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Abstract

This paper addresses a key challenge in Handwritten
Text Recognition (HTR): the dependence on large volumes
of labeled data. To overcome this, we propose a self-
supervised learning (SSL) framework, LoGo-HTR, that
minimizes labeling requirements while achieving strong
recognition performance. We introduce a large-scale
dataset, SSL-HWD of 10 million word-level handwritten
images from diverse scanned documents, partitioned into
a small labeled subset and a much larger unlabeled subset.

LoGo-HTR combines a local contrastive loss for spatial
consistency and a global decorrelation loss to enhance fea-
ture diversity. This dual objective enables robust, invariant,
and spatially discriminative feature learning. After self-
supervised pretraining, we fine-tune a transformer-based
decoder using limited labeled data. Extensive experiments
on standard HTR benchmarks, which include multilingual
and historical data, demonstrate that, after SSL pretrain-
ing on our unlabeled dataset, our method consistently out-
performs state-of-the-art approaches, even when fine-tuned
using only 80% and 20% of the available labeled train-
ing data from the respective benchmarks. Ablation stud-
ies highlight the effectiveness of our dual loss design and
demonstrate the potential of scalable, label-efficient hand-
written text recognition. The SSL-HWD dataset and LoGo-
HTR model with code are publicly available at https:
//logo-ssl.github.io/.

1. Introduction
Handwritten Text Recognition (HTR) is an important task
in document image analysis, essential for applications such
as preserving historical manuscripts, automating adminis-
trative workflows, and enabling natural user interfaces. De-
spite advances in deep learning, state-of-the-art HTR mod-
els [5, 6, 17, 29, 33, 38, 39, 51] still rely on large-scale, man-
ually annotated datasets for training. Creating these datasets
is both time-consuming and resource-intensive, creating a
significant bottleneck. As a result, current HTR systems
struggle to scale and adapt to new domains, scripts, or vari-

ations in handwriting, limiting their broader applicability.

Recent advancements in deep learning have greatly im-
proved the accuracy of HTR systems. This progress is par-
ticularly evident with the use of convolutional and recur-
rent neural networks, along with techniques like Connec-
tionist Temporal Classification (CTC), such as [1, 15, 40,
47]. Additionally, attention-based encoder-decoder archi-
tectures [8, 16, 33, 34], have also contributed to this en-
hancement. These models can learn complex visual and
sequential patterns found in handwritten scripts. How-
ever, their effectiveness often relies heavily on the avail-
ability of supervised data, which poses a challenge in low-
resource or domain-shifted environments. To mitigate the
dependency on extensive labeled datasets, synthetic hand-
written data [33] has emerged as a promising alternative.
By programmatically generating diverse handwriting sam-
ples using font-based rendering [31], style transfer tech-
niques [29], or generative models, researchers can simulate
realistic handwriting variations. These synthetic datasets
serve as valuable pretraining resources, enabling models to
learn generalizable features that transfer well to real hand-
written data with minimal supervision. In contrast, diverse
unlabeled handwritten notes present a valuable resource.
Can we leverage these resources to develop a more general-
ized HTR model?

This work aims to reduce the heavy dependence on la-
beled data in HTR by proposing a self-supervised learn-
ing framework, LoGo-HTR, Local patch-based contrastive
and Global decorrelation-based self-supervised learning for
HTR. LoGo-HTR is designed to learn rich and meaning-
ful representations from large-scale unlabeled handwritten
text. To support our approach, we introduce a new dataset
called SSL-HWD (Self-Supervised Learning–HandWritten
Dataset), comprising over 10 million word-level handwrit-
ten samples. These samples are extracted from scanned
documents across diverse domains such as Physics, Com-
puter Science, Biology, and Mathematics, etc. contributed
by 852 writers. The dataset is divided into two parts, (i)
a small labeled subset used for supervised fine-tuning; and
(ii) a large unlabeled subset used for self-supervised pre-
training.

