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Abstract

Diacritics are orthographic marks added to let-
ters to specify pronunciation, disambiguate lex-
ical meanings, or indicate grammatical distinc-
tions. Diacritics can significantly influence lan-
guage processing tasks, especially in languages
like Arabic, where diacritic usage varies widely
across domains and contexts. While diacritics
provide valuable linguistic information, their
presence can increase subword fragmentation
during tokenization, potentially degrading the
performance of NLP models. In this paper, we
systematically analyze the impact of diacrit-
ics on tokenization and benchmark task perfor-
mance across major Large Language Models
(LLMs). Our results demonstrate that while
modern LLMs show robustness to the limited
diacritics naturally found in texts, full diacriti-
zation leads to substantially increased token
fragmentation and degraded performance, high-
lighting the need for careful handling of diacrit-
ics in the future development of Arabic LLMs.!

1 Introduction

Diacritics are orthographic marks added to letters to
specify pronunciation, disambiguate lexical items,
or indicate grammatical distinctions. In morpholog-
ically rich languages such as Arabic, diacritics play
a critical role in conveying lexical and morphosyn-
tactic information as well. While Arabic diacritics
can help resolve ambiguity and enhance compre-
hension, their prevalence varies across domains:
highly prevalent in children’s books, religious texts,
and poetry, but largely absent in news articles and
user-generated content.

From an Arabic NLP perspective, diacritics are
double-edged. On one hand, they offer valuable
linguistic cues for downstream tasks (Habash et al.,
2016; Elgamal et al., 2024; Chen et al., 2024); on
the other, their presence introduces orthographic

!Code and data are available at https://github.com/
mbzuai-nlp/do_diacritics_matter.

variation that increases subword fragmentation
(Gorman and Pinter, 2025). This can lead to in-
efficiencies in representation and degraded down-
stream performance. Many Arabic NLP pipelines
sidestep this complexity by removing diacritics dur-
ing preprocessing (Antoun et al., 2020; Inoue et al.,
2021) and it remains unclear how robust LLMs are
to different degrees of diacritization.

In this work, we present the first systematic study
of how Arabic diacritics affect tokenization and
performance in LLM benchmarks. We evaluate
nine LLMs, including Arabic-centric, multilingual,
and proprietary models, on three widely adopted
Arabic benchmarks—ArabicMMLU (Koto et al.,
2024), ArabCulture (Sadallah et al., 2025), and
AraTrust (Alghamdi et al., 2025)—with varying
degrees of diacritization: (i) all diacritics removed,
(ii) naturally occurring diacritics, and (iii) full dia-
critization.

Our findings reveal that modern LLMs are gen-
erally robust to the sparse diacritics found in natu-
ral text; in fact, retaining these wild diacritics of-
ten yields better performance than removing them.
However, fully diacritized input consistently leads
to more fragmented tokenization, lower representa-
tional similarity, and significantly degraded perfor-
mance. These results highlight the importance of
careful diacritic handling in the future development
of Arabic LLMs.

Our contributions are as follows:

* We provide a systematic analysis quantifying
how Arabic diacritics affect tokenization pat-
terns in Arabic LLMs.

* We present empirical evidence demonstrating
the impact of diacritics on Arabic LLM per-
formance across major benchmarks.

* To our knowledge, this is the first systematic
analysis of how different degrees of diacritiza-
tion affect tokenization and LLM performance
in Arabic.
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2 Background

Arabic diacritics. Arabic script follows an abjad
orthography and consists of two classes of sym-
bols: letters and diacritics. Letters are always
written, whereas diacritics are optional. Written
Arabic may appear in fully diacritized, partially di-
acritized, or entirely undiacritized forms. Diacritics
are non-spacing marks added to letters to supple-
ment the script with phonological cues. While the
Arabic script includes many diacritics (52 in the
Unicode standard),? the core set used in most Mod-
ern Standard Arabic (MSA) contexts consists of
nine symbols grouped into four types: vowel, nuna-
tion, Shadda, and Dagger Alif. Vowel diacritics
represent the three short vowels in Arabic: Fatha
&1 g3 fa/, Damma o /u/, and Kasra <+ i /i/, along
with the Sukun < (silence), which marks the ab-
sence of a vowel. Nuntation diacritics: <+ @, & i,
and ;7 7, indicate indefiniteness and occur only at the
end of nominals (nouns, adjectives, and adverbs),
representing a short vowel followed by /n/. The
Shadda < ~ is a gemination marker that indicates
consonant doubling and applies to the consonant it
follows. It may co-occur with either a vowel or a
nunation diacritic. Finally, the special elongation
diacritic =+ 4 (aka Dagger Alif) indicates a long /a/
vowel (/a/).

