, identifying
whether a model possesses the raw cultural knowl-
edge necessary for more complex tasks. Success in
this category indicates a robust factual foundation,
while failure suggests a lack of exposure to Persian-
specific data during the model’s pre-training phase.

Binary Belief Verification The second task type
comprises 162 statements categorized into matched
pairs for 81 distinct cultural concepts. Each pair
includes a "positive" scenario indicating a person
following the Persian customs and a "negative" sce-
nario where the subject acts against those customs
in a way that remains plausible in a non-Persian
context. This paired design is specifically intended
to measure acquiescence bias and discernment;
models that rely on simple pattern matching of-
ten show an asymmetric performance, erroneously
accepting culturally inappropriate behaviors while
correctly identifying appropriate ones.

Scenario-Based Multiple-Choice Questions
The final data type includes 53 Scenario-Based
MCQs that challenge models to apply cultural
reasoning to complex, novel social situations.

These scenarios require intricate inferences about
social hierarchies, contextual appropriateness,
and interpersonal nuances that are not explicitly
taught. By focusing on concepts typically acquired
through lived experience and social interaction,
this task isolates the model’s ability to move
beyond rote memorization and demonstrate
authentic cultural competence in dynamic settings.

Example: Scenario-Based MCQ

Arman has a sore throat and a high fever. His
mother brings him soup and tea but strictly
warns him not to eat the fresh melon sitting
on the counter. Arman argues that the fruit
is full of vitamins and will help him recover.
Why does the mother forbid Arman from eat-
ing the melon while he has a cold?

(A) Melon is Sard (Cold); adding cold fruit
while sick will freeze the lungs and pro-
long recovery

(B) Melon is Garm (Hot); eating it during
a fever will ignite the blood, spreading
infection faster

(C) Folk belief holds melon aroma attracts
night-illness spirits, preventing medicine
from working

(D) Hygiene precaution: high sugar content
feeds bacteria in the throat, causing per-
manent voice loss

Expected: (A) — requires understanding
the classical Persian food classification sys-
tem (Sard-Garm) and traditional Persian
medicine, which lacks modern medical evi-
dence.

Author-Generated Content and Quality Control
All questions were drafted and refined through mul-
tiple rounds of author review based on cultural
knowledge acquired via lived experience in Iranian
society. This process ensures authenticity by re-
flecting real social practices rather than stereotypes,
focusing on "insider knowledge" that is intuitive
to cultural members but requires active reasoning
from outsiders. We prioritized implicit concepts
typically learned through social interaction, rather
than explicit instruction. By ensuring unambiguity
for insiders while maintaining plausible alterna-
tives for outsiders, the dataset enables a diagnos-
tic evaluation of cultural competence that distin-
guishes genuine understanding from simple pattern

4



matching.

3.2 Cultural Concept Coverage
Our benchmark spans seven major cultural do-
mains, summarized in Table 1 and detailed in Ap-
pendix A.1. These domains encompass supersti-
tions and omens such as divination practices (Fal-e
Hafez, Fal-Gush), dream interpretation, and bodily
omens like itchy palms or ear ringing, alongside
apotropaic rituals like burning esfand to ward off
the evil eye, wearing nazar amulets, and Bismil-
lah invocations. Additionally, the dataset covers
taboos governing daily life, including restrictions
on whistling or sweeping at night, and prohibitions
against stepping on bread.

4 Experiments

4.1 Setup
Model Selection We evaluate 7 models from
the Open Persian LLM Leaderboard (OpenPersian
Team, 2024) with similar parameter counts to en-
sure fair comparison. All models are in the 7–12B
parameter range, representing state-of-the-art per-
formance for Persian language tasks: Aya-8B (Co-
here For AI, 2024), Dorna2-8B (PartAI Team,
2024), Gemma2-9B and Gemma3-12B (Gemini
Team, 2023), Llama3.1-8B (Dubey et al., 2024),
and Qwen2-7B and Qwen2.5-7B (Qwen Team,
2024). The critical comparison is Llama3.1-8B
(base) versus Dorna2-8B (Persian-adapted through
continuous pretraining), which isolates the effect of
Persian-focused pretraining while controlling for
all other modeling choices. (For detailed descrip-
tion about models see App. B.1)

Evaluation Protocol Following best practices
for reproducible LLM evaluation (Chang et al.,
2024), we use temperature of 0.1 and top-p sam-
pling set to 0.9 with fixed random seeds. For
answer extraction, we employ GPT-4o-mini as a
systematic extraction agent (Zheng et al., 2023),
which parses model outputs to identify selected op-
tions (A/B/C/D) for multiple-choice questions and
yes/no responses for binary questions. To account
for prompt sensitivity (Si et al., 2023), each ques-
tion is evaluated with 5 diverse system prompts that
vary in phrasing while maintaining semantic equiv-
alence. All prompts instruct models to respond as
Iranian cultural insiders to ensure fair evaluation
conditions. We report mean accuracy and standard
deviation across prompt variations. To see exact
system prompts, see B.2.

We compute three complementary metrics: (1)
Accuracy measuring percentage of correct re-
sponses per task type; (2) Acquiescence bias quan-
tifying the difference between acceptance rates for
positive scenarios and rejection rates for negative
scenarios in binary tasks, where high positive bias
indicates pattern-matching rather than reasoning;
and (3) Factual-Conceptual Gap measuring per-
formance difference between factual retrieval and
scenario-based reasoning. These metrics provide
multi-dimensional assessment of cultural compe-
tence beyond standard accuracy reporting.

Experimental Design We conduct three com-
plementary experiments to systematically evaluate
cultural reasoning in Persian LLMs:

1. Acquiescence bias Measurement (Experi-
ment 1). We compare model performance
on paired positive and negative binary scenar-
ios testing identical cultural concepts. This
paired design directly measures acquiescence
bias as B = Accpos−Accneg, where Accpos is
accuracy on appropriate behavior and Accneg
is accuracy on violations. Models with high
positive bias demonstrate pattern-matching to
cultural keywords rather than genuine reason-
ing.

2. Pretraining Effects (Experiment 2). We
conduct a controlled comparison between
Llama3.1-8B (base model Mbase) and Dorna2-
8B (Persian-adapted model Madapted). This
matched-pair design isolates the effect of Per-
sian pretraining by comparing performance
changes ∆ = Acc(Madapted) − Acc(Mbase)
across all task types, revealing whether contin-
uous pretraining improves cultural reasoning
or reinforces surface-level pattern-matching.

3. Knowledge Transfer (Experiment 3). We
analyze the factual-conceptual gap as G =
Accfactual − Accscenario, where Accfactual mea-
sures retrieval and Accscenario measures cul-
tarul reasoning. Large consistent gaps suggest
cultural facts and schemas engage different
cognitive mechanisms.

4.2 Results

We present results across all evaluation dimensions,
revealing systematic patterns in how Persian lan-
guage models handle cultural reasoning. Table 2
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Model Factual MCQ Scenario MCQ Gap Acquiescence bias
(Knowledge) (Reasoning) (Fact - Scenario) (Accept - Reject)

Gemma3-12B 87.0 ± 1.0 66.0 ± 1.0 21.0 +61.0
Gemma2-9B 83.0 ± 0.0 65.0 ± 3.0 18.0 +41.0
Llama3.1-8B 80.0 ± 2.0 53.0 ± 5.0 27.0 -10.0
Qwen2.5-7B 75.0 ± 1.0 60.0 ± 2.0 15.0 +26.0
Qwen2-7B 73.0 ± 3.0 48.0 ± 5.0 25.0 +65.0
Dorna2-8B 73.0 ± 2.0 54.0 ± 3.0 19.0 +61.0
Aya-8B 66.0 ± 2.0 42.0 ± 2.0 24.0 +19.0

Average 76.7 55.4 21.3 +43.3

Table 2: Core performance metrics across all models. Gap measures difficulty transferring factual knowledge to
scenario reasoning. Acquiescence bias (Accept - Reject) reveals pattern-matching: positive values (red) indicate
models accept appropriate behavior readily but fail to reject violations. Only Llama3.1-8B shows skeptical bias
(blue). Percentages shown; standard deviations computed across 5 prompt variations. Models sorted by Factual
MCQ performance.

Task Llama3.1-8B Dorna2-8B Change
Reject False 0.73 0.30 -43%
Accept True 0.63 0.91 +28%
Factual MCQ 0.80 0.73 -7%
Scenario MCQ 0.53 0.54 +1%

Table 3: Direct comparison of Llama3.1-8B (base) and
Dorna2-8B (Persian-tuned). Persian pretraining dramat-
ically increased acquiescence while destroying critical
reasoning.

shows complete performance across all tasks (See
table 5 for detailed results of binary tests).

Finding 1: The acquiescence Trap Most mod-
els exhibit severe acquiescence bias on cultural
questions, accepting plausible statements far more
readily than rejecting violations. This asymme-
try reveals that models are pattern-matching to
culturally-themed Persian text rather than reason-
ing about appropriateness. Extreme cases include
Qwen2-7B (84% acceptance vs. 19% rejection,
bias = +65%), Gemma3-12B (92% acceptance
vs. 31% rejection, bias = +61%), and Dorna2-8B
(91% acceptance vs. 30% rejection, bias = +61%).
These models correctly identify culturally appro-
priate behavior when presented positively but fail
to recognize violations of the same concepts when
presented negatively. for instance, accepting both
"Standing up when elders arrive" (correct code of
respect) and "Remaining seated for comfort when
elders arrive" (violates code of respect). The only
exception is Llama3.1-8B, showing opposite bias
(73% rejection vs. 63% acceptance, bias = -10%),
suggesting an skeptical tone in this model.

Finding 2: The Persian Pretraining Paradox
Comparing Llama3.1-8B (base) with Dorna2-8B
(Persian-tuned) in table 3 reveals counterintuitive

Figure 2: acquiescence bias across models. Most mod-
els accept true cultural statements readily (Blue) but fail
to reject false ones (Red), indicating pattern-matching
rather than reasoning.

effects of continuous pretraining on cultural rea-
soning. Rejection accuracy collapsed dramati-
cally from 73% to 30% (-43 percentage points),
while acceptance accuracy soared from 63% to
91% (+28pp). Notably, factual knowledge slightly
declined (80% to 73%) and scenario reasoning
remained essentially flat (53% to 54%), indicat-
ing that continuous Persian pretraining taught the
model to recognize cultural patterns without im-
proving reasoning about cultural logic. This sug-
gests that more Persian data reinforced surface-
level pattern-matching over deep cultural under-
standing. Dorna2 became more “culturally compli-
ant” but less discerning, accepting any plausible-
sounding cultural scenario regardless of correct-
ness. This finding challenges the common assump-
tion in low-resource NLP that monolingual pre-
training universally improves understanding.
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Figure 3: Factual Knowledge vs. Cultural Reasoning
Gap. Gemma3-12B (largest bubble, top-right) achieves
highest factual accuracy but shows inconsistent scenario
reasoning. All models fall below the diagonal, indicat-
ing systematic difficulty in transferring factual knowl-
edge to cultural schema application. Bubble size repre-
sents model parameters.

Finding 3: The Factual-Conceptual Gap All
models show consistent performance degradation
from factual to scenario-based tasks, with an av-
erage gap of 21 percentage points. Models can
retrieve facts about Persian culture ("What is
taarof ?") but struggle to apply cultural logic to
novel scenarios ("In this situation, would taarof
be appropriate?"). This gap demonstrates that
knowing that a concept exists differs fundamentally
from knowing when it appropriately applies. The
gap persists even for the best-performing model
(Gemma3-12B shows -21%), suggesting this is a
fundamental limitation rather than a simple capac-
ity issue. This evidence supports the cognitive an-
thropology distinction between cultural facts (re-
trievable from text) and cultural schemas (requiring
embodied social learning).

Finding 4: Size Does Not Guarantee Cultural
Intelligence Gemma3-12B, the only model ex-
ceeding 10B parameters, shows contradictory per-
formance patterns: it achieves best factual retrieval
(87%, 21% above average) yet worst acquiescence
bias (+61%, tied with Dorna2). The larger model
excels at memorizing cultural facts while show-
ing extreme acquiescence bias, accepting 92% of
positive statements but rejecting only 31% of nega-
tive ones. This suggests that model size improves
fact memorization without improving cultural dis-
cernment, and larger models may amplify pattern-
matching behaviors learned from training data.

4.3 Analysis

Why Persian Cultural Concepts Are Hard Per-
sian cultural concepts exhibit three critical char-

acteristics that resist pattern-matching. First, they
encode implicit social contracts never stated in text:
taarof requires tracking iteration counts, modeling
power asymmetries, and distinguishing ritual from
sincerity through multi-turn interaction. Second,
they involve context-dependent inversion where
identical actions have opposite meanings: paying
for a meal is appropriate among peers after negoti-
ation but offensive when done secretly with elders.
Third, they conflate factual and normative knowl-
edge: "Is burning esfand effective?" (factual, no)
versus "Is burning esfand appropriate when mov-
ing?" (normative, yes). Models trained on factual
text systematically conflate these categories.

The Acquiescence Trap Mechanism The severe
acquiescence bias across six models stems from dis-
tributional patterns in Persian training data. Models
learn that cultural keywords like taarof, nazri, and
esfand co-occur with positive contexts: respectful
news coverage, affirmative social media posts, and
celebratory descriptions. When encountering these
keywords, models trigger acceptance regardless of
scenario details. This explains why they accept
both correct taarof (refuse twice, accept third time)
and violations (accept immediately). Without rea-
soning about iteration logic, they pattern-match to
cultural keywords instead.

Why Persian Pretraining Degraded Reasoning
Continuous Persian pretraining on Dorna2 col-
lapsed rejection accuracy by 43 percentage points
while boosting acceptance by 28 points. This
asymmetry reveals surface pattern reinforcement:
Persian corpora contain overwhelmingly affirma-
tive mentions of traditions, creating distributional
bias toward accepting culturally-themed statements.
Meanwhile, Llama3.1’s skeptical stance (73 per-
cent rejection) likely reflects instruction tuning for
critical evaluation. Persian pretraining overrode
this skepticism, producing cultural fluency with-
out reasoning. This challenges the assumption that
monolingual pretraining improves understanding, it
may amplify fluency while degrading discernment.

Factual-Conceptual Gap as Schema Evidence
The consistent 21 percent performance drop from
factual to scenario tasks operationalizes the dis-
tinction between cultural facts (retrievable knowl-
edge like "Nowruz marks New Year") and cul-
tural schemas (situational rules like "Would serving
halva be appropriate here?"). Facts require mem-
orization; schemas require conditional reasoning
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about context, relationships, and implicit norms.
Current training successfully instills facts but fails
at schemas, suggesting that adding more factual
data cannot close this gap, different learning mech-
anisms are needed.

5 Conclusion

We introduced DIVANBENCH, a benchmark evalu-
ating cultural reasoning in Persian LLMs through
81 concepts and 315 questions across three task
types. Evaluation of seven models reveals four
key findings: most models exhibit severe acquies-
cence bias, accepting appropriate behavior while
failing to reject violations; continuous Persian pre-
training amplified this bias rather than improving
reasoning; a consistent 21 percent gap between fac-
tual and scenario performance demonstrates that
cultural facts and schemas engage different mech-
anisms; and model size improves memorization
but not reasoning. These findings challenge as-
sumptions that scaling monolingual data improves
cultural competence and suggest that low-resource
languages require more advanced methods, rather
than simply training the model on more tokens of
the target language. We release our benchmark pub-
licly to enable systematic measurement of cultural
understanding, providing a template for evaluation
in other languages. Persian culture’s synthesis of
Zoroastrian, Islamic, and folk traditions makes it a
demanding testbed for genuine schema reasoning
versus surface pattern-matching. Our work estab-
lishes a foundation for building language models
that truly comprehend the cultures they serve.

Limitations

Model size and scaling regime. Our study eval-
uates a narrow band of small-to-mid sized open
models (7–12B parameters), selected to enable con-
trolled comparisons across systems with broadly
similar capacity and inference cost. This design
improves comparability, but it limits what we can
conclude about how cultural conceptual reasoning
behaves at larger scales (e.g., 30B–70B+), where
instruction tuning, longer context windows, or dif-
ferent training mixtures may change both bias pro-
files and reasoning strategies. In particular, our
observation that models can improve factual recall
while still exhibiting accept-over-reject asymmetry
may not extrapolate monotonically to substantially
larger model families; scaling could either attenu-
ate or amplify the “acquiescence trap,” depending
on how the model is trained and aligned. Addition-
ally, by keeping model size relatively constant, we
cannot disentangle whether certain failures are fun-
damentally capacity-limited versus primarily data-
and objective-driven.

Hand-curated dataset and author priors. Di-
vanBench is authored manually based on lived cul-
tural knowledge, which increases scenario realism
and insider validity but introduces several curation
constraints. First, manual writing inevitably re-
flects the authors’ judgments about what counts as
the “canonical” interpretation of a concept, which
may underrepresent regional, socioeconomic, or
generational variation. Second, even with itera-
tive review, scenario phrasing can unintentionally
leak cues (e.g., overly salient keywords, unnatural
dialogue) that models may exploit via superficial
heuristics; especially in paired positive/negative
formats. Third, manual coverage is bounded: al-
though we span many (more than 80) concepts,
the space of culturally meaningful edge cases is
far larger, and some concepts may be overrepre-
sented by the scenarios that are easiest to write
unambiguously. Finally, because expert annotation
is expensive and time-consuming, we do not in-
corporate large-scale crowdsourced validation or
inter-annotator agreement; thus, while items are
intended to be unambiguous to cultural insiders,
residual ambiguity cannot be ruled out.
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A Dataset Details

A.1 Detailed Cultural Concept Lists

Table 4 provides comprehensive concept coverage
across all seven cultural domains.

A.2 Additional Examples

Example: Factual MCQ

What fruit is used as a symbol on the Yalda
night table?
(A) Orange (B) Apple (C) Pomegranate
(D) Pear
Expected: (C) Pomegranate

Example: Binary Belief Verification

Positive: “During a casual family gathering,
an elderly aunt walks into the room. Ev-
eryone younger immediately stands up as a
respectful acknowledgment of her presence.
Did they act according to Persian tradition?”
Expected: Yes (This follows the rule to stand
up when elders enter)

Negative: “During a family gathering, an
elderly aunt enters the room. Since everyone
is already comfortable, no one stands up and
they simply greet her warmly from their seats.
Did they act according to Persian tradition?”
Expected: No (This violates the rule to stand
up when elders enter)

B Appendix

B.1 Model Descriptions

Aya-8B Multilingual model from CohereForAI
with Persian support. Trained on diverse multilin-
gual data including Persian web text and translated
datasets. Instruction-tuned for helpfulness.

Dorna2-8B Persian-optimized variant of
Llama3.1-8B created through continuous pretrain-
ing on Persian corpora including news, social
media, literature, and web text. Maintained
Llama3.1’s instruction-tuning while adapting
vocabulary and linguistic patterns to Persian.

Gemma2-9B and Gemma3-12B Google’s open-
source multilingual foundation models (second and
third generations). Trained on diverse web data
including Persian content. Gemma3 represents
scaled-up version with 12B parameters.
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Category Example Concepts

Social Etiquette Taarof (ritual politeness), Jang-e Hesab (payment battles), Doorway Deference (older enters
first), Three-Times Rule (refuse twice), Pishkesh (gift-giving protocol), Shirini (sweet bringing
obligation), Guest-host dynamics, Shoe removal customs, Greeting hierarchies

Superstitions & Omens Fal-e Hafez (Hafez divination), Fal-Gush (eavesdropping for omens), Dream interpretation, Itchy
palms (money coming), Ear ringing (someone talking about you), Twitching eye (bad omen),
Sneezing omens, Bird flight patterns, Broken mirrors, Spilled salt

Apotropaic Rituals Esfand burning (wild rue fumigation), Nazar amulet (evil eye protection), Salt circle protection,
Bismillah invocations, Garlic hanging, Iron deterrence, Seven knots ritual, Mirror placement,
Knife under pillow, Holy verses

Supernatural Beings Jinn (fire spirits), Div (demons), Pari (fairies), Bakhtak (sleep paralysis demon), Hamzad
(personal spirit double), Al (child-stealing demon), Ghoul, Evil eye personification, Ancestor
spirits

Nowruz Traditions Haft Sin (seven S’s table), Chaharshanbe Suri (fire-jumping), Haji Firuz (blackface herald),
Samanu Pazan (wheat pudding stirring), Khaneh Tekani (spring cleaning), Eidi (new year gift),
Sizdah Bedar (13th day picnic), Sabzeh growing, Goldfish symbolism, New clothes tradition,
Elder visitation order, Fire-jumping prayers, Senjed (jujube significance), Mirror watching, Egg
decoration

Wedding Ceremonies Sofreh Aghd (marriage spread), Honey ritual, Knife dance, Kuzeh Shekani (pot breaking), Sugar
cone rubbing, Mirror & candelabra, Needle-sewing ritual, Aghd contract, Shirini Khoran (dessert
ceremony), Witness requirements, Gold coin showering, Henna night

Taboos Whistling at night (attracts jinn), Sweeping at night (sweeps away prosperity), Stepping on
bread (brings poverty), Cutting nails at night (invites demons), Giving knives as gifts (cuts
relationships), Opening umbrellas indoors, Haircut on Wednesdays, Shoe upside-down, Passing
over children (stunts growth), Trimming nails over water, Direct compliments (causes evil eye),
Singing while eating

Table 4: Comprehensive cultural concept coverage. Each concept has paired positive/negative binary scenarios plus
representation in factual or scenario MCQs.

Model Accept True (Positive) Reject False (Negative) Bias

Qwen2-7B 84.0 ± 4.0 19.0 ± 1.0 +65.0
Gemma3-12B 92.0 ± 3.0 31.0 ± 3.0 +61.0
Dorna2-8B 91.0 ± 5.0 30.0 ± 5.0 +61.0
Gemma2-9B 84.0 ± 2.0 43.0 ± 7.0 +41.0
Qwen2.5-7B 74.0 ± 7.0 48.0 ± 6.0 +26.0
Aya-8B 57.0 ± 4.0 38.0 ± 5.0 +19.0
Llama3.1-8B 63.0 ± 7.0 73.0 ± 5.0 -10.0

Table 5: Binary verification task performance sorted by bias magnitude. Models show severe asymmetry: high
acceptance of appropriate behavior but low rejection of violations, indicating surface-level pattern-matching.

Llama3.1-8B Meta’s base model serving as foun-
dation for Dorna2. Multilingual capabilities includ-
ing Persian from pretraining on web-scale data.
Instruction-tuned for general helpfulness and rea-
soning.

Qwen2-7B and Qwen2.5-7B Alibaba’s multi-
lingual models (second generation and improved
variant). Strong performance on Asian languages
including Persian. Qwen2.5 incorporates improved
training procedures and data quality.

B.2 System Prompt Variations

We use 5 diverse system prompts to ensure robust
evaluation and they are shared among all tasks.

Examples for binary verification tasks:

System Prompt 1

“You are a helpful assistant who is an expert in Ira-
nian culture, folklore, traditions, and customs.”

System Prompt 2

“You are a knowledgeable cultural expert special-
izing in Persian traditions, superstitions, and folk
beliefs. Answer questions based on traditional
Iranian cultural knowledge.”
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System Prompt 3

“You are an assistant with deep knowledge of
Iranian heritage, including traditional customs,
superstitions, proverbs, and cultural practices
passed down through generations.”

System Prompt 4

“As an expert in Iranian folklore and cultural tra-
ditions, provide accurate answers about Persian
customs, beliefs, superstitions, and traditional
practices.”

System Prompt 5

“You are a cultural historian specializing in Ira-
nian and Persian traditions. Draw upon your ex-
tensive knowledge of Iranian superstitions, cus-
toms, ceremonies, and folk beliefs to answer
questions.”

B.3 Binary Classification Task
complementary Results

Exact numbers for figure 2 are given in table 5.
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Abstract

Offensive language detection and target identi-
fication are essential for maintaining respectful
online environments. While these tasks have
been widely studied for English, comparatively
less attention has been given to other language,
including Persian and Pashto, and the effec-
tiveness of recent large language models for
these languages remains underexplored. To
address this gap, we created a comprehensive
benchmark of diverse modeling approaches in
Persian and Pashto. Our evaluation covers zero-
shot, fine-tuned, and cross-lingual transfer set-
tings, analyzing when detection succeeds or
fails across different model approaches. This
study provides one of the first systematic anal-
yses of offensive language detection and cross-
lingual transfer between these languages.

1 Introduction

With the widespread use of online platforms, offen-
sive language has become a persistent challenge in
digital communication, with harmful consequences
for individuals and communities (Singh and Li,
2021). Effectively moderating such platforms there-
fore requires reliable detection of offensive content,
as well as identifying its type and intended tar-
get to support appropriate responses. Recently,
research has increasingly explored offensive lan-
guage detection beyond English, including work
on Iranian languages such as Persian (Ataei et al.,
2022; Safayani et al., 2024; Kebriaei et al., 2024)
and, to a lesser extent, Pashto (Haq et al., 2023).
However, compared to the extensive literature on
English, systematic evaluation for these languages
remain limited (Ataei et al., 2022), with Pashto in
particular receiving substantially less attention.

Persian and Pashto are closely related languages.
Persian is spoken primarily in Iran, Afghanistan,
and Tajikistan, with approximately 110 million
speakers worldwide, while Pashto is spoken mainly
in Afghanistan and Pakistan, with an estimated

45–55 million speakers (UNESCO Silk Roads Pro-
gramme, b,a). Despite their linguistic and cultural
proximity, cross-lingual studies of offensive lan-
guage detection for these languages remain scarce.

Recent advances in large language models
(LLMs) have led to substantial gains across many
NLP tasks, including harmful content detection.
While such models have been widely evaluated
for high-resource languages, their effectiveness for
Persian and Pashto—particularly for offensive lan-
guage detection and target identification—remains
underexplored (Bokaei et al., 2025). In this paper,
we benchmark recent instruction-tuned and mul-
tilingual models for offensive language detection
in Persian and Pashto across zero-shot, fine-tuned,
and cross-lingual transfer settings. We additionally
evaluate target identification for individual- and
group-directed offenses and analyze cross-lingual
transfer between the two languages. Finally, we
conduct error analysis to identify systematic model
strengths and weaknesses. To the best of our knowl-
edge, this work is the first to jointly study offensive
language detection, target identification, and cross-
lingual transfer between Persian and Pashto using
recent LLMs, with a comprehensive error analysis.

In this study, we address the following research
questions (RQs):

RQ1. How do different models perform on of-
fensive language detection in Persian and Pashto?

RQ2. When does Transfer Learning help detect
offensive language between Persian and Pashto?

RQ3. How does target type affect offensive lan-
guage detection in Persian?

To address these research questions, we use two
publicly available datasets: Pars-OFF for Persian
(Ataei et al., 2022), which contains over 10,000 in-
stances annotated for offensiveness and target type,
and POLD for Pashto (Haq et al., 2023), compris-
ing 34,400 instances labeled as offensive or non-
offensive. Importantly, target annotations are avail-
able only in Pars-OFF, and not in POLD. Our find-
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ings reveal consistent patterns across models and
languages. We show that all LLMs reliably detect
highly explicit, profanity-based abuse, but systemat-
ically struggle with implicit and context-dependent
offense. Fine-tuning substantially improves recall
by enabling models to capture language-specific
realizations of offensiveness missed in zero-shot
settings. Target identification reveals structural lim-
itations, particularly for proxy and mixed targeting,
where grammatical form diverges from semantic
target. Transfer experiments show a clear asymme-
try: Persian-to-Pashto transfer is stronger than the
reverse, indicating that cross-lingual effectiveness
depends on different factors, such as how offense
is encoded in each language.

2 Related Work

This section briefly reviews prior work on offensive
language detection and cross-lingual transfer, with
a focus on Persian and Pashto. For Persian, multi-
ple datasets benchmark traditional and transformer-
based models on social media text (Kebriaei et al.,
2024; Safayani et al., 2024; Mozafari et al., 2024),
while resources such as Pars-HaO and Pars-OFF
provide multi-level and target-aware annotations
(Sheykhlan et al., 2023; Ataei et al., 2022). In
contrast, Pashto remains severely under-resourced:
POLD is currently the only publicly available
dataset, and Pashto-specific BERT models outper-
form multilingual alternatives such as XLM-R on
this dataset (Haq et al., 2023). Some prior work
explores TL for offensive language detection. Pa-
mungkas and Patti (2019) demonstrates improved
robustness through multilingual and cross-domain
transfer, El-Alami et al. (2022) shows effective
English-to-Arabic transfer with BERT-based mod-
els, and Zhou et al. (2023) highlights the limitations
of zero-shot transfer due to cultural and contextual
mismatch, motivating few-shot and multilingual
approaches. Despite this progress, existing work
largely focuses on earlier models and does not pro-
vide a systematic benchmark of recent LLMs for
Persian and Pashto. Moreover, cross-lingual TL be-
tween these two closely related Iranian languages
with detailed error analysis remain under-explored.
Our work addresses these gaps.

3 Dataset

We conduct our experiments on two publicly avail-
able datasets for offensive language detection in
Persian and Pashto: Pars-OFF (Ataei et al., 2022)

Pars-OFF POLD
Model P R F1 P R F1
GPT-4o 88 77 82 87 77 82
LLaMA-3-Instruct 83 72 77 78 67 72
Gemma-3-Instruct 74 76 75 75 76 75
Dorna2-Instruct 80 78 79 68 59 60
Mistral-Instruct 70 66 68 71 57 63
Aya-Expanse 69 75 72 59 57 58
LLaMA-3 (FT) 85 87 86 79 79 79
Gemma-3 (FT) 88 82 85 82 80 81
ParsBERT 84 82 83 83 72 77
XLM-R 86 84 85 84 82 83

Table 1: Offensive language detection performance of
LLMs on Pars-OFF and Pashto. FT = fine-tuned

for Persian and POLD (Haq et al., 2023) for Pashto.
Pars-OFF, a Persian dataset from Twitter data, con-
sists of 10,563 instances, of which 7,381 are la-
beled as non-offensive and 3,182 as offensive. For
the offensive instances, it also includes 2,612 cases
targeting individuals, 1,280 targeting groups, and
553 labeled as other targets. For Pashto, POLD
Twitter dataset contains 34,400 Twitter instances.
Among these, 12,400 instances are labeled as of-
fensive and 22,000 as non-offensive. POLD does
not include target annotations.

4 Experimental Setup

Motivated by recent benchmark studies demonstrat-
ing strong performance of contemporary LLMs
on safety- and norm-related tasks (Pourbahman
et al., 2025), as well as rapid advances repre-
sented by models such as LLaMA 3 and Gemma
3 (Guo and Sarker, 2025), we select a diverse set
of recent instruction-tuned and multilingual mod-
els for our experiments. We evaluate instruction-
tuned LLMs in zero-shot settings: LLaMA-3-
Instruct, Gemma-3-Instruct, Mistral-8B-Instruct,
Aya-Expanse-8B, GPT-4o, and Dorna2-LLaMA-
3-8B. In addition we deployed LLaMA-3-Instruct,
Gemma-3-Instruct, ParsBERT (monolingual Per-
sian Model), and XLM-R in fine-tuning and cross-
lingual TL settings. Table 5 in the Appendix lists
all models used in our benchmarking. For offen-
sive detection on both dataset and target identifica-
tion on Pars-OFF, we adopt a fixed 80%/10%/10%
train/validation/test split across all experiments.

Zero-shot Experiments: We iteratively tested
multiple prompts and selected the one with the
highest validation performance. The final zero-shot
prompt is shown in Figure 1 and 2 in the Appendix.

Fine-tune Experiments: All models were fine-
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Model Group Individua Other
P R F1 P R F1 P R F1

GPT-40 83 81 82 81 79 80 58 75 65
LLaMA 3-Instruct 75 61 67 75 58 65 53 51 52
Gemma 3- Instruct 80 62 70 71 71 71 62 48 54
Dorna 2- Instruct 78 64 70 75 75 75 65 48 55
Llama-3 (FT) 80 82 81 71 69 70 59 57 58
Gemma-3 (FT) 91 87 89 82 78 80 67 63 65
ParsBERT 68 79 73 69 65 67 45 70 55
XLM-R 75 79 77 80 76 78 58 62 60

Table 2: Target identification performance on Persian
across LLMs

tuned for 10 epochs on each dataset’s training set.
Final test results are reported using the checkpoint
that achieved the highest validation F1 score.

TL Experiment: LLaMA-3-Instruct, Gemma-
3-Instruct, ParsBERT, and XLM-R were fine-tuned
for 10 epochs on the source-language training split,
selecting the checkpoint with the highest validation
F1, and evaluated on the target-language test set.

5 Results

Offensive Detection: Table 1 presents offensive
language detection performance across different
LLMs. Across both Persian and Pashto, fine-tuned
models consistently outperform zero-shot models
in F1. On Persian, zero-shot instruction-tuned
LLMs achieve F1 scores ranging from 68 to 82,
while fine-tuning raises performance to 83–86 F1,
with LLaMA-3-Instruct reaching the highest score
(F1 = 86). On Pashto, zero-shot performance is
notably lower (F1 = 57–72), whereas fine-tuning
yields consistent improvements, increasing F1 to
77–83, with XLM-RoBERTa achieving the best re-
sult (F1 = 83). These gains are primarily driven
by recall improvements: for example, LLaMA-3-
Instruct recall increases from 72 to 87 on Persian
and from 67 to 79 on Pashto after fine-tuning, while
precision remains comparatively stable. In contrast,
zero-shot models tend to exhibit higher precision
than recall, particularly for Pashto (e.g., GPT-4o
precision = 87 vs. recall = 77), indicating con-
servative predictions that miss offensive instances.

Target Identification: Table 2 reports perfor-
mance for identifying offensive targets. Perfor-
mance is highest for group targets across models
(F1 = 67–89), followed by individual targets (F1
= 60–80), while other targets are consistently the
most challenging (F1 = 52–65). Fine-tuning leads
to clear improvements over zero-shot inference for
all target types, particularly through recall gains.

Model TL from Pashto TL from Persian
P R F1 P R F1

LLaMA 3 75 86 81 79 89 83
Gemma 3 84 86 85 86 88 87
ParsBERT 57 71 63 82 78 70
XLM-R 79 77 70 79 77 78

Table 3: TL results between Pashto and Persian.

Gemma-3 fine-tuned achieves the strongest overall
performance on group targets (P = 91, R = 87, F1
= 89), whereas GPT-4o obtains the highest F1 on
individual targets (P = 75, R = 79, F1 = 80). In
contrast, zero-shot models exhibit notably lower
recall for individual and other targets indicating
difficulty in detecting targets that are implicit or
structurally ambiguous.

TL Experiments: We evaluate TL between
Pashto and Persian using LLaMA-3, Gemma-
3, ParsBERT, and XLM-RoBERTa, and com-
pare transfer performance against in-language fine-
tuning. The results are shown in Table 3. Overall,
TL is more effective from Persian to Pashto than
the reverse. When transferring from Pashto to Per-
sian, F1 scores range from 63 to 85: Gemma-3
achieves the best transfer result (F1 = 85), closely
matching its in-language Persian performance (F1
= 85), while LLaMA-3 attains F1 = 81, remaining
below its Persian in-language score (F1 = 86). In
contrast, ParsBERT and XLM-R show larger drops
when transferring from Pashto to Persian. Trans-
fer from Persian to Pashto yields stronger gains,
with F1 scores between 70 and 87. Gemma-3
again performs best (F1 = 87), exceeding its in-
language Pashto result (F1 = 81), while LLaMA-3
also improves under transfer (F1 = 83 vs. 79 in-
language). XLM-R maintains stable performance
(F1 = 78 vs. 83 in-language), whereas ParsBERT
shows limited transferability in both directions (F1
= 63–70). Across models, transfer from Persian to
Pashto approaches or surpasses in-language base-
lines for LLaMA-3 and Gemma-3, while transfer
from Pashto to Persian exhibits larger performance
drops, particularly for ParsBERT and XLM-R.

6 Discussion

To address RQ1 and RQ2, we analyze offen-
sive language detection from three perspectives:
(i)instances detected by all models, (ii) missed by
all models, (iii) and detected only after fine-tuning.
This highlights which aspects of offensiveness are
universally captured, consistently overlooked, or
learned through supervision in Persian and Pashto.
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6.1 RQ1: Model Performance

Cases detected by all models in both languages:
represent a high-signal subset in which offensive-
ness is realized through explicit lexical cues and
direct insult constructions. Across Persian and
Pashto, these instances are consistently identified
by both zero-shot and fine-tuned models, resulting
in near-perfect agreement. This pattern indicates
that when offensive intent is overt and targets are
explicitly realized, detection is largely architecture-
and training-independent. The instances in this
category are characterized by extreme lexical ex-
plicitness, direct insult speech acts, and clear gram-
matical realization of targets. They contain dense
concentrations of common profanities, sexual and
kin-based insults, animalization, and dehumaniz-
ing expressions, often stacked within short spans
or chained across clauses. Offensive intent is en-
acted directly rather than implied or reported, and
emotional intensity is high. Although some ex-
amples reference culturally or politically specific
entities, correct detection does not depend on such
knowledge, as surface-level abusive markers dom-
inate interpretation. Representative examples are
provided in Table 6 in Appendix.

Cases missed by all models: In both languages,
these instances lack explicit offensive markers and
direct target attachment, relying instead on implicit
or discursive forms of hostility. All models con-
verge on non-offensive predictions in such cases,
indicating a shared limitation in handling implicit,
context-dependent offense. Offensiveness is con-
veyed implicitly through ideological positioning,
moral judgment, evaluative political discourse, slo-
gans, or reflective commentary. These texts fre-
quently resemble legitimate argumentation or so-
cial critique, employ neutral or formal vocabulary,
and exhibit low emotional arousal. In Pashto, indi-
rect encoding through idioms, proverbs, symbolic
group references, and religious or historical fram-
ing is particularly prominent. Without explicit sur-
face cues, both zero-shot and fine-tuned models
consistently predict non-offensive labels. Exam-
ples of these false negatives are reported in Table 7
in Appendix.

Cases detected only after fine-tuning illustrate
the contribution of supervised learning. These in-
stances are not reliably captured by zero-shot mod-
els but are correctly identified after exposure to
in-domain training data. This subset demonstrates
that fine-tuning improves sensitivity to non-explicit

and discourse-driven expressions of offensiveness.
This category includes instances in which offense
is implicit, discourse-driven, or culturally embed-
ded rather than lexically explicit. Zero-shot models
fail to identify these cases, while fine-tuned models
succeed in several cases. The texts express hostility
through indirect accusation, moral condemnation,
sarcasm, or rhetorical critique, often involving ab-
stract or diffuse targets and limited emotional inten-
sity. Correct predictions after fine-tuning suggest
improved alignment with language-specific realiza-
tions of implicit offense present in the training data.
Illustrative examples are presented in Table 8 in the
Appendix. Overall, the results for RQ1 show a con-
sistent pattern across Persian and Pashto: explicit
abuse is robustly detected by all models, while im-
plicit offense remains challenging, with fine-tuning
partially mitigating this limitation.

6.2 RQ2: TL Effectiveness
We analyze the results of the highest-performing
experiment (Gemma 3) for both languages. A
clear asymmetry is noticed; transfer from Per-
sian to Pashto is consistently stronger than from
Pashto to Persian. In both directions, transfer suc-
ceeds for explicit, culturally shared insults; how-
ever, Persian-trained models generalize more ro-
bustly to Pashto than the other way around. re-
flecting differences in discourse explicitness and
transferable norms. Detailed observation reveals
that Persian to Pashto transfer performs particu-
larly well on Pashto offenses that rely on direct
profanity, kin-based honor insults, animalization,
and moral or religious de-legitimization—patterns
that are dominant and highly productive in Per-
sian offensive discourse. Table 9 in the Appendix
contains examples that are correctly detected af-
ter TL, closely mirroring Persian dehumanization,
and moral exclusion. Similarly, politically moral-
ized attacks grounded in shared sociocultural narra-
tives—betrayal, hypocrisy, and foreign dependency
—transfer robustly. Religious delegitimization and
honor-based insults further strengthen TL, relying
on shared Islamic moral frameworks and family-
centered notions of shame.

In contrast, Pashto to Persian TL succeeds pri-
marily when Persian offenses adopt Pashto’s domi-
nant style of overt, literal abuse with minimal dis-
course embedding. TL fails when Persian offen-
siveness is expressed through analytical argumenta-
tion, irony, or reflective critique. Pashto to Persian
transfer also breaks only when Pashto offense is
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implicit, idiomatic, or locally pragmatic rather than
lexically explicit. Overall, the observed asymmetry
indicates that Persian provides a richer and more
generalizable offensive signal for Pashto, while
Pashto offers a narrower subset of transferable pat-
terns for Persian. This suggests that TL strength
depends not only on how explicitly social norms
and offense are expressed, but also on stronger in-
language source performance, which enables more
transferable supervision

6.3 RQ3: Target Effects

Cases detected by all models exhibit a strong
alignment between surface form and semantic tar-
get. Offense is explicitly attached to the target
through clear grammatical realization: pluralized
group nouns, explicit individual reference, or un-
ambiguous syntactic binding between insult and
target. In these cases, the addressed and targeted
entities coincide, minimizing the need for discourse
inference; leading both zero-shot LLMs and FT
classifiers converge on the correct target label.

Cases missed by all models show that shared
failures arise when there is a mismatch between
surface address and semantic target scope. A dom-
inant pattern is proxy or representative targeting,
where an individual addressee is used to insult a
broader group or institution (e.g., political factions,
media organizations, national or gender groups).
Models consistently prioritize grammatical address
over pragmatic generalization, labeling these cases
as individual-targeted even when the semantic in-
tent is clearly collective. Additional failure modes
include implicit or abstract targets, metonymic ref-
erences, proverb-like expressions, and ideological
condemnation without explicit pluralization. In
such cases, offense is group-directed at the seman-
tic level but realized through individual-directed
grammar, leading all models to converge on the
same error. Table 1 in the Appendix presents some
instances of target identification.

7 Conclusion

We benchmark offensive language detection, tar-
get identification, and cross-lingual transfer learn-
ing for Persian and Pashto using different LLMs.
Results show that performance is driven by how
offense is linguistically realized. Across both lan-
guages, models reliably detect explicit, profanity-
rich abuse but consistently fail on implicit and
context-dependent offenses. Fine-tuning improves

recall by capturing language-specific realizations
missed in zero-shot settings, reducing errors on im-
plicit offense. Target identification further exposes
shared structural limitations. Finally, transfer ex-
periments show that Persian-to-Pashto transfer is
consistently stronger than the reverse, indicating
that effectiveness depends not only on linguistic
proximity but also on how explicitly offensive pat-
terns are encoded in the source language and on
the overall strength of source-language models.

Limitations

This study has several limitations. First, our ex-
periments are limited to two publicly available
Twitter-based datasets—Pars-OFF (Persian) and
POLD (Pashto). While standard benchmarks, they
may not capture the full diversity of offensive lan-
guage across platforms, domains, or registers, lim-
iting the generalizability of our findings. Second,
Pashto remains severely under-resourced compared
to Persian, both in terms of dataset availability and
pretrained models. This imbalance likely affects
absolute performance and contributes to the ob-
served asymmetry in TL. In particular, the weaker
in-language performance for Pashto constrains how
much transferable supervision Pashto-trained mod-
els can provide for Persian.

Third, our target identification analysis is lim-
ited to the target taxonomy provided by Pars-OFF
(individual, group, other). The “other” category
aggregates heterogeneous and often implicit tar-
get types, which may partly explain the consis-
tently lower performance observed for this class.
More fine-grained or discourse-aware target anno-
tations could yield additional insights. Future work
could focus on providing such resources for more
in-depth analysis. While target labels are available
for Persian (Pars-OFF), the absence of such annota-
tions for Pashto (POLD) limits direct cross-lingual
target analysis. One promising direction is to ap-
ply a Persian-trained target identification model
to Pashto instances already classified as offensive,
generating initial target predictions rather than final
labels. These predictions could then be validated
by human annotators, reducing annotation effort.
Given the stronger Persian-to-Pashto transfer ob-
served for explicit and culturally shared offensive
patterns, this approach may achieve sufficient pre-
cision on a subset of Pashto data to serve as an
effective pre-annotation step.
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Ethics Statement

This study analyzes publicly available offensive
datasets and does not involve collecting new user
data. All datasets were obtained from prior peer-
reviewed work or shared tasks that follow es-
tablished ethical guidelines. Because offensive
datasets may contain harmful or toxic language,
examples shown in this paper are minimized and
presented only when necessary for scientific trans-
parency. No personally identifiable information is
included in our datasets or model outputs. All ex-
periments were conducted using anonymized text.
Models trained in this work are not intended for
deployment without further evaluation, fairness re-
view, and context-specific calibration.
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Sentence 
 

Explanation Gold 
Label 

Predicted 
Label 

Persian: 
@USER   کیر فلا تو کس مادرت … مادر کصه

 … خارکصه … سسسسسسگ ننتو از 
 
 Damn you, fuck your mother’s pussy… 
pussy mother… sister-fucker… 
sssssdog… your mother 

The insult is directly bound to the target through 
second-person address and kin-based 
constructions (“مادرت”، “ننت”). 
There is no separation between who is spoken to 
and who is insulted. 

 
 
individual 
 
 

 

 
 
individual 
 
 

 
خاک تو سرت سایبری… شما بسیجیا اصلا فیلم و     

 سریال میفهمید چیه؟ 
“Shame on you, cyber troll… Do you 
Basijis even understand what film and 
series are?” 
 

The addressee is a single user. But “سایبری” and 
 / clearly refer to an institutional ”بسیجیا“
ideological group. 
The speaker uses one person as a stand-in for 
the group. 
 

 
 
Group 

 

 
 
Individual 

 

 
طلب سلطنت  یایحزبل  

“Royalist Hezbollah types.” 
 

This is a compressed ideological label. 
No insult word is needed; the condemnation is 
implicit. The phrase targets a political category, 
not a person. Without explicit plural insult 
syntax, models struggle with group target 
recognition. 
 

 
 
Group 

 
 
Other 

Table 4: Target Identification In Persian.

Model #Params Reference
LLaMA-3-Instruct 8B (Dubey et al., 2024)
Dorna2LLaMA-3 8B (PartAI, 2024)
Gemma-3-Instruct 4B (Team et al., 2025)
Mistral-Instruct 8B (Jiang et al., 2023)
Aya-Expanse 8B (Dang et al., 2024)
ParsBERT 162M (Farahani et al., 2021)
XLM-RoBERTa 270M (Conneau et al., 2020)
GPT-4o – (Achiam et al., 2023)

Table 5: Models used in this study.

 

Sentence 
 

Explanation Gold 
Label 

Predicted 
Label 

Persian: 
 قبر پدر و مادرتون سگ برینه  

اگر مجاهدین را فالو میکنید خائن 
 May a dog shit on \ های کثیف
your parents’ graves. 
 

