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Abstract. Handwriting produced by young school-aged children often
exhibits poor letter formation, inconsistent spacing, spelling errors, mir-
rored letters, and other child-specific writing behaviors that differ sub-
stantially from clean adult handwriting used to train most handwriting
recognition systems. Effective child handwriting recognition, therefore,
requires faithful transcription of the actual text written by the child,
without linguistic normalization or autocorrection. Such fidelity is criti-
cal for assessing educational difficulties and identifying risk factors asso-
ciated with specific learning difficulties. However, existing handwriting
recognition models often impose strong language models or lack robust-
ness to variations in letter formation in children’s handwriting. Moreover,
many transformer-based approaches are computationally too expensive
for practical deployment in classrooms or other resource-constrained set-
tings. We present ScribbleFormer, a lightweight hybrid handwriting recog-
nition model designed for faithful transcription of child handwriting
without linguistic normalization. ScribbleFormer combines a convolu-
tional backbone, a bi-directional LSTM, a compact Transformer encoder,
and a CTC-based transcription head to capture local stroke-level details
and long-range contextual cues while preserving all child-specific writ-
ing behaviors. Experiments using IAM for source-domain pretraining
and a child handwriting dataset for target-task evaluation show that the
proposed design provides strong transcription fidelity and a favorable
accuracy-efficiency trade-off for child handwriting recognition. These re-
sults make ScribbleFormer well suited for real-world educational appli-
cations that require faithful handwriting transcription.

Keywords: Child Handwriting · Contextual OCR · Educational Assess-
ment · Handwritten Text Recognition · Learning Differences.
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1 Introduction

Handwriting is a complex developmental skill that emerges through the interac-
tion of motor control, perceptual processing, and growing orthographic knowl-
edge [5]. During the early elementary school years, children’s handwritten text
often exhibits substantial visual and linguistic variability, including poor letter
formation, inconsistent spacing, nonstandard capitalization, phonetic spellings,
mirrored letters, or other child-specific writing behaviors. These irregularities ap-
pear across a wide range of developmental contexts, including the early stages of
literacy acquisition, and can be indicators of specific learning disabilities (SLDs)
such as dyslexia and dysgraphia [3]. Although such characteristics are meaning-
ful indicators of a child’s writing process, they pose significant challenges for
automatic handwriting transcription systems that are typically designed and
evaluated on clean and well-formed adult handwriting.

A key requirement in child handwriting recognition is faithful transcription of
the text exactly as written by the child, including spelling errors, mirrored letters,
morphological deviations, and other non-standard writing behaviors that may be
informative for educational analysis. However, existing handwriting recognition
systems often struggle in this setting: models trained on adult handwriting do
not generalize well to children’s irregular letter forms, while models with strong
language-modeling components tend to normalize or autocorrect unconventional
sequences, thereby losing important characteristics of the original writing (Fig.
1).

These limitations reflect deeper architectural mismatches between existing
handwritten text recognition (HTR) systems and the properties of child hand-
writing. Furthermore, many state-of-the-art transformer models require substan-
tial computational resources during both training and inference. In practical
settings such as classrooms, clinics, and other resource-constrained educational
environments, deploying such heavy models that are computationally expensive
in terms of memory and time is challenging and underscores the need for recog-
nition systems that balance robustness, accuracy, and efficiency.

To address these challenges, we introduce ScribbleFormer, a lightweight con-
textual handwriting recognition model that is computationally efficient in mem-
ory and time. ScirbbleFormer is designed to capture the irregular and highly
variable structure of children’s handwriting. It integrates a convolutional back-
bone, a bidirectional LSTM, and a compact Transformer encoder to capture
fine-grained stroke-level cues and long-range contextual dependencies. By re-
taining a CTC-based transcription head rather than a sequence decoder with
strong linguistic constraints, the model preserves the actual written text of the
child, including spelling errors and mirrored letters (Fig. 1). This hybrid architec-
ture enables ScribbleFormer to achieve a favorable balance between robustness,
fidelity, and computational efficiency compared to other baseline models.

