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Abstract

Named Entity Recognition (NER) models
trained on clean text often fail on real-world
data containing orthographic noise. Work on
NER for Persian is emerging, but it has not
yet explored the orthographic robustness of
models to perturbations often exhibited in user-
generated content. We evaluate ParsBERT,
ParsBERT v2.0, BertNER, and two XLM-r-
based models on a subset of Persian-NER-
Dataset-500k after applying eleven different
perturbations, including simulated typos, code-
switching, and segmentation errors. All mod-
els were competitive with each other, but XLM-
r-large consistently displayed the best robust-
ness to perturbations. Code-switching, typos,
similar character swaps, segmentation errors,
and noisy text all decreased F1 scores, while
Latinized numbers increased F1 scores in Pars-
BERT. Removing diacritics, zero-width non-
joiners, and normalizing Yeh/Kaf all did not
have an effect on F1. These findings suggest
that Persian NER models require improvement
for performance on noisy text, and that the
Perso-Arabic script introduces unique factors
into NER not present in many high-resource
languages, such as code-switching and Eastern
Arabic numerals. This work creates a founda-
tion for the development of robust Persian NER
models and highlights the necessity of evaluat-
ing low-resource NER models under challeng-
ing and realistic conditions.

1 Introduction

Named Entity Recognition (NER) is a natural lan-
guage processing task where important objects,
such as a person, location, or organization, are
identified from text (Roy, 2021). Low-resource lan-
guages often lack tools to be used with existing
NER systems, and training data for low-resource
systems can be scarce (Murthy et al., 2018; Liu
et al., 2021). Persian, also known as Farsi, is
a low-resource language primarily used in Iran,
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Tajikistan, and Afghanistan. Written using a mod-
ified version of the Arabic script, Persian presents
unique challenges for NER due to its complex or-
thography, with ZWNJ characters and Yeh/Kaf
characters specific to Abjad-based scripts.

Work on evaluating the orthographic robustness
of NER models has recently mainly focused on
high-resource languages. Srinivasan and Vajjala
(2023) evaluate German, Hindi, and English NER
models on samples with changed entities and con-
text. Bodapati et al. (2019) evaluates English,
Spanish, Dutch, and German NER models on ro-
bustness to capitalization errors. Namysl et al.
(2020) brings to attention that sequence labeling
systems such as NER should work reliably with
corrupted inputs, as systems often process user-
generated content or error-prone upstream com-
ponents, and that NER systems are often trained
on clean text, making them prone to error in real-
world scenarios. They evaluated models on OCR
errors and misspellings and found that these er-
rors often significantly decreased model accuracy.
This work is important for NER models applied
to scenarios with user-generated content and vari-
ations, but many robustness findings from Latin-
script languages do not transfer to Abjad-based
scripts due to segmentation, joining behavior, and
numeral variation.

Recently, Persian NER research has been emerg-
ing, and various systems have been developed for
Persian NER. Mohseni and Tebbifakhr (2019) de-
veloped MorphoBERT, an NER model based on
morphological analysis. Farahani et al. (2021) cre-
ated ParsBERT, a monolingual BERT for the Per-
sian language. Datasets for Persian NER have
also been recently growing and spanning more do-
mains. Asgari-Bidhendi et al. (2021) constructed
ParsNER-Social, a corpus for NER in Persian so-
cial media. Shahshahani et al. (2018) create a stan-
dardized Persian NER dataset using Persian news
websites. While work exists on Persian NER mod-

110

Proceedings of the 2nd Workshop on NLP for Languages Using Arabic Script (AbjadNLP 2026), pages 110-114
March 28, 2026. ©2026 Association for Computational Linguistics



els and corpora for Persian NER, it does not focus
on text with real-world orthographic noise.

