International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.82, February 2026

Beyond Single-Scale Vision Transformers: Multi-Scale
Feature Fusion for Robust Scene and Document Text
Recognition

Amitesh Kumar Jha
Guru Ghasidas Vishwavidyalaya
Koni, Bilaspur
CG, India,495009

ABSTRACT

Transformer-based Optical Character Recognition (OCR)
systems have recently demonstrated strong performance by
modeling long-range dependencies in text images. However,
most existing approaches rely on single-scale visual
representations, which limits their robustness in scenarios
involving variable font sizes, degraded characters, and complex
document layouts. This study proposes a Multi-Scale Feature-
Based Transformer (MSFT-OCR) that explicitly integrates
fine-, mid-, and coarse-scale visual features using scale-aware
attention mechanisms. The proposed architecture enables
effective interaction between character-level details and global
word-level context through inter-scale attention. Extensive
experiments on scene text and document OCR benchmarks
demonstrate that the proposed method consistently outperforms
single-scale Transformer models on IIIT5K-Words, IAM, SVT
on basis of evaluation metrics CA(%), WA(%), NED(%).
Ablation studies and attention visualizations further validate
the effectiveness of multi-scale modeling in text recognition.

General Terms
Optical Character Recognition, Transformers, Multi-Scale
Features, Attention Mechanisms, Scene Text Recognition.

Keywords
CA (Character Accuracy), WA (Word Accuracy), NED
(Normalized Edit Distance). MSFT-OCR

1. INTRODUCTION

Optical Character Recognition (OCR) is a long-standing and
foundational research problem in document analysis and
computer vision, concerned with the automatic conversion of
textual content from images or scanned documents into
machine-readable form. The evolution of OCR can be traced
back to early rule-based and template-matching systems
developed in the mid-20th century, which were primarily
designed for constrained environments such as typed
documents and fixed fonts. While these early systems
demonstrated limited success, they lacked robustness to
variations in font styles, sizes, and noise, restricting their
applicability to real-world scenarios.

A representative example of this era is the CRNN framework
[1], which integrates CNN-based feature extraction with
bidirectional recurrent layers for sequence modelling. Such
architectures naturally benefited from hierarchical and multi-
scale feature representations learned through convolutional
layers. Consequently, CNN-based OCR systems demonstrated
strong robustness to scale variations, font diversity, and image
distortions. Over time, enhancements such as feature pyramids
and multi-resolution processing further improved recognition
performance, particularly for text with varying sizes and
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orientations [9], [10].

1.1 Historical Transition to Transformer-
Based OCR

More recently, the introduction of Transformer architectures
fundamentally changed sequence modelling across natural
language processing and computer vision. Vision Transformers
(ViT) demonstrated that self-attention mechanisms could
effectively replace convolutional inductive biases while
enabling global context modelling [12]. Inspired by these
advances, Transformer-based OCR models such as TrOCR [4],
Donut [5], and Pix2Struct [6] reformulated OCR as an image-
to-text translation task, leveraging encoder—decoder attention
to align visual features with textual outputs.

These Transformer-based OCR systems achieved state-of-the-
art results on several benchmarks and simplified OCR pipelines
by reducing reliance on handcrafted components. However,
this architectural shift also introduced a notable departure from
CNN-based designs: most Transformer OCR models rely on
single-scale visual representations, obtained via fixed-size
patch embeddings or uniform-resolution feature maps. While
effective for modelling long-range dependencies, this design
choice significantly weakens the model’s ability to capture
fine-grained spatial details inherent in small characters and
low-resolution text.

1.2 Problem Statement

Despite recent progress, Transformer-based OCR models face
a fundamental limitation rooted in their reliance on single-scale
representations. Real-world text images are inherently multi-
scale in nature, containing characters of varying sizes, mixed
font styles, diacritics, punctuation marks, and long textual
structures such as words, lines, and paragraphs. Fine-grained
character recognition requires high-resolution local features,
while semantic disambiguation and layout understanding
require broader contextual information.

Single-scale representations are insufficient to simultaneously
model these competing requirements, often leading to
recognition errors in degraded images, densely packed text, or
documents with heterogeneous layouts [7], [8]. This limitation
highlights a critical mismatch between the architectural
assumptions of current Transformer-based OCR systems and
the intrinsic multi-scale structure of textual data.

1.3 Motivation

The motivation for this study arises from a key observation:
multi-scale feature learning, which was a strength of CNN-
based OCR systems, has been largely abandoned in modern
Transformer-based OCR architectures. Feature pyramids and
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hierarchical representations have consistently demonstrated
strong performance across OCR, object detection, and
segmentation tasks [9], [11]. At the same time, hierarchical
Transformers such as Swin Transformer have shown that multi-
scale representations can be effectively combined with
attention mechanisms [11].

However, most OCR-specific Transformer models flatten
visual features early in the pipeline, discarding explicit scale
hierarchies in favour of architectural simplicity [12], [4]. This
motivates a fundamental question: can the strengths of multi-
scale CNN representations and Transformer-based global
attention be unified within a single OCR framework?

1.4 Research Gap

Although recent OCR research has explored advances in
language modelling [13], decoder optimization [14], and large-
scale pretraining [6], [15], explicit multi-scale feature fusion
within Transformer encoders remains insufficiently studied.
Existing attention-based OCR systems, including sequential
transformation attention-based networks, have been shown to
struggle with scale variability and complex scene conditions
due to their reliance on uniform-resolution feature
representations [31].

Existing methods either:

« rely on implicit multi-scale effects from deep Transformer
layers without explicit supervision, or

* process multi-resolution inputs without modelling structured
inter-scale interactions [7], [16].

Furthermore, the literature lacks systematic analysis of:

1. The individual contribution of fine, mid, and coarse spatial
scales,

2. The effectiveness of inter-scale attention mechanisms, and

3. The interpretability of scale-aware Transformer behaviour
through attention visualization.

This gap limits both the robustness and explainability of current
Transformer-based OCR systems.

1.5 Objectives of the Study and Research
Questions

The primary objective of this study is to design and evaluate a
Transformer-based OCR  architecture that explicitly
incorporates multi-scale visual representations. Specifically,
this work aims to:

* Integrate fine-, mid-, and coarse-scale visual features within a
unified Transformer framework,

* Enable effective information exchange across scales using
attention mechanisms,

* Improve robustness to scale variation, degraded text, and
complex layouts, and

* Provide interpretable insights into OCR decision-making
through attention visualization.

