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Abstract

Despite Bengali being the sixth most spoken
language in the world, handwritten text recogni-
tion (HTR) systems for Bengali remain severely
underdeveloped. The complexity of Ben-
gali script—featuring conjuncts, diacritics, and
highly variable handwriting styles—combined
with a scarcity of annotated datasets makes
this task particularly challenging. We present
GraDeT-HTR', a resource-efficient Bengali
handwritten text recognition system based on a
Grapheme-aware Decoder-only Transformer
architecture. To address the unique challenges
of Bengali script, we augment the performance
of a decoder-only transformer by integrating
a grapheme-based tokenizer and demonstrate?
that it significantly improves recognition accu-
racy compared to conventional subword tok-
enizers. Our model is pretrained on large-scale
synthetic data and fine-tuned on real human-
annotated samples, achieving state-of-the-art
performance on multiple benchmark datasets.

1 Introduction

Optical Character Recognition (OCR) involves
transforming printed or handwritten images into
machine-encoded text, supporting tasks such as
digitizing pages from books, scene photographs,
receipts, or notes. Within OCR, Handwritten Text
Recognition (HTR) is focused specifically on tran-
scribing handwritten content. HTR remains a chal-
lenging task due to the vast diversity in individual
writing styles, inconsistent lighting, varying stroke
width, cursive scripts, and artifacts such as smudges
or noise.

Despite significant progress in handwritten text
recognition (HTR) for languages such as English
and Chinese, Bengali remains notably underserved.
This gap is especially critical given the widespread
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use of handwritten Bengali in education, admin-
istration, and historical records. Developing ef-
fective HTR systems for Bengali presents unique
challenges: the script contains visually complex
ligatures, numerous diacritics, and allographic vari-
ations, all of which are compounded by highly
diverse individual handwriting styles. These lin-
guistic and visual complexities, combined with a
scarcity of large, high-quality annotated datasets,
make Bengali HTR a particularly demanding low-
resource OCR task.

Existing approaches to text recognition pre-
dominantly employ encoder-decoder architectures,
wherein the encoder is responsible for extracting vi-
sual features from images while the decoder gener-
ates the corresponding transcriptions. Early meth-
ods (Shi et al., 2017) commonly utilized CNNs
as encoders and RNNs, with CTC (Graves et al.,
2006), as decoders. With the introduction of trans-
formers (Vaswani et al., 2017), attention-based
mechanisms have been utilized to gain high per-
formance in OCR tasks (Wang et al., 2019; Sheng
et al., 2019; Zhang et al., 2020; Li et al., 2023;
Fujitake, 2024).

In the context of Bengali, existing research on
text recognition is relatively limited. Recent studies
have explored architectures based on Convolutional
Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs). However, the majority of these
works (Azad et al., 2020; Hossain et al., 2021; Safir
et al., 2021; Chaudhury et al., 2022) evaluate their
methods on specific datasets, resulting in limited
generalizability of their results. Some recent efforts
(Hossain et al., 2022) have considered evaluation
on unseen datasets, thereby addressing issues of
generalization to a certain extent. Nonetheless, ap-
proaches based on transformer architectures have
not yet been explored for HTR tasks. For text detec-
tion, models such as BN-DRISHTI (Jubaer et al.,
2023) attain satisfactory results, so the focus has
largely shifted to the recognition stage. In paral-
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lel, recent work on tokenizer design (Basher et al.,
2023) has demonstrated that grapheme-based tok-
enization can improve recognition performance by
addressing Bengali’s intricate ligatures, conjuncts,
numerous diacritics, and allographic variations.

Motivated by the strong performance of decoder-

only transformer models in English and Chinese
OCR tasks (Fujitake, 2024), as well as the potential
significance of tokenizer selection, we propose a
Bengali Handwritten Text Recognition system that
leverages a decoder-only transformer architecture
in conjunction with a grapheme-based tokenizer.
The core contributions of this paper are summa-
rized below:

* We develop an end-to-end Bengali HTR
pipeline that integrates both text detection and
recognition for full-page images.

