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Abstract

Arabic Optical Character Recognition (OCR)
remains a challenging task due to the lan-
guage’s cursive script, diverse fonts, diacrit-
ics, and right-to-left orientation. While modern
Multimodal Large Language Models (MLLMs)
have advanced document understanding for
high-resource languages, their performance on
Arabic remains limited. In this work, we in-
troduce Baseer, a vision-language model fine-
tuned specifically for Arabic document OCR.
Leveraging a large-scale dataset combining
synthetic and real-world documents, Baseer
is trained using a decoder-only fine-tuning
strategy to adapt a pre-trained MLLM while
preserving general visual features. We also
present Misraj-DocOCR, a high-quality, expert-
verified benchmark designed for rigorous evalu-
ation of Arabic OCR systems. Our experiments
show that Baseer consistently outperforms ex-
isting open-source and commercial solutions on
the benchmarks evaluated in this work, achiev-
ing state-of-the-art results for Arabic document
OCR under these settings. Our results highlight
the benefits of domain-specific adaptation of
general-purpose MLLMs and establish a strong
baseline for high-accuracy OCR on morpholog-
ically rich languages like Arabic.

1 Introduction

The recent and rapid advancements in Multimodal
Large Language Models (MLLMs) have fundamen-
“Baseer: meaning “one who sees clearly” and “insightful.”

The name reflects the model’s ability to “see” and interpret
documents with clarity.

418

sraj.ail

tally reshaped the landscape of how machines per-
ceive and process complex visual and textual data
(Hurst et al., 2024; Comanici et al., 2025; Zhu et al.,
2025; Bai et al., 2025). Among the myriad appli-
cations of these models, OCR and comprehensive
document understanding continue to present sig-
nificant challenges. This is particularly true for
languages that are morphologically rich and struc-
turally complex, such as Arabic. While contempo-
rary OCR solutions have achieved remarkable per-
formance for English and other high-resource lan-
guages (Comanici et al., 2025; Hurst et al., 2024),
their efficacy does not readily generalize to Arabic
documents. The inherent complexities of Arabic
script, including its cursive nature, extensive liga-
ture formation, the wide variety of fonts and styles,
the critical role of diacritics, and the right-to-left
text orientation, render Arabic OCR a task of con-
siderable difficulty.

In parallel, progress in multimodal architectures
has paved the way for unified vision-language rea-
soning, which enables models to concurrently ex-
tract both textual content and structural informa-
tion from documents (Li et al., 2025; Mandal et al.,
2025). Despite these technological strides, modern
multimodal frameworks have seldom been special-
ized for the distinct demands of Arabic OCR and
document parsing. This significant gap in research
and development leaves academics, practitioners,
and industries without robust, dedicated tools for
processing real-world Arabic documents, which
are prevalent across academic, commercial, and
cultural heritage domains.
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In this work, we introduce Baseer', a vision-
language model fine-tuned for Arabic document
OCR. Our approach adapts a powerful general-
purpose MLLM to the unique challenges of Arabic
document analysis. To facilitate this specializa-
tion, Baseer was trained on a large-scale, diverse
dataset composed of both synthetically generated
and authentic real-world Arabic documents. This
dataset was curated to encompass the extensive va-
riety of formats, fonts, and layouts encountered
in practical applications. Furthermore, we present
Misraj-DocOCR, a novel benchmark specifically
engineered for the evaluation of Arabic OCR sys-
tems, featuring high-quality, expert-verified anno-
tations to ensure reliability.

Our primary contributions are threefold:

1. We present the development and fine-tuning
of Baseer, demonstrating that an efficient,
decoder-only fine-tuning strategy can achieve
state-of-the-art performance on the Arabic
document OCR benchmarks evaluated in this
work.

2. We introduce Misraj-DocOCR*, a new, re-
liable, and openly available benchmark de-
signed to provide a standardized and rigorous
evaluation framework for Arabic OCR sys-
tems.

3. We conduct a thorough analysis of the
KITAB-pdf-to-markdown' benchmark, pro-
viding a revised and improved version that
addresses significant inaccuracies to enhance
its accuracy and utility for the research com-
munity.

