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Abstract
Transformer-based language models have revolutionized NLP, yet their adaptation to morphologically rich and
dialectally diverse languages such as Arabic remains non-trivial. We introduce ModernAraBERT, a resource-efficient
adaptation of the English-pretrained ModernBERT for Arabic, employing continued pretraining on large Arabic corpora
followed by lightweight head-only fine-tuning with a frozen encoder. This strategy retains cross-lingual knowledge
while capturing Arabic morphology and orthographic variation, offering a scalable alternative to training monolingual
models from scratch. We evaluate ModernAraBERT on three representative Arabic NLP tasks, sentiment analysis,
named entity recognition, and extractive question answering, against strong Arabic-specific and multilingual baselines
(AraBERTv1, AraBERTv2, MARBERT, mBERT). Across all tasks, ModernAraBERT achieves consistent and often
substantial improvements, particularly for sentence and token-level understanding, demonstrating that modern
English encoder architectures can be efficiently transferred to Arabic through language-adaptive pretraining. Beyond
Arabic, our findings highlight a generalizable paradigm for extending state-of-the-art models to morphologically
complex and underrepresented languages with reduced computational overhead.

Keywords: Language Modeling, Less-Resourced, Named-Entity Recognition, Question Answering, Senti-
ment Analysis

1. Introduction

Transformer-based language models such as
BERT (Devlin et al., 2019) have transformed natu-
ral language processing (NLP) by enabling large-
scale pretraining on vast unlabeled corpora and
achieving superior generalization across diverse
downstream tasks (Gardazi et al., 2025). Despite
these advances, adapting such models to morpho-
logically rich and underrepresented languages re-
mains a central challenge.

Arabic, in particular, presents linguistic and com-
putational complexities that make direct transfer
from English-trained models non-trivial (Matrane
et al., 2023). Arabic is characterized by a rich
and productive morphology, complex affixation, and
multiple orthographic variants. Furthermore, its lin-
guistic diversity spanning Modern Standard Arabic
(MSA) and numerous regional dialects introduces
wide syntactic and lexical variation. These factors
complicate tokenization, representation learning,
and semantic modeling, often resulting in degraded
performance when English-centric architectures
are applied directly. Moreover, the relative scarcity
of balanced and curated corpora across dialects
and comparatively lower compute investment limit
the effectiveness of both monolingual and multilin-
gual models, making efficient adaptation strategies
particularly valuable.

Recent efforts in Arabic NLP have yielded signif-

icant progress through transformer-based models
trained specifically for Arabic. Early models such
as AraBERT (Antoun et al., 2020) and its successor
AraBERTv2 introduced large-scale pretraining on
MSA corpora, improving performance in text clas-
sification, sentiment analysis, and Named-entity
Recognition tasks. Subsequent variants like AR-
BERT, MARBERT (Abdul-Mageed et al., 2021a), and
CAMeLBERT (Inoue et al., 2021a) expanded cov-
erage to dialectal and social media text, demon-
strating that morphology-aware tokenization and
domain diversification substantially enhance down-
stream accuracy. However, these models require
full pretraining from scratch, demanding a huge
computational resources and often duplicating the
training process already performed for English mod-
els. Conversely, multilingual transformers such
as mBERT (Devlin, 2018; Alammary, 2022) and
XLMR (Conneau et al., 2020) include Arabic in their
joint corpora but underperform on Arabic-specific
benchmarks due to shared vocabularies and limited
language-specific optimization.

Parallel to these developments, modern English
encoder architectures have evolved toward greater
efficiency and representational capacity. Mod-
ernBERT (Warner et al., 2024a) exemplifies this
trend by integrating rotary positional embeddings
(RoPE) (Su et al., 2024), alternating global-local
attention layers, and GeGLU activations (Shazeer,
2020), trained over two trillion tokens across di-
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verse text and code corpora. These architectural
and optimization refinements enable faster conver-
gence, higher throughput, and improved contex-
tual representations compared to classical BERT.
However, no prior work has investigated the po-
tential of adapting such a modern English-centric
model to morphologically complex languages like
Arabic, particularly through resource-efficient trans-
fer strategies.