* We study the effects of replacing the default
tokenizer in a transformer-based model with
a grapheme-based tokenizer tailored for Ben-
gali—a direction that, to the best of our knowl-
edge, has not been previously explored—and
empirically show improvements in recogni-
tion performance.

* We demonstrate that strong HTR performance
can be achieved without relying on large-scale
pretrained language models, offering a practi-
cal path for developing this demanding appli-
cation in low-resource settings.

2 Related Work

This section reviews prior research in three key ar-
eas relevant to our work: general optical character
recognition (OCR) and handwritten text recogni-
tion (HTR), Bengali handwritten text recognition,
and the impact of tokenization strategies in OCR
for complex scripts.

Optical Character Recognition. Text recogni-
tion has evolved from traditional connectionist tem-
poral classification (CTC)—based models to more
sophisticated sequence-to-sequence (seq2seq) ap-
proaches. Early CTC frameworks, such as CRNN
(Shi et al., 2017), combined CNN-based visual fea-
ture extraction with recurrent networks for tempo-
ral modeling. Subsequent methods expanded on
this by incorporating attention modules, alternative
visual encoders, and advanced normalization tech-
niques to address irregular text shapes and challeng-
ing image conditions (Gao et al., 2019; Shi et al.,
2018).

The introduction of transformer architectures

(Vaswani et al., 2017) led to significant advances
in seq2seq modeling. Transformers, with their self-
attention mechanisms and positional encodings,
handle variations in character scale, spatial arrange-
ments, and bidirectional decoding more effectively
(Zhang et al., 2020; Lee et al., 2020).

A more recent direction involves integrating lan-
guage models (LMs) into recognition pipelines to
enhance contextual understanding. TrOCR (Li
et al., 2023), for example, leverages pretrained
LMs as decoders using masked language modeling
(MLM) objectives, while models like MaskOCR
(Lyu et al., 2022) and ABINet (Fang et al., 2021)
explore more sophisticated strategies for linguistic
pre-training. DTrOCR (Fujitake, 2024) advances
this line of work by omitting the encoder entirely
and relying on an autoregressively pretrained de-
coder (GPT-2) (Radford et al., 2019).

In the domain of handwritten text recognition
(HTR), these trends are paralleled by augmenting
traditional RNN+CTC architectures with attention
and language modeling components (Memon et al.,
2020; Michael et al., 2019).

Bengali Handwritten Text Recognition. Most
existing research on Bengali handwritten text recog-
nition has focused on constrained tasks, such as
recognizing isolated characters or digits (Sufian
et al., 2022). A few works have extended this to
word-level recognition using CRNN-based models
trained with the CTC loss (Hossain et al., 2022;
Basher et al., 2023). However, despite the grow-
ing prominence of transformer-based architectures
in other languages, such methods remain largely
unexplored for Bengali HTR.

Impact of Tokenization in OCR. Bengali script
comprises approximately 13,000 graphemes (Alam
et al., 2021)—substantially more than English,
which has around 250. This makes the consid-
eration of graphemes in tokenization a particularly
important design decision in Bengali OCR. Basher
et al. (2023) have shown empirically that grapheme-
level tokenization yields improved performance in
HTR compared to conventional character-level tok-
enization for Bengali.

