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Abstract

Handwritten Text Recognition (HTR) for Arabic presents unique challenges due to the script’s cursive nature, varying
writer styles, and morphological complexity. While modern Vision-Language Models (VLMs) have significantly
advanced document parsing, their direct application to highly specific cursive domains requires strategic adaptation.
This paper details our submission to the Nakba OCR competition, which adapts a 3B-parameter VLM to recognize
historical Arabic manuscripts. We employ a progressive training pipeline that utilizes domain-matched data
augmentation to bridge the gap between standard printed Arabic OCR and historical handwritten manuscripts.
Moving beyond standard decoder-only Supervised Fine-Tuning (SFT), we fine-tune the entire encoder-decoder
architecture using differential learning rates. This approach, followed by a final checkpoint merge, allows the
model to better resolve the fine visual details of cursive Arabic script. Our final unified model (submitted under
the team name Misraj Al) establishes a new state-of-the-art (SOTA) on the Nakba dataset, achieving a Word Er-
ror Rate (WER) of 0.24 and a Character Error Rate (CER) of 0.08, and officially securing first place on the leaderboard.

Keywords: Arabic OCR, Handwritten Text Recognition, Vision-Language Models, Model Merging, Super-
vised Fine-Tuning

1. Introduction 3. We apply checkpoint merging techniques to

smooth the loss landscape, yielding our final

Optical Character Recognition (OCR) for handwrit- state-of-the-art results (WER:0.24, CER:0.08)
ten Arabic text presents unique challenges com- as shown in Table 1.

pared to printed text or Latin-based scripts. The
cursive nature of Arabic, varying writer styles, and
the presence of diacritics demand robust mod-
els capable of both precise visual feature ex-
traction and deep linguistic understanding (Sala-
heldin Kasem et al.,, 2025; Lorigo and Govin-

4. We open-source our adapted model weights
and inference pipeline? to support the broader
research community and facilitate further ad-
vancements in handwritten Arabic OCR.

daraju, 2006). Recently, Vision-Language Models Team CER  WER
(VLMs) have demonstrated state-of-the-art capabil- Misraj Al 0.079 0.244
ities across a variety of multimodal tasks, moving Oblevit 0.0925 0.3268
beyond traditional machine learning architectures 3reeq 0.0938 0.2996
for OCR (Hennara et al., 2025; Team et al., 2025; Latent Narratives 0.105 0.3106
Wu et al., 2025; Li et al., 2025; Comanici et al., Al-Warrag 0.1142 0.378
2025). In this work, we detail our submission to the Not Gemma 0.1217 0.3063
Nakba OCR competition for Arabic handwritten text. NAMAA-Qari 0.195 0.5194
We hypothesize that a pre-trained VLM, specifically Fahras 0.2269 0.5223
tailored for Arabic text processing, can be effec- baseline 0.3683 0.6905

tively adapted for challenging handwritten domains
through strategic data augmentation and progres-  Tapje 1: Official Nakba Competition Leaderboard
sive fine-tuning. Our contributions are threefold: Results

1. We demonstrate the efficacy of a two-stage Su-
pervised Fine-Tuning (SFT) pipeline utilizing

an Arabic handwritten dataset as an intermedi- 2. Literature Review
ary domain-adaptation step before fine-tuning
on the Nakba dataset. The landscape of Optical Character Recognition

2. We show that unfreezing the vision encoder (OCR) has undergone a paradigm shift in re-

and training the full encoder-decoder archi-
tecture with differential learning rates yields
a significant > 5% improvement over standard ®https://github.com/misraj-ai/
decoder-only tuning. Nakba-pipeline

"https://huggingface.co/Misraj/Baseer_
Nakba
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cent years, transitioning from traditional cascaded
pipelines that rely on separate text detection, seg-
mentation, and recognition modules to end-to-end
multimodal architectures (Wei et al., 2024).

2.1. Vision-Language Models for
Document Al

Vision-Language Models (VLMs) have recently set
new benchmarks in document understanding by
directly aligning visual features with autoregressive
text generation (Wei et al., 2024). Frontier closed-
source models, such as Gemini 2.5, have demon-
strated remarkable zero-shot accuracy in reading
dense text, interpreting complex spatial layouts,
and extracting structured data without the need for
traditional OCR engines (Comanici et al., 2025).