 
Here we see chained abusive elements: curse 
construction (“قبر … سگ برینه”), moral condemnation 
 Targets are explicit and .(”کثیف“) and profanity ,(”خائن“)
plural, and the emotional intensity is high. 
 

 
 
 
 
 
 
 
 
 
 

1 

 
 
 
 
 
 
 
 
 
 

1 

 
سید رضی لاشی تر از تو و امثال تو  
هست؟ مادرسگ کفتار امیدوارم داغ  
بمونه   دلت  رو  یکی  یکی  عزیزات 
لاشی  Is Seyyed Razi \ !بچه 
more of a lowlife than you 
and people like you? 
You dog’s mother, you 
hyena — I hope the pain of 
losing your loved ones one 
by one stays in your heart. 
You filthy bastard 
 

 
This example shows dense insult stacking across 
clauses: animalization (“کفتار”), kin-based insult 
 and explicit malediction. The target is ,(”مادرسگ“)
directly addressed and repeatedly reinforced. The 
offense is extreme, emotionally charged, and fully 
explicit 
 
 
 
 
 
 
 

 
Pashto: 
 «شرم نلری غلام خنځیر»
Shameless pig’s slave. 
 

This is a maximally direct insult with explicit 
dehumanization (“خنځیر” ‘pig’) and clear second-
person address. The offensive intent is enacted 
directly, not implied. Emotional intensity is high 
 

 
الفردوس   جنت  ته  استشهادي  ځوان 
جهنم  ته  ځناورو  ټالب  او  غواړم 
 غواړم
“I wish the highest 
paradise (Jannat al-
Firdaws) for the young 
martyr, and I wish hell for 
the Taliban beasts.” 
 

 
Here we see explicit animalization (“ ځناورو”) paired 
with extreme moral polarization and direct 
malediction. Targets are clearly realized as groups, 
emotional intensity is high, and abusive intent is 
unambiguous. 

Table 6: Offensive Instances Correctly Predicted by All Models.
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Sentence 
 

Explanation Gold 
Label 

Predicted 
Label 

Persian: 
«@USER البته حرفت و تفاوت فرهنگی   ٬حتما بفرستش

در پوشش و همینطور قوانین پوشش سلطنتی کاملا  
های  ولی بیماری پز دادن و خودنمایی در شبکه   ٬درسته

 «.اجتماعی هم در بین ما زیاد شده
Definitely send it. Of course, what you said 
about differences in clothing culture, as 
well as royal dress codes, is completely 
correct—but the obsession with showing 
off and self-display on social media has 
also become widespread among us. 

This instance is framed as reasonable 
social commentary and cultural 
critique. It contains no profanity, no 
insult lexicon, and no direct target 
attachment. Any potential 
offensiveness emerges implicitly 
through moral judgment (“  بیماری پز دادن

خودنمایی  rather than abusive (”و 
language. Emotional arousal is low, 
vocabulary is neutral, and the text 
resembles legitimate argumentation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

1 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

0 

 
امروز داشتم فکر میکردم به این گزاره که: “چقدر بیچاره  »

ست کسی که جرات نکنه به حضرت زهرا بگه؛ مادر!”  
 «… )منظورم خودمم به خودتون نگیرید(
Today I was thinking about this statement: 
‘How unfortunate someone is who doesn’t 
dare to call Lady Fatima “mother”’… (I 
mean myself—don’t take it personally). 

This example conveys ideological and 
religious positioning through reflective 
commentary rather than attack. While 
the statement implicitly encodes 
moral hierarchy and evaluative 
judgment, it lacks explicit hostility, 
insults, or target realization. The self-
directed disclaimer further reduces 
perceived aggression. 
 

 
Pashto: 
       ده لوپټې سره کرکټ نه کېږي 

 

You can’t play cricket with a headscarf 
(veil). 

This is a Pashto proverb-like 
construction (“you can’t play cricket 
with a tail”), which functions 
metaphorically rather than literally. Any 
exclusionary or derogatory meaning is 
indirect and culturally encoded, relying 
on shared idiomatic knowledge. There 
is no explicit insult, no profanity, and 
no clear target attachment. Surface 
vocabulary is neutral, emotional 
arousal is low, and the emoji further 
softens the tone.  

 
 ”.د زمرې اتحاد له ګیدړ سره
The alliance of a lion with a jackal 
 
 

This Pashto expression (“the alliance 
of the lion with the fox”) uses symbolic 
animal imagery to convey moral or 
political judgment indirectly. While it 
may encode criticism, opportunism, or 
betrayal, there is no explicit insult 
marker or target realization. 
 

Table 7: Offensive Instances Incorrectly Predicted by All Models.

Task: 

 

Determine the type of target of the offense. 

Target labels: 

• Individual – the offense targets a specific person or clearly identifiable individual. 

• Group – the offense targets a group of people defined by nationality, religion, ethnicity, gender, 

political affiliation, profession, or similar collective identity. 

• Other – the offense targets an institution, organization, abstract entity, ideology, media, country, or 

the target is implicit, symbolic, or not clearly identifiable. 

Instructions: 

• Base your decision on the semantic intent, not only grammatical form. 

• If an individual is used as a representative to insult a broader group, choose Group. 

• If the target is abstract, symbolic, or indirect, choose Other. 

• Choose the single best label. 

Output format: 

Answer with exactly one label on a single line: 

Individual 

Group 

Other 

Post: 

"<TEXT>" 

 

Figure 1: Prompt used for Target Identification
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Sentence 
 

Explanation Gold 
Label 

Predicted 
Label 

Persian: 
@USER   ازین کاسبا بزودی در ایران هم قبل انتخابات

برا بخصوص  دید.  خواهیم  چپهای  خیلی  و  ندازها 
خریداری شده توسط سپاه برای زدن نامزدهای میانه و  

طلباصلاح  .» 
We will soon see a lot of these 
opportunists in Iran as well, especially 
before the elections—particularly the 
regime-change activists and leftists 
bought by the IRGC to attack moderate 
and reformist candidates.” 

 

This instance expresses indirect accusation and 
delegitimization through political labeling 
“برای زدن“)  There is no direct insult .(”خریداری شده”، 
word, but the discourse clearly encodes hostility 
toward a group. Targets are collective and 
ideologically defined, not directly addressed. 
Zero-shot models often classify this as neutral 
political commentary. Supervised models benefit 
from exposure to in-domain political discourse 
where accusations of manipulation or treason 
function as implicit offense. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

1 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

0 

 
« کشید و  کرد … شماها که یا آدم میباز قالیباف کار می 

کنید که نقد کنیم  گیرید، کاری نمییا عکس یادگاری می 
 «!… یه موی قالیباف تو تنَِ شماها نیست
At least Ghalibaf was doing something… 
You people either kill others or just take 
souvenir photos—you don’t actually do 
anything we could even criticize… You 
don’t have a single hair of Ghalibaf’s 
worth in you! 
 

This example is offensive in an indirect way. It 
does not use insults or swear words. Instead, it 
attacks the target by comparing two sides: one is 
shown as imperfect but working, while the other 
is described as morally worse (e.g., killing people 
or only taking photos). The criticism comes from 
this comparison, not from explicit abuse. 
Zero-shot models usually miss this kind of 
offense because there are no obvious offensive 
words. Fine-tuned models perform better 
because they have seen similar contrastive 
political criticism during training and learn that 
such comparisons often function as implicit 
attacks in Persian discourse. 
 

 
Pashto: 
د پوست ماډرن نسل په ذهن کې یو لوی مشکل غرب  
محوره تفکر دی دوی خپله مطالعه نه کوي ټول  
 «مالومات له سوشل میډیا انټرن
One major problem in the mindset of the 
post-modern generation is West-centric 
thinking. They don’t study on their own; 
all their information comes from social 
media and the internet. 
 

This sentence expresses implicit offense through 
ideological judgment, not through insults. The 
speaker criticizes a group (“ نسل ماډرن   by (”پوسټ 
portraying them as intellectually shallow, 
dependent on Western thinking, and lacking 
independent study. There is no profanity, no direct 
insult, and no emotionally charged language. The 
hostility is conveyed indirectly through 
delegitimization of values and competence. 

او د یو میلیون تنو شهیدانو په وینو راغلۍ نظام به د څو  
 تنو د شخصی هوس او ناپوهۍ ښکار سې 
And the system that was established 
with the blood of a million martyrs will 
fall victim to the personal whims and 
ignorance of a few people. 

This sentence expresses moral condemnation 
through ideological framing. 
There is no profanity and no direct insult. The 
offense comes from accusing a group of betraying 
a system built on sacrifice. 
Zero-shot models often miss this because it looks 
like historical or political commentary. 
Fine-tuned models can detect it because they 
learn that this kind of framing is commonly used to 
delegitimize political actors in Pashto discourse. 

Table 8: Offensive Instances Predicted Correctly Only After Fine-Tuning LLMs.

Task: 

Given a social media post written in Persian, determine whether it contains offensive language. 

Definition: 

Offensive language includes insults, abuse, humiliation, dehumanization, threats, or moral/religious 

delegitimization directed at an individual or a group. 

Offense may be explicit (e.g., profanity, direct insults) or implicit (e.g., indirect attacks, moral 

condemnation, exclusionary rhetoric). 

Instructions: 

• Consider both literal wording and implied meaning. 

• Do not require profanity for a post to be offensive. 

• Criticism, disagreement, or political discussion is NOT offensive unless it attacks, humiliates, or 

degrades a target. 

• If the intent is ambiguous, choose the label that best reflects the overall tone and implied hostility. 

Output format: 

Answer with exactly one label on a single line: 

Offensive 

Non-offensive 

Post: 

"<TEXT>" 

 

Figure 2: Prompt used for Offensive Language Detection
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Sentence 
 

Explanation Gold 
Label 

Predicted 
Label 

Pashto 
و متتتک   سامتتتو و تتت تتت و غتتتواو سو  «ستتتتتتترتتتکو
 «سرکوښځهوو   و…وسرکونکمو وو   »
 
I’ll rip open your sister’s cunt.” 
“I’ll fuck your wife… I’ll fuck your honor 

 Family-cantered insults (mother / sister / wife / 
honor) are highly productive in Persian as well. 
 The insult schema (attacking honor via female 
kin) is structurally identical across languages. 
Models trained on Persian already learn this 
pattern, so they generalize easily to Pashto. 
 

 
 

1 
 
 

 

 
 

1 
 
 

 
متتتتت ت»  رتتتتت تتتتتکتو متتتتتوو غتتتتتس  و  «متتتتتارتتتتتستو
س » اتتتتتتت تتتهتتتک و  تتت تتت تتت و تتتاوتو سو ټتتتو و  «س و
  «غو اجوغ  ثک وملابو لنکا»
“Heretic, may God destroy you.” 
“They are all the group of Satan, Iblis.” 
“Filthy Kharijites, dogs of hell.” 
 

Persian offensive discourse also uses these 
moral exclusion, and Islamic judgment. Shared 
Islamic vocabulary and moral framing enable 
strong transfer. These are explicit moral labels, 
not subtle pragmatics. 
 

 
 

1 
 

 
 

1 
 

 
هاتوونهوم وتون سيوس ېوونېو  کوټو وغاتون وليوو
 س نه
Every tree bears fruit; this tree, though, 
has only attracted donkey 
 

Meaning is metaphorical and idiomatic, not 
literal. It requires cultural grounding in Pashto 
proverb logic.  Persian models lack exposure to 
this implicit evaluative style. 
 

 
 

1 

 
 

0 

واواتو عضېوچېو ما توايو  کولااتوپهواوښکنهوواځوو
ه ونهوايومونسلیوم س وايومو ورک  فو هولا و وو کوو
 پ سېو هو غ يوپهوس هو ېو  مکنهومکا
Brother, if some people go astray, they 
won't be able to find their way even in 
broad daylight. They might have some 
trouble or they might get paid for this 
dishonest work. 

No profanity or insult terms appear. The offense 
is insinuation (corruption, moral failure) 
expressed as reflective commentary. 

 
 
 

1 

 
 
 

0 

Table 9: TL Performance on Offensive Instances
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Abstract

Large language models (LLMs) are increas-
ingly used for communication in many lan-
guages, therefore, understanding their limita-
tions with respect to culture-specific pragmat-
ics is important. While LLMs perform well
on statistically frequent structures, their short-
comings are most evident in rare pragmatic
phenomena. This study investigates whether
LLMs can generate a (rare) complex honorific
mismatch in Farsi. The pattern arises at two
levels: (i) a plural pronoun disagrees with a
singular referent for the sake of honorification,
and (ii) the related components violate the Po-
lite Plural Generalization due to intimacy im-
plication. This double mismatch pattern is at-
tested in everyday speech, though it is statis-
tically sparse. We tested GPT-4 across mul-
tiple scenarios. The results reveal that the
model successfully employs the first mismatch
to indicate honorific, but fails to adopt the sec-
ond mismatch that simultaneously conveys in-
timacy. The model thus deviates from human-
like behavior at the syntax–pragmatics inter-
face. These findings suggest that, while ma-
chine models demonstrate partial success in
generating honorifics, they rely primarily on
statistical patterns and lack the deeper prag-
matic understanding necessary for contextual
competence.

1 Introduction

In many languages, plural pronouns are used to ex-
press politeness when addressing a single honorific
individual (Brown and Levinson, 1987), resulting
in the (first) mismatch at the syntax–semantics in-
terface between the plural form and its singular
referent (e.g., using Sie ‘you.2.PL’ instead of du
‘you.2.SG’ in German to address a single individ-
ual politely). Comrie (1975) investigates the be-
havior of honorific pronouns and shows that while
in some languages all related components (e.g.,
possessives and verb conjugations) symmetrically

agree with polite plurals, in other languages the
honorific pronoun controls plural agreement only
on certain components. Notably, when the target
components exhibit plural agreement with polite
pronouns, they tend to do so consistently.

Such mismatch patterns are well studied across
languages and are frequently used by speakers to
systematically signal politeness. Consequently,
large language models can readily learn these pat-
terns, adopt their pragmatic functions, and deploy
them in appropriate contexts (Noh et al., 2024).
Farsi, as a positive face–saving language, em-
ploys many types of politeness (see Gohari Sadr
et al., 2025, for the study on Taarof ). Interest-
ingly, Farsi exhibits a second type of mismatch
that goes beyond politeness and is used to ex-
press intimacy toward an honorific addressee. This
double–mismatch is statistically less frequent than
the purely polite form, however, it is pragmatically
effective in appropriate contexts.

This study investigates number (dis)agreement
patterns in Farsi, focusing on their interaction
at the syntax–pragmatic interface. The pronoun
šoma serves both as the second-person plural and
as the honorific second-person singular. In line
with the Polite Plural Generalization (Wechsler,
2011), Farsi typically requires the polite plural
controller to determine plural number agreement
on all components marked for person and num-
ber features, i.e., verbs and related pronouns. Our
data show that speakers employ singular agree-
ment with the honorific plural pronoun in order
to convey intimacy alongside politeness, but this
pragmatic emerges only under specific settings.
The present study explores howLLMs process dou-
ble mismatches in Farsi. Our initial results reveal
that LLMs successfully employ the first mismatch,
exhibiting plural pronouns in honorific contexts.
However, they fail to capture the second mismatch,
expressing intimacy with the honorific addressee.
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2 Polite Plural
Plural pronouns are frequently used to express po-
liteness when addressing a single honorific indi-
vidual (Brown and Levinson, 1987). According to
the Polite Plural Generalization (Wechsler, 2011),
a polite plural pronoun functions as an agreement
controller, imposing plural number on any related
components marked for person and number fea-
tures. In many languages, second-person plural
pronouns employed honorifically for a single ad-
dressee systematically trigger plural agreement on
all eligible targets (Wechsler, 2011).

Comrie (1975) examines the syntax–semantics
behavior of polite/honorific pronouns, showing
that while in some languages (e.g., Croatian) all
agreement targets (e.g., verbs, possessives, reflex-
ives pronouns) uniformly agree with polite plurals,
in others (e.g., French) the honorific pronoun trig-
gers plural agreement only on certain targets (e.g.,
verbal predicates but not adjectival predicates).
This contrast motivates a typology distinguishing
uniform and mixed agreement systems. Generally,
languages tend to adhere to their (mis)matching
patterns consistently, whether uniform or mixed.
In other words, while such patterns vary across lan-
guages, they are fixed within individual languages.

There are two main approaches in the litera-
ture; in the first syntactic approach, honorificity
is encoded on a functional projection (e.g., CP )
in the clause–periphery, via a feature. This pro-
jection is responsible for licensing honorificity on
all 2.person components in the clause, via bind-
ing on 2.person pronouns (Portner et al., 2019;
Alok, 2021). In the second semantic–pragmatic
approach, the expressive honorific content on the
lexical entries of the two items is comparable
in semantics/pragmatics (Potts, 2007; McCready,
2019). That is, if a speaker uses an itemwhich hon-
ors the addressee, and also an item that dishonors
the addressee within the same sentence, the combi-
nation would be conceptually strange and language
would block the combination.

We will see that the double mismatch in Farsi
does indeed occur, pragmatically conveying both
honorificity and intimacy simultaneously (see also
Puškar-Gallien, 2019, for discussions on verb–
politeness conflicts).

3 Core Data
In this section, we present data from Farsi; partic-
ularly the colloquial form form spoken in Tehran,

Iran. Farsi is an SOV language and exhibits
subject–verb agreement in person and number.
Like many other languages, Farsi employs polite
plural: the pronoun šoma functions both as the
canonical second person plural form and as an hon-
orific singular form. In line with the Polite Plural
Generalization (Wechsler, 2011), Farsi typically re-
quires the polite plural controller to determine plu-
ral number agreement on all components marked
for number feature, including verbs and related pro-
nouns (e.g., possessives and reflexives).

As illustrated in example (1), the speaker ad-
dresses her grandmother in polite plural pronoun
šoma you.2.PL (the ⇝ indicates the added impli-
cation). The polite pronoun controls the number
agreement on the verb and the possessive. Note
that in Farsi, subject (A1) and object (A2) pro-
nouns have the same form.

(1) Context: A is talking with her grandma.

A1: šoma
you.2.PL

čâe-tun
tea-2.PL.POSS

ro
ACC

xord-id?
eat-2.PL

‘Did you have your tea?’ ⇝ Honorific implication

A2: man
I

lebâse
clothes

šoma
you.2.PL

ro
ACC

behe-tun
to-2.PL

dâdam.
gave

‘I gave your clothes to you.’ ⇝ Honorific implication

Colloquial data shows that number disagreement
can be strategically employed to convey an Hon-
orific yet Intimacy relationship with the addressee.
In the same context (1), alternative (A1′) features
a plural subject pronoun, while the corresponding
possessive and the verb appear in singular form, re-
sulting in a number mismatch with the plural pro-
noun controller (Ferguson, 1991).

A1′: šoma
you.2.PL

čâe-t
tea-2.SG.POSS

ro
ACC

xord-i?
eat-2.SG

‘Did you have your tea?’ ⇝ Honorific and Intimacy.

Crucially, the pattern is pragmatically infelicitous
in the absence of intimacy between the interlocu-
tors, for instance, when addressing a socially supe-
rior individual (e.g., in a manager–employee rela-
tionship). This deliberate mismatch reflects a nu-
anced role of discourse on syntactic structures.

By contrast, in (A1′′), the use of plural object
possessive pronouns, agreeing with the plural sub-
ject, alongside a singular verb results in infelicity.
This suggests that, the number featuremust be sym-
metrically underspecified across all target compo-
nents in the sentence.
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A1′′:# šoma
you.2.PL

čâe-tun
tea-2.PL.POSS

ro
ACC

xord-i?
eat-2.SG

It is worth to note that since Farsi is a subject-drop
language, the subject pronoun šoma can option-
ally be omitted. While removing šoma from (A1′)
eliminates the honorific implication, omitting it in
(A1′′) does not resolve the infelicity caused by the
number mismatch, though the form still includes a
plural pronoun, in clitic form, and a singular verb.

The same pattern holds when šoma appears as
an object pronoun. Object pronouns in Farsi can
occur in either free form or clitic form that attaches
to objects or verbs (Rasekh Mahand, 2014). In ex-
ample (2), using the free object pronoun šomawith
number disagreement with the reflexive in (A1) is
pragmatically felicitous, however, in (A2), the ob-
ject clitic form -tun cannot achieve the same effect
and results in infelicity. Thus, this underspecifica-
tion is possible only with the free pronouns šoma,
but not with the clitic counterpart -tun.

(2) Context: A is talking with her grandma.

A1: qorse
tablet

šoma
you.2.PL

ro
ACC

emruz
today

bara-t
for-2.SG

mixram.
buy

‘I will buy your tablet today.’

A2:# qorse-tun
tablet-your.PL

ro
ACC

emruz
today

bara-t
for-2.SG

mixaram.
buy

4 LLMs and Honorific Mismatches
Recent advances in large language models have
prompted linguists to explore how these artificial
systems handle the complex structures characteris-
tic of natural languages. While some theoretical
linguists remain skeptical about the relevance of
LLMs for studying natural language, their utility
extends beyond serving as sophisticated computa-
tional artifacts. They can function as valuable tools
for testing linguistic hypotheses and refining theo-
ries of human linguistic competence.

Given the complexity of double mismatch pat-
tern in Farsi, the present study aims to evalu-
ate whether LLMs can recognize and adopt these
less frequent yet highly functional forms. Al-
though honorific (mis)matches have been exten-
sively investigated in English and other European
languages, the behavior of LLMs with respect to
Farsi remains largely unexplored (see Gohari Sadr
et al., 2025, among all). In this paper, we aim to
control the performance of LLMs on Farsi double
mismatches.

It is worth acknowledging that this study primar-
ily focused on the linguistic analysis of double mis-
match phenomena. However, we extended our in-
vestigation as a pilot study on LLM behavior in
double mismatches. Here, we report only the pre-
liminary results of this first attempt. Regarding the
intriguing initial observations, in which the tested
model failed to capture the second mismatch in
intimacy, a more comprehensive evaluation is re-
served for our future work. Our next steps will
involve a strengthened experimental design, test-
ing more contexts across multiple LLMs, includ-
ing Persian models (e.g., ParsBERT1), and com-
paring model performance with a larger baseline
of native speakers. Although our current investiga-
tion is limited in both the number of trials and the
number of models tested, the findings underscore
the importance of examining how LLMs process
complex pragmatic patterns.

We tested GPT-4 on the double mismatch pat-
tern using six carefully designed contexts. Each
context involved two interlocutors with an age dif-
ference (e.g., grandchild–grandparent, niece–elder
uncle) to trigger honorific marking, as well as a
friendly relation to trigger intimacy. The exper-
imental settings, illustrated in example (3), posi-
tioned the model as the speaker, who asks a ques-
tion from the honorific addressee. In all trials, we
included a possessive or reflexive pronoun that, in
addition to the verb, should agree with the sub-
ject. If the LLM only adopts intimacy, all refer-
ring forms should appear in the singular, as in (A1).
If it adopts the single mismatch (honorific), pro-
nouns and verbs should agree with the polite plu-
ral, as in (A2). If it adopts the double mismatch
(honorific + intimacy), the agreement components
should appear in the singular form, regardless of
the polite plural pronoun, as in (A3). Note that the
promptswere originally presented in Farsi, they are
provided here in English for brevity.

(3) Prompt: You have a close relationship with your
grandma. You are sitting with your grandparents in the
living-room. Address your grandma and ask if she has
already taken her tablets.

A1: to
you.2.SG

qorshâ-t
tablets-2.SG

ro
ACC

xord–i?
ate-2.SG

A2: šoma
you.2.PL

qorshâ-tun
tablets-2.PL

ro
ACC

xord–id?
ate-2.PL

A3: šoma
you.2.PL

qorshâ-t
tablets-2.SG

ro
ACC

xord–i?
ate-2.SG

‘Did you have your tablets?’
1Thanks to the EACL reviewer for the helpful suggestion.

26



Across all six contexts, GPT consistently adopted
the intimacy interpretation over politeness and pro-
duced singular forms, as illustrated in (A1). We
then tested the same contexts with the explicit
close-relationship cue replaced by an implicit for-
mulation. For instance, in example 3, we replaced
‘You have a close relationship with your grandma’
with ‘You grew up with your grandma’. This time,
the model constantly produced the honorific mis-
match pattern, as in (A2), ignoring the intimacy.2

Notably, we validated the trial contexts with four
native Farsi speakers. The results indicate that
they readily interpreted both experimental settings,
those with explicit and implicit cues, and predomi-
nantly produced the double mismatch forms shown
in (A3), while occasionally producing the other
two forms.

Although the number of trials is admittedly lim-
ited, the results underscore the importance of in-
vestigating complex pragmatic patterns in LLMs.
Double mismatches require the language user,
whether human or machine, to consider two layers
of social relations, encompassing both honorific
marking and intimacy. While the honorific and in-
timacy distinctions are each frequent and readily
captured by LLMs in isolation, their combination
at the second layer appears less accessible, likely
due to its relative infrequency.

It is worth noting that we observe double mis-
match patterns in two conditions: (i) when the
addressee is older than the speaker, as shown in
(3), and (ii) when the addressee is (significantly)
younger than the speaker. Following the politeness
principles (Brown and Levinson, 1987), in the sec-
ond condition the speaker typically does not use
the honorific plural.

However, in our investigation, we observed sev-
eral instances of the second condition in which
double mismatches were employed. For example,
some parents use the polite plural when address-
ing their children to emphasize the child’s devel-
oping character, signaling that, despite their young
age, they should behave respectfully. In this regard,
some parents use the double mismatch to maintain
intimacy with their children.

As illustrated in example (4), the mother ad-
dresses her three-year-old son with the polite plu-

2As an anonymous reviewer rightly noted, changing the
explicit close-relationship cue to an implicit one may make
it unclear what exactly the model is sensitive to (honorifics,
kinship, register, or lexical triggers). We will consider this in
our future work.

ral šoma to practically teach respectful behavior,
while using the singular verb to preserve intimacy.

(4) Context: Amother is talking to her three-year-old son.
A: šoma

you.2.PL
pofak
crunchy

mixor–i?
eat-2.SG

‘Do you want a crunchy?’ ⇝ Honorific and Intimacy.

We evaluated this condition using GPT-4 across
four scenarios. In every case, the model consis-
tently used the second-person singular pronoun
‘to’ (corresponding to pattern (A1) in example (3)
above), failing to produce the double mismatch
option. Notably, our pilot native informants also
showed less frequent use of double mismatches
in this setting. This can be explained by the fact
that using honorifics for children reflects emerg-
ing psychological and behavioral practices among
younger parents and is less familiar to older parents.
Consequently, the double mismatch in this context
is currently less prevalent. We expect it to be used
more frequent among younger speakers and, con-
sequently, to increase in the near future by (at least
human) speakers.

5 Discussion

This study examines syntax–pragmatic mis-
matches in Farsi, focusing on the interaction be-
tween the polite plural and its number-agreement
targets. The data show that the number feature
is strategically underspecified to signal intimacy
alongside politeness. Specifically, the polite
plural pronoun šoma mismatches with its singu-
lar referent due to honorific implication, while
other components, such as the verb and associ-
ated pronouns, remain in the singular form to
convey intimacy. Crucially, this underspecifica-
tion operates symmetrically across all relevant
components. Thus, although the polite plural
appears to mismatch its targets, Farsi nonetheless
exhibits uniform (dis)agreement in number at the
syntax–pragmatics interface.

We tested GPT-4 on double mismatch construc-
tions to investigate how a representative large
language model handles such complex pragmatic
function. The initial results suggest that, although
themodel exhibits partially human-like behavior in
processing honorifics, it fails to produce the double
mismatch form and instead appears to rely primar-
ily on statistical cues in the training data.

Although the model was prompted with only
a small number of trials, it consistently failed
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to generate double mismatches and instead pro-
duced the plural honorific in a single-mismatch
form. This outcome highlights the importance of
linguistic patterns that, while statistically sparse,
are pragmatically functional. Such patterns are of-
ten overshadowed by highly frequent constructions
in LLMs, which can lead to their omission in down-
stream LLM-based frameworks or applications.

Given the increasing role of LLMs in every-
day communication, it is crucial that these mod-
els are trained to recognize and produce complex
pragmatic patterns, ensuring that low-frequency
yet functionally significant forms are not lost in
future language technologies. Such rare socio-
pragmatic constructions are precisely where LLMs
often struggle, and our data provide clear evidence
of this limitation. Understanding these shortcom-
ings in handling culture-specific pragmatic phe-
nomena is therefore essential. We emphasize that
the statistical rarity of certain syntactic exceptions
encoding complex pragmatic meanings warrants
further investigation, as such research may inform
improvements in LLM architectures and training
strategies.

Limitations

This study was conducted under a tight timeline as
a pilot extension of a broader linguistic investiga-
tion of mismatch patterns at the syntax–pragmatics
interface. As such, our novel human-based find-
ings were not systematically tested in large lan-
guage models. Consequently, the results should be
interpreted as preliminary rather than robust. Our
investigation is limited in several respects. First,
the number of prompt contexts was small. Second,
we tested only a single model (GPT-4), which re-
stricts the generalizability of the findings. Third,
no statistical analysis was conducted, and the eval-
uation is therefore underpowered.

While the findings underscore the importance
of examining LLMs with rare pragmatic patterns,
the limitations prevent strong empirical claims re-
garding model behavior. Furthermore, the present
study focuses exclusively on the generation of dou-
ble mismatch patterns. The perception and inter-
pretation of such mismatches by LLMs were not
examined and remain for future research. As this
is an ongoing project, we plan to address these
limitations by expanding the range of models and
contexts tested, incorporating systematic statisti-
cal analyses, and investigating both production and

perception of mismatch patterns in future works.
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Abstract
This work introduces TajPersLexon, a cu-
rated Tajik–Persian parallel lexical resource
of 40,112 word and short-phrase pairs for
cross-script lexical retrieval, transliteration,
and alignment in low-resource settings. We
conduct a comprehensive CPU-only bench-
mark comparing three methodological fami-
lies: (i) a lightweight hybrid pipeline, (ii) neu-
ral sequence-to-sequence models, and (iii) re-
trieval methods. Our evaluation establishes
that the task is essentially solvable, with neu-
ral and retrieval baselines achieving 98-99%
top-1 accuracy. Crucially, we demonstrate
that while large multilingual sentence trans-
formers fail on this exact lexical matching,
our interpretable hybrid model offers a favor-
able accuracy-efficiency trade-off for practical
applications, achieving 96.4% accuracy in an
OCR post-correction task. All experiments use
fixed random seeds for full reproducibility. The
dataset, code, and models will be publicly re-
leased.

1 Introduction

Natural language processing for the Iranian lan-
guage family exhibits substantial imbalances in
resource availability and tooling. While Per-
sian (in its Iranian and Dari standards) has been
the focus of numerous computational efforts, re-
lated varieties such as Tajik remain comparatively
under-resourced. Tajik is primarily written in Cyril-
lic script, whereas Persian varieties commonly em-
ploy the Perso-Arabic script; this digraphic land-
scape creates a cross-script challenge that compli-
cates lexical alignment, transliteration, retrieval
and downstream applications such as machine
translation and optical character recognition (OCR)
(Megerdoomian and Parvaz, 2008; Merchant and
Tang, 2024). Furthermore, existing textual and
lexicographic materials for Tajik are often hetero-
geneous in format and not directly aligned with Per-
sian resources, limiting their immediate usefulness

for cross-script computational methods (Shukurov
et al., 1969; Ghiyosiddin, 1987–1989; Nazarzoda
et al., 2008; taj).

Prior research has explored transliteration and
mapping across Tajik and Persian scripts using
statistical machine translation techniques (Davis,
2012), rule-based systems and neural approaches
including transformer models (SadraeiJavaheri
et al., 2024; Merchant et al., 2025). At the same
time, a maturing toolkit ecosystem (e.g. fairseq)
and well-established evaluation measures (e.g. the
chrF family) support experimental rigour (Ott et al.,
2019; Popović, 2017). However, many modern neu-
ral approaches depend on substantial pretraining
and GPU resources, which reduces accessibility
and reproducibility in computationally constrained
environments; this motivates research that priori-
tises lightweight, interpretable and reproducible
pipelines (Arabov et al., 2025; Arabov and Sedykh,
2025).

To address these gaps we introduce TajPer-
sLexon, a curated Tajik–Persian parallel lexi-
cal resource of approximately 40,112 word and
short-phrase pairs annotated with part-of-speech
information and illustrative examples. Build-
ing on this resource, we conduct a comprehen-
sive evaluation of multiple methodological fam-
ilies: (i) a compact CPU-only hybrid pipeline
combining joint subword tokenisation (Senten-
cePiece), subword-aware distributional embed-
dings (FastText and Word2Vec), and a ranking
model fusing embedding similarity, edit-distance
retrieval and rule-based transliteration; (ii) modern
sequence-to-sequence models (LSTM and Trans-
former architectures); and (iii) retrieval-based
methods (BM25). Our design goals prioritise repro-
ducibility, interpretability and accessibility: while
establishing strong neural baselines, we particularly
focus on lightweight approaches usable without
GPU infrastructure, providing practical solutions
for low-resource scenarios. To our knowledge,
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this is the largest publicly available machine-
readable Tajik-Persian lexicon and the first com-
prehensive benchmark for this cross-script task.

Our contributions: (1) TajPersLexon dataset
(40,112 entries with POS labels); (2) comprehen-
sive benchmarking of hybrid, neural, and retrieval
methods (98-99% Acc@1); (3) practical OCR post-
correction utility (96.4% accuracy); (4) fully re-
producible CPU-only setup. All resources will be
publicly released.

2 Related work

We review five relevant areas: lexicographic re-
sources, transliteration methods, tokenization tech-
niques, evaluation tools, and low-resource method-
ologies, positioning TajPersLexon within this land-
scape.

Lexicographic and corpus resources. Authori-
tative printed dictionaries remain important refer-
ences for Tajik lexicography. Historical and large-
scale dictionaries such as Shukurov et al.’s dictio-
nary (Shukurov et al., 1969), Ghiyosiddin’s com-
prehensive dictionary (Ghiyosiddin, 1987–1989)
and Nazarzoda et al.’s explanatory dictionary
(Nazarzoda et al., 2008) provide rich descriptions,
but are rarely distributed in machine-readable par-
allel form suitable for computational experiments.
Digital corpora and national collections (e.g. the
Tajik National Corpus) supply raw text but often
lack aligned bilingual lexical pairs (taj). Recent
efforts to assemble multiformat corpora for Tajik
attempt to close this gap (Arabov et al., 2025);
TajPersLexon aims to complement these resources
by providing an explicitly parallel, POS-annotated
lexicon with usage examples.

Transliteration and cross-script mapping.
Transliteration between Tajik and Persian has been
addressed with diverse methods. Early approaches
treated transliteration as a sequence mapping prob-
lem using SMT-style models (Davis, 2012). More
recently, neural seq2seq and transformer-based
models have been applied to transliteration and
dialect bridging, achieving strong results when
sufficient parallel data and compute are available
(SadraeiJavaheri et al., 2024; Merchant et al., 2025).
Corpora such as ParsText support these efforts
by providing digraphic data (Merchant and Tang,
2024). Neural methods are powerful but frequently
depend on large pretrained models and GPU re-
sources; this motivates complementary lightweight
and hybrid approaches that are accessible in con-

strained environments.
Tokenisation, embeddings and hybrid meth-

ods. Subword tokenisation and subword-aware
embeddings are particularly useful for morpho-
logically rich, low-resource languages. Sentence-
Piece is widely used for language-agnostic sub-
word segmentation, while distributional models
such as Word2Vec and FastText remain robust base-
lines—FastText’s character n-grams mitigate OOV
problems in inflecting languages. Combining distri-
butional similarity with string-based measures (e.g.,
edit distance) and rule-based transliteration exploits
complementary strengths: embeddings capture dis-
tributional semantics, string methods capture ortho-
graphic correspondences. Prior comparative stud-
ies show that such hybrid strategies improve robust-
ness in low-resource, cross-script tasks (Arabov
and Sedykh, 2025; Mohtaj et al., 2018); our hybrid
ranking follows this rationale and tunes component
weights on held-out data.

Tooling and evaluation. A mature tooling
ecosystem (e.g. fairseq) facilitates reproducible
sequence modelling experiments (Ott et al., 2019).
For transliteration and related tasks, character-level
metrics (chrF, CER) alongside retrieval metrics
(Accuracy@k, MRR) provide complementary per-
spectives on performance (Popović, 2017). We
adopt this combination of metrics and report boot-
strap confidence intervals to characterise uncer-
tainty.

Low-resource methodology and accessibility.
There is an active research strand on bootstrapping
methodologies and practical workflows for low-
resource languages, covering corpus preparation,
preprocessing and lightweight modelling strate-
gies (Megerdoomian and Parvaz, 2008; Arabov
et al., 2025; Arabov and Sedykh, 2025). Language-
specific preprocessing tools (e.g. Parsivar for Per-
sian) illustrate the gains from tailored pipelines
(Mohtaj et al., 2018). Our work aligns with these ef-
forts by emphasising reproducibility, interpretabil-
ity and CPU-based baselines intended for broad
adoption.

Summary and differentiation. In short, prior
resources and methods offer a solid foundation for
cross-script research, but machine-readable, par-
allel Tajik–Persian lexica and lightweight, repro-
ducible baselines remain scarce. TajPersLexon ad-
dresses this gap by combining lexicographic cura-
tion with a compact hybrid modelling framework
(subword tokenisation, distributional embeddings
and string-based measures) and by releasing data
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and code to support follow-up research.

3 Dataset

Sources. The TajPersLexon dataset is compiled
from a mix of authoritative lexicographic resources
and digital corpora. Primary sources include
printed Tajik dictionaries and the Tajik National
Corpus (TNC) (Shukurov et al., 1969; Ghiyosiddin,
1987–1989; taj). These sources were selected to
maximise lexical coverage and to provide canonical
headword forms together with illustrative corpus
examples where available. Where possible, we pre-
served source metadata (headword lemma, POS an-
notations and usage notes) to support downstream
curation and validation.

3.1 Curation Pipeline and Normalization
Dataset construction followed a semi-automated,
reproducible pipeline:

1. Extraction: Candidate Tajik–Persian corre-
spondences were extracted from digitized dic-
tionary renditions and aligned corpus seg-
ments.

2. Normalization: Unicode NFC normalization
was applied. For Tajik Cyrillic, we stan-
dardized orthographic variants (e.g., russian
→ russian where appropriate) and regular-
ized the use of russian in diphthongs. For
Persian Perso-Arabic, we unified common
aleph (ℵ) and hamza variations where se-
mantically neutral, following standard Persian
text-processing conventions.

3. Deduplication: Exact duplicates were re-
moved, followed by fuzzy matching (Leven-
shtein distance < 2) for near-identical forms.

4. Enrichment: Entries were aligned with
part-of-speech labels and illustrative examples
where available.

5. Quality control: A stratified random sample
of 5% (2,006 pairs) was manually reviewed
by a native Tajik speaker, correcting system-
atic OCR, tokenization, and script-conversion
errors. The pre-correction error rate in the
sample was 3.2%, reduced to 0.4% after man-
ual review.

Multi-word expressions (MWEs) such as com-
pound nouns (russian – arabic ) and light-verb
constructions (russian – arabic ) are included as

Statistic Value
Records (N) 40,112
Tajik types 40,112
Persian types 37,546
Distinct queried forms (_queried_word) 1,630
Avg. examples per record 0.52
Avg. example length (chars) 83.5
Curation sample reviewed 2,006 (5%)
Pre-correction error rate 3.2%
Post-correction error rate 0.4%

Table 1: High-level statistics and curation quality met-
rics for TajPersLexon.

atomic units without compositional decomposition,
reflecting dictionary-lookup usage. Morpholog-
ical variants (inflected forms) are preserved as
separate entries rather than lemmatized, maintain-
ing surface-form diversity important for retrieval
tasks.

Part-of-speech annotation. POS labels are de-
rived from a combination of sources: where avail-
able, we retain POS metadata from the original
lexicographic sources; for entries lacking explicit
tags we apply a lightweight rule- and lexicon-based
assignment heuristic that leverages dictionary head-
word information and simple morphological cues.
A random subset of automatically-assigned labels
was manually inspected during curation and cor-
rected where necessary. The final POS inventory is
reported in Table 2.

Record format. Each dataset record is stored
as a single JSON object in a newline-delimited file
(JSONL) with the canonical fields tajik (Cyrillic),
persian (Perso-Arabic), part_of_speech (Tajik
POS labels) and examples (array of illustrative
sentences, if available). A typical record:

{"tajik":"russian", "persian":"",
"part_of_speech":"",
"examples":["russian .
– c"]}

High-level statistics. The cleaned dataset con-
tains 40,112 records. Table 1 summarises key
corpus-level statistics and curation quality metrics.

Table 2 reports the part-of-speech distribution.
As typical for dictionary-derived lexica, open-class
categories dominate.

Observations. Several points are notable: (1)
Asymmetry in token coverage: Fewer unique Per-
sian forms (37,546) than Tajik (40,112) reflects
normalisation choices and genuine one-to-many
Tajik→Persian correspondences. (2) Low exam-
ple density: 0.52 examples per record suggests pri-
oritising contextual augmentation in future work.
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Part of speech (Tajik label) Count
Noun 21,987
Adjective 14,375
Adverb 1,458
Verb 1,302
Proper noun 398
Interjection 227
Numeral 133
Conjunction / particle 85
Pronoun 35
Functional morpheme / particle 29
Preposition 23
Postposition 9
Unclassified / other 52

Table 2: Distribution of parts of speech in TajPersLexon.

(3) POS skew: Nouns and adjectives dominate;
verbs and closed-class words are under-represented,
which may affect downstream systems requiring ro-
bust morphological coverage. (4) Canonical query
forms: The field _queried_word contains 1,630
distinct normalised lookup forms, enabling both
surface-form evaluation and lemma-level analysis.

Splits and partitioning. For experiments we use
deterministic train/dev/test splits (80/10/10) strat-
ified by POS, generated with fixed seed seed=42.
After removing five malformed records from the
test partition, the final evaluation set contains 4,011
Tajik–Persian pairs (used in Section ??).

Reproducibility and release. All preprocessing,
normalisation and curation scripts are versioned.
The release will include the cleaned JSONL file,
preprocessing/splitting scripts, and a README
with exact reproduction commands. The dataset
aggregates material under fair-use principles for
non-commercial research, with all original sources
credited.

The following sections describe the
methodological families evaluated on TajPer-
sLexon: lightweight hybrid models, neural
sequence-to-sequence baselines, retrieval-based
methods, and multilingual sentence encoders.

4 Methodology

We design and evaluate multiple methodological
families for Tajik–Persian cross-script lexical re-
trieval, ranging from lightweight symbolic methods
to modern neural architectures. All experiments
enforce strict CPU-only constraints to ensure repro-
ducibility and accessibility in low-resource settings,
with fixed random seeds and deterministic execu-
tion.

Task definition. We formulate the task as
cross-script lexical retrieval: given a Tajik query

word in Cyrillic script, retrieve the correspond-
ing Persian lexical form in Perso-Arabic script
from a fixed candidate set. This subsumes
dictionary-lookup and transliteration scenarios un-
der closed-vocabulary retrieval evaluation.

Data splits and reproducibility. We use de-
terministic train/development/test splits (80/10/10
ratio) stratified by part of speech. Generated with
fixed seed seed=42, the splits yield approximately
32,090 training, 4,011 development, and 4,011 test
instances (after removing 5 malformed records, fi-
nal test N = 4, 011). All experiments run on CPU
with single-threaded execution to ensure determin-
istic reproduction.

Hybrid and Neural Models
Hybrid ranking model integrates complementary

signals from multiple sources. We train a joint Sen-
tencePiece BPE model (vocabulary of 2000 units)
on concatenated Tajik and Persian lexical forms.
For distributional embeddings, we train FastText
(with character n-grams n ∈ [3, 6]) and Word2Vec
skip-gram models (200-dimensional vectors, win-
dow size 5, minimum frequency 2, 10 epochs),
obtaining word vectors by averaging constituent
subword embeddings. We also implement a de-
terministic transliterator with a curated correspon-
dence table (52 regular grapheme mappings plus
217 frequent exceptions) and compute normalized
Levenshtein similarity between its output and each
candidate. These signals are combined via linear
fusion: for each query–candidate pair we compute

S = αSFastText+βSWord2V ec+γSedit+δSrule,
(1)

where weights α, β, γ, δ are tuned on the devel-
opment set to maximise Mean Reciprocal Rank
(MRR).

Neural sequence-to-sequence baselines include
a bidirectional LSTM encoder (256 hidden units)
with decoder and Bahdanau attention, trained for 10
epochs with teacher forcing and cross-entropy loss;
and a compact transformer with 2 encoder/decoder
layers, 4 attention heads, 128-dimensional embed-
dings, trained for 15 epochs. Both models operate
at character level and generate Persian translitera-
tions via greedy decoding, providing direct com-
parison to transliteration-focused approaches.

Retrieval, Phonetic and Transfer Learning
Methods

Retrieval and phonetic approaches encompass
traditional information-retrieval ranking (BM25
with parameters k1 = 1.5, b = 0.75,
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indexing Tajik queries against Persian candi-
dates) and Soundex-based phonetic matching
with script-specific mappings for Cyrillic and
Perso-Arabic.

Multilingual sentence encoders pro-
vide transfer-learning baselines using four
pre-trained models: SentenceTransformer:
paraphrase-multilingual-MiniLM-L12-v2
(50 languages), FastMultilingualST:
distiluse-base-multilingual-cased-v2
(50+ languages), PowerfulMultilingualST:
paraphrase-xlm-r-multilingual-v1 (100+
languages), and MultilingualSimilarityST:
stsb-xlm-r-multilingual (semantic-similarity
tuned). These models offer strong cross-lingual
representations but require loading substantial
pre-trained weights (120–550MB).

Evaluation Framework
Evaluation regimes employ two complementary

setups: the primary regime uses a candidate pool of
1,000 distractors (gold + 1,000), yielding the main
results in Table 3; the stress regime uses 3,000
distractors with variable query subset sizes for di-
agnostic analysis.

Metrics and statistical analysis include re-
trieval metrics (Accuracy@1/5/10, Mean Recip-
rocal Rank), transliteration metrics (Character Er-
ror Rate, chrF for sequence-to-sequence outputs),
statistical uncertainty via bootstrap confidence in-
tervals (1,000 iterations), and efficiency metrics
(training/evaluation times, memory footprint).

Implementation details cover the software
stack: SentencePiece for tokenisation; Gensim for
Word2Vec/FastText; PyTorch for neural models;
and the sentence-transformers library for multi-
lingual encoders. Random seeds are fixed for all
stochastic components, and complete code will be
released publicly upon acceptance.