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
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6653



Figure 1. Diverse and complex handwritten text samples, from our dataset SSL-HWD, illustrating the challenges in real-world handwritten
text recognition. The samples are categorized into five types: (a) Texts with different font colors, presenting variability in ink and pen
usage; (b) Texts with a difficult background, where lines or noise interfere with text legibility; (c) Texts with distorted characters, including
irregular strokes and structural inconsistencies; (d) Texts with blurring effects, where motion or focus issues hinder clarity; and (e) Texts
with highlighted background, where background color or markings obscure the textual content. These examples underscore the need for
robust models that can handle a wide range of visual degradations and inconsistencies in handwritten documents.

Our method follows a two-stage learning pipeline. Stage
1: Self-supervised pretraining. We use a DenseNet-
based [28] visual-textual encoder, trained on the unlabeled
subset with a contrastive learning objective. This helps the
model learn meaningful handwriting features without re-
lying on transcriptions. Stage 2: Supervised fine-tuning,
using a standard sequence prediction loss, the pretrained
model is fine-tuned on the small labeled subset. This hybrid
training strategy significantly reduces the need for labeled
data and improves the model’s generalization ability across
different handwriting styles and datasets. We validate the
effectiveness of our approach through experiments on two
widely used benchmarks for handwritten text recognition.
Results show that pretraining on unlabeled data yields no-
table accuracy improvements, especially when labeled data
is limited. Additional ablation studies further confirm the
individual contributions of each component in our proposed
framework.

In summary, our work offers the following key contribu-
tions:

• We introduce a large-scale handwritten text dataset, SSL-
HWD, with 10M word-level images of 852 writers from
diverse domains with 2.08M labeled and 7.92M unlabeled
samples, providing a valuable resource for scalable self-
supervised learning in HTR.

• We propose a novel method, LoGo-HTR, with two-
stage training strategies for HTR. First, we employ con-
trastive self-supervised pretraining to learn robust repre-
sentations, followed by supervised fine-tuning for task-
specific adaptation.

• We achieve state-of-the-art results on four HTR bench-
marks, IAM, GNHK, RIMES, and LAM under lim-
ited supervision, highlighting the effectiveness of the pro-
posed approach and underscoring the promise of self-

supervised learning in advancing handwritten text recog-
nition beyond traditional label-dependent methods.

2. Related Works
2.1. Supervised Text Recognition Methods
Handwritten Text Recognition (HTR) has progressed
through several stages. Early methods relied on hand-
crafted features with HMMs and SVMs [19, 46], effective
for small vocabularies but brittle under style variation and
noise. With deep learning, CNNs [20] combined with re-
current models such as LSTMs [27] and GRUs [10] became
standard, while the CTC loss [21] enabled end-to-end train-
ing without alignment.

Attention-based encoder–decoders [3, 49] reframed
HTR as sequence-to-sequence prediction, selectively fo-
cusing on relevant regions and improving robustness to ir-
regular text layouts. Recently, transformer-based architec-
tures [33, 34, 49] have replaced recurrent models, leverag-
ing self-attention for long-range dependencies and achiev-
ing state-of-the-art accuracy with scalable, parallelizable
training.

Scene text recognition (STR) has followed a similar tra-
jectory: ABINet [18] integrates iterative vision–language
interaction, VisionLAN [52] aligns semantics with visual
features, and PARSeq [4] introduces parallel autoregres-
sive decoding. Overall, supervised recognition has shifted
from hand-crafted features to CNN–RNN–CTC pipelines,
and now to fully transformer-based systems that dominate
both HTR and STR benchmarks.

2.2. Semi-supervised Text Recognition Methods
Semi-supervised learning (SSL) mitigates the high cost
of character-level annotation by combining limited labeled
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data with abundant unlabeled samples. Techniques in-
clude pseudo-labeling, consistency regularization, and un-
certainty modeling.

For STR, Qu et al. [45] proposed multi-view aggregation
to stabilize pseudo-labels, while for HTR, SoftCTC [30]
extended CTC with soft pseudo-labels that tolerate multi-
ple plausible transcriptions. Seq-UPS [41] refined pseudo-
labeling with sequence- and character-level uncertainty es-
timation, ensuring reliable unlabeled contributions. Beyond
recognition, SemiETS [36] introduced a semi-supervised
text spotting framework with hierarchical pseudo-labels and
spatial–semantic consistency.