To address this gap, we propose Mod-
ernAraBERT, a resource-efficient adaptation
of ModernBERT for Arabic NLP. Our approach
combines full pretraining on curated Arabic
corpora with lightweight task-specific fine-tuning
using a frozen encoder backbone. This method
preserves the robust contextual and syntactic
knowledge acquired in English while introducing
Arabic morphological and lexical representations
during adaptation. We evaluate ModernAraBERT
across three representative Arabic NLP tasks,
sentiment analysis (SA), named entity recognition
(NER), and extractive question answering (QA),
and benchmark it against four strong baselines:
AraBERTv1, AraBERTv2, MARBERT, and mBERT.
The model consistently outperforms all baselines,
achieving an improvement of up to +16.7% in
Macro-F1 for SA and +11.5% for NER, while
maintaining competitive computational efficiency.

The main contributions of this paper are sum-
marized as follows:

• We present the first adaptation of the Mod-
ernBERT architecture to Arabic through con-
tinued pretraining and frozen-head fine-tuning,
achieving strong results with substantially
lower training cost compared to training from
scratch.

• We provide a comprehensive comparative
study across three key Arabic NLP tasks
demonstrating significant gains over estab-
lished baselines (AraBERTv1, AraBERTv2,
MARBERT, and mBERT).

• We analyze computational efficiency and re-
source utilization during head training, re-
vealing that while ModernAraBERT requires
higher VRAM, it delivers superior downstream
accuracy, offering a practical trade-off between
performance and efficiency.

• We discuss tokenizer-level effects, highlighting
how the Byte-Level BPE tokenizer of Modern-
BERT influences Arabic span-extraction per-
formance, contributing to ongoing discourse
on tokenizer design for morphologically rich
languages.

The remainder of this paper is organized as fol-
lows. Section 2 reviews prior research on Ara-
bic transformer models, multilingual encoders, and

cross-lingual adaptation strategies. Section 3 de-
scribes our pretraining and fine-tuning pipeline.
Section 4 details the experimental setup and bench-
marks. Section 5 presents results and analysis. We
conclude in Section 6.

2. Related Work

Arabic Transformer Models. The introduction
of AraBERT (Antoun et al., 2020) established a
new standard for Arabic NLP by pretraining a
BERT-style model exclusively on MSA corpora.
AraBERTv2 improved upon this by expanding the
pretraining data to over 200M sentences and enlarg-
ing the vocabulary to 64K tokens, thereby improving
lexical coverage and reducing token fragmentation.
Subsequent efforts produced specialized variants
such as ARBERT and MARBERT (Abdul-Mageed
et al., 2021a), the latter trained on over one billion
Arabic tweets to capture dialectal variation. Other
notable models include CAMeLBERT (Inoue et al.,
2021a), optimized for various Arabic linguistic tasks,
and QARiB (Abdelali et al., 2021b), designed for
dialect and topic diversity. Despite their success,
these models require extensive compute resources
for full scale pretraining and remain constrained
by monolingual training strategies that limit cross-
lingual knowledge transfer.

Multilingual Encoders. Multilingual BERT
(mBERT) (Devlin, 2018) and XLM-R (Conneau
et al., 2020) represent attempts to generalize a
single model across over one hundred languages,
including Arabic. While such models facilitate
zero-shot and cross-lingual transfer, their shared
subword vocabulary and language-agnostic
objectives dilute morphological representation for
languages like Arabic. Empirical studies (Farha
and Magdy, 2021; Alammary, 2022) confirm
that Arabic-specific transformers consistently
outperform multilingual ones in fine-grained
tasks such as NER, POS tagging, and sentiment
classification. Thus, while multilingual models
offer broad linguistic coverage, Arabic-focused
adaptation remains essential for high-fidelity
morphological modeling.

Cross-lingual Adaptation and Efficiency. Re-
cent research has explored adapting pretrained En-
glish models to new languages via continued pre-
training or language-adaptive fine-tuning (Artetxe
et al., 2020; Chau et al., 2020). These methods
exploit shared linguistic structures to reduce train-
ing cost while retaining cross-lingual generaliza-
tion. In Arabic NLP, adaptation studies (Abdelali
et al., 2021c) have shown promising results, but
are limited to older architectures such as BERT
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or RoBERTa. None have yet explored adapta-
tion of modern encoder architectures like Modern-
BERT, which combine structural improvements with
more efficient attention and activation mechanisms.
Moreover, tokenizer-level research (Qarah and Al-
sanoosy, 2024) comparing WordPiece, Sentence-
Piece, and Byte-Level BPE (BBPE) suggests that
BBPE, used in ModernBERT, offers superior mul-
tilingual coverage but may degrade extractive QA
performance due to unstable span boundaries, an
effect aligned with our QA results.

