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Abstract

Handwritten Text Recognition (HTR) remains a challenging task,
especially in Indic languages, due to varied handwriting styles, com-
plex character structures, and the scarcity of annotated data. While
deep learning models have shown promising results on curated
benchmarks, their performance often degrades in real-world scenar-
ios with high variability in writing. To address this, we propose a
semi-supervised approach, SemiHastakshar, that leverages large-
scale unlabeled word-level images collected from diverse sources
across the Internet. We employ a high-confidence pseudo-labeling
strategy to train on unlabeled samples iteratively. It allows the
model to learn from a wider distribution of handwriting styles and
improve generalization across writers. Our method demonstrates
that combining a small amount of labeled data with a large unla-
beled corpus leads to more robust HTR models for Indic scripts,
advancing scalable recognition in low-resource settings. The code,
model, and data will be publicly available for research.

CCS Concepts

+ Applied computing — Document analysis; Optical character
recognition.

Keywords

Handwritten, Text Recognition, Indian Languages, Unlabeled Data,
Semi-supervised Learning, Large Corpus.

ACM Reference Format:

Lalitha Evani, Ajoy Mondal, and C. V. Jawahar. 2025. SemiHastakshar:
Generalizable Indic Handwritten OCR through Semi-Supervised Learn-
ing. In Proceedings of 16th Indian Conference on Computer Vision, Graph-
ics and Image Processing (ICVGIP’25). ACM, New York, NY, USA, 9 pages.
https://doi.org/10.1145/3774521.3774605

1 Introduction

The journey of understanding language begins with the humble
symbol. It is a mark that carries meaning, emotion, and thought.
When these symbols are arranged meaningfully, they form the
basis of written communication, enabling comprehension across
generations, cultures, and contexts. The ability to recognize and
interpret these symbols from visual input lies at the heart of Optical
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Character Recognition (OCR). This field seeks to convert images
containing text into machine-readable formats.

A key subset of OCR is Handwritten Text Recognition (HTR),
which deals with deciphering free-form handwriting, a profoundly
personal, stylistically rich, and often beautifully idiosyncratic medium.
Unlike printed text, handwriting is shaped by individual quirks,
cultural influences, and the writer’s motor behavior, making it
uniquely expressive and inherently challenging to model [31]. In
HTR, every writer introduces a new style, and every character in-
stance might vary in shape, curvature, and structure, even within
the same document.

These challenges become significantly more pronounced when
considering Indic languages. With over 20 official scripts and hun-
dreds of spoken languages, India represents one of the most linguis-
tically diverse regions in the world [19]. Each script, Devanagari,
Bangla, Tamil, Telugu, or others, has a rich character set, intricate
ligatures, and complex diacritic systems that pose non-trivial diffi-
culties for recognition systems. This work systematically focuses
on multiple Indic scripts to explore these challenges.

Indic handwritten text recognition is a complex problem due to
the diversity of handwriting across individuals and the inherent
structural complexity of Indic scripts. Studies in writer identifica-
tion [34] and forensic handwriting analysis [21, 38] have demon-
strated how handwriting can serve as a biometric marker, an au-
thentication tool, highlighting the degree to which handwriting
varies between individuals. This writer-specific variation makes it
difficult for HTR models to generalize, especially when trained on
limited data collected from a small set of writers. Models trained
in such settings are often brittle and fail to perform well when
exposed to new, unseen handwriting styles [16].

A key limitation in advancing Indic HTR is the scarcity of anno-
tated data. Curating high-quality labeled datasets across multiple
scripts and writers is both labor-intensive and expensive. More-
over, the representation of handwriting styles remains constrained
when only a handful of writers contribute to the training set. As
a result, models often fail to learn the broad diversity required for
real-world robustness. Generalization to new writers remains a
significant bottleneck.

To overcome this challenge, we propose a semi-supervised learn-
ing approach, SemiHastakshar, that leverages the abundance
of unlabeled handwritten data available across digital platforms.
Annotating every instance of such data is infeasible, and relying
exclusively on labeled data limits the model’s exposure to stylistic
diversity. Instead, we utilize high-confidence pseudo-labeling to
iteratively train the model on unlabeled word-level images, allow-
ing it to learn from a broader distribution of handwriting styles
without manual supervision. By embracing the diversity encoded
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