Together, recent SSL methods show that refining pseudo-
labels, enforcing cross-view consistency, and gradually in-
corporating unlabeled samples are effective for both HTR
and STR, offering strong recognition performance under
low-resource conditions.

2.3. Self-supervised Learning for Text Recognition
Self-supervised learning (SSL) learns robust representa-
tions without transcriptions, making it attractive for HTR
and STR. SeqCLR [2] aligns token features across aug-
mented views; DiG [53] combines contrastive and masked
image modeling; and CCD/CCDPlus [24, 25] enforce lo-
cal character-level consistency, achieving state-of-the-art
results. In STR, TextScanner [50] integrates character-
order signals, while surveys [43] categorize SSL methods
into global contrastive, generative, and local distillation ap-
proaches.

Despite these advances, HTR remains challenged by
style variability, noisy images, and the scarcity of labeled
corpora. Recent semi- and self-supervised approaches [45,
50] help alleviate these issues, pushing the field toward
more label-efficient and generalizable recognition systems.
Our LoGo-HTR extends this line by unifying local patch-
wise contrastive alignment with global redundancy reduc-
tion [55], producing spatially discriminative and decorre-
lated embeddings that transfer well across handwriting do-
mains.

3. SSL-HWD

3.1. Data Collection
The dataset, which is curated from publicly available web
sources, comprises 81,280 pages of publicly available digi-
tized manuscripts, selected for being fully or substantially
handwritten. It spans a wide range of authors, styles,
complexities, and over 20 domains, including literature,
sciences, and mathematics. To capture natural handwrit-
ing variations, it includes diverse document types like per-
sonal diaries, academic notes, and historical correspon-
dence. Each document was carefully reviewed for legible,
meaningful text to ensure high quality and utility for robust

handwritten text recognition1.

3.2. Annotation
We follow a two-step process for annotation — (i) auto-
matic annotation and (ii) manual verification.

Automatic Annotation: We employed Amazon Tex-
tract’s2 AnalyzeDocument API to automatically ex-
tract line- and word-level bounding boxes with textual tran-
scriptions from 81,280 page images. By enabling the
"TEXT DETECTION" feature, the API returned structured
JSON data containing both Line and Word blocks with
their respective text, coordinates, and confidence scores.
This process yielded over 2.9 million line-level samples
and 10 million word-level instances. For quality control,
all word images with a high confidence score (≥0.99) were
cropped for subsequent manual verification.

Manual Verification and Correction: Our language-
expert annotation team manually checks each word image
and its textual transcription. The verified 2.08M word-level
images and textual transcriptions are used to create a la-
beled set. While all other 7.92M word-level images without
textual transcriptions are used for creating the unlabeled set.

Dataset #Pages #Writers #Words #Unique
IAM [37, 60] 1.5K 657 115K 10.5K
GNHK [32] 687 – 39K 12.3K
IIIT-HW-English-Word [39] 20.8K 1,215 757K 174K
SSL-HWD (ours) 81.2K 852 10M 107K

Table 1. Comparison of standard handwritten text datasets with
our SSL-HWD dataset.

3.3. Inherent Characteristic
The SSL-HWD dataset provides large-scale, diverse hand-
writing samples across multiple challenges (Fig. 1), includ-
ing multicolored text, blur, background interference, dis-
tortions, and highlights, reflecting real-world degradations.
Compared to existing datasets (Table 1), it is the largest,
with over 10M word-level instances from 852 writers. Its
vocabulary is notably richer (Table 2), covering alphabetic,
numeric, and rare words for stronger generalization. SSL-
HWD includes both labeled data for recognition and writer
identification, and unlabeled data for self-supervised, semi-
supervised, and domain adaptation tasks.

4. LoGo-HTR
We propose LoGo-HTR, a self-supervised framework
learning transferable features from unlabeled handwritten

1Refer to Appendix A of the supplementary material for more details
about data collection.

2https://aws.amazon.com/textract/
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Figure 2. Overview of our proposed two-stage LoGo-HTR framework for handwritten text recognition. (a) During the self-supervised
pretraining stage, two augmented views of the same input image are passed through a shared encoder. The representations are processed
with a local patch-wise contrastive loss and a global decorrelation loss to learn spatially discriminative and semantically rich features.
(b) In the downstream stage, the pretrained encoder is coupled with a transformer-based decoder to generate a word-level sequence using
limited labeled data. This modular pipeline enables robust recognition with reduced annotation effort.

