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Abstract

OCR for Bangla scripts remains a challeng-
ing problem, with existing solutions limited to
single-domain processing. Current approaches
lack a unified vision encoder that can under-
stand diverse Bangla script variations, hinder-
ing practical deployment. We present BornoDr-
ishti, the first unified OCR system based on the
vision transformer that accurately recognizes
both printed and handwritten Bangla scripts
within a single model. Our approach introduces
a novel domain objective that enables the model
to learn domain-invariant representations while
preserving script-specific features, eliminating
the need for separate domain experts. BornoDr-
ishti achieves competitive accuracy across both
domains, setting state-of-the-art performance
for printed scripts and demonstrating that a sin-
gle unified model can match or exceed spe-
cialized uni-domain systems. We evaluate our
model against state-of-the-art domain-specific
and cross-domain OCR systems. This work es-
tablishes a foundation for advancing practical
applications by using a unified multi-domain
OCR system for complex Bangla scripts.

1 Introduction

Optical character recognition (OCR) is one of the
domains of computer vision that has seen signifi-
cant advances following the introduction of vision
transformers (ViT). In recent times, OCR mod-
els, including GOT OCR (Wei et al., 2024) and
the Qwen VL series (Bai et al., 2025), have been
using vision transformers as backbone architec-
tures. These multilingual models are also show-
ing notable results in low-resource languages (e.g.,
Bangla). However, these models suffer from do-
main adaptation due to the bias in their training
data towards computer-composed documents.

This challenge gets more difficult when applying
these models for Bangla and other Indic languages.
Bangla language exhibits extensive intra-domain
diversity: variations arising from differences in
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Figure 1: The variation in stroke patterns, writing styles,
and character shapes in printed and handwritten Bangla
documents

individual handwriting styles, stroke patterns, char-
acter shapes, and writing fluency (Figure 1). Gen-
eralizing across intra-domain diversity in handwrit-
ten text is a highly challenging task for any OCR
model. Beyond this, the problem becomes even
more formidable when inter-domain diversity is
taken into account. Printed documents preserve uni-
form spacing, generic stroke patterns, and character
shapes. Together, these intra- and inter-domain di-
versities pose complex challenges for developing a
robust, generalized OCR solution for Bangla.

To solve these problems, we create BornoDr-
ishti, a single vision encoder that recognizes Bangla
words in any script style, whether printed or hand-
written. To the best of our knowledge, this is the
first encoder model trained in a contrastive manner
to adapt to different domains for Bangla OCR. We
start by taking the vision transformer (Dosovitskiy
et al., 2021) and training it CLIP-style to learn the
various styles for each word. To enable it to un-
derstand both printed and handwritten scripts, we
use a progressive learning approach in three stages.
During cross-domain training, we incorporate do-
main information into the loss function to define a
novel domain objective. This enables the model to
understand the image’s domain and its OCR label.

BornoDrishti sets a new paradigm for advancing
Bangla OCR, moving beyond single-expert models
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to create more generalized encoders. Our main con-
tributions include: the first contrastive-style Bangla
OCR encoder to work across multiple domains, a
domain objective to optimize the model based on
the domain alongside the output, and a practical
encoder model that can replace existing domain-
specific encoders, thus saving compute resources.
The Government of Bangladesh will soon open-
source the code. The end-to-end OCR demo is
available at http://kagoj.ai/.

2 Related Work

Bangla OCR has been enhanced by Apurba Tech-
nologies Ltd over the years. Their initial works
were focused on character-level OCR models. In
2021, they introduced two CNN models for printed
and handwritten documents. One model used a
chained head output module, and another used a
multi-headed CNN (Rabby et al., 2021; Islam et al.,
2021). Both models achieved a CRR score of over
95% across all document types. Later in 2022, they
presented a character-level solution based on re-
sunet++ for low-resource languages such as Bangla
and Assamese (Das et al., 2022). This work was
followed by a knowledge distillation method with
CRNN-based models (Hossain et al., 2022). They
used a shallow CNN and the ResNet18 model
as the teacher model, and a VGG-based CRNN
with a BiLSTM layer as the student model, achiev-
ing 74.40% and 84.46% CRR score on BN-HTRd
and BanglaWriting datasets (Rahman et al., 2023;
Mridha et al., 2021). Later in 2023, they presented
another OCR system with specialized segmenta-
tion models (Rabby et al., 2024). They introduced
a self-attention VGG-based multi-headed neural
network architecture for OCR that was capable of
understanding various document types, including
computer-composed, typewriter, letterpress, and
handwritten documents. It achieved an average
accuracy of 87.20% on the Levenshtein distance-
based metric and 98.05% accuracy on the Con-
fusion matrix-based metric across all document
types.