3 Methodology

The system pipeline consists of two primary com-
ponents: a text detection module, which segments
full-page images into individual word images, and
a text recognition module, which adopts a decoder-

697



emminen 1] [2] coooo [
Embedz?r:;:lj D I:\ 00000 D
r 4+ 1 N

[ Patch Embedding ]

t

W°“‘[ Word 1 ] [ Word 2 ] 00 [ Word n ]
Images

Text Detection ]
T

Full Page
Image

D D OO0 D Outputs
2

> 1 1‘

[ Feed Forward Network ]

xN

[ Masked Multi-Head Attention ]

Decoder

o

T T > 1 T
Doo @ (0 0o [
> 1 T

[ Grapheme Tokenizer ]
/T«

Figure 1: Architecture of the system pipeline. The pipeline consists of a text detection module and a text recognition
module, which includes a patch embedding layer, a decoder-only transformer, and a grapheme-based tokenizer.

only architecture, beginning with a patch embed-
ding layer followed by a decoder-only transformer.
To enhance recognition accuracy for Bengali script,
a grapheme-based tokenizer is integrated into the
decoder. The overall architecture of the system is
illustrated in Figure 1.

3.1 Text Detection

The task of recognizing handwritten text from
full-page images typically requires large annotated
datasets, which are often unavailable for Bengali.
Consequently, most HTR methods operate at the
line or word level. Given the constraints of our
data setting, we adopt a word-level recognition ap-
proach.

The system begins by applying a text detection
module to segment the full-page image into in-
dividual word images. For this, we employ BN-
DRISHTI (Jubaer et al., 2023), a publicly available
text detection model based on the YOLO frame-
work (Redmon et al., 2016).

BN-DRISHTI follows a two-step line segmen-
tation process. In the first step, line regions are
identified directly from the full-page image. How-
ever, due to the curvilinear nature of Bengali hand-
writing, these preliminary detections often include
spurious boundaries or lines above or below the ac-
tual lines. To correct for this, Hough line and Affine
transformations are applied to normalize skew and
straighten the text baselines. Preprocessing opera-
tions such as binarization and morphological filter-
ing are then employed to suppress noise and refine
the line boundaries. In the second step, the refined
line images are re-segmented, yielding more ac-
curate line-level outputs. Finally, individual word
images are segmented from the refined text lines

and forwarded to the recognition module.?

3.2 Text Recognition

We adopt a decoder-only text recognition module,
in contrast to the encoder-decoder architecture com-
monly used in OCR. This module builds upon the
open-source implementation of DTrOCR* (Fuji-
take, 2024), which we adapt using a grapheme-
based tokenizer tailored for Bengali handwriting.

3.2.1 Patch Embedding

Transformers cannot directly process raw image in-
puts. Following the approach of ViT (Dosovitskiy
et al., 2021), each input image of size (3, Hy, Wp)
is first resized to (3, H, W) and then divided into
non-overlapping patches of size (pp,, py ), resulting
in N = (H/pp) x (W/py) patches. Each patch is
linearly projected into a D-dimensional embedding.
Positional encodings P € RV XL are then added to
retain spatial information. The resulting sequence
is passed to the decoder module for autoregressive
token prediction.

3.2.2 Decoder

The decoder module generates text directly from
the embedded image sequence, bypassing the en-
coder used in traditional encoder—decoder architec-
tures to extract visual features from raw images.
This design eliminates the need for cross-attention
and reduces both model parameters and compu-
tational cost. Our decoder module uses the ar-
chitecture of Generative Pretrained Transformers
(GPT) (Radford et al., 2018, 2019) to recognize

3Since we employ the exact model without any modifi-
cation, we refer the interested readers to the BN-DRISHTI
paper (Jubaer et al., 2023) for detailed methodology and eval-
uation results of the detection model.

*https://github.com/arvindrajan92/DTrOCR
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handwritten text. Specifically, we adopt a decoder-
only architecture that consists solely of standard
Transformer decoder blocks (Vaswani et al., 2017).
In contrast to models such as TrOCR (Li et al.,
2023) and DTrOCR (Fujitake, 2024), we do not
rely on pretrained Bengali language models. In-
stead, our decoder is trained from scratch, making
it suitable for low-resource settings.