The remainder of this paper is organized as follows:
Section 2 reviews related work, while Section 3
describes the dataset. Section 4 introduces our new
benchmark, followed by Section 5, which details
the proposed methodology. Finally, Section 6 out-
lines the experimental setup, and Section 7 presents
the results and analysis.

2 Related Work

We situate our work at the intersection of two major
research domains. First, we review the rapid ad-
vancements in Multimodal Large Language Models

"https://baseerocr.com/

*https://huggingface.co/datasets/
Misraj/Misraj-DocOCR

https://huggingface.co/datasets/
Misraj/KITAB_pdf_to_markdown_reviewed
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(MLLMSs), which provide the architectural founda-
tion for our approach. Second, we delve into the
field of Optical Character Recognition (OCR) and
Document Understanding, examining its evolution
and highlighting the persistent challenges that moti-
vate our research, particularly for morphologically
complex languages like Arabic.

2.1 Multimodal Large Language Models

The paradigm of Large Language Models (LLMs)
has recently been extended to handle multimodal
input, leading to the development of powerful mod-
els capable of joint vision-language reasoning. Re-
search in this area has generally progressed along
two main architectural paths. One approach in-
volves the modular integration of pre-trained com-
ponents, where a specialized frozen vision encoder
is connected to a large language decoder via a
lightweight adapter. This design is seen in influ-
ential models like LLaVA (Liu et al., 2023, 2024,
Li et al., 2024), Aya-Vision (Dash et al., 2025),
Idefics (Laurengon et al., 2024b,a), and more com-
pact architectures such as SmolVLM (Marafioti
et al., 2025). These architectures achieve impres-
sive zero-shot and few-shot performance on a di-
verse range of multimodal tasks with high pa-
rameter efficiency. The second approach focuses
on training massive, end-to-end vision-language
models. This category includes state-of-the-art
systems such as InternVL (Chen et al., 2024;
Zhu et al., 2025), Gemma (Team et al., 2025),
PaliGemma (Steiner et al., 2024), and Qwen-
VL (Bai et al., 2025). These models, with pa-
rameter counts scaling up to 70 billion in the case
of Qwen2.5-VL, have demonstrated remarkable
general-purpose capabilities. However, their broad,
generalist training often leaves them unspecialized
for precision-critical, niche domains. As we will
discuss, high-fidelity document OCR represents
one such domain where these powerful models still
exhibit significant limitations.

2.2 OCR and Document Understanding

Leading efforts in this domain, such as
Idefics3 (Laurencon et al., 2024a), Monkey-
OCR (Li et al., 2025), SmolDocling (Nassar
et al., 2025), and commercial systems such as
Nanonets-OCR-s (Mandal et al., 2025), have
established high benchmarks for performance on
standard document types. More recent attempts,
such as Qari (Wasfy et al., 2025), have tackled
Arabic OCR directly, but their scope remains


https://baseerocr.com/
https://huggingface.co/datasets/Misraj/Misraj-DocOCR
https://huggingface.co/datasets/Misraj/Misraj-DocOCR
https://huggingface.co/datasets/Misraj/KITAB_pdf_to_markdown_reviewed
https://huggingface.co/datasets/Misraj/KITAB_pdf_to_markdown_reviewed

limited compared to comprehensive document
understanding systems.

