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A. Introduction

In this supplementary material, we provide more details
about Latent Diffusion Models in Sec. B. In Sec. C, we con-
duct user studies comparing SOTA methods to evaluate vi-
sual and style imitation quality. Sec. D provides detailed in-
formation about our ViHTGen dataset. We also present the
implementation details more clearly in Sec. E. We provide
more detail about our evaluation metrics in Sec. F. Next,
we show the experimental results on the IIIT-English-Word
dataset in Sec. G. Sec. H shows more results between our
method and other SOTA methods on multi-language gener-
alization. In Sec. I, we conduct an experiment to evaluate
the effectiveness of our method on improving handwritten
text recognition performance. We also perform an ablation
study on the impact of codebook embedding length on the
performance of our model in Sec. J. We provide more detail
about the efficiency aspect, including our training cost and
inference time, in Sec. K. A discussion about limitations
and future work is presented in Sec. L. Finally, we provide
more qualitative results of our model on multiple datasets.

B. More Details about LDMs

Diffusion models (DMs) represent a significant advance
in generative modeling, often surpassing GANs in various
tasks. Starting with DDPM [9], which uses iterative de-
noising to generate samples, numerous improvements have
enhanced quality and control [3, 19, 21]. Techniques like
classifier-free guidance (CFG) [8] and multimodal condi-
tioning as seen in GLIDE [13] have further boosted perfor-
mance, especially in text-to-image generation.
Our diffusion model for handwritten generation is inspired
by LDMs [19], which enables the sampling process to oc-
cur in the latent space by using a pretrained VAE to com-
press handwritten image X to a 4-D latent space represen-
tation z ∈ R4×W/8×H/8. Similar to DDPM [9], the for-
ward process considered a Markov chain of length T con-

sists of gradually adding Gaussian noise to the clean la-
tent representation z0 ∼ q (z0) until it becomes pure noise
p (zT ) = N (zT ;0, I), with each step defined by a transi-
tion probability q(zt|zt−1).
The reverse process aims to learn to undo this noise addi-
tion, generating a sample from pure noise by training a Unet
model [20] ϵθ (zt, t,C,Xs) to predict the added noise us-
ing a mean-squared error loss:

Ldenoising = Et∼[1,T ],z0∼q(z0),ϵ∼N (0,I)

[
∥ϵ− ϵθ (zt, t,C,Xs)∥2

]
(1)

C. User Studies
We perform user studies, including a User Preference Study
and User Plausibility Study to better evaluate our meth-
ods compared to the others, including One-DM [2], Hi-
GAN+ [6], HWT [1], VATr [17], HiGAN [5], using Type-
Form 1 survey platform.

C.1. User Preference Study
We perform sampling a list of 30 text contents using an
OOV corpus from IAM [11] dataset and generating 30 im-
ages for each method. The test was conducted on 28 partic-
ipants and received a total of 840 responses. Each partici-
pant was asked to choose which image in the given list was
the most similar to the real image. As shown in Fig. 1, our
method receives the most responses from all participants,
with more than 40.6% responses.

C.2. User Plausibility Study
We perform experiment to study whether our method’s gen-
erated images are indistinguishable from real images. For
each question, we ask participants to identify 3 real images
in total of 6 images by first showing them 6 examples of real
images from the same writers. The study received a total of

1https://www.typeform.com/
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Figure 1. User preference study results

1680 responses from a total of 28 participants. The result is
shown in Fig. 2 with the accuracy of 53.8%, indicating it
is close to random classification.

Figure 2. User plausibility study results

D. ViHTGen Dataset
To mimic real-world scenarios, we constructed the ViHT-
Gen dataset, featuring diverse handwriting styles on com-
plex backgrounds. The dataset was sourced from over 300
university final exam scripts written by more than 200 in-
dividuals. We employed a rigorous semi-automatic anno-
tation pipeline to ensure high-quality labels. First, word
instance bounding boxes were automatically extracted us-
ing the Google Cloud Vision API2 and then manually ver-
ified. Subsequently, a state-of-the-art Vietnamese vision-
language model VinTernVL-1B [4] performed OCR on
each word, with all transcriptions being manually checked
and corrected to guarantee label accuracy.

2https://cloud.google.com/vision/docs

After filtering, the final dataset contains over 50,000
word-level images, which we split into a training set of
42,000 and a test set of over 8,000 images. As shown in
Fig. 4, we also performed a statistical analysis of text length
and character frequency. The resulting dataset is a challeng-
ing benchmark for HTG models, featuring a wide variety
of stroke styles and complex, noisy backgrounds, as illus-
trated in Fig. 3. Tab. 1 also shows the differences between
our dataset and the standard IAM dataset on many aspects.
To encourage reproducibility and foster future research, the
ViHTGen dataset will be made publicly available upon pub-
lication of this work.