After the embedded image sequence, a [BOS]
token is appended and the resulting sequence is
passed into the decoder. Tokens are then generated
autoregressively until a [EOS] token is produced.
The final output from the decoder is projected onto
the vocabulary space and passed through a softmax
layer for token prediction.

3.2.3 Tokenizer

A grapheme is the smallest visually distinguish-
able unit in a writing system. Transformer-based
OCR models (Li et al., 2023; Fujitake, 2024) typi-
cally rely on default tokenizers such as Byte Pair
Encoding (BPE) (Sennrich et al., 2016), which seg-
ments text into subwords or characters based on
frequency statistics (see Figure 2b). These sub-
word units often span multiple characters and are
visually unstable in handwritten text: even slight
variations in a single character can distort the entire
token.

(a) Example word.

HEsREREREE

(b) Byte pair encoding (BPE) tokenization.

R I e TewTeTT [oTe

(c) Character-level tokenization.

T
(d) Grapheme-based tokenization.

Figure 2: Comparison of tokenization strategies for
Bengali HTR using the example word shown in (a).

This challenge is amplified in Bengali, where
writing styles vary widely and many graphemes
are rendered with ligatures or conjuncts. Subword
or character-level tokenization becomes unreliable
without access to large, diverse training data. Fur-
thermore, the visual order of Bengali text often
diverges from its logical sequence, complicating
alignment (see Figure 2¢). Prior work (Basher et al.,
2023) has shown that character-level tokenization

fails to capture these structures effectively.

To address these challenges, we adopt a
grapheme-based tokenizer that enforces a one-to-
one mapping between visually coherent units and
model output tokens (see Figure 2d). Specifically,
we integrate BnGraphemizer (Basher et al., 2023),
a trie-based grapheme tokenizer designed for Ben-
gali, into our decoder-only transformer pipeline.

3.3 Training

The training process consists of two stages: pre-
training on large-scale synthetic data and fine-
tuning on real-world, human-annotated samples.

First, we employ a synthetic data generation
tool® adapted from the VRD framework (Lauar
and Laurent, 2024) to construct diverse datasets
(as detailed in Section 4.1) for pre-training. Pre-
training itself is conducted in two phases, first on
line-level images and then on word-level images.
In the initial phase, the training on synthetic images
containing single lines of handwritten text helps the
model learn high-level structure. In the latter phase,
the model is further trained on word-level images.
Line-level training is particularly useful in early
stages, as text detection models may group multi-
ple words into a single detection region, especially
in cursive or compact writing styles.

Second, we fine-tune the pretrained model on
human-annotated Bengali handwriting datasets (as
detailed in Section 4.1), as previous works (Baek
et al., 2021; Bautista and Atienza, 2022) have
shown that synthetic-only dataset is generally insuf-
ficient for generalization to real-world inputs—an
issue heightened in Bengali’s complex script.

4 Experiments

In this section, we detail the experimental setup,
describe the evaluation metrics, and present the
results of our study.

4.1 Experimental Setup

We outline the experimental setup here, covering
the details of training data and evaluation bench-
marks, training configurations, and implementation
details used in both the pre-training and fine-tuning
stages.

4.1.1 Training Data and Benchmarks
For pre-training, we generate synthetic datasets
comprising 4.5 million line-level samples and 7

5https://github.com/tahsinchoudhury/
GlyphScribe
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Model Tokenizer Prﬁfi‘;}led #Parameters BN-HTRd Bongabdo
CER(%) WER(%) CER(%) WER(%)

Line_BPE_Pretrained BPE v 162M 38.34 51.83 65.04 77.65
Line_BPE_Random BPE X 162M 26.17 39.22 4691 63.85
Line_BnG_Random BnGraphemizer X 87™M 29.58 42.89 50.69 68.02
Word_BPE_Pretrained BPE v 162M 7.57 16.30 11.61 26.99
Word_BPE_Random BPE X 162M 6.68 15.05 10.09 25.39
Word_BnG_Random BnGraphemizer X 8™ 6.19 14.20 8.68 23.56