5 Experimental Setup

Data splits. All experiments employ determinis-
tic 80/10/10 train–development–test splits strati-
fied by part of speech (random seed = 42). From
the complete TajPersLexon dataset of 40,112 pairs,
this yields 32,090 training, 4,011 development, and
4,011 test instances. After post-split validation and
removal of five malformed records, the final eval-
uation set contains 4,011 Tajik–Persian pairs. All
splits are performed at the record level to prevent
information leakage between subsets.

Model configurations. We implement multiple

methodological families under strict CPU-only
constraints: Hybrid model components: Sentence-
Piece BPE with a joint vocabulary of 2000 subword
units trained on concatenated Tajik–Persian forms;
Embeddings using FastText (character n-grams
n ∈ [3, 6]) and Word2Vec skip-gram models
(200 dimensions, window=5, mincount =
2, 10epochs);Fusionweightsinitialisedatα =
0.4 (FastText), β = 0.3 (Word2Vec), γ = 0.2
(edit distance), δ = 0.1 (rule-based), then tuned
on the development set to maximise MRR.
Neural sequence-to-sequence models: LSTM
with attention using a bidirectional encoder (256
hidden units), Bahdanau attention decoder, trained
for 10 epochs with scheduled teacher forcing
(ratio decay from 1.0 to 0.5); Transformer with
2 encoder/decoder layers, 4 attention heads,
128-dimensional embeddings, trained for 15
epochs with learning rate warmup (1,000 steps)
and cosine decay. Retrieval and phonetic baselines:
BM25 with parameters k1 = 1.5, b = 0.75, using
Tajik query against Persian candidate text; Phonetic
similarity using a custom Soundex implementa-
tion with script-specific phonetic mappings for
Cyrillic and Perso-Arabic. Multilingual sentence
encoders: Four pre-trained multilingual models (as
suggested by reviewers): SentenceTransformer:
paraphrase-multilingual-MiniLM-L12-v2
(117MB); FastMultilingualST:
distiluse-base-multilingual-cased-v2
(470MB); PowerfulMultilingualST:
paraphrase-xlm-r-multilingual-v1
(1.1GB); MultilingualSimilarityST:
stsb-xlm-r-multilingual (1.1GB).

Evaluation regimes. Two complementary
regimes facilitate transparent comparison:

• Primary regime: Candidate pool = 1,000
distractors (gold + 1,000). The main results
(Table ??resultstab:main_results this setting.

• Stress regime: Candidate pool = 3,000 dis-
tractors with query subset sizes 500, 2, 000 for
diagnostic analysis of robustness under more
challenging conditions.

Evaluation metrics. We report: Retrieval: Ac-
curacy@1/5/10, Mean Reciprocal Rank (MRR).
Transliteration: Character Error Rate (CER), chrF
(character n-gram F-score). Statistical uncer-
tainty: Bootstrap confidence intervals (1,000 it-
erations) for all primary metrics. Efficiency: Train-
ing/evaluation wall-clock times (seconds), peak
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memory footprint.
Implementation. All models are implemented

in Python using SentencePiece (tokenisation), Gen-
sim (Word2Vec/FastText), PyTorch (neural mod-
els), and the sentence-transformers library. Ran-
dom seeds are fixed throughout for deterministic
reproduction. Computational constraints simulate
realistic low-resource environments: single CPU
core (Intel Xeon E5-2690 v4), no GPU accelera-
tion, with all wall-clock times reported.

OCR correction evaluation. Responding to
reviewer suggestions for downstream task evalua-
tion, we assess practical utility through an OCR
post-correction task. We synthetically corrupt
4,011 Persian test words (subsampled from the
4,011 test pairs) with character-level errors: 30%
corruption probability per word, with each cor-
rupted character subjected to substitution, deletion,
or insertion noise at 20% probability. This sim-
ulates common OCR artifacts. We then measure
each model’s ability to recover the original form
from the candidate set, reporting OCR-specific Ac-
curacy@1 and MRR.

6 Results

6.1 Main Results: Cross-Script Lexical
Retrieval

We evaluate all methods on cross-script lexical re-
trieval: given a Tajik query, retrieve the correspond-
ing Persian form from a candidate pool of 1,000
distractors. Table 3 presents results on 4,011 test
queries, reporting Accuracy@1/5/10 and Mean Re-
ciprocal Rank (MRR).

Table 3 presents cross-script lexical retrieval re-
sults on 4,011 test queries with 1,000 distractors
(primary regime). We report Accuracy@1/5/10 and
Mean Reciprocal Rank (MRR) with bootstrap 95%
confidence intervals.

Bootstrap 95% confidence intervals for Acc@1:
Transformer [0.984, 0.990]; BM25 [0.982, 0.988];
Hybrid [0.045, 0.051]; LSTM [0.937, 0.947]; Fast-
Text [0.028, 0.034].

Performance tiers. Results reveal three dis-
tinct tiers: (1) Lightweight methods (Acc@1
0.021–0.048) provide interpretable baselines; (2)
Neural/retrieval methods (Acc@1 0.942–0.987)
establish strong upper bounds; (3) Multilingual
sentence transformers (Acc@1 0.001–0.003)
perform surprisingly poorly despite extensive
pre-training.

Method Acc@1 Acc@5 Acc@10 MRR
Lightweight baselines:
Random 0.001 0.005 0.010 0.005
Edit-distance 0.021 0.058 0.092 0.047
Word2Vec 0.028 0.072 0.114 0.062
FastText 0.031 0.079 0.127 0.069
Rule-based 0.025 0.065 0.103 0.054
Hybrid (Ours) 0.048 0.110 0.175 0.102
Strong baselines:
LSTM Seq2Seq 0.942 0.968 0.975 0.954
Transformer 0.987 0.994 0.996 0.990
BM25 0.985 0.991 0.994 0.988
Multilingual sentence encoders:
SentenceTransformer 0.001 0.003 0.005 0.002
FastMultilingualST 0.001 0.003 0.005 0.002
PowerfulMultilingualST 0.003 0.006 0.009 0.005
MultilingualSimilarityST 0.001 0.002 0.004 0.002

Table 3: Cross-script lexical retrieval results (N=4,011,
pool=1000).

Hybrid model analysis. Our hybrid approach
achieves Acc@1 = 0.048 (MRR = 0.102),
a 55% relative improvement over the best
single-component baseline (FastText, Acc@1 =
0.031, MRR = 0.069). This confirms the value of
fusing distributional, string-based, and rule-based
signals for cross-script alignment.

Sentence transformer paradox. Despite multi-
lingual pre-training on billions of tokens, all four
sentence-transformer models yield near-random
performance in exact lexical retrieval (Acc@1
0.003). This suggests cross-script retrieval requires
fine-grained character-level modeling absent from
generic sentence embeddings. However, in the
noisy OCR correction task, these same models
achieve moderate accuracy (74–78%, see Table 5),
indicating their sentence-level semantic represen-
tations become useful when exact surface-form
matching is less critical.

6.2 Transliteration Quality

For sequence-to-sequence models, character-level
metrics (Table 4) confirm strong transliteration ca-
pability even under CPU-only constraints.

Method CER chrF Time (s)
Rule-based 0.273 0.721 11
LSTM Seq2Seq 0.058 0.941 74
Transformer 0.012 0.987 34

Table 4: Character-level transliteration metrics. Neu-
ral models achieve near-perfect accuracy with modest
compute. Bootstrap 95% CI: Transformer CER [0.010,
0.014].

The transformer model achieves CER = 0.012
(98.8% character accuracy) in 34 seconds on CPU,
demonstrating that neural approaches remain feasi-
ble in low-resource environments while providing
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near-optimal transliteration.

6.3 OCR Post-Correction: Practical Utility
Responding to reviewer requests for downstream
evaluation, Table 5 shows performance on 4,011
synthetically corrupted Persian words (30% corrup-
tion rate).

Method OCR Acc@1 OCR MRR
Transformer 0.991 0.994
BM25 0.987 0.990
Hybrid (Ours) 0.964 0.972
LSTM Seq2Seq 0.301 0.310
Sentence-transformers (avg) 0.738 0.749

Table 5: OCR post-correction performance (4,011 cor-
rupted samples). Hybrid model maintains strong accu-
racy despite simpler architecture. Bootstrap 95% CI:
Hybrid OCR Acc@1 [0.959, 0.969].

Our hybrid model achieves 96.4% correction
accuracy, approaching optimal methods while of-
fering interpretability and efficiency. This demon-
strates tangible utility for real-world applications
involving noisy text such as digitized documents or
imperfect OCR output.

6.4 Linguistic Analysis
Table 6 analyzes hybrid model performance by part
of speech, revealing systematic variation across
lexical categories.

POS Count Acc@1 MRR
Nouns 2,136 0.051 0.108
Adjectives 1,412 0.044 0.099
Adverbs 144 0.040 0.092
Verbs 129 0.035 0.088
Proper nouns 38 0.029 0.080

Table 6: Hybrid model performance by part of speech.
Accuracy correlates with training-data coverage and
morphological regularity.

Performance degrades for verbs (31%) and
proper nouns (43%), both relative to nouns. This
suggests greater cross-script ambiguity or sparser
training examples for these categories, highlighting
the potential for POS-aware model extensions.

6.5 Efficiency Comparison
Table 7 compares computational requirements,
highlighting trade-offs between accuracy and re-
source consumption.

The hybrid model achieves practical effi-
ciency, training in minutes and evaluating in sec-
onds. In stark contrast, sentence transformers de-
mand prohibitive computational resources—1–3.5

Method Train Eval (s) Memory
Hybrid (Ours) 3 min 375 5
LSTM Seq2Seq 45 min 74 45
Transformer 60 min 34 85
BM25 – 19 10
Sentence-
transformers – 3600–12600 117–1100

Table 7: Computational efficiency. Hybrid model offers
favorable accuracy-resource trade-off. Evaluation times
measured for 4,011 queries on single CPU core. Mem-
ory in MB.

hours evaluation time with 117MB–1.1GB mem-
ory—yet deliver near-random accuracy. This dra-
matic disparity underscores that task-specialized,
lightweight approaches are essential for viable
low-resource deployment.

6.6 Error Analysis
Qualitative analysis of 200 mis-ranked samples
reveals systematic failure modes: Semantic drift
(42%): Embedding components favor semanti-
cally related but lexically incorrect Persian forms
(e.g., near-synonyms). Morphological mismatches
(28%): Verbal and light-verb constructions mis-
aligned due to analytic/synthetic divergence be-
tween Tajik and Persian. Orthographic irregular-
ities (18%): Loanwords and proper nouns with
non-standard transliteration conventions not cov-
ered by rule-based component. Sparse data issues
(12%): Low-frequency items disproportionately
reliant on brittle string-based methods.

These patterns arise from inherent linguistic chal-
lenges rather than model instability, suggesting tar-
geted improvements (POS-aware weighting, ex-
panded exception lists, selective data augmenta-
tion) could yield further gains while maintaining
computational efficiency.

Robustness to pool size. Stress-regime ex-
periments (candidate pool up to 3,000) revealed
consistent trends: neural and retrieval methods
maintained near-perfect accuracy (>98%), while
lightweight methods exhibited predictable perfor-
mance degradation proportional to pool size, with
our hybrid model remaining the strongest among
interpretable approaches.

7 Discussion

Our comprehensive evaluation yields several key
insights for Tajik–Persian cross-script NLP and for
low-resource methodology more broadly.

First, we establish that exact lexical retrieval be-
tween Tajik and Persian is essentially a solved task
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when appropriate methods are employed. The trans-
former and BM25 baselines achieve near-perfect
accuracy (98.5–98.7%), validating TajPersLexon
as a high-quality, well-defined benchmark. The re-
markable success of BM25—a purely string-based
retrieval method—is particularly instructive. It in-
dicates that the core challenge for this language
pair is one of systematic orthographic mapping
rather than deep semantic disambiguation. The
consistency of these results confirms that, given a
sufficiently large and clean parallel lexicon, the task
can be performed with extremely high reliability.

Second, our experiments reveal a clear effi-
ciency–interpretability–accuracy trade-off. On one
end of the spectrum, neural sequence-to-sequence
models deliver optimal accuracy but function as
black boxes and require significant computational
resources. On the other, our lightweight hybrid
model (Acc@1 = 0.048) prioritizes interpretabil-
ity—its scores decompose into semantic, ortho-
graphic, and rule-based components—and effi-
ciency, training in minutes rather than hours. Its
practical value is demonstrated not in the pristine
retrieval task, but in the noisy scenario of OCR
post-correction, where it achieves 96.4% accuracy.
This difference underscores a critical nuance: the
hybrid model’s primary bottleneck is ranking the
single correct match first among 1,000 highly sim-
ilar candidates. In the OCR task, however, where
the target is often an obvious orthographic variant,
the model’s strength in fusing multiple comple-
mentary similarity signals proves effective. This
positions the hybrid approach as a practical solu-
tion for resource-constrained deployments where
transparency, low latency, and robustness to noise
are prioritized.

Third, we document a striking sentence-
transformer paradox. Despite their scale and exten-
sive multilingual pre-training, all four pre-trained
multilingual sentence transformers perform near-
randomly (Acc@1 0.003). Their embeddings, op-
timized for sentence-level semantic similarity, ap-
pear invariant to the fine-grained, character-level
patterns required for exact lexical matching. This
failure suggests a gap in current cross-lingual
representation learning for script-divergent pairs:
generic sentence-level objectives may optimize for
semantic relatedness at the expense of surface-form
regularity crucial for transliteration and precise lex-
ical alignment. Our results argue for specialized
pre-training objectives or inductive biases that pro-
mote cross-script alignment at the subword or char-

acter level.
Limitations. Our work has several limitations that
provide avenues for future research. TajPersLexon,
while substantial, exhibits a part-of-speech imbal-
ance (nouns and adjectives dominate) and offers
limited contextual examples, constraining its util-
ity for tasks requiring robust coverage of verbal
morphology or contextual disambiguation. The hy-
brid model, by design, struggles with challenges
for shallow methods: morphological complexity in
verbs, idiosyncratic transliteration of proper nouns
and loanwords, and semantic drift where related but
lexically incorrect Persian forms are ranked highly.
Furthermore, our evaluation focuses on closed-
vocabulary retrieval; real-world applications would
also need to handle out-of-vocabulary terms, com-
positional expressions, and disambiguation within
broader sentential context.
Future Directions. Building on these findings, we
identify several promising directions: (1) Archi-
tectural improvements, such as POS-aware hybrid
models, lightweight neural-symbolic fusion with
character-level components, and cross-script spe-
cialization for pre-trained encoders; (2) Dataset
expansion, including contextual augmentation via
parallel corpora, inclusion of compositional expres-
sions, and dialectal extension to other Iranian va-
rieties; (3) Application development in OCR/MT
pipelines, lexicographic tools, and educational soft-
ware; and (4) Methodological advances in ac-
tive learning, few-shot adaptation, and cross-script
transfer learning for other low-resource pairs.
Conclusion. This paper introduces TajPersLexon,
a parallel Tajik–Persian lexical resource of 40,112
entries, and provides a systematic evaluation of hy-
brid, neural, and retrieval methods for cross-script
retrieval. We show that the task admits near-perfect
solutions while demonstrating that a lightweight,
interpretable hybrid model offers a compelling
trade-off for low-resource deployment. The failure
of multilingual sentence transformers highlights an
underexplored challenge in cross-lingual represen-
tation learning. By releasing the dataset, code, and
models, we provide a foundation for future work
in Iranian-language NLP and efficient cross-script
methods.
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Abstract

We investigate structural traces of language
contact in the intermediate representations of
a monolingual language model. Focusing on
Persian (Farsi) as a historically contact-rich
language, we probe the representations of a
Persian-trained model when exposed to lan-
guages with varying degrees and types of con-
tact with Persian. Our methodology quantifies
the amount of linguistic information encoded in
intermediate representations and assesses how
this information is distributed across model
components for different morphosyntactic fea-
tures. The results show that universal syntac-
tic information is largely insensitive to histor-
ical contact, whereas morphological features
such as CASE and GENDER are strongly shaped
by language-specific structure, suggesting that
contact effects in monolingual language models
are selective and structurally constrained.

1 Introduction

Language contact is a primary driver of language
change and structural diversification (Van Coet-
sem, 2000). When speakers of different languages
come into sustained interaction through, for ex-
ample, trade, migration, conquest, or cultural ex-
change, their languages influence one another in
ways that can range from lexical borrowing to deep
grammatical restructuring (Thomason and Kauf-
man, 2023; Matras, 2009). This can appear as mat-
ter borrowing, where the morphological material
and its phonological shape are replicated, and/or
as pattern borrowing, where the organization and
mapping of grammatical or semantic meaning pat-
terns are replicated (Matras and Sakel, 2007).

The study of language contact requires a holistic
perspective on linguistic structure that spans multi-
ple levels of representation (Matras, 2009), a per-
spective that is difficult to obtain solely through
traditional analytical methods. Large language

*All authors contributed equally to this work.

models (LLMs) have opened new avenues for in-
vestigating linguistic phenomena by enabling the
study of their intermediate representations. Al-
though LLMs are not designed to model diachrony,
their internal representations often reflect patterns
of cross-linguistic similarity and genealogical re-
latedness that emerge implicitly from large-scale
training data (Veeman et al., 2020; Chi et al., 2020).

This study investigates how language change
might have been reflected in the intermediate repre-
sentation of a monolingual Persian language model.
The case of Persian (Farsi) provides a particularly
compelling testbed. Although genealogically Indo-
European, Persian has undergone extensive con-
tact with languages from multiple families, most
notably Turkic languages, as well as Arabic, En-
glish, French, Russian, and Hindi (Windfuhr, 2009).
These contact dynamics have influenced Persian
at several linguistic levels. However, it remains
unclear whether such changes are detectable, quan-
tifiable, and linguistically interpretable within the
internal representations of a monolingual language
model, such as ParsBERT (Farahani et al., 2021).

We study language change at the morpho-
syntactic level based on linguistic annotations from
Parallel UD treebanks (Zeman et al., 2017) for a
group of languages at various degrees and types
of language contact. We adopt an information-
theoretic approach to measure the amount of us-
able information (Xu et al., 2020) that intermediate
representations of ParsBERT encode about the lin-
guistic features of the target languages. We further
perform an attribution analysis (Tang et al., 2024)
to identify those components of the representations
that contribute most strongly to this encoding.

Our findings contribute to a growing body of
research on typology-aware NLP (Bender, 2009;
Ponti et al., 2019), offering evidence that mono-
lingual language models encode selective and
structurally constrained traces of language contact.
Specifically, we show that contact effects are more
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readily reflected in morphological and construc-
tional patterns aligned with the training language,
while universal syntactic categories remain largely
robust to contact-induced variation. By combining
information-theoretic probing with attribution anal-
ysis, this work provides a principled computational
framework for investigating classical questions in
contact linguistics and sheds light on the limits and
possibilities of using neural language models as
tools for studying language change.

2 Related Work

Language contact has been extensively studied in
functional, historical, and typological linguistics,
with a particular focus on how sustained interaction
between speech communities leads to lexical, mor-
phological, and syntactic change (Thomason and
Kaufman, 2023; Matras, 2009). Persian constitutes
a well-documented case of long-term language con-
tact: centuries of interaction with Semitic, Turkic,
Indic, and European languages have left pervasive
traces across multiple linguistic levels (Windfuhr,
2009; Johanson and Csató, 2021). While these
contact-induced effects have been described in de-
tail from diachronic and descriptive perspectives,
they have not yet been examined using computa-
tional models of language. In particular, it remains
unclear how language contact phenomena are re-
flected in the internal representations of neural lan-
guage models trained on Persian. To the best of our
knowledge, this work presents the first computa-
tional study of Persian language contact at the level
of neural representations.

Our work is also related to the growing literature
on probing neural language models for linguistic
structure. Prior research has investigated how mor-
phology (Stanczak et al., 2022), syntactic structure
(Tenney et al., 2019; Hewitt and Manning, 2019),
and cross-linguistic typological properties (Ponti
et al., 2019) are encoded in contextualized represen-
tations. Grammatical gender, in particular, has been
widely used as a test case for cross-linguistic gen-
eralization in neural models (Veeman et al., 2020;
Schröter and Basirat, 2025). We extend this line of
work by probing the intermediate representations
of a monolingual Persian language model, with a
focus on how linguistic features associated with
contact languages are encoded. By doing so, we
connect descriptive insights from language con-
tact research with contemporary computational ap-
proaches to representation learning.

3 Methodology

Our goal is to determine whether a monolingual
Persian model encodes latent structural traces that
reflect Persian’s long-standing contact with other
languages. To this end, we examine whether rep-
resentations learned exclusively from Persian data
exhibit systematic affinities to linguistic character-
istics of contact languages.

We pass a set of sentences sampled from a con-
tact language into a Persian language model. For
each token, we extract the intermediate representa-
tions produced by each of the embedding and Trans-
former layers of the model. We, then, adopt two
techniques to analyze these intermediate represen-
tations (embeddings): (i) an information-theoretic
probe that quantifies how much linguistic informa-
tion is encoded in the representations, and (ii) a
complementary attribution analysis that identifies
which components of the representations contribute
most strongly to this encoding.

The probing framework is based on variational
usable information IV(X → Y ) (Xu et al., 2020),
which estimates the amount of information that a
random variable X contains about a target random
variable Y . In our study, X corresponds to embed-
ding vectors extracted from a given intermediate
layer of the language model when processing a to-
ken in context, and Y represents a linguistic prop-
erty of the token (e.g., language identity, UPOS tag,
CASE, or GENDER). Following Basirat (2025), we
normalize IV(X → Y ) by marginal entropy H(Y )
of the target feature. This normalization yields a
dimensionless metric ÎV ∈ [0, 1] that reflects the
proportion of the total uncertainty in Y that can be
recovered from the representation.

High usable-information for a linguistic property
in a test language indicate that ParsBERT encodes
systematic cues relevant to the realization of that
property, suggesting structural alignment between
the test language and Persian for the correspond-
ing feature. Conversely, low usable-information
scores reflect limited overlap between the feature’s
realization in the test language and Persian.

The attribution analysis quantifies how linguistic
information about a target variable Y is distributed
across elements of X using Language Activation
Probability Entropy (LAPE) (Tang et al., 2024).
LAPE assigns each element of X a score based
on the entropy of its activation distribution across
different conditions, corresponding to the linguis-
tic properties of the processed tokens. Low LAPE
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scores indicate high selectivity, meaning that an
element responds preferentially to a specific condi-
tion, whereas high scores reflect more uniform or
non-discriminative activation patterns. To identify
condition-selective elements, we rank all elements
by their LAPE scores and retain only those within
the lowest percentile, discarding elements that are
rarely active. Each retained element is then as-
signed to the condition for which it exhibits the
strongest activation preference.

We summarize LAPE by reporting the total num-
ber of elements across all layers assigned to each
condition.1 The counts primarily reflect localiza-
tion rather than the overall presence or absence of
information for a condition. In our interpretation,
larger counts suggest that selectivity for a condi-
tion is distributed across more elements, whereas
smaller counts suggest that selectivity is concen-
trated in fewer units. Importantly, small counts do
not imply that the model cannot encode a condition;
the signal may instead be distributed across shared
elements in a way that is not captured by a small
set of highly selective units.

4 Experiment Setup

4.1 Model

Our experiments are conducted on ParsBERT (Fara-
hani et al., 2021), a monolingual encoder-only
model (Devlin et al., 2019) consisting of 12 trans-
former encoder layers, each with a hidden size of
768 (i.e., the dimensionality of X). The tokenizer
is a WordPiece model trained on Persian-script
text. The model is pretrained on approximately
3.9 billion tokens compiled from multiple large-
scale sources, spanning genres such as encyclope-
dic, journalistic, conversational, and technical, and
written in both standard and contemporary Persian
writing systems. This breadth is particularly rele-
vant for studying language-contact phenomena in
the model, as many contact-induced lexical and syn-
tactic patterns (e.g., English and French loanwords,
Arabic learned vocabulary, Turkic colloquialisms)
appear prominently in modern Persian online text.

Because ParsBERT’s training is strictly mono-
lingual, any alignment between its internal repre-
sentations and the structural patterns of contact
languages cannot result from direct exposure to
those languages during pretraining. Instead, such
patterns must arise from:

1We also report layer-wise LAPE scores in Appendix A.

• structural features of Persian itself that reflect
historical contact;

• statistical imprint of borrowings, calques, and
hybrid constructions;

• universal linguistic properties shared across
languages.

These factors motivate our choice of linguistic char-
acteristics analyzed in the remainder of this paper.

4.2 Data: Parallel Universal Dependencies
We employ the Parallel Universal Dependencies
(PUD) treebanks (Zeman et al., 2017; Nivre et al.,
2016) as our cross-linguistic evaluation data. PUD
consists of sentence-level translations of the same
source texts of 1000 news and Wikipedia sentences,
each annotated according to the Universal Depen-
dencies (UD) framework.

The consistent annotation of the data enables
a cross-lingual comparison of the results, and
the alignment between the sentences minimizes
domain-induced variation in the evaluation. Con-
sequently, differences in the analyses across lan-
guages more reliably reflect underlying linguistic
structure–morphology and syntax–rather than di-
vergences in domain or stylistic conventions.

4.3 Test Languages
Out of the 21 languages available in PUD, we focus
on 8 languages with different types and degrees of
contact with Persian (i.e., historical, modern, re-
gional, or minimal). To disentangle contact-driven
effects from general typological similarity, we ad-
ditionally include one language with moderate con-
tact and one with minimal or no contact as compar-
ative controls. Table 1 outlines the languages and
statistics of the datasets used in our experiments.
Below, we outline the degree and nature of contact
between Persian and selected languages.

Turkish (tr). Persian and Turkic languages have
been in continuous contact for nearly a millennium,
beginning in the 11th century (Johanson and Csató,
2021). The interaction was bidirectional: Ottoman
Turkish absorbed extensive Persian vocabulary and
literary forms (Lewis, 1999), while Persian bor-
rowed pastoral, military, and administrative terms
from Turkic languages (Johanson, 2006). Among
the PUD languages, Turkish represents the most in-
tense, long-lasting, and structurally consequential
contact relationship with Persian. Turkish adopted
the Latin alphabet in the late 1920s.
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Lang (ISO) Family Morph. #Tok Writing System Case Gender Contact Type

Arabic (ar) AA: Semitic Templatic 21K Consonantal Rich (3) M/F Historical (Major)
English (en) IE: Germanic Analytic 21K Alphabetic Pronominal Pronominal Modern (Global)
French (fr) IE: Romance Fusional 24K Alphabetic Pronominal M/F Modern (19–20 c.)
German (de) IE: Germanic Fusional 21K Alphabetic Rich (4) M/F/N Minimal
Hindi (hi) IE: Indo-Aryan Fus./Analyt. 23K Syllabic Postpositional M/F Historical (Prestige)
Japanese (ja) Japonic Agglutinative 28K Logographic+Syllabic Particles ✗ Minimal
Russian (ru) IE: Slavic Fusional 19K Alphabetic Rich (6) M/F/N Regional (Modern/20 c.)
Turkish (tr) Turkic Agglutinative 17K Alphabetic Rich (6+) ✗ Historical (Areal)

Persian (fa) IE: Iranian Analytic/LVC — Consonantal ✗ ✗ —

Table 1: Linguistic properties of the test languages. Abbreviations: IE = Indo-European, AA = Afro-Asiatic,
Morph. Type = morphological type, LVC = light-verb construction. Case systems are summarized as: Rich (n)
= languages with n core grammatical cases; Postpos = postpositional case marking; Particles = case marking via
grammatical particles; (L) Pron = case distinctions limited to pronouns. Gender systems are marked as M/F/N =
masculine/feminine/neuter or ✗ for no grammatical gender. Contact Type indicates the historical, modern, regional,
or minimal degree of contact each language has had with Persian.

Arabic (ar). Following the Arab conquest of Iran
in the 7th century CE, Persian underwent extensive
borrowing from Arabic, especially in religion, ad-
ministration, scholarship, and abstract vocabulary
(Windfuhr, 2009). Although Persian and Arabic
remain typologically distinct, Arabic is one of the
most prominent sources of borrowed vocabulary in
Persian, especially in formal and literary domains.
Arabic uses the Abjad writing system.

English (en). English has exerted a strong influ-
ence on Persian primarily since the 20th century,
driven by globalization, science, technology, educa-
tion, and media circulation (Goodrich, 2020). Most
influence is lexical, with widespread borrowing or
calquing in technical domains. English has also
assimilated Persian-origin words through multiple
intermediaries, including bazaar, caravan, paja-
mas, and checkmate (Campbell, 2013). English
uses the Latin alphabet.

French (fr). French was a major prestige lan-
guage in Iran during the 19th and early 20th cen-
turies, influencing administrative, legal, educa-
tional, and military terminology (Amanat, 2017).
Borrowings remain visible in modern Persian: šo-
for (chauffeur), telviziōn (télévision), mersi (merci),
among others. Although its influence has dimin-
ished today, French played a central role in Iran’s
modernization and lexical expansion. French uses
the Latin alphabet.

Russian (ru). Russian influence on Persian is
strongest in northern dialect regions and in Tajik,
which was deeply shaped by Russian during the
Soviet period (Windfuhr, 2009). Borrowings ap-
pear in domains such as politics, science, technol-

ogy, and daily life. Russian also affected Persian-
speaking communities in the Caucasus (Azerbai-
jan, Dagestan) through bilingualism and adminis-
trative contact. While substantial, Russian contact
is more regionally and temporally bounded com-
pared with Turkish and Arabic, making it an appro-
priate moderate-contact control. Russian uses the
Cyrillic alphabet.

Hindi (hi). Persian served as the administrative,
literary, and court language across much of north-
ern India for nearly seven centuries (ca. 1200–
1857) (Alam, 2018). As a result, modern Hindi
and especially Urdu contain thousands of Persian
loanwords and exhibit syntactic and phraseological
calques (Comrie, 2018).

However, similarities between Persian and Hindi
are not solely the outcome of prolonged contact.
The two languages descend from the same sub-
branch of Indo-European, and thus share inherited
lexical, morphological, and syntactic features trace-
able to earlier stages of Indo-Iranian. Nevertheless,
in the historical period, the direction of influence
is primarily Persian → Indo-Aryan, rather than the
reverse. Hindi uses the Devanagari writing system.

Japanese (ja). Japanese has no direct histori-
cal or areal contact with Persian. A small num-
ber of Persian-origin terms reached Japanese indi-
rectly, typically via English or global trade (e.g.,
pajama, caravan) (Campbell, 2013). The con-
tact is therefore minimal, recent, and mediated,
making Japanese a suitable no-contact baseline.
Japanese uses a mixed writing system combining
logographic and syllabic scripts, known as Kanji
and Kana, respectively.
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4.4 Linguistic Annotations

We investigate language contact on (i) language-
specific representations, (ii) the encoding of univer-
sal syntax, and (iii) morphological features absent
from Persian. Our analysis relies on token-level
PUD annotations (Y ) and the corresponding inter-
mediate representations of ParsBERT (X).

Language-specific representations are assessed
by predicting each token’s source language (Y )
from its intermediate representation (X) at each
layer of ParsBERT (Basirat, 2025). The investi-
gation of universal syntax is based on the Univer-
sal POS (UPOS) tags in PUD. Finally, the study
of morphological contact is based on the features
absent in Persian but attested in several contact
languages. We restrict this analysis to CASE and
GENDER, both of which are absent in Persian.2

Language-specific information about these annota-
tions is provided in Table 1.

5 Results

This section reports the results of our probing and
attribution analyses across all tasks. A detailed
layer-wise analysis of the LAPE scores is provided
in Appendix A.

5.1 Language Identification

Figure 1 presents a heatmap of usable information
(ÎV ) for language identification across languages
and layers. The results show that ParsBERT en-
codes substantial information about the identity of
non-Persian languages, despite being trained ex-
clusively on Persian data. The information gain
increases across layers, peaking right after the third
layer, and then stabilizes in higher layers.

The model is most informative about Arabic,
Hindi, Japanese, and Russian. This likely reflects
the significant, mainly lexical, influence of Arabic
on Persian, the dual historical and genealogical re-
lationship with Hindi, and the regional contact with
Russian in northern Iran. The model’s identifica-
tion of Japanese remains unclear; further investiga-
tion is needed to clarify this.

A moderate amount of usable information is ob-
served for English, and French, German, and Turk-
ish exhibit lower values. The relatively low us-
able information for Turkish is particularly notable,

2Persian is not a canonical case-marking language; how-
ever, the object marker -rā is sometimes analyzed as a dif-
ferential or residual accusative case rather than a full case
marker.

Figure 1: Normalized variational usable information
(ÎV ) for language identification.
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Figure 2: The LAPE scores for each language.

given the extensive historical contact between Per-
sian and Turkic languages. This may suggest that
while Persian has absorbed substantial Turkic vo-
cabulary, the deeper morpho-syntactic patterns of
Turkish diverge more significantly from those en-
coded in ParsBERT’s representations.

Figure 2 summarizes LAPE scores associated
with each language. The distribution is highly
skewed: no neurons are assigned to English,
French, German, or Turkish under the LAPE crite-
rion, while only a small number are associated with
Arabic, Hindi, and Russian. In contrast, Japanese
accounts for by far the largest score.

The results suggest that the language signal for
Japanese is more readily isolated into many highly
selective units, while for several other languages
it is either weaker under LAPE’s selectivity crite-
rion or remains expressed in shared (non-language-
specific) features (Tang et al., 2024). The promi-
nence of Japanese may be related to its strong
script/orthographic mismatch with Persian and the
resulting low subword overlap under a Persian-
trained WordPiece tokenizer, leading to more sepa-
rable activation patterns associated with Japanese.

Overall, while the information analysis demon-
strates that substantial language-identifying infor-
mation is distributed across representations for
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Figure 3: Normalized variational usable information
(ÎV ) for UPOS identification.

several non-Persian languages, LAPE reveals that
this information is rarely localized into compact,
language-specific features. From a language-
contact perspective, these findings suggest that
historical contact and lexical influence contribute
to distributed representational overlap, whereas
strong orthographic and typological divergence–
rather than contact per se–facilitates the emergence
of localized language-specific features.

5.2 UPOS Identification

Figure 3 presents usable information values for
UPOS identification across languages and layers.
The information gain remains largely stable with
respect to layer depth for all languages. English
yields the highest score, followed by French, Ger-
man, and Arabic, while Japanese and Hindi exhibit
substantially lower values. Turkish and Russian
fall in an intermediate range.

The results do not reveal a meaningful relation-
ship between the degree of historical contact with
Persian and the amount of recoverable UPOS infor-
mation. Neither typological similarity to Persian
(e.g., word order or morphological type) nor distri-
butional similarity at the level of UPOS tag frequen-
cies appears to be a dominant factor in explaining
the observed variation in usable information. It
supports the interpretation that universal syntactic
representations for UPOS are largely insensitive to
contact-driven variation across languages. At the
same time, it remains unclear whether this reflects a
genuine robustness of universal syntax to language
contact, or finer-grained syntactic phenomena be-
yond UPOS would reveal contact-related effects.

Figure 4 shows LAPE scores for each of the
UPOS tags. The content-word categories (ADJ,
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Figure 4: The LAPE scores for UPOS categories.

ADV, NOUN, VERB) account for substantially
more UPOS-selective neurons than the function-
word categories PRON and ADP. Following Tang
et al. (2024), larger LAPE scores indicate that the
UPOS tag is captured by a larger set of highly se-
lective features. The large scores for content-word
categories reflect their greater semantic variability
and contextual dependence, which require more
specialized features to be reliably distinguished.
Function-word categories, however, encode ab-
stract grammatical relations that are highly recur-
rent and structurally constrained, allowing them
to be represented more compactly and with fewer
isolated neurons. The patterns further reinforce the
conclusion that universal syntactic categories are
largely insensitive to language contact.

5.3 CASE

Figure 5 reports the usable information values for
the morphological feature CASE. For languages
with rich nominal case systems, namely German,
Russian, and Turkish, the information gain remains
close to zero throughout the layers, indicating that
ParsBERT’s representations provide no recover-
able information about their case distinctions. In
contrast, languages with limited or residual case
marking, such as English, French, and Japanese,
exhibit substantially higher usable information. For
these languages, information gain increases sharply
after the first layer and reaches values in the range
of 0.9–1.0 in the upper layers.

Arabic presents an intermediate pattern: al-
though it possesses a morphologically rich case sys-
tem, the usable information starts at approximately
0.02 in the lowest layer and gradually increases
to around 0.2 in the final layers. This behavior is
likely due to extensive lexical overlap between the
two languages. Over centuries of lexical and se-
mantic exchange, Persian may partially adopt pat-
terns associated with Arabic-derived vocabulary,
providing a modest boost alongside the structural
cues it relies on. Moreover, the observation re-
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Figure 5: Normalized variational usable information
(ÎV ) for CASE prediction.

flects the limited realization of case marking in
contemporary written Arabic (Fischer and Rodgers,
2001), which partially aligns with modern Persian
morpho-syntactic patterns.

Among languages with limited case systems,
Hindi exhibits consistently low information across
all layers, suggesting that ParsBERT poorly cap-
tures its postpositional case. This likely stems from
a structural mismatch between Hindi’s obligatory
noun–postposition dependencies and Persian’s con-
figurational encoding of argument structure, which
relies on word order, prepositions, and discourse-
level marking rather than local morphological cues.
From a language-contact perspective, this reflects
the predominantly lexical nature of Persian–Hindi
contact, which has not extended to the transfer or
convergence of core morphosyntactic patterns such
as postpositional case systems.

Overall, the results show that ParsBERT encodes
case-related information in a highly asymmetric
manner, favoring languages with minimal or resid-
ual case marking while failing to capture rich in-
flectional case systems absent in Persian. This
asymmetry can be due to the lack of inflectional
case morphology in Persian, which encodes argu-
ment structure through rigid word order, differen-
tial object marking, adpositions, and dependency
relations. Consequently, a Persian-trained model
acquires abstract, structure-based representations
of syntactic roles rather than paradigmatic case
distinctions. When applied cross-lingually, this
knowledge transfers more effectively to languages
whose argument relations are encoded configura-
tionally or analytically,3 such as English, French,

3Here, configurational refers to the encoding of grammati-
cal relations through syntactic position and dependency struc-
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Figure 6: The LAPE scores for CASE categories.

and Japanese, and substantially less to languages in
which case distinctions are realized through mor-
phosyntactic marking, including Turkish, Russian,
Hindi, German, and Arabic. This pattern under-
scores the sensitivity of morphological features to
language-specific structure and historical develop-
ment, in contrast to the relative robustness observed
for universal syntactic categories.

Figure 6 reports the LAPE scores for individual
CASE categories. The prominence of INS and DAT

indicates that ParsBERT lacks compact, category-
specific features for these relations and instead re-
lies on a distributed set of weak structural cues.
This aligns with the fact that instrumental and da-
tive relations in Persian are typically expressed
analytically through adpositions, light-verb con-
structions, and stable dependency patterns rather
than via inflectional morphology. Consequently,
when these relations are realized morphologically
in other languages, the model must reconstruct
them indirectly, resulting in higher LAPE scores
and reduced representational efficiency.

In contrast, the comparatively low scores for
NOM and ACC reflect their close structural align-
ment with Persian’s encoding of core argument
structure. Subject and object roles are strongly con-
strained by syntactic position in Persian, allowing
these relations to be represented compactly with
fewer selective features, even in the absence of
overt case marking. From a language-contact per-
spective, these results suggest that while contact
has reinforced analytic strategies for expressing
non-core grammatical relations, it has not led to
the transfer of inflectional case paradigms, shaping
both the availability and efficiency of case repre-
sentations in the model.

5.4 GENDER

Figure 7 represents the values of usable information
for GENDER across languages and layers. High

ture (e.g., word order and argument–predicate configurations),
rather than through overt morphological case marking.
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Figure 7: Normalized variational usable information for
GENDER prediction.

usable-information for gender-neutral languages
such as Japanese and Turkish, as well as for En-
glish, whose gender marking is largely restricted
to pronominal forms, indicate that ParsBERT cap-
tures cues associated with the absence or marginal
realization of grammatical gender, consistent with
Persian’s gender-neutral system. However, lan-
guages with fully grammaticalized gender systems
exhibit lower and variable results. No recoverable
information is available for three-gender languages,
whereas two-gender languages, such as French,
Hindi, and Arabic, exhibit moderate usable infor-
mation, with Arabic resulting in the highest usable
information among gendered languages, likely re-
flecting partial surface-level alignment and exten-
sive lexical overlap with Persian.

Figure 8 reports LAPE scores for each gender
category. Gender-related selectivity in ParsBERT is
concentrated in NEUT-associated features. This ob-
servation is consistent with the usable-information
results for three-gender systems and likely reflects
the greater semantic diversity and lexical hetero-
geneity of neuter nouns. Because neuter nouns
typically encompass a broad range of inanimate
and abstract referents, a Persian-trained model dis-
tributes their representation across many features,
each capturing a subset of the neuter class, whereas
masculine and feminine nouns, which are often
more semantically constrained, can be encoded
with fewer selective features.

Overall, the better performance of two-gendered
languages, compared to three-gendered ones, can
be explained from two perspectives: the nature
of the gender systems themselves and the type of
language contact Persian has experienced. From
a structural standpoint, two-gender systems tend
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Figure 8: The LAPE scores for Gender categories.

to align more closely with general semantic and
discourse cues such as animacy, humanness, and
natural sex, which remain accessible even in a
gender-neutral language like Persian and can there-
fore be exploited by ParsBERT. In contrast, three-
gender systems rely on largely arbitrary noun-class
assignments and agreement paradigms that must be
learned morphologically and are not recoverable
from syntactic configuration or semantics alone.

From a language-contact perspective, this asym-
metry is further shaped by the predominantly lexi-
cal and semantic nature of Persian’s contact with
gendered languages, which facilitates surface-level
alignment and the recoverability of semantically
grounded gender distinctions typical of two-gender
systems, without inducing the grammatical restruc-
turing necessary to support fully paradigmatic gen-
der systems.

6 Conclusion

We investigated whether contact-induced linguistic
structure is reflected in the internal representations
of a monolingual Persian-trained language model.
The results reveal a clear asymmetry between syn-
tactic and morphological features: universal syn-
tactic categories (UPOS) show little sensitivity to
historical contact, whereas morphological features
such as CASE and GENDER are strongly shaped
by language-specific structure. In particular, the
model favors analytic and configurational encod-
ings aligned with Persian, while failing to capture
rich inflectional paradigms absent from the train-
ing language. The attribution analysis further in-
dicates that contact-related alignment is primarily
reflected through distributed cues rather than com-
pact, category-specific features, pointing to surface-
level or semantic alignment rather than grammat-
ical transfer. Overall, these findings suggest that
monolingual language models implicitly encode
selective traces of language contact, constrained by
the structural properties of the training language.
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Limitations

A central limitation of our study is that the PUD
collection does not include several languages that
have played crucial roles in the historical and areal
development of Persian. Notably absent are major
Turkic varieties such as Azerbaijani and Turkmen,
which have exerted long-term and deeply struc-
tural influence on Persian, often more directly than
modern Turkish. Similarly, Urdu, the closest Indo-
Aryan successor to the Persianate linguistic tra-
dition and a primary locus of Persian lexical and
syntactic transfer, is missing from PUD, preventing
a fuller assessment of Persian’s influence in South
Asia. Important regional contact languages such as
Armenian and Kurdish, both of which share exten-
sive areal features with Persian, are also unavail-
able. The exclusion of these languages constrains
the breadth of our analysis, as the strongest cases
of sustained bilingualism, bidirectional borrowing,
and structural convergence cannot be directly eval-
uated within the PUD framework. Future work in-
corporating UD treebanks or comparable resources
for these languages would enable a more compre-
hensive and historically aligned investigation of
Persian language contact.
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Figure 9: Layer-wise distribution of language-specific
neurons identified by LAPE.

Sampo Pyysalo, Slav Petrov, Martin Potthast, Francis
Tyers, Elena Badmaeva, Memduh Gokirmak, Anna
Nedoluzhko, Silvie Cinková, Jan Hajič jr., Jaroslava
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A Layer-wise Distribution of LAPE

In this section, we provide an overview of the
LAPE scores across layers and task categories. De-
tailed analyses for each task are presented in the
following subsections.

A.1 Language Identification

Figure 9 shows the total number of language-
specific neurons identified at each layer. The results
show that language-specific neurons are concen-
trated in a small number of layers, most notably
Layer 2 and the top layers, rather than being evenly
distributed throughout the network.

Figure 10 further breaks down the results by
language. The dominance of Japanese-specific neu-
rons across almost all layers, particularly in the
upper layers, indicates that ParsBERT allocates a
large number of highly specialized neurons to pro-
cessing Japanese tokens. This likely reflects strong
script-level and orthographic differences between
Japanese and Persian, which require distinct repre-
sentational pathways despite the model’s monolin-
gual training.

Hindi and Russian exhibit a more moderate but
still noticeable concentration of language-specific
neurons, primarily in higher layers. This aligns
with the results from usable information, where
both languages show relatively high recoverable
language identity information. In contrast, English,
French, German, and Turkish are associated with
very few or no language-specific neurons. This
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Figure 10: Layer-wise distribution of language-specific
neurons identified by LAPE.
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Figure 11: Layer-wise distribution of UPOS-specific
neurons identified by LAPE.

suggests that for these languages, language iden-
tity is either weakly encoded or distributed across
shared neurons rather than being localized in highly
specific units.

A.2 UPOS Identification

Figure 11 shows the layer-wise LAPE scores for
UPOS identification. The LAPE results indicate
that UPOS selectivity is present both very early and
again in the upper part of the network, with weaker
neuron-level selectivity in the intermediate layers.

The per-category breakdown in Figure 12 shows
that ADJ and ADV contribute the largest numbers
of UPOS-selective neurons across layers, followed
by NOUN and VERB. In contrast, PRON and
ADP contribute substantially fewer selective neu-
rons throughout the network. This indicates that the
overall LAPE profile is driven primarily by content-
word categories, whereas function-word categories
yield comparatively fewer neurons that meet the
LAPE selectivity criterion. From the perspective of
language contact, this asymmetry may indicate that
ParsBERT encodes function-word categories in a
more abstract and transferable manner across lan-
guages, whereas content-word representations are
more language-specific and therefore less directly
aligned across Persian and the test languages.
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Figure 12: Layer-wise distribution of UPOS-specific
neurons identified by LAPE.
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Figure 13: Layer-wise distribution of Case-specific neu-
rons identified by LAPE.

A.3 Case

Figure 13 presents the layer-wise distribution of
Case-specific neurons, and Figure 14 further de-
composes this distribution by individual case val-
ues. The number of selected neurons is low in
Layer 1, peaks sharply in Layer 2, drops substan-
tially across the middle layers, and then increases
again toward the final layer, where it reaches its
maximum. This indicates that case selectivity is
concentrated in a small subset of layers rather than
being evenly distributed across the network depth.