Work on orthographic robustness for Persian has
not yet been performed, but it is necessary. This
work makes three contributions: (1) we present the
first evaluation of orthographic robustness for Per-
sian NER, (2) we define eleven script-aware pertur-
bations reflecting Abjad-specific noise, and (3) we
identify segmentation errors and code-switching as
dominant failure modes for current Persian NER
models. The purpose of this paper is to (1) con-
struct a benchmark to evaluate Persian NER mod-
els on orthographic robustness and (2) analyze how
different perturbations affect current model perfor-
mance. We also aim to improve the inclusion of
Abjad-based scripts in NLP.

2 Materials and Methods

2.1 Data

We  use the  Persian-NER-Dataset-500k
(Hamidzadeh, 2024), a comprehensive Persian
NER dataset with approximately 500,000 tokens.
We use a stratified sample of 5,578 samples to
evaluate models in all experiments, ensuring label
balance while keeping the computational costs of
running three models on a large number of dataset
variants manageable. F1 scores on this dataset
range from 0.056 to 0.286 without fine-tuning
and 0.355-0.551 with fine-tuning (Ghasemi and
Salimi Sartakhti, 2025).

2.2 Orthographic Variants

To simulate real-world orthographic noise, we cre-
ated eleven variants of the original text by applying
the following perturbations.

¢ No Diacritics: All Arabic diacritics are re-
moved from tokens to simulate omission in
informal text.

¢ Normalized Yeh/Kaf: The Persian charac-
ters (s and ¢J are normalized to their standard
forms (s and S.

* No ZWNJ: The zero-width non-joiner
(ZWNJ) character is removed to simulate
segmentation errors.

* Typos: Random character substitutions are
introduced at 10% and 20% token-level prob-
abilities based on common confusion pairs in
Persian orthography to simulate typos.

* Similar Character Swaps: Confusable char-
acters such as &/ w and 3/j are swapped.

* Segmentation Errors: 10% of consecutive
tokens are merged to mimic tokenization mis-
takes.

* Code-Switching Names: Tokens are re-
placed or mixed with Latin script or foreign
names to simulate multilingual text.

* Noisy Text Variants: Two composite per-
turbations combining the above transforma-
tions for a more challenging test scenario.
Noisy Text 1 was a composite of typos (15%),
removal of diacritics, and Yeh/Kaf normal-
ization. Noisy Text 2 was a composite of
the removal of diacritics, similar characters
swapped, and typos (20%).

2.3 NER Models

Three Persian NER and two multilingual mod-
els were evaluated on all orthographic vari-
ants: bert-base-parsbert-ner-uncased
(ParsBERT), bert-fa-base-uncased-
ner-peyma (ParsBERT v2.0) (Farahani et al.,
2021), bert-fa-zwnj-base-ner (BertNER),
x1lm-roberta-base-wikiann-ner (XLM-
RoBERTa-base), and xlm-roberta-large-
finetuned-conllO3-english (XLM-
RoBERTa-large) (Conneau et al., 2020). We
evaluated all models without finetuning to
the dataset to isolate robustness effects from
task-specific adaptation. All experiments were
conducted on an NVIDIA Tesla T4 GPU (16GB
VRAM).

3 Results

We look at the model performance across all pertur-
bations to see how each perturbation affects NER
(Table 1). We also assess the reliability of perfor-
mance differences using paired two-sided ¢-tests on
per-example F1 scores and use non-parametric con-
fidence intervals with 1,000 resamples and a 95%
confidence interval (Table 2). Overall model per-
formance on the original text was similar in mono-
lingual models, with F1 scores ranging from 0.400
to 0.440 throughout all three models. XLM-R-
large achieved the highest F1 score of 0.463. These
scores are typical of this Persian NER dataset
(Ghasemi and Salimi Sartakhti, 2025). Removing
diacritics, removing ZWNIJ characters, and normal-
izing Yeh/Kaf all had minimal effects on all mod-
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els, displaying the models’ robustness to these per-
turbations. With Latinized numbers, performance
was relatively unchanged in most models, but in-
creased by 0.019 in ParsBERT.