Table 1: Model configuration details and recognition performance (CER, WER) on the BN-HTRd and Bongabdo
datasets. Model names follow the format [Input granularity] [Tokenizer]_[Decoder initialization]. Here, Line
level models take entire handwritten line images as input and predict the full line text, while Word level models
take cropped word images as input and predict the word text. BPE and BnG denote the Byte-Pair Encoding and
BnGraphemizer tokenizers, respectively. Pretrained/Random indicates whether the decoder was initialized from
a pretrained Bengali language model or with random weights. Among all variants, Word_BnG_Random (our
proposed word-level model with grapheme tokenizer, trained from scratch) achieves the lowest CER and WER.

million word-level samples. The text content line images from the BN-HTRd dataset (Rahman

is sourced from Bengali Wikipedia, the Bangla-
NMT dataset (Hasan et al., 2020), and a pub-
licly available Bengali dictionary (Kamal, 2018).
These sources provide a wide range of vocabu-
lary and writing styles. To enhance realism, our
synthetic data generator introduces artifacts such
as handwritten-style fonts, wavy or bent lines,
Gaussian blur, and partial character fragments that
mimic cropping effects. Representative examples
are illustrated in Appendix A.

To fine-tune and evaluate our model, we
use six human-annotated datasets: BN-
HTRd (Rahman et al., 2023; Jubaer et al., 2023),
BanglaWriting (Mridha et al., 2021), Banglal.ekha-
Isolated (Biswas et al., 2017), III'T-Indic (Jindal
et al., 2021), ICDAR 2024 (IIIT Hyderabad and
CVIT Lab, 2024), and Bongabdo (Islam et al.,
2023).

Dataset # Words
BN-HTRd 104,854
BanglaWriting 21,234
Banglal_ekha-Isolated (Digits only) 19,748
HIT-Indic 113,075
ICDAR 2024 79,663
Total 338,574

Table 2: Summary of human-labeled datasets used to
fine-tune the word-level models.

We consider two model variants: line-level mod-
els, which take entire handwritten line images as
input and predict the full line text, and word-level
models, which take cropped word images as in-
put and predict the text for that word. For fine-
tuning, the line models use 13,912 real handwritten

et al., 2023). In contrast, the word models are
fine-tuned on a larger collection of approximately
340,000 (see Table 2 for details) real handwrit-
ten word images aggregated from BN-HTRd (Rah-
man et al., 2023), BanglaWriting, Banglal.ekha-
Isolated, III'T-Indic, and ICDAR 2024. For evalua-
tion, we benchmark on 805 full-page images from
the “automatic annotation” split of the extended
BN-HTRd dataset (Jubaer et al., 2023) and 111
images from the Bongabdo dataset.

4.1.2 Implementation Details

We implement our decoder using the GPT-2 ar-
chitecture from HuggingFace (Wolf et al., 2020),
consisting of 12 transformer layers with a hidden
size of 768 and 12 self-attention heads. The maxi-
mum sequence length is set to 256 tokens. To better
suit the properties of Bengali handwritten text, we
replace the default byte-pair encoding tokenizer
with the BnGraphemizer tokenizer.

Each input image is resized to a fixed resolution
of 32 x 128 pixels and divided into non-overlapping
patches of size 4 x 8, yielding 128 image tokens per
word. The model is pretrained using a batch size
of 32 with the Adam optimizer and a learning rate
of 1 x 104, During fine-tuning, the same batch
size and optimizer are used, but the learning rate is
reduced to 5 x 1076,

All training and inference experiments are con-
ducted using PyTorch on a single NVIDIA GeForce
RTX 3080 GPU (see Appendix C for more details).