In the open-source domain, models like Qwen3-
VL have significantly advanced the field by intro-
ducing dynamic resolution processing and robust
spatial understanding, enabling the model to han-
dle multi-lingual OCR tasks (Wu et al., 2025). Fur-
thermore, specialized frameworks have been devel-
oped to handle the strict structural demands of doc-
ument parsing. For instance, HunyuanOcr offers
layout-preserving capabilities that faithfully convert
complex PDFs into structured Markdown (Team
et al., 2025). Similarly, models in the Monkey-
OCR family employ advanced cross-modal align-
ment techniques specifically optimized for text-rich
images, significantly reducing hallucination rates
in document-based Question Answering (QA) (Li
et al., 2025).

2.2. Advancements in Arabic OCR

Despite the massive leap in general VLM capabili-
ties, handwritten Arabic text remains a notoriously
difficult domain. (Salaheldin Kasem et al., 2025).
To address these challenges, a prominent line
of work has converged on fine-tuning general-
purpose vision-language models on targeted Ara-
bic datasets, with each effort emphasizing a differ-
ent facet of the problem. Some approaches priori-
tize diacritized text recognition and font diversity, as
seen in Qari (Wasfy et al., 2025), while others focus
on dialect-specific orthographic conventions, such
as AtlasOCR (Imane Momayiz, 2025), which tar-
gets Moroccan Darija. Further along this spectrum,
Baseer (Hennara et al., 2025) extends the scope
beyond character-level transcription toward holis-
tic Arabic Document Information Extraction, jointly
addressing layout, context, and linguistic structure.

2.3. Positioning Our Work

Although models like Gemini 2.5 and Qwen3-VL
provide immense general capabilities, there is a
clear gap in applying modern VLM architectures

Metric NTD NDD MD
Total Samples 15,962 2,095 21,196
Unique Characters 137 120 176
Avg. Text Length (Chars) 56.79  57.43 43.71
Mean Aspect Ratio 11.75 11.84 8.50

Table 2: Statistical comparison of datasets used
for training.

to the highly specific domain of cursive Arabic
Handwritten Text Recognition (HTR). Our work di-
rectly addresses this by adopting the Arabic-centric
model as our foundation. Rather than relying on
zero-shot capabilities, we demonstrate that a pro-
gressive, multi-stage fine-tuning curriculum incor-
porating domain-matched augmentation and ad-
vanced encoder-decoder tuning is essential to un-
lock SOTA performance on the Nakba dataset.

3. Methodology
3.1.

The development of our Arabic HTR system lever-
aged a combination of archival competition data
and a large-scale enhancement dataset consisting
of historical manuscripts.

Data Acquisition

3.1.1. Nakba Dataset (Competition Data)

The primary source of data is the Nakba dataset
(ND), provided as part of the AR-MS NAKBA NLP
2026 shared task (Zaraket et al., 2026). See the
shared task overview paper (Hamoud et al., 2026).
This dataset consists of high-resolution line images
extracted from the Omar Al-Saleh memoir collec-
tion. As an archival collection, it presents chal-
lenges typical of 20th-century historical documents,
including varying ink density and age-related paper
degradation.

The Nakba training dataset (NTD) contains
15,962 valid text samples, while the Nakba devel-
opment set (NDD) includes 2,095 samples. The
images are characterized by an extreme mean as-
pect ratio of approximately 11.75 (614 x 52 pixels).

3.1.2. Muharaf Dataset

To further enhance the model’s ability to general-
ize across different cursive styles, we incorporated
the Muharaf dataset (MD) (Saeed et al., 2025), a
collection of 21,196 valid samples from historical
manuscripts. Muharaf includes a wider variety of
calligraphic styles (predominantly Rug’'ah). This ex-
ternal data provides critical exposure to older and
more varied handwriting compared to the relatively
consistent style of the ND. The statistical break-
down of ND and MD datasets is summarized in
Table 2.
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3.2. Data Pre-processing

A selective pre-processing strategy was applied
to maintain computational efficiency while preserv-
ing the integrity of the competition data. While the
original ND images were utilized in their provided
format, the MD was converted to grayscale. This
ensures that the supplementary data matches the
tonal distribution and visual complexity of the com-
petition set as illustrated in Figure 1.
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Figure 1: Visual comparison of the Nakba and
Muharaf datasets, illustrating the grayscale pre-
processing applied to the Muharaf enhancement
data.

