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Abstract. We posit that handwriting recognition benefits from com-
plementary cues carried by the rasterized complex glyph and the pen’s
trajectory, yet most systems exploit only one modality. We introduce an
end-to-end network that performs early fusion of offline images and online
stroke data within a shared latent space. A patch encoder converts the
grayscale crop into fixed-length visual tokens, while a lightweight trans-
former embeds the (x, y, pen) sequence. Learnable latent queries attend
jointly to both token streams, yielding context-enhanced stroke embed-
dings that are pooled and decoded under a cross-entropy loss objective.
Because integration occurs before any high-level classification, tempo-
ral cues reinforce each other during representation learning, producing
stronger writer independence. Comprehensive experiments on IAMOn-
DB, and VNOn-DB demonstrate that our approach achieves state-of-the-
art accuracy, exceeding previous bests by up to 1%. Our study also shows
adaptation of this pipeline with gesturification on the ISI-Air dataset.
Our code can be found here.

Keywords: Handwritten text recognition · Transformer · Online–offline
fusion.

1 Introduction

Handwritten Text Recognition (HTR) is a foundational task in the broader do-
main of handwriting analysis [1], with widespread applications in document dig-
itization, education technology, and human-computer interaction. While many
advances have been made in recognizing isolated characters using deep learning,
most existing models are trained on datasets such as UNIPEN [14], compris-
ing neatly segmented, individual characters written in isolation. However, this
is far removed from real-world scenarios, where characters look different when
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embedded within a word, influenced by neighboring characters, and written in
a variety of natural handwriting styles.

Image
(B, 3, H, W)

Feature
Extractors

Input Images

Traditional Recognition Techniques

Outputs Offline
Recognition

Input Strokes

Transformer
Layers

Feature
Extractors

Transformer
Layers Outputs

Online
Recognition

Fusion Based Approaches

Feature
Extractors

Feature
Extractors

Transformer
Layers

Transformer
Layers

Concatenation Outputs

Late Fusion

Feature
Extractors

Feature
Extractors

Fusion Transformer
Layers Outputs

Early Fusion

A

B

C

D

Fig. 1: An overview of input modalities and their architectures for handwritten
text recognition. A: Image-only input, B: Stroke-only input, C: Late Fusion based
dual input, D: Early Fusion based dual input (Ours).

Early handwritten-character recognition systems were designed around a sin-
gle modality. Offline pipelines (Fig. 1-A) treat a scanned glyph as an image
and rely on convolutional or transformer backbones to map pixels to character
sequences [24]. Conversely, online pipelines (Fig. 1-B) discard appearance alto-
gether, interpreting only the pen-tip trajectory captured by the digitiser [31].
Each view is incomplete as images lose temporal order, while stroke traces omit
shading, pen pressure, and context such as ligatures or serifs. To mitigate this
limitation, bimodal fusion emerged in a multiscale network [37] that concate-
nates high-level image and stroke embeddings before classification (late fusion;
Fig. 1-C). Such strategies boost robustness, yet they still process both streams
independently until the penultimate layer. As a result, misaligned timelines, re-
dundant features, and modality-specific noise remain unaddressed, and the net-
work cannot learn shared primitives—e.g., a cusp that appears as both a sharp
curvature in trajectory space and a dark pixel cluster in image space.

We posit that early fusion (Fig. 1-D) unlocks deeper complementarity. By
projecting raw visual patches and stroke tokens into a shared la-
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tent space and allowing cross-attention before any task-specific trans-
former layers, the model can utilise the interaction between how a
character looks in pixel space and how it is traced through the pen
vectors. We utilize IAMOn-DB [27] and VNOn-DB [30] datasets adapted for
character-level recognition to deisgn our experimental study for this hypothesis.
We also display recognition results on the ISI-Air [33] dataset, showing strong
results to air-writing data.

i. We explore a novel direction in the field of handwritten text recognition,
leveraging the relationship of character images and the pen stroke vectors
used in tracing them.

ii. We propose HATCharClassifier, a first of its kind handwritten text recognizer
that provides robust character recognition results through early fusion of
multiple inputs (image + stroke).

iii. We benchmark our model as state-of-the-art for multiple multimodal hand-
written text datasets such as IAMOn-DB [27] and VNOn-DB [30], along
with air writing datasets like ISI-Air [33].