Category IAM GNHK SSL-HWD (Ours)

Alphabetic Words 9,103 6,649 61,088
Numeric Words 116 250 4,981
Stop-words 140 141 457
Other Words 1,121 4,194 41,287

Total Unique Words 10,480 12,341 107,813

Table 2. Comparison of unique words across datasets.

data by combining local patch-based contrastive learning
with a global decorrelation objective [55]. During pretrain-
ing, a contrastive loss aligns matching patches from two
augmented views of an image, building robustness to hand-
writing variations. Unlike prior methods [26], our approach
avoids memory queues by operating within each image.
Concurrently, the decorrelation loss enhances feature diver-
sity. The pretrained encoder is then attached to a Trans-
former decoder and fine-tuned with limited labeled data for
recognition (Fig. 2), enabling a modular, label-efficient de-
sign.

4.1. Self-Supervised Pretraining

4.1.1. Local Contrastive Loss for Patch-wise Feature
Alignment

To enhance local correspondence, we introduce a patch-
level contrastive loss, LLocal. Complementing global objec-
tives [55], which can overlook local details, our loss aligns
fine-grained spatial structures by enforcing similarity be-

tween corresponding patches across augmented views. This
helps capture subtle local patterns crucial for handwritten
text.

Let xaug1 , xaug2 ∈ RB×C×H×W be the feature maps
from two augmentations of an image, with batch size B,
channels C, and spatial resolution H ×W .

Patch Extraction: We divide each feature map into
patches to compare corresponding spatial regions of two
augmentations of the same image. The patch size is de-
termined by:

P =

⌊
H

K

⌋
, and stride S = ⌊(1− overlap) · P ⌋ ,

where K defines the number of patches per spatial dimen-
sion, and the overlap parameter controls the amount of
overlap between adjacent patches (ranging from 0 to less
than 1). This flexible patching strategy allows the frame-
work to adjust for varying levels of spatial granularity. Each
patch in a batch is then converted to a fixed-size feature vec-
tor using average pooling:

z1b,n = AvgPool(x(b)
aug1

[i : i+ P, j : j + P ]) ∈ RC ,

z2b,n = AvgPool(x(b)
aug2

[i : i+ P, j : j + P ]).

Here, n ∈ {1, . . . , N} indexes the extracted patches for
each image in batch b ∈ {1, . . . , B}, and (i, j) denotes the
spatial coordinates corresponding to patch n.
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Positive and Negative Pairs: To build contrastive super-
vision, we define positive pairs as patches extracted from
the same spatial region across two augmentations of the
same image. Their similarity is computed using normalized
cosine similarity:

s(b,n)pos =
z1b,n · z2b,n

∥z1b,n∥ ∥z2b,n∥
.

For negative pairs, we do not rely on other images in
the batch but instead exploit the intra-view diversity within
the same image. Specifically, we compute patch-patch sim-
ilarities within each augmented view:

S1
b = Z1

b (Z
1
b )

⊤, S2
b = Z2

b (Z
2
b )

⊤,

where Z1
b , Z

2
b ∈ RN×C are the stacked patch represen-

tations for all N patches in a given image. To focus only
on dissimilar regions, we subtract the diagonal terms which
correspond to self-similarities:

S̃1
b = S1

b − diag(S1
b ), S̃2

b = S2
b − diag(S2

b ).

These intra-view negatives act as hard negatives, rep-
resenting other spatial regions within the same image
that should be distinguishable from the true corresponding
patch.

Loss Formulation: For each patch, we build a contrastive
logit vector composed of the positive similarity (anchor to
corresponding patch in the other view) and all negative sim-
ilarities (anchor to other patches in both views). These log-
its are scaled by a temperature parameter τ , which controls
the sharpness of the softmax distribution:

ℓb,n =

[
s
(b,n)
pos

τ

∣∣∣∣∣ S̃1
b,n,:

τ

∣∣∣∣∣ S̃2
b,n,:

τ

]
∈ R1+2(N−1).