3.3. Proposed Method

Our methodology adapts a pre-trained Vision-
Language Model (VLM) for cursive Arabic handwrit-
ten text recognition using a progressive pipeline.
3.3.1. Supervised Fine-Tuning (SFT)
Approaches

Our core approach relies on adapting the VLM
via standard autoregressive next-token prediction.
Given an input image and a text prompt, we ap-
ply prompt masking so the cross-entropy loss is
calculated exclusively on the generated transcrip-
tion tokens. This guides the LLM decoder to map
visual features to linguistic representations. We
investigate two distinct SFT paradigms:

» Decoder-Only SFT: The vision tower is frozen,
and only the text decoder weights are updated.
This provides a computationally efficient mech-
anism for domain adaptation.

* Full Encoder-Decoder Tuning: To better
align the vision encoder with the fluid nature
of handwritten characters, we unfreeze the
vision encoder. To prevent catastrophic forget-
ting of pre-trained visual representations, we
employ differential learning rates, applying a
significantly smaller learning rate to the vision
encoder compared to the text decoder.

3.3.2. Checkpoint Merging

Drawing upon extensive prior research that demon-
strates the efficacy of weight averaging in neural
network optimization (Yang et al., 2026), we uti-
lize checkpoint merging to maximize generaliza-
tion. Studies have consistently shown that averag-
ing the weights of multiple checkpoints smooths
the model’s functional loss landscape. By merg-
ing the weights of the top-performing epochs from
our training runs, we construct a unified model that
effectively mitigates local overfitting to the idiosyn-
crasies of the training data.

4. Experiments and Results

4.1. Implementation Details and
Hyperparameters

All supervised experiments were conducted using
the 3B-parameter Baseer (Hennara et al., 2025)
across 2 NVIDIA H100 GPUs. To ensure fair com-
parison, training hyperparameters were standard-
ized across all configurations. Models were trained
for 5 epochs using the AdamW optimizer with a
weight decay of 0.01 and a cosine learning rate
schedule. We utilized a batch size of 128, a maxi-
mum sequence length of 1200 tokens, and an input
image resolution of 644 x 644 pixels. For decoder-
only training, the text decoder learning rate was set
to 1e-4. During full encoder-decoder tuning, the
text decoder learning rate remained 1e-4, while the
vision encoder utilized a reduced learning rate of
9e-6 to facilitate stable visual adaptation.

4.2. Zero-Shot Evaluation of
General-Purpose Models

To establish a performance baseline and assess
the out-of-the-box capabilities of frontier Vision-
Language Models on this specialized task, we
conducted a zero-shot trial using Gemini 3.1 Pro
(Google, 2026). We evaluated the model’s tran-
scription accuracy directly on the official develop-
ment set. The zero-shot approach yielded a Char-
acter Error Rate (CER) of 0.22 and a Word Error
Rate (WER) of 0.47.

For comparison, our most basic supervised con-
figuration training the 3B-parameter Baseer model
for only three epochs exclusively on the Nakba
Dataset (ND) achieved a CER of 0.19 and a WER
of 0.42. Given that our simple, domain-specific SFT
baseline comfortably outperformed a massive state-
of-the-art general-purpose VLM, we concluded that
the morphological complexity and cursive nature
of Arabic handwritten text strictly necessitate dedi-
cated fine-tuning. Consequently, we discontinued
further zero-shot explorations with other proprietary
models.
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Architecture Dataset / Curriculum CER WER
ND 0.19 0.42

Decoder-Only ND + MD (Joint) 0.18 0.42
MD — ND (Sequential) 0.16 0.40

i MD (Dec) — ND (Enc-Dec) 0.12 0.32
Encoder-Decoder MD (Enc-Dec) — ND (Enc-Dec) 0.10 0.29
Checkpoint Merging Encoder-decoder (Full) ep1 + ep5 0.08 0.24

Table 3: Comprehensive Results of Training Strategies. Note: ND refers to the Nakba Dataset, and MD
refers to the Muhraf Dataset. All results reflect the performance on the official hidden test set.