It is worth noting that the Arabic consonant
Hamza (glottal stop /’/) can appear as a letter form
¢ * or as a diacritic that attaches to specific letters,

such as: 1A, | A, §W, % §. Unlike other diacrit-
ics, the omission of Hamzas is treated as a spelling
erTor.

Role of Arabic diacritics. In addition to marking
phonological cues, Arabic diacritics play a key role
in disambiguation at the lexical, morphological,
and syntactic levels. Functionally, they are often
categorized into lexemic diacritics and inflectional
diacritics (Habash and Rambow, 2007; Habash,
2010). Lexemic diacritics distinguish between two
or more lexemes. For example, the diacritics in the
words ;_,J";VkaAtib ‘writer’ and J?kaAtab ‘he
corresponded’, distinguish between the meaning of
the words rather than their morphosnytactic vari-
ants. Inflectional diacritics, distinguish different
inflected forms of the same lexeme. For instance,
these three forms of the word _s§ kaAtb ‘writer’

zhttps://unicode.org/charts/PDF/U@G@@.pdf
3 Arabic HSB transliteration (Habash et al., 2007).

vary in terms of their inflectional case and state:
58 kaAtibu ‘[nominative definite]’, 25 kaAtibi

‘[nominative indefinite]’, ;_.,.;KkaAtibi ‘[genitive

indefinite]’.
Domain %lines % words #diacs
(w/ diac) (w/diac) (per word)
Children 81.4 82.6 3.2
Poetry 81.2 53.8 2.1
Novels 50.8 5.6 1.4
UN 15.6 1.4 1.2
News 13.9 1.3 1.1
ChatGPT 58.1 5.3 1.9

Table 1: Statistics of diacritic usage in the Partially
Diacritized Dataset (PDD) of Elgamal et al. (2024).

Diacritic usage. Arabic text appears in varying
degrees of diacritization depending on the context,
genre, and audience. For example, children’s lit-
erature, poetry, and religious texts often include
extensive diacritic marking, aiding readers with
pronunciation and comprehension. On the other
hand, news articles and formal texts generally have
limited or no diacritics, as proficient readers typ-
ically rely on contextual clues without requiring
diacritics to disambiguate potential interpretations.

Table 1 presents the domain-wise statistics of di-
acritic usage from the Partially Diacritized Dataset
(PDD) (Elgamal et al., 2024), reporting the per-
centage of lines containing at least one diacritic
(%]lines), the percentage of Arabic words that in-
clude at least one diacritic (% words), and the av-
erage number of diacritics per diacritized Arabic
word (#diacs). The Children and Poetry subsets
exhibit the highest proportion of lines with dia-
critics (around 81% of lines), whereas News and
UN texts contain substantially fewer lines with dia-
critics (around 14-15% of lines). The percentage
of diacritized words differ significantly across do-
mains, where the Children domain has the highest
percentage with 82.6%, while UN and News do-
mains only include 1.3-1.4% diacritized words on
average.

In what follows, we use three distinct levels of
diacritization, following the terminology of Elga-
mal et al. (2024): (i) text with no diacritics, or
undiacritized text (undiac); (ii) text with naturally
occurring diacritics, or wild diacritics (wild); and
(iii) fully diacritized text (full).
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3 Related Work

Diacritization. Extensive research has been de-
voted to Arabic diacritization, with approaches
evolving from rule-based systems (Debili and
Achour, 1998; El-Imam, 2004; Nelken and Shieber,
2005) to feature-based machine learning models
(Zitouni et al., 2006; Habash and Rambow, 2007;
Roth et al., 2008; Pasha et al., 2014; Darwish et al.,
2017), and neural methods (Abandah et al., 2015;
Belinkov and Glass, 2015; Rashwan et al., 2015;
Mubarak et al., 2019; Zalmout and Habash, 2020;
Darwish et al., 2021; Elmallah et al., 2024; Mo-
hamed and Mubarak, 2025).

Beyond diacritization itself, several studies have
examined its impact on a range of downstream Ara-
bic NLP tasks, including machine translation (Diab
et al., 2007; Algahtani et al., 2016; Fadel et al.,
2019), homograph disambiguation (Alqahtani et al.,
2019), language proficiency assessment (Hamed
and Zesch, 2018), improving text readability (Es-
mail et al., 2022; ElNokrashy and AlKhamissi,
2024), text-to-speech synthesis (Ungurean et al.,
2008), and automatic speech recognition (Aldar-
maki and Ghannam, 2023).