The rest of the paper is structured as follows: Section 2 explores related liter-
ature on early classical methods, deep learning and transformer based methods,
and fusion based models for handwritten text recognition. Section 3 explores our
proposed framework HATCharClassifier. Section 4 describes experiment design,
datasets used and metrics we employ to show the performance of our method.
Section 5 delves into quantitative and qualitative results for the proposed frame-
work. Section 6 provides a discussion on the importance of such a method with
regards to current research and its caveats, and finally, Section 7 concludes the
paper.

2 Related Work

2.1 Early Methods for Handwriting Recognition

Statistical and classical machine learning approaches have played a pivotal role
in advancing handwritten text recognition in the early years of the field. Hidden
Markov Models (HMMs) emerged as the dominant framework for modeling se-
quential handwriting, particularly excelling in cursive script recognition due to
their ability to perform implicit segmentation and probabilistic modeling of char-
acter sequences [7,32,29,5]. Support Vector Machines (SVMs) gained traction for
isolated character recognition by leveraging margin-based classification and ker-
nel methods, with adaptations such as dynamic time warping kernels enabling
their application to online handwriting sequences [3]. To capture richer depen-
dencies, discriminative models like Conditional Random Fields (CRFs) were also
explored, for example,[10] showed that CRFs can outperform HMMs on whole-
word recognition tasks. These classical methods typically operate on carefully
engineered features. For instance, Bai and Huo [4] extract 8-directional histogram
features from pen trajectories for online Chinese character recognition. Likewise,
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many systems convert raw strokes into offline images or other local descriptors
to feed into the sequence model. Alongside these, k-Nearest Neighbors (k-NN)
and shallow neural networks like multilayer perceptrons served as competitive
baselines for digit and character recognition, especially on benchmarks such as
UNIPEN [14] and CEDAR [16]. These classifiers were highly reliant on care-
fully engineered features such as zoning, projection histograms, contour profiles,
and geometric descriptors—extracted from normalized and preprocessed hand-
writing samples [18,32]. Together, these classical methods laid the algorithmic
foundation for contemporary handwritten text recognition systems.

2.2 Deep Learning Based Methods

With the advent of deep learning [22], end-to-end neural models became standard
for HTR. [34] introduced the CRNN architecture, combining CNN feature extrac-
tion with bidirectional RNN sequence modeling. Bi-directional LSTM (BiLSTM)
networks [17] or gated RNNs then capture long-range context in the stroke/image
sequence. [12] demonstrate that a BLSTM trained with Connectionist Tempo-
ral Classification (CTC) loss [11] can significantly outperform traditional HMM
baselines on unconstrained handwriting recognition. Encoder–decoder models
with attention have also been applied for lexicon-free transcription. More re-
cently, fully Transformer-based OCR models have appeared. For example, [23]
propose TrOCR, which uses a pre-trained Vision Transformer encoder and text
Transformer decoder, yielding state-of-the-art results on handwritten text recog-
nition benchmarks. These works paved the way towards performance-maximising
models suitable for multilingual and multidomain use-cases.

2.3 Recent Attention-Based Methods

With the advent of attention mechanisms [36], transformer architectures have
begun to be applied to handwriting recognition. [24] adapted the Vision Trans-
former (ViT) [9] for line-level text recognition. Their HTR-VT model uses a
CNN for feature extraction and employs sharpness-aware minimization, achiev-
ing competitive accuracy on standard HTR datasets like IAMOn-DB [27]. [20]
introduce Character Queries, a transformer decoder where each character is rep-
resented by a learned query vector; this approach excels at segmenting on-line
strokes into characters given a known transcription. C-TST [8], a two-stream
model using a 1D convolution + Transformer branch for temporal stroke fea-
tures and a Vision Transformer for spatial image features; fusing both streams
yields high accuracy on Chinese benchmarks. [25] utilized the Swin Transformer
as the encoder to extract image features, focusing on Chinese character char-
acteristics. These Transformer-based methods complement and often improve
upon earlier RNN and CNN-based systems.