Apart from these significant works, a few works
are presented by individuals. A transformer model
was proposed in 2023 that used a ViT-based ar-
chitecture as the image encoder and RoBERTa as
the text decoder (Hasan et al., 2024). This model
achieved a CER score of 0.07 and A WER score
of 0.12 on Bangla text. APSIS-Net was introduced
in 2024 (Zulkarnain et al., 2023). This word recog-

nition model comprises a CNN-based attention en-
coder for images and a positional embedding layer,
achieving 0.59 CER and 0.80 WER on word-level
image recognition. Another work was introduced
in 2024 that focused on Bangla handwritten char-
acter recognition, leveraging an ensemble learning
technique (Haque et al., 2024). They used ResNet
and Google LeNet to achieve 98.00% accuracy on
Bangla handwritten characters.

Our approach builds on established techniques
from the domain adaptation literature. Domain-
Adversarial Neural Networks (DANN) introduced
gradient reversal to learn domain-invariant features
by training a domain discriminator adversarially
against the feature extractor (Ganin et al., 2016).
This principle has been extended in works such
as Adversarial Discriminative Domain Adaptation
(ADDA), which decouples source and target en-
coders during adaptation (Tzeng et al., 2017), and
Deep CORAL, which aligns second-order statis-
tics across domains (Sun and Saenko, 2016). Deep
Adaptation Networks (DAN) minimize distribu-
tional discrepancy via the multi-kernel maximum
mean discrepancy (Long et al., 2015). Progressive
training strategies have also been explored for do-
main adaptation. Curriculum learning establishes
that ordering training samples from easy to hard
improves convergence and generalization (Bengio
et al., 2009). This principle has been applied to do-
main adaptation through Progressive Feature Align-
ment Networks (PFAN), which gradually align fea-
tures across domains (Chen et al., 2019), and self-
paced learning approaches that adaptively weight
samples during training (Kumar et al., 2010).

Existing works have significant gaps that need
to be addressed. Character-level approaches re-
quire an additional character-level segmentation
model. Some of the works suffer from punctuation
restoration, which is essential for preserving the se-
mantic meaning in Bangla text. Other transformer
and ensemble models do not address multi-type
documents. In addition, while progressive learn-
ing has achieved success in general computer vi-
sion tasks, its application to low-resource script
OCR with significant intra-domain variability re-
mains underexplored. Our work combines CLIP-
style contrastive learning with gradient reversal and
progressive training, specifically tailored for the
unique challenges of cross-domain Bengali script
recognition—where printed and handwritten text
exhibit fundamentally different visual characteris-
tics yet share the same character vocabulary.
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Figure 2: BornoDrishti is a single vision encoder trained to recognize cross-domain Bangla scripts using CLIP and
a domain objective

3 BornoDrishti

3.1 Problem Formulation
Bengali OCR remains challenging to deploy in
real production environments because the script
contains more than 50 basic characters, over 400
conjunct forms, and significant visual variability
across printed and handwritten sources. In real-
life documents, such as bank forms, government
records, ID documents, and handwritten applica-
tions, these two domains frequently appear to-
gether, often within the same page. As a result,
OCR systems must reliably handle inconsistent
spacing, irregular stroke patterns, stylistic differ-
ences, and noisy scan quality.