Summary. In contrast to prior Arabic and mul-
tilingual models, our work adapts a modern En-
glish encoder trained on large-scale data and in-
tegrates it into Arabic NLP pipelines through an
efficient, two-phase approach. This allows us to
bridge the gap between monolingual pretraining
and multilingual generalization, providing both em-
pirical insights and practical methods for resource-
conscious model transfer to morphologically rich
languages.

3. Methodology

Our methodology builds on the hypothesis that
large-scale English-pretrained encoders encode
transferable cross-lingual knowledge that can be ef-
fectively adapted to morphologically rich languages
such as Arabic. Instead of training a new Ara-
bic model from scratch, which is both computa-
tionally expensive and data-intensive, we employ
continued pretraining on curated Arabic corpora.
This strategy retains the syntactic and semantic pri-
ors acquired during large-scale English pretraining
while specializing the model for Arabic morphology
and orthography. Prior research (Gururangan et al.,
2020; Pfeiffer et al., 2021) has shown that domain
and language-adaptive pretraining yields superior
results to monolingual training under constrained
resources. Similarly, multilingual models such as
mBERT demonstrate that English initialization can
match or even exceed dedicated Arabic models on
some tasks (Alammary, 2022). Our approach thus
provides a scalable, resource-efficient alternative
that benefits from both cross-lingual transfer and
Arabic-specific adaptation.

3.1. Pretraining Corpora

We compiled a large-scale Arabic corpus from
four publicly available sources: OSIAN (Imad
Zeroual, Dirk Goldhahn, Thomas Eckart, Abdel-
hak Lakhouaja, 2019), the Arabic Billion Words
dataset (Ibrahim Abu ElKhair, 2016), the Arabic
Wikipedia dump (ArW, 2025), and the OSCAR
Arabic dataset (Julien Abadji, Pedro Ortiz Suarez,

2022). These corpora jointly cover Modern Stan-
dard Arabic (MSA) and a variety of dialectal forms.

The preprocessing steps included:

• Diacritics removal: to reduce sparsity arising
from inconsistent annotation across sources.

• Elongation (tatweel) removal: to eliminate
stylistic markers that do not contribute seman-
tic value.

• Punctuation and special characters removal:
to reduce noise from web and social media
text.

To enhance morphological representation, we ap-
plied the Farasa segmenter (Abdelali et al., 2016)
for affix and root segmentation. The final corpus
contained over six million sentences, totaling ap-
proximately 17 GB of normalized Arabic text.

3.2. Tokenization
We extend the original ModernBERT Byte-level
Byte-Pair Encoding (BBPE) vocabulary with 80,000
Arabic-specific tokens using the following determin-
istic pipeline. First, we apply the same Arabic text
normalization described in Section 3.1 to all cor-
pora used for tokenizer construction. Second, we
run Farasa segmenter on the normalized text and
extract candidate sub-units from its outputs (pre-
fixes, stems, suffixes), in addition to keeping the
surface form when segmentation fails. We build
a global frequency table across all candidates in
the tokenizer-building corpus, and filter candidates
by simple rules such that we keep only tokens
composed primarily of Arabic script (Unicode Ara-
bic blocks), discard tokens that are only punctu-
ation/whitespace, and remove pathological short
tokens, such as single-character symbols and digit-
only strings. Then, we remove any candidate that
already exists in the original ModernBERT BBPE
vocabulary to avoid duplicates and unintended col-
lisions. From the remaining candidates, we select
the top 80K tokens by frequency and append them
to the tokenizer as additional tokens using vocabu-
lary expansion rather than training a new tokenizer
from scratch. Newly added token embeddings are
randomly initialized and learned during continued
pretraining together with the rest of the model pa-
rameters.

The choice of 80K tokens was empirically val-
idated. As shown in Figure 1, Arabic follows a
long-tailed frequency distribution, where most to-
kens occur rarely. Our analysis of token frequency
(left) and coverage versus vocabulary size (right)
demonstrates that coverage improves sharply with
vocabulary size but plateaus around 80K tokens.
Beyond this point, additional tokens provide neg-
ligible coverage gains. Selecting 80K therefore
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balances corpus coverage with computational ef-
ficiency. This cutoff is also consistent with prior
Arabic BERT models: AraBERT employs a 64K
vocabulary, while MARBERT uses 95K.