2.4 Bimodal Fusion Methods

Multimodal (image + stroke) fusion has been widely studied to improve robust-
ness. Most recent methods employ late-fusion multi-stream architectures: sepa-
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rate encoders process pen trajectories and images, and their outputs are merged.
For example, [37] propose a multi-scale bimodal fusion network that combines
features from both streams using Transformers, achieving state-of-the-art accu-
racy on IAMOn-DB (e.g. 4.7% CER). Similarly, Bhunia et al. [6] fuse online
trajectory features with rendered images for Indic script recognition. While these
late-fusion models yield high accuracy, they incur extra complexity due to sep-
arate image rendering and fusion modules. We identify this as a domain gap:
training stroke and image encoders independently can limit joint feature learn-
ing. To address this, we introduce an early fusion strategy that jointly embeds
stroke and image information from the outset.

3 Methodology
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Fig. 2: Our proposed pipeline.

Notation. Let D = {(Ii,Si, yi)}Mi=1 with Ii ∈RH×W×C (gray or RGB image),
Si = [(xt, yt, pt)]

Ti
t=1 ∈ RTi×3 (online stroke sequence, pt ∈ {0, 1} pen state),

and yi ∈ {1, . . . , V }. HAT converts either modality—or both—into a common
d-dimensional token space and classifies with a linear head (Fig. 2).

Image Patch Encoder. We first (bi-linearly) resize I to 224× 224 and, when
necessary, replicate its single channel to obtain C=3. A pretrained Swin-B [26]
backbone outputs the last-stage feature map F∈R7×7×1024. Flattening the spa-
tial axes and projecting with Wp∈R1024×d gives

Ep = reshape(F)Wp ∈ RN×d, N = 7× 7. (1)



6 A. Lodh, R. Chakraborty et al.

Latent Cross-Attention. Following Perceiver-IO [19], we introduce L learn-
able latent tokens Z(0)∈RL×d. For layers ℓ = 0, . . . , Limg − 1

Z̃(ℓ) = MHA(Q=Z(ℓ),K=Ep,V=Ep), (2a)

Z(ℓ+1) = TransformerLayer
(
Z(ℓ) + Z̃(ℓ)

)
. (2b)

Layer-norm on the final state yields Z = LN(Z(Limg)).
Stroke Encoder. Each point (xt, yt, pt) is embedded by concatenating raw
coordinates with a pen-state lookup Epen∈R2×d/8:

st = [xt, yt,Epen[pt]] ∈ R2+d/8. (3)

After a point-wise projection, BatchNorm, and Dropout we obtain

Es =
[
st
]T
t=1

Ws ∈ RT×d, Ws∈R(2+d/8)×d. (4)

Rotary positional encoding. Splitting every token into even/odd parts and
rotating with angle ϕt = tΘ (see [35]) gives Ês∈RT×d.

Temporal transformer. An Nstk-layer Transformer processes the sequence

H = TransformerEncoder(Ês) ∈ RT×d, (5)

which is refined via a residual 2-layer MLP:

Estroke = H+MLP
(
LN(H)

)
. (6)

Cross-Modal Querying. With both modalities present, stroke tokens query
the latent image tokens:

Ẽstk = MHA(Q=Estroke,K=Z,V=Z), (7a)

Ecross = TransformerLayer
(
Estroke + Ẽstk

)
. (7b)

If images (resp. strokes) are missing we set T = Z (resp. T = Estroke).

Attention Pooling & Classification. Given token matrix T∈RNt×d (Nt = L
or T ), scalar importances

αi =
exp

(
w⊤

2 tanh(W1ti)
)∑Nt

j=1 exp
(
w⊤

2 tanh(W1tj)
) , g =

Nt∑
i=1

αiti, (8)

are computed with W1∈Rd×d, w2∈Rd. The classifier is

o = Wcg + bc ∈ RV , (9)

and we minimise cross-entropy

L = − 1

M

M∑
i=1

log
exp(oi,yi

)∑V
v=1 exp(oi,v)

. (10)
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Algorithm 1 HAT (refer to Eq. (1)–(10)as aforementioned)

