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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
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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 (Hammarstrom
et al., 2025) and generated using Glottospace (Norder
etal., 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.!

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

"https://github.com/SilkRoad Aparsin

*Pronounced aparsin  p Ll 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.
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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:

e 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.
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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,



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 (Khanagin)
Luri Bakhtiari bgi  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/, /tf/, /3/, 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-
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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.



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 Corpus?, as well as two large-
scale Persian sentiment analysis datasets, namely
Digikala Sentiment * 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-
nAl, 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.

*https://www.kaggle.com/datasets/farhadkhan66/
pashto-translated-corpus
*https:/ /www.digikala.com/opendata/
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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

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

Manual Data Collection
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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-40-Mini (OpenAl, 2025b) to im-
prove interpretability. Dimensionality reduction
is performed using UMAP (Mclnnes 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
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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
guidelines®. 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 a
(KA) and the average pairwise Cohen’s s (CK).

Table 3 reports the agreement scores across the
Iranic language varieties. We observe substantial
agreement for Tonekaboni (o« = 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:
OpenAl: GPT-40 and GPT-40-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).

https://github.com/SilkRoad Aparsin/
Translation
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Language KA CK

Tonekaboni 0913 00913
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 Krippendorft’s «, measuring overall an-
notation reliability across multiple annotators, while
CK denotes the average pairwise Cohen’s , reflecting
annotator consistency at the pair level. Higher values
indicate stronger agreement.

5.1 Language Detection

We evaluate LL.Ms 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-40 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
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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-40 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.



Models

Lang Dialect Accent ‘ GPT-40 GPT-40-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 | 0.00 029 0.09 [0.00 0.15 030[0.00 021 023|000 0.01 0.00]0.00 001 028]0.00 004 0.20]0.00 0.16 032]0.00 044 1.00
Central Iran  Zoroastrian Dari  Yazdi 0.00 0.00 1.00|0.00 0.00 0.46|0.00 0.00 0.200.00 0.00 0.00|0.00 0.00 033 |0.00 0.00 0.33]0.00 0.00 1.00|0.00 000 0.49
Kurdish ~ Southern Southern 032 0.03 1.00 [024 0.03 100|014 0.00 0.35]0.01 000 001|049 021 1.00|0.17 0.14 100|024 0.04 100|023 0.00 1.00
Luri Southern General [ 0.11 030 0.00 [0.00 0.49 0.00]0.00 0.00 0.00]0.00 0.02 0.00|0.01 033 0.00]0.00 1.00 0.00|0.05 025 0.00]0.00 1.00 0.00
Pashto Central General 033 0.03 0.00 023 0.00 000|015 0.19 0.00]0.02 001 0.00]0.50 002 0.00|0.19 002 000|024 0.06 044|016 028 048
Persian Dari General [ 0.16 0.10 0.00 [032 0.07 000|032 0.05 0.19]0.08 0.00 0.00|024 024 0.19]024 0.13 023 |0.16 0.03 000|024 0.00 0.03
Persian Hazaragi Hazaragi 006 0.09 1.00 [0.14 0.06 049|015 0.00 037003 000 0.07]0.22 000 1.00|0.13 0.03 1.00|0.10 0.05 100|031 0.00 1.00
Persian Iranian General 050 0.32 050025 0.24 000]036 0.5 0.13]0.07 003 0.03]0.33 029 0.19]050 026 030|033 0.33 033|033 050 0.19
Persian Iranian Isfahani [ 0.14 0.10 0.00 [ 0.15 0.09 0.12]0.13 0.08 0.00]0.03 003 0.00]0.32 004 0.00|0.19 0.02 001|022 0.14 002|032 024 0.00
Persian Iranian Shirazi | 0.19 0.14 0.09 |0.24 011 0.00|0.18 0.17 0.03 [0.04 000 000(0.24 0.07 0.07 024 006 0.06|0.22 0.5 001|024 024 0.1
Persian Iranian Yazdi 016 0.17 0.00|0.22 0.11 0.00|0.17 0.7 0.00 0.0l 001 000|023 0.10 000|023 0.05 0.00|0.18 020 000|022 031 0.00
i i i [0.00 048 1.00[0.00 049 100000 035 038|000 0.07 0.04]0.00 100 1.00|0.00 049 1.00[0.00 023 1.00|0.00 050 1.00
Unclassified Dezfuli Dezfuli  [0.00 046 1.00[0.01 0.47 050|000 021 0.33]0.00 0.00 0.01]0.00 043 1.00]0.00 041 1.00[0.00 0.50 100|000 0.18 1.00
Macro-F1 [0.14 022 042018 020 048]0.13 0.14 031]0.02 002 0.02]0.15 0.18 0.45[0.13 0.17 047 [0.15 0.19 045]0.16 022 047