Given an input word image I ∈ R(H×W×C), the
OCR goal is to output a sequence of Bengali charac-
ters Y = y1, y2, ..., yn where each yi belongs to a
predefined character vocabulary V . The prediction
model aims to estimate:

P (Y |I; θ) =
Y∏

i

P (yi|y1, ..., yi−1, I; θ) (1)

In practice, however, a single function fθ : I →
Y rarely generalizes well across all document types.
Current Bengali OCR systems deployed in industry
address this by maintaining separate models for
printed and handwritten text:

fprinted = Ip → Y for printed text

fhandwritten = Ih → Y for handwritten text

Here, Ip ∈ Dprinted and Ih ∈ Dhandwritten belong
to visually distinct domains with a clear distribu-
tion shift P (Ip) ̸= P (Ih). Maintaining and serving

Figure 3: Example of the printed and handwritten sam-
ple in the dataset

multiple domain-specific OCR models increases
operational overhead including domain-routed de-
ployments, additional compute resources, and man-
ual configuration to handle mixed document types.

To address this practical bottleneck, we leverage
a CLIP-based vision encoder that is naturally ex-
posed to diverse visual patterns. Our objective is
to adapt this encoder to capture both printed and
handwritten Bengali script styles within a single
unified model, reducing system complexity while
improving robustness across real-world document
variations.

3.2 Dataset
The studies in recent years have resulted in a few
datasets for Bangla OCR, including CMATERdb
(Sarkar et al., 2012), Banglalekha-isolated (Biswas
et al., 2017), Ekush (Rabby et al., 2019), Ben-
gali.AI dataset (Alam et al., 2020), BanglaWrit-
ing (Mridha et al., 2021), BN-HTRd (Rah-
man et al., 2023), and IIIT-INDIC-HW-WORDS-
Bengali (Gongidi and Jawahar, 2021). However,
most of these datasets are either character-level
datasets or document-level, which require word
synthesis. Only IIIT-INDIC-HW-WORDS-Bengali
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is a word-level handwritten dataset that aligns with
our task. It contains images of 113K words (11,295
unique words), written by 24 people from diverse
educational backgrounds and age groups, result-
ing in a notable diversity in the writing patterns.
To address the cross-domain target, we merged
the Mozhi-Bengali dataset with the handwritten
dataset. The Mozhi-Bengali dataset contains 100K
word images (18,352 unique words) collected from
1,000 printed document pages. Figure 3 shows the
examples in the dataset.

3.3 BornoDrishti

We create BornoDrishti, the first self-supervised
language-image alignment method for domain
adaptation in Bangla OCR. We take a vision back-
bone and train it across multiple stages with a
domain objective, equipping it to capture cross-
domain scripts for Bangla. The entire flow is shown
in Figure 2.

3.3.1 Initial Architecture

Our goal was to build a single OCR encoder that
works reliably on both printed and handwritten
Bengali text without maintaining separate domain-
specific models. For this, we use a ViT-B/16 (Doso-
vitskiy et al., 2021) backbone paired with a CLIP-
style contrastive learning setup (Radford et al.,
2021). This choice is motivated by three practi-
cal considerations: ViT models are stable across
diverse visual patterns, CLIP pretraining provides
strong initialization for low-resource scripts, and
the architecture runs efficiently in production on a
single GPU.

Image Encoder. The ViT encoder takes a word-
level image, extracts visual patches, and produces
a single embedding vector through the [CLS] to-
ken. Instead of training the encoder from scratch,
we fine-tune it with contrastive supervision using
ground-truth text labels. This allows the encoder
to learn character-level structure without requiring
an explicit decoder during training. The resulting
image embedding is compact and suitable for large-
scale batch inference.

Text encoder. For text, we use a lightweight GPT-
2 model (Radford et al., 2019) to compute a dense
representation of each target word. Although the
final system does not rely on natural-language gen-
eration, using a text encoder provides a stable se-
mantic space for contrastive alignment. The output

from the [EOS] position is projected into the same
embedding dimension as the image encoder.

Contrastive alignment. Given a batch of im-
age–text pairs, we compute similarity scores us-
ing a temperature-scaled dot product and optimize
a symmetric contrastive loss. This setup encour-
ages the model to pull together matched image–text
pairs while pushing apart mismatched pairs. In
practice, this objective is more straightforward
to optimize than a full autoregressive OCR de-
coder and yields representations that generalize
well across both printed and handwritten styles.

Design rationale. This architecture minimizes
deployment complexity and training instability. It
avoids heavy decoders, reduces the number of
model components that must be maintained, and
supports faster inference. Most importantly, the
contrastive formulation provides a unified represen-
tation space in which both printed and handwritten
word images can be jointly learned, forming the
foundation of our cross-domain OCR system.