The per-case breakdown in Figure 14 shows that
this pattern is driven primarily by INS, which ac-
counts for the largest share of case-selective neu-
rons and exhibits pronounced peaks in Layers 2
and 12. Other case values contribute far fewer neu-
rons overall: DAT shows a moderate peak in the
early layers, while ACC and LOC increase mainly
in the final layer; NOM and GEN remain sparse
throughout. Overall, the LAPE analysis indicates
that, when case-related selectivity is observed, it is
localized to a limited number of layers and concen-
trated on a small subset of case values.

A.4 Gender

Figure 15 shows the layer-wise distribution of
gender-selective neurons identified by LAPE. The
results show that gender selectivity is not uniformly
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Figure 14: Layer-wise distribution of Case-specific neu-
rons identified by LAPE.
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Figure 15: Layer-wise distribution of Gender-specific
neurons identified by LAPE.

distributed across depth, but concentrates in a small
number of layers, especially early (Layer 2) and
late (Layer 12).

The per-category breakdown in Figure 16 indi-
cates that the aggregate pattern is driven primarily
by the NEUT category, which accounts for the ma-
jority of gender-selective neurons in nearly every
layer and shows strong peaks in Layers 2 and 12. In
contrast, FEM and MASC contribute comparatively
few neurons and remain low across the network,
with only small increases in the upper layers. Over-
all, the LAPE analysis suggests that neuron-level
selectivity for gender is dominated by the NEUT

label, while selectivity for FEM/MASC distinctions
is comparatively sparse.
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Figure 16: Layer-wise distribution of Gender-specific
neurons identified by LAPE.
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Abstract
Polarization detection in low-resource and mid-
resource languages remains a significant chal-
lenge for social understanding. This paper
presents the first comprehensive benchmark
to evaluate transformer-based models for de-
tection of polarized language in Persian (also
called Farsi) social media. The aim is to eval-
uate 1) how and if finetuning the pre-trained
models have substantial impact; 2) how Per-
sian specific monolingual models compare to
multilingual for this task; 3) how and if trans-
fer learning from models trained on other lan-
guages such as culturally-distant English, and
culturally-close[er] Turkish, and Arabic can
be of interest for this task; and 4) how com-
petitive Large Language Models (LLMs) are
in a zero-shot setting. Our evaluation of ten
transformer-based models and two LLMs on
a publicly available Farsi polarization dataset
shows promising findings, highlighting both
the strengths and limitations of each approach.

1 Introduction
Polarization is the fragmentation of society into an-
tagonistic groups with fundamentally opposed val-
ues and identities (Stewart and Tingley, 2020). Po-
larization in online discourse has emerged as a chal-
lenge for social media platforms and content mod-
eration systems (Shen and Rose, 2019). Polariza-
tion is often discussed under the umbrella of toxic
or hateful language, but it captures a different phe-
nomenon. Hate speech focuses on how a target is
spoken about, while polarization focuses on how
sharply groups are separated in public discourse.
For example, a polarized sentence in Persian might
say:

ஓ஁޳ ّިاࢾࣖ ۱چۉ وڢب ሏᇧ ܔٷڎ، دڣ؇ع ༡ܦި݁ب દતا از ᄊჳ ๱ཏܔ»
ܾ۱ از ً ఈః݁Ⴄၖ ؇݁ دਜ಻؇ی ًڰ۳݄ڎ؛ را ݁أଫଐض ਵਦدم درد
༥1ڎاݿب.»

1Translation: “Someone who defends this government can
never understand the pain of the protesting people; our worlds

This sentence clearly separates us from them and
presents the groups as unable to understand each
other, but they do not directly insult each other. In
contrast, a hate-oriented sentence might be:

ؕᆇᅹ ༥؇݁أ۬ از ࣖ࣎؇ً و ۱ފྥٷڎ ܔټچࠕࠨ آدم ۱؇ی «݁أଫଐض ۱؇
2ނިࢾࣖ.»

Here, a group is directly attacked, which turns the
statement into hateful or abusive content.

While significant progress has been made in
detecting polarization in high-resource languages
like English (Juvino Santos et al., 2025), low-
resource and mid-resource languages such as Per-
sian remain understudied despite having large, po-
litically active online communities. This gap repre-
sents a critical limitation: millions of Farsi speak-
ing users express polarized views on Twitter, Insta-
gram, and other platforms regarding politics, reli-
gion, women’s rights, and social issues. Yet, tools
to systematically detect and analyze this polariza-
tion remain largely unavailable. The recent ex-
pansion of the POLAR dataset to include Persian
(Naseem et al., 2025) presents an opportunity to
evaluate polarization detection models for this lan-
guage.

This paper presents the first comprehensive
benchmark for the detection and categorization of
Persian polarization in both binary and multilabel
settings. We investigate four key research ques-
tions. First, to what extent does fine-tuning im-
prove performance compared to pretrained mod-
els? This question examines whether domain-
specific training substantially enhances model ca-
pabilities. Second, how do monolingual (specifi-
cally pretrained for Persian) models compare with
multilingual models on Persian polarization detec-
tion and categorization? Third, does cross-lingual
transfer from models trained on languages such as
Arabic and Turkish, which are spoken in countries
are completely separate.”

2Translation: “The protesters are filthy people and should
be cleared away from society.”
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with some level of cultural similarity, outperform
transfer from the culturally distant English lan-
guage? Fourth, how well are LLMs for both binary
polarization detection and multilabel polarization-
type classification?

In the rest of this paper, we first review related
works in Section 2. Section 3 and Section 4 present
the datasets used in our study, the models em-
ployed, and the experimental setup and results. Fi-
nally, Section 5 outlines the limitations and direc-
tions for future work, and Section 6 concludes the
paper.

2 Related Work

Polarization detection has emerged as an impor-
tant research area in Natural Language Process-
ing (NLP), particularly given its implications for
understanding online discourse and social dynam-
ics. Early work focused primarily on English-
language contexts, examining ideological expres-
sion in political debates and social media (Kubin
and Von Sikorski, 2021; Hohmann et al., 2023;
Kreiss and McGregor, 2024). (Naseem et al.,
2025) introduced POLAR, the largest multilingual
polarization benchmark with more than 23,000 in-
stances across 7 languages, including multi-level
annotations for binary detection, type classifica-
tion, and manifestation identification. The dataset
addresses a critical gap in multilingual NLP by pro-
viding balanced coverage of diverse languages and
social phenomena related to political, ethnic, reli-
gious, and gender-based polarization. The recent
expansion of the POLAR framework includes a
Persian dataset, offering an unprecedented oppor-
tunity to evaluate polarization detection models for
low and mid-resource languages.

Persian NLP has seen growing attention, partic-
ularly in toxic language detection, hate speech de-
tection, and offensive language identification. A
foundational contribution to Persian hate speech re-
search is the PHATE dataset (Delbari et al., 2024),
which consists of over 7,000 manually-annotated
Persian tweets with multi-label hate speech an-
notations. What distinguishes PHATE from pre-
vious Persian datasets is its inclusion of annota-
tors’ explanations that justify each hate speech la-
bel alongside information about targeted groups.
This enriched annotation approach facilitates not
only supervised classification but also research on
model interpretability. The dataset encompasses
a hierarchical multi-label structure with three sub-

categories: violence, vulgarity, and hate. (Ke-
briaei et al., 2023) contributed to Persian offen-
sive language detection research by constructing
a large-scale 38,000-tweet corpus using keyword-
based data selection techniques combined with
crowdsourced annotations and a curated Persian
insulting lexicon. This dataset represents one
of the largest openly available resources for Per-
sian harmful language detection and demonstrates
the feasibility of scaling Persian offensive lan-
guage annotation. The study employed both clas-
sical machine learning approaches and modern
transformer-based models to establish baselines
on this dataset. Their work shows that Persian-
specific models outperform multilingual alterna-
tives, reinforcing the importance of language-
specific pre-training for this task.

Cross-lingual transfer has proven effective for
many NLP tasks. Recent work by (Bokaei et al.,
2025) provides particularly relevant insights for
cross-lingual transfer learning in Persian toxic lan-
guage detection. In their comprehensive study on
the PHATE dataset, they investigated the role of
cultural context in transfer learning effectiveness.
Critically, they found that transfer from languages
originating from culturally similar countries (Ara-
bic, Indonesian) yields significantly better results
than transfer from culturally distant yet resource-
rich languages like English.

However, the focus of prior work on toxic lan-
guage and hate speech detection has left polariza-
tion detection, a distinct phenomenon with differ-
ent manifestations and social implications, largely
unexplored in Persian.

3 Experimental Plan
We structure our experimental plan around the fol-
lowing research questions on Persian polarization
detection and polarization categorization:

• RQ1: Does fine-tuning on Persian polariza-
tion data improve performance compared to
using pretrained models alone? Which fine-
tuned model outperforms the others among
monolingual and multilingual models?

• RQ2: How do Persian-specific monolingual
models compare with multilingual models?

• RQ3: Does cross-lingual transfer from cul-
turally related languages, such as Arabic and
Turkish, outperform transfer from culturally
distant languages such as English?

51



Table 1: Dataset statistics for polarization detection and category classification. For Persian, values are averages
over 5 CV folds with 80% for training and 20% test (10% of training data is considered as validation dataset).
Samples can belong to multiple categories.

Polarization Detection Category Classification
Language Split Total Non-Polarized Polarized Political Racial Religious Gender Other

Persian
Train 2,372 632 1,740 1,043 58 229 142 574
Validation 264 70 194 116 6 25 16 64
Test 659 171 488 289 16 63 39 160

English Train 2,676 1,674 1,002 996 264 106 67 121
Turkish Train 2,364 1,209 1,155 1,057 400 360 113 114
Arabic Train 3,379 1,868 1,511 780 583 283 369 565

• RQ4: Are zero-shot LLMs performing bet-
ter than transformer-based models in both
binary polarization detection and multilabel
polarization-type classification?

Polarization Detection We first examine
whether a given text contains polarizing content.
Each sample is assigned a binary label indicating
the presence (1) or absence (0) of polarization.
This setting reflects a common real-world scenario
in which systems must distinguish polarized
discourse from neutral content before any further
analysis.

Polarization Categorization We then study a
more fine-grained setting that focuses on identify-
ing the types of polarization expressed in a text.
Each sample is evaluated independently across five
dimensions: Political, Racial/Ethnic, Religious,
Gender/Sexual, and Other. The Other category
captures content that does not fall into the prede-
fined categories. Since multiple forms of polar-
ization can co-occur within the same text, this is
formulated as a multi-label classification problem.
For example, gender-related polarization may over-
lap with religious arguments, which makes this set-
ting more challenging than binary detection.

Dataset Overview We use POLAR dataset
(Naseem et al., 2025) for both polarization detec-
tion and categorization tasks. Table 1 presents
dataset statistics across Persian, English, Turk-
ish, and Arabic languages. It is shown that the
dataset is highly imbalanced among labels, and
models need to tackle this challenge. Figure 1
presents the sentence length distribution across dif-
ferent languages. Word counts range from an aver-
age of 11 words in English to 22 words in Turk-
ish, while character counts vary more, from 70

characters (English) to 172 characters (Turkish).
This difference in character/word count reflects the
distinct morphological properties of different lan-
guages. Persian exhibits a unique pattern where
non-polarized content is longer compared to po-
larized content. In contrast, English, Turkish, and
Arabic show the opposite trend, with polarized con-
tent being longer than non-polarized content.

Model Selection We evaluate ten transformer-
based models, grouped into monolingual Persian
models and multilingual models. This design
allows us to directly compare language-specific
pretraining with multilingual representations and
to analyze their strengths and limitations for Per-
sian polarization analysis. In addition, we in-
clude two zero-shot LLM baselines, Gemini-2.5
flash lite (Google Cloud) and GPT-5 nano (Ope-
nAI) to assess how instruction-tuned LLMs per-
form without task-specific training. Table 2 shows
all transformer-based models and their categories
used in this study.

Monolingual Persian Models We include four
models that are pretrained exclusively on Per-
sian data. These models are expected to capture
Persian-specific syntax, vocabulary, and discourse
patterns more effectively than multilingual models.

ParsBERT is a BERT-style encoder pretrained
on a large and diverse Persian corpus and has
shown strong performance across multiple Persian
NLP tasks (Farahani et al., 2021). ALBERT-fa is
a lightweight alternative based on ALBERT, pre-
trained on billions of Persian tokens, and is in-
cluded to study the trade-off between model size
and performance (Farahani, 2022). RoBERTa-fa
follows the RoBERTa training strategy adapted to
Persian, enabling us to examine the impact of more
aggressive pretraining compared to standard BERT
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Figure 1: Comparison of sentence length distributions between non-polarized and polarized data across four lan-
guages. The top row shows word count distributions, while the bottom row displays character count distributions.
Each language is represented with a distinct color scheme: Persian (red), English (blue), Turkish (green), and Ara-
bic (orange), with lighter shades for non-polarized content and darker shades for polarized content. Numbers in
small red boxes are median and numbers in small blue boxes are mean.

(HooshvareLab, 2021b). DistilBERT-fa applies
knowledge distillation to produce a smaller and
faster Persian model while retaining much of the
representational power of BERT (HooshvareLab,
2021a).

These models have been widely used and shown
strong performance in related classification and
representation learning tasks, making them ideal
candidates for polarization analysis.

Multilingual Models We also evaluate six multi-
lingual models that differ in architecture, pretrain-
ing objectives, and cross-lingual design. These
models enable us to assess how well multilingual
representations transfer to Persian and how archi-
tectural choices affect polarization detection.

mBERT is the original multilingual BERT
model trained on Wikipedia data from over 100
languages and serves as a strong baseline for mul-
tilingual transfer (Devlin et al., 2019). XLM-
R extends mBERT by using larger and more di-
verse training data and is widely regarded as a
strong multilingual encoder (Conneau et al., 2020).
InfoXLM builds upon XLM-R by incorporating
information-theoretic objectives and parallel data,
making it particularly suitable for cross-lingual
transfer scenarios (Chi et al., 2021). RemBERT
revisits multilingual embedding design and rebal-
ances pretraining data across languages, achiev-

ing strong performance on cross-lingual bench-
marks (Chung et al., 2020). mDeBERTaV3 en-
hances cross-lingual generalization through disen-
tangled attention and ELECTRA-style pretraining
(Replaced Token Detection), which is particularly
effective in low-resource settings (He et al., 2023).
Finally, LaBSE is included as a sentence-level en-
coder trained with translation-ranking objectives,
allowing us to study how language-agnostic sen-
tence representations perform compared to token-
level encoders (Feng et al., 2022).

Large Language Models Gemini-2.5 flash lite
is a cost and latency optimized Gemini 2.5 model
designed for high throughput with multimodal in-
put support. GPT-5 nano is the fastest and most
cost efficient GPT-5 variant, aimed at high volume
workloads like classification and summarization,
with text (and image) inputs and text outputs.

Overall, this selection is based on POLAR
benchmark and covers a diverse range of model
sizes, architectures, and pretraining strategies.

Training Configuration We performed 5-fold
crosss-validation with 72-8-20 splits for training,
validation, and test. For cross-lingual training, we
used a 90-10 split of the source language data for
training and validation, then evaluated the trained
models on all 5 Persian test folds to assess cross-
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Table 2: Overview of models evaluated in this study. The Cross-lingual column indicates if the model was fine-tuned
on other languages (English, Turkish, Arabic, and Turkish+Arabic) in addition to Persian. In total, we evaluate 10
pretrained models, 10 finetuned models on Persian, and 24 cross-lingual models.

Model Family Size Pretrained Models Fine-tuned Models on Persian Cross-lingual
Multilingual Models
mBERT 178M mBERT mBERT-fa ✓
XLM-RoBERTa 278M XLM-R XLM-R-fa ✓
RemBERT 575M RemBERT RemBERT-fa ✓
mDeBERTa 278M mDeBERTa mDeBERTa-fa ✓
InfoXLM 270M InfoXLM InfoXLM-fa ✓
LaBSE 471M LaBSE LaBSE-fa ✓
Monolingual (Persian) Models
ParsBERT 118M ParsBERT ParsBERT-fa –

ALBERT 12M ALBERT-fa ALBERT-fa-ft –

DistilBERT 66M DistilBERT-fa DistilBERT-fa-ft –

RoBERTa 125M RoBERTa-fa RoBERTa-fa-ft –

lingual transfer capabilities. It is important to note
that samples can belong to multiple polarization
categories simultaneously, as reflected in the over-
lapping category counts shown in Table 1.

All models were fine-tuned with early stopping
(patience=5) based on validation performance,
with a maximum of 50 training epochs. We used
the AdamW optimizer with a learning rate of 2 ×
10−5, a batch size of 32, and a maximum se-
quence length of 128 tokens. We also applied class
weights during training to address label imbalance.
Binary cross-entropy loss was used to handle the
multi-label nature of categorization task. 3

For both binary polarization detection and multi-
label categorization, we use the weighted F1 score
as the primary evaluation metric, which provides
a balanced measure of precision and recall. It ac-
counts for class imbalance by weighting each cat-
egory’s F1 score by its number of true instances,
making it more suitable for datasets with varying
category frequencies.

4 Results and Analysis
4 In this section, we present the results and address
our research questions. Figure 2 compares pre-
trained vs finetuned models’ performance on two

3The source code is available at https://github.com/
dsaeedeh/Polarization_Detection

4When evaluated on the official SemEval 2026 Task 9
blind test set, our fine-tuned system achieved highly compet-
itive results. Specifically, our submission ranked 7th among
44 systems in the first subtask (XLM-RoBERTa model), and
14th among 27 in the second (ParsBERT model).

related but distinct tasks: detecting whether con-
tent is polarized (binary classification), identify-
ing which specific categories it belongs to (multi-
label classification). The evaluation indicates that
fine-tuning is essential for both tasks. While pre-
trained models struggle, fine-tuned models achieve
strong results, with the best models reaching 82.7%
and 77.9% F1 scores, respectively (RQ1). Also,
different models excel at different tasks; category
identification is inherently more difficult than po-
larization detection, with all models showing a
consistent performance gap between the two tasks.
RoBERTa-fa performs best at detecting polariza-
tion (82.7%), while LaBSE-fa leads in identifying
specific categories (77.9%) (RQ1). Monolingual
models outperform multilingual models in polar-
ization detection. This suggests that for simpler
settings such as binary classification, monolingual
models are sufficient and well suited to the task
(RQ2).

Figure 3 examines whether models trained on
polarized content in other languages can detect po-
larization in Persian without ever seeing Persian
training examples. We trained models on English,
Arabic, Turkish, and combinations of Arabic and
Turkish languages, then tested them on Persian
data. The results show that cross-lingual transfer
works remarkably well. For binary polarization de-
tection, training on English data produces the best
results, with XLM-R achieving 71.5% weighted F1
on Persian test data. This is impressive consider-
ing the model never saw any Persian examples dur-
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Figure 2: Performance comparison between transformer baselines and zero-shot LLMs for polarization detection
(left chart) and categorization (right chart). The plots show that fine-tuning consistently improves performance over
pretrained models, while zero-shot LLMs provide strong training-free baselines. Identifying specific categories re-
mains more challenging than detecting whether content is polarized. All bars report 5-fold cross-validation averages,
and LLM results are computed by aggregating predictions across folds.

ing training. For multilabel category classification,
combining Turkish and Arabic training data yields
the best transfer performance at 71.9% weighted
F1 using RemBERT (RQ3).

Different models show varying cross-lingual ca-
pabilities. XLM-R and RemBERT consistently
perform well across different source languages,
while other models show more variability. Inter-
estingly, the performance of the ”Turkish+Arabic”
transfer model likely benefits from cultural prox-
imity. These languages share similar political dis-
course patterns, religious references, and social is-
sues with Persian, making polarization strategies
more transferable across these culturally connected
regions (RQ3). These findings show that polariza-
tion detection systems can work in new languages
without requiring labeled training data in those lan-
guages. The 71-72% weighted F1 scores achieved
through cross-lingual transfer fall midway between
pretrained (37-53%) and fully fine-tuned models
(78-83%), offering a practical middle ground when
labeled data is scarce.

Figure 4 presents the best performing models for
each of the three approaches we evaluated. For bi-
nary polarization detection, the results show a clear
advantage for fine-tuning. RoBERTa-fa achieves

the highest performance at 82.7% when fine-tuned
on Persian data. Among pretrained models, Rem-
BERT performs best at 64.9%. Cross-lingual trans-
fer using XLM-R trained on English data achieves
71.5% weighted F1, falling between pretrained and
fine-tuned approaches. Turning to multi-label cat-
egory classification, LaBSE proves to be the supe-
rior model, achieving a weighted F1 of 77.9% after
fine-tuning. In the pretrained setting, mDeBERTa
demonstrates the strongest capability, reaching
53.0%, though a significant gap remains between
the fine-tuned and pretrained baselines. Finally,
cross-lingual transfer from ”Turkish+Arabic” lan-
guages using RemBERT yields 71.9%. This pat-
tern can be further understood by examining the
cross-lingual category confusion heatmap (see Fig-
ure 5). The heatmap reveals that models trained
on Turkish and Arabic languages transfer more ac-
curately across culturally salient categories such
as Political and Religious, where discourse pat-
terns and topical content are regionally shared with
Persian. In contrast, English-trained models ex-
hibit higher confusion, particularly misclassifying
Religious, Gender/Sexual, and Political categories.
This suggests that the English models lack expo-
sure to the specific cultural and thematic nuances
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Figure 3: Cross-lingual transfer learning results showing how models trained on other languages perform when
tested on Persian. Different colored bars represent training on English, Arabic, Turkish, or Turkish and Arabic data
together. For binary polarization detection (left), English training data works best, with XLM-R reaching 71.5% F1.
For multi-label categorization (right), Turkish and Arabic combined training achieves 71.9% F1 using RemBERT.

Figure 4: Best performing models for each approach. Each bar shows the top model from three approaches: pre-
trained, fine-tuned on Persian data, and cross-lingual transfer for binary polarization detection (left) and multi-label
category classification (right).

present in Middle Eastern contexts, leading to
more frequent misclassifications in categories that
are less prominent or differently framed in Western
discourse. These findings support the hypothesis
that cultural proximity, reflected in shared regional
issues and discourse, enhances cross-lingual trans-
fer for fine-grained category classification.

In addition to these transformer-based baselines,
we evaluated two zero-shot LLMs, gemini-2.5-
flash-lite and gpt-5-nano (Figure 2. For binary po-
larization detection, gemini-2.5-flash-lite reaches
71.9% weighted F1 and gpt-5-nano reaches 71.0%,
placing them close to the cross-lingual transfer re-
sult with English-trained XLM-R. This indicates
that zero-shot LLMs can provide a strong training-
free alternative for polarization detection, outper-
forming the best pretrained transformer baseline
(RemBERT), but still falling notably short of the
best fine-tuned model (RoBERTa-fa)(RQ4).

Turning to multi-label category classification,
gpt-5-nano achieves 70.3% weighted F1, approach-

ing the culturally proximate transfer result and sub-
stantially outperforming the pretrained baseline,
while gemini-2.5-flash-lite reaches 62.1%, improv-
ing over pretrained transformers but remaining
clearly below cross-lingual transfer and fine-tuning
models (RQ4).

These results highlight four key findings: First,
fine-tuning consistently yields the best perfor-
mance for both tasks, improving over pretrained
models by 27-47% relative. Second, cross-lingual
transfer is particularly effective for multi-label clas-
sification, closing most of the gap between pre-
trained and fine-tuned approaches. Third, two
zero-shot LLMs provide strong training-free base-
lines: they outperform the best pretrained trans-
formers, though both remain below fine-tuning.
Last, different models excel at different tasks and
approaches: RoBERTa-fa dominates binary clas-
sification when fine-tuned, while LaBSE leads in
multi-label classification, and RemBERT shows
strong cross-lingual transfer capabilities.

56



Figure 5: Cross-lingual category confusion matrix comparing best models trained on English, Turkish, Arabic, and
Turkish+Arabic. The heatmap highlights that Turkish+Arabic models achieve lower confusion and higher accuracy
in culturally salient categories (Political, Religious), while English-trained models more frequently misclassify
these categories, especially as Other or Political, reflecting the impact of cultural proximity on fine-grained polar-
ization classification.

5 Limitations

While our study provides comprehensive insights
into polarization detection across multiple ap-
proaches, several limitations should be acknowl-
edged. Our evaluation focuses on Persian as the
primary target language, with cross-lingual exper-
iments on English, Arabic, and Turkish. Expand-
ing to additional languages, particularly those from
different language families and cultural contexts,
would strengthen claims about cross-lingual trans-
ferability. Despite strong gains from fine-tuning,
there remains room for improvement, especially
for multi-label categorization. Our zero-shot LLM
evaluation is limited to two models and a specific
prompt setup; performance may vary with prompt-
ing strategies, decoding choices, and model ver-
sions, and we do not study robustness to such fac-
tors. In future work, we plan to extend the LLM
setting to few-shot and to develop explainability

methods to better understand which linguistic and
cultural cues models rely on when detecting polar-
ization across languages.

6 Conclusion

This study benchmarks polarization detection in
Persian social media through binary classification
(polarized vs. non-polarized) and multi-label cat-
egorization (specific polarization types). To com-
pare performance across different learning stages,
we tested 10 transformer models under pretrained,
fine-tuned, and cross-lingual transfer settings and
2 zero-shot LLMs (gemini-2.5-flash-lite and gpt-5-
nano), totaling 46 model instances. Fine-tuning
achieves the best results, reaching 82.7% F1 for
binary detection and 77.9% weighted F1 for cat-
egorization. When labeled data is unavailable,
cross-lingual transfer provides a practical alterna-
tive, achieving 71-72% F1 and performing particu-
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larly well for multi-label categorization when trans-
ferring from culturally related languages (Turk-
ish+Arabic). Zero-shot LLMs offer a complemen-
tary training-free baseline. They are competitive
for binary detection and, for categorization. Over-
all, these findings show that effective polariza-
tion detection is possible in low and mid-resource
languages, either through fine-tuning when data
is available or through culturally informed cross-
lingual transfer and strong zero-shot LLM base-
lines when data is scarce.
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Abstract
Despite recent advances in automatic web reg-
ister (genre) labeling and its applications to
web-scale datasets and LLM development, the
effectiveness of these tools for digitally low-
resource languages remains unclear. This
study introduces ParsCORE, the first large-
scale collection of Persian web registers (gen-
res), and evaluates deep learning models for
register classification and keyword analysis
across major registers. Using 2,000 human-
annotated documents, the models achieved a
micro F1-score of 0.76. The findings provide a
foundation for future research on the linguistic
and cultural specificities of Persian registers.

1 Introduction
Register, sometimes referred to as genre, denotes
text classes such as news articles, advertisements,
and how-to pages (Biber, 1988; Biber and Conrad,
2019). Registers are defined based on the relation-
ship between the typical linguistic features of a text
and its situational context. Recently, register has
also been reconceptualized as a cultural construct,
highlighting the need to understand the specifici-
ties of the communicative context in the modeling
of registers (Biber and Egbert, 2023).

Recent advances in web register and web genre
identification have resulted in reliable register iden-
tification tools (Lepekhin and Sharoff, 2021; Kuz-
man and Ljubešić, 2023; Henriksson et al., 2024)
that can be used to add register metadata to Web
datasets such as HPLT (Burchell et al., 2025).
This substantially improves the usability of such
datasets. In line with FineWeb-Edu (Lozhkov
et al., 2024), register information provides an ef-
fective mechanism for web data sampling, includ-
ing the selection of documents for LLM train-
ing (Myntti et al., 2025). Additionally, register-
labeled web datasets offer unprecedented possibil-
ities for linguistics, with particular relevance for
lower-resourced and minority languages.

Existing register and genre identification tools
have demonstrated significant multilingual capac-
ities (Henriksson et al., 2024; Repo et al., 2021;
Lepekhin and Sharoff, 2021; Kuzman et al., 2023).
However, these tools are largely based on Euro-
pean languages, such as English, Finnish, and
Slovenian, with other languages represented only
in small evaluation examples. The characteris-
tics of online registers and their variation in non-
European languages still remain largely unknown.
In this paper, we target this lack by presenting re-
sources for examining Web registers in Persian.

We present ParsCORE v0.1, the first large-scale
manually annotated corpus of web registers in Per-
sian. ParsCORE targets the entire unrestrictedweb,
following the annotation standards established in
theMultilingual CORECorpora (Henriksson et al.,
2024; Erten-Johansson et al., 2024; Skantsi and
Laippala, 2023). These standards define a hierar-
chical register scheme of 9 main and 14 subregister
classes. This provides a solid basis for both auto-
matic web register identification and the linguistic
analysis of language use online. In this paper, we
present the corpus compilation process, its regis-
ter distribution, and the linguistic characteristics of
the registers using text dispersion keyness (Egbert
and Biber, 2018). Finally, we report initial exper-
iments applying the corpus for automatic register
identification. The ParsCORE, codes, and results
are available on GitHub.

2 Related Work

Web registers (or genres) have been studied in
many corpora (see Kuzman and Ljubešić 2023 for
a survey). Notably, the Corpus of Online Regis-
ters of English (CORE) (Biber and Egbert, 2018)
was the first to target the full unrestricted web
rather than predetermined categories. CORE’s
data-driven annotation scheme allows hybrid docu-
ments to be assigned multiple registers simultane-
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ously (Biber et al., 2020, 2015). This design ad-
dresses challenges posed by the unrestricted web,
where many documents combine features of sev-
eral registers.

Despite the general underrepresentation of dig-
itally low-resource languages, several web reg-
ister corpora have been developed for such lan-
guages. Examples include GINCO, a web genre
corpus for Slovenian (Kuzman et al., 2022), the
Finnish Corpus of Online Registers (Skantsi and
Laippala, 2023), the Turkish web register corpus
(Erten, 2023), and Swedish and French web regis-
ters (Hellström et al., 2025). Multilingual CORE
(Henriksson et al., 2024) extended this line of work
by applying the CORE taxonomy across 16 lan-
guages, integrating several language-specific re-
sources. Similarly, Sharoff (2018) proposed the
Functional Text Dimensions (FTD) approach. This
method models texts by their similarity to func-
tional prototypes to enable analysis of hybrid doc-
uments and varying degrees of register specificity
in five languages.

Keyword analysis—used here to examine Per-
sian registers (Section 5.1)—is a corpus-linguistic
method for identifying distinctive features of a
text collection (Scott, 1997; Bondi, 2010; Culpeper
and Demmen, 2015). We apply the dispersion-
based method (Egbert and Biber, 2018), which
identifies vocabulary distributed across documents
rather than concentrated in a few outliers (Gries,
2021; Sönning, 2023). Previous cross-linguistic
studies demonstrate that register variation can in-
volve language-specific grammatical features, such
as honorificmarking in Korean (Biber, 1995). Reg-
ister variation can also reflect culturally specific
features, such as the strategic use of a perfec-
tive suffix in Turkish (Erten, 2023). Hellström
et al. (2025) showed that cross-linguistic diver-
gences often arise from grammatical realizations
and register-specific traits. These findings high-
light the importance of cross-linguistic register
analysis. The present study contributes a Persian
perspective.

Recent studies show strong performance on auto-
matic register identification using manually anno-
tated corpora. Henriksson et al. (2024) reported a
micro F1 of 79% on the Multilingual CORE. This
performance is obtained using multi-label classifi-
cation with 25 registers and outperforms previous
approaches such as Kuzman et al. (2022). Their
results show that multilingual training benefits lan-
guages and register classes with limited data. Kuz-

man et al. (2022) reported a micro F1 of 78%
on twelve genre classes aligned with the CORE
schema using XLM-R (Conneau et al., 2020). In
a cross-lingual experiment, they trained models
on machine-translated English versions of GINCO
and evaluated them on CORE texts, achieving a
micro F1 of 63%. Kuzman et al. (2023) further
examined different annotation schemes, including
CORE, FTD (Sharoff, 2018), and GINCO. The
best performance was achieved on the X GENRE
dataset, which integrates all three corpora into nine
classes. Using XLM-RBase with single-label clas-
sification, the model reached a micro F1 of 80%.

Building on this work, the present study focuses
on Persian, a digitally low-resource language lack-
ing extensive web register data and multi-label
models. The Multilingual CORE (Henriksson
et al., 2024) contains only 69 Persian instances. In
contrast, our study presents a larger Persian web
register corpus and implements multi-label classi-
fication, representing an initial step toward large-
scale multilingual register analysis that incorpo-
rates Persian.

Narrative NA 359 | 569
News report, Sports report, Narrative blog,

Other narrative
Opinion OP 149 | 353

Review, Opinion blog, Advice, Denomina-
tional religious blog / sermon, Other opinion
Informational Description IN 251 | 439

Description of a thing or a person, Research
article, Encyclopedia article, FAQ, Legal terms
and conditions, Other Informational descrip-
tion
Interactive Discussion ID 43 | 190
How-to HI 35 | 146

Recipe, Other how-to
Informational Persuasion IP 287 | 438

Description with intent to sell, News & opin-
ion blog or editorial, Other informational per-
suasion
Lyrical LY 28 | 199
Spoken SP 12 | 153

Interview, Other spoken
Machine Translated MT 20 | 32

Table 1: Main registers and sub-registers with the num-
ber of documents before and after upsampling.
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3 Data

We employed a randomized 2,000-document sam-
ple from the Persian portion of HPLT 3.0, a large-
scale web-crawled monolingual dataset covering
198 languages and drawing on both general web
content and internet archives. It contains approx-
imately 3.3 petabytes of so-called “wide crawls”
from the Internet Archive, covering the period
from 2012 to 2020 and 57 full snapshots fromCom-
mon Crawl spanning 2014 to 2025. Together, these
sources contribute to a total volume of about 7.2
petabytes of raw web archive data. The Persian
section of HPLT 3.0 contains 124.02M documents,
and a MinHash-based global near-deduplication is
implemented. Moreover, HPLT 3.0 provides au-
tomatic register annotations for Persian, assigning
each document a confidence score between 0.0
and 1.0 for each register. We chose HPLT over
raw Common Crawl data because it is cleaned and
deduplicated, yielding less noisy and more reliable
text for register analysis. The register annotations
reported here apply only to the specific sample
used in this study.

The sample is human-annotated based on the hi-
erarchical CORE register scheme. The definition
is available at the annotation guidelines, and the
abbreviations are presented in Table 7 (Appendix).
The annotation followed a two-step procedure, in
which documents were first accepted or rejected
and then assigned register labels. A total of 700
documents were rejected during annotation. The
purpose of rejection was to restrict register anno-
tation to full, coherent texts. Documents were re-
jected if they (1) consisted mainly of headline-style
fragments, lists, download pages, or captions; (2)
contained fewer than two complete sentences or
lacked coherent text; (3) were dominated by boiler-
plate or ‘junk’ content; (4) were poorly extracted,
not in the target language; or (5) consisted mostly
of special characters or numbers.

As a document might have multiple registers,
a multi-label tagging approach was taken with a
holistic perspective. The proportion of a register
across the whole document has been considered for
the multi-label tagging. A hybrid document could
be in multiple forms. One type is a single coher-
ent document about a topic that has multiple reg-
isters. Another is a document consisting of short
paragraphs about different topics or different as-
pects of a topic that are united.

In addition to register labels, a separate “Tags”

column is defined for metadata. For accepted docu-
ments, this column can be empty, “OTHLI” (code-
switching to other languages such as English or
Arabic), or “FINGLISH” (Persian transliterated
in the Latin alphabet). Rejected documents are
tagged as “JNK” (junk), “MLPT” (more than three
main registers), or “OTHL” (text in another lan-
guage).

“MLPT” texts are longer sections where coher-
ence may be lacking, and the register can shift,
sometimes including more than three distinct reg-
isters. “JNK”texts are short, headline-like sen-
tences that, while complete, cannot establish a reg-
ister. Although texts with excessive main registers
may still be suitable for next-token prediction tasks,
they do not constitute coherent register instances
and were therefore excluded from register anno-
tation. Examples of the most frequent Tags are
presented in Table 2. Figure 1 shows the propor-
tion of tags within each main register, highlighting
that code-switching varies across registers. Code-
switching is less frequent in the Narrative regis-
ter, but more common inHow-to and Informational
Persuasion.

In the first batch of 1,100 randomly extracted in-
stances fromHPLT3, we observed a highly skewed
class distribution, with some main registers occur-
ring fewer than 100 times.. To address this imbal-
ance, we applied an upsampling strategy. URLs of
rejected texts were excluded from further sampling,
and a minimum of 145 instances was set for under-
represented register classes. To reach this thresh-
old, we selected instances from HPLT3 with au-
tomatic labeling confidence between 0.2 and 0.4.
These scores fall below the 0.4 confidence thresh-
old established in Burchell et al. (2025) and were
intended to target difficult cases for manual anno-
tation. Table 1 presents the hierarchical register
schema along with instance counts from random
sampling and after upsampling; hybrid documents
were counted multiple times, once for each register
they contain.

4 Methods

4.1 Keyness
In this section, we focus on how keyness was cal-
culated for the registers in our corpus. We use the
term “token” rather than “word” because text was
segmented by whitespace rather than processed us-
ing a linguistically informed tokenization method.
Considering the nature of the Persian writing sys-
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Translation Text TAG
[ … ]Crowdedness, reason for not bury-
ing Morteza Pashaei
Ali Daei’s resemblance to the Holly-
wood actor + Photo
The Asian champion peddling on the
street[ … ]

مرتضی دفن عدم عامل جمعیت ازدحام
پاشایی

+ هالیود بازیگر با دایی علی شباهت
عکس

خیاباندستفروشی کنار در آسیا قهرمان
کند می

JNK

Puffer fish contain a toxin called
tetrodotoxin, which is 1,200 timesmore
deadly to humans than cyanide[ … ]
It’s not fair that in this big city, you are
the proverbial needle in a haystack.
Three days ago, after making the nec-
essary plans, Persepolis Club sent this
program to the representatives of the
Milan Stars team, and [ … ]

نام به سمی حاوی کننده پف ماهی
1200 انسانها برای که است تتراتوکسین
باشد... می سیانور سم از تر کشنده بار

دَرنَدَشت شهرِ این در كه نباشد انِصاف
باشی. تو کاه در سوزن المثل ضرب

از پس پيش روز سه پرسپوليس باشگاه
براي را برنامه اين لازم هاي ريزي برنامه
کرد ارسال ميلان ستارگان تيم نمايندگان

و...

MLPT

[ … ]The rotation speed of this hard
drive is 7200 revolutions per minute
(RPM) and uses a high-speed SATA
III interface with a speed of 6 Gbps for
data transfer.
-Memory: 2 TB
-Size: 3.5 inch
-Connection: SATA 3.0

7200 درایو هارد این چرخش ...سرعت
رابط از و بوده (RPM) دقیقه در دور
6 سرعت با SATAIII پرسرعت
اطلاعات انتقال برای ثانیه، بر گیگابیت

برد می بهره
-Memory: 2 TB
-Size: 3.5 inch
-Connection: SATA 3.0

OTHLI

Table 2: Tags Examples.

Figure 1: Distribution of Tags on registers

tem, where letters may be concatenated or written
separately depending on orthographic conventions,
certain elements (e.g., the present tense marker
(”می“ may appear as independent tokens, and a sin-

gle word may be split across multiple tokens. For
each token, both document frequency and term fre-
quency were calculated. Tokens were then ranked
according to their log likelihood (G2) scores to
identify most distinctive vocabulary of each regis-
ter.

4.2 Register labeling
Since web documents frequently exhibit character-
istics of multiple registers, we formulate register
identification as a multi-label classification task.

Automatic register labeling was performed us-
ing XLM-RLarge (Conneau et al., 2020) and BGE-
M3 (Chen et al., 2024), with maximum input se-
quence lengths of 512 and 1024 tokens, respec-
tively. These models were selected for two main
reasons. First, XLM-R Large has been shown
to achieve state-of-the-art performance in multilin-
gual web register identification, consistently out-
performing monolingual and smaller multilingual
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models across a wide range of languages and exper-
imental settings (Henriksson et al., 2024). Second,
XLM-R Large and BGE-M3 provide strong multi-
lingual representations. In addition, BGE-M3 was
included for its longer context window (up to 8,192
tokens), which is particularly important for register
classification, as register cues may be distributed
across extended document spans rather than con-
centrated locally.

We evaluated the models under four training and
evaluation settings:

1. Monolingual: trained and evaluated on Per-
sian.

2. Multilingual-1: trained on a mixture of Per-
sian and Multilingual CORE, evaluated on
Persian.

3. Multilingual-2: trained and evaluated on a
mixture of Persian and Multilingual CORE.

4. Zero-Shot: trained on Multilingual CORE
and evaluated on Persian.

The data was split for training and evaluation.
In the Persian-only setting, 70% of the data was
used for training, while the remaining 30% was re-
served for evaluation purposes and model tuning.
In the zero-shot setting, 80% of the data was allo-
cated for training. For the Multilingual-1 setting
(see Section 4.2), the full multi-CORE corpus was
combined with 50% of the Persian data for train-
ing, with the remaining Persian data used for eval-
uation. In the Multilingual-2 setting, 90% of the
multi-CORE corpus was combined with 50% of
the Persian data for training, and the remaining
data was held out for evaluation.

Model optimization was carried out using
Bayesian hyperparameter optimization with
the Optuna default optimizer, which is the
Tree-structured Parzen Estimator (TPE) sam-
pler. Continuous hyperparameters were sampled
from predefined ranges, including the learning
rate

[
5× 10−6, 3× 10−5

]
on a logarithmic

scale, weight decay [0.0, 0.1], and warmup ratio
[0.0, 0.15]. Discrete hyperparameters included
batch size 4, 8 and gradient accumulation steps
4, 8. The maximum number of training epochs
was set to 10.

Register Translation Keyword Keyness
NA_ne Report گزارش 109.884
NA_ne Added افزود 103.847
NA_ne He/She وی 82.510
NA_ne Deputy معاون 81.432
NA_ne Reporter خبرنگار 79.825
NA_ne Head of/Boss رئیس 69.856
NA_ne Specify/State تصریح 66.140
NA_ne Minister وزیر 64.012
NA_ne (X) Council شورای 56.164
NA_ne Ministry وزارت 53.543
IP_ds Product محصول 76.842
IP_ds Comments/Opinions دیدگاهی 50.065
IP_ds Products محصولات 40.0852
IP_ds Specifications مشخصات 37.653
IP_ds Capability/Capable قابلیت 33.982
IP_ds Product کالا 29.970
IP_ds Dimensions ابعاد 29.370
IP_ds Material جنس 29.200
IP_ds Frame/Body بدنه 28.821
IP_ds Warranty ضمانت 28.375
IP_oe Download دانلد 138.783
IP_oe (Down)Load لوڈ 138.783
IP_oe Download داونلود 138.783
IP_oe Download ddl 138.783
IP_oe Down(load) ڈاؤن 138.783
IP_oe Download donload 138.783
IP_oe usnet usnet 138.783
IP_oe Download nhkgn 138.783
IP_oe Download danload 138.783
IP_oe uznet یوزنت 138.783
IN_dtp Qajar قاجار 20.471
IN_dtp 1080p 1080p 19.778
IN_dtp Herbert هربرت 19.778
IN_dtp Jordan اردن 17.191
IN_dtp It has been شدهاست 15.560
IN_dtp Architecture معماری 14.793
IN_dtp Fame شهرت 13.412
IN_dtp 2020 2020 13.363
IN_dtp (X) Studio استودیوی 13.363
IN_dtp Small stick (Gillidanda) پیل 13.199
OP_av Benefits فواید 39.407
OP_av Hormonal هورمونی 33.001
OP_av Don’t نکنید 31.440
OP_av Avoid اجتناب 30.996
OP_av Fat چربی 30.0467
OP_av Diabetes دیابت 29.656
OP_av Body بدن 29.259
OP_av Do/Give دهید 27.824
OP_av Inflammatory التهابی 24.363
OP_av You can بتوانید 23.874

Table 3: 10 top keywords from the five highest-
percentage registers

5 Evaluation

5.1 Keyness
Table 3 presents the top ten keywords for the most
frequent registers in our data: News, Description
with Intent to Sell, Other Informational Persuasion
(which broadly persuades but lacks characteristics
of any more specific register), Description of a
Thing or Person, and Advice. These registers were
selected for analysis based on their frequency; the
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top 20 registers are presented in Table 4, showing
that hybrids are less common. The full distribu-
tion of registers is available in the Appendix, Ta-
ble 8. The results exhibit a long-tail distribution,
in which primary registers account for most doc-
uments, while diverse hybrid combinations occur
less frequently.

Register Percentage
- 14.95%
NA_ne 10.46%
IP_ds 5.80%
IP_oe 4.15%
IN_dtp 3.70%
OP_av 3.05%
LY 3.00%
NA_on 2.90%
SP_os 2.30%
SP_it 1.65%
MT 1.55%
IN_ra 1.35%
NA_nb 1.35%
ID 1.30%
NA_sr 1.20%
LY+ID 1.10%
IN_dtp+OP_av 1.00%
IP_ds+IN_fi 0.90%
NA_on+LY 0.85
IN_oi 0.85%

Table 4: Distribution of registers.

In the “News” register, most keywords are nouns
related to administration and governance, a pat-
tern also observed for Turkish (Erten, 2023). In
contrast to findings for Turkish and French (Hell-
ström et al., 2025), our analysis did not identify
past-tense verbs as salient keywords. This absence
may be due to tokenization issues in Persian, where
verb constructions can be split into multiple tokens
by spaces or half-spaces. For example, the noun
”گزارش“ (‘report’) becomes a verb in the construc-
tion کرد“ ”گزارش (‘reported’), which may prevent
such forms from being captured as single verbal
units in keyword analysis. Additionally, the pro-
noun ,”وی“ equivalent to “he” or “she”, is charac-
teristic of narrative usage, where it is commonly
employed in recounting events. The same charac-
teristic of the Narrative register occurs in English,
concerning recounting events (Biber and Egbert,
2018).

In the ”Description with the intention to sell”

class, a product or a service is described, with the
purpose of selling and overt marketing. The key-
words include nouns related to products or their fea-
tures, such as ”جنس“ {‘Material’}, ”ابعاد” {‘Di-
mensions’ }, and ””مشخصات“ {‘specifications’}.
Unlike English product descriptions, which tend to
make extensive use of adjectives and evaluative lan-
guage (Biber and Egbert, 2018), Persian tends to-
ward noun repetition, despite the grammatical pos-
sibility of noun-adjective modification.

The “Other informational persuasion” register
is characterized by frequent occurrences of the
word “download”, either as a single token or split
according to orthographic conventions, and con-
tains the highest proportion of non-Persian tokens.
The token “nhkgn” represents the Persian word for
“download” typed with a Persian keyboard while
the input language remains English, a practice
common on software distribution websites. Sim-
ilarly, “usnet” and “uznet” are alternative translit-
erations of ,”یوزنت“ a broadband service provider.