A small but growing body of work targets Arabic
document OCR and the resources needed to train it.
Arabic-Nougat (Rashad, 2024) adapts the Nougat
architecture to convert Arabic book pages into
Markdown and releases arabic-img2md, a synthetic
image—Markdown corpus of roughly 13.7K pages;
its focus, however, is on running text rather than
the full range of structured elements (e.g., HTML
tables) targeted here. SARD (RIOTU Lab, 2025)
contributes a large-scale (~843K pages) synthetic
Arabic corpus that systematically varies fonts and
book-style layouts, but by construction it is noise-
free and omits real-world scans, embedded tables,
and multi-column layouts. QARI-OCR (Wasfy
et al., 2025) similarly releases synthetic Arabic
OCR resources and a fine-tuned model. Baseer
is complementary to and broader than these ef-
forts along two axes: (i) its training mixture pairs
synthetic data with a large set of expert-verified
real-world pages and dedicated table-centric and
non-text data, and (ii) it explicitly models struc-
tured output. We position Misraj-DocOCR against
these resources accordingly: whereas KITAB-
Bench (Heakl et al., 2025), arabic-img2md, and
SARD are dominated by synthetic or automatically
extracted ground truth, Misraj-DocOCR is a fully
expert-verified benchmark that mixes real and syn-
thetic pages and covers structured layouts, making
it a stricter test of layout-aware transcription.

However, a critical challenge remains: the gener-
alization of these models to languages with scripts
that are fundamentally different from Latin-based
languages. Arabic serves as a prime example of
this challenge. Its inherent characteristics include
cursive script, context-sensitive character shapes,
optional but meaningful diacritics, right-to-left ori-
entation, and a wide variety of fonts and styles.
These characteristics often cause state-of-the-art
document OCR systems to degrade sharply in per-
formance when applied to Arabic texts.

To the best of our knowledge, the application of
modern MLLM frameworks to the specific, chal-
lenging problem of Arabic document OCR remains
a largely unexplored area. Although several mul-
tilingual and multimodal models include Arabic
in their training, they are not optimized for the
script-specific and structural challenges posed by
Arabic documents. This work aims to bridge this
critical gap by introducing Baseer, a system specif-
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ically engineered for the complexities of Arabic
documents. Our results demonstrate that this spe-
cialized approach yields substantial improvements
over general-purpose baselines on the benchmarks
we evaluate.

3 Data

A primary motivation for our work is the severe
scarcity of high-quality Arabic data for document
OCR, a challenge that firmly positions Arabic as a
low-resource language within this specific research
domain. To overcome this critical bottleneck and
address the shortcomings of existing resources, we
dedicated substantial effort to sourcing, curating,
and annotating an original, high-quality dataset
tailored for complex document understanding.

To support effective document OCR, it is essen-
tial to represent textual content in a format that pre-
serves both structure and semantics. In our dataset,
the text corresponding to each image is formatted
in Markdown, providing a clean and standardized
representation of content. Tables are represented
in HTML to accurately capture diverse table struc-
tures and complex layouts. Furthermore, special-
ized tags were introduced to mark specific elements
within the text including watermarks, page num-
bers, and the presence of images enabling precise
supervision for layout-aware OCR and document
parsing tasks.

The dataset itself was constructed as a hybrid
collection, combining a large corpus of syntheti-
cally generated documents with a carefully curated
set of real-world publications, supplemented by tar-
geted data covering tables, and non-text imagery.
Each of these sources is described in detail below.

3.1 Synthetic Data

The first component of our dataset was generated
synthetically using an in-house pipeline, designed
to capture the diverse formatting and layout vari-
ations commonly found in word-processing docu-
ments. The foundation for this synthetic data is a
corpus of markdown-formatted documents, which
were downloaded and filtered from the Common
Crawl archive. To ensure the quality and relevance
of the source material, the raw data were subjected
to the following preprocessing filters:

1. Perplexity Filtering: An in-house language
model based on KenLM (Heafield, 2011) was
employed to calculate perplexity scores, re-



taining only the most linguistically cohesive
text samples.

2. Table Sparsity Filtering: To ensure struc-
tural integrity, documents containing mark-
down tables with more than 25% empty cells
were identified and discarded.

The filtered markdown documents were then
converted into image-text pairs. From the pool of
generated images, 200,000 samples were randomly
selected and underwent random transformations to
consist an augmentation data. To prevent redun-
dancy, the original, pre-augmentation versions of
these images were discarded. In total, this synthetic
pipeline produced 400,000 high-quality image-text
pairs, comprising 200,000 clean rendered samples
and 200,000 augmented variants designed to simu-
late diverse real-world document conditions.