Here, the logit corresponding to the positive pair is al-
ways placed at index 0, and the remaining elements corre-
spond to intra-view negatives. The final patch-level con-
trastive loss is the cross-entropy over these logits:

LLocal =
1

B ·N

B∑
b=1

N∑
n=1

CE(ℓb,n, 0),

where CE denotes the standard cross-entropy loss. This
encourages the model to assign higher similarity to corre-
sponding patches across augmentations and suppress sim-
ilarity between unrelated regions, thereby preserving and
aligning local discriminative features across transforma-
tions.

4.1.2. Global Loss for Feature Decorrelation
To ensure global semantic consistency and reduce represen-
tational redundancy, we adopt the Barlow Twins loss [55] as
the global learning objective. This self-supervised method
aligns embeddings from two augmented views of the same
input while explicitly discouraging correlation across fea-
ture dimensions.

Let z1, z2 ∈ RB×d denote embeddings from two dis-
torted views of a batch of inputs, where B is the batch size
and d the feature dimensionality. The cross-correlation ma-
trix C ∈ Rd×d is defined as:

Cij =

∑B
b=1 z

(b,i)
1 z

(b,j)
2√∑B

b=1(z
(b,i)
1 )2 ·

√∑B
b=1(z

(b,j)
2 )2

. (1)

The loss is then formulated as:

LBT =
∑
i

(1−Cii)
2 + λ

∑
i

∑
j ̸=i

C2
ij , (2)

where the diagonal term enforces invariance by aligning
corresponding features (Cii → 1), while the off-diagonal
term promotes decorrelation by minimizing feature redun-
dancy (Cij → 0, i ̸= j). The balance between invariance
and decorrelation is controlled by the hyperparameter λ.

This objective leads to embeddings that are both
augmentation-invariant and information-rich, facilitating
generalization in downstream recognition tasks. A more de-
tailed analysis of the complementarity between global and
local self-supervised objectives, supported by theoretical in-
sights and prior work, is provided in Appendix B.

4.2. Supervised Training

In the downstream stage, we couple the self-supervised
pretrained CNN encoder with a Transformer decoder for
handwritten text recognition. The encoder, based on
DenseNet [28], captures local patterns and long-range de-
pendencies. Pretrained with patch-wise contrastive align-
ment and global decorrelation, it provides robust and trans-
ferable features with minimal annotation. Given an in-
put I ∈ R3×H0×W0 , the encoder outputs a feature map
X ∈ RC×H×W , which is reshaped into a sequence of
L = H ×W tokens {x1, . . . ,xL}, each enriched with po-
sitional encodings pi, yielding zi = xi+pi. This sequence
serves as memory for a Transformer decoder [49, 59] with
an Attention Refinement Module (ARM [58]) to auto re-
gressively generate word-level sequences. Depending on
configuration, the encoder can be frozen or fine-tuned, en-
suring stable adaptation to new domains. This modular de-
sign enables efficient recognition with low annotation cost
and lightweight decoding.
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5. Experiments

5.1. Implementation Details

We use a DenseNet-based encoder with 3 blocks of 16 bot-
tleneck layers, growth rate k=24, dropout p=0.2, and com-
pression factor θ=0.5. For self-supervised learning, each
image is split into 5×5 patches (after the first convolution
layer), followed by average pooling. A projection head
(1024 → 512) generates embeddings for the global decor-
relation loss. Augmentations include scale jittering ([0.7,
1.4]) and color jittering (brightness/contrast 0.25, saturation
0.2, hue 0.2), each with 0.5 probability. The SSL loss com-
bines local and global terms (weights: 0.6 and 0.4). For
fine-tuning, we adopt the CoMER [58] decoder: 3 Trans-
former layers (dimension 256, FFN 1024, dropout 0.3, 8
heads) with coverage attention. All experiments were con-
ducted on two RTX A6000 GPUs (48 GB VRAM each).
(Refer to Appendix C of the supplementary material for
more details).