We evaluate ScribbleFormer using IAM for source-domain pretraining and
a private child handwriting dataset collected from Grades K–5 for target-task
evaluation. Across these experiments, ScribbleFormer shows strong transcription
fidelity together with computational efficiency, making it suitable for child hand-
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Fig. 1: Overview of the limitations of existing conventional OCR and LLM-based
systems on child handwriting and the motivation for ScribbleFormer.

writing recognition in real-world educational settings. The key contributions of
this work are as follows:

1. A problem formulation and experimental study focused on faithful, behavior-
preserving transcription of child handwriting without linguistic normaliza-
tion.

2. A practical architectural design to balance local visual modeling, contex-
tual reasoning, transcription fidelity, and computational efficiency for child
handwriting.

3. A comprehensive evaluation on child handwriting that analyzes recognition
fidelity and efficiency under the constraints of educational use.

2 Related Works

Handwritten text recognition (HTR) has been explored through a variety of
architectural paradigms, ranging from sequence-based models to transformer-
driven and hybrid designs. We organize prior work into three areas most relevant
to this study: (1) sequence-based HTR models, (2) transformer and hybrid OCR
architectures, and (3) studies focusing on children’s handwriting.
Sequence-Based Handwriting Recognition: CNN–RNN pipelines remain
one of the most widely adopted approaches to offline HTR. Architectures that
combine convolutional feature extractors with bidirectional LSTMs and CTC
decoding [7, 15] have been shown to achieve strong performance on adult hand-
writing benchmarks. Extensions incorporating multidimensional LSTMs or at-
tention mechanisms [9, 13] further enhance the sequence modeling component.
These architectures remain popular due to their alignment-free training and
effectiveness on well-structured adult handwriting. Recent studies also explore
deeper recurrent stacks and improved feature normalization strategies, reflect-
ing continued interest in strengthening temporal modeling within CTC-based
frameworks [4]. However, most sequence-based HTR systems are developed and
evaluated on well-structured adult handwriting, where character boundaries and
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letter shapes are comparatively stable. To the best of our knowledge, there are
no existing HTR systems that have used children’s handwriting during training.
Transformer and Hybrid OCR Architectures: Transformer-based models
have recently advanced the state of the art in scene text recognition (STR) and
HTR by leveraging global self-attention and richer contextual representations
[10, 14, 6]. Encoder–decoder architectures enable flexible modeling of long-range
dependencies, while hybrid CNN–Transformer designs [11, 2, 18] aim to balance
local spatial encoding with contextual reasoning. Despite these advances, many
transformer-based OCR models remain computationally heavy, leaving a gap to
be addressed for lightweight contextual architectures suitable for practical hand-
writing recognition. Again, these models lack training on children’s handwriting.
Child Handwriting and Learning Disabilities: Handwriting has long been
studied as an observable marker of cognitive and motor development, partic-
ularly in research on learning disabilities such as dyslexia and dysgraphia [3].
While most computational research focuses on classifying handwriting to detect
learning disabilities, relying solely on this metric can lead to misdiagnosis or inac-
curate labeling. Instead of serving as a conclusive diagnosis, handwriting should
be viewed as important evidence that supports and is considered alongside other
information when identifying a potential disability [17]. Handwriting transcrip-
tion models that can faithfully preserve non-standard spelling and character
forms remain largely underexplored. Recent studies have begun investigating
OCR-centered approaches for children’s handwriting [16, 17]. However, existing
recognition systems often tend to enforce linguistic correctness over transcrip-
tion fidelity due to the intrinsic use of language models in many HTR systems or
use data for training that does not include characteristics of children’s writing,
limiting their ability to preserve spelling errors, mirrored characters, and other
child-specific writing behaviors that are critical for educational analysis.

3 Problem Discussion

Child handwriting presents a unique set of challenges because children are still
acquiring the necessary motor, perceptual, and linguistic competencies for con-
sistent written text production. As a result, characters produced during this
developmental phase can be poorly formed, with character boundaries often am-
biguous due to irregular spacing, inconsistent stroke formation, and large intra-
class variation in letter shapes. Conventional HTR models, trained primarily on
stable adult handwriting, assume a predictable correspondence between discrete
labels and visual shapes, which makes them struggle with aligning these unstable
patterns seen in children’s handwriting. Furthermore, modern OCR systems and
foundation models integrate strong language-modeling components to produce
fluent output, but this strength becomes a liability when transcribing children’s
handwriting. These models frequently infer missing words, adjust capitalization,
or normalize phonetic spellings, resulting in transcriptions that deviate sharply
from the actual written input by correcting non-standard language behaviors.
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Fig. 2: Comparison of conventional OCR and LLM-based HTR models on a
child handwriting sample. Colored highlights indicate normalization and error
behaviors: green denotes mirrored-letter correction, blue indicates misrecognition
due to poor letter formation, and red denotes spelling-error correction.