3.3. Model Training
Our model is based on the publicly available Mod-
ernBERT architecture ModernBERT-base with 22
transformer layers. The embedding layer was re-
sized to accommodate the extended Arabic vocab-
ulary. Pretraining followed the Masked Language
Modeling (MLM) objective for three epochs, with
sequence lengths of 128 in the first two epochs and
512 in the final epoch to balance efficiency and con-
textual coverage. The context length was limited
to 512 tokens for comparability with baselines like
AraBERT. Optimization used AdamW (Loshchilov
et al., 2017) with cosine learning rate decay and gra-
dient clipping. The training progress was tracked
via loss and perplexity on a held-out validation set.
We initialize ModernAraBERT from the publicly
released English ModernBERT-base checkpoint
and perform continued pretraining on Arabic cor-
pora. The base architecture follows ModernBERT-
base (22 encoder layers, hidden size 768, 12 at-
tention heads, GeGLU feed-forward; (Warner et al.,
2024a)). We extend the tokenizer vocabulary by
80K Arabic tokens and resize the embedding matrix
accordingly.

The model used in this work is based on the
publicly available ModernBERT-base 1 architecture
as shown in Figure 2.

Our pretrained ModernAraBERT has been
made available 2. For reproducibility, we summa-
rize key pretraining hyperparameters in Table 1,
and Training and benchmark evaluation scripts are
also made available in our repository 3.

4. Experimental Setup

To evaluate the effectiveness of our adaptation strat-
egy, we assess ModernAraBERT across three rep-
resentative Arabic NLP tasks. These tasks collec-
tively capture sentence-level, token-level, and span-
level reasoning, enabling a holistic assessment of
the model’s generalization capabilities. We com-
pare against four strong baselines: AraBERTv1,
AraBERTv2, MARBERT, and mBERT, covering both
monolingual and multilingual transformer architec-
tures.

All experiments follow a controlled fine-tuning
protocol where the pretrained encoder is kept
frozen, and only lightweight task-specific heads
are optimized. This setup isolates the contribution

1ModernBERT-Base
2Huggingface ModernAraBERT
3Repository Link

Item Pretraining settings
Initialization Initialized from

answerdotai/ModernBERT-
base and continued MLM
pretraining on Arabic

Objective Masked Language Modeling
Corpora OSIAN + Arabic Billion Words

+ Arabic Wikipedia + OSCAR
Arabic

Epochs 3
Max sequence length 512
Batch size (per step) 32
Gradient accumula-
tion

2

Effective batch size 64
Learning rate 5× 10−5

Warmup ratio 0.001
Precision fp16 enabled
Hardware 1× NVIDIA A100 40GB

Table 1: Key pretraining settings for Mod-
ernAraBERT.

of continued pretraining on Arabic corpora, while
reducing the risk of overfitting on limited task data.
Detailed descriptions of hardware, datasets, and
training configurations are provided below.

4.1. Computational Environment
All pretraining and fine-tuning experiments were
conducted on a single high-performance comput-
ing node equipped with 12 CPU cores, 32 GB RAM,
and a 40 GB NVIDIA A100 GPU. We used the Hug-
ging Face Transformers (Wolf et al., 2020) and Py-
Torch libraries for all experiments. Random seeds
were fixed across runs to ensure reproducibility.
The sequence length was capped at 512 tokens to
maintain comparability with AraBERT while fitting
within GPU memory limits.

4.2. Fine-Tuning Strategy
During this phase, the pretrained encoder parame-
ters were frozen and only the task-specific classi-
fication heads were fine-tuned. This strategy was
selected to (i) reduce training time, (ii) minimize
overfitting on relatively small task datasets, and
(iii) assess the quality of representations obtained
during continued pretraining.

Unless otherwise specified, all tasks were trained
with a maximum of 200 epochs, early stopping
patience of 10 epochs, AdamW optimizer, and a
dropout ratio of 0.1 for regularization, except NER,
which converged reliably within 5 epochs. For NER,
we observed rapid convergence and no validation
gains beyond 5 epochs under the frozen-backbone
setting, and we therefore fixed the training budget
to avoid overfitting. Unless otherwise stated, we
report results averaged over 3 random seeds for

https://huggingface.co/answerdotai/ModernBERT-base
https://huggingface.co/answerdotai/ModernBERT-base
https://huggingface.co/gizadatateam/ModernAraBERT
https://github.com/giza-data-team/ModernAraBERT
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Figure 1: Vocabulary size analysis. Left: Token frequency histogram (log scale). Right: Coverage vs.
vocabulary size, with the chosen cutoff at 80K tokens.

Figure 2: ModernBERT architecture with extended
tokenizer vocabulary size and embedding layer.

different initialization of task heads and data shuf-
fling. We use early stopping on the validation set
and report the best checkpoint.