To achieve these objectives, this study addresses the following
research questions:

RQI1: Does explicit multi-scale feature modelling improve
OCR performance compared to single-scale Transformer-
based approaches?
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RQ2: How do different spatial scales contribute to character-
level and word-level recognition accuracy?

RQ3: What is the role of inter-scale attention in fusing multi-
resolution information?

RQ4: Can attention visualization provide meaningful
interpretability of multi-scale Transformer behaviour in OCR?

1.6 Contributions of This Study
The key contributions of this work are summarized as follows:

1. A novel Multi-Scale Feature-Based Transformer (MSFT-
OCR) architecture that explicitly integrates fine-, mid-, and
coarse-scale visual representations for OCR.

2. A Multi-Scale Attention Block (MSAB) that combines intra-
scale self-attention with inter-scale cross-attention to enable
effective feature fusion.

3. Extensive ablation studies that quantify the contribution of
each scale and architectural component.

4. Comprehensive attention visualization and qualitative
analysis that provide interpretability into the role of multi-scale
attention in OCR.

5. Consistent performance improvements over strong single-
scale Transformer baselines across multiple OCR benchmarks.

2. RELATED WORK

This section reviews prior work relevant to the proposed
MSFT-OCR model, focusing on (i) CNN-based OCR with
multi-scale features, (ii) Transformer-based OCR architectures,
and (iii) multi-scale and hierarchical attention models in vision,
highlighting limitations that motivate this study.

2.1 CNN-Based OCR and Multi-Scale
Feature Learning

Early deep learning—based OCR systems were predominantly
built upon convolutional neural networks (CNNs), which
naturally capture hierarchical and multi-scale representations
through stacked convolution and pooling operations. A
representative example is CRNN [1], which combines CNN-
based feature extraction with recurrent sequence modeling and
remains a strong baseline for scene text recognition.

Subsequent works further exploited multi-scale representations
using feature pyramids, spatial attention, and non-local
interactions. MASTER [17] introduced multi-aspect non-local
attention to enhance global context modeling while preserving
local character features. CNN-based architectures benefited
significantly from such hierarchical designs, demonstrating
robustness to font variation, scale changes, and image
degradation [1], [17].

However, CNN-based OCR systems often rely on recurrent
layers or handcrafted decoding pipelines, limiting
parallelization and scalability. These limitations motivated a
transition toward Transformer-based OCR architectures.

2.2 Transformer-Based OCR Models

Inspired by the success of Transformers in sequence modeling
[5] and vision tasks [6], recent OCR systems reformulate text
recognition as an image-to-text translation problem. TrOCR [7]
leverages a Transformer encoder—decoder architecture with
large-scale pretraining, achieving strong performance across
scene text and document OCR benchmarks.
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Other approaches such as SVTR [10] and SVTRv2 [11]
demonstrate that purely visual Transformers can achieve
competitive results without heavy language modeling. Donut
[8] and Pix2Struct [9] further extend Transformer-based OCR
toward end-to-end document understanding.

Despite their success, most Transformer-based OCR models
rely on single-scale visual representations, obtained via fixed-
size patch embeddings or uniform-resolution feature maps.
This design choice simplifies architecture but weakens the
ability to capture fine-grained character details and global
contextual cues simultaneously, especially in challenging real-
world scenarios [7], [10].

Prior surveys on attention-based OCR models have highlighted
the limitations of sequential and single-scale attention
mechanisms in handling large scale variation and complex
visual distortions. In particular, the comprehensive review by
Jha and Rao [31] systematically analyzes sequential
transformation attention-based networks (STANs) and
emphasizes the need for architectures that can jointly capture
local character details and global contextual dependencies.
These observations motivate the exploration of multi-scale
attention mechanisms in Transformer-based OCR frameworks.

2.3 Multi-Scale and Hierarchical Vision
Transformers

Multi-scale feature learning has been extensively studied in
general vision tasks. Feature Pyramid Networks (FPN) [13]
demonstrated the effectiveness of multi-resolution feature
fusion for object detection. Hierarchical Transformers such as
Swin Transformer [14] introduced window-based attention and
multi-stage representations, enabling scalable and efficient
multi-scale modeling.

Perceiver 10 [16] further explored structured input—output
attention mechanisms, highlighting the importance of cross-
resolution interaction. These architectures show that combining
attention mechanisms with hierarchical representations yields
strong performance and efficiency gains.

However, despite these advances, explicit multi-scale feature
fusion within Transformer-based OCR encoders remains
underexplored. Existing OCR Transformers either rely on
implicit hierarchical effects from deep layers or process multi-
resolution inputs without structured inter-scale attention [7],
[10], [16].

2.4 Language Modeling and Vision—
Language OCR

Several OCR approaches emphasize strong language modeling
to compensate for weak visual representations. ABINet [12]
introduces iterative visual-language interaction, while Donut
[8] and Pix2Struct [9] rely heavily on pretrained language—
vision models.

Although effective in language-rich scenarios, such approaches
may struggle with alphanumeric strings, technical documents,
or multilingual text where language priors are weak or
misleading [25], [30]. This highlights the need for stronger
visual modeling rather than heavier language dependence.

2.5 Research Gap and Positioning of This
Work

In summary, prior research demonstrates that:

CNN-based OCR benefits from inherent multi-scale
representations [1], [17],
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Transformer-based OCR excels at global dependency modeling
but often lacks explicit multi-scale design [7], [10],

Hierarchical Transformers succeed in vision tasks but are rarely
adapted for OCR-specific challenges [13], [14].

The proposed MSFT-OCR addresses this gap by explicitly
integrating fine-, mid-, and coarse-scale visual features within
a Transformer encoder and enabling structured inter-scale
attention, bridging the strengths of CNN-based hierarchical
modeling and Transformer-based global reasoning.

3. PROPOSED METHODOLOGY

This section presents the proposed Multi-Scale Feature-Based
Transformer for OCR (MSFT-OCR). The method is designed
to overcome the inherent limitations of single-scale
Transformer-based OCR models, which struggle to
simultaneously capture fine-grained character details and
global contextual information [7], [10]. By explicitly modelling
multi-scale visual representations and enabling structured inter-
scale interaction, MSFT-OCR aligns Transformer-based OCR
with the hierarchical nature of textual visual data [1], [13], [17].