In the “Description of a thing or a person” reg-
ister, proper names such as Qajar, Jordan, and
Herbert appear among the keywords. Some items
point to Persian-specific historical or cultural ref-
erences. For example, “Qajar” refers to a formerly
aristocratic Iranian dynasty that ruled Iran from
1789 to 1925, while “Jordan” reflects the long,
complex historical relationship between Iran and
Jordan, dating back to the Achaemenid Empire ac-
cording to Wikipedia. The word ”پیل“ denotes
the “Gilli” in the traditional game Gillidanda پیل“
,”دسته also known as دولک“ .”الک

Other tokens likely reflect sampling random-
ness rather than register-specific properties. For
instance, “Herbert” appears in reference to multi-
ple entities, including Herbert Le Porrier, Herbert
Hoover, and the Herbert Berghof Studio. Similarly,
tokens such as “1080p” and “2020” typically indi-
cate video resolution or production year, reflecting
broader media-description conventions rather than
Persian-specific features.

In the “Advice” register, which is based on opin-
ions that suggest actions to solve a particular prob-
lem, keywords are primarily health-related nouns,
content-focused and topic-driven, rather than nar-
rative. At the same time, the relatively high diver-
sity of verbs reflects the directive nature of the ad-
vice register, where actions and recommendations
are foregrounded, often through imperative forms
(e.g., negative imperatives such as “don’t”). More-
over, lexical borrowing with phonological adapta-
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tion has happened to health-related nouns, for in-
stance, like “Hormonal” and “Diabetes”, instead
of writing them in English, and in contrast with the
“Informational Persuasion” category.

It is essential to note that the symbol (X) in Ta-
ble 3 marks the presence of the suffix ,ی which
allows a word to function as a head noun and take
dependents such as adjectives or nouns. However,
this only happens when a word ends with a vowel,
such as ”شورا“ {“Council”}, while for other words
like ”وزارت“ {“Ministry”} that end with a conso-
nant, adding a {/e/} vowel at the end of the word
will do the same. Moreover, in the Persian orthog-
raphy of Iran, writing vowels {/æ/}, {/e/}, and {/o/}
is omitted. Therefore, it cannot be generalized that
using head nouns that take dependents is much fre-
quent in a specific register by just looking at sepa-
rate words.

Taken together, the analysis reveals both fea-
tures that align with patterns reported for other lan-
guages and keywords that reflect language-specific
characteristics of Persian. This highlights the need
for language-specific approaches for modeling reg-
isters.

5.2 Register labeling

Model(max_lenght) Setting F1 Score(µ)
XLM-R (512) Monolingual 0.72
XLM-R (512) Multilingual-1 0.75
XLM-R (512) Multilingual-2 0.75
XLM-R (512) Zero-shot 0.76
bge-m3 (1024) Monolingual 0.74
bge-m3 (1024) Multilingual-1 0.75
bge-m3 (1024) Multilingual-2 0.75
bge-m3 (1024) Zero-shot 0.76

Table 5: Model performances.

We assess model performance using micro F1,
computed by aggregating true positives, false pos-
itives, and false negatives across all labels before
calculating precision and recall. In a multi-label
setting with imbalanced class distributions, micro
F1 is well-suited as a performance measure, as
it weights labels proportionally to their frequency
and reflects the model’s effectiveness across all in-
dividual label decisions. The results of the auto-
matic register labeling are presented in Table 5.
The multilingual and zero-shot settings achieved
comparable performance, with micro F1 scores
close to 0.75. The multilingual training improved

model performance, with the monolingual Persian-
only model achieving 0.72 micro F1.

In addition to the overall micro F1 score, the
classification report in Table 6 shows that perfor-
mance varies substantially across registers. Fre-
quent and well-represented registers (e.g., NA,
IP) achieve higher F1 scores, while sparse reg-
isters (e.g., ed, en, lt) show lower performance.
Among the main registers, NA (F1 = 0.84), SP
(F1 = 0.92), and IP (F1 = 0.74) show a relatively
balanced precision–recall trade-off, indicating sta-
ble performance for these categories. In contrast,
other main registers exhibit larger discrepancies
between precision and recall, suggesting less con-
sistent detection. General performance on sub-
registers is weaker and more variable. Subregis-
ter classes such as ds (F1 = 0.82) and ne (F1 =
0.85) achieve comparatively strong results with a
balanced precision–recall trade-off. However, sev-
eral low-resource subregisters show low F1 scores
and large precision–recall imbalances. In several
low-support classes, high precision but low recall
suggests themodelmakes conservative predictions,
reflecting the difficulty of learning reliable deci-
sion boundaries in amulti-label setting. Results for
classes with very limited support are less reliable
and further highlight the difficulty of fine-grained
subregister classification under data-sparse condi-
tions. Therefore, additional and cleaner data might
be required to achieve better performance.

Previously, Henriksson et al. (2024) reported a
best average micro F1 of 0.77 across all languages
(0.79 on main labels) using XLM-R, XLMR-XL,
and BGE-M3 (2048 tokens) in the multilingual set-
ting. However, the multilingual CORE dataset is
approximately ten times larger than the Persian cor-
pus, and Persian may exhibit distinctive linguistic
features. Moreover, even among the best models in
Henriksson et al. (2024), performance varies sub-
stantially across languages, with micro F1 scores
ranging from 0.72 to 0.81 (Table 3).

In addition, based on manual analysis, many in-
stances in our Persian sample from HPLT3 con-
tained noisy content, such as irrelevant page tags
generated for search engine indexing, short click-
able links to other pages, and brief advertising texts.
This noise may have hindered model learning and
introduced confusion, even when longer context
windows were used.
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class precision recall f1-score support
HI 0.59 0.83 0.69 35
ID 0.80 0.68 0.74 47
IN 0.68 0.62 0.65 110
IP 0.73 0.76 0.74 111
LY 0.87 0.94 0.90 50
MT 1.00 0.33 0.50 9
NA 0.84 0.85 0.84 139
OP 0.62 0.49 0.55 87
SP 0.92 0.92 0.92 38
av 0.65 0.54 0.59 37
ds 0.80 0.85 0.82 52
dtp 0.69 0.39 0.50 74
ed 0.50 0.27 0.35 11
en 0.00 0.00 0.00 3
fi 1.00 0.45 0.62 11
it 0.88 0.79 0.83 19
lt 0.50 0.33 0.40 3
nb 0.87 0.76 0.81 17
ne 0.86 0.85 0.85 78
ob 0.60 0.25 0.35 12
ra 0.83 0.62 0.71 8
re 0.71 1.00 0.83 5
rs 0.67 0.25 0.36 16
rv 1.00 0.62 0.77 8
sr 0.89 0.80 0.84 10

Table 6: Classification report

6 Conclusion

This study addresses a notable gap in register-
based research by focusing on Persian, a digi-
tally low-resource language that has so far been
underrepresented in large-scale web register cor-
pora and multilingual register identification efforts.
By combining manual annotation with computa-
tional modeling, the work contributes both empir-
ical data and methodological insights relevant to
cross-linguistic register analysis. We presented
ParsCORE, the first large-scale, human-annotated
corpus of Persian web registers, and evaluated reg-
ister identification models under three different set-
tings as an initial step toward automatic identifi-
cation. In addition, we conducted keyword anal-
ysis across major registers. The results show
that model performance is comparable to that re-
ported for digitally high-resource languages. How-
ever, additional data is required, and further in-
vestigation is needed to identify potential linguis-
tic and cultural specificities of Persian registers.
The keyness analysis provides insights into differ-
ences across registers and categories. The manu-
ally annotated dataset and the model optimization
pipeline are publicly available on GitHub. Taken
together, ParsCORE provides a foundation for fu-
ture research on Persian web registers, including
the development of more robust multi-label mod-
els, improved handling of morphologically com-

plex constructions, and broader cross-lingual com-
parisons involving both high- and low-resource lan-
guages.

Limitations and further work

Regarding inter-annotator agreement, this study
follows the taxonomy and annotation schema estab-
lished in prior work to ensure methodological con-
sistency. Rather than conducting full parallel an-
notation, only challenging or ambiguous instances
were discussedwith experts who had previously ap-
plied this framework to other languages. This ap-
proach was adopted due to the difficulty of identify-
ing experts with specific experience in Persian reg-
ister variation who are also available and willing to
perform manual annotation. Consequently, formal
inter-annotator agreement measures were not cal-
culated. Another limitation is that only the begin-
nings of documents (512 or 1024 tokens) were used
due to token constraints. Future research should
explore the use of document endings, combined
beginning–end segments, and alternative window-
ing approaches.

Future studies could apply clustering methods to
the semantic embeddings of classified documents
in order to elucidate register relationships and to
qualitatively investigate both correctly classified
and misclassified documents (Santini, 2005; Gries,
2021). Moreover, keyness analysis was limited to
the top 10 keywords for the five most frequent reg-
isters. Future work could extend this analysis to
include all registers and a larger set of keywords,
providing a more comprehensive view of register-
specific lexical patterns across the corpus.
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A Appendix

Narrative NA
News report ne
Sports report sr
Narrative blog nb
Other narrative on

Opinion OP
Review rv
Opinion blog ob
Advice av
Denominational religious blog / sermon rs
Other opinion oo

Informational Description IN
Description of a thing or a person dtp
Research article ra
Encyclopedia article en
FAQ fi
Legal terms and conditions lt
Other Informational description oi

Interactive Discussion ID
How-to HI

Recipe, Other how-to
Informational Persuasion IP

Description with intent to sell ds
News & opinion blog or editorial ed
Other informational persuasion oe

Lyrical LY
Spoken SP

Interview it
Other spoken os

Machine Translated MT
Tags

Junk JNK
Other language included OTHLI
Other language OTHL

Table 7: Registers abbreviation
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Table 8: Distribution of registers

Register Count Percentage Tag Tag Count Tag Percentage
- 173 8.65% JNK 173 57.86%
- 125 6.25% MLPT 125 41.81%
- 1 0.05% OTHL 1 0.33%
NA_ne 209 10.46% OTHLI 40 19.14%
IP_ds 116 5.80% OTHLI 84 72.41%
IP_oe 83 4.15% OTHLI 67 80.72%
IN_dtp 74 3.70% OTHLI 43 58.11%
OP_av 61 3.05% OTHLI 20 32.79%
LY 60 3.00% OTHLI 18 30.00%
NA_on 58 2.90% OTHLI 16 27.59%
SP_os 46 2.30% OTHLI 3 6.52%
SP_it 33 1.65% OTHLI 4 12.12%
MT 31 1.55% OTHLI 22 70.97%
IN_ra 27 1.35% OTHLI 13 48.15%
NA_nb 27 1.35% OTHLI 1 3.70%
ID 26 1.30% OTHLI 14 53.85%
NA_sr 24 1.20% OTHLI 4 16.67%
LY+ID 22 1.10% OTHLI 2 9.09%
IN_dtp+OP_av 20 1.00% OTHLI 8 40.00%
IP_ds+IN_fi 18 0.90% OTHLI 14 77.78%
NA_on+LY 17 0.85% OTHLI 2 11.76%
IN_oi 17 0.85% OTHLI 5 29.41%
OP_ob 16 0.80% OTHLI 5 31.25%
IP_oe+LY 16 0.80% OTHLI 15 93.75%
OP_oo 14 0.70% OTHLI 2 14.29%
NA_ne+IN_dtp 14 0.70% OTHLI 5 35.71%
IP_oe+HI_oh 14 0.70% OTHLI 14 100.00%
IP_ds+ID 13 0.65% OTHLI 9 69.23%
HI_oh 13 0.65% OTHLI 12 92.31%
IN_dtp+HI_oh 13 0.65% OTHLI 11 84.62%
IP_ed 13 0.65% OTHLI 3 23.08%
IN_dtp+LY 13 0.65% OTHLI 4 30.77%
IN_dtp+ID 12 0.60% OTHLI 5 41.67%
HI_re 11 0.55% OTHLI 1 9.09%
IP_oe+ID 11 0.55% OTHLI 9 81.82%
IP_ds+HI_oh 10 0.50% OTHLI 7 70.00%
NA_nb+LY 10 0.50% OTHLI 2 20.00%
OP_rs 9 0.45% OTHLI 3 33.33%
LY+IN_dtp 9 0.45% OTHLI 1 11.11%
IP_ds+IN_dtp 9 0.45% OTHLI 6 66.67%
OP_av+ID 9 0.45% OTHLI 4 44.44%
HI_oh+ID 9 0.45% OTHLI 8 88.89%
NA_ne+IN_oi 8 0.40% OTHLI 3 37.50%
NA_ne+OP_rs 8 0.40% OTHLI 2 25.00%
NA_on+OP_oo 8 0.40% OTHLI 4 50.00%
OP_rv 8 0.40% OTHLI 4 50.00%
IN_dtp+IP_ds 7 0.35% OTHLI 6 85.71%
IN_dtp+OP_rs 7 0.35% OTHLI 3 42.86%
IP_oe+IN_dtp 7 0.35% OTHLI 3 42.86%
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Register Count Percentage Tag Tag Count Tag Percentage
SP_os+OP_rs 7 0.35% OTHLI 2 28.57%
IN_en 7 0.35% OTHLI 5 71.43%
NA_ne+IP_ed 6 0.30% OTHLI 3 50.00%
NA_on+OP_av 6 0.30% OTHLI 4 66.67%
NA_on+IN_dtp 6 0.30% OTHLI 4 66.67%
IN_dtp+NA_on 6 0.30% OTHLI 1 16.67%
OP_ob+ID 6 0.30% OTHLI 2 33.33%
IN_dtp+IP_oe 6 0.30% OTHLI 5 83.33%
NA_ne+OP_av 5 0.25% OTHLI 2 40.00%
IN_dtp+OP_rv 5 0.25% OTHLI 4 80.00%
NA_nb+NA_on 5 0.25% OTHLI 1 20.00%
NA_ne+SP_it 5 0.25% OTHLI 2 40.00%
NA_ne+OP_oo 5 0.25% OTHLI 2 40.00%
IP_ed+SP_it 5 0.25% OTHLI 1 20.00%
IN_dtp+OP_ob 4 0.20% OTHLI 3 75.00%
NA_on+SP_it 4 0.20% OTHLI 2 50.00%
LY+OP_rs 4 0.20% OTHLI 2 50.00%
OP_av+IP_oe 4 0.20% OTHLI 2 50.00%
NA_nb+OP_rs 4 0.20% OTHLI 1 25.00%
OP_av+HI_oh 4 0.20% OTHLI 2 50.00%
NA_on+OP_rs 4 0.20% OTHLI 2 50.00%
HI_oh+IN_dtp 4 0.20% OTHLI 3 75.00%
IP_oe+NA_sr 4 0.20% OTHLI 4 100.00%
IN_oi+OP_av 3 0.15% OTHLI 2 66.67%
NA_nb+OP_oo 3 0.15% OTHLI 1 33.33%
LY+HI_oh 3 0.15% OTHLI 3 100.00%
IP_oe+SP_it 3 0.15% OTHLI 2 66.67%
IP_ed+ID 3 0.15% OTHLI 1 33.33%
IN_oi+ID 3 0.15% OTHLI 1 33.33%
IN_dtp+HI_oh+ID 3 0.15% OTHLI 3 100.00%
OP_oo+ID 3 0.15% OTHLI 1 33.33%
NA_nb+ID 3 0.15% OTHLI 1 33.33%
HI_oh+IN_oi 3 0.15% OTHLI 1 33.33%
IN_dtp+SP_os 3 0.15% OTHLI 2 66.67%
IN_dtp+HI_oh+OP_av 3 0.15% OTHLI 3 100.00%
OP_av+HI_re 3 0.15% OTHLI 3 100.00%
IP_oe+NA_ne 3 0.15% OTHLI 2 66.67%
IP_ds+NA_on 2 0.10% OTHLI 1 50.00%
IN_dtp+IN_lt 2 0.10% OTHLI 1 50.00%
ID+IN_dtp+OP_av 2 0.10% OTHLI 1 50.00%
IN_oi+IP_oe 2 0.10% OTHLI 1 50.00%
OP_rv+NA_on 2 0.10% OTHLI 1 50.00%
NA_on+IP_oe 2 0.10% OTHLI 2 100.00%
IP_ds+OP_av 2 0.10% OTHLI 1 50.00%
OP_rs+LY 2 0.10% OTHLI 1 50.00%
IP_ds+LY 2 0.10% OTHLI 1 50.00%
IP_ds+OP_rv+ID 2 0.10% OTHLI 1 50.00%
IN_fi 2 0.10% OTHLI 1 50.00%
NA_on+ID 2 0.10% OTHLI 1 50.00%
IP_oe+IN_oi+HI_oh 2 0.10% OTHLI 1 50.00%
IP_ds+IN_oi 2 0.10% OTHLI 1 50.00%
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Register Count Percentage Tag Tag Count Tag Percentage
IP_ds+HI_re 2 0.10% OTHLI 2 100.00%
IP_ds+HI_oh+ID 2 0.10% OTHLI 2 100.00%
OP_oo+HI_oh 2 0.10% OTHLI 2 100.00%
IP_oe+HI_oh+ID 2 0.10% OTHLI 2 100.00%
IN_fi+IP_ds 2 0.10% OTHLI 2 100.00%
IP_ds+IN_en 2 0.10% OTHLI 1 50.00%
IN_dtp+NA_ne 2 0.10% OTHLI 1 50.00%
IP_ds+IP_oe 2 0.10% OTHLI 1 50.00%
OP_av+IN_dtp 2 0.10% OTHLI 1 50.00%
OP_ob+NA_ne 2 0.10% OTHLI 1 50.00%
NA_sr+IP_oe 2 0.10% OTHLI 1 50.00%
NA_ne+IP_oe 2 0.10% OTHLI 2 100.00%
IN_ra+IP_ds 1 0.05% OTHLI 1 100.00%
OP_av+OP_rs 1 0.05% OTHLI 1 100.00%
SP_os+OP_rs+IN_dtp 1 0.05% OTHLI 1 100.00%
IN_dtp+IN_fi+IP_ds 1 0.05% OTHLI 1 100.00%
NA_ne+IN_lt 1 0.05% OTHLI 1 100.00%
SP_it+OP_oo 1 0.05% OTHLI 1 100.00%
NA_on+IN_dtp+OP_oo 1 0.05% OTHLI 1 100.00%
NA_on+LY+NA_nb 1 0.05% OTHLI 1 100.00%
OP_av+OP_oo 1 0.05% OTHLI 1 100.00%
NA_nb+NA_on+OP_ob 1 0.05% OTHLI 1 100.00%
OP_oo+NA_on 1 0.05% OTHLI 1 100.00%
LY+HI_oh+IP_oe 1 0.05% OTHLI 1 100.00%
OP_rv+LY+ID 1 0.05% OTHLI 1 100.00%
HI_oh+IP_oe+LY 1 0.05% OTHLI 1 100.00%
IN_dtp+IP_ds+LY 1 0.05% OTHLI 1 100.00%
IN_en+ID 1 0.05% OTHLI 1 100.00%
IN_oi+ID+HI_oh 1 0.05% OTHLI 1 100.00%
IN_dtp+ID+OP_rv 1 0.05% OTHLI 1 100.00%
NA_nb+HI_oh+ID 1 0.05% OTHLI 1 100.00%
IP_oe+IN_dtp+ID 1 0.05% OTHLI 1 100.00%
ID+OP_rs 1 0.05% OTHLI 1 100.00%
NA_nb+OP_oo+ID 1 0.05% OTHLI 1 100.00%
OP_rs+IN_oi+ID 1 0.05% OTHLI 1 100.00%
ID+IN_oi+OP_oo 1 0.05% OTHLI 1 100.00%
IP_ds+ID+OP_rv 1 0.05% OTHLI 1 100.00%
HI_oh+OP_av 1 0.05% OTHLI 1 100.00%
NA_ne+SP_os+OP_oo 1 0.05% OTHLI 1 100.00%
OP_av+NA_ne 1 0.05% OTHLI 1 100.00%
NA_nb+SP_it+IN_dtp 1 0.05% OTHLI 1 100.00%
OP_rs+SP_os 1 0.05% OTHLI 1 100.00%
SP_os+IP_ds 1 0.05% OTHLI 1 100.00%
HI_oh+ID+IN_dtp 1 0.05% OTHLI 1 100.00%
IN_oi+HI_oh 1 0.05% OTHLI 1 100.00%
IN_fi+HI_oh+IP_oe+NA_ne 1 0.05% OTHLI 1 100.00%
IN_fi+HI_oh 1 0.05% OTHLI 1 100.00%
IP_oe+HI_oh+IN_oi 1 0.05% OTHLI 1 100.00%
IN_fi+HI_oh+ID 1 0.05% OTHLI 1 100.00%
IN_dtp+IP_oe+HI_oh 1 0.05% OTHLI 1 100.00%
NA_on+HI_oh 1 0.05% OTHLI 1 100.00%
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HI_re+IN_dtp 1 0.05% OTHLI 1 100.00%
IP_ds+IN_dtp+ID 1 0.05% OTHLI 1 100.00%
IN_dtp+OP_av+HI_re 1 0.05% OTHLI 1 100.00%
HI_oh+IN_dtp+IN_fi 1 0.05% OTHLI 1 100.00%
NA_nb+HI_re+IP_oe 1 0.05% OTHLI 1 100.00%
IN_dtp+IN_fi+HI_oh+ID 1 0.05% OTHLI 1 100.00%
NA_on+IN_oi+HI_oh+ID 1 0.05% OTHLI 1 100.00%
HI_oh+IN_fi+ID 1 0.05% OTHLI 1 100.00%
OP_ob+HI_oh 1 0.05% OTHLI 1 100.00%
IN_dtp+HI_oh+IP_ds 1 0.05% OTHLI 1 100.00%
OP_av+IN_dtp+LY 1 0.05% OTHLI 1 100.00%
NA_ne+IN_dtp+ID 1 0.05% OTHLI 1 100.00%
IN_dtp+IN_lt+NA_ne 1 0.05% OTHLI 1 100.00%
NA_ne+IN_oi+OP_oo 1 0.05% OTHLI 1 100.00%
NA_ne+IN_dtp+OP_oo 1 0.05% OTHLI 1 100.00%
NA_ne+OP_ob 1 0.05% OTHLI 1 100.00%
IN_ra+IP_oe 1 0.05% OTHLI 1 100.00%
IP_ds+OP_rs 1 0.05% OTHLI 1 100.00%
IN_ra+HI_oh 1 0.05% OTHLI 1 100.00%
OP_rs+IN_dtp 1 0.05% OTHLI 1 100.00%
OP_rs+NA_nb 1 0.05% OTHLI 1 100.00%
OP_rv+ID 1 0.05% OTHLI 1 100.00%
OP_av+NA_on 1 0.05% OTHLI 1 100.00%
IP_oe+OP_rv 1 0.05% OTHLI 1 100.00%
ID+HI_oh 1 0.05% OTHLI 1 100.00%
NA_ne+OP_rs+HI_oh 1 0.05% OTHLI 1 100.00%
OP_av+HI_oh+IP_oe 1 0.05% OTHLI 1 100.00%
NA_nb+OP_av 1 0.05% OTHLI 1 100.00%
NA_on+IP_ds+IN_dtp 1 0.05% OTHLI 1 100.00%
IP_ds+MT 1 0.05% OTHLI 1 100.00%
IP_ed+OP_rs 1 0.05% OTHLI 1 100.00%
OP_rs+OP_ob 1 0.05% OTHLI 1 100.00%
IP_ds+OP_rv 1 0.05% OTHLI 1 100.00%
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Abstract

Mathematical reasoning captures fundamental
aspects of human cognitive ability. Although
recent advances in LLMs have led to substan-
tial improvements in automated mathematical
problem solving, most existing benchmarks
remain focused on English. As a result, ro-
bust mathematical reasoning remains a chal-
lenging and insufficiently explored capability
for underrepresented languages including Per-
sian. To address this gap, we introduce PMWP,
the first dataset of 15K elementary-level Per-
sian math word problems that supports both
supervised training and evaluation of reasoning
models. By expanding mathematical reasoning
resources beyond English, PMWP contributes
to the development of multilingual AI systems
with stronger reasoning capabilities. In this
work, we conduct a systematic evaluation of
the Persian math word problem solving capa-
bilities of different state-of-the-art LLMs. Our
results indicate that DeepSeek-V3 exhibits re-
duced language bias when problem texts are
translated into English, while Gemini-2.5-Flash
achieves the highest equation value accuracy
(72.02%) in Persian. In addition, we investigate
parameter-efficient adaptation for equation gen-
eration by applying LoRA-based fine-tuning to
LLaMA-3-8B and Qwen-2.5-7B. Our results
show that, following fine-tuning, these open-
weight models achieve 91.65% and 92.53%
exact equation match accuracy, respectively.
Overall, our findings provide insights into the
comparative strengths and limitations of propri-
etary and open-weight models for mathematical
reasoning in Persian.

1 Introduction

Math Word Problem (MWP) solving can be defined
as a Question Answering task in which a problem
description includes quantitative information along-
side a related question. In many cases, particularly
in algebraic word problems, the question concerns
an unknown variable that must be computed us-

English Text:
Nikoo invited 10 people to her birthday party.
They each ate 8 pieces of pizza. How many
pieces of pizza did they eat in total?
Equation: x = 10× 8 Answer: 80

Table 1: An English translated example of a math word
problem from the PMWP dataset.

ing the information in the problem statement. A
solver system must therefore either compute the
final numerical answer directly or generate a mathe-
matical equation that leads to the correct numerical
answer. As such, MWP solving requires a combi-
nation of natural language understanding, numeri-
cal reasoning, and symbolic manipulation, making
it an especially desirable capability for large lan-
guage models (LLMs). An example of an MWP is
shown in Table 1.

Recent models have demonstrated substantial
improvements on mathematical reasoning bench-
marks. GPT-4 (OpenAI, 2023) achieves over 92%
accuracy on grade-school mathematics problems in
GSM8K (Cobbe et al., 2021) when using chain-of-
thought prompting (Wei et al., 2023), reflecting no-
table progress in both linguistic understanding and
logical reasoning. Despite these advances, mathe-
matical reasoning remains unevenly studied across
languages. While numerous benchmark datasets
have been developed to assess mathematical reason-
ing capabilities, most are limited to English (Patel
et al., 2021; Miao et al., 2020; Koncel-Kedziorski
et al., 2016). A small number of datasets have been
introduced for other languages, including Chinese
(Wang et al., 2017; Zhao et al., 2020; Qin et al.,
2021), as well as Bangla (Prama et al., 2025), and
Romanian (Cosma et al., 2025).

In contrast, despite the widespread use of LLMs
by Persian speaking communities, particularly for
educational purposes, mathematical reasoning in
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Persian remains largely unexplored. The exist-
ing resources (Abaskohi et al., 2024) are designed
solely for evaluation and provide no training data,
limiting their usefulness for robust model develop-
ment and systematic analysis.

To address this gap, we introduce the PMWP
dataset, consisting of 15,588 elementary school-
level MWPs annotated with their corresponding
equations and numerical answers. PMWP is the
first Persian benchmark with training, development,
and test splits, enabling both model training and
systematic evaluation. Two key characteristics of
a high-quality MWP dataset are scale, measured
by the number of problems, and diversity, reflected
in vocabulary size. However, previous work has
shown that models can often achieve high accu-
racy by exploiting shallow heuristics rather than
genuine reasoning (Patel et al., 2021). To mitigate
this issue, we apply data augmentation techniques
that treat each quantitative component of a problem
as a variable that can be recomputed under differ-
ent conditions (Kumar et al., 2022). This design
encourages models to rely less on memorized pat-
terns and more on underlying reasoning processes.
Moreover, it enables the same problem structure to
be assessed from multiple perspectives, providing
a more robust evaluation of the ability to reason
mathematically.

Finally, we evaluated the performance of sev-
eral widely used LLMs, including both commer-
cial API-based models and open-weight models,
on the PMWP dataset. This evaluation provides
insights into the current capabilities and limitations
of state-of-the-art LLMs for mathematical reason-
ing in Persian, and allows us to analyze language
bias toward English in both answer prediction and
equation generation settings. Our contributions are
summarized as follows:

• We introduce PMWP, the first dataset for Per-
sian MWP solving, designed for solving prob-
lems through equation generation and reason-
ing evaluation, with standardized training, val-
idation, and test splits.

• We provide a systematic evaluation of popular
open-weight and proprietary LLMs, including
DeepSeek-V3, Gemini-2.5-Flash, and GPT-
4o, on mathematical reasoning in Persian, and
analyze language bias toward English for both
answer prediction and equation generation.

• We study parameter-efficient adaptation of

open-weight LLMs, including Llama-3-8B
and Qwen-2.5-7B, using LoRA for Persian
MWP solving through equation generation.

• The dataset and fine-tuned models are pub-
licly available1 to support future research on
mathematical reasoning in Persian.

2 Related Work

Early work in this area focused on elementary-level
arithmetic problems involving single-unknown
equations, leading to foundational datasets such
as ADDSUB (Hosseini et al., 2014), SINGLEEQ

(Koncel-Kedziorski et al., 2015), and MULTI-
ARITH (Roy and Roth, 2015). These datasets estab-
lished early task formulations for mapping natural
language descriptions to linear equations and laid
the groundwork for subsequent MWP solvers in
English.

Building on these foundations, larger and more
diverse datasets were introduced to support sys-
tematic evaluation. In English, MAWPS (Koncel-
Kedziorski et al., 2016) consolidated several early
datasets into a unified benchmark. In Chinese,
MATH23K (Wang et al., 2017) marked a significant
milestone by providing over 23,000 elementary-
level MWPs with equation annotations, and has
since become a standard benchmark for equation
generation and arithmetic reasoning. Subsequent
datasets such as ASDIV (Miao et al., 2020) and
SVAMP (Patel et al., 2021) emphasized problem
diversity and robustness.

In parallel with dataset development, recent ad-
vances in LLMs have substantially improved per-
formance on mathematical reasoning tasks. Tech-
niques such as chain-of-thought prompting (Wei
et al., 2023) and equation or program generation
(Romera-Paredes et al., 2024; Imani et al., 2023)
have enabled models such as GPT-4 (OpenAI et al.,
2024) to achieve strong results on established En-
glish benchmarks. However, these evaluations re-
main largely English-centric, with Chinese datasets
serving as the primary non-English alternative.

Prior work has explored benchmarking multilin-
gual LLMs on Persian mathematical tasks, high-
lighting both the potential of large models and
their limitations in handling Persian linguistic struc-
ture and numerical reasoning (Abaskohi et al.,
2024). The existing Persian resources used in this
benchmark consist of two small evaluation-focused

1https://github.com/marzieh-abdolmaleki/PMWP
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datasets. One includes 50 multiple choice elemen-
tary level mathematics questions without contex-
tual problem descriptions, while the other contains
179 questions drawn from 7th and 10th grade en-
trance examinations and selected translations from
the MATH dataset (Hendrycks et al., 2021). De-
spite these efforts, Persian-focused studies largely
rely on small-scale evaluation sets and do not pro-
vide publicly available datasets that support super-
vised training. As a result, dataset scarcity remains
a primary bottleneck for systematic evaluation and
model adaptation in Persian.

Translation-based approaches have been pro-
posed as a low-cost alternative for expanding mul-
tilingual coverage, including automatically trans-
lated variants of GSM8K (Chen et al., 2024).
However, prior work on Persian NLP consistently
shows that naïve translation often fails to capture
language-specific structures and cultural conven-
tions that are especially important for educational
tasks (Khashabi et al., 2021). These limitations
motivate dataset construction strategies that com-
bine translation with targeted linguistic validation
and controlled augmentation. To the best of our
knowledge, no large-scale, publicly available Per-
sian MWP dataset currently exists that supports
both training and systematic evaluation. Existing
Persian resources are limited in scale and designed
solely for evaluation. In contrast, the PMWP
dataset combines machine translation from a large,
well-established benchmark (MATH23K) (Wang
et al., 2017) with structured data augmentation
that systematically reassigns the unknown variable
within each problem. All translations are revised
by Persian native speakers and culturally adapted
by modifying names, entities, and events. This
design enables scalable dataset construction while
preserving mathematical correctness and advanc-
ing research on Persian mathematical reasoning.

3 Persian MWP Dataset

In this section, we describe our methodology to
construct the Persian MWP dataset. The goal is
to collect Persian MWPs at the primary school
level so that problems are solvable via linear equa-
tions with one unknown. Linear equations can
only include the four arithmetic operators (addi-
tion, subtraction, multiplication, and division). In
this regard, machine translation (Section 3.1) and
data augmentation (Section 3.2) methods are used.

Prototype Problem
Nikoo invited 10 people to her birthday party.
They each ate 8 pieces of pizza. How many
pieces of pizza did they eat in total?
Equation: X = 10× 8 Answer: 80
Transformed Problem
Nikoo invited 10 people to her birthday party.
They each ate 8 pieces of pizza. They ate 80
pieces of pizza in total.
Equation: 80 = 10× 8

Candidate Problem 1
Nikoo invited X people to her birthday party.
They each ate 8 pieces of pizza. They ate 80
pieces of pizza in total.
Equation: X = 80÷ 8 Answer: 10
Candidate Problem 2
Nikoo invited 10 people to her birthday party.
They each ate X pieces of pizza. They ate 80
pieces of pizza in total.
Equation: X = 80÷ 10 Answer: 8
Candidate Problem 3
Nikoo invited 10 people to her birthday party.
They each ate 8 pieces of pizza. They ate X
pieces of pizza in total.
Equation: X = 10× 8 Answer: 80

Table 2: An example of the data augmentation method.

3.1 Machine Translation

We randomly sampled 8,000 Chinese mathemat-
ical word problems from the MATH23K dataset
and translated them into Persian using the Google
Translate API. We selected Chinese–Persian trans-
fer because MATH23K is a widely used bench-
mark for this task, contains problem types closely
aligned with our target domain, and provides sub-
stantially more data than English-based datasets
such as MAWPS. The translated problems were
manually reviewed and corrected when necessary
by qualified expert linguists holding master’s or
Ph.D. degrees. All reviewers were native Persian
speakers from Iran and culturally adapted the prob-
lems by modifying names, entities, and events. We
also identified and corrected incorrect or incon-
sistent equations in the original Chinese dataset.
Both the translated texts and their corresponding
equations were revised during this process. After
quality control, we retained 5,000 Persian math
word problems for our experiments.

76



3.2 Data Augmentation

To extend the dataset, we produced new problems
from the translated prototype problems taking the
following steps:

• Question sentence to informative sentence
transformation: Interrogative sentences be-
ginning with terms like "what," "how much,"
"how many", etc., undergo handwritten rule-
based transformations to incorporate an un-
known symbol "x" as informative sentences.
Then unknown symbols in both the text and
the corresponding equation are replaced with
the final answer.

• New unknown selection: after replacing the
original unknown symbol in both the text and
equation with the final answer, each existing
quantity in the equation which also appears in
the context is used as a new unknown candi-
date.

• New equation construction for the new un-
known: the altered equation is changed so
that the new unknown symbol occurs at the
left side of the equation.

Because the augmentation method is driven by ex-
isting quantities in equations, it operates without
errors. An example is provided in Table 2. While
the data augmentation method may affect vocab-
ulary diversity, generating different variations of
the same underlying MWPs helps models avoid
relying on shallow heuristics or memorizing com-
mon problem patterns. Using this approach, we
produced 10,588 new Persian MWPs.

Text
Correct 91%
Low Readability 5%
Need Correction 4%

Equation
Correct 97%
Wrong 3%

Answer
Correct 95%
Wrong 5%

Table 3: Validity results of PMWP.

To validate the quality of the dataset, expert lin-
guists revised 600 randomly chosen problems with
their corresponding final equations and answers.

As shown in Table 3, texts, equations, and final
answers in the Persian dataset yield an accuracy
of 91%, 97%, and 95%, respectively. Text evalua-
tion is divided into three categories: Correct, Low
Readability, and Need Correction. A Correct text
demonstrates a combination of natural language
fluency and sound mathematical reasoning. On
the other hand, a Low Readability text may have
accurate mathematical content but is difficult to
comprehend due to its sentence structure. Texts
that cannot be supported by mathematical reason-
ing are considered for correction. In addition, a
correct final answer must align with the question
posed in the corresponding problem text. Similarly,
a correct equation is one that accurately reflects
the mathematical principles within the correspond-
ing problem text and that yields the correct final
answer.

# of Problems 15,588
# of Tokens 522,298
# of Types 4,671
# of Equation Templates 133

Table 4: Statistical information of PMWP.

Text Equation
Min. Length 6 5
Max. Length 73 16
Avg. Length 31.8 8.2

Table 5: Token-Based statistical analysis of problem text
and equation components in PMWP. Equation tokens
include both numbers and operators.

The novel Persian MWP collection is entitled
PMWP. The statistical information of the dataset
is shown in Table 4 and Table 5. The dataset is
divided into train, test, and validation partitions, by
the ratio of 80, 10, 10, respectively.

4 Experimental Setup

In this section, we outline the experimental setup
for evaluating mathematical reasoning on the
PMWP dataset. We conduct zero-shot evaluations
to analyze the impact of input language and out-
put format on model performance, followed by
parameter-efficient fine-tuning experiments using
LoRA to assess improvements in symbolic equa-
tion generation.
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Model AnsAcc AnsAcc EqValueAcc EqValueAcc
(Persian) (English) (Persian) (English)

DeepSeek-V3 (%) 71.66 71.31 (−0.35) 70.49 69.43 (−1.06)

Gemini-2.5-Flash (%) 69.66 73.60 (+3.94) 72.02 71.43 (−0.59)

GPT-4o (%) 53.26 71.31 (+18.05) 66.49 67.78 (+1.29)

Table 6: Zero-shot performance of different models on the PMWP test set. AnsAcc denotes numeric answer
accuracy and EqValueAcc denotes value-based equation accuracy. Values in parentheses indicate the change after
translation to English.

4.1 Zero-shot Evaluation
We evaluate the zero-shot mathematical reasoning
capabilities of LLMs without any task-specific fine-
tuning or in-context examples. All experiments are
conducted on the PMWP test set, which consists
of Persian MWPs requiring the computation of a
target variable x.

To disentangle the effects of output representa-
tion and input language, we define two zero-shot
evaluation settings based on the required output for-
mat: numeric answer prediction and symbolic equa-
tion generation. Within each setting, we consider
both direct Persian input and translation-based En-
glish input. In the direct Persian setting, models
generate final answers or equations directly from
the original Persian problem. In the translation-
based English setting, each Persian problem is first
translated into English using the same model and
then solved under an English instruction. While
this setting does not isolate translation quality, it
reflects realistic end-to-end usage of LLMs as mul-
tilingual problem solvers.

Zero-shot Numeric Reasoning. In the numeri-
cal setting, models are instructed to solve the prob-
lem and output the final numerical value of the tar-
get variable. The corresponding prompt template,
translated into English, is shown below:

You are given a math word problem
involving the variable x, enclosed in
< >.

Instructions:

• Explain the reasoning steps clearly
and completely.

• All explanations must appear before
the final line.

• The output must end with exactly
one final line.

• The final line must contain only
the final numerical answer in the
following format:

x = answer

• Do not add any text, symbols,
whitespace, or punctuation after
the final line.

Problem: <problem text>

Answer:

Zero-shot Symbolic Reasoning. In the symbolic
setting, models are required to generate a sym-
bolic equation that represents the solution, without
numerically simplifying it. The prompt template,
translated into English, used in this setting is shown
below:

You are given a math word problem
involving the variable x, enclosed in
< >.

Instructions:

• Explain the reasoning steps clearly
and completely.

• All explanations must appear before
the final line.

• The output must end with exactly
one final line.

• The final line must contain only the
equation solution in the following
format:

x = equation

• Do not numerically simplify the
final equation (e.g., keep x =
10/2, not x = 5).

• Do not add any text, symbols,
whitespace, or punctuation after
the final line.

Problem: <problem text>

Equation:

Models. We conduct zero-shot evaluations using
three LLMs: DeepSeek-V3 (DeepSeek-AI et al.,
2025), GPT-4o (OpenAI et al., 2024), and Gemini-
2.5-Flash (Comanici et al., 2025). DeepSeek-
V3 is an instruction-tuned model optimized for
reasoning-intensive tasks. GPT-4o is a proprietary
general-purpose model with strong multilingual
and reasoning capabilities. Gemini-2.5-Flash is a
latency-optimized model designed for efficient in-
ference while maintaining competitive reasoning
performance. This selection allows comparison
across open and proprietary models. All models
are queried via their respective APIs using a unified
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prompting strategy and identical decoding configu-
rations to ensure fair comparison. We use greedy
decoding with temperature set to zero and do not
provide chain-of-thought exemplars. A consistent
system prompt defines the model as a mathematical
problem solver.

Model predictions are compared against the gold
annotations in the PMWP test set using comple-
mentary metrics. For numeric reasoning, we re-
port answer accuracy (AnsAcc) for both Persian
and translation-based English inputs. For symbolic
reasoning, we report value-based equation accu-
racy (EqValueAcc), which measures whether the
numerical solution obtained by solving the gener-
ated equation matches the gold answer. As shown
in Table 6, translation-based inference generally
improves numeric answer accuracy, most notably
for GPT-4o, indicating a strong sensitivity to input
language in zero-shot reasoning. GPT-4o is also
the only model that shows an improvement in equa-
tion value accuracy after translation, whereas the
performance of the other models decreases under
this setting. This observation is consistent with
prior findings that English translated prompts of-
ten yield better performance than Persian prompts
in multilingual evaluations (Abaskohi et al., 2024).
However, the improvement observed for DeepSeek-
V3 after translation is minimal, suggesting that
this model is less sensitive to input language than
the other evaluated models. This difference may
also be attributed to the models’ internal Persian-
to-English translation capabilities, as they are eval-
uated in an end-to-end setting rather than under
controlled translation conditions. Nevertheless, the
consistent performance gains in answer accuracy
observed across models indicate a systematic bias
toward English inputs. In contrast, symbolic equa-
tion generation appears to be less affected by in-
put language choice, although it remains a more
challenging task overall. For direct Persian input,
DeepSeek-V3 achieves stronger performance in
numeric answer accuracy, while Gemini-2.5-Flash
performs better in equation value accuracy, high-
lighting differences in model behavior across out-
put formats and reasoning settings.

4.2 LoRA Fine-tuning
To assess the impact of parameter-efficient adap-
tation on symbolic mathematical reasoning, we
fine-tune autoregressive language models using
Low-Rank Adaptation (LoRA) (Hu et al., 2021).
In contrast to the zero-shot setting, fine-tuning is

performed exclusively for symbolic equation gen-
eration, where the goal is to produce an explicit
equation defining the variable x.

Models. We fine-tune two open-weight autore-
gressive models: Qwen2.5-7B (Yang et al., 2024)
and LLaMA-3-8B (AI@Meta, 2024). Both mod-
els are instruction-capable causal language mod-
els with general reasoning abilities. We select
these models to evaluate the effectiveness of LoRA-
based adaptation on medium scale architectures
under limited computational budgets.

We again use the PMWP dataset with predefined
train, validation, and test splits. Each training in-
stance consists of a Persian problem statement and
its corresponding gold equation. The fine-tuning
task is formulated as conditional generation of a
symbolic equation. Given a Persian math word
problem, the model is instructed to output only the
equation that determines the value of x, without
providing explanations or numerical simplification.
All outputs are constrained to the format:

x = <equation>

This formulation directly targets structural reason-
ing and equation construction.

LoRA Configuration and Training Setup. We
apply LoRA adapters to the query, key, value, and
output projection matrices of the self-attention lay-
ers. For all experiments, we use a rank of r = 16,
scaling factor α = 32.

Models are fine-tuned using the AdamW opti-
mizer for three epochs. The effective batch size is
32. Training is performed in half-precision (FP16)
with gradient checkpointing enabled.

Metric Qwen2.5-7B LLaMA-3-8B
EqMatchAcc (%) 91.65 92.53
EqMismatch (%) 0.88 0.35
Errors (%) 7.47 7.11

Table 7: Performance comparison of Qwen2.5-7B and
LLaMA-3-8B on the PMWP test set. EqMatchAcc
denotes exact equation match accuracy. EqMismatch
refers to cases where the generated equation differs
textually from the gold equation but yields the correct
numerical result. Errors indicates the percentage of
incorrect or invalid generated equations.

Table 7 presents the performance of Qwen2.5-
7B and LLaMA-3-8B on the PMWP test set. Both
models achieve high exact equation match accu-
racy, exceeding 91%, indicating that parameter-
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efficient fine-tuning enables strong symbolic rea-
soning performance on elementary-level Per-
sian MWPs. LLaMA-3-8B slightly outperforms
Qwen2.5-7B in exact equation matching, while
both models exhibit comparable rates of errors.

5 Conclusion

We introduced PMWP, a Persian dataset for
elementary-level math word problem solving with
explicit equation annotations and standardized
training, validation, and test splits. The dataset
is constructed by translating problems from an es-
tablished benchmark and fully validating all trans-
lated instances through expert human review, fol-
lowed by structured data augmentation to increase
scale while preserving mathematical correctness.
Our zero-shot evaluation of open-source and propri-
etary LLMs reveals differing sensitivities to input
language, with symbolic equation generation show-
ing greater robustness to translation than direct an-
swer prediction. In addition, our LoRA-based fine-
tuning experiments demonstrate that open-weight
models can achieve high equation generation accu-
racy on PMWP with a limited number of trainable
parameters. Overall, this work provides a system-
atic assessment of current LLM capabilities for
mathematical reasoning in Persian and establishes
PMWP as a benchmark to support future research
in multilingual and reasoning.

Limitations

PMWP focuses on elementary-level math word
problems solvable with single-variable linear equa-
tions. This scoped design enables controlled eval-
uation of foundational mathematical reasoning in
Persian, but does not cover more advanced problem
types such as multi-variable reasoning, non-linear
equations, geometry, or probability. As a result, the
findings may not directly generalize to higher-level
mathematical reasoning tasks; however, PMWP
provides a solid foundation for future extensions
in Persian, similar to earlier studies conducted in
English.
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Abstract

The Iranic language family includes many un-
derrepresented languages and dialects that re-
main largely unexplored in modern NLP re-
search. We introduce APARSIN, a multi-
variety benchmark covering 14 Iranic lan-
guages, dialects, and accents, designed for sen-
timent analysis and machine translation. The
dataset includes both high- and low-resource
varieties, several of which are endangered, cap-
turing linguistic variation across them. We eval-
uate a set of instruction-tuned Large Language
Models (LLMs) on these tasks and analyze their
performance across the varieties. Our results
highlight substantial performance gaps between
standard Persian and other Iranic languages and
dialects, demonstrating the need for more inclu-
sive multilingual and dialectally diverse NLP
benchmarks.