Among this work, prior research has studied how
different degrees of diacritization (e.g., full or par-
tial) affect downstream task performance. Diab
et al. (2007) and Algahtani et al. (2016) investi-
gated this effect in the context of Arabic-to-English
machine translation. Habash et al. (2016) demon-
strated that the degree of diacritization in input text
correlates positively with the quality of morpho-
logical annotation. Several studies (AlKhamissi
etal., 2020; Bahar et al., 2023; Elgamal et al., 2024)
showed that providing partial diacritization as input
can improve the overall diacritization performance.
To the best of our knowledge, no previous work
has explored the impact of varying degrees of dia-
critization on the performance of LLMs.

Tokenization. Several studies have shown that
tokenizer selection and configuration play a crit-
ical role in shaping the performance of language
models (Bostrom and Durrett, 2020; Conneau et al.,
2020; Mielke et al., 2021; Gutierrez-Vasques et al.,
2021; Rust et al., 2021; Ogueji et al., 2021; Ma-
ronikolakis et al., 2021; Oladipo et al., 2022; Liang
et al., 2023; Ali et al., 2024; Limisiewicz et al.,
2023; Petrov et al., 2023; Wang et al., 2024). Work
in this area has shown that language-specific to-
kenizers can outperform multilingual ones (Rust
et al., 2021). Moreover, incorporating morphologi-

cal information into subword tokenization has been
found to improve model performance across var-
ious languages (Hofmann et al., 2021; Alyafeai
et al., 2023; Toraman et al., 2023; Fujii et al., 2023;
Arnett et al., 2024).

When it comes to diacritization and its effect
on tokenization, Gorman and Pinter (2025) point
out that most text preprocessing pipelines used to
train tokenizers do not follow consistent Unicode
normalization and almost always strip diacritics.
This practice leads to performance degradation in
LLMs across various languages that use diacrit-
ics, including Arabic. Stripping diacritics causes
them to be treated as out-of-vocabulary (OOV),
preventing models from learning meaningful rep-
resentations. Inconsistent usage of diacritics in the
training data also leads to low-frequency diacritic
tokens, causing over-segmentation (i.e., high token
fertility) and increasing both computational and
monetary costs. In our work, we take a systematic
approach to quantify the performance of various
LLMs across multiple benchmarks under varying
degrees of diacritization.

LLM benchmarking. Several benchmarks have
been proposed to evaluate LLMs on Arabic across
a variety of tasks. Koto et al. (2024) introduced
ArabicMMLU, an Arabic adaptation of the MMLU
benchmark (Hendrycks et al., 2021), constructed
from school exam questions. Mousi et al. (2025)
presented AraDICE, a benchmark targeting dialec-
tal Arabic and cultural understanding. Alwajih et al.
(2025) developed Palm, which spans both Modern
Standard Arabic (MSA) and dialects across 20 di-
verse topics. Hijazi et al. (2024) proposed ArabLe-
galEval to assess Arabic legal knowledge in LLMs.
Ashraf et al. (2025) introduced a benchmark fo-
cused on evaluating LLM safety in Arabic, while
Alghamdi et al. (2025) released AraTrust, designed
to evaluate trustworthiness in Arabic LLMs. Fi-
nally, Sadallah et al. (2025) presented ArabCulture,
a commonsense reasoning dataset in MSA that re-
flects cultural knowledge across 13 Arab countries.

Despite their breadth and value, these bench-
marks overlook the role of diacritization in Arabic.
Given that diacritics can significantly influence to-
kenization and model predictions, this remains a
critical gap in the evaluation of Arabic LLMs. In
this work, we address this limitation by systemati-
cally evaluating the performance of various LLMs
on ArabicMMLU, AraTrust, and ArabCulture un-
der varying degrees of diacritization.
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Vocabulary Size #subwords / #words #chars / #subwords
Tokenizer A A . R . R
Total Arabic (%) Diac. undiac wild full undiac wild full
AceGPT-v2 Instruct (8B) 128,256 1,176 0.9 77 2.6 4.2 5.8 1.8 1.5 1.5
ALLaM (7B) 64,000 36,797 57.5 954 1.4 2.7 4.0 3.2 2.4 2.2
Fanar Instruct (9B) 128,256 1,840 1.4 55 2.4 4.2 6.7 1.9 1.6 1.3
Jais Chat (13B) 84,992 8,518 10.0 7 1.9 5.0 9.3 2.4 1.3 0.9
Jais 2 Chat (8B) 150,222 9,390 6.3 5 1.9 5.5 10.1 2.4 1.2 0.9
Aya-Expanse (8B) 256,000 2,054 0.8 13 2.2 4.6 7.8 2.1 1.4 1.1
Llama-3.1 Instruct (8B) 128,256 1,176 0.9 77 2.6 4.2 5.8 1.8 1.5 1.5
Qwen3 (8B) 152,064 2,174 1.4 83 2.4 4.7 7.8 1.9 1.4 1.1
GPT-40 200,000 2,127 1.1 92 2.4 4.1 6.3 1.9 1.6 1.4