3.1 Architecture Overview

Given an input image I, MSFT-OCR predicts a character
sequence Yin an end-to-end manner. The architecture consists
of:

e  Multi-scale visual feature extraction

e Scale-aware tokenization

e A multi-scale Transformer encoder with inter-scale
attention

e A Transformer-based sequence decoder

Figure 1: Overall Architecture of the Proposed Multi-Scale
OCR Framework

As shown in Figure 1, a shared backbone extracts hierarchical
feature maps at multiple spatial resolutions. These
representations are processed by the proposed Multi-Scale
Transformer Encoder, fused, and decoded into text.

3.2 Multi-Scale Feature Extraction

A shared backbone network produces feature maps at three
spatial resolutions:

{F(l), F@, F(3)},
corresponding to fine, mid, and coarse scales as shown in
Figure 2.

This design is motivated by the observation that OCR requires
simultaneous modeling of stroke-level details and word-level
context—a property long exploited in CNN-based OCR
systems [1], [17] and hierarchical vision models [13], [14].
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Multi-Scale Feature Pyramid

Figure 2: Multi-Scale Feature Pyramid Representation

3.3 Scale-Aware Tokenization and

Embedding

Each scale-specific feature map F®is flattened into a token
sequence:

X() g RNsXCs,
Tokens are projected into a shared embedding space:

76) = xOw6) 4 pG),
where W®is a learnable projection and P®is a scale-specific
positional encoding.

Scale-specific  positional encoding preserves  spatial
consistency within each resolution and avoids ambiguity across
scales, which is critical for multi-scale attention learning [6],
[14]. The tokenization process is shown in Figure 3.

SemlmeSpecinic Tokens

Figure 3: Scale-Aware Tokenization Process

3.4 Multi-Scale Transformer Encoder

The central contribution of this work is a Multi-Scale
Transformer Encoder that explicitly integrates information
across spatial resolutions.

3.4.1 Intra-Scale Self-Attention

Within each scale, standard multi-head self-attention is applied:

SA® = MSA(Z®),
allowing long-range dependency modeling within the same
resolution, consistent with Transformer-based OCR encoders

(51, [7].
3.4.2 Inter-Scale Cross-Attention

To enable structured interaction across resolutions, inter-scale
cross-attention is introduced. For scale sattending to scale t:

CcAGY = Attention(Q®, K®, v®),
This mechanism allows fine-scale character representations to
incorporate global context from coarser scales, and vice versa.
Such cross-resolution interaction is not present in conventional
single-scale OCR Transformers [7], [10], but is crucial for
robustness under scale variation and visual degradation [14],
[16].
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3.4.3 Multi-Scale Attention Block (MSAB)

Each encoder layer is implemented as a Multi-Scale Attention
Block (MSAB):

t#s
Stacking MSAB layers enables progressive refinement of
representations through repeated intra- and inter-scale
interaction. The MSAB structure is illustrated in Figure 4.

78 = FENG] (LN n (z,(S)+5A(S>+ CA““”)) :

e Cmcmle Artention Elock (s as)

Figure 4: Multi-Scale Attention Block (MSAB)

3.5 Multi-Scale Feature Fusion

After the final encoder layer, representations from all scales are
concatenated and linearly projected:

Ziusea = Linear([20; 23, 23)]).
This fused representation retains complementary information
from multiple spatial resolutions and forms the encoder output.
The fusion strategy is shown in Figure 5.

Concatenate Multi-Scale Features

Figure 5: Multi-Scale Feature Fusion Strategy

3.6. Decoder and Sequence Prediction

A Transformer-based autoregressive decoder generates the
output character sequence:

p(Yt [ V<t qused)'
following standard sequence-to-sequence OCR formulations

[51, [7]- Beam search is used during inference. The decoding
process is illustrated in Figure 6.

Figure 6: Transformer-Based Text Decoder
3.7 Training Objective

The model is trained end-to-end using a cross-entropy sequence
loss:

L= —Z log p(Yt | y<tr qused)'
t

For latency-sensitive settings, a CTC-based objective can be
used without altering the encoder architecture [2], [10].
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4. EXPERIMENTAL SETUP

This section describes the experimental configuration adopted
in this study, with an emphasis on reproducibility, fairness, and
comparability. Implementation-related details scattered across
carlier drafts are consolidated here and organized around
datasets, training protocol, optimization settings, and
computational efficiency, following ICDAR best practices.
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4.1 Datasets and Evaluation Protocol

The experiments are conducted on multiple publicly available
OCR benchmarks covering scene text, handwritten text, and
document OCR. Detailed dataset statistics, data splits, and
characteristics are summarized in Table 1.

Table 1: Dataset Statistics
Train Val Test Image
Dataset Type Samples Samples Samples Characteristics Key Challenges Ref.
HITSK- Scene Text 2,000 B ~3.000 Cropped word | Font Varlatlgn, [25]
Words images background noise
Low-resolution Motion blur,
ICDAR 2015 | Scene Text ~4,000 - ~2,000 .. ? perspective [27]
incidental text . .
distortion
SVT Scene Text 600 B 650 Street-wew word | Illumination [25]
images change, clutter
IAM Handwritten ~6,000 900 900 Handwr.ltten Stroke Va.n.atlon, [26]
Text words/lines cursive writing
RVL- Document Tables, layout
CDIP(subset) | OCR ~10,000 - ~1,000 Scanned documents complexity [26]
Specifically, this study evaluates on HITSK, SVT, The training data preprocessing pipeline is shared across all

ICDAR2015, IAM, and a subset of RVL-CDIP. Official
train/test splits are strictly followed to ensure comparability
with prior work [25], [27]. No test samples are used during
training or hyperparameter tuning.

Evaluation is performed using Character Accuracy (CA), Word
Accuracy (WA), and Normalized Edit Distance (NED), as
defined in Table 2. These metrics are standard in OCR
benchmarking and allow direct comparison with CNN-based
and Transformer-based OCR systems [1], [7], [10], [25]. When
multiple training runs are conducted, results are reported as
mean =+ standard deviation.

Table 2: Details of evaluation metrics

Metric Description Evaluation | pof.
Level

Character Percentage . of Character- [,
Accuracy correctly predicted level [7]
(CA) characters
Word Percentage of [10]
Accuracy perfectly Word-level 2 5]’
(WA) recognized words
Normalnzed Normalized
Edit . Sequence- | [1],

. Levenshtein
Distance distance level [25]
(NED)

4.2 Training Protocol and Data
Preprocessing

models to ensure fairness. The complete image preprocessing
configuration—including  resizing strategy, aspect-ratio
preservation, padding, normalization, and interpolation—is
summarized in Table 3.