Statistic ViHTGen (ours) IAM
Language Vietnamese English
# Writers 223 500
# Word Instances 50000+ 62857
# Unique words 4644 3332
Style Complexity
(Slant, Ink color,
Stroke width,
character shape)

High Medium

Background
complexity

High Low

Image source University Exam English Sentences

Table 1. Comparison between our ViHTGen and IAM dataset.

E. More about Implementation Details
E.1. Model Architecture Details
Our model includes three basic components: 1) a Latent
Diffusion-based model, 2) a SAQ module for style feature
extraction, and 3) a text encoder module.
• Latent Diffusion-based Models: We follow the archi-

tecture of LDMs [19], which uses a U-Net [20] model
that includes a ResNet block followed by a Spatial Trans-
former block to combine information between context
features (here, the style and textual features) and the input
features. We follow WordStylist [14] to reduce the num-
ber of ResNet blocks to reduce training time, while the
number of heads in the Transformer block is set to 4, and
the feature dimension is set to 512.

• SAQ module: Our proposed SAQ module includes three
basic parts: an Inception-V3 backbone, a codebook em-
bedding E, and an AttentionPool fusion module. We
chose Inception-V3 for its effectiveness in extracting mul-
tiscale features, as is also done in style transfer [7]. The
output dimension of Inception-V3 is 768. Since we use
a hybrid solution that combines discrete and continuous
features as described in the main paper, the output di-
mension of features F̂ in SAQ is 1536. Finally, the At-
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Figure 3. An overview of our ViHTGen dataset. a) The diversity of handwritten style between different writers. b) The complexity of our
dataset in both background and stroke shape.

(a) The distribution of text length (b) Most frequent character

Figure 4. Statistical analysis for the ViHTGen dataset. (a) The
percentage of images with different text lengths. (b) Frequency
distribution of top-10 characters in the dataset

tentionPool module, for which we were inspired by the
CLIP framework [18], is used to better fuse information
from both discrete and continuous features through a self-
attention operation. The final output dimension is pro-
jected to 512 through a linear layer before being passed
to the LDM.

• Text encoder module: The text encoder is a 3-layer
Transformer block; each block consists of an MLP block
and a self-attention block with a dimension of 512.

E.2. LLatentPCE Implementation Details
We design our LLatentPCE objective as a multi-scale con-
trastive loss that operates at three distinct scales. At each
scale, we extract up to 256 patches of sizes 2 × 2, 4 × 4,
and 8 × 8, respectively. These extracted patches are then
flattened and projected into a 256-dimensional embedding
space using a shallow MLP. The final LLatentPCE is com-
puted as the average of the contrastive losses from each of
the three scales.

F. More Details About Evaluation Metrics
F.1. OCR-based Metric
To evaluate the readability of the generated images, we fol-
low the setup from [16]. The core idea is to train an Optical

Character Recognition (OCR) model on the generated im-
ages and then test its performance on real images. A suc-
cessful HTG model should produce samples that enable the
OCR model to achieve a low Word Error Rate (WER) on
real data. We use the sequence-to-sequence OCR architec-
ture from [10]. For the evaluation, we first train the OCR
model on images generated for the IAM test set. The model
is trained for 200,000 iterations with a batch size of 128.
After training, we test the OCR model on the real IAM test
set and calculate the WER.

F.2. Writer Classification Metric

Besides evaluating readability, we also assess the style imi-
tation ability using a writer classifier model. This evaluation
strategy has been used in previous works [14, 15]. In our
work, we use a ResNet18 model pre-trained on ImageNet
as the base architecture. To train the classifier, we split the
real IAM test set into an 80/20 ratio for training and valida-
tion. The trained model is then used to evaluate the writer
classification accuracy on the generated version of IAM test
set, which serves as a measure of our HTG model’s style
imitation capability.

G. Experiments on IIIT-English-Word Dataset

We perform experiments on IIIT-English-Word dataset [12]
to compare the performance between our CONSTANT
model and One-DM [2] in terms of FID and HWD score.
The quantitative result show in Table 2 and the qualitative
result show in Fig. 5

Method HWD ↓ FID ↓
One-DM [2] 1.22 17.74

Ours 0.73 10.22

Table 2. Quantitative results on IIIT-English-Word test set.
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Figure 5. Comparisons between our method and One-DM [2] on IIIT-English-Word.