These limitations are evident in the qualitative behavior of existing OCR
systems on child handwriting. Fig. 2 illustrates a representative failure case in
which conventional OCR and LLM-based models systematically normalize or
correct child handwriting. In particular, models with strong language models
exhibit large variance, suggesting linguistically “correct” alternatives to spelling
errors and mirrored letters. Beyond accuracy, many transformer-based archi-
tectures further exacerbate the problem by imposing high computational costs,
making them impractical for deployment in educational or low-resource settings.
Together, these observations highlight the need for a task-driven architectural
choice rather than a claim of architectural novelty. The recognition pipeline
should tolerate visual ambiguity, minimize reliance on linguistic normalization,
and maintain computational efficiency—requirements that directly motivate the
design of ScribbleFormer.

4 Methodology

We present ScribbleFormer, a practical hybrid recognition architecture for faith-
ful transcription of child handwriting. As illustrated in Fig. 3, the model com-
bines CNN feature extraction, BiLSTM sequence modeling, Transformer-based
contextual reasoning, and CTC decoding to address visual variability, reduce
linguistic normalization, and maintain computational efficiency.

4.1 Convolutional Backbone and Sequence Embedding

Given an input grayscale handwritten line image I ∈ RH×W , the model first
processes it through a lightweight VGG-style convolutional backbone designed
to extract local stroke patterns while reducing spatial resolution, with spatial
downsampling by a factor of 4 along both dimensions. The backbone consists of
four convolutional layers with two max-pooling operations, producing a feature
map F .

F ∈ R256×H′×W ′
, H ′ = H/4, W ′ = W/4,

where H ′ and W ′ are the downsampled height and width, respectively, and
the 256 channels encode local visual features. To convert this 2D feature repre-
sentation into a 1D sequence suitable for recurrent and Transformer processing,



6 S. Suresh et al.

Fig. 3: Architectural diagram of ScribbleFormer

the horizontal axis W ′ is interpreted as the temporal dimension. For each column
t, the channel and height dimensions of F are flattened into a single vector:

Xt = Flatten(F [:, :, t]) ∈ R256·H′
, t = 1, . . . ,W ′.

Each vector Xt encodes local stroke and shape information at position t.
A linear projection then maps these vectors into a fixed-dimensional embed-

ding space aligned with the downstream BiLSTM and Transformer encoders:

Et = WembXt + bemb ∈ R256.

where Wemb ∈ R256×(256H′) and bemb ∈ R256 denote the learnable embedding
weight matrix and bias vector, respectively. This produces a sequence of embed-
dings {Et}W

′

t=1 that preserves the left-to-right structure of the handwriting and
serves as the input to the BiLSTM sequence encoder.

4.2 BiLSTM Sequence Encoder

The embedded feature sequence {Et}W
′

t=1 is then passed through a bidirectional
LSTM (BiLSTM) to model local and mid-range temporal dependencies along
the handwriting line. Formally, at each time step t, the BiLSTM produces a
hidden representation

Ht = BiLSTM(Et), t = 1, . . . ,W ′.

where Ht ∈ Rd denotes the concatenated forward and backward hidden states.
This recurrent encoding stabilizes the sequential representation by integrating
short-range contextual information before global context modeling.
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To ensure compatibility with the subsequent Transformer encoder, the BiL-
STM outputs are linearly projected into a fixed-dimensional feature space:

Zt = WprojHt + bproj ∈ R256.

yielding the adapted sequence {Zt}W
′

t=1 used for contextual self-attention.

4.3 Transformer Encoder (TE) and Contextual Modeling

While the BiLSTM captures local and mid-range dependencies along the hand-
writing sequence, it remains limited in modeling long-range contextual relation-
ships across an entire text line and in disambiguating visually similar letters
based on the surrounding characters. To address this, ScribbleFormer employs a
multi-layer Transformer encoder (TE) that enables global information exchange
between all temporal positions.