When names of people, geopolitical entities,
and locations were Romanized (code-switching
names), a significant performance drop was exhib-
ited in all models. Models each dropped from
0.047-0.108 points, with XLM-R-large being the
most resistant. In the two noisy text samples com-
bining typos with other perturbations, performance
decreased significantly, from 0.041 to 0.058 in
Noisy Text 1, and 0.118 to 0.188 in Noisy Text 2.
In both composite perturbations, the multilingual
models were the most robust.

When segmentation errors were simulated, per-
formance decreased significantly to the lowest
level of all the perturbations of 0.205 to 0.259, de-
spite only 20% of tokens being affected. Similar
characters visually were swapped, imitating OCR
errors, resulting in a decrease in F1 scores to 0.286-
0.391. Applying typos to 10% and 20% of the to-
kens, F1 scores decreased but to a lesser extent than
other perturbations. Decreases of 0.026 to 0.044
were observed with 10% typos, and decreases of
0.053 to 0.082 were observed with 20% typos, with
XLM-R-large having the best performance in both
cases.

4 Discussion

We evaluate five NER models on eleven ortho-
graphic perturbations, revealing significant drops
in accuracy when processing text with certain per-
turbations. Segmentation errors created the largest
performance degradation across perturbations, de-
creasing model F1 scores to 0.205 to 0.259. This
F1 is approximately 45% less than the models’
original scores, suggesting that current Persian
NER models rely greatly on accurate segmenta-
tion. Models were also affected greatly by code-
switching, with drops of 0.047 to 0.108 points
exhibited. This could affect NER models used
in social media or other digital domains where
names, brands, and terms may be romanized or
in Latin script. Models all showed robust perfor-
mance when diacritics and ZWNJ characters were
removed, and Yeh/Kaf normalization was applied.
XLM-R-large, a multilingual NER model, was gen-
erally the most robust model across perturbations,
having better performance in difficult classification
scenarios than the other models.

Surprisingly, F1 increased in ParsBERT by
0.019 when numbers were Latinized. We hypoth-
esize that this occurs because the model was ex-
posed to Latinized numbers during training, or that
Eastern Arabic numerals introduce errors in Per-
sian segmentation. The minimal impact of the re-
moval of diacritics, ZWNIJ characters, and normal-
izing Yeh/Kaf was surprising. This robustness may
indicate that the models were trained using data
with these qualities.

Future work should develop strategies to incor-
porate perturbed data in training data for Persian
NER models to increase model robustness, or ex-
plore fine-tuning specifically for orthographic per-
turbations and real-world data. This benchmark
should also be expanded to include additional error
types or real-world data rather than synthetic data.
Using real-world user-generated data with typos
and real-world OCR data with errors would allow
the NER model’s orthographic robustness to be
evaluated for scenarios where it may be used. This
benchmark could also be expanded to investigate
dialect variations. New models for NER should
be evaluated, such as large language models with
Persian language support, to see if more training
data improves orthographic robustness, and multi-
lingual NER models should be used due to XLM-
R-large’s strong performance (Litake et al., 2023).
Persian error correction should continue to be a fo-
cus of research, as errors greatly impact NER, and
correction would mitigate errors and greatly im-
prove model accuracy.

These findings have great implications for Per-
sian NER models in production environments with
error-prone text. Current NER models, such
as ParsBERT and BertNER, work for processing
clean and well-formatted text, but social media
data, data with code-switching, and other user-
generated data likely require correction in NER
models. We recommend that researchers design
NER models for orthographic robustness and eval-
uate models on noisy test sets as well as standard
benchmarks.