Table 3: Image Preprocessing Configuration

Component | Configuration Purpose Ref.
Target 32(scene),48 Preserve [11,
height (H_0) (document/ character [71,
& - handwritten) geometry [10]
. Avoid text | [1],
Aspect ratio | Preserved distortion | [25]
Max width Enable [71,
(W_{\max}) Dataset-dependent batching [10]
. Right-side zero | Masked
Padding padding attention (3]
Normalizati | Mean—Std (ImageNet Stable
. convergen | [18]
on / dataset-specific) ce
Bilinear +  anti- Preserve
Interpolation o stroke [25]
aliasing .
details

All input images are resized to a fixed height while preserving
the original aspect ratio, followed by right-side padding to
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enable batch processing. Pixel intensities are normalized using
ImageNet statistics when pretrained backbones are used, or
dataset-specific statistics otherwise [1], [18].

To improve robustness, data augmentation is applied during
training using geometric and photometric transformations such
as scaling, rotation, perspective distortion, blur, and contrast
variation. These augmentations follow established OCR
training practices and are applied uniformly across all models
[25], [28].

Text labels are converted into character-level sequences using
a fixed vocabulary, consistent with Transformer-based OCR
models such as TrOCR and SVTR [7], [10]. Special tokens are
added for autoregressive decoding where applicable [5].

4.3 Optimization, Hyperparameters, and
Implementation Details

All models are trained end-to-end using the AdamW optimizer,
which has been shown to be effective for Transformer-based
architectures [5], [7]. A cosine learning rate schedule with
linear warm-up is employed, and regularization is applied
through dropout and weight decay.

Hyperparameters such as learning rate, batch size, and number
of training epochs are fixed across all experiments, subject to
GPU memory constraints. The model checkpoint with the best
validation performance is selected for final evaluation. Beam
search decoding is used during inference for sequence-based
models [7], [10].

Baseline models used for comparison are listed in Table 5,
along with their architectural characteristics. Wherever
possible, publicly available implementations and pretrained
weights are used, and all baselines are evaluated under the same
preprocessing and evaluation settings to avoid implementation
bias [7], [10], [17].

4.4 Computational Complexity & Efficiency

The computational complexity of the proposed MSFT-OCR
model is analyzed in terms of time and memory requirements.
As discussed in the Complexity Analysis section, the dominant
cost arises from attention operations in the multi-scale
Transformer encoder.

Compared to single-scale Transformer-based OCR models,
MSFT-OCR introduces additional overhead due to inter-scale
cross-attention. However, this overhead is controlled by
operating on coarse-scale representations with significantly
fewer tokens, as reflected in hierarchical Transformer designs
[13], [14]. In practice, the increase in inference time and
memory usage remains moderate while yielding substantial
accuracy gains.

All experiments are conducted on a single high-end GPU.
Inference latency is measured as the average over multiple runs
to reduce variance, ensuring reliable efficiency reporting.

4.5 Training, Inference and Reproducibility

All models are trained end-to-end under identical settings to
ensure fair comparison. Training uses the AdamW optimizer
with an initial learning rate of 1x[10)"(-4), cosine decay with
warm-up, batch size 64, and weight decay 1x[[10]"(-4). Models
are trained for 50—80 epochs depending on dataset size, with a
dropout rate of 0.1. The proposed model is trained either from
scratch or initialized with ImageNet-pretrained backbone
weights, depending on the experiment.
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For sequence prediction, an autoregressive Transformer
decoder is employed with beam search (width 5), maximum
sequence length of 32 characters, and a vocabulary consisting
of lowercase English letters, digits, and common symbols. For
latency-sensitive settings, a CTC-based decoding alternative is
evaluated using the same encoder.

All experiments are conducted on a single workstation
equipped with an NVIDIA RTX 3090 GPU (24 GB VRAM),
16-core CPU, and 64 GB RAM, using PyTorch with CUDA
11.x. Reported training and inference times are averaged over
multiple runs. To ensure reproducibility, all random seeds are
fixed, identical data splits and preprocessing pipelines are used
across models, and hyperparameters are tuned only on
validation sets. The implementation will be released publicly
upon acceptance.

4.6 Training Data Preprocessing

Effective training of Transformer-based OCR systems requires
robust preprocessing to handle large variability in text
appearance. This study adopts a unified preprocessing and
augmentation pipeline to ensure robustness, fairness across
baselines, and reproducibility, following established OCR
practices [1], [7], [10], [25].

4.6.1 Data Sources

Training data consist of a mixture of scene text, handwritten
text, and document images, drawn from standard benchmarks
including IIIT5K, ICDAR2015, SVT, 1AM, and document
OCR subsets, using official splits [25], [27]. Both regular and
irregularly oriented text samples are included to improve
generalization to unconstrained scenarios [10], [17].

Optionally, synthetic text images are incorporated to increase
diversity in fonts, backgrounds, and layouts, which has been
shown to improve OCR robustness [28].

4.6.2 Image Normalization and Resizing
All images are resized to a fixed target height H Owhile
preserving aspect ratio:

H_0=32for scene text,
H_0=48for handwritten and document text,

consistent with prior OCR studies [1], [7], [10]. To support
batching, images are right-padded to a maximum width
W _max; samples exceeding W max are uniformly
downscaled. Binary masks are generated to prevent attention
over padded regions [5].

Pixel values are scaled to [0,1]and normalized using ImageNet
statistics for pretrained backbones or dataset-specific statistics
otherwise [18]. Scene text images are retained in RGB, while
document and handwritten images may be converted to
grayscale to reduce redundancy [1], [26]. Bilinear interpolation
with anti-aliasing is applied during resizing to preserve stroke
continuity [25].

Consistent normalization across samples ensures stable multi-
scale feature learning and avoids scale-specific bias during
inter-scale attention [13], [14].

4.6.3 Text Label Processing

Ground-truth annotations are converted into character-level
sequences. All text is lowercased and filtered to match a fixed
vocabulary comprising English lowercase letters, digits, and
common symbols. Special tokens (e.g., <BOS>, <EOS>,
<PAD>) are added for autoregressive decoding, following
standard Transformer-based OCR formulations [5], [7], [10].
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4.6.4 Data Augmentation
To enhance robustness to real-world distortions, training
images are augmented using:

e  Geometric transformations: scaling, rotation, perspective
distortion

e  Photometric variations: brightness, contrast, color jitter

e  Degradation modeling: Gaussian blur, motion blur, and
noise

Augmentation parameters are randomly sampled per instance,
enabling the model to learn invariance without overfitting [1],
[25], [28].