Require: mini-batch {(Ii,Si, yi)}Bi=1, mode m∈{Image,Stroke,Both}
1 for i← 1 to B do
2 if m ̸= Stroke then ▷ image branch
3 Ep ← ImagePatchEncoder(Ii) ▷ Eq. (1)
4 Z← LatentCrossAttn(Ep) ▷ Eqs. (2a)–(2b)
5 end if
6 if m ̸= Image then ▷ stroke branch: Sec. 3
7 Estk ← StrokeEncoder(Si) ▷ Eqs. (4)–(6)
8 end if
9 Select T

• m=Image→T=Z
• m=Stroke→T=Estk

10 if m = Both then ▷ hybrid: Sec. 3
11 T← CrossModalQuery(Estk,Z) ▷ Eq. (7b)
12 end if
13 g← AttentionPool(T) ▷ Eq. (8)
14 oi ←Wcg + bc ▷ Eq. (9)
15 end for
16 L ← CrossEntropy({oi}, {yi}) ▷ Eq. (10)
17 Back-propagate ∇L; update parameters

In summary, HAT maps images (via a frozen SwinB) and online strokes
(via a rotary-encoded transformer) to a shared d-dimensional token space.
Stroke tokens optionally query image tokens through a single cross-modal
attention layer, after which attentional pooling yields a global vector for linear
classification with cross-entropy. The same lightweight architecture handles
image-only, stroke-only, and hybrid inputs without altering parameters.

4 Experiments

4.1 Datasets

Table 1: Dataset statistics after pre-
processing

Dataset Train
Set

Val.
Set

Test
Set

#
Cls.

IAMOn-DB [27] 72,508 18,954 21,455 84
VNOn-DB [30] 197,140 57,763 77,389 145
ISI-Air [33] 10,000 2,000 - 10

Numbers = character samples.

We evaluate on three on-line handwrit-
ing corpora, each trained and tested
in isolation. Qualitative examples are
given in Fig. 3, 4, 5, while Table 1 (left)
reports the final number of character in-
stances per split together with the num-
ber of target classes.

The IAMOn-DB [27] dataset is a widely used benchmark for online hand-
writing recognition, particularly focused on English cursive script. It contains
handwritten text samples collected from 221 writers using a stylus on a tablet,
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capturing the temporal sequence of pen strokes along with their spatial coordi-
nates. IAMOn-DB supports writer-independent and writer-dependent evaluation
protocols and is frequently used for training and evaluating sequence models like
HMMs and RNNs. Its high-quality online handwriting data has made it a stan-
dard in evaluating temporal modeling capabilities in handwriting recognition
systems.

W t A m C K
Fig. 3: Some examples from IAMOn-DB dataset.

The VNOn-DB (Vietnamese Online Handwriting Database) [30] is a large-
scale dataset designed to support research in Vietnamese online handwriting
recognition. It comprises pen trajectory data collected from over 200 writers,
covering all 134 Vietnamese characters including diacritics. Each character is
annotated with stroke order and pen-up/pen-down events, providing rich tem-
poral and spatial information. VNOn-DB presents challenges specific to the Viet-
namese language, such as compound characters and tonal marks, making it a
valuable resource for evaluating script-specific handwriting models. The dataset
has been used to benchmark both character-level and word-level recognition
tasks in low-resource language settings.

ề á Đ đ ôầ
Fig. 4: Some examples from VNOn-DB dataset.

The ISI-AIR dataset[33] is a publicly available corpus designed for research
in mid-air handwriting recognition using motion capture. Collected at the Indian
Statistical Institute (ISI), the dataset comprises 3D hand trajectory recordings of
English digits captured using a webcam. Unlike traditional handwriting, ISI-AIR
features freehand air gestures without physical contact, introducing challenges
such as higher spatial variance, motion blur, and absence of surface constraints.

3 8 7 4 6 2
Fig. 5: Some examples from ISI-Air dataset.
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4.2 Implementation Details

All experiments are conducted on a single NVIDIA RTX A5000 (24 GB) GPU
using the PyTorch [2] framework. Training proceeds with the AdamW [28] op-
timizer (initial learning rate 1 × 10−4, β1=0.9, β2=0.999, weight-decay 0.01).
The learning rate follows a cosine-annealing schedule that decays to zero, and
gradients are clipped to an ℓ2-norm of 1.0. Classification uses cross-entropy with
label-smoothing 0.1, while dropout (p=0.1) and batch-normalization regularize
the stroke pathway.