5 Conclusion

This study presents the first evaluation of Persian
NER models for orthographic robustness. We cre-
ate eleven perturbation types to reflect real-world
noise and evaluate ParsBERT, ParsBERT v2.0,
BertNER, XLM-R-base, and XLM-R-large, five
publicly available NER models, on our benchmark.
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Variant ParsBERT ParsBERT v2.0 BertNER XLM-R-base XLM-R-large
Original Text 0.440 0.436 0.400 0.365 0.463
No Diacritics 0.440 0.436 0.400 0.365 0.463
Normalized Yeh/Kaf 0.440 0.437 0.400 0.366 0.463
No ZWNJ 0.440 0.436 0.394 0.366 0.464
Latinized Numbers 0.459 0.436 0.399 0.365 0.462
Typos (10%) 0.405 0.406 0.356 0.339 0.433
Typos (20%) 0.369 0.378 0.318 0.312 0.407
Similar Character Swaps 0.302 0.318 0.287 0.286 0.391
Segmentation Errors 0.243 0.243 0.216 0.205 0.259
Code-Switching Names 0.366 0.376 0.322 0.257 0.417
Noisy Text 1 0.382 0.391 0.342 0.324 0.422
Noisy Text 2 0.252 0.270 0.230 0.242 0.345

Table 1: F1 scores of Persian NER models under orthographic perturbations.

ParsBERT ParsBERT v2.0 BertNER XLM-R-base XLM-R-large
Perturbation AF1 Sig. AF1 Sig. AF1 Sig. AF1 Sig. AF1 Sig.
No Diacritics 0.000 ns 0.000 ns 0.000 ns 0.000 ns 0.000 ns
Normalized Yeh/Kaf 0.000 ns +0.001 ns 0.000 ns +0.001 ns 0.000 ns
No ZWNJ 0.000 ns 0.000 ns -0.006 ns +0.001 ns +0.001 ns
Latinized Numbers +0.019 *** 0.000 ns -0.001 ns  0.000 ns -0.001 ns
Typos (10%) -0.035  *#x -0.030 k0,044 kR 0026 kR 0,030 ckwE
Typos (20%) -0.071  ***  -0.058 Rk (0,082 FFE -(0.053 kR _(0.056  ckwE
Similar Char Swaps -0.138  **k* _0.118 Rk (0,113 kR 0079 kR (0,072 ckwE
Segmentation Errors -0.197  #**  -0.193 Rk 20.184  FEE 0160 R .0.204  FEE
Code-Switching Names -0.074 ***  -0.060 k0,078 kR (0108 kR 0,047 ckwE
Noisy Text 1 -0.058 **Ek_0.045 Rk (0,058 FEE L -0.041  kFE _(0.04] ek
Noisy Text 2 -0.188 ***  _0.166 Rk (0,170 kR (0,123 kR (118 ckwE

Table 2: Statistical significance of changes in F1 from orthographic perturbations. ns = not significant (p > 0.05);

% = ) < 0.001.

We find that XLM-R-large, a multilingual
model, has the best performance and orthographic
robustness of the models tested, but all models are
competitive. While competitive with each other,
all models require improvement for NER on noisy
text. Simulated typos, code-switching, segmenta-
tion errors, character swaps, and noisy text all cre-
ated large decreases in model accuracy, but models
were robust to Latinized numbers, no diacritics or
ZWNIJ, and normalized Yeh/Kaf.

This research creates a foundation for more ro-
bust Persian NER models and shows the need for
evaluating low-resource language NER models on
noisy data, simulating user-generated data. These
findings contribute to advancing low-resource and
Persian NLP research, creating reliable models in
real-world scenarios, and advancing the inclusion
of Abjad-based scripts in NLP.

Limitations

There are multiple limitations that should be con-
sidered in this study. First, this study only focuses

on five BERT-based Persian monolingual NER
models. Other model architectures may perform
better for Persian NER using perturbed data. Sec-
ond, the perturbations that we used may not com-
pletely reflect user-generated data, and real-world
errors stemming from processes typically upstream
from NER. Third, the dataset used may not com-
pletely reflect scenarios where NER is used, such
as in legal and scientific documents and in scenar-
ios where local dialects are used. Finally, findings
from Persian may not generalize to other similar
languages using similar scripts.
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