3.2 Open-Source Books and Magazines

The second component of our dataset was sourced
from real-world documents, including a diverse
collection of books, magazines, educational doc-
uments, and academic papers. In contrast to syn-
thetic data, these samples reflect authentic publish-
ing environments, capturing genuine layout com-
plexities and typographic conventions.

To ensure maximum diversity, the selected pages
span a broad spectrum of layout complexities, iden-
tified using vision-based algorithms. Specifically,
bounding boxes were first detected at the para-
graph level, and their alignment and overlap were
analyzed to capture challenging structures such
as tables, figures, index pages, and skewed lay-
outs. Page color distributions were also examined
to include samples with embedded images, colorful
backgrounds, and multi-colored text.

Ground-truth text for the real-world docu-
ments was obtained using a state-of-the-art vision—
language model, Gemini-2.5-pro. To ensure the
highest level of fidelity in our training data, we
implemented a rigorous human-in-the-loop vali-
dation stage following the initial VLM extraction.
For each sample, one of 20 trained annotators per-
formed a side-by-side review of the original doc-
ument image and the model-generated output. In
this phase, the annotator’s role was strictly binary:
to either accept or reject the sample based on the
presence of any errors in the extracted text or struc-
tural formatting.

Given our commitment to high-quality supervi-
sion, we maintained a strict threshold for accuracy;
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consequently, approximately 35% of the processed
data was rejected due to inconsistencies or extrac-
tion errors. While these rejected samples were
excluded from the current training cycle to main-
tain data purity, they represent a valuable resource
for future work. In subsequent research, we plan to
implement a corrective pipeline to refine these sam-
ples rather than discarding them, further expanding
the dataset and iteratively improving the model’s
robustness. From this source, we curated 257,000
document images paired with their corresponding
ground-truth text.

3.3 Table-Centric Data

To enhance tabular recognition and reconstruction,
we developed a dedicated dataset of 111,000 sam-
ples using two complementary pipelines: First,
Template-Based Generation from Real Financial
Documents, Human-curated Jinja templates derived
from real-world financial documents were pop-
ulated with 20 unique LLM-generated instances
each. A diversity-aware prompting strategy was
employed to minimize redundancy. Second, Trans-
lation and Augmentation of HTML Tables, struc-
tured HTML tables were translated into Arabic us-
ing 12 stylistic prompts. These variations included
full content translation, preservation of technical
terms, and conversion between Western and Arabic
numerals to reflect real-world document diversity.

3.4 Non-Text Images

To mitigate hallucination tendencies and reduce the
model’s bias toward assuming that every input im-
age contains extractable text, we incorporated a set
of ~1,500 images that contain no textual content.
This subset includes blank pages, natural scenes,
and other non-document imagery. Exposing the
model to such samples during training encourages
it to correctly produce an empty output when pre-
sented with text-free inputs, rather than fabricating
non-existent content.

Collectively, the four data sources described
above yield a total of approximately 769,000
image—text pairs used for training our model. A de-
tailed breakdown of the dataset distribution across
sources is shown in Figure 1.

4 Misraj-DocOCR: An Arabic Document
OCR Benchmark

The evaluation of OCR models for Arabic text re-
quires robust and accurate benchmarks. Our ini-
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Figure 1: Distribution of training samples across the four data sources (synthetic, real-world books and magazines,
table-centric, and non-text), totalling approximately 769K image—text pairs. The synthetic portion is split into clean

rendered pages and their augmented variants.

tial investigation involved assessing existing bench-
marks, such as the KITAB-bench (Heakl et al.,
2025) pdf-to-markdown dataset. During this analy-
sis, we identified significant shortcomings that com-
promise its reliability for model evaluation. A pri-
mary issue discovered was the presence of numer-
ous errors in the ground truth data. We observed
multiple instances of hallucinatory text, where the
ground truth contained phrases not present in the
source documents likely originating from a data
creation or annotation tool rather than authentic
content’. Furthermore, our review revealed that
many examples lacked corresponding page num-
bers, and small-font text was frequently omitted
from the ground truth. These inaccuracies suggest
that the dataset may not have undergone a thor-
ough verification process after the initial data ex-
traction. To address these deficiencies and provide
a more reliable resource for the research commu-
nity, we undertook a comprehensive correction of
the KITAB-bench PDF-to-markdown dataset. This

For example, one entry included the English sentence:
”You’re right - let me write it exactly as it appears in the
image, maintaining the right-to-left direction:”

corrected version, with all identified errors recti-
fied, has been made publicly available for academic
use®.