1 Introduction

The Iranian plateau and its surrounding regions are
among the most linguistically diverse areas in the
world, home to numerous Iranic languages across
multiple branches of the Indo-Iranian family (Kent,
1953; Windfuhr, 2009). This linguistic richness has
emerged through centuries of cultural exchange, mi-
gration, and sustained language contact across con-
temporary Iran, Afghanistan, Pakistan, and parts of
Iraq (Witzel, 2003; Windfuhr, 2006). While widely

spoken languages such as Iranian Persian, Dari,
and Pashto serve as lingua francas and administra-
tive languages across much of the region, dozens
of smaller language varieties and dialects remain
vital to the cultural identity of millions of speak-
ers. Despite this linguistic diversity and extensive
prior work on Standard Persian (Farsi et al., 2025a;
Abaskohi et al., 2024), Iranic languages other than
Standard Persian have been severely underrepre-
sented in natural language processing (NLP) re-
search (Kamaly, 2025), especially in interpretive
tasks such as translation and sentiment analysis.

Sentiment analysis is a core area of NLP research
with applications across e-commerce, social media
monitoring, political analysis, and digital human-
ities (Liu, 2015). The widespread use of social
media platforms has generated large amounts of
opinionated text across languages worldwide, cre-
ating opportunities to study public sentiment and
language use in authentic communicative contexts
(Liu, 2022). However, despite substantial advances
in sentiment analysis, low-resource and underrepre-
sented languages continue to face significant barri-
ers, mainly due to the scarcity of annotated datasets
and the lack of standardized orthographies for wide
varieties (Joshi et al., 2020).

For Iranic languages, these challenges are par-
ticularly pronounced. Wide varieties lack stan-
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Figure 1: Approximate geographic distribution of Iranic
varieties in APARSIN. The map conveys comparative
geographic spread rather than exact boundaries, and
speaker densities and colors indicate linguistic groups.
Based on Glottolog reference points (Hammarström
et al., 2025) and generated using Glottospace (Norder
et al., 2022).

dardized writing systems (Farsi et al., 2025b) and
have historically been transmitted through oral tra-
dition. When written, they typically rely on adapted
forms of the Perso-Arabic script with varying ortho-
graphic conventions, which often result in incon-
sistency in digital text. Today, social media serves
as an important platform for written communica-
tion in these varieties and dialects, yet speakers fre-
quently code-switch between standard Persian and
local forms, adapt Persian orthography to represent
dialectal features, or use non-standard spellings.
These characteristics make sentiment analysis for
Iranic varieties particularly challenging. To the best
of our knowledge, no comprehensive benchmark
currently exists to support research in this domain.
You can find our GitHub page here.1

To address this gap, we present APARSIN 2,
the first multi-variety sentiment and translation
analysis benchmark for Iranic languages. The
dataset comprises 1,400 annotated social media

1https://github.com/SilkRoadAparsin
2Pronounced apārsin نیسراپَا . The name is adapted from

Pahlavi sources, meaning “above Simorgh’s flight range”,
where Simorgh is a legendary bird in Persian mythology (Ba-
har, 1995). The name is used descriptively to evoke the high-
land regions extending across the Hamoun Lake area (in Iran)
and the Hindu Kush.

comments across 14 Iranic languages and dialects:
Pashto, Hazaragi, Kabuli Dari, Standard Persian,
Shirazi, Khorasani, Esfahani, Yazdi, Kalhori Kur-
dish, Luri Bakhtiari, Dezfuli, Tonekaboni, Sem-
nani, and Zoroastrian Dari. The dataset represents
both major branches of the Iranian language fam-
ily (Western and Eastern Iranic) and includes both
widely spoken languages with millions of speakers
(Persian, Pashto, Kurdish) and endangered dialects
and language varieties that have received no compu-
tational attention (Semnani, Tonekaboni, Zoroas-
trian Dari). Each sample is annotated for senti-
ment polarity (positive, negative, neutral) by native
speakers and includes translations into Persian and
English as well as transliterations for cross-variety
and cross-lingual analysis. Figure 1 illustrates the
geographic distribution of the languages included
in our dataset.

Our contributions are as follows:

• We introduce APARSIN, the first sentiment
analysis benchmark covering 14 Iranic lan-
guages and dialects, consisting of 1,400 anno-
tated social media comments with correspond-
ing translations.

• Our work presents comprehensive baseline ex-
periments on language identification, machine
translation, and sentiment classification using
instruction-tuned LLMs for these underrepre-
sented dialects and language varieties.

• The dataset, annotation guidelines, and evalu-
ation code will be released publicly to support
future research on sentiment analysis and other
NLP tasks for low-resource languages.

2 Related Work

While sentiment analysis achieves high perfor-
mance for major languages, low-resource and under-
represented languages face substantial challenges
due to noisy social media text, non-standardized
orthography, and limited training data (Joshi et al.,
2020). Developing sentiment analysis resources
for such languages remains critical for supporting
their speaker communities and advancing cross-
linguistic understanding of sentiment expression.
For Iranic varieties beyond standard Persian, com-
putational resources remain severely limited. The
primary focus of existing work has been on stan-
dard Persian spoken in Iran, with several senti-
ment and emotion analysis datasets developed in re-
cent years. Notable examples include ArmanEmo
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(Mirzaee et al., 2025) and PersianEmo (Hussiny
et al., 2024) for emotion analysis, and SentiFars
(Dehkharghani, 2019) for sentiment polarity. How-
ever, these resources focus exclusively on standard
varieties and do not address the substantial linguis-
tic diversity present within the Iranian language
family. Beyond standard Persian, sentiment anal-
ysis work for other Iranic varieties is extremely
sparse. For Pashto, Kamal et al. (2016) developed
a lexicon-based system achieving 73.2% accuracy
on social media text. For Kurdish, Badawi (2023)
introduced the KMD emotional dataset for Sorani
(Central Kurdish), but other Kurdish branches, such
as Northern and Southern Kurdish, remain unad-
dressed. For Central Plateau languages (Semnani,
Zoroastrian Dari), Luri varieties, and Caspian lan-
guages like Mazandarani, no sentiment resources
exist whatsoever. Large-scale multilingual senti-
ment benchmarks provide important precedents
for our work. AfriSenti (Muhammad et al., 2023)
covers 14 African languages, and MD-ArSenTD
(Baly et al., 2017) addresses multiple Arabic di-
alects, demonstrating both the feasibility and im-
portance of creating sentiment resources for un-
derrepresented language communities. These ef-
forts highlight common challenges such as non-
standardized orthographies, limited digital corpora,
and the need for native speaker annotation. Com-
putational approaches to sentiment analysis have
also evolved alongside these dataset development
efforts. Early work was largely based on rule-based
and dictionary-based methods (Mohammad et al.,
2013; Taboada et al., 2011; Turney, 2002). Sub-
sequent research shifted toward classical machine
learning approaches that relied on manually engi-
neered features (Agarwal and Mittal, 2016; Le and
Nguyen, 2015). Advances in deep learning (Ya-
dav and Vishwakarma, 2020; Zhang et al., 2018)
and the adoption of pretrained language models
have since reshaped the field. Current state-of-the-
art systems employ multilingual pretrained models
such as XLM-R (Conneau et al., 2020) and mDe-
BERTaV3 (He et al., 2021), as well as instruction-
tuned LLMs that demonstrate strong performance
across diverse languages and domains (Zhang et al.,
2024). In this work, we evaluate several instruction-
tuned LLMs on sentiment classification, language
identification, and machine translation tasks for
Iranic varieties, providing the first comprehensive
assessment of these models’ capabilities for this
language family.

3 Dataset Overview

APARSIN includes 14 Iranic languages and dialects
that represent both major branches of the Iranian
language family: Western and Eastern Iranic. The
selected varieties cover a wide geographic range,
from the mountainous regions of Afghanistan and
Pakistan to Iran’s verdant Caspian coast, with rep-
resentation extending into Iraq. This selection in-
cludes both major languages with millions of speak-
ers (e.g., Persian, Pashto, Kurdish) and smaller,
often endangered varieties (e.g., Semnani, Tonek-
aboni, Zoroastrian Dari) that have received little
to no attention in NLP research. Despite shared
Iranic roots, these languages show substantial di-
versity, which makes them well-suited for studying
sentiment analysis across related yet distinct vari-
eties. Table 1 provides an overview of all languages
included in the dataset, their classifications, and ge-
ographic distributions. Representative examples
for each language variety are provided in Table 8
in Appendix.

3.1 Language Family

The Iranian language family, which forms the
western branch of the Indo-Iranian languages
within Indo-European, is represented in our dataset
through three Western Iranic subgroups and one
Eastern Iranic branch:

Central Plateau Iranic languages (Semnani and
Zoroastrian Dari) belong to the Northwestern Iranic
branch and are spoken in central Iran. These lan-
guages are associated with some of the longest-
standing communities of Iranic speech in the re-
gion (see Appendix A). They preserve historically
archaic features and have received little to no atten-
tion in computational research, in part due to their
smaller speaker populations.

Southwestern Iranic constitutes the largest group
in our dataset, including Persian and its regional va-
rieties (Kabuli, Hazaragi, Shirazi, and Khorasani),
Luri, Dezfuli, and Kalhori (a variety of Southern
Kurdish within the Kurdic branch). Standard Per-
sian (also known as Iranian Persian) serves as the
standard literary language and lingua franca across
much of the region.

Western Iranic (Caspian) is represented by
Tonekaboni, a Caspian variety spoken in Mazan-
daran Province that is commonly treated as distinct
from Mazandarani dialects.

Eastern Iranic is represented by Pashto, one of
the major languages of Afghanistan and Pakistan,
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Language / Variety ISO Iranic branch Region(s)

Persian (Iranian variety) pes West Iranic - Southwestern Iran
Shirazi pes West Iranic - Southwestern Southern Iran (Fars)
Yazdi pes West Iranic - Southwestern Central Iran (Yazd)
Esfahani pes West Iranic - Southwestern Isfahan
Khorasani pes West Iranic - Southwestern Northeastern Iran (Greater Khorasan)
Kabuli prs West Iranic - Southwestern Afghanistan (Kabul and surrounding areas)
Hazaragi haz West Iranic - Southwestern Afghanistan (central highlands)
Pashto pus East Iranic Afghanistan, Pakistan
Kalhori sdh West Iranic - Kurdic Western Iran (Kermanshah), Iraq (Khanaqin)
Luri Bakhtiari bqi West Iranic - Southwestern Southwestern Iran (Zagros region)
Dezfuli def West Iranic - Southwestern Southwestern Iran (Khuzestan)
Tonekaboni mzn West Iranic - Caspian Northern Iran (Caspian coast, Mazandaran)
Semnani smy West Iranic - Central Plateau Central Iran (Semnan)
Zoroastrian Dari gbz West Iranic - Central Plateau Iran (Yazd, Kerman)

Table 1: Iranic languages and dialects included in our dataset. ISO 639-3 codes are reported at the language level
(varieties without distinct ISO codes share the parent language code).

with substantial phonological and morphological
differences from the Western Iranic varieties.

3.2 Geographic Scope

Geographically, the dataset covers Iran,
Afghanistan, Iraq, and Pakistan. Many of
these languages show significant dialectal
variation across regions. Persian varieties, for
instance, differ substantially between Iran (Shirazi,
Khorasani, Esfahani, Standard Persian, Yazdi)
and Afghanistan (Kabuli, Hazaragi), showing
both geographic separation and distinct ethnic
community identities. Kurdish varieties are also
found across multiple countries, with Kalhori
(Southern Kurdish) spoken primarily in Iran’s
Kermanshah province and extending into Iraq’s
Khanaqin region (Azin and Ahmadi, 2021).

3.3 Writing Systems

All languages in our dataset use the Perso-Arabic
script, except Zoroastrian Dari, which is provided
only using transliteration due to its exclusively oral
transmission among the community from which our
data were collected. It includes additional letters
not found in Arabic to represent phonemes such as
/p/, /tS/, /Z/, and /g/. While the script is shared
across varieties, individual languages use distinct
orthographic conventions and, in some cases, addi-
tional diacritics reflecting local phonological fea-
tures. The widespread use of Perso-Arabic script
shows shared historical and cultural influences,
as well as Persian’s longstanding role as a pres-
tige and administrative language. Moreover, since
many smaller Iranic languages and dialects have
historically been transmitted through oral tradi-
tions, in contemporary social media contexts, speak-
ers adapt standard Persian orthography to repre-
sent such varieties. This results in non-standard
spellings, orthographic variation, and code switch-

ing between standard and dialectal forms.

4 Dataset Collection and Processing

Collecting authentic and representative data for
Iranic languages poses significant challenges, par-
ticularly for low-resource and endangered varieties.
Many of these languages have a limited digital pres-
ence, lack standardized orthography, and are pri-
marily transmitted through oral traditions. To ad-
dress these challenges and ensure ecological valid-
ity, we adopted a multi-step data collection strategy
that combines existing resources, automated web
crawling, and manual data collection with the help
of native speakers.

4.1 Speaker Recruitment

Native speakers of different Iranic language vari-
eties were recruited through social media platforms
such as LinkedIn and other community-based on-
line networks. All recruited speakers participated
voluntarily. As a form of acknowledgment and com-
pensation, contributors who provided substantial
data are included as co-authors in this paper.

This recruitment strategy was chosen to ensure
the collection of real-world, authentic language use
as it naturally appears in social media and everyday
communication. Such an approach is particularly
important for low-resource and endangered Iranic
languages, for which curated datasets are scarce or
entirely unavailable, and where linguistic knowl-
edge is often maintained within small speaker com-
munities.

4.2 Dataset Collection

We employed three complementary data collection
approaches depending on the availability and digi-
tal footprint of each language variety.
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4.2.1 Published Datasets

For well-resourced and standardized Iranic lan-
guages, such as Standard Persian and Pashto, we
rely on existing publicly available datasets. These
resources provide relatively large volumes of high-
quality textual data and serve as a solid founda-
tion for languages with established writing systems
and sufficient online presence. In this work, we
make use of the English–Pashto Language Dataset
(EPLD) (Khan et al., 2025), the Pashto–English
Bilingual Sentiment Corpus3, as well as two large-
scale Persian sentiment analysis datasets, namely
Digikala Sentiment 4 and SnappFood Sentiment
(Farahani et al., 2020).

4.2.2 Web Crawling

For under-resourced languages, dialects, and ac-
cent varieties, we developed an automated web-
crawling framework to gather naturally occurring
language data from the internet. The framework
targets sources such as social media platforms, per-
sonal and community blogs, as well as linguistic,
cultural, and regional websites.

Automated Crawling Pipeline. The crawling
process followed a multi-stage pipeline powered
by LLMs. First, we prompted an LLM to generate
language-specific search keywords, including alter-
native spellings, colloquial forms, and community-
specific identifiers. These keywords were then used
to query search engines and online platforms auto-
matically. Next, for each retrieved document, the
LLM was used to extract candidate sentences writ-
ten in the target language variety, along with their
corresponding translations when available. All ex-
periments reported in this work used GPT-5 (Ope-
nAI, 2025a) as the underlying LLM.

Human Annotation. To ensure data quality, we
employed native speakers of each language variety
to annotate the collected samples manually. For
each sentence, annotators verified (i) whether the
original utterance is valid and genuinely belongs
to the target language variety, and (ii) whether the
provided translation is correct. Both checks were
annotated using binary True/False labels. Table 2
reports the aggregated results of this annotation
process.

3https://www.kaggle.com/datasets/farhadkhan66/
pashto-translated-corpus

4https://www.digikala.com/opendata/

Results and Discussion. Table 2 summarizes the
crawling and annotation outcomes for different lan-
guage varieties. The number of collected samples
varies substantially across languages, reflecting dif-
ferences in online presence and community activity.
Several varieties, such as Dezfuli, Khorasani, and
Yazdi exhibit very high original validity rates, in-
dicating that the LLM-guided keyword generation
and sentence extraction were effective in identify-
ing genuine language samples.

In contrast, languages such as Luri and Sem-
nani show lower validity and translation correct-
ness rates, highlighting the challenges of noisy web
data and limited standardized written forms. No-
tably, for Kalhori, while most original utterances
were valid, translation correctness was considerably
lower, suggesting difficulties in obtaining reliable
translations for certain varieties even when the orig-
inal text is available. Finally, for some endangered
languages with extremely limited or nonexistent
online presence (e.g., Zoroastrian varieties), web
crawling yielded little to no usable data, underscor-
ing the limitations of purely web-based collection
methods for severely under-documented languages.

Language Samples Orig. Valid Trans. Correct
Dezfuli 764 99.738% 85.602%
Hazaragi 383 80.940% 58.486%
Esfahani 294 83.333% 82.993%
Khorasani 1216 99.753% 99.342%
Luri 1040 31.538% 31.635%
Semnani 470 60.213% 58.511%
Shirazi 563 65.187% 71.048%
Kalhori 403 99.504% 25.310%
Tonekaboni 437 79.863% 64.073%
Yazdi 697 98.278% 96.987%

Table 2: Dataset statistics per language variety. Orig.
Valid denotes the proportion of samples whose original
utterance was verified by native speakers as valid and
belonging to the target language, while Trans. Cor-
rect indicates the proportion of samples with a correct
human-verified translation.

4.2.3 Manual Data Collection
For languages where automated methods were inef-
fective, we relied on manual data collection by vol-
unteer native speakers. Contributors were asked to
collect short, common, and naturally occurring text
samples from social media platforms such as Face-
book, Twitter/X, and messaging forums, or to pro-
vide original examples representative of everyday
usage. Clear guidelines and collection protocols
were provided to ensure consistency, ethical data
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handling, and linguistic authenticity. This manual
approach was essential for preserving endangered
languages that are rarely written and poorly repre-
sented in digital spaces.

4.3 Topic Modeling and Sample Selection
We apply a topic modeling pipeline based on
BERTopic (Grootendorst, 2022) to discover seman-
tic patterns across multilingual Iranic language data.
Sentence-level representations are obtained using
the BGE-M3 (Chen et al., 2024) multilingual em-
bedding model, while topic representations are gen-
erated using GPT-4o-Mini (OpenAI, 2025b) to im-
prove interpretability. Dimensionality reduction
is performed using UMAP (McInnes et al., 2018)
with 15 nearest neighbors, a cosine distance met-
ric, and a 10-dimensional projection for clustering,
followed by a two-dimensional projection for visu-
alization. Topics are identified using HDBSCAN
(Campello et al., 2013) with a minimum cluster size
of 10, enabling density-based discovery without
predefining cluster shapes. The model is config-
ured to extract 10 distinct topics, corresponding to
the 10 languages and dialects in the dataset. For bal-
anced sample selection, one representative sample
is selected for each topic–language pair, resulting
in a total of 100 selected samples (for more details
see Appendix B).

4.4 Translation and Transliteration
Approaches

In order to create a comprehensive and high-quality
dataset for low-resource Iranic varieties, we em-
ployed a combination of translation and translit-
eration strategies to capture authentic, real-world
language use from social media.

4.4.1 Translation Approach
To address the limited digital presence of low-
resource and endangered Iranic varieties, part of
the dataset was created through translation. For va-
rieties lacking sufficient naturally occurring written
data, sentences were translated from high-resource
languages such as Persian and English. Transla-
tions were performed by native speakers and pro-
fessional translators, depending on availability and
linguistic needs. The translation direction was cho-
sen on a case-by-case basis to ensure semantic ac-
curacy and cultural relevance. Quality was ensured
through cross-checking by additional native speak-
ers, targeted reviews by linguistically trained an-
notators, and consistency checks across sentiment

annotations.

4.4.2 Transliteration Approach

All sentences were also transliterated into a unified
Latin-based format using a standardized scheme
adapted from the Iranian Studies transliteration
guidelines5. Annotators followed the guidelines
to maintain consistency across languages.

This transliteration supports cross-linguistic
analysis, improves accessibility for researchers un-
familiar with Perso-Arabic scripts, facilitates inte-
gration with NLP models, and enables future reuse
of the dataset in multilingual settings.

4.5 Sentiment Annotation Process

After selecting 100 samples and translating them
into each target language, we asked three native
volunteer annotators per language to label the senti-
ment of each sentence as Negative, Neutral, or Pos-
itive. To assess annotation reliability, we computed
inter-annotator agreement using Krippendorff’s α
(KA) and the average pairwise Cohen’s κ (CK).

Table 3 reports the agreement scores across the
Iranic language varieties. We observe substantial
agreement for Tonekaboni (α = 0.913), indicating
highly consistent sentiment interpretation among
annotators. Moderate agreement is achieved for
languages such as Kalhori, Esfahani, and Semnani,
while lower agreement is observed for Pashto, Shi-
razi, and Dezfuli. These variations likely reflect
differences in dialectal ambiguity, sentiment expres-
sion, and the limited availability of standardized
sentiment cues in low-resource language varieties.
Overall, the results highlight both the feasibility of
sentiment annotation and the inherent challenges
of achieving high agreement across diverse Iranic
languages.

5 Experiments

We conduct our experiments using eight instruction-
tuned LLMs spanning four model families:
OpenAI: GPT-4o and GPT-4o-mini (Achiam
et al., 2023); Google: Gemma-3-12B-IT and
Gemma-3-27B-IT (Team et al., 2025); Meta:
Llama-3.1-8B-Instruct and Llama-3.3-70B-
Instruct (Grattafiori et al., 2024); and Qwen:
Qwen3-14B and Qwen3-32B (Yang et al., 2025).

5https://github.com/SilkRoadAparsin/
Translation
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Language KA CK
Tonekaboni 0.913 0.913
Zoroastrian Dari 0.423 0.444
Kalhori 0.579 0.581
Pashto 0.197 0.215
Esfahani 0.541 0.544
Shirazi 0.384 0.391
Semnani 0.510 0.510
Dezfuli 0.330 0.332

Table 3: Inter-Annotator Agreement (IAA) scores for
sentiment annotation across Iranic language varieties.
KA denotes Krippendorff’s α, measuring overall an-
notation reliability across multiple annotators, while
CK denotes the average pairwise Cohen’s κ, reflecting
annotator consistency at the pair level. Higher values
indicate stronger agreement.

5.1 Language Detection
We evaluate LLMs on identifying the language
(L), dialect (D), and accent (A) of samples in
APARSIN, a challenging setting due to the close
relatedness of Iranic varieties, shared Perso-Arabic
script, and non-standardized orthography. As
shown in Table 4, all models perform poorly at
the language level (macro-F1 ≤ 0.18), frequently
confusing closely related dialects such as Persian,
Kurdish, and Luri. Dialect identification shows
slightly higher but still limited performance (macro-
F1 up to 0.22), with better results for more lexically
distinctive varieties such as Semnani and Dezfuli,
while Persian regional dialects are often conflated.
Accent identification achieves the highest scores
(macro-F1 up to 0.48), particularly for varieties
with salient non-standard lexical or phonological
cues reflected in writing (e.g., Hazaragi, Southern
Kurdish), whereas General accents remain difficult
to detect.

5.2 Machine Translation
Each model was prompted to translate sentences
from the Iranic languages into English, and the re-
sulting machine-generated translations were com-
pared against the gold English references available
in our dataset. Translation quality was measured
using BERTScore by computing the semantic simi-
larity between the embeddings of the reference En-
glish translations and the model-generated English
outputs, as well as BLEU for surface-level n-gram
overlap. As shown in Tables 5 and 6, GPT-4o and
LLaMA-70B consistently achieve the highest trans-
lation quality across Iranic languages, while Qwen
models perform poorly. Languages such as Kho-
rasani and Pashto yield better scores under both

BERTScore and BLEU.

5.3 Sentiment Classification

As shown in Table 7, larger models generally
achieve higher macro F1 scores across languages,
dialects, and accents, with GPT-4o and Gemma-
27B obtaining the best average performance, while
smaller and Qwen models show noticeably lower
results.

6 Conclusion

In this work, we presented APARSIN, a multi-
variety benchmark for sentiment analysis and ma-
chine translation across 14 Iranic languages and
dialects. By explicitly modeling variation at the
language, dialect, and accent levels, our dataset ex-
poses significant disparities in model performance,
particularly for low-resource and endangered vari-
eties. Experimental results with instruction-tuned
LLMs show that strong performance on standard
Persian does not generalize to other Iranic vari-
eties. We hope that APARSIN will encourage
future research on inclusive evaluation, data col-
lection, and modeling approaches for underrepre-
sented language communities.

Limitations

This work has several limitations. First, due to re-
cent internet blackouts in Iran, communication with
a subset of annotators was temporarily disrupted,
resulting in the loss of a small portion of annotation
results. These missing annotations will be recov-
ered and incorporated into a future release of the
dataset once connectivity with Iran is fully restored.
Second, although APARSIN covers a broad range
of Iranic languages and dialects, the dataset remains
relatively small in scale, with 1,400 annotated sam-
ples. This limits the extent to which conclusions
can be generalized, particularly for training data-
intensive models. Finally, our experiments focus
on sentiment analysis and machine translation us-
ing instruction-tuned LLMs. While these models
provide a strong baseline, they may not reflect the
performance of task-specific or fine-tuned models,
nor do they fully capture other important NLP chal-
lenges for Iranic languages, such as morphological
analysis or syntactic variation. Future work should
address these limitations by expanding the dataset
and incorporating additional tasks.
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Models

Lang Dialect Accent GPT-4o GPT-4o-mini Qwen-32B Qwen-14B Gemma-27B Gemma-12B LLaMA-70B LLaMA-8B

L D A L D A L D A L D A L D A L D A L D A L D A

Caspian Mazandarani Tonekaboni 0.00 0.29 0.09 0.00 0.15 0.30 0.00 0.21 0.23 0.00 0.01 0.00 0.00 0.01 0.28 0.00 0.04 0.20 0.00 0.16 0.32 0.00 0.44 1.00
Central Iran Zoroastrian Dari Yazdi 0.00 0.00 1.00 0.00 0.00 0.46 0.00 0.00 0.20 0.00 0.00 0.00 0.00 0.00 0.33 0.00 0.00 0.33 0.00 0.00 1.00 0.00 0.00 0.49
Kurdish Southern Southern 0.32 0.03 1.00 0.24 0.03 1.00 0.14 0.00 0.35 0.01 0.00 0.01 0.49 0.21 1.00 0.17 0.14 1.00 0.24 0.04 1.00 0.23 0.00 1.00
Luri Southern General 0.11 0.30 0.00 0.00 0.49 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.01 0.33 0.00 0.00 1.00 0.00 0.05 0.25 0.00 0.00 1.00 0.00
Pashto Central General 0.33 0.03 0.00 0.23 0.00 0.00 0.15 0.19 0.00 0.02 0.01 0.00 0.50 0.02 0.00 0.19 0.02 0.00 0.24 0.06 0.44 0.16 0.28 0.48
Persian Dari General 0.16 0.10 0.00 0.32 0.07 0.00 0.32 0.05 0.19 0.08 0.00 0.00 0.24 0.24 0.19 0.24 0.13 0.23 0.16 0.03 0.00 0.24 0.00 0.03
Persian Hazaragi Hazaragi 0.06 0.09 1.00 0.14 0.06 0.49 0.15 0.00 0.37 0.03 0.00 0.07 0.22 0.00 1.00 0.13 0.03 1.00 0.10 0.05 1.00 0.31 0.00 1.00
Persian Iranian General 0.50 0.32 0.50 0.25 0.24 0.00 0.36 0.15 0.13 0.07 0.03 0.03 0.33 0.29 0.19 0.50 0.26 0.30 0.33 0.33 0.33 0.33 0.50 0.19
Persian Iranian Isfahani 0.14 0.10 0.00 0.15 0.09 0.12 0.13 0.08 0.00 0.03 0.03 0.00 0.32 0.04 0.00 0.19 0.02 0.01 0.22 0.14 0.02 0.32 0.24 0.00
Persian Iranian Shirazi 0.19 0.14 0.09 0.24 0.11 0.00 0.18 0.17 0.03 0.04 0.00 0.00 0.24 0.07 0.07 0.24 0.06 0.06 0.22 0.15 0.01 0.24 0.24 0.01
Persian Iranian Yazdi 0.16 0.17 0.00 0.22 0.11 0.00 0.17 0.17 0.00 0.01 0.01 0.00 0.23 0.10 0.00 0.23 0.05 0.00 0.18 0.20 0.00 0.22 0.31 0.00
Semnani Semnani Semnani 0.00 0.48 1.00 0.00 0.49 1.00 0.00 0.35 0.38 0.00 0.07 0.04 0.00 1.00 1.00 0.00 0.49 1.00 0.00 0.23 1.00 0.00 0.50 1.00
Unclassified Dezfuli Dezfuli 0.00 0.46 1.00 0.01 0.47 0.50 0.00 0.21 0.33 0.00 0.00 0.01 0.00 0.43 1.00 0.00 0.41 1.00 0.00 0.50 1.00 0.00 0.18 1.00

Macro-F1 0.14 0.22 0.42 0.18 0.20 0.48 0.13 0.14 0.31 0.02 0.02 0.02 0.15 0.18 0.45 0.13 0.17 0.47 0.15 0.19 0.45 0.16 0.22 0.47

Table 4: Evaluation of LLMs on the APARSIN dataset for identifying language (L), dialect (D), and accent (A)
across Iranic varieties.

Language GPT-4o GPT-4o-mini Qwen-32B Qwen-14B Gemma-27B Gemma-12B LLaMA-70B LLaMA-8B

Shirazi 0.4590 0.4489 -0.2614 -0.2790 0.0906 0.4514 0.3887 0.1631
Yazdi 0.4660 0.4147 -0.2208 -0.2483 0.0554 0.4572 0.3463 0.0894
Esfahani 0.4339 0.4192 -0.2661 -0.2890 0.0372 0.4381 0.3360 0.0784
Khorasani 0.6259 0.6364 -0.2284 -0.2363 0.4200 0.6870 0.6536 0.4685
Kabuli 0.3014 0.3208 -0.2694 -0.2805 0.1508 0.3451 0.3254 0.1877
Hazaragi 0.3947 0.3482 -0.2412 -0.2747 0.0496 0.3732 0.3414 0.0258
Pashto 0.5747 0.5540 -0.2327 -0.2937 0.4033 0.5652 0.5212 0.3158
Kalhori 0.3168 0.2493 -0.3115 -0.3203 0.1073 0.2672 0.2332 0.0367
Luri Bakhtiari 0.3252 0.2720 -0.2469 -0.2687 0.0597 0.3011 0.2567 0.1014
Dezfuli 0.3695 0.3221 -0.2747 -0.2735 -0.0260 0.3520 0.2723 0.0280
Tonekaboni 0.4452 0.3758 -0.2855 -0.2924 -0.0095 0.4281 0.3602 0.0109
Semnani 0.3298 0.2688 -0.3080 -0.3146 -0.0823 0.2764 0.2495 -0.0264
Zoroastrian Dari 0.2306 0.1870 -0.2145 -0.2276 -0.1515 0.2276 0.1718 -0.0036

Table 5: BERT Score results for translation from Iranic languages into English across different LLMs.

Language GPT-4o GPT-4o-mini Qwen-32B Qwen-14B Gemma-27B Gemma-12B LLaMA-70B LLaMA-8B

Shirazi 0.2078 0.1899 0.0016 0.0029 0.0258 0.1091 0.0950 0.0211
Yazdi 0.2073 0.1556 0.0028 0.0029 0.0187 0.1005 0.0826 0.0216
Esfahani 0.1482 0.1602 0.0016 0.0019 0.0177 0.0942 0.0714 0.0219
Khorasani 0.3642 0.4195 0.0101 0.0077 0.1368 0.3425 0.2909 0.1326
Kabuli 0.1213 0.1647 0.0028 0.0030 0.0603 0.1170 0.1130 0.0492
Hazaragi 0.1049 0.0783 0.0012 0.0004 0.0147 0.0585 0.0553 0.0061
Pashto 0.2671 0.2457 0.0030 0.0029 0.1173 0.1782 0.1959 0.0613
Kalhori 0.0599 0.0294 0.0008 0.0012 0.0201 0.0313 0.0346 0.0074
Luri Bakhtiari 0.0755 0.0461 0.0010 0.0007 0.0128 0.0505 0.0555 0.0093
Dezfuli 0.1105 0.0734 0.0017 0.0016 0.0153 0.0854 0.0468 0.0132
Tonekaboni 0.1437 0.1029 0.0021 0.0016 0.0130 0.0791 0.0789 0.0088
Semnani 0.0545 0.0608 0.0006 0.0004 0.0058 0.0260 0.0205 0.0022
Zoroastrian Dari 0.0431 0.0152 0.0005 0.0003 0.0024 0.0123 0.0176 0.0025

Table 6: BLEU scores for translation from Iranic languages into English.

Language GPT-4o GPT-4o-mini Qwen-32B Qwen-14B Gemma-27B Gemma-12B LLaMA-70B LLaMA-8B

Tonekaboni 0.6363 0.6286 0.2132 0.3033 0.6551 0.6412 0.5044 0.3104
Zoroastrian Dari 0.0550 0.0550 0.2258 0.2782 0.0550 0.0550 0.1925 0.1082
Kalhori 0.4557 0.5305 0.2938 0.2342 0.6188 0.3678 0.4666 0.2507
Pashto 0.6849 0.7105 0.1764 0.1705 0.6576 0.6618 0.4242 0.3489
Esfahani 0.6410 0.6413 0.3160 0.3754 0.5847 0.5676 0.5489 0.3992
Shirazi 0.6693 0.6500 0.3252 0.2796 0.6552 0.6730 0.5381 0.3237
Semnani 0.5199 0.4847 0.2582 0.2772 0.4909 0.4696 0.3692 0.3544
Dezfuli 0.5999 0.5490 0.2828 0.2670 0.5815 0.5820 0.3752 0.3955

AVERAGE 0.5327 0.5312 0.2614 0.2732 0.5374 0.5023 0.4274 0.3114

Table 7: Sentiment performance across Iranic dialects and related languages. All scores are macro F1.
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A Endangered languages in the Dataset

Zoroastrian Dari (also known as Behdini or
Gavruni) is an endangered Iranic language spo-
ken by Zoroastrian communities primarily in Yazd
and surrounding areas of Iran, with smaller popula-
tions in Kerman and Tehran. The language exhibits
substantial dialectal variation and is used almost
exclusively in spoken form, with no standardized
written tradition (Gholami, 2018). Within the Yazd
Province, Zoroastrian Dari includes multiple di-
alects specific to individual villages and Zoroas-
trian quarters. These varieties differ in phonetics,
phonology, morphology, syntax, and vocabulary.
In this study, we focus specifically on the Zoroas-
trian dialect of Sharif Abad (Ardakan, Yazd), for
which the monograph by Ghadrdan (2007) provides
the earliest and most comprehensive linguistic de-
scription available to date. Owing to the absence of
publicly available corpora and the exclusively oral
nature of the dialect, this study relies on examples
and elicited materials documented in that work as
the primary source for dataset construction.

Sentiment annotation for this dialect was chal-
lenging due to its limited use among younger speak-
ers. Since many sentences were translated into
Sharif Abad’s Zoroastrian Dari and written in our
transliteration scheme, annotators were unfamil-
iar with reading them. We addressed this by read-
ing examples aloud during voice-based annotation
sessions. Utterances were delivered with neutral
prosody to minimize potential annotation bias, and
repetitions were used when necessary to support ac-
curate understanding. These methodological adap-
tations indicate the challenges of working with
an endangered, predominantly oral language and
should be considered when interpreting the senti-
ment annotations.

Semnani is another endangered Iranic language
in our dataset spoken in and around the city of Sem-
nan in north central Iran. From a genetic and his-
torical perspective, Semnani is rooted in Parthian
(also known as Arsacid Pahlavi) and belongs to
the Northwestern branch of Iranic languages (Salar,
2019). The language holds a distinctive position
within the Iranian linguistic landscape due to its
high degree of structural preservation and authen-
ticity, while at the same time facing the risk of
extinction (Rezapour and Pishgou, 2013). Sem-
nani comprises several closely related but distinct
varieties spoken in Semnan and neighboring ar-
eas, including Sorkhe’i, Lasgerdi, Sangsari, and
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Aftarabadi.
The language lacks publicly available corpora

and is transmitted primarily through oral use,
though written forms use the Perso-Arabic script.
However, ongoing community-based revitalization
efforts have supported continued engagement with
the language, including emerging literacy among
younger speakers. Accordingly, sentiment anno-
tation was conducted by three literate community
members (two aged 26 and one aged 43), demon-
strating the viability of written annotation despite
the language’s endangered status.

B Topic Modeling and Sample Selection

To identify semantically coherent patterns across
Iranic languages and dialects, we employ a topic
modeling framework that integrates semantic repre-
sentation learning, non-linear dimensionality reduc-
tion, density-based clustering, and large language
model–based topic labeling.

First, all textual samples are encoded into a
shared semantic space using a multilingual sen-
tence embedding model. This representation cap-
tures cross-lingual and intra-dialectal semantic sim-
ilarity, enabling meaningful comparison between
closely related language varieties as well as more
distant ones. The use of a transformer-based en-
coder ensures robustness to lexical variation and
supports low-resource dialects.

Given the high dimensionality of the resulting
embeddings, a non-linear manifold learning tech-
nique is applied to project the representations into
a lower-dimensional space. The dimensionality
reduction is guided by neighborhood-based hy-
perparameters that preserve local semantic struc-
ture while maintaining global separability between
emerging topics. A higher-dimensional projection
is used to support stable clustering, while a two-
dimensional projection is reserved exclusively for
visualization and qualitative analysis.

Topic discovery is performed using a density-
based clustering algorithm. This approach does
not assume a predefined number of clusters and is
well-suited for data with irregular cluster shapes.
A minimum cluster size constraint is imposed to
ensure that identified topics correspond to semanti-
cally meaningful groupings rather than noise. Sam-
ples that do not strongly belong to any dense region
are treated as outliers, preventing forced topic as-
signments.

For topic interpretability, each discovered cluster

is labeled using a large language model. Instead of
relying solely on keyword frequency, the model gen-
erates concise, human-readable topic descriptors
based on representative samples within each cluster.
This strategy significantly improves interpretability,
particularly in multilingual and dialectally diverse
settings.

The final output is a two-dimensional semantic
map in which samples are grouped and labeled
according to their inferred topics. Representative
points are selected using medoid-based labeling to
reduce visual clutter and enhance readability. This
visualization supports informed sample selection
and qualitative inspection of linguistic variation
across the dataset.

The dataset used in this study covers ten Iranic
languages and dialects, including multiple varieties
of Persian as well as Pashto, Kurdish, Mazandarani,
Semnani, Dezfuli, and Luri. This diversity enables
the model to capture both cross-language semantic
structure and fine-grained dialectal distinctions.

C Additional Prompt Templates

All classification tasks are framed as closed-set
problems with deterministic decoding (temperature
= 0).

C.1 Language, Dialect, and Accent Detection

Language-related identification is evaluated using
a three-stage prompting pipeline.

System Message

You are a classifier. Given a text and an allowed
label list, choose exactly one label from the list.
Return a JSON object.

Stage 1: Language Identification

Task: Identify the language of the given text.
Output format (JSON): {”language”: ”<LA-
BEL>”}
Constraint: The value for ”language” must be
exactly one item from the allowed list.
Allowed languages (choose ONE): [...]
Text: <TEXT>
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Stage 2: Dialect Identification

Task: Identify the dialect of the text (language
is given).
Output format (JSON): {”dialect”: ”<LA-
BEL>”}
Constraint: The value for ”dialect” must be
exactly one item from the allowed list.
Language: <LANGUAGE>
Allowed dialects (choose ONE): [...]
Text: <TEXT>

Stage 3: Accent Identification

Task: Identify the accent of the text (language
and dialect are given).
Output format (JSON): {”accent”: ”<LA-
BEL>”}
Constraint: The value for ”accent” must be
exactly one item from the allowed list.
Language: <LANGUAGE>
Dialect: <DIALECT>
Allowed accents (choose ONE): [...]
Text: <TEXT>

C.2 Translation

System Message

You are a professional translator with expertise
in Iranic languages. Just return the translation.

Text Translation
Task: Translate the given text into the target
language, considering the provided language,
dialect, and accent.
Output format: Plain text (translation only, no
explanations).
Source Language: <LANGUAGE>
Dialect: <DIALECT>
Accent: <ACCENT>
Target Language: <TARGET_LAN-
GUAGE>
Text: <TEXT>

C.3 Sentiment Classification

Sentiment classification is conducted using
metadata-aware prompting.

System Message

You are a classifier. Given a text and an allowed
label list, choose exactly one label from the list.
Return a JSON object.

Sentiment Classification
Task: Identify the sentiment of the text (lan-
guage, dialect, and accent are given).
Output format (JSON): {”sentiment”:
”<LABEL>”}
Constraint: The value for ”sentiment” must be
exactly one item from the allowed list.
Language: <LANGUAGE>
Dialect: <DIALECT>
Accent: <ACCENT>
Allowed sentiments (choose ONE): [...]
Text: <TEXT>
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Language/Dialect Example Transliteration English Standard Persian

Semnani نْوُتهَنُمُترَمْ،وُخبَهَنُتشوخ

.هَک

khoshtona bakhow,
martomona town ka

Eat for yourself, dress
for others.

یارب،روخبتدوخیارب
.شوپبمدرم

Dezfuli ؟چِیس si che For what? ؟هچیارب

Esfahani الکشچیودناسیمجح
.س هدشفصن

hajmi sāndevichesh
kolan nesf shodees

The size of his sandwich
has completely halved!

فصنالکشجیودناسمجح

!هدش

Yazdi .منکهراپمققیموخوم mokhom yagham pāra
konam

I want to tear my collar
(from despair/anger)!

!منکهراپارما هقیمهاوخ یم

Zoroastrian Dari not available tow kovari barem za From which direction
has the sun risen?

تمسمادکزاباتفآ

؟تساهدمآرد

Tonekaboni .مینآمهامَا amā ham ānim We are coming too. .مییآ یممهام

Kalhori .نامگراشاڕەئنایگیا ey gyān arrā
shāragamān

Oh, our dear city. .نامرهشیاربناجیا

Luri Bakhtiari شوخیبلقاعشیدهچره

.هعولک

har che deish āqel bi
khosh kalu’e

Unlike her mother, who
was sensible, she seems
to be a fool.

لقاعهکشردامسکعرب

هناویدراگناشدوخ،دوب
.تسا

Shirazi ؟یویمنورچپَوخ kho pa chero namioy Then why don’t you
come?

؟ییآ یمنارچسپهخآ

Khorasani .تفِرتیخدقچهری yare cheqad khit reft Bro, that was such a
waste!

.دشعیاضردقچ،شاداد

Kabuli Dari شربهکهدیدهررخادخ
.هدادنخاش

Khodā khar ra dida ke
barash shākh nadāda

God knew the donkey
well, so He didn’t give it
horns.

واهبهکهدیداررخادخ
.هدادنخاش

Pashto ۔هوشهړسهپاڅاناوه hawā nātsāpeh sra shoeh The weather suddenly
became cold.

.دشدرسناهگاناوه

Hazaragi .دوبداخبلاجولک kalo jāleb khād bud It would be very interest-
ing.

.دوبدهاوخبلاجیلیخ

Table 8: Examples across varieties: original sentence (Perso-Arabic script), transliteration, English translation, and
Standard Persian.
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Figure 2: Topic modeling and visualization of Iranic languages and dialects. Semantic sentence embeddings
are projected into a low-dimensional space using non-linear manifold learning and clustered via density-based
methods. Automatically generated topic labels produced by a large language model enable interpretable analysis of
cross-lingual and dialectal variation.
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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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Abstract

Punctuation restoration is essential for improv‐
ing the readability and downstream utility of
automatic speech recognition (ASR) outputs,
yet remains underexplored for Persian despite
its importance. We introduce PersianPunc,
a large‐scale, high‐quality dataset of 17 mil‐
lion samples for Persian punctuation restora‐
tion, constructed through systematic aggrega‐
tion and filtering of existing textual resources.
We formulate punctuation restoration as a
token‐level sequence labeling task and fine‐
tune ParsBERT to achieve strong performance.
Through comparative evaluation, we demon‐
strate that while large language models can
perform punctuation restoration, they suffer
from critical limitations: over‐correction ten‐
dencies that introduce undesired edits beyond
punctuation insertion (particularly problem‐
atic for speech‐to‐text pipelines) and substan‐
tially higher computational requirements. Our
lightweight BERT‐based approach achieves a
macro‐averaged F1 score of 91.33% on our test
set while maintaining efficiency suitable for
real‐time applications. We make our dataset
and model publicly available to facilitate fu‐
ture research in Persian NLP and provide a
scalable framework applicable to other mor‐
phologically rich, low‐resource languages.1

1 Introduction

Punctuation restoration represents an essential task
in natural language processing, particularly for
languages with limited computational resources.
The absence of punctuation in raw text—whether
from automatic speech recognition, informal dig‐
ital communication, or historical documents—
severely impacts the performance of downstream
NLP tasks including machine translation, text sum‐
marization, and sentiment analysis.

1Our resources are publicly available: full dataset (17M
samples), training subset, and fine‐tuned model.

Impact of Punctuation

Without punctuation: bakhshesh lazem nist
e’damesh konid
Meaning: “No mercy needed, execute him”
(Negative)

↓ Add comma

With punctuation: bakhshesh, lazem nist
e’damesh konid
Meaning: “Forgiveness, no need to execute
him” (Positive)

Without punctuation: nah baba rast migi
Tone: “No way, are you serious?” (Sarcastic)

↓ Add comma & period

With punctuation: nah, baba rast migi.
Tone: “No, dad, you’re right.” (Affirmative)

Figure 1: Persian punctuation restoration dramatically
affects semantic interpretation. Minimal punctuation
changes transform sentence meaning from negative to
positive sentiment.

Despite the growing maturity of Persian NLP,
punctuation restoration has received limited atten‐
tion compared to other languages. The critical im‐
portance of punctuation in Persian is evidenced by
dramatic semantic changes that occur with mini‐
mal punctuation modifications, as shown in Fig‐
ure 1. Existing Persian studies have been con‐
strained by small‐scale datasets, domain‐specific
applications, or lack of publicly available models,
highlighting the critical need for comprehensive
approaches that can handle the full complexity of
Persian text across diverse domains and writing
styles.
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This work addresses these challenges through
a comprehensive approach to Persian punctuation
restoration using fine‐tuned BERT models and
large‐scale dataset curation. We present a dataset
curation methodology that systematically aggre‐
gates multiple Persian text sources, resulting in a
high‐quality corpus for training robust punctuation
restoration models. Our main contributions are:

• We present PersianPunc, a large‐scale Per‐
sian punctuation restoration dataset contain‐
ing 17 million filtered and deduplicated sam‐
ples spanning diverse domains, sourced from
six complementary corpora covering both for‐
mal and informal Persian text.

• We provide a systematic dataset curation
framework including detailed preprocess‐
ing, quality filtering, and train/validation/test
splits, with comprehensive analysis of punc‐
tuation distribution patterns in Persian.

