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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.

20



 

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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