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Supplementary Material

In this supplementary material, we provide further de-
tails to enhance the understanding of our work. Specifically,
we include:

1. Detailed Notations: Comprehensive definitions of all
mathematical symbols and notations used throughout the
manuscript.

2. Qualitative Input Style Sample Size: Additional qual-
itative comparisons demonstrating the impact of varying
the number of input style samples on the generated hand-
writing.

3. Qualitative Loss Combination: Additional qualitative
comparisons of generated handwriting resulting from
different combinations of loss functions, providing vi-
sual evidence of the effect of each loss component.

4. Qualitative Adaptive Content Branch: Additional
qualitative comparisons to examine the impact of local
and global representations.

5. Style–Content Trade-off: Analysis in the trade-off re-
lationship between style and content quality.

6. Style-guided Synthesis: User preference and qualitative
results of style-guided synthesis.

7. Ability and Limitation on Cross-linguistic: Further
experiments on cross-linguistic tasks demonstrating the
extent to which DNA can perform in an open-set setting.

8. Experiment on ProtoSnap benchmark: Experiments
on a small cuneiform sign dataset.

9. Pre-processing of Decomposed Vectors: Detailed ex-
planations of the pre-processing of transferring each
character into its structural and component vectors.

10. Implementation Details of Evaluators: Detailed ex-
planations of the training strategy for the online content
recognizer, offline content classification, and the style
recognizer used in the main paper.

Additionally, for reference, the link to the Microsoft
JhengHei font is https://learn.microsoft.com/
zh-hk/typography/font-list/microsoft-
jhenghei, and the Traditional Chinese online dataset is
available at http://www.hcii-lab.net/data/
scutcouch/.

1. Detailed Notations

To ensure facilitate readability throughout this paper, we
provide a list of abbreviations and symbols in Tab. 1.

2. Qualitative Input Style Sample Size
Fig. 1 illustrates that by varying the content of style samples
from the same writer, our model generates subtly different
outputs. This variation aligns with real-life handwriting,
where even when a person writes the same character mul-
tiple times, each instance will have slight differences. This
flexibility allows our model to generate the natural diversity
in handwriting styles, enhancing its realism.

3. Qualitative Loss Combination
Fig. 2 shows that overlooking Lct causes the local and
global encoders to lack clear guidance, leading to noise
in the generated output. Applying Lct helps define the
character more clearly, making it closely resemble the tar-
get. However, stroke spacing remains inaccurate at both the
character and writer levels. By incorporating the full set-
ting, Lsp further refines the stroke spacing, resulting in a
generated output that closely matches the target.

4. Qualitative Adaptive Content Branch
Fig. 3 illustrates that the local encoder effectively captures
stroke-level details through component-based input, allow-
ing the model to generate structurally correct characters
even without seeing full images. In contrast, the global en-
coder, guided by actual character images, better preserves
the overall character shape, but may generate less accurate
stroke details. By combining both, the full model integrates
fine-grained stroke control with global structural guidance,
resulting in characters that are not only accurate and recog-
nizable but also closely aligned with the target style.

5. Style–Content Trade-off
Style and content performance are inherently interdepen-
dent: mimicking a “scrawled” style improves handwriting
imitation but often harms recognizability, and vice versa.
As shown in Fig. 4 (blue squares), in examples (1, 2, and
6, from left to right), SDT closely mirrors the global style
of the ground truth (GT), producing strokes that approxi-
mate the GT well and achieving a higher style score. How-
ever, this comes at the cost of structural precision, result-
ing in incorrect content. In contrast, DNA achieves a bet-
ter balance between style and content, as highlighted in
the (red squares), which facilitates accurate character gen-
eration. This improvement stems from the design of the
content input: SDT relies solely on global character im-



Notation / Abbreviation Description

Overall Task and Settings

OOHG Open-set Online Handwriting Generation
DNA Dual-branch Network with Adaptation
SWSC Seen-Writer-Seen-Characters
UWSC Unseen-Writer-Seen-Characters
UWUC Unseen-Writer-Unseen-Characters

Datasets, Inputs, and Outputs

Xs = {xs
w}

Nw
w=1 Style dataset of Nw writers.

xs
w = {Iw0 , . . . , IwNs−1} The set of Ns style images of the w-th writer.

Xc = {(vc
i , I

c
i )}

Nc
i=1 Content dataset of Nc characters.

vc
i = {vstruct

i ,vcompo
i } Decomposition vectors for the i-th character (structure and components).