We evaluate with overall accuracy Acc =
∑

c TPc

N and the class-balanced
macro variants of precision, recall and F1: for each class c we compute Pc =

TPc

TPc+FPc
, Rc = TPc

TPc+FNc
and F1,c = 2TPc

2TPc+FPc+FNc
, then average them to

obtain P = 1
C

∑
c Pc, R = 1

C

∑
c Rc and F1 = 1

C

∑
c F1,c. All scores are reported

in percentage.

5 Results

Table 2: Comparison across datasets. Highest values per metric are highlighted.
I: Image, S: Stroke, D: Dual
Architecture Mode Acc. (%) Precision (%) Recall (%) F1 (%)

IAM Dataset [27]

HTR-VT [24] I 95.3 94.9 94.7 94.8
HAT I 91.5 90.8 88.0 89.4

LSTM [13] S 90.7 89.3 90.0 88.6
HAT S 89.5 90.2 85.0 87.5

OLHTR [37] D 95.3 95.1 94.6 93.8
HAT D 96.4 94.0 92.5 93.7

VNOn-DB Dataset [30]

CNN-LSTM [21] I 95.3 95.0 94.2 94.6
HAT I 92.6 91.5 90.7 91.1

HAT S 72.1 71.0 68.5 69.7

HAT D 95.8 95.5 95.0 95.2

ISI-Air Dataset [33]

HAT I 99.5 98.7 99.1 98.4

HAT S 98.1 97.3 97.4 98.0

RNN-LSTM [33] D 98.7 98.6 98.5 98.6
HAT D 99.8 99.5 98.2 98.7
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HTR-VT : l
LSTM : l

OLHTR : l
Ours : d

HTR-VT : 5
LSTM : S

OLHTR : 5
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CNN-LSTM : ể
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B

A

Fig. 6: Qualitative results (A): IAM-OnDB, (B): Vn-OnDB. Red denotes incor-
rect recognition, our methods show correctly recognized class in green for all
cases shown here.

Table 2 displays the performance of comparable models in literature against
our proposed recognizer. For the IAMOn-DB dataset, we note a mean 1.5%
improvement in acurracy across all modes (image-only, stroke-only and dual
input). OLHTR [37] exceeds for dual input marginally (< 1%) in precision,
recall and F-1 score. We observe an interesting 3.8% gain in accuracy for image-
only mode, highlighting the robustness and utility of our framework even when
both inputs are not available.

For VNOn-DB and we provide their first dual-input benchmarking results.
For VNOn-DB, we note an accuracy of 95.8% for dual input, as opposed to 72.1%
on stroke-only mode. This further reinforces our claim, because although we
assume the per-character stroke richness and vocabulary size (145) of the dataset
would be much higher than IAMOn-DB, simply relying on stroke information
leads to confusion in predictions. Combining image inputs and correlating offline
characteristics with the strokes leads to robust identification.

We notice a similar trend in accuracy for the ISI-Air dataset, with our
dual-input model achieving a 1.7% increase from stroke-only input mode, and
an overall 1.1% increase compared to the traditional RNN-LSTM architecture
previously reported in literature [33].

We display some qualitative recognition results in Figure 6. It is interesting
to note that even though character isolation removes the context of the word it
is taken from, our model provides correct results for slightly varying characters
even when other paradigms fail.

5.1 Ablations

We provide insights into various settings of feature extraction by swapping out
the patch encoder backbone shown in Table 3. Swin-B 224 [26] displays the best
accuracy when used in training; by using frozen weights, the accuracy drops
notably by 10%. At its lightest setting (ResNet-18) [15] we get an accuracy of
79.13% highlighting the impact of our chosen Swin-B [26] backbone. Training
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Table 4: Comparison of convergence with other
models on IAMOn-DB [27]

Models Acc. (%) #Params (M) Conv. Epochs

LSTM [13] 90.07 – 150
HAT (Strokes) 89.50 4.3 46

HTR-VT [24] 95.30 53.5 1 165
HAT (Images) 91.50 88.6 4

OLHTR [37] 95.30 – –
HAT (Fusion) 96.42 94.4 3

“#Params” denotes total model parameters; “–” =
not reported in the paper.