4.2 Evaluation Metrics

We evaluate our handwriting recognition system us-
ing two widely adopted metrics for handwritten text
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System BN-HTRd Bongabdo

CER (%) WER (%) CER (%) WER (%)
Gemini 2.5 Flash® 19.39 32.49 37.42 56.39
Imagetotext.info’ 20.90 37.10 14.36 31.14
Ours 6.19 14.20 8.68 23.56

Table 3: Comparison of cloud-based OCR systems and
our proposed model on Bengali HTR.

recognition (HTR): Character Error Rate (CER)
and Word Error Rate (WER). CER measures the
proportion of character-level errors—substitutions,
deletions, and insertions—required to transform
the predicted sequence into the ground truth, while
WER computes the same at the word level. For-
mal definitions of both metrics are provided in Ap-
pendix B.

4.3 Experimental Results

We now discuss the results of our model across
ablations, comparisons with existing OCR systems
and prior HTR models, an analysis of its sensitivity
to text detection quality and inference speed.

Model Configuration Analysis. We compare
multiple model configurations to evaluate the ef-
fects of input granularity, decoder initialization,
and tokenization. Specifically, we study line-level
vs. word-level recognition, pretrained Bengali lan-
guage model vs. randomly initialized decoders, and
subword-level Byte Pair Encoding (BPE) vs. the
grapheme-level BnGraphemizer tokenizer. While
BPE is used with the pretrained LLM, BnGraphem-
izer is evaluated only with randomly initialized
decoders, as no pretrained Bengali LLM exists for
this tokenizer.

The line-level models are pretrained on synthetic
line images, while word-level models undergo addi-
tional pretraining on synthetic word images. Line-
level models are fine-tuned on handwritten line im-
ages, while word-level models are fine-tuned on a
larger set of handwritten word images, as discussed
in Section 4.1.

As shown in Table 1, word-level models outper-
form line-level ones, which can be attributed to
the abundance of word-level training data and the
more nuanced nature of line-level data. Our pro-
posed model—Word_BnG_Random—achieves the
lowest CER and WER without using a pretrained
Bengali LLM. The grapheme-based tokenizer fur-
ther improves accuracy while reducing model size
from 162M to 87M, demonstrating both effective-
ness and parameter efficiency.
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Filtered BN-HTRd Bongabdo

CER (%) WER (%) CER (%) WER (%)
No 6.19 14.20 8.68 23.56
Yes 4.58 12.59 8.02 22.95

Table 4: Comparison of recognition performance with
and without filtering images where the text detection
module failed to segment words accurately.

Comparison with Existing OCR Systems. We
compare our proposed model with two existing
OCR systems: Gemini 2.5 Flash and Imageto-
text.info. As shown in Table 3, our model achieves
the lowest CER and WER, outperforming both sys-
tems by a large margin. Gemini 2.5 Flash is se-
lected as a representative vision-language model
(see Appendix D for prompt details) due to its
strong performance on Bengali handwritten text,
substantially surpassing models such as ChatGPT
and Claude on this task. We exclude other Google
Vision API models, as Gemini consistently outper-
forms them. Imagetotext.info is included for its
support for Bengali handwriting and its accessi-
ble API, which enables automated benchmarking.
Other OCR services were excluded based on lack
of Bengali handwriting support, absence of APIs,
or poor performance in preliminary evaluations.

Dependency on Text Detection Model. To as-
sess the sensitivity of our system to the quality
of word segmentation, we manually inspected the
BN-HTRd and Bongabdo datasets and identified a
small number of samples where the text detection
model failed to accurately segment words. After
filtering out these cases, our text recognition model
demonstrated improved performance, as shown in
Table 4. These findings suggest that the end-to-
end pipeline is affected by errors in text detection,
and that further gains in recognition accuracy may
be achieved by incorporating a more precise word
segmentation module.