3.3.2 Progressive Learning
In practice, training a single OCR model on a mix
of printed and handwritten Bengali data leads to un-
stable convergence. Early experiments showed that
the encoder overfits to printed samples because they
are visually consistent, while handwritten samples
introduce high variability in stroke width, curva-
ture, spacing, and writing style. Training on both
domains from the start leads to frequent oscillations
in loss and poor generalization on handwritten text.

To address this, we follow a progressive learn-
ing strategy that stabilizes the encoder before ex-
posing it to full domain diversity. The training
process is divided into three stages: printed-only,
handwritten-only, and mixed-domain. At first, the
encoder is trained on printed word images. This
allows the model to learn clean structural patterns
and basic character shapes. Next, the model is
then fine-tuned on handwritten samples. The ini-
tialization from stage one helps the encoder adapt
to higher variability without collapsing. Finally,
the model is trained on both domains together. At
this stage, the encoder learns to align printed and
handwritten representations within a shared em-
bedding space. We select the best checkpoint from
each stage based on validation performance and use
the final mixed-domain checkpoint for all deploy-
ments. This staged process improves stability and
leads to significantly better cross-domain accuracy,
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Figure 4: The flow of the domain objective. The Domain
Discriminator predicts the current domain and passes
the information to the shared loss

especially on challenging handwritten inputs.

3.3.3 Domain Objective
Even with progressive learning, handwritten sam-
ples remain more complex to model due to their
greater visual variation. To help the encoder learn
features that transfer across domains, we introduce
an auxiliary domain objective during the final train-
ing stage. We attach a small MLP-based discrim-
inator to the image embedding and train it to pre-
dict whether the input came from the printed or
handwritten domain. During backpropagation, we
apply gradient reversal to encourage the encoder to
remove domain-specific cues and learn representa-
tions that generalize better.

Let yi ∈ {0, 1} denote the domain label (0 for
printed, 1 for handwritten) and gϕ be the discrimi-
nator. The output by the discriminator is denoted
by Ogϕ . The discriminator is trained with binary
cross-entropy:

Ldomain = −E
[
yi log gϕ(zi)

+ (1− yi) log (1− gϕ(zi))
] (2)

where zi is the image embedding from the vision
encoder. The total loss becomes:

Ltotal = LCLIP + λ · Ldomain (3)

This formulation implements a min-max adver-
sarial objective. The discriminator gϕ minimizes
Ldomain to correctly classify domains, while the
encoder, through the gradient reversal layer, ef-
fectively maximizes this term by learning repre-
sentations that confuse the discriminator. The re-
versed gradients encourage the encoder to suppress
domain-specific visual cues (e.g., uniform stroke
width in printed text vs variable strokes in handwrit-
ing) and instead capture domain-invariant character
features.

We set λ = 0.1 based on validation performance,
balancing the contrastive alignment objective with
domain invariance. To prevent the domain loss
from destabilizing training, we apply gradient clip-
ping with a maximum norm of 1.0. The domain
objective is enabled only in the final mixed-domain
stage; earlier stages benefit from learning domain-
specific features before encouraging invariance. In
the final stage, the domain objective helps align
both domains into a common embedding space
without harming printed performance. This ap-
proach improves the model’s ability to recognize
handwritten words. It reduces the performance gap
between domains, which is essential for deploy-
ment in real OCR workflows that process mixed-
type documents.

4 Experiments

4.1 Experimental Setup

We implement BornoDrishti using PyTorch and
HuggingFace. BornoDrishti was trained for 50
epochs using our progressive learning strategy. The
experiments and ablations were also conducted for
the same number of epochs. The batch size is set
to 64 to accommodate the GPU memory. The op-
timizer used was Adam (Kinga et al., 2015), and
different instances were set for each training stage
with learning rates set to 5e−5, 2e−5, and 1e−5,
respectively, with cosine LR scheduling to adjust it
during training. All experiments were conducted
on a 1×T4 GPU with 16GB VRAM to ensure suit-
ability for resource-constrained environments.