Beyond the inaccuracies, our examination of
existing resources also indicated a lack of diver-
sity in the style and type of documents. To foster
more generalized and robust model development,
a benchmark should encompass a wide variety
of real-world scenarios. Therefore, we introduce
Misraj-DocOCR, a new, comprehensive benchmark
specifically designed for evaluating Arabic Docu-
ment OCR models.

The primary contributions of this benchmark are:

* Diverse and Comprehensive Content: The
benchmark consists of 400 high-quality im-
ages, curated to include a wide variation of
document types, layouts, and fonts, and com-
prising both synthetic (150) and real-world
(250) pages. The selection deliberately in-
cludes challenging conditions such as small-
font and low-contrast text, dense tables, multi-
column layouts, and diacritized passages, so

Yhttps://huggingface.co/datasets/
Misraj/KITAB_pdf_to_markdown_reviewed
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that the benchmark stresses layout-aware tran-
scription rather than clean single-column text
alone.

* Expert-Verified Ground Truth: To ensure
the highest level of accuracy, every image in
the dataset has been meticulously reviewed by
human experts. This verification process guar-
antees that both the transcribed text and the
document structure are correct, eliminating
the types of errors found in previous bench-
marks.

* Open Access: Misraj-DocOCR is open-
source and publicly available to all re-
searchers. By providing this resource, we aim
to facilitate further advancements and foster
reproducible research in the field of Arabic
OCR.

We evaluate many models on this benchmark and
the corrected version of KITAB-Bench, all results
on the section 7.

5 Methodology

The overall process for developing Baseer, involved
a comprehensive data collection stage followed by
a targeted fine-tuning stage.

The development of our model, Baseer, followed
a two-stage methodology designed to tailor a pow-
erful, pre-trained foundation model to our specific
needs. The first stage involved the comprehensive
collection and curation of a high-quality dataset,
the details of which are described in Section 3. The
subsequent stage, which is the focus of this section,
consisted of fine-tuning the selected base model
to align with our data and enhance its capabilities
for Arabic document processing. For the base ar-
chitecture of Baseer, we selected the Qwen2.5-VL-
3B-Instruct model (Bai et al., 2025). This decision
was predicated on its robust and state-of-the-art
performance on multimodal tasks, particularly its
demonstrated proficiency with the Arabic language
compared to other open-source alternatives.

Despite its advanced capabilities, our prelimi-
nary analysis revealed that the base Qwen2.5-VL-
3B-Instruct model exhibited certain limitations rel-
evant to our use case. These included occasional
reversions to left-to-right text generation, subopti-
mal handling of diacritized Arabic text, and other
performance artifacts. Our fine-tuning strategy in-
volved updating all model parameters, except for

the vision encoder, which remained frozen. This
approach allows the model to adapt its language
and reasoning capabilities to our specialized dataset
while preserving the powerful, generalized visual
features learned during its original pre-training.
The specific hyperparameters, hardware used, and
other details of the training procedure are provided
in Table 1.

Parameter Value
Training Epochs 3
Learning Rate Schedule  Cosine decay
Learning Rate le-4
Batch Size 640
Weight Decay 0.01
Warm-up Steps 100
Optimizer AdamW
Max Sequence Length 8192
GPU 8xH100

Table 1: Training Hyperparameters for Baseer Model

6 Experiments and Results

This section details the series of experiments con-
ducted to systematically determine the optimal ar-
chitecture and training configuration for Baseer.
Our experimental process was designed to isolate
variables and build upon the findings of each pre-
ceding stage.