Comparison with Prior Models. Table 5
presents cross-dataset evaluation results compar-
ing our proposed model with prior Bengali HTR
approaches, including LILA-BOTI (Hossain et al.,
2022), CRNN-CT, and CRNN-BnG (Basher et al.,
2023). We adopt cross-dataset evaluation to en-
sure consistency with prior work, which report per-
formance under the same setting. This approach

6 Although Gemini 2.5 Pro yields slightly better results, we
use Flash due to strict API limits in the Pro free tier.
"https://www.imagetotext.info
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Datasets Model CER (%) WER (%)
LILA-BOTI* 25.92 51.62
BW (train) CRNN-CT* 19.94 44.10
BN-HTRAd (test) CRNN-BnG* 30.53 48.41
Ours 18.04 33.20
LILA-BOTI* 15.54 36.78
BN-HTRd (train) CRNN-CT* 11.12 29.43
BW (test) CRNN-BnG* 15.80 29.18
Ours 12.66 24.79

Table 5: Cross-dataset evaluation on BW (BanglaWrit-
ing) and BN-HTRd datasets. The asterisk (*) indicates
results reported from (Basher et al., 2023).

provides a fair basis for comparison and reflects
the models’ ability to generalize across different
handwriting corpora. When fine-tuned on BW
(BanglaWriting) (Mridha et al., 2021) and eval-
uated on BN-HTRd (Rahman et al., 2023), our
model achieves the lowest CER and WER. In the
reverse setting, it obtains the best WER, while the
CER is slightly higher.

Inference Speed. We conducted experiments on
the Bongabdo dataset to compare the inference
speeds of different models, as reported in Table 6.
Each experiment was repeated five times to ensure
statistical robustness, and the average inference
speed was reported as the final result. This set of
experiments was performed on the aforementioned
devices, which were also used for model training
and other experiments. As expected, our proposed
model with 87M parameters achieves a higher in-
ference speed than the 162M parameter variant.
This demonstrates the practicality of our model for
deployment in low-resource computational settings
while delivering faster results to end users.

Model #Params #Words Time Speed
Word_BPE_Random 162M 17,217 2074.32s  8.30 words/s
Word_BnG_Random 87™M 17,217 1729.59s  9.95 words/s

Table 6: Inference time on the Bongabdo dataset.

5 System Description

We deploy our Bengali handwriting recognition
system as a Flask-based REST API, enabling ex-
ternal access through a lightweight and modular
interface. The backend supports asynchronous task
execution using Celery, with Redis serving as the
message broker. To ensure reproducibility and ease
of deployment, the entire system is containerized
with Docker, and all components are orchestrated
via Docker Compose. The inference engine runs

on an NVIDIA GeForce RTX 3080 GPU.

The system supports a variety of input formats,
including individual image files (PNG, JPG, JPEG)
as well as multi-page PDF documents. Once up-
loaded, documents are processed through the de-
tection and recognition pipeline described in Sec-
tions 3.1 and 3.2, respectively, where full-page
handwritten images are segmented into word-level
regions and transcribed using a decoder-only trans-
former model. For each image or PDF page, the
recognized text is displayed in an editable text area,
allowing users to make corrections as needed. In
the case of PDFs, the system provides per-page
navigation to support multi-page review. Users can
export the extracted text in either plain text (. txt)
or Microsoft Word (. docx) format.

The web interface features a document upload
panel on the left and a text output display area on
the right. Snapshots of the user interface, along
with representative use cases, are provided in Ap-
pendix E.

6 Conclusions

We present a resource-efficient Bengali handwrit-
ten text recognition system that operates at the
word level without relying on a pretrained large
language model as the decoder. Our approach lever-
ages a decoder-only transformer combined with
a grapheme-based tokenizer tailored for Bangla
script. Experimental results demonstrate that our
method outperforms existing OCR systems and
prior Bengali HTR models, achieving state-of-the-
art accuracy despite being trained on limited anno-
tated data.