Ici ∈ R3×H×W Printed character image for the i-th character.
Yw,i = {pw,i

j }Np

j=1 Ground-truth online handwriting (point set) for writer w, character i.
pw,i
j = {∆xj ,∆yj ,m

1
j ,m

2
j ,m

3
j} Each point’s offsets (∆xj ,∆yj) and pen states m1

j ,m
2
j ,m

3
j .

Style Branch and Content Branch

Es(·), hs(·), hg(·) Style encoder, style head, and glyph head of the style branch.
Zs
w = Es(x

s
w) Extracted style features from writer w’s style images.

Ss
w = hs(Z

s
w) Writer-specific style (Ss

w) features.
Gs

w = hg(Z
s
w) Glyph-specific style (Gs

w) features.
El

c(·) Local (structural) encoder.
Eg

c (·) Global (texture) content encoder.
Zlc
i = El

c(v
c
i ) Local representation (structure + component) for character i.

Zgc
i = Eg

c (I
c
i ) Global texture representation for character i.

Zc
i Fused content feature after cross-attention between Zlc

i and Zgc
i .

Decoder and Predictions

p̂w,i
t Predicted point at step t for writer w, character i.

Ŷw,i = {p̂w,i
t }Np

t=0 Generated online handwriting sequence.

Loss Functions

Lxy,Lstate Negative log-likelihood and cross-entropy losses for point prediction.
Lsty,Lgly Style and glyph contrastive losses.
Lch,Lde Character classification and decomposition losses (part of Lct).
Lct = Lch + Lde Content loss.
Lsp Spacing loss.
Lbase = 2Lstate + Lxy + Lsty + Lgly Baseline loss.

Table 1. Notations and abbreviations

ages, which may overlook fine-grained structural details,
whereas DNA integrates both local component information
and global content images, leading to better preservation
of stroke details and local structure — ultimately produc-
ing results that are more faithful to both the local style and
content of the GT. Nevertheless, this can result in a slight
reduction in style score.

6. Style-guided Synthesis

In Tab. 2, we conduct a user study involving 50 volunteers
for voting on which generated samples are most similar to
the ground truths. We received 47% and 53% user prefer-
ence in the UWSC and UWUC settings, respectively. Addi-
tionally, we provide qualitative results for style-guided syn-
thesis in Fig. 5. When the style references come from differ-
ent writers, our model successfully generates other charac-
ters that faithfully reflect each writer’s unique handwriting



(a) (b)

Figure 1. (a) Generated results using 15 style samples randomly selected from 16 style samples. (b) Generated results using 15 style
samples randomly selected from 30 style samples. The blue squares mark the subtle differences between each inference sample.
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Figure 2. Qualitative of DNA with different loss combinations under the UWSC and UWUC settings.
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Figure 3. Qualitative of DNA with different combinations on the adaptive content branch under the UWSC and UWUC settings.



SDT

DNA
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Figure 4. Qualitative results highlighting the trade-off between style and content scores. DNA seeks a balanced outcome between style and
content, whereas SDT tends to sacrifice content accuracy to improve the style score. The red and blue boxes indicate regions of interest for
evaluating content correctness and style similarity to the ground truth (GT), respectively.

Method User Study (%)
UWSC UWUC

FontDiffuser 24.78 18.23
WriteLikeYou 2.61 1.47

SDT 25.22 27.06
DNA 47.39 53.24

Table 2. Handwriting generation results evaluated by user prefer-
ence, showing the percentage of volunteers who judged the gener-
ated samples as more similar to the ground truth.

Writer 1

Writer 2

Writer 3

Writer 4

Writer 5

Style ref. Generated samples

Figure 5. Qualitative results of style-guided synthesis. The left
side displays style reference inputs, while the right side shows the
generated samples in the writers’ style.

style. Notably, for the fourth and fifth writers, whose refer-
ences are drawn from another dataset characterized by more
cursive handwriting, our method still captures the stylistic
traits and produces characters that closely resemble the tar-
get writing style.

7. Ability and Limitation on Cross-linguistic

Cross-linguistic handwriting generation is challenging be-
cause character components differ across languages. Our
method synthesizes unseen characters by recombining
known components; however, generating characters com-
posed entirely of unseen components remains difficult. In

困 答 択 膨 弾 あ い 戯 渋 Style ref.