4.3. Sentiment Analysis
We benchmarked sentiment classification using
three datasets:

• Hotel Arabic Reviews Dataset (HARD) (El-
nagar et al., 2018), comprising reviews in both
Modern Standard Arabic (MSA) and dialectal

Arabic. Following (Antoun et al., 2020), we ex-
cluded neutral 3-star reviews, yielding a binary
classification setting (Ashraf Elnagar, Yasmin
S. Khalifa, Anas Einea, 2017).

• Arabic Jordanian General Tweets (AJGT)
Corpus4, containing 1,800 tweets labeled as
positive or negative (Khaled Mohammad Alo-
mari, 2016).

• Large-Scale Arabic Book Reviews
(LABR) (Aly and Atiya, 2013), using the
unbalanced binary version for consistency
with prior work (Mohamed Aly, Amir Atiya,
2013).

For datasets without predefined splits, we fol-
lowed a 60/20/20 train/validation/test partition.
Sentence-level representations were derived from
the [CLS] token and passed to a classification
head for binary or multi-class prediction. Perfor-
mance was measured using Macro F1-score.

4.4. Named Entity Recognition

NER experiments were performed on the ANER-
Corp dataset (Benajiba et al., 2007a), using the
official CAMeL Lab splits provided via Hugging-
Face (Obeid et al., 2020). The dataset includes
entities such as Person, Location, and Organi-
zation (Ossama Obeid, Nasser Zalmout, Salam
Khalifa, Dima Taji, Mai Oudah, Bashar Alhafni, Go
Inoue, Fadhl Eryani, Alexander Erdmann, and Nizar
Habash, 2020).

We adopted the IOB2 tagging
scheme (Ramshaw and Marcus, 1999). To
ensure correct alignment under subword tokeniza-
tion the first subtoken of each word was assigned
the gold entity label. In addition, continuation

4AJGT Dataset

https://github.com/komari6/Arabic-twitter-corpus-AJGT
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subtokens were either mapped to the correspond-
ing I-label (e.g., B-PER → I-PER) if available, or
masked with -100 during loss computation.

This setup ensures entity-level consistency and
avoids label fragmentation across subtokens. A
token classification head was placed above the en-
coder, with evaluation reported as micro F1-score
at the entity level.

4.5. Question Answering
For extractive QA, we combined Arabic-
SQuAD (Hussein Mozannar, Elie Maamary,
Karl El Hajal, Hazem Hajj, 2019b,a) with 50%
of ARCD (Mozannar et al., 2019) as training
data, reserving the remaining 50% of ARCD for
testing. This setup provides both coverage and
comparability with prior Arabic QA studies.

The QA head comprised the pretrained encoder,
a prediction layer, and a linear classifier producing
start and end span logits. Regularization was ap-
plied via dropout (0.1). Hyperparameters included
200 training epochs, AdamW optimizer (learning
rate 3× 10−5), batch sizes of 64 for AraBERT and
32 for ModernAraBERT, and early stopping based
on validation F1.

Question–context pairs were tokenized to a max-
imum of 512 tokens with a document stride of 128
for long contexts. Character-level answer spans
were mapped to token indices, and cross-entropy
loss was computed jointly over start and end posi-
tions. During inference, the predicted answer span
was extracted by selecting the start–end token pair
with maximum joint probability.

Evaluation followed standard extractive QA met-
rics: Exact Match (EM), token-level F1, and Sen-
tence Match (SM), providing complementary mea-
sures of exactness, token overlap, and semantic
alignment.

In summary, our experimental setup provides a
rigorous and fair evaluation of ModernAraBERT.
By freezing the encoder and fine-tuning only
lightweight task heads, we isolate the effects of
Arabic-adaptive pretraining while controlling for
overfitting. The evaluation spans three comple-
mentary task types across widely adopted Ara-
bic benchmarks. Comparisons with both Arabic-
specific (AraBERTv1, AraBERTv2, MARBERT) and
multilingual (mBERT) baselines ensure that perfor-
mance gains are representative of current state-of-
the-art models.

5. Results and Discussion

This section presents the empirical results of Mod-
ernAraBERT across the downstream Arabic NLP
tasks. We analyze both absolute performance and
relative improvements over competitive baselines,

focusing on how continued pretraining on Arabic
corpora enhances linguistic transfer while balanc-
ing computational efficiency.

5.1. Sentiment Analysis
Table 2 reports Macro-F1 scores for all sentiment
analysis benchmarks. ModernAraBERT achieves
the highest performance across all datasets, outper-
forming every baseline by a clear margin. Notably,
these results were obtained with a frozen encoder
and fine-tuning limited to the task-specific classi-
fication head, underscoring the effectiveness of
continued pretraining in improving sentence-level
representations.