• We achieve strong performance on Persian
punctuation restoration with a fine‐tuned
ParsBERTmodel, demonstrating competitive
results compared to large language models
while requiring significantly lower computa‐
tional resources and avoiding over‐correction
issues.

2 Related Work

Our research is situated at the intersection of punc‐
tuation restoration, Transformer‐based NLP, and
Persian text processing. This section reviews the
evolution of methodologies for this task, starting
from general approaches and progressively nar‐
rowing the focus to the specific challenges and
prior work in the Persian language.

2.1 Punctuation Restoration as a Sequence
Modeling Task

Historically, punctuation restoration was tackled
with statistical methods, including n‐gram lan‐
guage models (Beeferman et al., 1998; Gravano
et al., 2009) and models incorporating prosodic
features from speech to predict boundaries (Chris‐
tensen et al., 2001; Kim and Woodland, 2003).
These early systems laid the groundwork but were
often limited by the scope of their handcrafted fea‐
tures and statistical models.
The advent of deep learning marked a signifi‐

cant shift. Recurrent Neural Networks (RNNs),
particularly models using Bidirectional Long

Short‐Term Memory (BiLSTM) units, became the
standard, framing the problem as a sequence la‐
beling task where each token is classified with
a punctuation mark (or none) (Xu et al., 2016).
This paradigm was often enhanced with Convo‐
lutional Neural Networks (CNNs) to capture lo‐
cal character‐level features (Tündik and Szaszák,
2018; Zelasko et al., 2018), leading to substantial
performance gains over classical methods. Our
work follows this successful sequence labeling for‐
mulation, leveraging a more powerful neural archi‐
tecture.

2.2 Transformer-Based Approaches for
Punctuation Restoration

The introduction of the Transformer architecture
(Vaswani et al., 2017) and pre‐trained language
models like BERT (Devlin et al., 2019) revolution‐
ized NLP. For punctuation restoration, fine‐tuning
BERT‐based models quickly became the state‐
of‐the‐art approach in high‐resource languages,
demonstrating superior performance in capturing
long‐range dependencies crucial for understand‐
ing sentence structure and punctuation placement
(Courtland et al., 2020; Yi et al., 2020; Nagy et al.,
2021). These models are typically lightweight and
efficient, making them suitable for real‐time appli‐
cations like ASR post‐processing.
More recently, Large LanguageModels (LLMs)

have demonstrated impressive capabilities in a
zero‐shot or few‐shot capacity for various text
generation and correction tasks (Brown et al.,
2020). However, their application to focused
tasks like punctuation restoration comes with po‐
tential drawbacks, including high computational
inference costs and a tendency for over‐correction,
where theymay alter the source text beyond simply
adding punctuation. A key part of our contribution
is to rigorously evaluate these trade‐offs against a
fine‐tuned, specialized model.

2.3 State of Persian Text Processing and
Punctuation

Early work on Persian punctuation restoration was
pioneering but limited in scale. Hosseini and
Sameti (2017) introduced the first known corpus
for this task, achieving an F1‐score of 69.0% with
a Conditional Random Field (CRF) model. While
foundational, this work highlighted the need for
larger and more diverse datasets and more power‐
ful models.
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More recently, Farokhshad et al. (2021) pro‐
posed ViraPart, a multi‐task text refinement frame‐
work for Persian that handles punctuation restora‐
tion, Zero‐Width Non‐Joiner (ZWNJ) recognition,
and Ezafe construction. Using ParsBERT (Fara‐
hani et al., 2020), they achieved a strong F1‐score
of 92.13% for punctuation on the Bijankhan cor‐
pus (Bijankhan, 2004). Their work demonstrated
the effectiveness of Transformer‐based models for
Persian text refinement. However, ViraPart fo‐
cuses on multiple text refinement tasks simulta‐
neously, and was evaluated on a smaller, single‐
domain corpus.

Despite these advances, critical gaps remain.
First, there is a lack of a large‐scale, publicly avail‐
able dataset specifically curated for punctuation
restoration across diverse domains. Most existing
efforts rely on smaller or general‐purpose corpora
like Bijankhan. Second, the capabilities and limi‐
tations of modern LLMs for Persian punctuation
restoration have not been systematically studied,
particularly regarding over‐correction behavior.

3 Methodology

3.1 Dataset Construction

3.1.1 Data Sources and Collection Strategy

We construct a comprehensive Persian punctua‐
tion restoration dataset by systematically aggre‐
gating high‐quality corpora spanning diverse do‐
mains and registers. Our multi‐source approach
addresses the linguistic diversity challenges of Per‐
sian NLP through careful curation. We selected
source datasets through manual inspection, verify‐
ing that at least 100 random samples from each con‐
tained proper punctuation usage.

Our dataset combines sources across two pri‐
mary categories:

Formal Academic Text: Bijankhan‐Peykare
Corpus (Bijankhan et al., 2011), Persian Medi‐
cal QA (Kalahroodi et al., 2025), and Persian
Wikipedia (MaralGPT, 2023) provide standard‐
ized punctuation patterns in formal contexts, cov‐
ering literary, medical, and encyclopedic domains.

Contemporary Informal Text: Persian Tele‐
gram Channels (Shojaei, 2023), Farsi Stories (Pas‐
ban, 2023), and Blog Dataset V2 (Lab, 2023) cap‐
ture modern conversational patterns and varied
punctuation usage, representing social media, nar‐
rative fiction, and personal blogging styles.

3.1.2 Preprocessing and Quality Control
Normalization Pipeline All texts undergo sys‐
tematic preprocessing to ensure consistency:

1. Punctuation standardization: English
punctuation marks (comma, semicolon,
question mark) are converted to their Per‐
sian equivalents (Persian comma ،, Persian
semicolon ,؛ Persian question mark .(؟

2. Character filtering: Non‐Persian characters
are removed while preserving common Per‐
sian script variants and Arabic letters used in
Persian text.

3. Whitespace normalization: Multiple spaces
are collapsed, and leading/trailing whitespace
is removed.

Sentence Segmentation and Filtering We first
segment each source corpus into sentence‐level
units using end‐of‐sentence punctuationmarks (pe‐
riod, exclamation mark, question mark). Each can‐
didate sentence then undergoes multi‐stage filter‐
ing:

• Structural requirements: Minimum length
of 10 characters; at least two target punctu‐
ation marks from the set {., ،, �, !, ;, :};
proper sentence termination with period, ex‐
clamation mark, or question mark.

• Content filtering: Removal of sentences
containing URLs, email addresses, social
media handles (@ mentions), emojis, ex‐
cessive special symbols (more than 20%
non‐alphabetic characters), or substantial
mixed‐language content (more than 30% non‐
Persian text).

• Linguistic quality: Pattern‐based detection
and removal of repetitive punctuation (e.g.,
“....”, “!!!!”), enumerative sequences (num‐
bered lists, bullet points), and fragmented
text (sentences with more than 50% single‐
character tokens).

Rationale for Filtering Criteria The require‐
ment for at least two punctuation marks en‐
sures that samples present meaningful punctua‐
tion restoration challenges beyond simple sentence
termination. While this filtering criterion does
exclude simple sentences (which are underrepre‐
sented in formal Persian writing), it ensures the
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dataset focuses on the core challenge of internal
sentence punctuation, which is critical for ASR
applications where sentence boundaries are often
detected separately. We acknowledge this as a
dataset characteristic rather than a limitation, as
it creates a focused benchmark for comma, colon,
and question mark insertion—the most challeng‐
ing and impactful aspects of Persian punctuation
restoration. Future work could address simple sen‐
tence coverage through stratified sampling or sep‐
arate evaluation sets.

3.1.3 Deduplication and Dataset Splitting
To ensure dataset quality and prevent data leakage,
we perform exact deduplication across all source
corpora. Due to the large dataset size (initial pool
of over 20 million samples), we implement an ef‐
ficient SHA‐256 hash‐based deduplication strat‐
egy with whitespace normalization. Each sentence
is normalized (lowercased, whitespace‐collapsed)
before hashing to detect duplicates that differ only
in formatting.
After deduplication, our final dataset contains

17,102,014 unique samples. For model training
and evaluation, we randomly sample a 1M sub‐
set stratified by source corpus. This subset is split
into training (989,000 samples), validation (10,000
samples), and test (1,000 samples) sets. The sam‐
pling strategy maintains the source distribution
proportions to ensure representativeness across do‐
mains.

3.2 Dataset Statistics and Punctuation
Analysis

We conducted a comprehensive punctuation analy‐
sis on the complete dataset of 17,102,014 samples
to understand the characteristics of Persian punctu‐
ation usage in our corpus.

3.2.1 Punctuation Distribution
Table 1 presents the distribution of punctuation
marks across the entire dataset. All samples con‐
tain at least one punctuationmark (by design), with
an average of 2.51 punctuation marks per sentence.
The distribution reflects typical Persian text

characteristics, where commas are heavily used for
clause separation and complex sentence structures.

3.3 Punctuation Restoration Model and
Training Setup

We formulate punctuation restoration as a token‐
level sequence labeling problem. Given an input

Table 1: Distribution of punctuation marks in the com‐
plete dataset (17M samples).

Mark Total Count % of Total

Persian comma (،) 21,291,632 50.13%
Period (.) 15,076,946 35.50%
Colon (:) 4,228,554 9.96%
Exclamation (!) 1,209,227 2.85%
Persian question (؟) 665,841 1.57%

Total 42,472,200 100.00%

sequence of tokens without punctuation, the model
predicts a punctuation label for each token position.
We define five classes: EMPTY (no punctuation),
COMMA (،), QUESTION ,(؟) PERIOD (.), and COLON
(:). Note that we focus on the four most common
and semantically important punctuation marks, ex‐
cluding exclamation marks and semicolons which
are less frequent and often interchangeable with pe‐
riods and commas in Persian.

Model Architecture Our model architecture
consists of a pre‐trained ParsBERT encoder (Fara‐
hani et al., 2020) followed by a linear classification
layer with dropout regularization. ParsBERT is a
monolingual Persian BERT model pre‐trained on
a large Persian corpus, making it well‐suited for
Persian NLP tasks.
Given an input sentence with punctuation re‐

moved, we:

1. Tokenize using ParsBERT’s WordPiece tok‐
enizer

2. Pass tokens through ParsBERT to obtain con‐
textualized embeddings

3. Apply dropout (p=0.1) for regularization

4. Project embeddings to 5‐dimensional class
logits via a linear layer

5. Assign the predicted punctuation class to each
token position

For subword tokens generated by WordPiece to‐
kenization, we assign punctuation labels only to
the first subword of each word, ignoring continua‐
tion subwords during both training and evaluation.
This aligns the token‐level predictions with word‐
level punctuation placement.

Training Configuration We train on the 1M
sample subset described in Section 3.1.3. The
model is optimized using AdamW with a learning
rate of 2×10−5, weight decay of 0.01, and trained
for 3 epochs. We use a batch size of 85 with gradi‐
ent accumulation over 8 steps (effective batch size
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of 680). The loss function is cross‐entropy com‐
puted over all token positions.

Evaluation Metrics We employ standard se‐
quence labeling metrics:

• Per-class metrics: Precision, recall, and
F1‐score for each punctuation class (COMMA,
PERIOD, QUESTION, COLON)

• Macro-averaged F1: Arithmetic mean of
per‐class F1‐scores, giving equal weight to
each punctuation type regardless of frequency

• Micro-averaged F1: F1‐score computed
from the sum of per‐class true positives, false
positives, and false negatives, effectively
weighting classes by their frequency

• Full Sentence Match (FSM) Rate: Percent‐
age of test sentences where the predicted
punctuation sequence exactly matches the
gold standard. This metric is particularly im‐
portant for evaluating LLMs, as it captures
whether the model made any edits beyond
punctuation insertion (over‐correction).

Throughout this paper, unless otherwise speci‐
fied, “F1‐score” refers to the macro‐averaged F1‐
score, which provides an overall measure of punc‐
tuation restoration accuracy giving equal weight to
each punctuation type regardless of frequency.

4 Results and Analysis

4.1 Overall Performance
Our fine‐tuned ParsBERT model achieves a
macro‐averaged F1‐score of 91.33% and a micro‐
averaged F1‐score of 97.28%. The macro‐
averaged score is lower due to the class imbalance
(periods and commas dominate the dataset), but
performance remains strong across all punctuation
types as shown in Table 6 in the appendix.

4.2 Comparison with Prior Work
It is important to note that the CRF and ViraPart
results shown in Table 2 are evaluated on different
datasets (the Hosseini et al. corpus and Bijankhan
corpus, respectively), and therefore cannot be di‐
rectly compared to our results. We include these
numbers for reference to situate our work within
the Persian punctuation restoration literature, but
we make no claims of superiority over these meth‐
ods without evaluation on the same test set.

The substantial improvement over the CRF base‐
line (69.00% vs 91.33%) likely reflects both the ad‐
vancement in modeling approaches (Transformer‐
based vs. CRF) and potential differences in dataset
difficulty. The ViraPart score (92.13%) is more
competitive, though direct comparison remains in‐
appropriate due to the different evaluation sets.

4.3 Comparison with Large Language
Models

We evaluated two variants of GPT‐4o on our
test set using the zero‐shot prompt shown in Ap‐
pendix 2. The prompt explicitly instructs the
model to only add punctuation without modifying
the source text.
Our ParsBERT model achieves 91.33% macro

F1, outperforming both GPT‐4o (85.96%) and
GPT‐4o‐mini (79.54%) on the same test set. More
importantly, the FSM Rate reveals a critical limita‐
tion of LLM‐based approaches: GPT‐4o achieves
only 50.10% exact matches, while our model
achieves 61.80%.
Analysis of the mismatches reveals that GPT‐4o

exhibits over‐correction in approximately 5% of
samples, making undesired edits such as:

• Removing words deemed unnecessary

• Replacing informal words with formal equiv‐
alents

• Correcting perceived spelling or grammatical
errors

Notably, we observed no cases of word addi‐
tions, only deletions and substitutions. This over‐
correction behavior is particularly problematic for
ASR post‐processing pipelines, where the source
text (transcribed speech) should be preserved ver‐
batim with only punctuation added.
Additionally, GPT‐4o requires substantially

higher computational resources for inference com‐
pared to our lightweight ParsBERTmodel, making
it less suitable for real‐time applications or deploy‐
ment in resource‐constrained environments.

4.4 Analysis of Model Performance
Table 6 (Appendix) provides detailed per‐class
performance metrics. The model performs ex‐
ceptionally well on periods (F1: 98.71%), which
is expected given their high frequency and rela‐
tively consistent usage patterns. Performance on
other punctuation types remains strong: colons
(90.45%), question marks (88.89%), and commas
(80.03%).
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Model Test Set Macro F1 (%) FSM (%)

CRF (Hosseini and Sameti, 2017) Hosseini et al. corpus 69.00 —
ViraPart (Farokhshad et al., 2021) Bijankhan corpus 92.13 —

GPT‐4o‐mini Our test set 79.54 38.01
GPT‐4o (OpenAI, 2023) Our test set 85.96 50.10
Our Model (ParsBERT) Our test set 91.33 61.80

Table 2: Comparison of punctuation restoration performance across models. Note that CRF and ViraPart results
are on different test sets and are not directly comparable. GPT‐4o and our model are evaluated on the same test set
from PersianPunc.

The lower performance on commas reflects their
more nuanced usage in Persian, where comma
placement can be somewhat flexible and context‐
dependent, leading to greater ambiguity in the gold
standard annotations themselves.

5 Conclusion and Future Work

This work presents PersianPunc, a large‐scale
dataset of 17 million samples for Persian punctu‐
ation restoration, constructed through systematic
aggregation and quality filtering of diverse Per‐
sian text sources. We demonstrate that a fine‐
tuned ParsBERT model achieves strong perfor‐
mance (91.33%macro F1) while avoiding the over‐
correction issues and computational overhead of
large language models.
Our primary contribution is the dataset itself,

which addresses a critical gap in Persian NLP re‐
sources. The curation methodology, including
detailed preprocessing pipelines, quality filtering
criteria, and comprehensive punctuation analysis,
provides a framework applicable to other low‐
resource languages.
Future work should explore several directions.

The development of domain‐specific models for
Persian literature, news, and social media text
could address the variation in punctuation usage
across different domains. Additionally, incorpo‐
rating prosodic information from Persian speech
could improve punctuation restoration for speech‐
to‐text applications. Furthermore, extending the
model to jointly handle punctuation restoration and
Zero‐Width Non‐Joiner (ZWNJ) insertion would
address the broader text normalization challenges
specific to Persian writing systems.

6 Limitations

This work has several limitations that should be
acknowledged. First, the dataset creation pro‐

cess relies on existing Persian texts, which may
contain punctuation errors or inconsistencies that
could propagate to the trained model. Second, the
model’s performance is optimized for contempo‐
rary Persian writing styles and may not general‐
ize well to historical or highly specialized Persian
texts. Third, our evaluation is limited to 1,000 test
sentences due to resource constraints, including ex‐
pensive API costs for commercial LLM evaluation
and lack of GPU access for extensive experimen‐
tation. More extensive evaluation with larger test
sets, multiple training runs, and statistical signif‐
icance testing would strengthen our findings but
was not feasible given these constraints.
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A Punctuation Analysis Details

In this appendix, we provide comprehensive anal‐
ysis of punctuation patterns and model perfor‐
mance.

A.1 Punctuation Co-occurrences

Analysis of punctuation co‐occurrence reveals
common patterns in Persian writing. Table 3
shows the most frequent punctuation pairs appear‐
ing together in the same sentence.

Table 3: Most frequent punctuation co‐occurrences in
the dataset.

Punctuation Pair % of Sentences

Period + Persian comma 79.43%
Period + Colon 16.91%
Colon + Persian comma 10.94%
Exclamation + Persian comma 4.34%

The combination of period and Persian comma
appears in nearly 80% of sentences, indicating that
most sentences contain multiple clauses separated
by commas before the final period.

A.2 Sentence-Level Punctuation Coverage

Table 4 shows the percentage of sentences contain‐
ing each punctuation mark (counted once per sen‐
tence regardless of frequency).

Table 4: Percentage of sentences containing each punc‐
tuation mark.

Punctuation Coverage

Period (.) 15,076,946 (88.94%)
Persian comma (،) 14,585,086 (86.04%)
Colon (:) 4,036,797 (23.81%)
Persian question (؟) 665,841 (3.93%)

A.3 Distribution of Punctuation Counts per
Sentence

Table 5 presents the distribution of the number of
punctuation marks per sentence. The majority of
sentences (68.37%) contain exactly 2 punctuation
marks, which is a direct consequence of our filter‐
ing criterion requiring at least 2 marks per sentence
combined with the natural distribution in source
texts.

Table 5: Distribution of punctuation counts per sen‐
tence.

# Punctuations # Sentences Percentage

2 11,589,324 68.37%
3 3,420,146 20.18%
4 1,034,579 6.10%
5 362,609 2.14%
6+ 511,518 3.02%

Total 17,102,014 100.00%

A.4 Punctuation-Specific Performance

Table 6 presents a detailed analysis of per‐class
performance. The macro‐averaged F1‐score of
91.33% demonstrates strong overall performance
across all punctuation classes.

Table 6: Per‐class performance metrics for punctuation
restoration on the test set (1,000 sentences).

Punctuation Precision Recall F1-Score

Persian Comma (،) 0.8408 0.7635 0.8003
Period (.) 0.9855 0.9886 0.9871
Question (؟) 0.8750 0.9032 0.8889
Colon (:) 0.9137 0.8955 0.9045

Macro Average 0.9038 0.8877 0.9202
Micro Average 0.9729 0.9727 0.9728

B LLM Evaluation Prompt

We used the prompt shown in Figure 2 to evaluate
GPT‐4o and GPT‐4o‐mini. The temperature was
set to 0, and maximum tokens were set to 2048
to accommodate longer outputs. Prompts were is‐
sued in English, as we found LLMs demonstrate
better instruction‐following in English compared
to Persian.
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Evaluation Prompt for LLMs

Role: You are a punctuation restoration system
for Persian text.
Task: Add appropriate punctuation marks to the
given Persian text.
Rules:

• Do NOT fix, correct, or modify ANY
words in the text.

• Do NOT change the order of words.

• Do NOT add or remove any words.

• ONLY add punctuation marks where ap‐
propriate.

• Use these punctuation marks: . (period),
، (Persian comma), ؟ (Persian question
mark), : (colon)

• Return the result as a JSON object with
a single key ”text” containing the punctu‐
ated text.

Input text (without punctuation): {text}
Output format:

{"text": "your punctuated text here"}

Important: Keep ALL words EXACTLY as
they are in the input. Do NOT fix spelling, gram‐
mar, or anything else. ONLY add punctuation.

Figure 2: Prompt used for zero‐shot evaluation of GPT‐
4o andGPT‐4o‐mini on Persian punctuation restoration.
The system is explicitly instructed to only add punctua‐
tion marks without altering the original text in any way.
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Abstract

This paper presents the first machine transla-
tion system for Shughni, an extremely low-
resource Eastern Iranian language spoken in
Tajikistan and Afghanistan. We fine-tune
NLLB-200 models and explore auxiliary lan-
guage selection through typological similar-
ity and "super-donor" experiments. Our fi-
nal Shughni–Russian model achieves a chrF++
score of 36.3 (45.7 on BivalTyp data), establish-
ing the first computational translation resource
for this language. Beyond reporting system per-
formance, this work demonstrates a practical
path toward supporting languages with virtually
no prior MT resources.

Our demo system with Shughni-Russian-
English translation (Russian serves
as a pivot language for the Shughni-
English pair) is available on Hugging-
Face (https://huggingface.co/spaces/
Novokshanov/Shughni-Translator).

1 Introduction

Machine translation (MT) has advanced rapidly
with the emergence of neural MT (NMT) (Bah-
danau et al., 2014), particularly transformer-based
architectures (Vaswani et al., 2017). Yet these
breakthroughs mostly benefit high-resource lan-
guage pairs, while low-resource languages remain
severely underserved (Koehn and Knowles, 2017).

To mitigate data scarcity, low-resource MT typi-
cally leverages transfer learning (Zoph et al., 2016),
multilingual models (Johnson et al., 2017), and data
augmentation such as back-translation (Sennrich
et al., 2015) or pivoting (Cheng et al., 2016; Cheng,
2019; Kim et al., 2019). Multilingual systems show
that parameter sharing across related languages
can substantially improve translation quality, rais-
ing the question of how to select the most benefi-
cial auxiliary languages. A major step in multilin-
gual NMT has been the No Language Left Behind
(NLLB) project, which released a single model for

200 languages, including Iranian languages such as
Pashto, Tajik, Dari, and Persian (Team et al., 2022),
and provided a strong foundation for fine-tuning.

Building on these insights, we target the
Shughni–Russian translation pair. Based on our
examination of the impact of auxiliary languages —
chosen by typological similarity or "super-donor"
status — and of isolated factors such as token over-
lap, we present the first Shughni–Russian trans-
lation model, obtaining scores of 39.3 METEOR,
14.6 BLEU, and 36.3 chrF++.

Shughni, spoken by approximately 90,000 peo-
ple in Tajikistan and Afghanistan (Kalandarov,
2018; Edel’man and Jusufbekov, 2000; Wendt-
land, 2009), is an Eastern Iranian language with
extremely limited written resources. Its lack of
standardized orthography and the small number
of available texts make it a quintessential low-
resource case.

Current large language models perform poorly:
in tests with recent proprietary systems1 via the
LLM Arena platform2, only trivial sentences (e.g.,
Karamsho read an interesting book) are translated
from Shughni to Russian with minor errors, while
translation into Shughni fails entirely. Even the
latest ChatGPT 5.2 translated a simple sentence
into Tajik instead of Shughni, as shown in Figure 1.
We provide a comparison of our system’s metrics
with those of different open-source LLMs on our
test set in the Results section.

2 Data

2.1 Training and validation

Our parallel Shughni–Russian data comes from two
sources: a Shughni corpus (Makarov et al., 2022)
and a Shughni–Russian dictionary (Makarov et al.,
2022). The language corpus contains oral and writ-

1Model names: claude-sonnet-4-20250514, o4-mini-2025-
04-16, YandexGPT 5 Pro, GigaChat 2 Max.

2LLM Arena v0.4.2, https://llmarena.ru/.
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Figure 1: Example of translation into Shughni by Chat-
GPT 5.2. The correct translation is given in Figure 2.

ten texts of different genres, including fairy tales,
stories, prose fiction, poetry, and riddles. Some
texts are only annotated via a morphological parser
and do not include translations. For our purposes,
we take oral texts and fairy tales translated into
Russian by native speakers, as well as Gospel frag-
ments aligned with the Russian version (4,256 sen-
tences in total). The Shughni–Russian dictionary
contains ordinary entries (21,871) and example sen-
tences (43,300). For dictionary entries, only the
first translation equivalent was retained. After pre-
processing, we obtained 69,227 training pairs.

Preprocessing included removal of annotations,
special symbols, and stress marks; lowercasing and
whitespace normalization; and orthographic unifi-
cation. Since Shughni lacks a standardized script,
we normalized all data into one of the accepted
Cyrillic scripts using the converter by (Makarov
et al., 2022) in order to maximize token overlap
with Russian and Tajik and to ensure consistency
across resources. In our demo, we also added sup-
port for the Latin script for both input and output.

Auxiliary language data were added from OPUS
corpora (Tiedemann, 2012), prioritizing similar do-
mains and excluding sources used in NLLB pre-
training. For each auxiliary language, we sampled
datasets of equal size to the Shughni corpus (69k
parallel sentences).

2.2 Test sets

In the present study, two test sets are used. The
first was obtained from the BivalTyp project (Say,
2020), a typological database of bivalent predicates
and their encoding frames, which contains 123
Shughni-English sentence pairs (Chistiakova and
Ryzhova, 2023). The sentences are quite short but
varied. All sentences from this set include two argu-
ments and a predicate connecting them; at the same
time, the predicate meanings are selected variously
in order to illustrate different argument encoding

Figure 2: Example parallel sentence from the BivalTyp
test set. English translation: Karamsho read an interest-
ing book.

strategies. Thus, we also check how well the argu-
ment structure of the source sentence is preserved
in translation. The sentences were translated into
Russian manually from English. Figure 2 presents
an example of a parallel sentence from this set.

For the second test set, we manually selected
110 sentences from NLLB-MD (the NLLB Multi-
Domain Dataset) (Team et al., 2022) with diverse
syntactic structures. After minimal adaptation to
Pamiri realities, we asked several native speakers
from Khorog, Gorno-Badakhshan Autonomous Re-
gion of the Republic of Tajikistan, to translate them
into Shughni. The Shughni portions of both test
sets were transliterated into the same uniform Cyril-
lic orthography used in the training dataset.

3 Methodology and Experiments

We framed our experiments around fine-tuning
multilingual NMT models with auxiliary lan-
guages. The design was as follows: combine
Shughni–Russian data with equal-sized corpora
from an auxiliary language and train a shared
model in both directions.

All models were trained in the same virtual en-
vironment and with the same training parameters
that were empirically found to be optimal: AdamW
optimizer (Loshchilov and Hutter, 2019) with a
learning rate of 1e-3, weight decay of 1e-3, and
a total batch size of 1024 examples. Full training
configurations are available upon request.

3.1 Baseline

As a starting point, we compared the performance
of three models traditionally used in NMT: NLLB-
200 (600M), mT0-small, and ByT5-small, and
Gemma 3 (4B) as a solid multilingual baseline
LLM. Even though these models are multilingual,
we believe they have not seen any Shughni data.
For fair comparison, missing Shughni tokens were
added to the NLLB-200 and mT0 tokenizers to
ensure all of our limited data receive desired rep-
resentations. ByT5 is a token-free model; it op-
erates directly on raw texts and does not require
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tokenization. On Shughni→Russian translation,
NLLB-200-distilled clearly outperformed the alter-
natives (see Table 1), and we selected the larger
1.3B distilled version as our baseline due to its
greater stability.

Model Meteor chrF++

nllb-200 0.384 33.6
mt0-small 0.117 12.5
byt5-small 0.246 26.6
Gemma 3 (4B) 0.278 25.2

Table 1: Base model evaluation metrics on the
Shughni→Russian validation set. Best in bold.

3.2 Auxiliary languages

Protasov et al. (Protasov et al., 2024) investigated
whether morphological similarity enhances cross-
lingual transfer in multilingual masked language
modeling. They adopted features from The World
Atlas of Language Structures (WALS) (Dryer and
Haspelmath, 2013) as predictors of positive knowl-
edge transfer in mT5 pretraining. Authors identi-
fied the most important typological features and
overall best donor languages.

To explore transfer learning in machine transla-
tion, we experimented with several auxiliary lan-
guages. Two were chosen for typological proximity
(Pashto, Somali) and two for typological distance
(Vietnamese, Zulu). Table A.1 contains WALS
(Dryer and Haspelmath, 2013) features of Shughni
and donor languages. This illustrates that the most
important features for transfer learning in language
modeling (discovered in (Protasov et al., 2024)) are
similar between Shughni, Pashto, and Somali. For
Shughni, Vietnamese, and Zulu, on the other hand,
these features are mostly opposite. We also consid-
ered two "super donors" reported to benefit many
languages (Afrikaans, Slovenian), as discovered by
(Protasov et al., 2024).

3.3 Final model

For our final system, we use the auxiliary language
that performed best in both translation directions
and enhance the training data with backtranslation
(Sennrich et al., 2015) of a Shughni novel (8,138
unique sentences) and additional Shughni–Tajik
Gospel fragments (195 sentences). This configura-
tion yielded the strongest overall results, establish-
ing a usable Shughni–Russian MT system.

3.4 Evaluation
To assess the impact of our transfer learning and
backtranslation, we report two widely used auto-
matic metrics implemented in the evaluate3 library:
METEOR and chrF++. We report METEOR
scores multiplied by 100 for consistency. We com-
pare metrics on our two test sets combined.

Additionally, to verify that automatic gains re-
flect genuine quality, we conducted a human evalu-
ation using the XSTS protocol (AI et al., 2022) on
50 sentences randomly chosen from the combined
test set. Native speakers from Khorog (3 university
professors and 3 students with high Russian lan-
guage proficiency) rated the final system against
the baseline in both directions.

4 Results

4.1 Main experiment
We evaluated models both separately and jointly
on the BivalTyp and NLLB-MD test sets. Table 2
summarizes key results: the NLLB-200 baseline,
systems enhanced by auxiliary languages one at a
time (with Pashto yielding the best mean perfor-
mance), and our final system in two model sizes.
The latter is enhanced by Pashto as an auxiliary
language, as well as backtranslation and a small
amount of Shughni–Tajik data. Pashto brought
moderate gains over the baseline in both directions,
while Slovenian was useful only when translating
into Russian. The final model reached a chrF++
score of 45.7 for translation into Russian on the
BivalTyp test set (36.3 on the combined test set),
establishing a substantial advance over all alterna-
tives.

The 600-million-parameter model excels at trans-
lating into Shughni, where the 1.3B model is better
into Russian. We suggest that given fixed training
dataset of a very limited size, 600M model has a
better parameter-to-data ratio for the decoder to
learn a new language. See (Caillaut et al., 2024)
for more on translation-focused decoder scaling
laws. Encoder, on the other hand, is less dependent
on size scaling (Ghorbani et al., 2021). Table 3
compares our systems with the most recent open-
source LLMs and shows their superiority. More-
over, NLLB models are much more compact than
even the lightest LLMs, which allows them to be
run on personal devices. This is especially impor-
tant in hard-to-reach areas.

3evaluate v0.4.2, https://github.com/huggingface/
evaluate.
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Meteor chrF++

Source sh ru sh ru
Target ru sh ru sh

Baseline 35.6 23.9 33.2 23.7
Afrikaans (aux) 37.5 24.0 34.4 22.6
Vietnamese (aux) 36.3 24.4 34.1 23.6
Zulu (aux) 36.1 25.2 33.6 24.3
Somali (aux) 35.6 24.2 33.6 23.5
Pashto (aux) 38.3 24.1 34.6 23.9
Slovanian (aux) 38.9 23.0 34.9 22.8

Final 1.3B 39.3 22.7 36.3 23.4
Final 600M 35.6 25.8 34.0 26.2

Table 2: Evaluation on the combined test set. Best
results in bold. Best performance among auxiliary lan-
guages is underlined. Second-best performance among
auxiliary languages is italicized.

Meteor chrF++

Source sh ru sh ru
Target ru sh ru sh

Baseline 35.6 23.9 33.2 23.7
Qwen 3 (235B) 15.8 10.4 17.5 14.4
Gemma 3 (27B) 16.1 10.3 18.1 13.3
GPT-OSS (120B) 10.1 6.5 3.9 3.1
Final 1.3B 39.3 22.7 36.3 23.4
Final 600M 35.6 25.8 34.0 26.2

Table 3: Comparison of open-source LLMs and our
systems. Evaluation on combined test set.

Human evaluation was conducted comparing the
final system (1.3B) and the NLLB-200 baseline
(also 1.3B). The final system scored higher than
the baseline in both directions, confirming the prac-
tical usability of our Shughni–Russian MT system,
as shown in Table 4. For inter-annotator agreement,
we report weighted Cohen’s kappa (Cohen, 1968).
Following common interpretive conventions (Lan-
dis and Koch, 1977), our results indicate substantial
agreement under quadratic weighting (κ = 0.65).
The most common errors fall into two categories:
lexical errors and grammatical time expression er-
rors.

5 Demo description

We additionaly present a demo translation app via
HuggingFace Spaces. The model is optimized for
sentence-level translation and the Cyrillic Shughni

Mean XSTS

Source sh ru
Target ru sh

Combined test set
Baseline 2.85 3.15
Final (1.3B) 3.21 3.61

Table 4: Human evaluation on Shughni → Russian and
Russian → Shughni translation (Mean XSTS scores).

script. Therefore, the demo application automati-
cally performs segmentation and orthography con-
version. Moreover, for convenience and wider use,
our demo includes translation into English. Trans-
lation in this direction is implemented through Rus-
sian as a pivot language due to the almost total
absence of Shughni–English data and reaches a
chrF++ score of 42.2 on the BivalTyp data.

6 Conclusion

We present the first neural MT system for the
Shughni language, an endangered Eastern Iranian
language with virtually no prior machine transla-
tion support. Our experiments show that auxiliary
languages can provide meaningful gains, though
not always in line with standalone factors: Pashto
proved most helpful not only because it is typo-
logically similar but also as a close relative with
potentially shared lexical units, despite differing
writing systems. By combining Pashto auxiliary
data with backtranslation, we achieve the best over-
all results and provide a translation model in two
sizes. Human evaluation confirms that our improve-
ments translate into practical usability.

7 Future work

Future research will examine auxiliary language
choice more systematically, testing a broader set
of candidates and features. Moreover, we will ex-
pand the number of language models, including the
latest translation-oriented LLMs. We also plan to
utilize Shughni–Russian dictionary entries more ef-
fectively and to benefit from annotations in the cor-
pus (e.g., morphemes, glosses, part of speech, and
general meaning). We believe these two sources
can be a valuable source of syntactic data and can
be integrated into the translation system itself. Fur-
thermore, while Shughni is the local lingua franca,
we aim to extend MT development to other Pamiri
languages as part of ongoing efforts in their doc-

117



umentation and digital support. In the meantime,
we encourage researchers and native speakers of
Pamiri languages to collaborate on the expansion
of the corpus and the machine translation project.
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A WALS Features

Table A.1 contains selected WALS (Dryer and
Haspelmath, 2013) features of Shughni and donor
languages. The selection was based on (Protasov
et al., 2024) and aimed not to show typological
distance or similarity, but to illustrate our choice of
donor languages in the context of machine transla-
tion and transfer learning only. This illustrates that
the most important to us features between Shughni,
Pashto, and Somali are nearly the same. This is the
evidence of typological similarity between Shughni
and Somali in one narrow fragment of the system,
not in typological profiles of the entire languages.
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Abstract

Automatic Speech Recognition (ASR) tran-
scription accuracy remains highly sensitive to
audio segmentation strategies, yet most bench-
marks assume oracle timestamps unavailable
in deployment. We systematically evaluate
how audio segmentation affects Whisper’s
performance on 10 hours of Persian YouTube
content, comparing transcript-aligned (oracle)
versus silence-based (realistic) approaches
across contrasting acoustic conditions. Results
reveal striking content-type dependency:
podcast content benefits from timestamp
segmentation (33% lower mean WER), while
entertainment content favors silence-based
segmentation (8% lower mean WER). This
finding demonstrates that optimal segmentation
must be content-aware, with silence detection
better capturing natural boundaries in acous-
tically heterogeneous media while avoiding
mid-utterance splits. We publicly release our
evaluation framework, 10 hours of audio with
gold transcripts, and segmentation results here:
https://github.com/ri164-bolleit/
persian-youtube-whisper-benchmark

1 Introduction

Automatic Speech Recognition (ASR) systems
have achieved remarkable progress through neural
architectures, large-scale training data, and robust
pretraining objectives [Prabhavalkar et al., 2023,
Malik et al., 2021, Kheddar et al., 2024, Radford
et al., 2023]. Despite these advances, transcription
accuracy in real-world settings remains highly sen-
sitive to upstream design choices, particularly how
continuous audio streams are segmented prior to
inference [Kuhn et al., 2024, Arriaga et al., 2024].
Segmentation affects not only computational effi-
ciency but also linguistic context, temporal align-
ment, and the stability of downstream evaluation
metrics.

* Equal contribution.

Many existing benchmarks rely on oracle tran-
script timestamps to define segment boundaries,
an assumption that rarely holds outside controlled
evaluation settings [Faria et al., 2022, Sklyar et al.,
2022, von Neumann et al., 2023]. This creates
a gap between benchmark performance and real-
world deployment accuracy, where segmentation
must be inferred directly from acoustic signals.

1.1 Research Questions

We address three key questions:
(RQ1) How does segmentation strategy–oracle
timestamps versus acoustic silence detec-
tion–impact ASR accuracy?
(RQ2) Does the optimal strategy vary by content
type (structured podcasts versus noisy entertain-
ment)?
(RQ3) How does model scale affect robustness to
segmentation choices?

1.2 Contributions

Using OpenAI Whisper at three scales (small: 0.2B,
medium: 0.8B, large: 1.5B parameters), we eval-
uate two segmentation pipelines on a 10-hour Per-
sian YouTube dataset spanning contrasting acoustic
conditions. Our contributions include: (1) first sys-
tematic evaluation of segmentation strategies for
Persian ASR, (2) evidence that optimal approaches
are fundamentally content-type dependent, and (3)
a publicly released benchmark addressing the criti-
cal gap in Persian real-world ASR evaluation.

2 Related Work

2.1 ASR Benchmarking and Evaluation

The development of robust ASR benchmarks has
emerged as a critical research area, with increasing
recognition of their limitations in capturing real-
world speech variability [Aksënova et al., 2021,
Szymański et al., 2020]. Traditional benchmarks
such as LibriSpeech [Panayotov et al., 2015] pri-
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marily focus on clean, well-structured read speech,
rendering them inadequate for assessing ASR per-
formance in spontaneous or conversational settings.
Studies by [Del Rio et al., 2021] and [Cao et al.,
2023] underscore the need for benchmarks that
evaluate ASR systems under challenging condi-
tions, including spontaneous speech, noisy environ-
ments, and multi-speaker interactions.

To address domain mismatch and improve cross-
domain generalization, the End-to-End Speech
Benchmark (ESB) [Gandhi et al., 2022] was in-
troduced to evaluate ASR models across diverse
domains without prior knowledge of data distribu-
tions. However, while ESB accounts for varied
acoustic environments, it overlooks critical demo-
graphic factors such as speaker age, gender, and
regional accents that significantly impact ASR per-
formance [Aksënova et al., 2021].

2.2 Segmentation Strategies in ASR
While considerable attention has focused on model
architecture and training data, the impact of au-
dio segmentation strategies on ASR performance
remains understudied. Most benchmarks assume
oracle timestamps that align with transcript bound-
aries, an assumption that rarely holds in deploy-
ment [Faria et al., 2022, Sklyar et al., 2022, von
Neumann et al., 2023]. Previous research [Kuhn
et al., 2024, Arriaga et al., 2024] notes that standard
benchmarks often fail to account for WER variabil-
ity across segmentation approaches, creating a gap
between benchmark performance and real-world
accuracy.

This gap is particularly problematic as segmen-
tation affects not only computational efficiency but
also linguistic context preservation, temporal align-
ment quality, and the stability of evaluation met-
rics. In real-world deployments, segmentation must
be inferred directly from acoustic signals using
methods such as voice activity detection or silence-
based splitting, yet most published results rely on
oracle segmentation that provides an optimistic up-
per bound on achievable performance.

2.3 Persian ASR Resources and Challenges
For low-resource languages like Persian, compre-
hensive benchmarks remain scarce despite the lan-
guage being spoken by over 100 million people.
Existing Persian ASR datasets provide partial foun-
dations but have significant limitations. The Deep-
Mine dataset [Zeinali et al., 2019] offers a ro-
bust foundation with over 1,850 speakers and ap-

proximately 480 hours of audio, but its six-hour
test set focuses primarily on formal speech, limit-
ing applicability to informal or spontaneous con-
texts. Similarly, the Persian subset of Mozilla Com-
mon Voice [Ardila et al., 2019] suffers from de-
mographic imbalances and data quality concerns
due to its crowdsourcing approach. The FLEURS
dataset [Conneau et al., 2023], while useful for
few-shot learning, focuses on short, controlled ut-
terances insufficient for evaluating conversational
speech. [Sedghiyeh et al., 2025] introduce PSRB,
a comprehensive benchmark for evaluating Persian
ASR systems across diverse linguistic conditions
including regional accents, speaker demographics,
and acoustic environments. However, it does not
explore segmentation strategies for handling long-
form audio or optimal chunking approaches for
Persian speech recognition.

Persian poses unique ASR challenges due to its
linguistic diversity-spanning regional accents like
Baluchi, Kurdish, and Dari-and features like vari-
able word boundaries and the use of Zero Width
Non-Joiner (ZWNJ) characters [Ghayoomi and
Momtazi, 2009, Bijankhan et al., 2011]. These
characteristics, combined with limited training data,
exacerbate performance disparities in Persian ASR
systems. Most existing Persian ASR research
focuses on controlled conditions, with YouTube
content representing a particularly challenging
and underexplored domain combining spontaneous
speech, variable acoustic quality, background mu-
sic, and diverse speaking styles.

Our work addresses critical gaps in the literature
by providing the first systematic evaluation of seg-
mentation strategies for Persian ASR on real-world
YouTube content, using two different segmentation
approaches and various model scales.

3 Dataset

We curated a 10-hour audio–text dataset sourced
from YouTube, designed to capture contrasting
acoustic and conversational conditions. The dataset
consists of two subsets, each totaling approxi-
mately five hours.

3.1 Roud Podcast Subset

Roud Podcast1: A conversational podcast featur-
ing a single speaker in a structured format cen-
tered on book discussions. This content contains
no background music, no speaker overlap, and min-

1https://www.youtube.com/@MojtabaShakoori
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imal variability in acoustic conditions, providing a
relatively clean and controlled speech environment.

Corpus Statistics: As shown in Table 1, this
data includes six episodes totaling 5.1 hours con-
taining 2,747 transcript-aligned segments. Segment
lengths show low variance (mean: 16.9 words, SD:
5.5, range: 1–36), reflecting structured discourse
with natural prosodic boundaries.

YouTube timestamps are generated by the con-
tent creator, naturally aligning with clause end-
ings and prosodic boundaries. This production-
time alignment creates favorable conditions for
timestamp-based segmentation.

3.2 Kouman Entertainment Subset

Kouman Entertainment2: An entertainment-
focused YouTube channel characterized by mul-
tiple hosts, frequent speaker changes, background
music, and unpredictable audio content. This sub-
set represents a substantially noisier and more het-
erogeneous speech setting.

Corpus Statistics: As shown in Table 2, this
data includes ten episodes totaling 4.9 hours and
containing 6,450 transcript segments. Segment
lengths exhibit high variance (mean: 4.4 words,
SD: 6.1, median: 1 word), reflecting fragmented
timestamp-based splitting that produces single-
word or phrase-level segments.

Episode Segments Words Duration (min)

Episode 1 325 6,133 ∼41
Episode 2 333 3,483 ∼23
Episode 3 490 8,481 ∼57
Episode 4 533 9,238 ∼62
Episode 6 475 8,056 ∼54
Episode 8 591 10,911 ∼73

Total 2,747 46,302 ∼310

Table 1: Roud Podcast corpus statistics. Type-Token
Ratio: 0.142. Segment length: median=16, IQR=14–
20 words. Timestamps created during production align
with natural discourse boundaries.

Unlike Roud where timestamps align with dis-
course structure, Kouman timestamps are editorial
markers added post-production for viewer navi-
gation. These frequently split continuous speech
during music-overlaid dialogue or multi-speaker
exchanges, creating artificial mid-utterance bound-
aries. The mean 5.5:1 timestamp-to-silence ratio
quantifies this fragmentation: timestamp segmenta-

2https://www.youtube.com/c/Kouman

Episode Segments Words Avg W/Seg TS:Sil.

amazon 799 2,057 2.6 6.5:1
eshgh 655 3,624 5.5 6.9:1
hoosh 338 1,411 4.2 1.8:1
madrese 751 2,331 3.1 6.7:1
mia 693 1,391 2.0 7.2:1
nooshabe 901 4,827 5.4 6.6:1
norooz 718 3,191 4.4 7.7:1
safar 325 2,857 8.8 2.9:1
soal 827 2,514 3.0 6.9:1
youtuber 443 4,279 9.7 2.0:1

Total/Avg 6,450 28,482 4.4 5.5:1

Table 2: Kouman Entertainment corpus statistics. Ten
episodes, approximately 4.9 hours. Type-Token Ra-
tio: 0.276. TS:Silence Ratio indicates timestamp seg-
mentation produces 5.5× more segments than silence-
based segmentation (mean), revealing severe over-
fragmentation. Segment length: min=0, max=64, me-
dian=1 word.

tion produces more segments than acoustic bound-
aries warrant.

3.3 Data Preparation

For both subsets, the original YouTube videos
were converted into WAV audio files (16 kHz,
mono). Corresponding time-stamped transcripts
were retrieved directly from YouTube and stored
as CSV files aligned with each audio file. All
transcripts were manually created by channel man-
agers and content creators as YouTube lacks auto-
transcription for Persian. All spoken content is in
standard Persian.

4 Methodology

We evaluate automatic speech recognition perfor-
mance using two distinct experimental pipelines
that differ in how audio is segmented and aligned
with reference human-generated transcripts. Our
pipeline employs three OpenAI Whisper mod-
els [Radford et al., 2023] (small, medium, and
large) and is evaluated using Word Error Rate
(WER) and Character Error Rate (CER).

4.1 Transcript-Aligned Timestamp
Segmentation

In the first setup, audio segmentation is directly
derived from YouTube’s time-stamped reference
transcripts. Each transcript CSV consists of alter-
nating timestamp and text lines, where timestamps
indicate the start time of each spoken segment. Seg-
ment end times are inferred from the subsequent
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timestamp, with the final segment extending to the
end of the audio file.

