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1. settings

1.1. Detailed Architectures

1.1.1. Models of the Stage I

Inspired by VQVAE[6], we build our encoder and decoder
of stage I. Following VAEs[4, 5], our model consists of an
encoder parameterizing a posterior distribution of discrete
variables and a decoder with a prior distribution over output
data. Notably, both the posterior and prior distributions are
categorical, necessitating the sampling of categorical vari-
ables to index our codebook with K = 30000 categories
with embedding dim = 16. To preserve the structural in-
tegrity of our data (formatted as 64 x 6 matrices post-stroke
modeling) and mitigate the risk of over-convolution along
specific dimensions within Convolutional Neural Networks
(CNNs), our preprocessing strategy involves reshaping the
input data into 6 x 8 x 8 matrices prior to feeding them
into the encoder module. With our encoder, one stroke after
stroke modeling can be compressed to 8 stroke embeddings,
facilitating efficient data representation and compression.
The whole structure for stage I model is shown in Tabs. 1
and 2.

1.1.2. Models of the Stage II

In the Stage II, we undertake the fine-tuning of the
DeepSeek-Coder-1.3B model [2] to generate next stroke
embeddings. We set the batch size per device equal to 4,
while concurrently introducing a label smoothing factor of
1 x 103, Given the intrinsic characteristics of our dataset,
where the stroke count for each character does not exceed
34, we ascertain that every character can be accurately en-
capsulated within a space delineated by 272 stroke embed-
dings. We establish the maximum allowable sum of strokes
per individual sample as N, = 100. Furthermore, consid-
ering the diversity and complexity of textual content, we
set the maximum text length parameter to N; = 820. This
configuration enables the model to effectively capture the
rich semantic nuances embedded within a comprehensive

*These authors contribute equally.
Corresbonding author.

textual context.

1.2. Hyperparameters and Training Settings

Our collected glyph dataset imposes constraints on the num-
ber of instructions per stroke, limiting it to under 64 instruc-
tions, and restricting the stroke count per glyph to a maxi-
mum of 34 strokes, forming the basis for constructing our
input samples.

In the Stage I, we configure our training parameters as
follows: utilizing a batch size of 128, each stroke is asso-
ciated with a maximum of 64 instructions, and the learning
rate is set at 1 x 10™%. In the Stage II, we conduct fine-
tuning of the pre-trained DeepSeek-Coder-1.3B model for 5
epochs. The specific hyperparameters and training config-
urations pertaining to various stages of our model training
are meticulously detailed in Tab. 3.

2. Dataset

Our dataset construction process is rooted in the extraction
of textual content from ’Xinhua Dictionary’ and *The Com-
plete Tang Poems’, and the glyph content from our collected
glyph dataset. These distinct datasets are gathered inde-

| Layer | Activation | Skip Connect | Output Shape |
| Input | - \ - | 6x8x8 |
| Conv | - \ N | 512x4x4 |
| Conv | ReLU | N | 1024 x2x4 |
| Conv | ReLU | N | 1024 x2x4 |
Conv ReL.U Y 256 x 2 x 4
Conv ReLU Y 1024 x 2 x 4
Conv ReL.U Y 256 x 2 x 4
Conv ReLU Y 1024 x 2 x 4
| Linear | - \ N | 16x2x4 |
| Reshape | - ‘ N | 2x4x16 |

Table 1. Encoder architecture of the Stage 1.
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Figure 1. Examples of our dataset construction process.

| Layer | Activation | Skip Connect | Output Shape |

| Input | - ‘ - | 2x4x16 |

| ConvTrans | - \ N | 1024 x2x4 |
ConvTrans RelLLU Y 256 x 2 x 4
ConvTrans ReLLU Y 1024 x 2 x 4
Conv RelLU Y 256 x 2 x 4
Conv ReLU Y 1024 x 2 x 4
Conv ReLLU Y 256 x 2 x 4
Conv ReLU Y 1024 x 2 x 4

‘ ConvTrans ‘ ReLLU ‘ N ‘ 512 x4 x4 ‘

‘ ConvTrans ‘ RelLU ‘ N ‘ 6x8x8 ‘

Table 2. Decoder architecture of the Stage 1.

pendently. By leveraging the textual information encapsu-
lated within words, idioms, and verses, we systematically
query the glyph dataset to identify and extract the relevant
data related to the text elements in focus. Subsequently,
this retrieved information is amalgamated to form the com-
posite training dataset. The detailed process of integrating

this data is shown visually in Fig. 1, explaining the sequen-
tial steps involved in harmonizing textual and glyph data
sources to construct a comprehensive training dataset.