6.1 Base Model Selection

The initial experiment was focused on selecting the
most suitable base model for our task. To this end,
we conducted a qualitative evaluation of several
prominent open-source vision-language models. A
curated set of representative examples, designed
to test key capabilities in Arabic document under-
standing, was used as the input.

The outputs from each model were then sub-
jected to a rigorous manual review by our evalu-
ation team. The models were assessed based on
criteria such as text recognition accuracy, preser-
vation of right-to-left directionality, and overall
coherence. This qualitative analysis concluded that
Qwen2.5-VL-3B-Instruct demonstrated superior
performance on Arabic-language tasks compared
to the other candidates, making it the clear choice
for our foundation.

6.2 Fine-Tuning Strategy Evaluation

After selecting the base model, our next objective
was to identify the most effective fine-tuning strat-
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egy. We designed a controlled experiment to com-
pare three distinct approaches:

1. Full Fine-Tuning (Baseer-Full): All model
parameters, including the vision encoder,
were made trainable.

2. Decoder-Only  Fine-Tuning (Baseer-
Decoder): Only the parameters of the
language decoder were updated, while the
vision encoder remained frozen.

3. Parameter-Efficient Fine-Tuning (Baseer-
LoRA): Low-Rank Adaptation (LoRA) was
employed to update a small subset of parame-
ters. LoRA adapters were applied to the linear
projections of the language decoder (with the
vision encoder frozen), using rank » = 256,
scaling factor o = 128.

To ensure a fair comparison, each of these strate-
gies was tested on a 50,000-sample subset of our
training data for two epochs, holding all other hy-
perparameters constant. We evaluated the mod-
els using ChrF, which measures OCR accuracy at
the character level and captures text transcription
quality. Table 2 summarizes the performance of
the different fine-tuning strategies on the Baseer
model.

Model Trainable part ChrF 1
Baseer-Full Full model 84.79
Baseer-Decoder  Language-decoder  89.79
Baseer-LoRA LoRA weight 85.52

Table 2: Performance comparison of different fine-
tuning strategies on Baseer model

As shown in Table 2, the results from our test set
indicate that the decoder-only fine-tuning approach
(Baseer-Decoder) significantly outperformed the
other methods. This suggests that preserving the
generalized features of the pre-trained vision en-
coder while adapting the language model to our
specific data yields the best performance.

6.3 Impact of Sequence Length

Building on the previous finding, we adopted the
decoder-only fine-tuning strategy and proceeded
to investigate the effect of input sequence length
on model performance. All training configurations
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Context Length  ChrF 1

2048 82.69
4096 89.79
8192 88.52

Table 3: Performance comparison of different context
lengths on Baseer model.

were fixed while we experimented with three se-
quence length variants: 2048, 4096, and 8192 to-
kens.

While the preliminary baseline metrics presented
in Table 3 initially suggest an optimal performance
at a sequence length of 4096, extensive real-world
inference testing revealed a critical limitation. We
observed that models constrained to 4096 tokens
frequently failed to extract the complete context of
highly dense visual data. This bottleneck was espe-
cially pronounced for images containing complex
tables, which inherently necessitate a significantly
larger token budget to accurately generate the ex-
haustive HTML table tags required for structural
fidelity. To ensure comprehensive data extraction,
we ultimately trained our final model using the
8192 context length, which substantially mitigates
truncation issues on dense inputs and yields more
robust results during inference.

7 Evaluation

We evaluate our model on our proposed Misraj-
DocOCR benchmark and a corrected version of
KITAB-Bench PDF-to-Markdown, alongside sev-
eral open-source and commercial models. Text
extraction performance is assessed using Word Er-
ror Rate (WER) and Character Error Rate (CER),
which measure word and character-level transcrip-
tion errors, BLEU for n-gram overlap, and ChrF, a
character-level F-score suited for morphologically
rich languages like Arabic. Structural and layout fi-
delity is measured with Tree Edit Distance Similar-
ity (TEDS), capturing hierarchical document struc-
tures, and MARS (Heakl et al., 2025), which evalu-
ates layout-aware alignment between predicted and
reference renderings. Table 4 presents the results,
showing that Baseer achieves state-of-the-art per-
formance across both text and structural metrics,
despite being smaller than competing models.