5.2. Dataset

We conduct training and evaluation using five datasets:
IAM, GNHK, RIMES, LAM and SSL-HWD (Ours).
Among 2.08M labeled word-level images of the SSL-HWD
dataset, 60% (1.25M samples) are used for training, and
the remaining 40% (0.83M samples) are held out for test-
ing. For IAM, we follow the standard Aachen partitions3

to split the data into training and test sets. The GNHK
dataset comprises 26K samples for training and 9.9K for
evaluation. The RIMES dataset is used following its stan-
dard training and test partitions. The LAM dataset, which
consists of historical handwritten documents, is considered
more challenging due to its degraded quality and diverse
writing styles; we use its official training and test splits for
our experiments.

5.3. Evaluation Metrics

We evaluate the performance of our LoGo-HTR using four
standard metrics, Word Recognition Rate (WRR), Charac-
ter Recognition Rate (CRR), Character Error Rate (CER),
and Word Error Rate (WER) [5, 6, 17, 29, 33, 38, 39, 51].
For word-level datasets, WRR matches 100−WER. In con-
trast, for line-level datasets (e.g., LAM), this equivalence
breaks since WER is computed via edit distance, where in-
sertions and deletions shift word alignment. Likewise, CRR
is not simply 100− CER because character-level insertions
and deletions affect the metric. (Details are available in
Appendix D of the supplementary material).

Figure 3. Grad-CAM visualizations showing model attention on
cursive, blurred, long, and numeric words; rows 1 and 3 show in-
puts, rows 2 and 4 the heatmaps.

6. Result Analysis
6.1. Comparison with SOTA
To validate the effectiveness and generalization capacity of
the proposed self-supervised framework, we conduct exten-
sive evaluations on four benchmark datasets, IAM, GNHK,
RIMES, and LAM. As shown in Table 3, we compare our
method with current models including TrOCR [33] and
Bhunia et al. [5] in IAM, Mondal et al. [39] in GNHK, Gu
et al. [23] in RIMES, and HTR-VT [34] in LAM.

Unlike prior works relying on full supervision or syn-
thetic augmentation, our approach leverages only unlabeled
data for pretraining and is fine-tuned with 20–100% labeled
target data. Despite using far fewer labels, our model con-
sistently outperforms or remains highly competitive with
fully supervised baselines.

On IAM, we achieve a WER of 11.93 and CER of 2.31
with 80% of the labeled data, outperforming the fully su-
pervised TrOCR. On GNHK, our model reaches a WER of
19.69 and CER of 9.05 using 80% labeled data, surpass-
ing the baseline despite no use of the supervised IIIT-HW-
English-Word dataset. On RIMES, our method attains a
WER of 7.20 and CER of 2.38 with 80% labeled data. No-
tably, although LAM is a line-level historical dataset and
our pretraining is performed only on large-scale word-level
data, finetuning on LAM still yields a WER of 6.3 and
CER of 2.39 with full data, achieving state-of-the-art per-
formance.

6.2. LoGo-HTR Performance on SSL-HWD
LoGo-HTR achieves strong recognition performance on
the SSL-HWD test set, demonstrating the effectiveness
of combining local and global self-supervised objectives.
Fig. 3 shows a heatmap of the feature learned by LoGo-
HTR. Self-supervised pretraining with local and global ob-
jectives learn more representative features for recognition.

3https://openslr.org/56/
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Dataset Model #Params SSL Pretraining Supervised Training/Pre-Training Finetuning #Training Data WER / WRR CER / CRR

IAM

TrOCRLARGE [33] 558M – IAM + Synthetic – 100% – / – 2.89 / –
Bhunia et al. [5] – – STR+HTR Datasets [5] IAM 100% – / 86.0 – / –
Bluche et al. [6] 750k / 300k – IAM + Synthetic – 100% – / – 3.20 / –
Michael et al. [38] – – IAM – 100% – / – 4.87 / –
Wang et al. [51] – – IAM – 100% – / – 6.40 / –
Kang et al. [29] – – Synthetic [29] IAM 100% – / – 4.67 / –
Diaz et al. [17] 5M - 30M(Best 22M) – IAM + Internal [17] – 100% – / – 2.75 / –
HTR-VT [34] 53.5M – IAM – 100% 14.9 / – 4.7 / –
Gu et al. [23] 80K – IAM – 100% 10.32 / – 3.36 / –