We benchmark the proposed
HAT variants against represen-
tative on-line/off-line recognis-
ers. We observe LSTM and
recent transformer-based sys-
tems require hundreds to thou-
sands of epochs. In contrast,
the efficient-fusion HAT con-
verges in just three epochs
while retaining competitive ac-
curacy (see Table 4).

cost is considerably alleviated since our model converges at the 4th epoch itself
for the chosen setting.

Table 3: Ablation study with different image feature extractors.
Feature Extractor Status Acc. (%) #Params (M) Conv. Epochs

ResNet-18[15] � 79.13 – 15th
ResNet-18[15] \ 82.95 25.04 8th
ResNet-34[15] � 76.31 – 16th
ResNet-34[15] \ 80.23 35.14 9th
ViT (Base)[9] � 82.42 – 9th
ViT (Base)[9] \ 86.14 93.47 4th
Swin-B 224[26] � 82.33 – 22nd
Swin-B 224[26] \ 92.42 94.48 4th

All results are measured on the IAMOn-DB for dual inputs. #Params refers to the
parameters of the complete model, including both the stroke and the image branch.

� denotes frozen and \ denotes trainable parameters

6 Discussion

Limitations. The current system recognises isolated glyphs, assumes pre-segmented
inputs, and depends on a training visual backbone of 90 M parameters. Perfor-
mance has not been audited across writer demographics or fine-grained stroke
disorders, and segmentation errors in IAM0n-DB and VNOn-DB introduce small
but uncorrected label noise. We also notice some failure cases for our model in
Figure 7.
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We benchmark two fusion strategies for
our HAT architecture on IAMOn-DB.
Early and mid-level fusions are con-
trasted with the transformer-based OL-
HTR baseline. Numerical results are
summarised in Table 5.

Table 5: Fusion-level comparison of our
models on IAMOn-DB [27].

Model Variant Fusion Acc. (%)

HAT Early 96.40
HAT Middle 92.10
OLHTR [37] Late 95.30

“Acc.” = accuracy.

Table 6: Robustness of the dual-trained
model to modality dropout (IAMOn-
DB). ∆ is the absolute accuracy drop
relative to the full-input baseline.

Train → Test Acc. (%) ∆ (%)

Dual → Dual 92.4 0.0

Dual → Image-only 88.1 −4.3
Dual → Stroke-only 85.7 −6.7

We train a single model with dual
modalities and then evaluate it un-
der three conditions: (i) the full input,
(ii) image stream only and (iii) stroke
stream only . The network gracefully
degrades when a modality is absent
at test time. A modest drop of 4–7%
shows the model remains fairly robust
to real-world sensor failure.

Ours : 0
Ground Truth : O

Ours : f
Ground Truth : y

Fig. 7: Failure cases for our model.

Future Work. Future work lies in curation of a large level multilingual word
level and line level dataset to extend the usage of this framework to real appli-
cations. There is also potential in providing for manually segmented character
information that might help in better benchmarking results.

Ethical Considerations. Pen trajectories may act as a biometric, enabling
unintended writer-identification. Some security concerns might stem from learned
correlations between motor patterns through stroke and subsequent formed char-
acter images, which warrants careful auditing of software that uses this frame-
work.
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7 Conclusion

We propose HATCharClassifier, a novel framework that utilises early fusion
utilising online and offline input modalities for handwritten text recognition.
Our method displays the utility of capturing the correlation between the two
modalities using cross-modal querying, leading to more robust recognition across
multiple datasets as discussed above. Our approach opens a new direction in this
field, motivating future work for word-level and line-level air-writing dataset
collection and benchmarking. We notice some limitations such as minor sparse
inconsistencies in character stroke segmentation used in preprocessing for the
IAMOn-DB and VNOn-DB datasets from word-level, and heavier parameter
and floating-point operations (FLOPs) than other existent methods using dual
input. We believe this leaves potential for further improvement in future work.
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