3. Stroke Instruction and Calculation

The SVG instructions used are listed in Tab. 4.

Our scalable vector graphics (SVG)[1] format mainly
uses linear, quadratic, and cubic Bézier curves to describe
the glyph outline. We make transformations on linear and
quadratic ones to unify them into representations of cubic
Bézier curves. Equations of Bézier curves (Linear Bézier
curves By, Quadratic Bézier curves Bg, Cubic Bézier
curves B,) are listed in Eqs. (1) to (3).

Br(t)=(1—-t)Py+ P, t €[0,1] (1
Bo(t) =(1 —t)*Py + 2t(1 — t) P, + t* P,
(2)
€ [0,1]
Bo(t) =(1 — )Py + 3t(1 — t)* Py )

+3t2(1 — )Py + t3P5, t € [0,1]

Each equation contains a parameter ¢ € [0, 1] to describe
the curve, so we expand the equation according to the pa-



| Config Value |
| Dataset Settings |
Fixed Length of Strokes per Glyph Ny =34
Fixed Length of Instructions per Stroke Ny =64
‘ Settings of the Stage I ‘
Code Book Category K = 30000
Stroke Embedding Dim dim = 16
Optimizer Adam [3]
Batch Size 128
Learning Rate le—5
Training Epoch 2000
Settings of the Stage II ‘
Max Strokes Sum per Sample N. =100
Max Text Length per Sample N; =820
Optimizer Adam [3]
Batch Size 4
Learning Rate 5e — b
Label Smoothing Factor le—3
Training Epoch 5
Settings of our Human Evaluation
Factor of Identifiablity arge = 0.4
Factor of Aesthetics Qpes = 0.3
Factor of Literature Quality ar;: = 0.3
Factor of Experts Beaxp = 0.7
Factor of Graduate Students Bstw = 0.3
Table 3. Hyperparameter settings.
| Order | Parameters | Meaning |
| M | R | Move to |
‘ L,H, V ‘ P, ‘ Linear Line ‘
‘ QT ‘ P, P ‘ Quadratic Curve ‘
‘ C, S ‘ Pl, PQ, P3 ‘ Cubic Curve ‘
|z - | Close Curve |

Table 4. Our SVG instructions. Each instruction is represented by
(Order, Parameters) tuple in SVG form.

rameter t, and adjust the coefficients to transform Eqs. (1)
and (2) into the expression of Eq. (3) in Egs. (4) and (5).

Br(t) =(1 — )*Py + 3t(1 — £)2(Py + %(p1 R,
+3t2(1 — )P + 3Py, t € [0,1]

Ba(t) =(1— 1)°Py + 3t(1 — 0 (Po + 2(P1 — Py))

+32(1—t)(Py + %(P1 —P))+ 3P, O
t€10,1]

4. Results

4.1. Missing Stroke Generation

Given varying strokes and positions as input, our model
produces diverse outcomes through the prediction of stroke
embeddings, thereby composing strokes and characters fol-
lowing stroke sequences. The generation process is visually
represented in Fig. 2. Notably, as the input strokes decrease
in number, our model showcases the ability to accurately
predict the missing strokes essential for completing the en-
tire glyph, as shown in Fig. 4.

4.2. Multiple Chinese Characters Generation

When presented with a variety of distinct glyphs as input,
our model demonstrates its competence in producing a di-
verse range of words, idioms, and verses, each infused with
aesthetic depth and significant cultural references, as shown
in Figs. 3, 5 and 6.

The outcomes generated not only showcase creativity but
also function as valuable resources for linguistic analysis
and artistic interpretation. Significantly, the materials gen-
erated by our model, as shown in Figs. 5 and 6, represent
novel compositions previously absent from the dataset, un-
derscoring the model’s ability to generate innovative and
imaginative content.
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Generate glyph in stroke order

Figure 2. Generating glyphs stroke by stroke. Gray strokes are inputs given to our model and black strokes are generated in stroke orders
with high quality. Each line from left to right shows the generating order.
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Figure 3. Examples of our generation results.
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Figure 5. Examples of our generation results. These results demonstrate our model can generate unprecedented meaningful textual content.
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Figure 6. Examples of our generation results. These results demonstrate our model can generate unprecedented meaningful textual content.
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