LoGo-HTR 6.4M Ours(Unlabeled) – IAM

20% 30.8 / 69.2 7.5 / 86.0
40% 19.3 / 80.7 5.2 / 91.0
60% 12.01 / 87.99 3.36 / 95.42
80% 11.93 / 88.07 2.31 / 96.33
100% 10.27 / 89.73 2.01 / 97.76

GNHK

Lee et al. [32] – – GNHK – 100% – / 50.2 – /86.1
Mondal et al. [39] – – IIIT-HW-English-Word [39] GNHK 100% – / 64.31 – / 83.44

LoGo-HTR 6.4M Ours(Unlabeled) – GNHK

20% 32.1 / 67.9 19.4 / 84.3
40% 28.4 / 71.6 16.2 / 86.4
60% 24.61 / 75.39 13.33 / 88.37
80% 19.69 / 80.31 9.05 / 91.43
100% 12.07 / 87.93 7.20 / 92.58

RIMES

Bhunia et al. [5] – – STR+HTR Datasets [5] RIMES 100% – / 90.06 – / –
SPAN [12] 19M – RIMES – 100% 13.8 / – 3.81 / –
Puigcerver et al. [44] – – RIMES – 100% 12.8 / – 3.3 / –
Coquenet et al. [14] – – RIMES – 100% 8.32 / – 3.04 / –
DAN [13] – – RIMES – 100% 6.78 / – 2.63 / –
Gu et al. [23] 80K – RIMES – 100% 6.63 / – 2.19 / –

LoGo-HTR 6.4M Ours(Unlabeled) – RIMES

20% 26.50 / 73.50 6.68 / 93.20
40% 10.80 / 89.20 3.68 / 96.10
60% 7.20 / 92.80 2.38 / 97.45
80% 6.15 / 93.85 1.89 / 97.99
100% 5.50 / 94.50 1.78 / 98.05

LAM∗

TrOCR [7, 33]∗∗ 385M – LAM – 100% 11.6 / – 3.6 / –
GFCN [7, 11]∗∗ 1.4M – LAM – 100% 18.5 / – 5.2 / –
OrigamiNet [7, 54]∗∗ 115.3M – LAM – 100% 11.0 / – 3.0 / –
HTR-VT [34] 53.5M – LAM – 100% 7.4 / – 2.8 / –

LoGo-HTR 6.4M Ours(Unlabeled) – LAM

20% 24.86 / 74.8 7.6 / 92.9
40% 14.9 / 84.6 4.38 / 95.80
60% 9.6 / 89.2 3.43 / 96.76
80% 7.2 / 91.9 3.2 / 96.98
100% 6.3 / 93.1 2.39 / 97.33

Table 3. Performance comparison with SOTA on four benchmarks IAM, GNHK, RIMES and LAM. (*) Line-level dataset. (**) Re-
implementation by [7].

6.3. Cross Dataset Evaluation

Finetune
Test Datasets

IAM GNHK RIMES LAM OURS
WER CER WER CER WER CER WER CER WER CER

IAM 10.27 2.01 52.50 47.80 21.50 11.8 27.52 12.38 26.70 18.20
GNHK 34.20 22.90 12.07 7.20 36.00 23.50 25.00 12.00 19.40 12.60
RIMES 18.30 9.40 50.08 43.9 5.50 1.78 22.4 8.6 25.50 16.90
LAM 24.30 9.10 28.00 13.50 22.90 7.50 6.9 2.39 16.00 7.20
Ours 13.20 2.90 10.10 6.80 11.20 3.50 16.40 7.20 5.20 1.20

Table 4. Cross-datasets Evaluations.

We evaluate the generalization of our dataset through
cross-dataset testing. The model is pretrained on large-
scale unlabeled data using a self-supervised strategy and
then fine-tuned on a small labeled subset. We test on
IAM [37], GNHK [32], RIMES [22], and LAM [7],
which differ in vocabulary, script, and writing condi-
tions. As shown in Table 4, our dataset achieves consis-

tent performance across domains: Ours→IAM (13.2/2.9),
Ours→GNHK (10.1/6.8), Ours→RIMES (11.2/3.5), and
Ours→LAM (16.4/7.2). In contrast, IAM→OURS rises
sharply to 26.7/18.2, GNHK→IAM reaches 34.2/22.9,
RIMES→LAM degrades to 22.4/8.6, while LAM→OURS
still remains higher at 16.0/7.0. These comparisons indicate
that models trained on individual datasets overfit to their
domain, whereas ours transfers robustly across all. Over-
all, the strong Ours→Others results highlight the potential
of our dataset as a reliable source for pretraining and fine-
tuning in generalized handwritten text recognition.