4.6.5 Batch Construction and Sampling

Images within a batch are padded to the maximum width, and
text sequences are padded to the maximum length using
<PAD> tokens. Corresponding attention masks are applied to
exclude padded regions during encoder and decoder attention
computation [5].

Datasets are split into training, validation, and test sets
following official protocols [25], [27], with balanced sampling
used when combining multiple data sources.

4.6.6 Reproducibility

All random seeds are fixed across data loading, augmentation,
and model initialization. Identical preprocessing pipelines are
used for all models, and validation sets are used exclusively for
hyperparameter tuning, in line with recent OCR benchmarking
guidelines [25], [30].

4.7 Complexity Analysis

This section analyzes the computational and memory
complexity of the proposed Multi-Scale Feature-Based
Transformer for OCR (MSFT-OCR) and compares it with
conventional single-scale Transformer-based OCR models to
justify the efficiency—accuracy trade-off introduced by explicit
multi-scale modeling.

4.7.1 Notation

Let HXW denote the input image resolution after resizing, N
the number of tokens in a single-scale Transformer s € {1,2,3},
d the embedding dimension, and L the number of encoder
layers. For a single-scale Transformer OCR model:

H W
= — X —

p p

where p is the patch size, as used in Vision Transformers and
TrOCR [6], [7].

N

4.7.2 Single-Scale Transformer Complexity
The dominant cost of a Transformer encoder layer arises from
self-attention:

O(NZ2d),
leading to a total encoder complexity of:
(LN24d).

This quadratic dependence on token count limits scalability for
high-resolution images and long text sequences, a known issue
in Transformer-based OCR models [7], [10].

4.7.3 Multi-Scale Token Complexity
MSFT-OCR extracts features at three resolutions:
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N_HWN_HWN_HW
174427 g8’ :

27 1616
The total token count is:

Ntotal = Nl + NZ + N3-
Although multiple scales are used, most tokens reside at coarser
resolutions, keeping Ny, comparable to fine-scale single-
resolution Transformers [13], [14].

4.7.4 Encoder Complexity

Intra-scale self-attention across all scales incurs:

which is dominated by the fine-scale branch. Inter-scale cross-
attention introduces:

O(Nlde + N1N3d + N2N3d),
adding only moderate overhead due to the smaller size of
coarse-scale representations. Similar cross-resolution strategies
are computationally feasible in hierarchical Transformers [14],
[16].

The total encoder complexity over layers is:

which is only marginally higher than single-scale Transformers
while providing improved representational capacity and
robustness.

4.7.5 Decoder and Memory Complexity

The autoregressive decoder incurs a cost of:

O(TNtotald);
where T is the output sequence length. Since T <K Nigiy in
OCR, decoder overhead remains limited and comparable to
TrOCR and SVTR [7], [10]. Memory complexity is dominated

by attention maps:
3
i (Z N52>.

Memory usage is controlled through coarse-scale
representations, shared backbone parameters, and optional
gradient  checkpointing, consistent ~with  large-scale
Transformer optimization practices [5], [14].

4.7.6 Scalability Discussion

Compared to single-scale Transformer OCR models:

e Time complexity increases modestly due to inter-scale
attention but remains dominated by fine-scale self-
attention.

e Memory overhead is slightly higher but offset by reduced
reliance on high-resolution tokens for global context
modeling.

o Accuracy—efficiency trade-off is favorable, particularly for
large images, long text lines, and mixed font sizes where
single-scale models often fail [7], [10], [17].

5. COMPREHENSIVE EXPERIMENTAL
EVALUATION

This section presents a comprehensive experimental evaluation
of the proposed Multi-Scale Feature-Based Transformer for
OCR (MSFT-OCR). This study compares the proposed
approach against strong CNN-based and Transformer-based
baselines on multiple public benchmarks, analyzes the impact
of multi-scale modeling through ablation studies, and provide
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qualitative insights via attention visualization. All experiments
are conducted under identical training and evaluation settings
to ensure fair comparison.

5.1 Comparison with State-of-the-Art
Methods

This study compares MSFT-OCR with representative OCR
models spanning different architectural paradigms:

e (CNN-based models: CRNN [1], MASTER [17]

e Hybrid models: ABINet [12]

e Transformer-based models: SVIR [10], SVTRv2 [11],
TrOCR [7], Donut [8], Pix2Struct [9]

These methods are selected because they represent the current
state of the art in scene text recognition and document OCR.

The proposed MSFT-OCR is evaluated across multiple
dimensions, including (i) accuracy on diverse OCR
benchmarks, (ii) robustness under challenging visual
conditions, (iii) ablation-based component analysis, (iv)
computational efficiency, (v) qualitative behavior, and (vi)
statistical reliability.

5.2 Quantitative Results

Across all evaluated benchmarks, MSFT-OCR consistently
outperforms single-scale Transformer-based OCR models.
Notably:

. On ICDAR2015, MSFT-OCR achieves higher word
accuracy than TrOCR and SVTR, particularly on low-
resolution and perspective-distorted text.

. On IIITSK and SVT, improvements are observed in
character accuracy, indicating better modeling of fine-
grained character details.

. On IAM handwriting, MSFT-OCR demonstrates
improved robustness to stroke variation and cursive
writing,  outperforming both CNN-based and
Transformer-based baselines.

In contrast, relatively smaller but consistent improvements are
observed on cleaner datasets such as IIIT5K, suggesting that
the proposed approach does not overfit to specific distortions
but instead improves general representation quality. This
behavior indicates strong generalization capability, as the
multi-scale architecture enhances robustness without
sacrificing performance on simpler recognition tasks [25], [30].

These results confirm that explicit multi-scale feature modeling
is more effective than relying solely on single-scale
representations for diverse OCR scenarios [7], [10], [17]. The
results obtained from proposed model and other existing
models are compared on basis of various scenarios such as
scene Text, Incidental scene, Handwritten and Document OCR
are shown in Table 5 (a to d). Word accuracy on various
datasets is represented in Figure 11.

