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Abstract. Generating Chinese characters via few-shot font generation is an intriguing and important
challenge in recent years, primarily due to the intricate and unique nature of Chinese fonts. However,
the conventional GAN-based model for font generation has encountered issues such as
unpredictable training and inaccurate generation. Simultaneously, in the realm of image generation,
diffusion models have demonstrated remarkable success, even garnering application in Al painting
commercials. Some studies have endeavored to integrate diffusion models into Few-shot Font
Generation (FFG). In this paper, we present a straightforward, few-shot font generation framework
utilizing a conditional diffusion model. We generate conditional embedding tokens using three
encoders, which extract essential character information such as content and style. By combining
these conditions into the diffusion process, we can effectively model these three pieces of
information. Our model possesses three key features: i) Our model attains disentanglement of all
encoders and the diffusion model. The content encoder focuses solely on extracting the content or
the relative position of strokes, the style-coding provides only style features, and the diffusion model
is limited to generating the target image without obscuring any content or style information. This
enhances the model’s interpretability and makes the addition of new functionalities a simpler process.
i) For different fonts, our model requires fewer training steps due to the use of pre-training. We only
train the style-coding on a small scale, bypassing the need for extensive training of the large-scale
diffusion model. iii) Our model achieves two types of "Few-shot" training. The first type involves the
same style but different characters, requiring only a few characters for training. The second type
pertains to different styles, needing only a few style fonts for training. Experimental results reveal
that our model outperforms previous few-font generation models in terms of quality, generation
speed, and the scale of well-trained training datasets.
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1. Introduction

Chinese calligraphy has fostered the unique artistic beauty of Chinese characters through the
diversity of its writing styles, and Chinese font generation technology has a wide range of applications,
including the creation of personal calligraphy font libraries, signature verification, restoration of
ancient texts, and so on.

Early approaches mainly relied on manually extracting features [1] [2]. The performance was often
unsatisfactory [3] due to the complexity and vast number of unique characters, and it required expert
knowledge in calligraphy, typography, and graphic design.

With the development of deep learning, Chinese font generation is often framed as image-to-image
translation or image generation problems [4] [5] [6]. Zi2zi [7] learns a mapping from one source-style
font to another target-style font, facilitating the transformation of source-style font images into images
of a different target style font. CalliGAN [8] introduces Chinese character component labels and style
tags to generate various styles of Chinese calligraphy characters. However, these methods utilize
paired data for supervised learning, which limits its practicality due to the difficulty in collecting
paired data for Chinese calligraphy fonts.

Few-shot Font Generation (FFG) [9] [10] has garnered widespread attention since FFG can
generate target fonts with minimal reference font images. FFG aims to use a small number of
reference font images to generate new fonts based on the source font. Few-shot font style transfer
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involves training a model on a large number of existing fonts, allowing it to learn how to extract font
style features. He et al. [11] proposed three challenges associated with GAN-based models for font
generation: i) Unstable training dynamics and difficulty achieving convergence; ii) The inherent
difficulty in separating font content and style; iii) The preservation of the structural integrity of
complex characters poses a significant challenge. Diff-font [11] first presents a network that uses a
conditional diffusion model instead of GAN. While it exhibits commendable performance, certain
highly intricate characters still exhibit issues related to stroke amalgamation.

In our previous work, we proposed Stroke GAN Autoencoder (SAE) [12] to extract the
morphological information of Chinese characters from stroke images, which can be applied to the
generation of stylish Chinese fonts. The SAE models reportedly outperformed several few/zero-shot
methods and some of the character-based methods. The paper’s conclusions assert the effectiveness
of the proposed SAE models in dealing with the challenge of recognizing unseen (zero-shot) and seen
Chinese characters. Furthermore, SAE highlight the potential for the approach to be extended towards
improving the understanding of the structural and semantic properties of Chinese characters.

In this study, we introduce a model based on conditional diffusion for FFG. Comprising three key
components, the proposed model firstly utilizes an ‘anchor character’ image directly sourced from a
standard font library. Each character corresponds to a single anchor image. Utilizing this anchor
image, we employ the encoder in the SAE [12] to extract stroke and relative position information.
Furthermore, we encode the strokes of each character for additional content information. Finally, we
implement an autonomous ‘style-coding’ layer specifically for style encoding. Except for style-
coding, the other two encoders remain unaltered. During the training phase, we alternately train the
style-coding layer and the diffusion model. Thanks to these three encodings, the unique features of
each character can be comprehensively extracted with an independent correlation.