6.4. Comparison with SSL-Based Methods

Table 5 compares LoGo-HTR with prior SSL approaches.
While methods such as SimCLR(Text-DIAE), Seq-CLR,
and CMT-Co achieve competitive results, their performance
drops on challenging handwriting styles. LoGo-HTR at-
tains 89.73% WRR on IAM and 94.5% on RIMES, outper-
forming the best baselines by a clear margin. This high-
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Figure 4. Model efficiency analysis. Word Error Rate (WER)
on the IAM benchmark is plotted against computational cost in
GFLOPS. The proposed LoGo-HTR model achieves a superior
balance of low WER and computational efficiency compared to
other methods, including Penarrubia et al. [42], Text-DIAE [48],
and Bhunia et al. [5]. (See Appendix G for further details.)

lights the advantage of combining local patch-wise con-
trastive learning with global decorrelation for robust and
transferable representations.

Methods IAM RIMES

SimCLR [9, 48] 70.7 –
Seq-CLR [2] 79.9 92.4
Text-DIAE [48] 80.0 –
PerSec [35, 48] 81.8 –
Chaco [56] 81.4 90.6
Penarrubia et al. [42] 80.8 92.0
CMT-Co [57] 81.9 91.2
DiG [53] 87.0 –

Ours 89.73 94.5

Table 5. Comparison of self-supervised methods on IAM and
RIMES datasets (measured in Word Recognition Rate, %). Our
method achieves the best performance across both benchmarks.

7. Ablation Study
We conduct an ablation study to evaluate self-supervised
pretraining strategies: (i) using only the global decorrela-
tion loss, and (ii) combining it with our proposed local con-
trastive loss. As shown in Table 6, the Global+Local setup
consistently outperforms the Global-only baseline across
all datasets. For instance, on IAM, WER drops from 18.5%
to 10.3% and CER from 8.0% to 2.0%; on the more chal-
lenging LAM dataset, WER reduces from 17.5% to 6.9%
and CER from 9.5% to 2.4%. Similar trends hold for

RIMES, GNHK, and our in-house dataset, confirming that
local supervision complements the global objective, yield-
ing more robust representations. Figure 5 further supports
this: the Global-only setup (red) converges slowly with
high variance, while Global+Local (blue) converges faster
and more stably, indicating that local patch-level contrastive
loss regularizes training and accelerates optimization. Over-
all, combining global and local objectives enhances both ac-
curacy and training efficiency. (See Appendix F for further
details.)

SSL Method IAM GNHK RIMES LAM OURS
WER / CER WER / CER WER / CER WER / CER WER / CER

Global 18.5 / 8.0 22.8 / 14.2 14.0 / 6.2 17.5 / 9.5 14.8 / 9.7
Global+Local 10.3 / 2.0 12.1 / 7.2 5.5 / 1.8 6.9 / 2.4 5.2 / 1.2

Table 6. The effectiveness of the combined Global+Local loss,
which significantly reduces Word and Character Error Rates
(WER/CER) across all benchmarks.

Figure 5. Self-supervised pretraining loss progression. The com-
bined Global+Local loss (blue) converges faster and more stably
than the Global-only loss (red).

8. Conclusion
In this work, we proposed LoGo-HTR, a self-supervised
framework for handwritten text recognition that reduces de-
pendence on large labeled datasets. It learns robust repre-
sentations from unlabeled handwriting using a combination
of local contrastive learning and global decorrelation. We
also introduced SSL-HWD, a large-scale dataset contain-
ing 10 million word-level samples to support generalization
across writing styles. Experimental results show that LoGo-
HTR consistently outperforms supervised baselines in low-
label regimes, while ablation and cross-data set evaluations
confirm its effectiveness and generalizability. These results
indicate that accurate recognition can be achieved with min-
imal annotation.
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