Table 2: Tokenizer vocabulary statistics and corpus-level tokenization statistics on Wild2MaxDiacs (Elgamal et al.,
2024). Arabic counts vocabulary items composed exclusively of Arabic characters; (%) is the corresponding share
of the vocabulary. Diac. counts vocabulary items containing any Arabic diacritic. Subword ratios are reported for
undiac (diacritics removed), wild (raw text), and full (full diacritization).

% Words with Equal Subword Counts

Jaccard Similarity (Average)

Tokenizer undiac-wild undiac-full wild-full undiac-wild undiac-full wild-full
AceGPT-v2 Instruct (8B) 8.6 0.2 24.3 0.43 +0.28 0.13 +0.12 0.40 40.32
ALLaM (7B) 24.6 6.7 27.9 0.13 +0.21 0.01 £0.04  0.24 4+0.34
Fanar Instruct (9B) 22.3 0.0 19.1 0.33 +0.26 0.10 +0.11  0.38 +0.33
Jais Chat (13B) 0.3 0.0 17.7 0.29 +0.28 0.05 +0.07  0.43 +0.32
Jais 2 Chat (8B) 0.1 0.0 17.8 0.27 +0.27 0.05 £0.07  0.46 40.31
Aya-Expanse (8B) 0.3 0.0 18.2 0.37 £0.30 0.09 £0.12  0.45 +0.33
Llama-3.1 Instruct (8B) 8.6 0.2 24.3 0.43 +0.28 0.13 +£0.12  0.40 +0.32
Qwen3 (8B) 7.4 0.0 18.0 0.37 +0.28 0.10 +£0.11  0.44 +0.34
GPT-40 22.6 0.0 20.7 0.32 +0.25 0.10 +0.11 0.37 +0.32

Table 3: Statistics on subword tokenization consistency computed on the Wild2MaxDiacs dataset. % Words
with Equal Subword Counts is the percentage of words whose subword count remains unchanged between the
diacritization settings. Jaccard Similarity is the overlap of subword sets between the diacritization settings.

4 TImpact on Tokenization

4.1 Diacritics and Tokenization

Impact on subword length. Table 2 shows the
tokenization statistics of the nine models we use
in this study, measured on the Wild2MaxDiacs
dataset (Elgamal et al., 2024) across three diacriti-
zation settings: undiac, wild, and full. We no-
tice that the percentage of Arabic tokens in the
vocabulary is comparable across most tokenizers,
except for ALLaM, where Arabic tokens account
for 57.5% of the vocabulary. Fertility (defined as
the average number of subwords per word) consis-
tently increases from the undiac to wild to full
settings across all tokenizers. This indicates that
the presence of diacritics, especially in fully dia-
critized form, leads to more fragmented tokeniza-
tion, highlighting the limited diacritic awareness
in the tokenizers. Token density (i.e., the aver-
age number of characters per subword) shows that
higher levels of diacritization lead to tokenization
behavior closer to the character level, most notably

in Jais tokenizers, where a single diacritic character
is tokenized into a multiple-byte sequence due to
the missing diacritic entry in the vocabulary. See
Section A for domain-wise statistics.

Tokenization consistency. Table 3 presents
statistics on tokenization consistency across dia-
critization settings. We compare tokenizers using
two metrics: the percentage of words whose sub-
word count remains unchanged across paired di-
acritization conditions, and the average Jaccard
similarity between the subword sets of those pairs.
Among the models, ALLaM, Fanar, and GPT-40
show the highest percentage of equal subword
counts in the undiac-wild condition, suggesting
better robustness to wild diacritization. In con-
trast, models such as Jais and Aya exhibit poor to-
kenization stability across diacritization settings,
indicating that these tokenizers are more sensi-
tive to diacritics. It is worth noting that having
close-matching subword counts does not necessar-
ily imply similar tokenizations. This is reflected
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Figure 1: Layer-wise cosine similarities of word-level representations for undiac-wild, undic-full, and
wild-full pairs. For each layer, we extract a single word vector by mean-pooling across its subword token
representations. Cosine similarity values are then averaged over a 3,000-word subset of the Wild2MaxDiacs dataset.
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Figure 2: Cosine similarities of word-level representations from the first layer for undiac-wild, undiac-full, and
wild-full parings. We provide domain-wise results in Section A.

in the relatively low Jaccard similarities observed
even when the percentage of words with equal sub-
word counts is high, as seen in ALLaM, Fanar, and
GPT-40. Meanwhile, high Jaccard similarity of
undiac-wild in AceGPT and Llama models can
be attributed to their near-character-level tokeniza-
tion. See Section A for domain-wise statistics.