4.3. Decoder-Only SFT Evaluation

In our initial supervised experiments, we froze the
vision encoder and tested three data curricula to
evaluate the impact of domain-matched augmenta-
tion: (a) ND only, (b) ND and MD combined jointly,
and (c) a sequential approach training first on MD,
followed by ND.

As shown in Table 3, the data curriculum signifi-
cantly impacts downstream performance. Training
exclusively on ND established a baseline CER of
0.19 and WER of 0.42. Joint training yielded only
a marginal improvement (CER: 0.18). However,
adopting a sequential domain-adaptation approach
(MD — ND) produced our strongest decoder-only
results (CER: 0.16, WER: 0.40), confirming that
pre-conditioning the language modeling head on
structurally similar handwriting is highly beneficial.

4.4. Full Encoder-Decoder Tuning
Evaluation

To better account for the structural variations of the
script, we transitioned to full-parameter tuning. We
initialized the model using the intermediate decoder-
only checkpoint trained exclusively on MD. From
this foundation, we unfroze the vision encoder and
applied our differential learning rate strategy to train
the full architecture on ND. We also tested applying
this full encoder-decoder recipe sequentially from
scratch (MD full-tuning — ND full-tuning).

This transition provided dramatic performance
gains, proving that the vision tower requires domain-
specific visual adaptation for cursive Arabic. Initial-
izing with the MD-trained decoder and unfreezing
the vision tower for ND training dropped the WER
substantially to 0.32 and CER to 0.12. Applying the
recipe sequentially from scratch further accelerated
performance, pushing the metrics down to a CER
of 0.10 and WER of 0.29 as show in Table 3.

4.5. Final Submission via Checkpoint
Merging

During the evaluation of our best full encoder-
decoder run on the hidden test set, we ob-

served slight performance variance across different
epochs. To stabilize and optimize our final predic-
tions, we applied weight averaging to the Epoch 1
and Epoch 5 checkpoints, which individually exhib-
ited the strongest blind test results.

As shown in Table 1, the results highlight the ex-
ceptional robustness of our progressive fine-tuning
approach. Our model demonstrated a massive im-
provement over the competition baseline, reducing
the CER by an absolute 28.9% (from 0.3683 down
to 0.079) and the WER by 44.6% (from 0.6905
down to 0.244). Furthermore, our system signifi-
cantly outperformed all other participating teams.
We maintained a comfortable lead of over 5.5% in
absolute WER compared to the next best submis-
sion (3reeq at 0.2996) and over 1.3% in absolute
CER compared to the second-place CER score
(Oblevit at 0.0925). This substantial performance
gap underscores the necessity and effectiveness
of combining domain-matched data augmentation
with full encoder-decoder VLM tuning for cursive
Arabic HTR.

5. Conclusion

In this paper, we presented a highly effective
methodology for Arabic Handwritten Text Recog-
nition (HTR) using Vision-Language Models. By
leveraging the Baseer 3B model and implement-
ing a multi-staged training curriculum incorporating
domain-matched data from the Muharaf dataset,
progressive full-parameter tuning with differen-
tial learning rates, and checkpoint merging, we
achieved state-of-the-art results, securing top rank-
ings in the Nakba OCR competition.

Our findings demonstrate that while frontier
general-purpose models provide a strong baseline,
the morphological complexities of cursive Arabic ne-
cessitate specialized fine-tuning for high-precision
tasks. By meticulously engineering the supervised
fine-tuning pipeline, we showed that VLMs can be
robustly adapted to challenging historical document
transcription, offering a stable solution for complex
OCR applications.
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6. Ethics Statement

All datasets utilized in this study were obtained
through the official NAKBA NLP 2026 shared task
and public research repositories, and were used
strictly in accordance with their respective licensing
agreements and ethical guidelines. Furthermore,
we acknowledge that our model’s capabilities are in-
trinsically tied to the specific calligraphic styles and
historical periods present in the training distribution.
As such, the system may exhibit representation
biases if applied to documents from different de-
mographic groups, regions, or eras. We strongly
advocate for responsible deployment and empha-
size the necessity of human-in-the-loop verification
when applying this technology to broader historical
archiving efforts.
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