7 Limitations and Future Work

Our system has two main limitations: its training
data mainly consists of handwritten text on white
backgrounds, limiting adaptability to more varied
real-world scenarios; and the scarcity of large-scale
pretrained GPT-2 models for Bengali limits the
breadth of the experiments. Future work can in-
clude expanding the synthetic dataset to cover di-
verse backgrounds and noise artifacts, pre-training
auto-regressive language models on extensive Ben-
gali text, experimenting with other auto-regressive
language models (such as Llama), and refining text
detection to reduce segmentation errors. To sup-
port future research in Bengali HTR, we publicly
release our complete pipeline under the MIT 1li-
cense.
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Ethical Considerations

Our system does not retain any user-submitted doc-
uments or images. All uploads are processed tem-
porarily and permanently deleted after a short du-
ration to ensure user privacy. The datasets used
for training and evaluation are publicly available
and intended for research purposes. No personal or
sensitive content was included in the model devel-
opment process.

We promote responsible use of the system in
archival, educational, and administrative contexts.
Its intended applications include the digitization
of historical or administrative documents, support
for literacy development, and automation of hand-
written workflows in institutional settings. It is
not designed for surveillance, profiling, or other
harmful purposes.
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A Synthetic Images

To make synthetic images resemble real handwrit-
ten samples, we introduce artifacts such as wavy
and bent text, Gaussian blur, and partial character
fragments simulating real-world cropping effects
during data generation. Representative examples
are illustrated in Figure 3.

15 e wm@ T 22 T

(a) Bent line with a clear background.

(b) Line image with Gaussian blur applied.
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(c) Wavy line with partial character fragments.

e
ﬂ
(d) Word with clear background.

Figure 3: Representative examples generated by the
synthetic image generator.

B Definitions of the Evaluation Metrics

We provide the definitions of Character Error Rate
(CER) and Word Error Rate (WER) below.

CER. CER measures the proportion of character-
level errors—substitutions (S), deletions (D), and
insertions (/)—required to transform the predicted
text sequence (hypothesis) into the reference text
(ground truth), normalized by the total number of
characters in the reference (/V). Formally,

S+D+1

CER = N

WER. WER measures the proportion of word-
level errors—substitutions (S), deletions (D), and
insertions (I)—needed to convert the predicted
word sequence into the reference word sequence,
divided by the total number of words in the refer-
ence (/V). Formally,

S+D+1
ER= ——
WER N

C Training Details

Our model was pretrained and fine-tuned on a sin-
gle NVIDIA GeForce RTX 3080 GPU with a batch
size of 32. The first-stage pretraining on 4.5M syn-
thetic line-level images requires 13 hours over 2
epochs, while the second-stage pretraining on 7M
synthetic word-level images takes 9 hours for a sin-
gle epoch. The model is then fine-tuned on real
handwritten datasets for 4 epochs, completing in
less than 2 hours.

D LLM Evaluation

The prompt we use to transcribe an image using an
external LLM is provided below.

You are an optical character recognition (OCR)
tool. Your task is to transcribe the handwrit-
ten Bengali text shown in the provided image
directly and exactly, without making any cor-
rections, translations, or modifications. Extract
the text precisely as it appears, preserving orig-
inal spelling, grammar, and formatting.
Output only the text found in the image, with
no additional comments, explanations, or for-
matting.
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Bangla Handwritten Document
«» Text Converter

Upload your Bangla handwritten document and get instant digital text conversion.
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(a) Example of the interface after uploading an image.

Bangla Handwritten Document
«» Text Converter

Upload your Bangla handwritten document and get instant digital text conversion.

2, Upload Document
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(b) Example of the interface after uploading a PDF.

Figure 4: Screenshot of the Bangla Handwritten Document to Text Converter web interface, showing the document

upload area on the left and the extracted text display area on the right.

E Illustrative Outputs from the System

Figure 4 depicts the system’s user interface along
with sample use-cases. A video demonstrating how
to use the system is available on YouTube®.

8https://youtu.be/ckgWBHQarxc
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