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

Language GPT-40 GPT-40-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-40 GPT-40-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-40 GPT-40-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



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
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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>




Stage 2: Dialect Identification

Task: Identify the dialect of the text (language
is given).
Output format (JSON): {"dialect”: "<LA-

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.

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): {7accent”: ”"<LA-
BEL>"}

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>

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:
GUAGE>

Text: <TEXT>

<TARGET__LAN-

C.3 Sentiment Classification

Sentiment classification is conducted using

metadata-aware prompting.
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Language/Dialect Example Transliteration English Standard Persian
of B L oS B
Semnani O &f » (2 4l khoshtona bakhow, Eat for yourself, dress (sl )52 o <lx

s martomona town ka for others. T e
Dezfuli ¢ AT si che For what? Sam S)x
Esfahani % Sl o= hajmi sandevichesh The size of his sandwich Cazi 56 g yhle o=
el Caa kolan nesf shodees has completely halved! |, =
Yazdi S o)l vik p s mokhom yagham para T want to tear my collar 1876l |y plad vl s
f{ e konam (from despair/anger)! f{ e
Zoroastrian Dari  not available tow kovari barem za From which direction =~ & V‘K 5 olsl

has the sun risen?

eg:,.w‘ o-\ﬁT)J

Tonekaboni . (‘J’T - L ama ham anim We are coming too. . f:LT‘}' - L
Kalhori D6 L8 O ey gyan arra Oh, our dear city. Obe s sl Ol (&
’ sharagaman
Luri Bakhtiari o> g JBle us 4 »  har che deish agel bi Unlike her mother, who sl 8§ Jsle e
khosh kalu’e was sensible, she seems . <
e g I
to be a fool. .ﬁj\) A
[YQV
Shirazi s 9 @ & kho pa chero namioy Then why don’t you ?dlsé L oM |
come?
Khorasani Wby S A2 oy yare cheqad khit reft Bro, that was such a A éh'a o Hlals
- waste!
Kabuli Dari S & ods 0y 2 1as Khoda khar ra didake ~ God knew the donkey 5l 4 & o3 |, = lus
PRy tLZ barash shakh nadada well, so He didn’t give it o5l CL:
horns.
Pashto cogd o 4B g hawa natsapeh sra shoeh The weather suddenly — .J% 5 . REg |5
became cold.
Hazaragi ool e £ kalo jaleb khad bud It would be very interest- 35 ol > L

ing.

Table 8: Examples across varieties: original sentence (Perso-Arabic script), transliteration, English translation, and
Standard Persian.
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Topic Modeling of Iranic Languages

Topics labeled with GPT-40-Mini, BGE-M3 embeddings, UMAP & HDBSCAN

Airport development
concerns

. Health and wellness
Future predictions expressions

Kurdish language
phrases

Children's Riddles

o
-~ _' \o.
4 £y
& o Religi
Ay eligious
Laptop perf@mance expressions in
reviews culture

Food delivery
feedback

Food quality issues

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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