4.2 Evaluation Metrics

We evaluate BornoDrishti using two comprehen-
sive metrics: Top-1 and Top-5 Accuracy. The
Top-1 accuracy specifies the exact match accu-
racy of the word predicted, and the Top-5 accu-
racy specifies the chance that the correct label ap-
pears among the top 5 predictions made by the
model. These assess both classification accuracy
and cross-modal retrieval capabilities, reflecting
the CLIP-style training approach. These retrieval
metrics validate that our model learns meaning-
ful cross-modal representations rather than merely
memorizing image-text pairs. Since related bench-
marks commonly report the "accuracy" metric, we
use Top-1 Accuracy as the standard for easier com-
parison of results. BornoDrishti is an encoder-only
cross-domain model trained using CLIP-style ob-
jectives. Unlike sequence-decoders, CLIP-based
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Model Overall Acc. (%) Cross-Domain
Tesseract OCR (Smith, 2007) 57.56 ✓
Bengali OCR (Rabby et al., 2024) 87.20 ×
BornoDrishti (w/o progressive learning) 77.76 ✓
BornoDrishti (w progressive learning) 83.77 ✓

Table 1: The performative comparison between our proposed model and other state-of-the-art methods.

encoders naturally produce a cross-modal embed-
ding space. For such encoders, the standard OCR
metrics (CER/WER) do not directly apply because
they require a decoder architecture. Thus, we use
Top-1 and Top-5 retrieval accuracies, which is the
canonical metric for alignment-based encoders.

4.3 Results

The overall results demonstrate that BornoDrishti
performs on par with state-of-the-art encoder-based
Bangla OCR models. As shown in Table 1, Ben-
gali OCR (Rabby et al., 2024) exceeds the proposed
model’s performance by 4%. However, it is not do-
main adaptive. It requires a separate model for each
domain, adding computational cost during initial-
ization and deployment. This results in their model
requiring 2×T4s to serve up OCR outputs, in con-
trast to a single T4 used by BornoDrishti. Com-
pared to Google’s Tesseract OCR (Smith, 2007),
an industry standard in OCR, our model achieves
significantly higher overall accuracy, highlighting
the stark gap in Bangla OCR across industry-grade
systems. Tesseract is domain-adaptive, but cannot
capture the cross-domain script styles for Bangla.
In terms of computational resources, Tesseract does
not require a GPU to run and is primarily optimized
for CPU-based inference. This is a stark contrast in
optimization to BornoDrishti. However, we trade
off the CPU optimization for low-compute unified
cross-domain inference. Recent OCR systems such
as Donut, TrOCR, GOT-OCR, and Qwen-VL are
full sequence-to-sequence VLM architectures that
integrate both an encoder and a decoder, making
them fundamentally different from our encoder-
only formulation. Therefore, we restrict compar-
isons to encoder-level or domain-specific OCR sys-
tems aligned with our scope.

4.4 Ablations

We conduct a few ablations to back our methodol-
ogy. These include verifying the effectiveness of
both the progressive learning training recipe and
performance across uni- and cross-domain settings.

Method Top-1 Top-5
Comb. w/o prog. learning 77.7% 94.7%
Comb. w prog. learning 83.7% 96.8%

Table 2: The performance of the Top-1 and Top-5 ac-
curacy scores for training without and with progressive
learning, recorded in percentages. "Comb." abbreviates
to "Combined", "w/o" to "without", "w" to "with", and
"prog" to "progressive". Words have been shortened for
space.

4.4.1 Does the training recipe affect model
performance?

The metrics recorded for the training recipe are
shown in Table 2. It is observed that if we train the
domains within a combined set without progressive
learning, the Top-1 accuracy is 77.7%. This is a
significant drop in performance compared to the
Top-1 accuracy of 83.7% achieved during progres-
sive learning. We attribute this to the ability of
progressive learning: specifically, the model first
understands the patterns through printed examples,
then builds on that knowledge to adapt to handwrit-
ten examples, and finally learns both at once.