4.2 Diacritics and Internal Representation

Layer-wise cosine similarity. To assess the im-
pact of diacritics beyond surface-level tokeniza-
tion artifacts, we measure layer-wise cosine sim-
ilarity between word-level representations across
three diacritization settings. For each word in the
Wild2MaxDiacs dataset, we compute the cosine
similarity between its representations under differ-
ent diacritization settings at each layer. Figure 1
shows how these similarities evolve across layers
for each model. Across all models, we observe
that cosine similarities increase across the lower
layers and approach 1.0 in the middle layers. This
can be attributed to inter-word anisotropy,* where

4See Section D for inter-word similarities within each
diacritization setting.

representations become increasingly aligned in di-
rection in intermediate layers (Ethayarajh, 2019;
Godey et al., 2024). We also observe that the
undiac-full pair exhibits the lowest cosine simi-
larity, which reflects the lowest Jaccard similarity
as seen in Table 3 (§4.1).

Embedding cosine similarity. To analyze the ef-
fect of diacritics at the embedding level, we present
the distribution of cosine similarities between rep-
resentations at layer O across different diacritiza-
tion conditions in Figure 2. Across all models,
the undiac-full comparison yields the lowest
similarity scores, followed by undiac-wild and
wild-full, reflecting a similar trend observed in
surface-level tokenization differences. Among the
models, Fanar exhibits higher cosine similarities
across all diacritization conditions, suggesting that
the embedding space is relatively invariant to dia-
critic presence, even in the case of undiac-full,
where the percentage of words with equal subword
counts is 0.0 with a low Jaccard similarity as seen
in Table 3.
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5 Impact on Benchmark Tasks

5.1 Diacritic Removal and Restoration

To assess the impact of diacritics on benchmark
task performance, we construct two modified ver-
sions of each dataset: one with diacritics removed
(undiac) and another with automatically added di-
acritics (full®). For diacritic removal, we use the
dediac_ar function in CAMeL Tools (Obeid et al.,
2020). For diacritic restoration, we use an auto-
matic diacritization system based on a BERT-based
morphological disambiguation model (Inoue et al.,
2022). Specifically, we use the extended version
introduced by Elgamal et al. (2024), which incorpo-
rates an improved re-ranking strategy, an expanded
morphological analyzer database, and full contex-
tual post-editing of diacritics, achieving a word-
level diacritization accuracy of 88.9%. As a result,
we obtain three versions of each sample in a given
dataset (undiac, wild, and full®) that differ only
in the degree of diacritization.

5.2 Benchmark

We evaluate on three widely used Arabic LLM
benchmarks: ArabicMMLU (Koto et al., 2024),
ArabCulture (Sadallah et al., 2025), and Ara-
Trust (Alghamdi et al., 2025). Diacritic process-
ing, as described above, is applied to the question
and answer option texts, as well as to the context
field in ArabicMMLU when available. Table 4
shows the statistics of diacritic presence across
these datasets under two conditions: the original
version (wild) and the automatically diacritized
version (full®). All benchmarks exhibit a similar
percentage of lines with diacritics (~16-17%) in
the wild setting. However, ArabicMMLU contains
substantially more diacritized words (19.0%) com-
pared to ArabCulture (1.5%) and AraTrust (1.2%).
The full® setting results in near-complete diacriti-
zation and is most comparable in coverage to the
Children domain in the PDD dataset. We also mea-
sure the similarity between the diacritic type distri-
butions of the benchmark datasets and the PDD sub-
sets using Jensen-Shannon divergence (Lin, 1991).
We observe that ArabicMMLU is most similar to
the News subset in terms of diacritic type distri-
bution in the wild setting, while ArabCulture and
AraTrust are closer to the Children subset. The
full version is the closest to the News domain
across datasets. For details, see Section E.
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Table 4: Statistics of diacritic usage in three Arabic
LLM benchmarks under wild and full* diacritization
levels (Diac.).