Before entering the Transformer, we add positional encodings to the BiLSTM
outputs {Zt}W

′

t=1, to preserve sequential order information:

Ẑt = Zt + PEt,

where PEt denotes a fixed sinusoidal positional encoding. The resulting sequence
is then processed by a stack of Transformer encoder layers:

Ut = TE(Ẑt), t = 1, . . . ,W ′.

The output representations {Ut} integrate both local stroke information and
long-range contextual structure, forming a robust basis for subsequent character
prediction.

4.4 Character Vocabulary and CTC Transcription

The context-aware representations {Ut} produced by the Transformer encoder
provide a temporally aligned sequence of character-level features. These features
are converted into an actual-text transcription using (i) an extended character
vocabulary and (ii) a CTC-based transcription strategy.
Extended Character Vocabulary: Child handwriting often exhibits non-
canonical character forms, including left–right and top–bottom mirrored letters
and their combinations, which are commonly normalized or misrecognized by
conventional OCR vocabularies. To preserve these writing behaviors, Scribble-
Former employs an extended character-level vocabulary that augments standard
alphanumeric and punctuation symbols with dedicated tokens representing mir-
rored counterparts, following the encoding strategy introduced in E-TrOCR [16].
Each mirrored form is treated as a distinct symbol rather than mapped to its
visually similar canonical counterpart. For example, a base character such as ‘a’
is represented as (ã) for the left–right mirrored form, (â) for the top–bottom
mirrored form, and (ä) for the combined mirrored form. This explicit represen-
tation enables the model to distinguish visually similar but semantically distinct
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forms and ensures transcription fidelity to the original spelling, capitalization,
and letter-formation patterns in the child’s handwriting.
CTC Transcription: Transformer outputs {Ut} are mapped to frame-wise
character logits over the character vocabulary through a linear classifier {Ot}

Ot = wcUt + bc ∈ RC ,

where C denotes the size of the extended character vocabulary and wc, bc are
learnable parameters. The logits are converted to log-probabilities and optimized
using Connectionist Temporal Classification (CTC) loss:

LCTC = CTC
(
logP1:T , y

)
,

where logP1:T represents the frame-wise log-probabilities and y is the ground-
truth character sequence. CTC enables alignment-free training between variable-
length input sequences and target transcriptions while preserving temporal or-
der. During training, CTC loss serves as the sole optimization objective, while
recognition accuracy is evaluated separately using CER and WER metrics.

At inference time, the actual-text prediction is obtained using greedy CTC
decoding, which merges consecutive identical predictions corresponding to the
same character instance and removes blank labels, while preserving genuine re-
peated characters present in the handwriting. Because decoding operates directly
over the extended character set, the output retains child-specific spelling irreg-
ularities and mirrored letter forms without imposing linguistic normalization.

5 Experimental Setup

We conducted a comprehensive set of experiments to assess the effectiveness,
robustness, and generalization ability of the proposed ScribbleFormer model for
actual child handwriting recognition. Our evaluation examines (i) the model’s
ability to generalize from adult handwriting to child handwriting, (ii) its ability
to preserve exact spellings and writing patterns produced by children, and (iii) its
performance relative to classical, sequence-based, and transformer-based OCR
architectures. All experiments were conducted on a high-performance computing
server equipped with a 1× NVIDIA A100 GPU (80 GB), running CUDA 12.2.
The model was implemented in PyTorch.

5.1 Datasets

IAM Handwriting Dataset (Source-Domain Pretraining Only): The
IAM dataset serves as the pretraining corpus for all models. It contains over
13,000 line-level English handwriting samples written by 657 adult writers, col-
lected under controlled conditions. The dataset primarily consists of clean, well-
formed adult handwriting with consistent spacing and minimal spelling varia-
tions. We use the standard train/validation/test split.
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Child Handwriting Dataset (Target Task and Main Evaluation): Our
private corpus1 consists of 500 handwriting samples collected from elementary
school students in Grades K–5 using an e-ink tablet [17]. These samples were seg-
mented into 2,437 line-level instances, which were split in a writer-independent
manner into 70% training, 10% validation, and 20% testing sets. In contrast
to IAM, this dataset exhibits substantial visual and linguistic variability: in-
complete strokes, mirrored letters, inconsistent spacing, phonetic spellings, non-
standard capitalization, and developmental errors typical of early writers. All
samples are manually transcribed, preserving the exact text written by the child
(verified with the child during data collection), without correction or normaliza-
tion, ensuring that the evaluation measures how accurately models can reproduce
authentic child writing. The target task of this paper is child handwriting recog-
nition; IAM is used only to initialize models before adaptation and is not the
primary basis for the paper’s claims.