7.1 Evaluation Protocol

To ensure fair comparison across models, models
designed for document understanding were evalu-



ated using their respective recommended system
prompts, while general-purpose Multimodal Large
Language Models (MLLMs) were provided with
a single fixed instruction prompt requesting Mark-
down output with HTML tables. Because prompt-
ing can materially affect MLLM behaviour, we
report the exact prompt templates used for every
model in the Appendix, and all models were run
with greedy decoding (temperature 0) to make out-
puts deterministic and reproducible. All outputs
were then standardized using the following post-
processing steps:

1. Remove HTML tags outside table structures

2. Convert Markdown tables to HTML format
for consistency

3. Normalize horizontal line representations (—,
*EE etc. = —)

4. Standardize header formatting

5. Unify formatting tags within HTML tables
(<strong >, <b>— <b>)

This standardization is critical because different
models may produce semantically equivalent but
syntactically different outputs, which would un-
fairly penalize models based on formatting choices
rather than content accuracy.

Table 4 presents a comparative evaluation of
different OCR and vision-language models using
multiple metrics. The results indicate that Baseer
achieves the best performance across all metrics,
attaining the lowest WER and CER , as well as the
highest TEDS and MARS scores. The Gemini-2.5-
pro model follows closely, obtaining the highest
BLEU and CHREF scores and ranking second over-
all. Notably, Baseer consistently outperforms large
commercial systems such as GPT-based models
and Azure Al Document Intelligence,! underlining
its robustness in both text and structure recogni-
tion. This is especially significant given that the
evaluation dataset, Misraj-DocOCR, was deliber-
ately designed to be highly diverse and challenging,
with wide variation in layout and typography. The
results also highlight a sharp performance gap be-
tween the top-performing systems and smaller or

Ihttps://azure.microsoft.com/
en-us/products/ai-services/
ai-document-intelligence
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less specialized models (e.g., Gemma3, AIN, Aya-
vision), underscoring the difficulty of this bench-
mark. Overall, Baseer and Gemini-2.5-pro emerge
as the strongest systems in this comparison.

Table 5 reports the results on the KITAB-Bench
PDF-to-Markdown dataset, which was carefully
reviewed and corrected by domain experts to en-
sure high-quality ground truth annotations. For
this corrected subset we restrict the comparison
to open-source systems, so as to provide a fully
reproducible, cost-free reference point on a small
set of samples; commercial systems are instead
evaluated on the larger and more diverse Misraj-
DocOCR benchmark (Table 4). Baseer achieves
the strongest performance across all metrics, attain-
ing the best WER, CER, BLEU, CHRF, TEDS, and
MARS scores, with Dots.ocr consistently ranking
second across text-centric metrics. It is also worth
noting that the KITAB-Bench subset is relatively
small, consisting of only 30 samples, which makes
every misprediction more impactful on the reported
scores. In contrast, on the larger and more chal-
lenging Misraj-DocOCR benchmark with 400 di-
verse examples, Baseer’s advantage over both open-
source and commercial systems becomes more pro-
nounced, highlighting its robustness across varied
document types and layouts.

8 Conclusion

In this paper, we introduced Baseer, a vision-
language model tailored for Arabic Document
OCR, and presented Misraj-DocOCR, a high-
quality benchmark designed for rigorous evalua-
tion. By training on a diverse dataset of approx-
imately 770K document-image pairs, we demon-
strated that decoder-only fine-tuning is a powerful
strategy that enables Baseer to achieve superior
performance compared to a wide range of existing
systems. Our detailed experimental analysis high-
lighted the importance of sequence length, fine-
tuning scope, and dataset diversity in achieving
robust performance. Notably, Baseer consistently
achieved the best or near-best scores across Word
Error Rate, Character Error Rate, and structure-
aware metrics such as TEDS and MARS, sur-
passing both open-source and proprietary alterna-
tives. These positive results underscore the value
of domain-specific adaptation of general-purpose
MLLMs, and provide new insights into how tai-
lored data and efficient training strategies can push
the boundaries of OCR for complex scripts. We


https://azure.microsoft.com/en-us/products/ai-services/ai-document-intelligence
https://azure.microsoft.com/en-us/products/ai-services/ai-document-intelligence
https://azure.microsoft.com/en-us/products/ai-services/ai-document-intelligence