Table 2: Macro-F1 (%) comparison of Mod-
ernAraBERT and baselines across sentiment
datasets. Best scores per dataset are in bold.

Model LABR HARD AJGT
AraBERTv1 45.35 72.65 58.01
AraBERTv2 45.79 67.10 53.59
mBERT 44.18 71.70 61.55
MARBERT 45.54 67.39 60.63
ModernAraBERT 56.45 89.37 70.54

Across all three datasets, ModernAraBERT sur-
passes the strongest baseline (AraBERTv1) by
+11.1, +16.7, and +12.5 % in Macro-F1 on LABR,
HARD, and AJGT, respectively. These improve-
ments are substantial considering that all models
share similar fine-tuning settings and that the en-
coder backbone remained frozen during task adap-
tation.

The largest gain is observed on the HARD
dataset, which includes both Modern Standard
Arabic (MSA) and dialectal Arabic reviews. Here,
ModernAraBERT achieves 89.37%, outperform-
ing all baselines by a wide margin (+16.7% over
AraBERTv1, +17.7% over mBERT). This indicates
that the model’s continued pretraining effectively
enriches subword and morphological representa-
tions, allowing it to handle dialectal variability and
noisy user-generated text more robustly.

On LABR, which consists primarily of formal MSA
book reviews, ModernAraBERT reaches 56.45%
Macro-F1, an improvement of more than 11% over
both AraBERTv1 and MARBERT. This result high-
lights that continued pretraining on Arabic corpora
improves lexical normalization and context repre-
sentation even in high-resource, syntactically regu-
lar domains.

For the smaller and more informal AJGT cor-
pus (tweets), ModernAraBERT also leads with
70.54%, outperforming mBERT (+9.0%) and MAR-
BERT (+9.9%). Despite MARBERT being trained on
over one billion Arabic tweets, ModernAraBERT
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generalizes better, suggesting that the Modern-
BERT architecture, enhanced with rotary positional
embeddings and global-local attention, confers su-
perior representational capacity even under limited
adaptation.

Compared to AraBERTv2, which was trained
from scratch on Arabic data, ModernAraBERT ben-
efits from cross-lingual priors learned during large-
scale English pretraining. The extended 80K Arabic
vocabulary enables better coverage of morphologi-
cal variants without excessive token fragmentation,
which appears to be a key contributor to the im-
provements observed across both formal and di-
alectal text. The model’s Byte-BPE tokenizer, while
less specialized for Arabic than WordPiece, re-
mains effective for sentence-level semantics, show-
ing no degradation in classification accuracy.

Overall, these results demonstrate that the adap-
tation of ModernBERT to Arabic via continued pre-
training provides an efficient and scalable alter-
native to monolingual models like AraBERT. The
strong performance on both large (LABR, HARD)
and small (AJGT) datasets indicates that the model
generalizes well across domains and text varieties.
The improvements achieved using only frozen en-
coder representations highlight the potential of
cross-lingual transfer when combined with targeted
language-adaptive pretraining.

5.2. Named Entity Recognition (NER)
Table 3 presents the Macro-F1 scores for the
NER task on the ANERCorp dataset. Mod-
ernAraBERT achieves the highest performance
among Arabic-specific models, reaching 28.23%
Macro-F1, outperforming AraBERTv2 by +11.46%
and AraBERTv1 by +14.77%. This confirms that
continued pretraining on Arabic corpora enhances
token-level contextualization, enabling more ac-
curate boundary detection and label consistency
across entity spans.

Table 3: Macro-F1 (%) comparison of Mod-
ernAraBERT and baselines on the NER task. Best
score is in bold.

Model NER (Macro-F1)
AraBERTv1 13.46
AraBERTv2 16.77
mBERT 12.15
MARBERT 7.42
ModernAraBERT 28.23

Compared to the strongest Arabic baselines,
ModernAraBERT demonstrates a relative improve-
ment of over 68%, underscoring the effectiveness
of leveraging cross-lingual priors from English pre-
training. The model’s superior performance also

reflects the contribution of its extended Arabic vo-
cabulary (80K tokens), which reduces subword
fragmentation and allows for more coherent entity
boundary modeling.