6 Experiment

6.1 Settings

Models. We run zero-shot experiments across
nine models categorized into three groups: (a)
Arabic-centric open-weight models, including
AceGPT-v2-8B (Liang et al.,, 2024), ALLaM-
7B (Bari et al., 2024), Fanar-9B (Fanar Team
et al., 2025), Jais-13B, and Jais-2-8B (Sengupta
et al., 2023); (b) multi-lingual open-weight mod-
els, including Aya-Expanse-8B (Dang et al., 2024),
Llama-3.1-8B (Grattafiori et al., 2024), and Qwen3-
8B (Yang et al., 2025); and (c) a closed-weight
model, GPT-40 (OpenAl et al., 2024). Based on
initial experiments, we found that instruction-tuned
versions of the open-weight models performed bet-
ter than their base counterparts, and we use them
throughout this work. For GPT-40, we use the
snapshot of gpt-40-2024-08-06. See Section B
for computational budgets to run these models.

Prompting. Following previous studies (Koto
et al., 2024; Sadallah et al., 2025; Alghamdi et al.,
2025), we adopt the best-performing setup, which
uses English prompts with English alphabetical out-
put for each benchmark dataset. For open-weight
models, we run our experiments on the LM Eval-
uation Harness (Gao et al., 2024), specifying zero
temperature (greedy sampling) following Sadallah
et al. (2025). We follow the standard evaluation
strategy of multiple-choice questions in the LM
Evaluation Harness, where the model computes the
likelihood of the prompt concatenated with each
answer option, and selects the option with the high-
est likelihood as its prediction. For GPT-40, we use
OpenAl’s Batch API, specifying a JSON response
containing only the answer character, with temper-
ature set to 0 and a fixed random seed of 12345
to ensure determinism. See Section C for further
details on prompts.



ArabicMMLU ArabCulture AraTrust

Model (n = 14, 455) (n = 3,482) (n = 522) Macro Average

undiac wild full® undiac wild full® undiac wild full®* undiac wild full®
AceGPT-v2 Chat (8B) 5721 57.0 4617 353 354 344 688 692 588" 538 539 464
ALLaM (7B) 70.0 70.0 6427 371 372 3537 833 835 770" 635 636 589
Fanar Instruct (9B) 653 653 556" 4471 449 4247 854 854 78.0" 651 652 58.6
Jais Chat (13B) 582 58.1 463" 423" 427 400t 787 795 5657 598 60.1 47.6
Jais 2 Chat (8B) 586 587 5097 369 368 370 73.6 736 6347 564 564 504
Aya-Expanse (8B) 589t 592 507" 350 349 329" 856 854 7647 598 599 533
Llama-3.1 Instruct (8B)  56.27  56.4 4251 354 353 334" 833 835 6217 583 584 460
Qwen3 (8B) 625 624 5667 350 350 3337 851 847 831 609 607 577
GPT-40 80.7 80.8 794" 882 883 872' 929 925 929 873 872 86.5
Model Average 63.1 63.1 547 433 434 418 819 819 720 627 628 562

Table 5: Accuracy scores of LLMs on benchmark tasks (ArabicMMLU, ArabCulture, AraTrust) across three
diacritization settings (undiac, wild, and full®). { indicates a statistically significant difference (McNemar’s test,
p < 0.05) from the wild setting. The best-performing scores in each setting are highlighted in bold. Underlined

scores are the best scores within the open-weight models.

ArabicMMLU" ArabCulture” AraTrust”

Model (n = 2,437) (n = 599) (n = 84) Macro Average

undiac wild full® undiac wild full® undiac wild full* undiac wild full®
AceGPT-v2 Chat (8B) 5777 567 4507 362 371 3260 786 81.0 726 575 582 500
ALLaM (7B) 733 737 6877 357 361 347 917 929 857 669 675 63.1
Fanar Instruct (9B) 689 69.1 579" 60.8" 61.9 558" 869 869 798 722 727 645
Jais Chat (13B) 592 587 443" 516" 536 4397 774 821 5607 627 648 48.1
Jais 2 Chat (8B) 629 635 514" 479 472 456 810 81.0 690" 639 639 553
Aya-Expanse (8B) 6057 623 5100 379 376 3260 940 929 869 642 642 568
Llama-3.1 Instruct (8B)  57.97 59.1 433" 372 369 327t 917 929 6557 623 629 474
Qwen3 (8B) 643 639 5717 386 387 339" 869 845 833 632 624 58.1
GPT-40 824 829 8057 925 925 927 964 952 952 90.5 902 89.5
Model Average 652 655 555 487 491 449 872 877 711 670 674 592

Table 6: Accuracy scores on benchmark subsets containing at least one diacritic in the Arabic text.