5.2 Baseline Models

We compare ScribbleFormer against representative baselines from three model
families: classical recurrent HTR models, sequence-based scene text recogniz-
ers, and transformer-based OCR architectures. The classical baselines include
RNN+CTC and CRNN [8, 19]; the scene-text models include ASTER, MAS-
TER, and SRN [20, 12, 21]; and the transformer-based OCR models include
ViTSTR, TrOCR, and E-TrOCR [1, 10, 16]. All baselines were trained using offi-
cial implementations under identical preprocessing and training settings. These
comparisons are intended to contextualize ScribbleFormer across representative
model families and to examine how different design choices behave under child-
handwriting conditions.

5.3 Training Strategy

We adopt a two-stage optimization pipeline. All baselines without publicly re-
leased pretrained checkpoints (RNN+CTC, CRNN, ASTER, MASTER, SRN,
ViTSTR, E-TrOCR, and the proposed ScribbleFormer) are first trained from
scratch on the IAM dataset and then fine-tuned on the child handwriting dataset.
TrOCR is initialized from the publicly released trocr-base checkpoint, which
is already pre-trained on large-scale printed and handwritten corpora; therefore,
we only fine-tune it on the child handwriting data and do not perform additional
pretraining on IAM.
Stage 1: Pretraining on IAM. ScribbleFormer and all trainable baselines are
optimized for 100 epochs with a batch size of 32 using the AdamW optimizer
with a learning rate of 3× 10−4, weight decay of 1× 10−4, and gradient clipping
at 1.0. CTC loss is used for all CTC-based architectures, and the checkpoint
1 The data in this dataset was collected under a protocol approved by the Institutional

Review Board (IRB) at the University of Nevada, Reno. We are exploring options
to release a de-identified version of the corpus publicly.



10 S. Suresh et al.

with the lowest validation Character Error Rate (CER) on IAM is retained as
the initialization for the second stage.
Stage 2: Fine-tuning on Child Handwriting. The best IAM checkpoint
is then loaded, and the full network is unfrozen for end-to-end fine-tuning on
the child handwriting dataset. Fine-tuning is performed for 100 epochs with a
batch size of 32 using the AdamW optimizer, but with a reduced learning rate
of 1 × 10−4 while keeping the weight decay and gradient clipping unchanged.
The model with the lowest validation CER on the child validation set is used for
final testing in the experiments.

5.4 Evaluation Metrics

We evaluate ScribbleFormer along two dimensions: transcription quality and
computational efficiency. Transcription quality is measured using Character Er-
ror Rate (CER) and Word Error Rate (WER), where lower values indicate better
recognition performance. For efficiency, we report parameter count, epoch time,
training throughput, peak GPU memory during training & inference, and infer-
ence latency.

6 Results and Discussions

6.1 Quantitative Results

Pretraining Performance on IAM: Table 1 reports the validation and test
performance of all models on the IAM dataset. Models originally developed
for scene text recognition exhibit notably lower accuracy, suggesting that their
spatial rectification and word-level attention mechanisms do not transfer effec-
tively to line-level handwriting. Classical baselines (RNN+CTC, CRNN) offer
more stable transcription performance, with CRNN outperforming other non-
transformer models. Transformer-based architectures further reduce both CER
and WER, benefiting from their stronger sequence modeling capacity. Since we
initialize TrOCR from the publicly released trocr-base checkpoint, which is
already pretrained on large-scale handwriting corpora, it does not undergo IAM
pretraining in our pipeline. The extended E-TrOCR model, which is specifi-
cally adapted for child handwriting, performs competitively on the IAM dataset.
However, ScribbleFormer provides competitive source-domain pretraining perfor-
mance, indicating that the architecture can learn stable line-level handwriting
representations before adaptation to child handwriting.
Fine-tuning Performance on Child Handwriting: Table 1 summarizes
model performance after domain-specific fine-tuning on the child handwriting
dataset. While RNN+CTC and CRNN adapt reasonably well to this domain
shift, scene-text models continue to lag behind, indicating that the distortions
present in child handwriting differ fundamentally from geometric irregularities
commonly addressed in scene-text recognition. Transformer-based models ex-
hibit stronger robustness, and E-TrOCR in particular benefits from its extended
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Table 1: Recognition results for pretraining on IAM and target-task evaluation
on the child handwriting dataset.