Our main contributions are as follows:

- We propose a generative diffusion network for few-font generation framework. Compared to
GAN-based methods and the recent advanced Diff-font, our model performs better in training and
the effectiveness of generation.

- We managed to engineer three distinctive encoders capable of executing the disentanglement of
the diffusion model. The primary task of the content encoder is to pinpoint the substance or the relative
placement of strokes, while the unique responsibility of the style-coding lies in offering the style
attribute. Conversely, the diffusion model is solely commissioned with the production of the target
picture, making certain that it does not obscure any content or style details. This methodology not only
elucidates the model’s interpretation but also eases the integration of novel characteristics.

- Our model necessitates minimal training on distinct fonts, gaining higher training efficiency. This
is owing to the fact that post the initial pre-training phase, we focus on small-scale training of the style-
coding, which effectively eliminates the requirement for large-scale training of the diffusion model.

- Our model manages to achieve two types of ‘Few-shots’ in our research. The first type involves
the same style but varying characters, where training necessitates merely a handful of characters. The
second type concerns differing styles, requiring only a small number of style fonts for training. This
approach overcomes distinct characteristics and results in heightened training efficiency.

2. Related Works

2.1. Image-to-Image Translation

Image-to-image translation tasks involve learning a mapping function that can transform source
domain images into corresponding images in the target domain while maintaining the original content
and adopting the target style [13]. This concept can be applied to font generation by using image-to-
image translation models to create any desired font styles from a given content font image. Image-to-
image translation via generative adversarial networks (GANS) [14] is a classic problem in computer
vision. In Pix2Pix [13], the generator takes an input image from one domain and generates a
corresponding output image in the desired target domain, which requires paired data to guide the
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generation process. To remove the need for paired data, unsupervised methods have been developed.
BicycleGAN [15] enables one-to-many domain translation by building a bijection between latent
coding and output modes. For many-to-many domain translation, methods such as MUNIT [16], CD-
GAN [17] and FUNIT [18] disentangle the content and style representations of images, which allow
the models to manipulate the content of an image while preserving its style, or vice versa. However,
existing image-to-image translation methods generally focus on transforming object pose, texture,
color, and style while preserving the content structure, which may not be directly applicable to font
generation. Unlike natural images, font styles are primarily defined by variations in shape and specific
stroke rules rather than texture and style information. Therefore, the direct application of image-to-
image translation methods may not yield satisfactory results for font generation.

2.2. Few-Shot Font Generation

Few-shot font generation aims to create an entire font library with thousands of characters using
just a few reference-style images. Current methods primarily use the image-to-image translation
framework to transfer the source style of content characters to the reference style. Several methods
have been proposed to incorporate font-specific prior information or labels, showing that such
integration can enhance the quality and diversity of generated fonts. DGFont [19] uses deformable
convolutional blocks in an unsupervised framework to enable effective style transfer. ZIGAN [20]
employs Hilbert space to learn coarse-grained content knowledge by projecting the same character
features of different styles. SC-Font [21] and DM-Font [22] utilize additional information like strokes
and components to improve training. SC-Font uses stroke-level data to enhance the structural accuracy
and reduce stroke errors in generated images, while DM-Font uses a dual-memory architecture to
disassemble glyphs into stylized components and reassemble them into new glyphs. However, all these
methods are based on GANSs, which are known for their instability during training due to their
adversarial objective. This often leads to mode collapse, resulting in suboptimal outcomes, especially
for font styles with significant or subtle variations.

Diff-Font [11] is a one-shot font generation framework that uses a diffusion model to address
challenges in generating complex characters, particularly in languages like Chinese and Korean.
Unlike traditional GAN-based methods, Diff-font provides stable training and improved font style
replication by managing character content through predefined embedding tokens and extracting font
style from a reference image. It has demonstrated superior performance in replicating high-fidelity
font styles and generating intricate characters. Unlike Diff-Font, our model decouples Chinese
characters to three encodings, causing easier in component reuse and strong generalization without
any re-training.