Both AraBERTv1 and AraBERTv2 struggle to
generalize to unseen entity contexts, which may re-
sult from their smaller training corpora and reliance
on purely monolingual pretraining. MARBERT, al-
though dialect-focused, performs poorly on ANER-
Corp, likely due to its training bias toward informal
Twitter-style text rather than formal MSA found in
ANERCorp. Interestingly, mBERT performs com-
petitively relative to these baselines but still lags
behind ModernAraBERT, suggesting that cross-
lingual transfer alone is insufficient without targeted
adaptation to Arabic morphology. The substan-
tial gain achieved by ModernAraBERT indicates
that continued pretraining successfully bridges the
gap between multilingual generalization and Arabic-
specific structural learning.

The improvements on NER highlight the model’s
enhanced capacity for fine-grained token-level rea-
soning. The combination of global-local attention
and rotary positional embeddings appears to bet-
ter capture context boundaries for named entities.
While ModernAraBERT incurs higher memory us-
age, its gains in NER accuracy demonstrate that
cross-lingual adaptation, even with a frozen back-
bone, can yield significant benefits in morphologi-
cally complex languages like Arabic.

5.3. Question Answering (QA)
Table 4 reports Exact Match (EM) scores for
the ARCD test split. ModernAraBERT achieves
the highest EM score (27.10%), surpassing
all baselines including AraBERTv2 (26.08%),
AraBERTv1 (25.36%), mBERT (25.12%), and MAR-
BERT (23.58%). Although the absolute gains ap-
pear modest, they are consistent across all base-
lines and metrics, confirming the reliability of the
improvements.

Table 4: Extractive Question Answering Results
(Exact Match, %) on the ARCD test split. Best score
is in bold.

Model EM
AraBERTv1 25.36
AraBERTv2 26.08
mBERT 25.12
MARBERT 23.58
ModernAraBERT 27.10

While ModernAraBERT outperforms all base-
lines, the relative margin of improvement (+1.02
over AraBERTv2) is smaller compared to SA and
NER tasks. This may be attributed to the Byte-BPE
(BBPE) tokenizer used by ModernBERT. Recent
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comparative studies (Qarah and Alsanoosy, 2024)
show that BBPE can underperform on extractive
QA tasks compared to WordPiece or Sentence-
Piece tokenizers, as it tends to produce inconsis-
tent span boundaries, which are critical for precise
answer extraction. This observation aligns with our
results, where the model exhibits robust compre-
hension and contextual alignment but smaller gains
in exact span localization.

Despite this limitation, ModernAraBERT demon-
strates more stable performance across domains
and exhibits higher semantic consistency, likely
aided by its advanced attention mechanisms and
richer token representations. The use of rotary posi-
tional embeddings helps capture relative positional
dependencies, improving contextual comprehen-
sion across longer passages. Furthermore, the con-
tinued Arabic pretraining allows better alignment
between question and context representations, as
evidenced by the consistent EM gains across all
baselines.

The QA results highlight an important trade-off
between tokenizer design and span-extraction ac-
curacy. Although BBPE offers efficient multilingual
coverage, its segmentation granularity may hinder
token-level precision required for QA. Nonetheless,
ModernAraBERT still achieves the best overall EM
score, confirming that architectural advances can
compensate for tokenization limitations to some ex-
tent. Future work could explore hybrid tokenization
strategies (e.g., BBPE combined with morphology-
aware WordPiece) to further enhance extractive
QA performance in Arabic.

5.4. Hardware Resource Usage
Table 5 summarizes peak memory consumption
across all models during head fine-tuning for the
three benchmark tasks. The results reveal consis-
tent patterns in computational efficiency. Among all
models, AraBERTv1 and AraBERTv2 are the most
memory-efficient across both RAM and VRAM,
while ModernAraBERT incurs the highest memory
cost, particularly for QA, where it reaches 20.84 GB
VRAM and 5.90 GB RAM. The increase reflects
the larger embedding matrix introduced by the ex-
tended 80K Arabic vocabulary and the more com-
plex attention structure of the ModernBERT back-
bone.

Across tasks, ModernAraBERT consistently re-
quires 40–50% more GPU memory than its closest
baselines, particularly in QA and SA tasks, which in-
volve longer sequence contexts and larger attention
footprints. This overhead stems from the deeper
22-layer architecture and additional embeddings
introduced during tokenizer extension. However,
RAM usage remains comparable across models,
indicating that the primary bottleneck lies in GPU
memory allocation rather than CPU processing.

Table 5: Hardware resource usage across models
during head fine-tuning (Peak Memory in GB).