The quantitative results reported in Tables 4 and 5 demonstrate
that the proposed MSFT-OCR consistently outperforms single-
scale Transformer-based OCR models across all evaluated
datasets. Figure 11 gives word accuracy comparison between
TrOCR and the proposed MSFT-OCR. The performance gains
are particularly pronounced on challenging benchmarks such as
ICDAR2015 and IAM, which contain significant variability in
font style, scale, and background noise. This indicates that
explicit multi-scale feature modeling is especially beneficial in
unconstrained OCR scenarios, where single-resolution
representations struggle to capture both fine-grained character
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details and global contextual cues simultaneously [7], [10].

Table 5(a) Scene Text Recognition Results

SVT MSFT-
Datase | Metri | CRN R TrOC OCR
t c N[1] R [7] (Propose
[10]
d
CA
%) 96.1 974 98.1 98.9
WA
IIT5K %) 87.3 89.6 91.2 93.5
IT\IED 0.945 | 0.958 | 0.971 0.982
CA
%) 94.8 96.2 97.0 98.1
WA
SVT %) 84.6 87.9 89.5 91.8
IT\IED 0.932 | 0.947 | 0.960 0.974

Table 5(b) Challenging Scene Text (Incidental)

Met MAST | SVIR | TrO ggﬂn

Dataset rice ER v2 CR (Propos
[17] [11] (71 ed)

CA

%) 90.7 92.8 93.6 | 95.9
ICDAR2 | WA
015 %) 72.4 75.9 783 | 82.7

IT\IED 0.885 0.901 | 0.915 | 0.941

Table S (¢) Handwritten Text Recognition

MSFT-
Datas | Metri | CRN | ABIN | TrOC OCR
et c N[1] | et[12] R [7] (Propose
d)
CA
%) 91.2 93.5 94.8 96.3
WA
IAM %) 68.7 72.9 75.4 79.6
N$D 0.872 | 0.891 0.907 0.928
Table 5(d) Document OCR
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: MSFT-
Dataset | Metric D([)él]llt P1x2[§t]ruct OCR
(Proposed)
CA(%) | 938 94.5 96.1
RVL-
CDIP
(subset) | WA (%) | 812 83.6 87.4
NED 1 | 0914 0.926 0.948

Furthermore, the consistent reduction in Normalized Edit
Distance across datasets confirms that the proposed model not
only improves recognition accuracy but also produces more
stable character sequences, reducing character-level
ambiguities in visually degraded regions.

Dataset-wise Performance Comparison

Word Accuracy (%)

NTSK ICDAR2015

Figure 11. Dataset-wise word accuracy comparison
between TrOCR and the proposed MSFT-OCR

5.3 Ablation Study Results

To evaluate the contribution of each component in the proposed
framework, this study conducts a series of ablation
experiments.

Effect of Multi-Scale Feature Integration

This study compares:

1. Single-scale Transformer (fine scale only),
2. Two-scale model (fine + mid),

3. Full three-scale model (fine + mid + coarse).
Results show that:

* Adding the mid-scale improves recognition accuracy by
capturing glyph-level structure.

* Incorporating the coarse scale further improves performance
by providing global word- and line-level context.

* The full three-scale configuration achieves the best overall
performance across all datasets.

This demonstrates that different spatial scales provide
complementary information, consistent with observations in
hierarchical vision models [13], [14].
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Increasing the number of scales beyond three yields marginal
gains while increasing computational overhead, indicating
diminishing returns. This motivates the use of three scales as a
balanced design choice that achieves strong performance
without unnecessary architectural complexity.

Effect of Multi-Scale Modeling

92

0 ]
o 5}
L L

Word Accuracy (%)

@
0
!
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Number of Scales

Figure 12. Effect of increasing the number of visual scales
on word recognition accuracy.

5.4 Robustness Analysis

This study further analyzes robustness under challenging
conditions such as:

* motion blur,* low contrast,» varying font sizes,* irregular
spacing.

MSFT-OCR consistently shows smaller performance
degradation compared to single-scale Transformer models.
This robustness can be attributed to the availability of multi-
resolution features and inter-scale contextual reasoning, which
mitigate the effects of local visual degradation [17], [25].

6. EXTENDED ANALYSIS AND
INTERPRETABILITY / DISCUSSION

6.1 Attention Visualization

Attention visualization is used to interpret the behavior of
Transformer-based OCR models and to validate the
effectiveness of the proposed multi-scale design. Prior work
has shown that single-scale attention often becomes diffuse and
attends to background regions, particularly in cluttered or low-
resolution scenarios [7], [10]. The objective of this analysis is
to assess spatial focus, scale contribution, inter-scale
interaction, and decoder alignment.

Disabling inter-scale cross-attention further degrades
performance, particularly on datasets with high visual
ambiguity. This observation suggests that merely extracting
multi-scale features is insufficient; effective interaction across
scales is essential for contextual disambiguation. Inter-scale
attention enables fine-scale character representations to
incorporate coarse-scale contextual cues, which is critical in
resolving visually similar characters under noise or blur [10],
[17].

6.1.1 Single-Scale vs. Multi-Scale Attention

Figure 7 compares attention maps from a conventional single-
scale Transformer OCR model and the proposed MSFT-OCR.
Single-scale attention is observed to be widely distributed
across foreground and background regions, leading to
ambiguous focus and unstable predictions, consistent with
known limitations of single-resolution encoders [7], [10]. In
contrast, MSFT-OCR produces more compact and
discriminative attention patterns, concentrating on character
regions while preserving global context, demonstrating the
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benefit of explicit multi-scale feature representation.

6.1.2 Scale-Wise Attention Behavior

Figure 8 presents attention maps at fine, mid, and coarse scales.
Fine-scale attention focuses on stroke-level details critical for
distinguishing visually similar characters, mid-scale attention
captures  glyph-level  structures and inter-character
relationships, and coarse-scale attention highlights word- and
line-level regions that support contextual disambiguation.
These complementary behaviors are consistent with
hierarchical feature learning in multi-scale vision models and
CNN-based OCR systems [13], [14], [17] as represented in
Figure 12.

6.1.3 Inter-Scale Cross-Attention

Figure 9 visualizes inter-scale cross-attention, illustrating how
fine-scale character tokens attend to coarse-scale contextual
regions. This mechanism enables local representations to
leverage global word structure, which is particularly beneficial
in blurred or low-contrast images where individual characters
are ambiguous. These observations corroborate the ablation
and quantitative results and align with findings from
hierarchical Transformer architectures [10], [14].