6.2 Results and Analysis

Main results. Table 5 shows the performance
of the nine models across the three diacritization
settings (undiac, wild, and full®) on the bench-
mark datasets (ArabicMMLU, ArabCulture, and
AraTrust). Among all the models, GPT-40 con-
sistently outperforms all others, demonstrating su-
perior performance and robustness to the diacritic
perturbations. Among open-weight models, AL-
LaM performs best on ArabicMMLU, Fanar on
ArabCulture, and Aya on AraTrust across the three
diacritization settings. For most models and bench-
marks, removing diacritics (undiac) resulted in
performance differences that are small and not sta-
tistically significant (McNemar’s test, p < 0.05)
relative to the original wild setting. Exceptions oc-
cur in five cases, where removing diacritics yields
a statistically significant performance drop for Aya

and Llama on ArabicMMLU, and for Fanar and
Jais Chat (13B) on ArabCulture, while it yields a
significant performance improvement for AceGPT
on ArabicMMLU.

On the other hand, automatic diacritization con-
sistently degrades performance across models and
benchmarks, with statistically significant decreases
observed in most cases, except for AceGPT and
Jais-2 on ArabCulture, and for Qwen and GPT-40
on AraTrust. Overall, these results suggest that
while modern LLMs are robust to the limited dia-
critics naturally found in typical real-world texts,
they struggle with extensively diacritized input.
This finding is particularly relevant for domains
such as children’s literature, educational materials,
and religious texts, where diacritics are commonly
used, highlighting the importance of careful dia-
critic handling when developing Arabic LLM:s.
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Figure 3: Cosine similarities of sentence-level representations from the first layer for undiac-wild, undiac-full,
and wild-full parings. Sentence embeddings are obtained by mean-pooling token representations at the first
layer. Each boxplot summarizes similarity scores across sentence pairs per benchmark (rows) and model (columns).
Higher similarity indicates less representational change induced by diacritization.

Subsets with wild diacritics. In Table 6, we
report on subsets of the benchmarks containing
at least one Arabic diacritic in the original text,
in order to explicitly examine model sensitivity
to diacritics. Consistent with the overall results
(Table 5), diacritic removal has minimal impact,
whereas full diacritization degrades performance.
Among Arabic-centric models, Jais Chat (13B) is
the most sensitive to diacritics, exhibiting a sub-
stantial performance drop from wild to the full*
setting across all benchmarks: 14.4 points decrease
on ArabicMMLU, 9.7 on ArabCulture, and 26.2
on AraTrust. This can be attributed to the tokeniza-
tion instability previously observed in the Jais tok-
enizer (§4.1), where the presence of diacritics leads
to substantial subword fragmentation. Finally, we
note that retaining wild diacritics often yields better
average performance compared to removing them
altogether. This finding contrasts with a historically
common preprocessing practice in Arabic NLP of
stripping diacritics during preprocessing (Antoun
et al., 2020; Inoue et al., 2021), suggesting that
such normalization may not be necessary and that
diacritics may instead need to be explicitly mod-
eled to robustly handle text with diacritics.

Internal representation. Figure 3 shows co-
sine similarities of sentence-level representations
at the first layer for three diacritization pairs
(undiac-wild, undiac-full, wild-full), across
three benchmarks (rows) and eight open-weight

models (columns). Across all benchmarks and
models, the undiac-wild pairs consistently ex-
hibit the highest cosine similarity, suggesting min-
imal representational change between these two
settings. This aligns with the minimal perfor-
mance variation observed between the undiac and
wild conditions. Conversely, the undiac-full
and wild-full comparisons show lower similarity
scores, indicating significant representational shifts
due to full diacritization, aligning with its observed
performance degradation under full diacritization.

7 Conclusion and Future Work

In this study, we systematically analyzed the impact
of Arabic diacritics on tokenization and the perfor-
mance of a range of LLMs across three standard
Arabic LLM benchmarks. Our findings show that
while modern LLMs exhibit reasonable robustness
to naturally occurring diacritics, a high degree of
diacritization leads to substantially increased token
fragmentation and performance degradation. These
findings highlight the need for thoughtful diacritic
processing and tokenizer configuration in building
LLMs for Arabic.

For future work, we plan to explore simulat-
ing domain-specific diacritic usage distributions
to evaluate LLMs under a wider range of diacritiza-
tion conditions. We also aim to investigate strate-
gies for optimizing the degree of diacritization. In
addition, we plan to extend our evaluation beyond
multiple-choice benchmarks.
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Limitations

This study has several limitations. First, our evalu-
ation is limited to zero-shot settings, potentially
differing from performance in few-shot or fine-
tuned scenarios. Second, automatic diacritization
inevitably introduces errors, which could influ-
ence the observed negative impact on model per-
formance. Third, due to resource constraints, our
experiments cover a limited selection of models
and benchmarks; additional models or tasks may
yield differing insights. Finally, our analysis pri-
marily targets Modern Standard Arabic, leaving
open questions regarding the impact of diacritics
in dialectal Arabic and other morphologically rich
languages.