Model
IAM Dataset Child Handwriting Dataset

Validation Test Validation Test
CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓

Classical recurrent NN baselines
RNN+CTC 20.35 50.54 12.27 39.52 13.56 41.24 13.51 39.31

CRNN 12.74 40.51 9.27 33.09 13.10 41.31 13.21 40.95
Sequence-based scene text recognizers

ASTER 73.59 97.80 61.84 81.40 62.18 85.25 56.50 80.23
MASTER 57.98 83.74 44.84 67.25 45.86 71.00 40.68 68.39

SRN 57.44 81.38 45.25 66.21 46.68 71.54 41.54 66.03
Transformer-driven OCR models

ViTSTR 29.16 66.14 21.96 57.45 19.30 51.35 18.37 50.33
TrOCR – – – – 17.34 41.20 14.88 36.95

E-TrOCR 18.27 46.41 10.97 35.62 14.06 40.97 13.90 40.12
ScribbleFormer 10.17 34.22 7.60 28.57 10.92 35.89 10.87 35.25

(a) (b)

Fig. 4: Box-plot comparison of recognition errors on the child handwriting test
set across all baseline models. (a) Distribution of CER, (b) Distribution of WER

token representations and prior specialization toward child handwriting, achiev-
ing comparatively low CER and WER among the baselines. ScribbleFormer pro-
vides the strongest overall balance among the compared models, combining lower
recognition error with behavior-preserving transcription and moderate compu-
tational cost. These results support the use of the proposed hybrid design as a
practical architecture choice for child handwriting recognition. Fig. 4 illustrates
the distribution of recognition errors across all child handwriting test samples,
highlighting how different models vary in robustness under diverse writing con-
ditions.
Computational Efficiency: Table 2 presents a detailed comparison of com-
putational efficiency in terms of memory and time on the child handwriting
dataset. Large encoder-decoder transformer architectures, such as TrOCR and
E-TrOCR, incur substantial overhead in terms of parameter count, training
memory, and inference latency. This makes them computationally expensive
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Table 2: Computational efficiency comparison across models on the child hand-
writing dataset.

Model Params Epoch Throughput Peak GPU Mem (GB) Latency
(M) time (s) (img/s) Train Infer (ms/line)

Classical recurrent NN baselines
RNN+CTC 1.222 2.230 874.160 1.270 0.596 3.437

CRNN 2.267 3.886 501.567 4.925 1.394 3.768
Sequence-based scene text recognizers

ASTER 15.074 2.642 737.599 0.566 0.336 3.393
SRN 15.666 2.687 725.270 0.596 0.341 3.406

MASTER 17.245 2.716 717.642 0.650 0.349 13.385
Transformer-driven OCR models

ViTSTR 4.767 0.912 2137.608 0.451 0.140 2.944
TrOCR 333.920 55.576 35.069 17.078 5.780 39.550

E-TrOCR 87.160 42.448 45.914 11.910 2.388 11.376
ScribbleFormer 4.470 4.695 415.091 4.970 1.440 3.680

and potentially impractical for real-time or resource-constrained deployments.
In contrast, lightweight models based on recurrent neural networks (RNN) or
smaller Vision Transformers (ViT) achieve excellent throughput and low memory
consumption. However, they consistently fail to achieve competitive recognition
accuracy on challenging child handwriting.