4.4.2 How does the model perform in single
domain settings?

The metrics recorded for performance across do-
mains are shown in Table 3. For our model, we
report the Top-1 accuracy. The uni-domain ac-
curacies were recorded during testing after train-
ing the model separately for that specific domain.
Compared to (Rabby et al., 2024), it can be ob-
served that the performance of our model on the
printed domain is high, while the performance of
the handwritten domain is significantly low. How-
ever, (Rabby et al., 2024) uses domain-specific
CNNs, with no cross-domain models available.
Thus, we record that the model has no capabil-
ity across domains. Compared to Tesseract (Smith,
2007), our model outperforms it across all domains,
revealing a significant gap in its OCR capabili-
ties for Bangla scripts and demonstrating strong
cross-domain performance. In addition to Top-1
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Domain (Work) Accuracy (%)
Pr-only (Smith, 2007) 73.49
Hwr-only (Smith, 2007) 35.80
Pr+Hwr-only (Smith, 2007) 44.64
Pr-only (Rabby et al., 2024) 90.06
Hwr-only (Rabby et al., 2024) 86.84
Pr+Hwr (Rabby et al., 2024) NC
Pr-only (Ours) 94.7
Hwr-only (Ours) 68.9
Pr+Hwr (Ours) 83.77

Table 3: The comparisons between the performances
when applied to uni-domains with combined domains.
The "Pr." is abbreviated to "Printed", "Hwr" to "Hand-
written", and "NC" to "Not capable".

accuracy, we report Top-5 accuracy in uni- and
cross-domain settings for our retrieval-based model.
The Top-5 accuracies for printed, handwritten, and
cross-domain are 99.74%, 95.22%, and 96.89%,
respectively. These results show that BornoDrishti
can retrieve accurate results.

5 Discussion

5.1 Handwritten Performance Gap

As shown in Tables 1 and 3, there is a great differ-
ence in the performance gaps in identifying hand-
written images. The performance gap between
printed and handwritten domains stems from funda-
mental differences in visual complexity. Handwrit-
ten Bengali exhibits: (1) high inter-writer variabil-
ity in stroke patterns and character formation, (2)
inconsistent spacing and baseline alignment, and
(3) degraded image quality from scanning hand-
written documents. The datasets include samples
from only 24 writers, limiting exposure to the full
distribution of handwriting styles.

To bridge this gap, we identify several promis-
ing directions: (1) augmenting handwritten training
data with synthetic variations using elastic defor-
mations and style transfer, (2) incorporating writer-
adaptive layers that capture individual writing char-
acteristics, and (3) leveraging self-training with
pseudo-labels from high-confidence predictions on
unlabeled handwritten data. These extensions rep-
resent our immediate future work toward achieving
parity with domain-specific models such as (Rabby
et al., 2024), while maintaining the deployment
benefits of a unified architecture.

5.2 Deployment and Extensions
BornoDrishti is currently used in our product as
a unified cross-domain vision encoder. Due to its
lightweight design, with around 86 million parame-
ters, it saves compute resources by running on a sin-
gle T4 in an AWS EC2 instance. At inference time,
BornoDrishti processes individual word images in
approximately 15ms on a T4 GPU, which is 3-
5ms slower than the CNN-based encoder of (Rabby
et al., 2024). This marginal latency overhead is at-
tributable to the ViT architecture’s self-attention
computation. However, for mixed-domain docu-
ments, BornoDrishti eliminates the need for do-
main classification and model switching, resulting
in easier end-to-end processing compared to multi-
model pipelines.

6 Conclusion

We present BornoDrishti, the first self-supervised
language-image alignment method for domain
adaptation in Bangla OCR, with a lightweight
model architecture for on-production deployment.
We demonstrate that, for cross-domain Bangla
OCR, progressive learning is highly recommended
for domain adaptation. Furthermore, we introduce
the domain objective, which penalizes examples
not only based on word prediction but also on the
domain, forcing the model to learn the domain-
specific script styles a word will exhibit. We com-
pare our model to other industry-grade Bangla
OCR systems and demonstrate significant improve-
ments in accuracy and capabilities. We discuss
the current usage of BornoDrishti in production
pipelines and outline its next stage of improvement.
We create BornoDrishti as one of our steps towards
creating an end-to-end VLM-based document OCR
model for Bangla.

Limitations

While the work shows promising directions in in-
corporating CLIP-trained encoders to Bangla OCR
in resource-constrained production environments,
the current job is limited to only two domains:
printed and handwritten. There are many Bangla
scripts, including letterpress and typewriter scripts.
While an internal dataset of diverse images is be-
ing prepared, this work aims to make an initial
observation on the use of such training methods
in low-resource environments, a need in countries
with limited computational resources.
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