Benchmark Model Peak RAM Peak VRAM

QA

AraBERTv1 4.52 13.50
AraBERTv2 4.61 14.03
MARBERT 1.93 13.60
mBERT 1.57 13.66
ModernAraBERT 5.90 20.84

NER

AraBERTv1 5.55 6.95
AraBERTv2 6.03 7.22
MARBERT 7.76 7.40
mBERT 4.85 7.91
ModernAraBERT 6.49 10.42

SA

AraBERTv1 8.34 13.50
AraBERTv2 8.50 13.72
MARBERT 8.28 13.61
mBERT 8.36 13.66
ModernAraBERT 9.85 20.63

While ModernAraBERT exhibits higher resource
demands, these costs are proportionate to its ac-
curacy gains and modernized architecture. The
observed increase in VRAM consumption (e.g.,
+7.3 GB vs. AraBERTv1 during QA) is an accept-
able trade-off in research or enterprise settings with
access to the A100-class GPUs. However, for de-
ployment scenarios with strict memory or latency
constraints, AraBERTv1/v2 remain more practical
due to their lower computational footprint. mBERT
maintains moderate efficiency and cross-lingual
portability, providing a middle ground between per-
formance and scalability.

These findings reinforce that architectural mod-
ernization improves representational capacity but
incurs predictable computational costs. In real-
world applications, the choice between mod-
els should therefore reflect operational priorities:
throughput and efficiency versus accuracy and
adaptability.

Although these experiments focus on Arabic, the
results highlight a general principle: continued pre-
training of English-pretrained models is a viable
and cost-effective method for extending transformer
architectures to new languages. The approach
scales naturally to other morphologically rich or
low-resource languages such as Urdu, Amharic, or
Kazakh, where full monolingual pretraining would
be prohibitively expensive (Wiemerslage et al.,
2022). In this context, ModernAraBERT demon-
strates not only technical viability but also a path
toward more inclusive, resource-aware multilingual
NLP.

6. Conclusion

This paper introduced ModernAraBERT, a
resource-efficient adaptation of the English-
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pretrained ModernBERT model for Arabic. Our
approach combines continued pretraining on
large curated Arabic corpora with lightweight
task-specific fine-tuning, enabling efficient transfer
of cross-lingual knowledge to a morphologically
rich language. Evaluations on sentiment analysis,
named entity recognition, and extractive ques-
tion answering demonstrated consistent gains
over established Arabic models (AraBERTv1,
AraBERTv2, MARBERT) and the multilingual
mBERT. The largest improvements were observed
in sentence and token-level tasks, confirming
that targeted language adaptation can rival
or surpass full monolingual pretraining while
substantially reducing computational cost. While
ModernAraBERT improves accuracy, particularly
for sentence and token classification, it incurs
higher GPU memory consumption and slower infer-
ence compared to smaller Arabic-specific models.
Minor performance limitations in extractive QA also
reflect the inherited Byte-BPE tokenizer, which can
affect precise span segmentation. Future work will
address these aspects through morphology-aware
tokenization and parameter-efficient fine-tuning.

Beyond Arabic, this work establishes a prac-
tical and scalable framework for extending high-
performing English encoders to other morphologi-
cally complex or underrepresented languages. By
leveraging continued pretraining rather than full re-
training, this paradigm reduces duplication of effort
and promotes more inclusive and sustainable NLP
development across diverse linguistic communities.

7. Limitations

While ModernAraBERT demonstrates consistent
improvements across SA, NER, and QA bench-
marks, several limitations remain.

First, the adaptation approach focuses on full pre-
training followed by head-only fine-tuning. While
computationally efficient, this design limits deeper
task-specific optimization of the encoder, which
may constrain performance in tasks requiring fine-
grained reasoning.

Second, the model relies on the Byte-BPE
(BBPE) tokenizer used in ModernBERT, which dif-
fers from the WordPiece tokenizers employed by
most Arabic BERT variants such as AraBERT and
MARBERT. Recent findings (Qarah and Alsanoosy,
2024) indicate that BBPE-based models can under-
perform on extractive QA tasks compared to Word-
Piece or SentencePiece-based counterparts, par-
ticularly when precise span alignment is required.
This may explain the relatively smaller performance
gain observed for ModernAraBERT on the ARCD
dataset compared to its stronger improvements in
SA and NER tasks.

Finally, although the experiments cover key Ara-

bic NLP tasks, broader evaluation on additional
downstream applications and dialectal datasets
would provide a more comprehensive assessment
of generalization. Future work will explore tokenizer
adaptations and selective layer fine-tuning to fur-
ther enhance cross-task robustness.
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