The ScribbleFormer architecture preserves a favorable balance between ac-
curacy and efficiency. It maintains a compact parameter size with moderate
memory usage during both training and inference, while achieving inference la-
tency comparable to classical recurrent baseline models. At the same time, Scrib-
bleFormer delivers higher recognition accuracy than lightweight baselines while
maintaining substantially lower computational overhead than large-scale trans-
former architectures. The importance of these efficiency results is not only lower
computational cost, but also the feasibility of deploying behavior-preserving
child-handwriting recognition in educational or assistive settings where model
size, memory use, and latency matter.

Ablation Study: To assess the contribution of the sequential modeling com-
ponents in ScribbleFormer, we compare four architectural variants: CNN+CTC,
CNN+BiLSTM+CTC, CNN+Transformer Encoder+CTC, and the full Scrib-
bleFormer (CNN+BiLSTM+Transformer Encoder+CTC). As shown in Table 3,
CNN+CTC alone performs poorly, indicating that local visual features are in-
sufficient for robust handwriting transcription. Adding either BiLSTM or Trans-
former based contextual modeling leads to substantial improvements. The full
model achieves the lowest CER and WER on both IAM and the child hand-
writing dataset, showing that combining local sequential modeling with global
contextual reasoning yields the most effective design.
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Table 3: Component-Wise Ablation of ScribbleFormer on IAM and Child Hand-
writing

Architecture
IAM Dataset Child Handwriting Dataset

Validation Test Validation Test
CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓

CNN+CTC 33.76 84.4 28.98 80.57 28.98 81.17 27.45 71.77
CNN+BiLSTM+CTC 13.34 41.68 9.40 33.60 13.14 41.36 13.00 41.30

CNN+TE+CTC 14.88 49.42 10.96 39.54 11.35 38.73 11.84 38.81
ScribbleFormer 10.17 34.22 7.60 28.57 10.92 35.89 10.87 35.25

Fig. 5: Qualitative comparison on three child handwriting samples. Scribble-
Former best preserves the actual written text.

6.2 Qualitative Results

Fig. 5 presents predictions from all models on three representative child hand-
writing samples. The first example contains homophonic variants of spellings
(e.g., “RoKite”) and inconsistent stroke formation; many baselines attempt lex-
ical correction and drift away from the written form, whereas E-TrOCR and
ScribbleFormer most faithfully reproduce the written text by the child. The
second and third examples exhibit poor letter formation and ambiguous charac-
ter boundaries. Scene-text and transformer-based models drift semantically or
produce partially incoherent outputs. In contrast, ScribbleFormer consistently
maintains the written structure and character-level fidelity across all samples,
producing the most stable transcription among the evaluated models.

Overall, the qualitative results reinforce the quantitative findings: while most
baselines struggle with faithful transcription of the child’s handwriting, Scrib-
bleFormer and E-TrOCR better replicate the actual text written by children.
Most importantly, ScribbleFormer achieves this fidelity with substantially lower
computational cost than E-TrOCR, making it suitable for real-time applications.
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7 Conclusion

Handwriting produced by young school-aged children exhibits a wide range of
child-specific writing behaviors that pose significant challenges for handwrit-
ing recognition models. Recognizing such handwriting requires models that can
handle visual and linguistic irregularities to faithfully preserve critical charac-
teristics in a child’s writing. This work studies child handwriting recognition as
a behavior-preserving transcription problem rather than a standard language-
normalized HTR task. Within this setting, ScribbleFormer serves as a practi-
cal hybrid architecture that combines a CNN backbone, a bidirectional LSTM
encoder, a compact Transformer, and CTC decoding to preserve child-specific
writing behaviors while remaining computationally efficient. This design en-
ables effective modeling of both local stroke-level details and long-range visual
context without the influence of strong linguistic normalization. Experimental
evaluations using IAM for source-domain pretraining and the child handwrit-
ing dataset for target-task evaluation show that ScribbleFormer provides strong
transcription fidelity and competitive recognition performance compared to re-
current, scene-text, and transformer-based baselines. In addition, ScribbleFormer
exhibits a favorable balance between accuracy and computational efficiency, with
substantially lower model complexity and inference cost than large transformer-
based approaches. These results indicate that ScribbleFormer is well-suited for
real-world educational settings, where computational resources are limited and
preserving child-specific writing behaviors is essential. Future work will focus on
improving robustness and extending the framework toward broader educational
analytics applications.
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