2.3. Diffusion Model

Diffusion models have witnessed significant development in the way we generate and manipulate
data. Denoising diffusion probabilistic models (DDPMs) [23] consist primarily of two processes: the
forward process (diffusion process) which gradually adds Gaussian noise to the original data in a
Markov chain fashion, and the reverse process which takes random noise and generates the target data.
This strategy has proved to be more effective in generating high-quality data. Building upon DDPM,
Denoising Diffusion Implicit Models(DDIM) [24] addressed the issue of efficiency by reducing the
number of steps required in the reverse process for image generation. DDIM views the diffusion
process as implicit and performs sampling by solving corresponding differential equations. By
utilizing advanced differential equation solvers for efficient sampling, DDIM minimizes
approximation errors even with fewer sampling steps. Latent Diffusion Model (LDM [24]) shifts the
diffusion process to a lower-dimensional latent space, which significantly reduces computational
requirements and enhances the efficiency of image generation.

Dhariwal et al. [25] introduced a classifier-guidance mechanism that uses a pre-trained classifier to
provide gradients as guidance toward generating images of the target class. Song et al. [24] extended
the original model to non-Markovian cases, reducing sampling steps significantly. Nichol et al.[26],
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Ramesh et al. [27] introduced a pre-trained text encoder to generate semantic latent spaces, achieving
exceptional results in text-to-image tasks. Diffusion models have shown amazing results in image
generation, often generating specific categories of objects or concept-driven generation guided by text
prompts. They can generate high-quality data, avoid mode collapse, and have record-breaking
performance in many applications. They are trained using maximum likelihood estimation, a well-
understood optimization problem, making them a promising area of research in deep generative
models.

2.4. StrokeGAN Autoencoder

In our previous work, we introduced a research study focusing on the development of stroke-based
autoencoders (SAEs) [12] to learn the structural information of Chinese characters for improved
character recognition and semantic enhancement. The study explores two distinct architectures of
SAEs for different forms of datasets, aimed at addressing both zero-shot and seen Chinese character
recognition tasks. The SAE models have been pre-trained on a small, focused dataset, yet they
demonstrate superior performance on larger and more complex datasets when benchmarked against
existing methods. Additionally, these models show promise in contributing to the creation of word
embeddings that could benefit a variety of Chinese Natural Language Processing (NLP) applications,
such as text classification and named entity recognition. The models are able to learn the
morphological information of the characters, which has potential applications in generating new
Chinese font styles and enhancing NLP tasks such as Chinese Named Entity Recognition.

In this proposed framework, based on SAE’s ability of fully extracting Chinese character features,
we use the SAE as an encoder in our architecture, which is able to extract more precise content
information, specifically strokes with its relative position features.

3. Method
3.1. Architecture
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Figure 1. The framework of our model. It contains 2 parts, the encoding part and the diffusion part.
In the encoding part, there are 3 encoders, namely the stroke encoder, the text encoder, and the style
encoding learned from datasets.
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Fig.1 illustrates the proposed framework. It consists of two parts: three character encoders for
guidance, encoding the content or style of a character into a latent variable, and a diffusion generation
model, which uses the latent variable as a condition to generate the character image from Gaussian
noise. The character attributes encoder is designed to process the attributes of a character image
separately. The guidance consists of three parts: text guidance, regarding different content characters
as different tokens; image guidance, which extracts from the same character in standard characters;
stroke guidance, encoding the standard image before by SAE, which can extract the stroke features of
character. We combine these three encodings as a whole guidance, and then embed them as guidance
for the diffusion process.

Text encoder E maps the source character (denoted as c) to text encodings (denoted as t : = E(c)).
With the help of standard characters pool (denoted as p), source character is also mapped to source
image: i = I,(c). Images encodes as stroke guidance s = S(i) by SAE,. The style encoding is
denoted by sty. Then merge these 3 encodings into one guidance:

g = Com(t, sty,s) = Com (E(c),sty,S (Ip(c))>
Which utilizes for diffusion model as condition.