H. More Results on Multi-language General-
ization

To better demonstrate the effectiveness of our method on
other languages, we perform additional experiments com-
paring our method to a state-of-the-art (SOTA) competitor.
In this experiment, we use DiffusionPen [15] as the baseline
model. Since DiffusionPen is a few-shot model, we train it
in a one-shot setting to ensure a fair comparison. Similar to
the evaluation against One-DM in the main paper, we com-
pare our method with DiffusionPen on both Chinese and
Vietnamese datasets. As shown in Tab. 3 and Fig. 6, our
method achieves better results on both languages in terms of
visual quality and style adaptation ability compared to Dif-
fusionPen. This also shows the robustness of our method in
the one-shot setting, whereas the DiffusionPen model’s per-
formance is low when adapted to this setting (e.g., achieving
a Chinese FID score of 54.07 compared to our 22.74).

Chinese Vietnamese
Method HWD ↓ FID ↓ HWD ↓ FID ↓

DiffusionPen [15] 0.57 54.07 1.05 23.59

Our 0.37 22.74 0.83 18.81

Table 3. Quantitative comparisons with One-DM on Chinese and
Vietnamese scripts in terms of FID and HWD.

DiffusionPen

CONSTANT

Target

Figure 6. Qualitative results between CONSTANT and Diffusion-
Pen [15] in Chinese script.



I. Handwritten Text Recognition Improvement
We conduct experiments to evaluate the improvement of
HTR model when increasing the number of generated data
in the training set. The experiments include training on
the real IAM training set and gradually increasing the num-
ber of handwritten images generated using our methods by
100K each time.

Data Source Accuracy

Real data 81.76
Real data + 100K 82.13
Real data + 200K 82.96

Table 4. Generated data helps improve OCR performance on IAM
test set

J. Ablation on Codebook Embedding Length
We conducted an ablation study to investigate the impact
of the codebook embedding length in SAQ and to validate
our hypothesis regarding its correlation with dataset com-
plexity. The study involved varying the codebook size (K)
across three datasets with distinct style complexities: the
relatively simple IAM dataset and the more visually com-
plex IMGUR5K and IIIT-English-Word datasets. We eval-
uated codebook sizes of K=512, K=1024, and K=2048. As
shown in Table 5, the results align with our hypothesis. For
the simple IAM dataset, the largest codebook (K=2048)
slightly worsened performance (FID 14.10, HWD 0.86),
which suggests overfitting. In contrast, for the more intri-
cate styles of IMGUR5K and IIIT-English-Word, the larger
K=2048 codebook yielded the best performance, enabling
the model to capture a richer diversity of style features.
These results effectively consolidate the hypothesis stated
in our main paper.

IAM IMGUR5K IIIT-English-Word
Codebook length HWD ↓ FID ↓ HWD ↓ FID ↓ HWD ↓ FID ↓

512 0.86 13.80 1.02 13.37 0.75 14.02

1024 0.84 12.46 1.03 12.9 0.77 12.61

2048 0.86 14.10 0.99 11.48 0.73 10.22

Table 5. Ablation Study About The Codebook Embedding Length
in SAQ Module

K. Effiency Analysis
To provide further details on the training cost and efficiency
of our method, we compare it with One-DM in terms of
training cost. Table 6 provides detailed information on the
training and inference costs between our method and the
baseline One-DM model. Experiments for both methods
were conducted on the same NVIDIA V100 machine.

Criteria CONSTANT One-DM
Model parame-
ters

124×106 185×106

Training VRAM 6.82GB 18.66GB
Inference time3 1.25 s/sample 1.85 s/sample
Inference VRAM 2.1GB 2.9GB

Table 6. Comparison training and inference cost between CON-
STANT and One-DM.

L. Limitation and Future Works
Despite achieving state-of-the-art results, our method has
limitations. The model’s style extraction can be compro-
mised when reference images are excessively blurry or fea-
ture highly complex backgrounds (Fig. 7a). Similarly, for
overly intricate or nearly illegible handwriting, our model
may prioritize content readability over precise style imita-
tion, as shown in Fig. 7. Another limitation is that the code-
book size is determined empirically, which may not be op-
timal for datasets with different style complexities. Future
work will focus on improving style extraction for highly
artistic text and exploring methods for generating longer
lines of text.

Target Generated

Complex background
and strong deformation text

Complex artistic text

Illegible handwriting

Figure 7. Visualization of some failure cases.

M. More Qualitative Results
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