6.1.4 Decoder Attention Alignment

Figure 10 shows decoder attention alignment during
autoregressive decoding. The attention maps exhibit a clear and
largely monotonic correspondence between predicted
characters and their visual regions, indicating effective
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utilization of fused multi-scale encoder representations. Similar
alignment behavior has been associated with improved
sequence-level accuracy in Transformer-based OCR models

(71, [12].

6.1.5 Motivation for Attention Visualization
Transformer-based OCR models rely heavily on attention
mechanisms to associate visual features with textual outputs.
However, prior studies have shown that single-scale attention
often becomes diffuse, attending to irrelevant background
regions, especially in challenging scenarios such as cluttered
scenes or low-resolution text [7], [10].

By visualizing attention maps, this study aims to verify whether
the proposed multi-scale architecture improves spatial focus,
and understand how different scales contribute to recognition.
Also to analyze how inter-scale interaction influences
contextual reasoning and assess decoder alignment between
visual regions and predicted characters.

6.2 Qualitative Results

In addition to quantitative evaluation, qualitative analysis is
conducted to gain deeper insight into the behaviour of the
proposed MSFT-OCR model. Qualitative results are
particularly important for OCR systems, as they help explain
why a model succeeds or fails under challenging visual
conditions, which is often not fully captured by numerical
metrics alone [25], [30].

Table 6: Ablation Results

Scenario Input Baseline Behavior (Single- | MSFT-OCR Visual Ref.
Characteristics Scale Transformers) (Proposed) Behavior | Evidence '
Cluttered Text with  noisy | Diffuse attention, | Focused attention on Fie. 7 [71,
background background background leakage characters & [10]
Small font size Low-resolution Mlsseq strokes, character | Clear stroke-level Fig. 8 (Fine) [11],
characters confusion focus [25]
. Uneven character . Stable  glyph-level . . [13],
Irregular spacing gaps Incorrect character grouping grouping Fig. 8 (Mid) [17]
. . .. Context-aware . [7],
Motion blur Blurred scene text Ambiguous predictions disambiguation Fig. 9 [10]
Perspective Slanted or rotated Partial recognition Word-level Fig. 8 | [14],
distortion words & contextual correction | (Coarse) [17]
Visually  similar | . 0" vs 0", T'vs “1° Frequent substitutions C.orrect classification Fig. 9 [12],
characters via context [25]
Long word Extended word length | Attention drift Stg ble monotonic Fig. 10 7],
sequences alignment 12]
Handwritten text Strol.<e variation, | Broken . character | Smooth . stroke Fig. 8 (Fine) [17,
cursive segmentation aggregation [26]
Document text . . Region-aware . [8],
(tables) Multi-column layout | Context fragmentation decoding Fig. 10 [9]
Severe . Partial but . [25],
+ . L7
degradation Blur + low contrast Complete failure meaningful output Fig. 7-9 [30]

Table 7: Accuracy vs. Computational Cost
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Parameters Character
Model ™) FPS | Accuracy
(%)
Single-Scale 48.2 42 | 893
Transformer
Dual-Scale 51.6 38 91.0
Proposed Multi- 548 34 932
Scale
Accuracy vs Model Complexity
92 1
g
; 91 +
g 90
891
88 T T T T T T T T
45 46 47 48 49 50 51 52

Model Parameters (Millions)

Figure 13. Accuracy versus model complexity comparison
between single-scale Transformer OCR and the proposed
MSFT-OCR.

The ablation results in Table 6 highlight the individual
contributions of the proposed architectural components which
can be viewed in figure 13 too. Removing multi-scale feature
extraction leads to a noticeable drop in recognition accuracy,
confirming that hierarchical visual representations play a
central role in capturing diverse textual structures. This
validates the hypothesis that OCR benefits from explicit
modeling of fine-, mid-, and coarse-scale information rather
than relying on implicit hierarchical effects within deep
Transformer layers [13], [14].

6.3 Computational Cost vs. Accuracy Trade-
Off

Finally, this study analyzes the computational overhead
introduced by multi-scale modeling.

Analysis:

The proposed model introduces a modest increase in
parameters and inference cost while delivering substantial
accuracy gains. This trade-off is acceptable for most OCR
applications requiring high recognition reliability.

The results in Table 7 illustrate the trade-off between
recognition accuracy and computational cost. Compared to
single-scale Transformer models, MSFT-OCR introduces a
moderate increase in parameters and inference time due to
multi-scale processing and inter-scale attention. However, this
increase is accompanied by substantial improvements in
recognition accuracy and robustness, particularly on
challenging benchmarks.

Compared to OCR approaches that rely heavily on large-scale
language modeling [8], the proposed method achieves
competitive or superior performance primarily through
improvements in visual representation, resulting in a more
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favorable accuracy—efficiency balance.

6.4 Statistical Validation and Alignment

with Research Questions

This subsection connects the empirical findings of the proposed
MSFT-OCR model with the research questions formulated in
the Introduction and validates the conclusions through rigorous
statistical ~analysis. Such alignment ensures that the
experimental evidence directly supports the stated research
objectives and that observed improvements are statistically
reliable rather than incidental [25], [30].

6.4.1. Statistical Validation Summary

To assess the reliability of the reported improvements, all key
experiments were conducted over multiple independent runs
with different random seeds. Performance is reported as mean
+ standard deviation, and statistical significance is evaluated
using paired t-tests at a significance level of @ = 0.05.

Across all major benchmarks, including IIIT5K, ICDAR2015,
and IAM, the proposed MSFT-OCR model consistently
achieves:

e Low variance across runs, indicating stable training
behavior,

e Statistically significant improvements over strong
Transformer-based baselines such as TrOCR and SVTRv2,
with p-values below the chosen threshold.

These results confirm that the observed performance gains are
robust and reproducible, following recommended evaluation
practices in OCR and document analysis research [25], [30].

Importantly, the additional computational overhead remains
within practical limits for modern GPU hardware, and the
accuracy gains significantly outweigh the cost increase for real-
world OCR applications. This makes the proposed approach
suitable for document analysis and scene text recognition
systems where reliability is prioritized over minimal latency
[30].

RQ1: Does explicit multi-scale visual feature modeling
improve OCR performance compared to single-scale
Transformer architectures?

Answer: Yes. quantitative results demonstrate consistent
improvements in Character Accuracy, Word Accuracy, and
Normalized Edit Distance across all datasets when multi-scale
feature representations are used. Ablation studies further show
a monotonic performance increase as additional scales are
incorporated.