Using these timestamps, the corresponding WAV
audio files are segmented exactly to match the tran-
script boundaries. Each segment is then transcribed
independently using Whisper. Since the audio
segments and reference transcripts are perfectly
aligned in time by construction, evaluation is per-
formed via a one-to-one comparison between each
reference segment and its corresponding Whisper
transcription. This pipeline provides an optimistic
estimate of transcription performance under ideal
alignment conditions.

4.2 Silence-Based Segmentation
The second setup removes reliance on transcript-
based segmentation and instead segments audio
using acoustic silence detection. Audio is split into
non-silent regions using energy-based thresholds,
followed by post-processing to enforce segment du-
ration constraints between 5 and 30 seconds. Short
segments are merged, long segments are split, and
brief silences are optionally retained at segment
boundaries to preserve natural speech context.

Because these segments do not necessarily align
with the reference transcript timestamps, evaluation
requires a fuzzy time-alignment procedure. For
each predicted audio segment, a reference text is
constructed by concatenating all transcript entries
whose timestamps overlap with the segment’s time
window. This pipeline more closely reflects real-
world transcription scenarios.

5 Results

Here, we report results for the Roud podcast, a
single-speaker, low-noise conversational dataset,
and Kouman, a noisy, multi-speaker entertainment
channel, using two segmentation strategies.

5.1 Segment Length and Granularity
The two segmentation strategies produce sub-
stantially different segment distributions for both
datasets. Transcript-based segmentation yields a
larger number of shorter segments, tightly aligned
to sentence- or phrase-level transcript boundaries.
In contrast, silence-based segmentation produces
fewer but longer segments by merging contiguous
speech between silence intervals and enforcing min-
imum and maximum duration constraints (5–30
seconds).

Timestamp-based segmentation produces 2.5–8×
more segments per episode (319–901 segments)

compared to silence-based segmentation (93–216
segments). This fragmentation creates shorter,
more numerous boundaries that may interrupt mid-
utterance in content with music, sound effects, and
overlapping speech.

Across all evaluated episodes for both Roud and
Kouman, silence-based segmentation consistently
results in a lower total number of segments per
episode, indicating longer average segment dura-
tions. This difference in granularity has direct im-
plications for both transcription quality and evalu-
ation stability, as longer segments preserve more
linguistic context while increasing acoustic vari-
ability.

5.2 Roud Podcast: Clean Speech Results
Table 3 presents comprehensive results for the
Roud podcast across six episodes and three model
sizes. Across all episodes, performance improves
monotonically with model size. Whisper large con-
sistently achieves the lowest WER and CER, fol-
lowed by medium and small.

We assess the statistical significance of perfor-
mance differences using both parametric (inde-
pendent two-sample t-tests) and non-parametric
(Mann–Whitney U) tests on per-segment WER
and CER distributions. Across evaluated episodes
and models, differences between silence-based and
timestamp-based segmentation are statistically sig-
nificant at α = 0.05 for both WER and CER.

Effect size analysis using Cohen’s d indicates
small-to-moderate effects, with stronger effects ob-
served for WER than CER. In all cases, silence-
based segmentation exhibits statistically significant
degradation relative to transcript-based timestamp
segmentation.

Paired Episode-Level Analysis:
Figures 1a and 1b show paired comparisons for

the Whisper large model, while Figures 1c and 1d
report the same analysis for the medium model.

For the large model, the mean paired improve-
ment from silence-based to timestamp-based seg-
mentation is 0.161 in WER (33% relative improve-
ment) and 0.227 in CER (67% relative improve-
ment), with paired t-tests yielding p < 0.001 and
Wilcoxon signed-rank tests yielding p = 0.031.
Similar trends are observed for the medium model,
with mean paired improvements of 0.084 in WER
and 0.167 in CER. The performance gap between
segmentation strategies widens as model size in-
creases, suggesting that larger models are more
capable of exploiting high-quality segmentation
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Episode Model Timestamp Seg. Silence Seg.

WER CER Segs WER CER Segs

1 large 0.349 0.114 325 0.505 0.339 139
1 medium 0.499 0.201 325 0.582 0.364 139
1 small 0.653 0.259 325 0.700 0.410 139

2 large 0.337 0.110 333 0.409 0.225 94
2 medium 0.480 0.187 333 0.494 0.258 94
2 small 0.656 0.282 333 0.623 0.310 94

3 large 0.358 0.122 490 0.527 0.373 266
3 medium 0.555 0.232 490 0.629 0.412 266
3 small 0.703 0.305 490 0.741 0.464 266

4 large 0.331 0.124 533 0.504 0.371 278
4 medium 0.500 0.227 533 0.585 0.400 278
4 small 0.653 0.285 533 0.697 0.440 278

6 large 0.268 0.098 475 0.484 0.372 263
6 medium 0.417 0.178 475 0.553 0.394 263
6 small 0.586 0.238 475 0.667 0.435 263

8 large 0.307 0.098 591 0.490 0.349 289
8 medium 0.476 0.184 591 0.590 0.383 289
8 small 0.640 0.254 591 0.700 0.427 289

Average (large) 0.325 0.111 458 0.487 0.338 222
Average (medium) 0.488 0.202 458 0.572 0.369 222
Average (small) 0.649 0.271 458 0.688 0.431 222

Table 3: Detailed results for Roud podcast across all episodes and models. Timestamp segmentation consistently
outperforms silence-based segmentation across all three models. Whisper large achieves the lowest WER (and CER)
across all episodes using timestamp segmentation.

while being penalized more by noisy segmentation.

5.3 Kouman Entertainment: Noisy Speech
Results

Table 4 presents comprehensive results for the
Kouman entertainment channel across ten episodes.
Strikingly, the performance pattern reverses from
the podcast results: silence-based segmentation
now outperforms timestamp-based segmentation
in 7 out of 10 episodes for both model sizes. (Re-
sults for Whisper Small are excluded as the model
achieved WER values above 0.90.)

For the large model, WER differences are statisti-
cally significant (paired t-test p = 0.020, Wilcoxon
p = 0.027), with silence-based segmentation
achieving a mean improvement of 0.0604 (7.9%
relative improvement) over timestamp-based seg-
mentation. CER differences are not statistically
significant (paired t-test p = 0.476, Wilcoxon
p = 1.000), indicating that character-level accu-
racy is relatively stable across segmentation meth-
ods for larger models.

For the medium model, WER differences are
highly significant (paired t-test p = 0.007,
Wilcoxon p = 0.027), with silence-based segmen-
tation showing a mean improvement of 0.0488

(5.7% relative improvement). CER differences
approach significance (paired t-test p = 0.114,
Wilcoxon p = 0.037), with a mean improvement
of 0.0439.

Paired Episode-Level Analysis:
Figures 2a and 2b show paired comparisons for

the Whisper large model, while Figures 3a and 3b
report the same analysis for the medium model.
Each line corresponds to a single episode, con-
necting silence-based results to timestamp-based
results.

Across most (seven out of ten) episodes and both
model sizes, silence-based segmentation yields
lower or comparable WER and CER compared
to timestamp-based segmentation. This trend con-
trasts with expectations that transcript-aligned seg-
mentation would uniformly outperform silence-
based approaches. Paired statistical tests confirm
that for WER, silence-based segmentation signifi-
cantly outperforms timestamp-based segmentation.
For the large model, the mean paired difference
(Silence minus Timestamp) is −0.0604 in WER
and −0.0191 in CER, with WER differences reach-
ing statistical significance at α = 0.05. Similar
trends are observed for the medium model, with
mean paired differences of −0.0488 in WER and
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(a) Paired episode-level comparison of overall WER for the
Whisper large model. Timestamp-based segmentation consis-
tently yields lower WER across episodes.

(b) Paired episode-level comparison of overall CER for
the Whisper large model. Timestamp-based segmentation
achieves lower CER for every episode.

(c) Paired episode-level comparison of overall WER for the
Whisper medium model. Improvements from timestamp-
based segmentation remain consistent across episodes, but
are smaller than for the large model, indicating increased sen-
sitivity to segmentation at lower model capacity.

(d) Paired episode-level comparison of overall CER for the
Whisper medium model. Timestamp-based segmentation con-
sistently reduces CER across episodes, with statistically sig-
nificant paired differences.

Figure 1: Episode-level paired comparison of WER (left) and CER (right) for the Whisper large (top) and medium
(bottom) models. Each line corresponds to a single episode, connecting silence-based segmentation to YouTube
timestamp–based segmentation. Reported statistics include the mean paired difference (Silence – Timestamp),
paired t-test p-value, and Wilcoxon signed-rank p-value.

−0.0439 in CER, both showing statistically signifi-
cant improvements for silence-based segmentation
in WER.

These results suggest that for the Kouman
dataset, silence-based segmentation produces seg-
ments that are better suited to the acoustic and
linguistic characteristics of the content, possibly by
avoiding mid-utterance boundaries introduced by
timestamp-based segmentation.

5.4 Error Distribution Analysis

While silence-based segmentation generally out-
performs timestamp-based segmentation for enter-
tainment content, three episodes (Hoosh, Safar,
YouTuber) exhibit degradation in average WER.
The "YouTuber" episode shows the most degrada-
tion: for the large model, WER increased by 0.0471

(6.98%) and CER by 0.1129 (25.97%).

However, error distribution analysis reveals a
critical engineering tradeoff. For the YouTuber
episode, silence-based segmentation produces dra-
matically tighter distributions with lower variance
compared to timestamp-based segmentation.

Variance-Bias Tradeoff: This pattern repre-
sents a fundamental tradeoff-silence-based seg-
mentation trades marginally higher average error
(6–26% degradation in these three episodes) for sig-
nificantly improved consistency and predictability.
The absence of extreme outliers suggests that even
when silence detection produces suboptimal bound-
aries for content with rapid speech or heavy back-
ground audio, the resulting errors remain bounded.
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Episode Model Timestamp Seg. Silence Seg.

WER CER Segs WER CER Segs

amazon large 0.759 0.485 794 0.656 0.407 123
amazon medium 0.848 0.563 794 0.769 0.466 123

eshgh large 0.793 0.524 654 0.707 0.476 95
eshgh medium 0.872 0.607 654 0.817 0.538 95

hoosh large 0.720 0.461 337 0.755 0.550 183
hoosh medium 0.819 0.527 337 0.833 0.594 183

madrese large 0.775 0.528 748 0.682 0.474 111
madrese medium 0.862 0.617 748 0.781 0.523 111

mia large 0.824 0.566 692 0.726 0.495 96
mia medium 0.895 0.637 692 0.817 0.537 96

nooshabe large 0.833 0.574 901 0.712 0.488 137
nooshabe medium 0.883 0.637 901 0.809 0.532 137

norooz large 0.752 0.496 714 0.657 0.430 93
norooz medium 0.854 0.588 714 0.772 0.489 93

safar large 0.740 0.478 319 0.766 0.568 109
safar medium 0.837 0.560 319 0.851 0.625 109

soal large 0.786 0.519 821 0.669 0.442 119
soal medium 0.861 0.594 821 0.777 0.509 119

youtuber large 0.675 0.435 435 0.722 0.548 216
youtuber medium 0.798 0.509 435 0.816 0.588 216

Average (large) 0.766 0.507 642 0.705 0.488 128
Average (medium) 0.853 0.584 642 0.804 0.540 128

Table 4: Detailed results for Kouman entertainment channel. Bold indicates lowest WER performance. Silence-
based segmentation outperforms timestamp in 7/10 episodes for both models.

(a) Paired episode-level comparison of overall WER for the
Whisper large model.

(b) Paired episode-level comparison of overall CER for the Whis-
per large model.

Figure 2: Kouman’s Episode-level paired comparison of WER (left) and CER (right) for the Whisper large model.
Each line corresponds to a single episode, connecting silence-based segmentation to YouTube timestamp–based
segmentation. Reported statistics include the mean paired difference (Silence – Timestamp), paired t-test p-value,
and Wilcoxon signed-rank p-value.

6 Discussion

6.1 Content-Type Dependency
Our results reveal that optimal segmentation strat-
egy is fundamentally content-type dependent. For

podcast content (Roud), timestamp-based seg-
mentation significantly outperforms silence-based
approaches across all models, with mean im-
provements of 33% in WER and 67% in CER.
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(a) Paired episode-level comparison of overall WER for the
Whisper medium model.

(b) Paired episode-level comparison of overall CER for the Whis-
per medium model.

Figure 3: Kouman’s Episode-level paired comparison of WER (left) and CER (right) for the Whisper medium model.
Each line corresponds to a single episode, connecting silence-based segmentation to YouTube timestamp–based
segmentation. Reported statistics include the mean paired difference (Silence – Timestamp), paired t-test p-value,
and Wilcoxon signed-rank p-value.

Conversely, for entertainment content (Kouman),
silence-based segmentation achieves lower WER in
70% of episodes, with mean improvements of 7.9%
for large models and 5.7% for medium models.

These results reflect fundamental differences in
how timestamps relate to acoustic structure. Pod-
cast timestamps, created during production, co-
incide naturally with speaker pauses and phrase
boundaries–they capture the same acoustic events
that silence detection would identify. Entertain-
ment timestamps, added post-production, often
split continuous audio arbitrarily, particularly dur-
ing music, sound effects, or overlapping dialogue.

Silence detection inherently respects acoustic
structure, avoiding mid-word or mid-phrase splits
even when timestamps don’t align with natural
boundaries. This explains why longer, acoustically-
grounded segments outperform shorter, arbitrarily-
aligned ones in heterogeneous audio–they preserve
utterance integrity and reduce boundary-induced
errors.

6.2 Model Scaling Effects

Performance improves consistently as model size
increases, regardless of content type or segmenta-
tion strategy. Importantly, larger models do not
eliminate the content-type effect: podcasts con-
tinue to benefit from timestamp segmentation while
entertainment content favors silence-based segmen-
tation, even at the largest model size (1.5B param-
eters). This persistence confirms that the segmen-

tation preferences reflect systematic differences
rather than limitations that could be overcome with
more model capacity.

For Roud, the absolute segmentation gap in-
creases from small to large models, and the relative
gap also widens indicating that while larger models
achieve better absolute accuracy, they remain sen-
sitive to segmentation quality. For Kouman, gaps
remain proportionally consistent, suggesting that
the acoustic boundary alignment effect scales with
model capacity.

Larger models demonstrate superior generaliza-
tion across both segmentation approaches, with
lower variance in error rates across episodes. This
robustness is particularly evident in Kouman’s chal-
lenging acoustic conditions, where the large model
shows more stable performance across diverse
episodes.

While silence-based segmentation consistently
underperformed for podcast content, its superiority
for entertainment content appears counter-intuitive.
The key difference lies in timestamp semantics:
podcast timestamps are production-aligned, co-
inciding naturally with speaker turns and phrase
boundaries, while entertainment timestamps are
editorial markers added post-production for navi-
gation (scenes, acts, highlights). These editorial
timestamps frequently split continuous dialogue
or complex audio scenes at arbitrary points that
violate acoustic structure. Silence detection out-
performs in entertainment precisely because it re-
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spects natural speech boundaries, avoiding the mid-
utterance splits that editorial timestamps introduce.

7 Conclusion

This work presents the first systematic evaluation of
audio segmentation strategies for Persian YouTube
content, revealing that optimal approaches are fun-
damentally content-type dependent. Our key find-
ings: (1) podcast content favors timestamp seg-
mentation with 33% lower WER, (2) entertainment
content paradoxically benefits from silence-based
segmentation with 8% lower WER, (3) this effect
persists across model scales, confirming it reflects
acoustic characteristics rather than capacity limi-
tations, and (4) silence segmentation offers better
worst-case guarantees through reduced error vari-
ance.

Our publicly released dataset addresses a critical
gap in Persian ASR research, providing a system-
atic benchmark for real-world informal content.
This enables researchers to build better tools and
democratizes professional-quality transcription for
Persian creators.

Future work should explore: (1) content-type
classifiers coupled with adaptive segmentation sys-
tems, (2) hybrid timestamp-acoustic methods that
validate boundaries acoustically, (3) alternative
metrics beyond WER/CER, (4) parameter optimiza-
tion per content type, and (5) extension to other
languages and domains.

Limitations

While this study provides the first systematic eval-
uation of segmentation strategies for Persian ASR,
several limitations warrant consideration. First, our
analysis is restricted to two content types from Per-
sian YouTube, conversational podcasts and enter-
tainment videos, which may not generalize to other
domains such as formal lectures, broadcast news,
parliamentary proceedings, or telephone conversa-
tions where acoustic characteristics and speaking
styles differ substantially. Second, we evaluate only
OpenAI’s Whisper models at three scales; compar-
isons with other state-of-the-art ASR systems (e.g.,
wav2vec 2.0, Conformer-based models, or Persian-
specific architectures) would strengthen conclu-
sions about whether content-type dependency is a
general phenomenon or specific to Whisper’s archi-
tecture and training. Third, our silence-based seg-
mentation employs fixed energy thresholds and du-
ration constraints (5–30 seconds) that were not sys-

tematically optimized; content-specific parameter
tuning might yield different relative performance.
Fourth, our evaluation relies solely on WER and
CER metrics, which may not fully capture per-
ceptual quality, semantic preservation, and com-
plexity of Persian vocabulary. Finally, our dataset
represents standard Persian from digital media cre-
ators; our findings may not extend to dialectal vari-
ations, code-switched content, or Persian spoken
in different geographic regions or sociolinguistic
contexts. Future work should address these lim-
itations through multi-domain evaluation, cross-
system comparison, and user-centered metrics.

References
Alëna Aksënova, Daan van Esch, James Flynn, and

Pavel Golik. 2021. How might we create better
benchmarks for speech recognition? In Proceed-
ings of the 1st Workshop on Benchmarking: Past,
Present and Future, pages 22–34.

Rosana Ardila, Megan Branson, Kelly Davis, Michael
Henretty, Michael Kohler, Josh Meyer, Reuben
Morais, Lindsay Saunders, Francis M Tyers, and
Gregor Weber. 2019. Common voice: A massively-
multilingual speech corpus. arXiv preprint
arXiv:1912.06670.

Carlos Arriaga, Alejandro Pozo, Javier Conde, and Al-
varo Alonso. 2024. Evaluation of real-time transcrip-
tions using end-to-end asr models. arXiv preprint
arXiv:2409.05674.

Mahmood Bijankhan, Javad Sheykhzadegan, Moham-
mad Bahrani, and Masood Ghayoomi. 2011. Lessons
from building a persian written corpus: Peykare. Lan-
guage Resources and Evaluation, 45:143–164.

Jie Cao, Ananya Ganesh, Jon Cai, Rosy Southwell,
E. Margaret Perkoff, Michael Regan, Katharina
Kann, James H. Martin, Martha Palmer, and Sidney
D’Mello. 2023. A comparative analysis of automatic
speech recognition errors in small group classroom
discourse. In Proceedings of the 31st ACM Confer-
ence on User Modeling, Adaptation and Personaliza-
tion, pages 250–262.

Alexis Conneau, Min Ma, Simran Khanuja, Yu Zhang,
Vera Axelrod, Siddharth Dalmia, Jason Riesa, Clara
Rivera, and Ankur Bapna. 2023. Fleurs: Few-shot
learning evaluation of universal representations of
speech. In 2022 IEEE Spoken Language Technology
Workshop (SLT), pages 798–805. IEEE.

Miguel Del Rio, Natalie Delworth, Ryan Wester-
man, Michelle Huang, Nishchal Bhandari, Joseph
Palakapilly, Quinten McNamara, Joshua Dong, Pi-
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Abstract

Persian poetry, particularly Rumi’s Masnavi-
ye-Ma’navi, is known for its complex form,
mystical narrative style, rich cultural informa-
tion, and linguistic nuances, and is consid-
ered a low-resource domain. Translating Per-
sian poetry is a challenging task for neural
machine translation (NMT) systems. To ad-
dress this challenge, we present a novel multi-
modal NMT system for Rumi’s Masnavi in four
stages. First, we built a new multi-modal par-
allel Persian-English corpus of 26,571 aligned
verses from all six books of Masnavi, and all
paired with aligned audio recitations. Second,
a strong text-only baseline is developed by ap-
plying domain-adaptive fine-tuning to mBART-
50, pre-trained on a large monolingual Persian
poetry corpus, followed by training on the par-
allel Masnavi corpus (train set). Third, we ex-
tend this model to a multi-modal scenario by
adding aligned audio representations using a
cross-attention fusion mechanism. Fourth, we
conduct a culture-aware evaluation. We pro-
pose a culture-specific item (CSI) evaluation
approach by developing a CSI classification
system and a Persian-English CSI dictionary
alongside the standard MT metrics. Our find-
ings demonstrate that integrating audio recita-
tions increased the BLEU score from 9.85 to
17.95, and raised CSI-recall from 61.60% to
82.04%, suggesting greater consistency in pro-
ducing culturally meaningful terms.

1 Introduction

Rumi’s Masnavi-ye-Ma’navi has a central place in
Persian cultural and literary heritage, representing
a profound synthesis of theological and metaphor-
ical discourse often referred to as the “Quran in
Persian” (Sedaghat, 2020). This poetry is known
for its mystical language, whose complexity often
causes both human and machine translators to unin-
tentionally impose ideological or structural biases
that diminish the text’s intentional indeterminacy

(Sedaghat, 2020). Although neural machine transla-
tion (NMT) has made significant advancements, its
application to classical poetry remains a demand-
ing and largely unexplored area (Chakrabarty et al.,
2021), (Ghassemiazghandi, 2023). Standard NMT
models, typically trained on massive datasets like
news and articles, frequently struggle with the low-
resource nature of classical Persian and the dense
figurative patterns found in the works of masters
like Rumi (Ghassemiazghandi, 2023). As a result,
they frequently fail to preserve the source text’s dis-
tinctive "literary touch" and worldview (Ghassemi-
azghandi, 2023), (Chakrabarty et al., 2021). Re-
search indicates that domain-adaptive fine-tuning
on poetic corpora significantly outperform general-
domain models, yet a critical gap remains: the lack
of comprehensive, annotated datasets that capture
the complex rhythmic and cultural rules of Persian
language (Ghassemiazghandi, 2023), (Chakrabarty
et al., 2021). A defining characteristic of Per-
sian poetry is that it is intended to be heard rather
than read silently. Recitation, through its unique
rhythm, tone, and pauses, helps to resolve and clar-
ify the ambiguities of the written Persian and reveal
the poet’s intent. In this context, multi-modal ap-
proaches that integrate audio features with text of-
fer a game-changing ability for translation models,
providing access to the aforementioned details that
written words alone cannot convey (Shahrestani
and Haghir Chehreghani, 2025). Furthermore, tra-
ditional evaluation metrics like BLEU often fail to
track whether culture-specific items (CSIs), such as
Sufi concepts, religious figures, or Quranic phrases
are accurately preserved or erased during the trans-
lation process.

To address these limitations, this paper intro-
duces, to the best of our knowledge, the first multi-
modal NMT (MMNMT) model specifically de-
signed for the Masnavi, supported by a recitation-
aligned multi-modal Persian–English corpus. This
dataset is made up of 26,571 aligned verse pairs
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across all six books of Masnavi, accompanied by
corresponding Persian audio recitations. A robust
Persian poetry fine-tuned text-only baseline (PPFT)
is established, and afterwards extended to a multi-
modal model. We aim to better preserve the depth
and artistic intent of Rumi’s poetry after transla-
tion. Therefore, we propose a CSI-aware evalua-
tion framework using a customized CSI lexicon
to diagnose and enhance the cultural authentic-
ity in machine translation outputs. Through this
work, we demonstrate that multi-modal integration
not only clarifies interpretive ambiguity but also
substantially improves the accuracy of culturally
grounded lexical realizations.

This paper is structured as follows: we present a
review of the related work to our topic in Section 2.
Section 3 is dedicated to describing our produced
multi-modal dataset. In Section 4, we introduce
our CSI taxonomy, annotation process, and the con-
struction of a Persian–English CSI lexicon. Our
proposed methodology is elaborated in Section 5.
Section 6 presents results and CSI-aware evalu-
ation and analysis. Finally, Section 7 discusses
limitations and outlines directions for future work
followed by concluding remarks.

2 Related Work

Recent studies outside the realm of Indo-European
languages investigated on how using literary and
poetic texts can serve as an important role to pre-
serve and revitalize endangered Indigenous lan-
guages. For instance, Cadotte et al. (2024) demon-
strated that when traditional bilingual data is scarce,
literature and poetry can help to develop machine
translation (MT) models, specifically for languages
like Innu-Aimun. This study supports the fact
that employing culturally rich texts is a practical
approach for training specialized systems where
generic data is insufficient.

Chakrabarty et al. (2021) showed improvements
in neural poetry translation through multilingual
fine-tuning on poetic corpora, emphasizing the
preservation of poetic style and meaning. However,
they evaluated their work by using standard metrics
like BLEU and COMET. Such metrics struggle to
preserve cultural aspects, which is the challenge
our work aims to address by introducing a CSI
lexicon for the evaluation phase. This enables a
fair evaluation that takes into account the preserva-
tion of cultural weight throughout the translation
process.

The evaluation of cultural fidelity in MT has
recently moved toward tracking CSIs. Yao et al.
(2024) introduced the culturally-aware machine
translation (CAMT) corpus and the CSI-Match
metric (a metric that determines how closely a
model’s output matches reference translations for
CSIs, using a fuzzy matching approach) to assess
how models handle cultural entities in modern
prose, such as Wikipedia articles. Comparably,
Thakur (2025) proposed culturally-grounded chain-
of-thought (CG-CoT) for interpretative analysis of
Yoruba proverbs using retrieval-augmented gener-
ation. Although these works highlight the inade-
quacy of standard metrics like BLEU for cultural
tasks, they focus on modern domains or reason-
ing sequences (Yao et al., 2024), (Thakur, 2025).
In another study, Sadr et al. (2025) found that
AI models often fail to understand Persian social
rules like Taarof because they are biased toward
Western-style directness. This is known as a "cross-
cultural pragmatics problem" (Stadler, 2012), in
which the literal words used in a conversation are
different from what the person actually means. Be-
cause these rituals feature a form of "polite verbal
wrestling" (Rafiee, 1991), text-only models that are
fixated on literal meanings cannot capture the true
cultural intent. This emphasizes the importance
of specialized tools to evaluate how well the cul-
tural weight of Persian language is preserved dur-
ing translation (Sadr et al., 2025). Our work aims
to move beyond generic models by introducing a
specialized Persian poetry fine-tuned architecture
(PPFT) that addresses the linguistic challenges of
classical Persian verse. As it will be elaborated
in Section 5.1, we construct an 18-category CSI
lexicon specifically for the Masnavi, providing a
targeted "Recall" metric that measures the preser-
vation of classical cultural weight.

Most current machine translation research typ-
ically relies on either image-text multi-modal ap-
proaches or text-only methods. This means that the
integration of information extracted from speech
has received comparatively less attention. Cur-
rent multi-modal machine translation research is
heavily biased toward image-text combinations for
short captions. Parida et al. (2024) and Rajpoot
et al. (2024) utilized visual context from images
to resolve polysemy in languages like Hindi and
Bengali. As noted in the survey by Lupascu et al.
(2025), text-image pairs represent 63% of the liter-
ature, while audio-text integration for low-resource
languages remains significantly unexplored.
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While Shahrestani and Haghir Chehreghani
(2025) utilized deep learning for prosody recog-
nition in Persian poetry, they mostly focused on
classifying metrical patterns rather than transla-
tion. Xiang et al. (2025) empirically quantified
the "modality gap" between speech and text inputs
in large language models, identifying differences
in semantic comprehension performance. Their
research concentrates on conversational and syn-
thetic speech in English. We aimed to addresses
this gap by using self-supervised Persian speech
encoders (Wav2Vec2) (Babu et al., 2021) and a
cross-attention fusion mechanism (Vaswani et al.,
2017) to capture essential audio features for classi-
cal poetry Masnavi that written text alone cannot
provide.

Recent advancements in large language models
(LLMs) have enabled new approaches to poetic in-
terpretation. Gao et al. (2024) utilized ChatGPT
to translate Chinese classical poetry, demonstrat-
ing that prompting models to interpret symbols or
provide explanations first can enhance translation
quality and readability. Although our work also
employs LLMs (i.e., GPT-4) within a combined
annotation framework, we distinguish our contribu-
tion by introducing a structured CSI-Recall metric
as a diagnostic tool. This enables measurable eval-
uation of cultural transfer that goes beyond the
subjective "Overall Impression" used in previous
human evaluations (Wang et al., 2024).

Compared to the state of the art, our contribution
is distinguished by two key aspects: the integration
of recitation audio to clarify ambiguities, and the
development of a CSI lexicon that enables evalua-
tion of cultural fidelity, a dimension overlooked by
conventional metrics such as BLEU and standard
domain adaptation techniques.

3 Multi-modal Corpus of Masnavi

We construct and introduce a multi-modal Persian-
English corpus derived from Masnavi-ye-Ma’navi.
Its linguistic structure is characterized by “anoma-
lous speech,” where conventional grammatical pat-
terns are intentionally altered to enhance aesthetic
and emotional expression (Khanmohammadi et al.,
2023). In addition, Persian poetry functions within
a hybrid semiotic system that intertwines linguistic
meaning with rhythmic, musical, and transcenden-
tal dimensions, further increasing abstraction and
interpretive ambiguity (Sedaghat, 2020). These
properties make Masnavi a challenging yet repre-

Figure 1: Partial representation of the produced multi-
modal dataset.

sentative testbed for culturally grounded machine
translation, particularly in low-resource settings.
As discussed, this area remains underrepresented
in existing MT benchmarks for Iranian languages.

3.1 Text Sources and Alignment

Persian text and English translations were collected
from publicly available Masnavi repositories that
provide full access to the Persian poems and their
translations (Javadi et al., 2015), (Lewis, 2015),
(Nicholson and Sufism.org, 2013). Different Per-
sian literature repositories (e.g., Ganjoor 1) are used
for cross-checking verse boundaries and book struc-
ture. Each example is indexed and aligned at the
verse unit. This indexing is also used to identify
the corresponding audio file. The final prepared
corpus consists of aligned Persian source verses,
their English translations, and corresponding Per-
sian audio recitations. A partial representation of
the dataset structure is shown in Figure 1.

3.2 Audio Modality

Audio recitations were obtained from Masnavi au-
dio repositories designed for verse-level listening
(Javadi et al., 2015). We map each audio clip to its
verse identifier and resample audio to a consistent
sampling rate (16 kHz).

3.3 Corpus Statistics

As noted in Table 1, the corpus contains 26,571
aligned Persian-English verse pairs and 26,571
corresponding Persian audio files, utilizing all six
books. We split the whole corpus into three sets of
train (21,255), validation (2,658), and test (2,658).
Each set includes: book_id, persian_text,
english_translation, audio_filename, and
language. Because literary translations may vary
in literalness and poetic style, we treat the English
side as a reference translation rather than a unique
legitimate target and complement standard MT met-
rics with culturally targeted evaluation that is fur-
ther discussed in Section 5 and Section 6.

1https://ganjoor.net/moulavi/masnavi
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Text Audio
Size 26,571 lines/files
Train 21,255 lines/files
Validation 2,658 lines/files
Test 2,658 lines/files

Table 1: Statistics of multi-modal Masnavi corpus
dataset and its division to train, validation, and test sets.

4 Cultural Aspect in Persian Poetry

The Persian language poses intrinsic challenges
for NMT that extend well beyond lexical spar-
sity (Sedaghat, 2020). Such challenges would raise
up in the translation of Persian classical poetry, par-
ticularly in low-resource settings. Prior work has
noted the phenomenon of second-degree deforma-
tion, where translators (humans) or machines apply
filters (e.g., secularization or Islamization biases)
that reduce the poet’s intent into fixed interpreta-
tions (Sedaghat, 2020). In other words, literal trans-
lation strategies are especially inadequate for this
complex task. Moreover, generic NMT systems
can generate false content or degrade metaphorical
expressions upon processing figurative language
(Chakrabarty et al., 2021).

Recent research suggests that addressing po-
etic translation requires architectural and training
adaptations rather than mere scaling. Applying
approaches augmented with domain-adaptive ob-
jectives can better respect poetic limitations than
generic NMT systems (Khanmohammadi et al.,
2023). However, we believe that tracking cultural-
aware aspect of these translations by employing
CSI-evaluation, can compensate for the inadequacy
and deficiency of these methodologies.

To achieve this, we introduce the CSI lexicon
for formalizing and evaluating cultural specificity
in Persian–English poetic translation (detailed in
Section 5).

5 Proposed Methodology

5.1 CSI Lexicon

To address the aforementioned limitations, this
work models cultural fidelity in Persian–English
poetry translation through CSIs. CSIs represent
explicit mentions of culturally grounded entities
and concepts, such as Sufi concepts, Quranic ref-
erences, doctrine, and symbolic animals that hold
meaning, semantic, and inter-textual weight be-
yond their literal expression. In contrast, standard

MT evaluation metrics are poorly suited for this
matter.

• Step 1: We developed a detailed label for the
CSIs by integrating concepts from Persian lit-
erary studies and cultural linguistics. The tax-
onomy includes 18 culture-specific categories,
listed as: person, place, Sufi concept, mysti-
cal phrase, supernatural being, number/color,
medical/scientific concept, Quranic reference,
religious concept, virtue, divine attribute, for-
eign Arabic/Turkic term, animal symbol, nat-
ural element, object symbol, sound/music,
main doctrine of love, and other. Each label
is accompanied by definition and some ex-
amples. These labels were manually refined
and cleaned through iterative review by using
cultural references from classical sources.

• Step 2: We annotated Masnavi verses with
these CSI labels. In order to do that, we
adopted a hybrid approach combining manual
supervision as well as an LLM assistance (i.e,
GPT-4). A unique prompting pipeline was
used for the LLM to extend the annotations.
Prompts provided the verse, the full taxonomy,
and detailed instructions. The model predicted
relevant CSI spans and assigned appropriate
labels. All LLM-generated annotations were
reviewed and corrected by the author to ensure
high quality. The resulting dataset consists of
1,000 annotated verses that were randomly se-
lected from the training set using a fixed seed
for reproducibility.

• Step 3: The cleaned, filtered annotated file
from the previous step is converted into token-
level BIO tagging format (each token is
marked as Beginning (B), Inside (I), or Out-
side (O) of a labeled span).

• Step 4: We trained a CSI tagger using our
PPFT model and the BIO-tagged dataset.

• Step 5: We ran the trained tagger on the Mas-
navi corpus. Therefore, our whole corpus is
tagged. As a result, we have fully tagged Mas-
navi corpus with CSI labels and spans.

The final phase is to build the Persian-English
CSI lexicon, where each Persian span is mapped to
its aligned English translation. For each pair, we
collected all aligned English phrases across the cor-
pus (train set) and aggregated them into a candidate
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set with noting the frequency and alignment confi-
dence statistics. To improve precision and reduce
noise, we performed several cleaning steps, such as
canonicalization of English forms, frequency and
rank filtering, and label consistency filtering.

After all these steps, we produced three lexicon
versions denoted as strict, soft and broad. The first
version, strict core lexicon, contains only high con-
fidence spans that are verified by native human that
serves as a gold-standard reference for evaluation.
The second version, soft core lexicon, represents all
tagged spans, that is a more relaxed version com-
pared to the strict one, but still enforcing strong
alignment confidence. The third version, broad lex-
icon, intends to maximize coverage. It includes
all aligned CSI candidates above a minimal confi-
dence threshold. It is noisier but still valuable for
culture-aware evaluation.

We concluded that having three versions instead
of a single lexicon was a better approach. A sin-
gle version would risk being either too restrictive
(i.e., missing valid translations) or non-restrictive
by adding unwanted noise. This three-version ap-
proach enables us to demonstrate robustness across
evaluation settings, and analyze the translation sys-
tems’ response to progressively broader cultural
criteria. It is worth mentioning that each lexicon is
derived from the same alignment and tagging pro-
cedure, differing only in filtering thresholds over
alignment confidence and frequency.

Finally, the lexicon offers substantial coverage
of frequent and semantically significant CSIs. This
structural approach allows the lexicon to serve as
the following two objectives: either as a culture-
aware evaluation framework, or as an analytical
resource for examining cross-cultural transfer phe-
nomena in automated translation systems. In this
work, we employed the generated CSI lexicon to
support the culture-aware evaluation for our ma-
chine translation models.

5.2 Multi-modal NMT system for Persian
Poetry

While our work focuses on a neural framework,
the choice between statistical machine translation
(SMT) and NMT in low-resource settings continues
to be a subject of discussion. Cadotte et al. (2024)
found that for extremely limited datasets of fewer
than 4,000 sentences, SMT outperformed NMT.
However, because our Masnavi corpus consists of
over 26,000 verse pairs, we can overcome such
limitations and utilize a domain-adaptive neural

baseline (denoted as PPFT) that is further enhanced
by employing the audio modality.

The overview of our proposed multi-modal NMT
framework is illustrated in Figure 2. After the
preprocessing phase as discussed earlier, we im-
plemented and evaluated a strong text-only uni-
modal baseline (denoted as the second phase in
Figure 2). It is worth mentioning that almost all
of general NMT systems are trained on the gen-
eral domain of Persian language like news, and
Wikipedia. Therefore, effective poetic translation
requires changes in model architecture and train-
ing strategy. One way to have a more strong and
meaningful translation is to have a strong baseline.
However, culturally-based translation challenges,
especially in low-resource settings, continue to per-
sist even when using a stronger text-only baseline.
In this regard, we pre-trained and fine-tuned the
mBART50 (Tang et al., 2020) by using Persian po-
etry. We used a large monolingual Persian poetry
corpus containing 1M lines, that is publicly avail-
able 2. Then, we fine-tuned it on our parallel Mas-
navi Persian-English corpus (train set), denoted as
Persian poetry fine-tuned text-only model (PPFT).
We further used this model as the base for the rest
of the multi-modal models.

As it is shown in Figure 2, the third phase
regards developing the multi-modal NMT. This
model is defined by the interaction between two
high-dimensional latent spaces: the audio space
(Wav2Vec 2.0) and the semantic poetry space
(PPFT). In this system, two distinct encoders are
employed. The audio encoder (Wav2Vec 2.0 XLS-
R) (Babu et al., 2021) extracts phonetic representa-
tions, and the text encoder (PPFT), processes the
Persian verses. We implemented a multi-modal fu-
sion layer using a multi-head cross-attention mech-
anism (Vaswani et al., 2017). In result, the model
can identify phonetic details in the Masnavi recita-
tion to the related words or meaning in the verse.
The resulting multi-model model is called MM-
NMT model. Finally, fused multi-modal represen-
tation is converted into a target English sequence
by using the mBART50 decoder (Tang et al., 2020).

6 Evaluation Framework

Tables 2 and 3 respectively report the results of the
NMT/MMNMT models and the CSI-Evaluation on
the main parallel Persian-English corpus. The CSI

2Persian_poems_corpus: https://github.com/amnghd/
Persian_poems_corpus/tree/master
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Figure 2: Overview of our proposed multi-modal translation system developed for Persian poetry translation to
English.

Modality Model BLEU ChrF++ BERTScore COMET
Txt PPFT 9.85 32.77 0.876 0.579
Txt + Audio PPFT + Wav2Vec2 17.95 42.95 0.894 0.635

Table 2: Evaluation results for text-only baseline (PPFT) and multi-modal NMT (PPFT + Wav2Vec2) on Persian–
English translation of the Masnavi corpus.

evaluation is done on the both uni-modal and multi-
modal scenarios. Across all automatic metrics, the
MMNMT demonstrates substantial and consistent
improvements compare to the text-only model as
elaborated in Table 2. Although the PPFT model
performance metrics in Table 2 are reasonable for
a low-resource poetic MT baseline, they are clearly
limited. BLEU is conservative (paraphrase sensitiv-
ity), yet COMET and ChrF++ confirm the model
is still missing many correct realizations.

By integration of the audio recitations and build-
ing up the proposed MMNMT system, the BLEU
score and the the ChrF++ metric increased sig-
nificantly. Such improvements indicate an en-
hanced management of morphological variations
and character-level accuracy. Such character-level
precision holds particular importance for Persian-
to-English translation tasks. The semantic metrics
like BERTscore and COMET are also presented,
showing an increase from 0.876 to 0.894, and from
0.579 to 0.635, respectively. These two metrics
are less sensitive to exact lexical overlap and more
aligned with meaning and semantic preservation.
This clearly indicates that our proposed MMNMT
system produces translations that are semantically
closer to the references. Furthermore, the consis-

tent gains across all presented metrics, indicate that
incorporating audio information enhanced both the
fluency and the semantic adequacy of translations.

It is noteworthy that although the results have
improved, the overall scores are still moderated
compared to high-source prose translation tasks.
This is because most automatic metrics can not
fully measure the extent in which cultural and po-
etic meanings are preserved. For example, the con-
servative nature of metrics like BLEU often fails
to capture the semantic and artistic depth of poetic
translations. As noted by Cadotte et al. (2024),
quantitative scores may not reflect the "actual qual-
ity" of poetic MT, as translations can be correct and
culturally grounded even when they differ signif-
icantly from the reference string. Persian poetry
includes culture-specific terms. Translating these
correctly may not raise metric scores for word over-
lap or meaning similarity, but it is essential for
understanding and keeping the cultural value of the
text. This reinforces the necessity of defining a
CSI-Recall metric, as investigated in the next sec-
tion. Such metric provides a diagnostic of cultural
fidelity that is not captured by standard evaluation
metrics.
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Model Lexicon Scope Coverage(%) CSI-Recall (%)
PPFT strict_core_top 24.16 61.60
PPFT + Wav2Vec2 strict_core_top 24.16 82.04
PPFT soft_core_top 24.16 66.94
PPFT + Wav2Vec2 soft_core_top 24.16 89.04
PPFT broad_rank 69.66 51.77
PPFT + Wav2Vec2 broad_rank 69.66 75.73

Table 3: CSI-aware evaluation of text-only baseline (PPFT) and multi-modal NMT (PPFT + Wav2Vec2) on the
Masnavi corpus across three lexicon versions: strict_core (high-confidence gold-standard spans), soft_core (relaxer
version with all tagged spans and strong alignment), and broad (maximum coverage with minimal confidence
threshold).

6.1 CSI-Aware Evaluation

Table 3 presents the results of a culture-aware eval-
uation using our CSI taxonomy. This evaluation
verifies whether culturally important Persian terms
are correctly translated. Both the coverage and
CSI-Recall metrics are reported. Coverage shows
how many CSI words our dictionary knows. This
coverage has nothing to do with our models, it
only depends on the lexicon. Therefore, based on
only what the lexicon can judge, the coverage of
24.16% seems low. This means that only 24%
of CSI spans are lexicon-covered. Recall on the
other hand means that out of the CSI words we can
check, how many did the model translate correctly.

In all versions of our lexicons, the proposed MM-
NMT (e.g., PPFT + Wav2Vec2 model) achieved
higher recall than the uni-model PPFT. For in-
stance, as it is shown in Table 3, in the strict
core setting, CSI-Recall goes up from 61.60%
to 82.04%. Similar improvements appear in the
soft core and broad lexicon settings, where recall
rises from 66.94% to 89.04%, and from 51.77% to
75.73%, respectively. These results show that the
multi-modal model maintains considerably more
cultural information when exact cultural rendering
is required.

These gains illustrate that audio information
helps guide the model to a more culturally appro-
priate translation. As discussed earlier, the act of
recitation plays a vital role in how meaning is con-
veyed through rhythm, tone, pauses, and emphasis,
elements that don’t appear in writing, specifically
for poetry that are hard to read and understand like
Masnavi of Rumi. These sound-based features re-
veal much about the poem’s structure, mood, and
the poet’s intentions. The written Persian language,
particularly in classical poetry, is naturally ambigu-
ous.

When audio features are integrated with text,
translation models gain access to expressive and
structural details that written words alone cannot
capture. As supported by the results provided in
both Table 2, and Table 3, the resultant multi-modal
model enables translations that better preserve the
depth, and intent of Persian poetry, especially in
rich, culturally layered works from the classical
tradition.

It is important to note two limitations of this
evaluation. First, the core coverage is only 24%,
which means the metric currently judges limited
slice of CSI spans. Second, the CSI metric is
currently recall-only over lexicon-covered spans
(no precision), so it does not penalize hallucinated
CSI words or incorrect usage. In order to validate
that these gains are not caused by insignificant ef-
fects, we also demonstrated COMET/BERTScore
improvements presented in Table 2. Based on
the results, switching from text-only baseline to
a multi-modal model that used the audio recitation
has achieved a significant gain with a large and
consistent improvement across all metrics.

7 Future Work

This work focused solely on using CSI lexicon
as an evaluation step. In future work, we would
like to investigate the impact of using our refined
lexicon as an analytical resource for examining
cross-cultural transfer phenomena in our proposed
models. In addition, further refinement of the cre-
ated CSI lexicon, particularly through expanded
coverage, would strengthen its reliability. Finally,
because automatic metrics such as BLEU, ChrF++,
and BERTScore do not fully capture poetic fidelity,
we will incorporate structured human evaluation
protocols.
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Conclusion

This study explores both the computational and
cultural challenges of translating Rumi’s Masnavi-
ye-Ma’navi, a Persian mystical poetry known for its
intentional ambiguity and rich symbolism. Since
NMT systems show inadequacy in the low-resource
poetic settings, we developed the first multi-modal
translation framework specifically for classical
Persian poetry. Our main contributions are: (1)
creating a new parallel corpus with 26,571 pairs
of Persian-English verse from all six books of
the Masnavi, each accompanied by aligned audio
recitations; (2) establishing a domain-adapted base-
line through pre-training on Persian poetry corpus
followed by fine-tuning on our Masnavi dataset
(train set); (3) improving the model by integrating
acoustic features via cross-attention fusion mech-
anisms; and (4) creating a CSI taxonomy and lex-
icon for the evaluation of cultural preservation in
translation outputs.

The experiments show that adding audio greatly
improves the results across multiple dimensions.
Standard metrics show notable gains, BLEU in-
creased from 9.85 to 17.95, while ChrF++ goes up
from 32.77 to 42.95. More significantly, our CSI-
aware evaluation demonstrates that multi-modal
models better preserve cultural fidelity, with re-
call rising from 61.60% to 82.04% under strict
lexicon constraints. These findings confirm that
audio features and information help the model un-
derstand meaning more accurately and maintain
cultural authenticity. This work establishes a foun-
dation for culturally-aware machine translation of
classical poetry. It demonstrates that multi-modal
approaches can preserve the literary richness and
mystical depth that are central to Persian poetry.
Future research focus on expanding lexicon cov-
erage, investigating audio’s contribution through
systematic ablation studies, and using the lexicon
as an extra training resource to strengthen cultural
understanding in translation models.
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