Model

WER| CER| BLEUT CHRFT TEDST MARS 1

Baseer (ours) 0.17 0.1

Gemini-2.5-pro 0.37 0.31
Gemini-3-pro 0.69 0.6

Azure Al 0.44 0.27
Dots.ocr 0.50 0.40
Nanonets 0.71 0.55
Qari 0.76 0.64
Qwen2.5-VL-32B 0.76 0.59
GPT-5 0.86 0.62
Qwen2.5-VL-3B-Instruct 0.87 0.71
Qwen2.5-VL-7B 0.92 0.77
Gemma3-12B 0.96 0.80
Gemma3-4B 1.01 0.85
GPT-40-mini 1.36 1.1

AIN 1.23 1.11
Aya-vision 1.41 1.07

77.28 89.29 61.27 75.28
77.92 89.55 52 70.775
60.39 78.6 59 68.8
62.04 82.49 42 62.245
58.16 78.41 40 59.205
42.22 67.89 37 52.445
38.59 64.50 21 42.750
37.62 62.64 41 51.820
40.67 61.6 48 54.8
25.39 5342 27 40.210
31.57 54.70 27 40.850
19.75 44.53 33 38.765
9.57 31.39 28 29.695
22.63 47.04 26 36.52
1.25 2.24 21 11.620
291 9.81 26 17.905

Table 4: Comparison of models across multiple evaluation metrics on Misraj-DocOCR. Best values are highlighted

in bold and the second-best values are underlined.

Model WER| CER| BLEU1T CHRF?1T TEDS1T MARS?
Baseer (ours) 0.22 0.17 77.24 89.39 63.79 76.59
Dots.ocr 0.39 0.28 59.28 83.16 55 63.08
Nanonets 0.51 0.40 51.37 77.45 33 55.225
Qari 0.65 0.48 44.61 71.45 43 57.225
Qwen2.5-VL-3B-Instruct  0.70 0.57 40.44 66.78 31 48.89
Qwen2.5-VL-7B 0.76 0.63 36.76 62.45 24 43.225
Gemma3-12B 0.85 0.69 27.56 52.09 43 53.545
Gemma3-4B 0.95 0.82 12.94 31.72 27 29.36
Aya-vision 1.27 0.96 5.58 16.19 26 21.095
AIN 1.18 1.08 2.61 3.99 24 13.995

Table 5: Comparison of models across multiple evaluation metrics on KITAB-BenchPDF-to-Markdown dataset.
Best values are highlighted in bold and the second-best values are underlined.

believe that this work establishes a strong baseline
for future research and will accelerate the develop-
ment of practical, high-accuracy OCR solutions for
Arabic and other morphologically rich languages.

Limitations

While Baseer sets a strong baseline, several limita-
tions should be noted. First, our evaluation relies
on two benchmarks that we ourselves constructed
or corrected: Misraj-DocOCR (400 expert-verified
pages) and the corrected KITAB-Bench PDF-to-
Markdown subset (60 pages). Both are modest in
size, and the KITAB-Bench subset in particular is
small enough that individual mispredictions can
noticeably shift aggregate scores. We report single-
run point estimates without statistical significance
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testing; the differences between the top systems
on the small subset should therefore be read as
indicative rather than definitive. Evaluation on in-
dependent, third-party Arabic OCR benchmarks
would further strengthen these conclusions and is
left to future work. To support scrutiny, we release
both benchmarks, the evaluation scripts, and the
exact prompts; we nonetheless caution that MLLM
results are sensitive to prompt wording and post-
processing, and that different choices may change
the relative ordering of the general-purpose base-
lines.
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