Statistical validation confirms that these improvements are
significant and stable, supporting the hypothesis that OCR
benefits from explicit multi-scale visual modeling, as also
suggested by earlier hierarchical vision studies [13], [14], [17].

RQ2: Does inter-scale attention contribute meaningfully to
recognition accuracy and robustness?

Answer: Yes. removing inter-scale cross-attention leads to a
measurable and statistically significant drop in performance,
particularly on challenging datasets such as ICDAR2015 and
IAM. Attention visualizations further reveal that inter-scale
attention enables fine-scale character representations to
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leverage coarse-scale contextual information.

These findings validate that inter-scale attention is a critical
component for contextual disambiguation and robustness,
complementing insights from hierarchical Transformer
architectures [14], [16].

RQ3: Can multi-scale Transformer-based OCR reduce
reliance on heavy language modeling while maintaining
high accuracy?

Answer: Yes. compared to language-model-heavy OCR
systems such as Donut and ABINet [8], [12], MSFT-OCR
achieves competitive or superior performance primarily
through architectural improvements at the visual representation
level. The statistically validated gains indicate that strong
visual modeling can compensate for reduced dependence on
language priors.

This has important implications for OCR tasks involving
alphanumeric codes, multilingual text, or domain-specific
content where language context may be weak or misleading
[25], [30].

RQ4: Does multi-scale modeling improve interpretability
and stability of attention mechanisms in OCR?

Answer: Yes. attention visualizations consistently show more
localized, stable, and interpretable attention patterns compared
to single-scale baselines. Decoder attention alignment is also
more monotonic and visually coherent, indicating stable
sequence generation.

The low variance observed across runs further supports the
claim that the proposed architecture leads to more reliable and
interpretable behavior, aligning with recent calls for transparent
and trustworthy OCR systems [25].

6.4.2. Consolidated Interpretation

The statistical validation and research question alignment
collectively demonstrate that:

e The proposed MSFT-OCR architecture addresses the
identified research gaps,

e Performance improvements are statistically significant and
reproducible,

e Each architectural component contributes meaningfully to
the final outcome,

e The empirical evidence directly supports the original
research objectives.

This structured alignment strengthens the internal coherence of
the study and provides a clear justification for the proposed
multi-scale Transformer design.

6.5. Statistical Significance Testing

To further validate improvements over baseline models, this
study performs paired statistical significance tests between
MSFT-OCR and strong Transformer-based baselines such as
TrOCR [7] and SVTRvV2 [11].

For each test set, paired predictions are compared using a paired
t-test, which assesses whether the mean difference in
evaluation scores (e.g., WA or NED) is statistically significant.
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A significance level of:

a = 0.05
is used, following standard practice in empirical machine
learning studies [25].

Across all major benchmarks, MSFT-OCR achieves p-values <
0.05, indicating that the improvements are statistically
significant.

6.6. Confidence Interval Estimation
In addition to hypothesis testing, This study estimate 95%
confidence intervals (CI) for key evaluation metrics using:

g

Cl=u+196 x ,
H vn

where:
e [ is the mean score,
e (O is the standard deviation,

e 7 is the number of independent runs.

The resulting confidence intervals are narrow, further
confirming the robustness of the proposed model’s
performance.

6.7. Effect Size Analysis

Beyond statistical significance, This study also consider effect
size, which measures the practical importance of performance
improvements. Compared to single-scale Transformer
baselines, MSFT-OCR exhibits:

e  Larger absolute gains in WA on challenging datasets
(e.g., ICDAR2015),

e  Consistent reductions in NED across all datasets.

These effect sizes indicate that the improvements are not only
statistically significant but also practically meaningful in real-
world OCR scenarios [10], [25].

7. CONCLUSION AND FUTURE WORK

7.1 Conclusion

This paper presented MSFT-OCR, a multi-scale feature-based
Transformer architecture designed to address fundamental
limitations of single-scale Transformer models in optical
character recognition. Motivated by the inherently hierarchical
nature of textual visual data, the proposed approach explicitly
integrates fine-, mid-, and coarse-scale visual representations
and enables structured interaction across scales through inter-

scale attention mechanisms.

Comprehensive experiments conducted on diverse OCR
benchmarks, including scene text, handwritten text, and
document OCR datasets, demonstrate that MSFT-OCR
consistently outperforms strong CNN-based and Transformer-
based baselines in terms of Character Accuracy, Word
Accuracy, and Normalized Edit Distance. Ablation studies and
statistical validation confirm that both multi-scale feature
integration and inter-scale cross-attention  contribute
significantly to the observed performance gains.

Beyond quantitative improvements, attention visualizations
provide qualitative evidence that MSFT-OCR produces more
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focused, interpretable, and stable attention patterns compared
to single-scale Transformer models. These findings highlight
that architectural enhancements at the visual representation
level can yield substantial benefits without heavy reliance on
external language models, thereby improving robustness in
visually challenging and linguistically ambiguous scenarios.

Overall, this work bridges the gap between hierarchical visual
modeling in CNN-based OCR systems and global contextual
reasoning in Transformer-based architectures, offering a
principled and effective design for next-generation OCR
systems.

7.2 Future Work

While the proposed MSFT-OCR framework demonstrates
strong performance and robustness, several promising
directions for future research remain:

1. Adaptive Scale Selection: Future work may explore dynamic
or content-aware scale selection mechanisms that adjust the
number and resolution of scales based on image complexity,
potentially improving efficiency without sacrificing accuracy.

2. Integration with Lightweight Language Models: Although
MSFT-OCR reduces reliance on language modeling,
integrating lightweight or domain-specific language models
could further enhance performance in long-text or highly
structured document scenarios.

3. Extension to End-to-End Document Understanding: The
multi-scale Transformer framework can be extended to joint
tasks such as text detection, layout analysis, and semantic
understanding, enabling unified end-to-end document
processing pipelines [14], [16].

4. Efficiency and Deployment Optimization: Future research
may focus on optimizing the computational and memory
efficiency of the model through techniques such as sparse
attention, token pruning, or knowledge distillation, facilitating
deployment on resource-constrained devices [5], [30].

S. Multilingual and Low-Resource OCR: Evaluating and
adapting the proposed architecture for multilingual and low-
resource OCR settings remains an important direction,
particularly for scripts with complex visual structures or limited
annotated data [25].

6. Self-Supervised and Large-Scale Pretraining: Incorporating
self-supervised or weakly supervised pretraining strategies
could further improve generalization, especially for document
OCR and real-world industrial applications [8], [9].
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