沈 憶 孤 戸 桜 う 尽 曽 モ Style ref.

ホ 区 妬 安 次 嘆 歩 寿 暁 Style ref.
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Figure 6. Generalization of cross-language, where DNA is trained
on Chinese characters and directly generates Japanese characters.
The rightmost column shows the style reference.
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Figure 7. Generalization of the ProtoSnap benchmark [4], where
DNA is well-trained on Chinese characters and fine-tuned on
cuneiform signs. The rightmost column shows the style reference.

Fig. 6, we evaluate our model trained on traditional Chinese
for generating Japanese characters. As shown on the left,
characters sharing components with Chinese remain recog-
nizable, whereas those composed of entirely novel compo-
nents result in failed generations.

8. Experiment on ProtoSnap benchmark
We fine-tune DNA, originally well-trained on Chinese, us-
ing the ProtoSnap benchmark [4], which provides prototype
alignment for cuneiform signs. For fine-tuning and evalua-
tion, we adopt the Assurbanipal subset of ProtoSnap, which
contains 161 valid characters, with 131 used for training
and 30 reserved for testing. In the case of cuneiform signs,
the decompositions are straightforward since their compo-
nents are explicitly reflected in the trajectory data, mak-
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Figure 9. Examples of different structural vectors from similar
structure decompositions.

ing it possible to identify both the components and struc-
tural organization of each character. This property makes
cuneiform signs particularly suitable for DNA to naturally
leverage component-structure alignments to enhance gener-
ation quality. The generated samples are shown in Fig. 7.

9. Pre-processing of Decomposed Vectors
Following the IDS (Ideographic Description Sequence)
rules, both Chinese and Japanese characters can be decom-
posed into structures and components, as illustrated in Fig.
3 of the main paper and Fig. 8, respectively. We separate
them to construct a structural vector and a component vec-
tor.
Structural vector. This vector is determined by all struc-
tural elements (dark orange) of a character and their relative
positions. For example, as shown in Fig. 9, the structure ⿵
in the second position differs from ⿵ in the third position,
and thus their structural indices are assigned differently to
reflect their distinct roles in the character composition.
Component vector. Each component element corresponds
to a unique component index, and the component vector is
constructed by sequentially arranging these indices. Zero-
padding is applied where necessary.

10. Implementation Details of Evaluators
We split the UWSC dataset into 80% for training and 20%
for testing. Similarly, the UWUC dataset is divided using
the same 8:2 ratio. Content evaluators are then trained on
each dataset setting, and the trained evaluators are used to
assess each set separately.
1. Dynamic Time Warping (DTW) [1, 2]: We employ

DTW as an elastic matching method to align two se-
quences, calculating the distance between the generated

and actual characters. This alignment-based approach
allows for a robust comparison of sequence similarity
between generated and real characters.

2. Content Score (CS) [6]: To assess structural accuracy,
we utilize a content recognizer trained specifically on
the dataset’s training set to evaluate how accurately the
generated character structures match the intended char-
acters. The recognizer uses the Adam optimizer with a
learning rate of 0.001 and a batch size of 128. Addi-
tionally, for offline methods, we use images as input for
training, whereas for online methods, we use a coordi-
nated sequence of characters for training.

3. Fréchet Inception Distance (FID): To quantitatively as-
sess the stylistic similarity between generated and real
handwriting, we use FID. This metric compares the dis-
tributions of high-level visual features, capturing both
the realism and stylistic coherence of the generated
handwriting.

4. Geometry Score (GS) [3]: To complement the FID-
based evaluation, we use GS to assess the structural of
generated handwriting. This metric compares the topo-
logical properties of the generated and real data mani-
folds, revealing how well the model captures the under-
lying geometry of the handwriting style.

5. Character Error Rate (CER): To assess the benefit
of generated data for downstream handwriting recogni-
tion, we trained a Handwritten Text Recognition (HTR)
model [5] with a combination of real and generated

samples. The real set comes from the SWSC setting
and includes all 4807 characters from each of 55 writ-
ers. For the generated data, two settings were used:
in UWSC, we synthesized 4807 characters for each of
10 writers (48070 samples in total) and evaluated the
model on the UWSC ground truth; in UWUC, we gener-
ated 594 unseen characters for each of 10 unseen writers
(5940 samples) and tested on the corresponding ground-
truth set.
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