Ethical Considerations

We use publicly available datasets and language
models solely for the purpose of evaluating lan-
guage model behavior under varying degrees of dia-
critization. We do not anticipate any potential risks
associated with this work, as it does not involve
the collection of personal data, sensitive content,
or human subjects. We used Al writing assistance
within the scope of “Assistance purely with the lan-
guage of the paper” described in the ACL Policy
on Publication Ethics.
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A Domain-wise Statistics

We provide domain-wise statistics in Figures 4 to 7.
Figure 4 shows the average subword length for each
domain in the Wild2MaxDiacs dataset (Elgamal
et al., 2024), measured across different tokenizers.
Figure 5 reports the percentage of words with equal
subword counts across domains for each diacriti-
zation pair. Figure 6 shows domain-wise Jaccard
similarities for each diacritization pair. Figure 7
shows cosine similarities of word-level representa-
tions from the first layer, where we extract a single
word vector by mean-pooling across its subword
token representations.

B Computational Budgets

All open-weight model inference experiments were
conducted using a single NVIDIA A100 GPU
(80GB). The total compute time was at most 24
GPU hours. The largest model evaluated in our
study has 13 billion parameters. For GPT-40, we
used OpenAl’s Batch API, with total API usage
costing no more than $15 USD.

C Prompts

For ArabicMMLU, we use the following prompt:

This is a {SUBJECT}.
correct answer!
Question: {QUESTION}
{OPTIONS}

Answer:

Here, SUBJECT, QUESTION, and OPTIONS are dy-
namically filled for each example. The OPTIONS
field consists of the answer choices, each prefixed
by an English alphabet label (A, B, C, or D), fol-
lowed by the corresponding option text.

For ArabCulture, we use the following prompt:

Select the

You are tasked with selecting
the most culturally appropriate
option based on the context
provided below.

Statement: {FIRST_STATEMENT}
Consider the cultural nuances and
choose the most suitable response
from the options provided.
Options:

{OPTIONS}

For AraTrust, we use the following prompt:

I will provide you with a question
and several options. Choose only

one answer.
Question: {QUESTION}
{OPTIONS}

Answer:

The QUESTION and OPTIONS fields are formatted
as in ArabicMMLU.

D Inter-word Cosine Similarity

Figure 8 shows the layer-wise inter-word co-
sine similarities of word-level representations for
undiac-wild, undic-full, and wild-full pairs.
For each layer, we extract a single word-level vec-
tor by mean-pooling over its subword token repre-
sentations. We then compute pairwise cosine simi-
larities between representations of 3,000 words in
the Wild2MaxDiacs dataset and report the average
similarity as an aggregate measure.

E Diacritic Distribution Comparison

Figure 9 illustrates the similarity between the
benchmark datasets and the PDD subsets (Elgamal
et al., 2024) in terms of diacritic type distribution,
quantified using Jensen-Shannon divergence (Lin,
1991).

F License

In Table 7, we list the license of the data and tools
used in this work. All of them are used under their
intended use.

Data/Tool License

ArabicMMLU (Koto et al., 2024) CC-BY-NC 4.0
ArabCulture (Sadallah et al., 2025) CC-BY-NC-SA 4.0

AraTrust (Alghamdi et al., 2025) MIT
LM Evaluation Harness (Gao et al., 2024) MIT
CAMeL Tools (Obeid et al., 2020) MIT

Table 7: License of the data and tools.
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Figure 4: Average subword length for each domain in the Wild2MaxDiacs dataset (Elgamal et al., 2024), measured
across different tokenizers.
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Figure 5: Percentage of words with equal subword counts across domains for each diacritization pair: undiac-wild,
undiac-full, and wild-full.
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Figure 6: Domain-wise Jaccard similarities for undiac-wild, undiac-full, and wild-full parings.
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Figure 7: Cosine similarities of word-level representations from the first layer for undiac-wild, undiac-full, and
wild-full parings.
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Figure 8: Layer-wise inter-word cosine similarities of word-level representations for undiac-wild, undic-full,
and wild-full pairs. For each layer, we extract a single word vector by mean-pooling across its subword token
representations. We then compute pair-wise cosine similarities among 3,000 words in the Wild2MaxDiacs dataset

and aggregate these cosine similarities by taking the average.
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Figure 9: Jensen-Shannon divergence (JSD) of diacritic distributions between each benchmark dataset (rows) and
the PDD dataset (Elgamal et al., 2024) (columns). Lower values indicate higher similarity in diacritic distributions.
Each subfigure compares the divergence under the wild (left) and full (right) diacritization settings.
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