3.2. Text Encoder
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Figure 2. Text Encoder Architecture

The architecture of our text encoder (Fig. 3) in our network is designed to process Chinese
characters directly. The encoder is specifically structured to handle stroke-based text encoding of
individual characters. A Chinese character is first input to the Input Layer , and then transformed into
a stroke encoding in the Stroke Encoding Layer. Each Chinese character is viewed as a combination
of five basic strokes: the horizontal stroke , the vertical stroke, the left falling stroke, the right falling
stroke, and the hook stroke as shown in Fig. 3. Considering that the number of strokes in about 6000
Chinese characters is mostly up to 30, we use 32 3-bit numbers (totally 96 bits) to encode these strokes.
Each stroke is encoded as a multi-dimensional vector, and the sequence of these vectors forms the
stroke encoding for the character. In the Self-Embedding Encoding Layer, the encoder generates a
self-embedding encoding for the character. This layer encodes the 6000 Chinese characters using 16-
bit numbers (which can encode 21 = 65536 characters). The self-embedding encoding captures the
intrinsic features and semantic information of the character, mapping it to a dense vector of fixed size.
The stroke encoding (96 bits) and the self-embedding encoding (16 bits) are then concatenated together
in the Concatenation Layer. This forms a unified encoding for the character, totally 112 bits, which
captures both the visual (stroke) and semantic (self-embedding) aspects of the character. The output
of the text encoder is the combined encoding, and this 112-bit encoding serves as a comprehensive
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representation of the Chinese character and is used as input to the subsequent layers of our network.
This text encoding will be combined with other types of encoding in later stages of the network.

(1) (2) ) (4) ®)
B000E

horizontal vertical left falling  right falling hook

Figure 3. Five strokes in Chinese character

With this designed architecture, the text encoder can generate a rich and versatile encoding for each
Chinese character, effectively supporting further processing and analysis in our network.

3.3. SAE Encoder

The SAE (Stroke AutoEncoder, Fig. 4) is a critical component that extracts rich stroke information
from Chinese character images. To do this, we first convert the text into an image using a standard
Chinese character library. The SAE Encoder then processes this image and generates a 128-bit
encoding. With the help of SAE’s ability to extract relative position and stroke features of characters,
SAE encoding can correctly lead the generation process in terms of stroke features.

Standard Library,

A 4
Japoou 3Jvs
Buipoou3 Hg-8z L

Image of character

Figure 4. SAE Encoder

3.4. Style Encoding and Combining Encoding

The style encoding as depicted in Fig. 5 is a distinct network. It does not stem from any specific
encoders but self-adjusts according to the network’s backward propagation. Comprising 272 bits, the
style encoding separates style and content. The style isn’t extracted from a particular Chinese character
text, rather it’s derived from the image features of a group of characters. We then merge three
encodings - the text encoding, SAE encoding, and style encoding - into an integrated encoding (called
combining encoding). Amounting to a total of 512 bits (272 for style, 128 for SAE, and 112 for text),
this combined encoding is utilized in the subsequent diffusion process. This consolidated encoding
encompasses all vital information from the separate encodings, paving the way for advanced stages in
the deep learning network.
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Style Encoding
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Figure 5. Style Encoding With Combination
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3.5. Conditional Diffusion Model

In our method, we regard each raw image of the character attributes as a sample in the whole
training data distribution, and denote the sample as x, ~ q(xOICOm(t, sty, s)). Like the thermal
motion of molecules, we add random Gaussian noise to the image thousands of times to gradually
transform it from a stable state to a chaotic state. This process is called diffusion process and can be
defined as:

q(xy.rlxo) = [Ti=1q (xelxe—1) 1)
Where
q(xe|xe—1) = N(Xt; J1- ﬁtxt—lrﬁtl); t=1,..,T 2
And B, < -+ < B isavariance schedule. According to the (2), x, can be rewritten as:
Xe =1—Bexe 1+ \/Eft—p €1 ~N(0,1)
t
= \/aTtxO +.1—-a6,a, = nai,e ~N(0,I)
i=1
~ N (x5 @xo, (1 = @D1)
Where a; =1 — f;, and a, is negatively correlated with S;, therefore a; > - > a; . When

the T — oo, @ closeto0, x; nearly obeys N(0,I) and the posterior q(x;_;|x;) isalso Gaussian.
So in the reverse process, we can sample a noisy image x; from an isotropic Gaussian and generate
the designated character image by denoising x; in the long Markov chain with a multi-attributes
condition z = f (c, s) (if using the optional condition, then, z = f (c, s, op)) that contains the semantic
meaning of character. Since the posterior q(x;_,|x;) is hard to estimate, we use py to approximate
the posterior distribution which can be denoted as

po (xo.r | 2) = p(xr) 1_[279 (X1 | ¢, 2),

Po (X1 | X¢,2) = N(,ue(xt,t z), Zg(x¢, t, Z))

Following DDPM Ho et al. (2020), we set Xg(x;,t,z) as constants and the diffusion model
0(x., t,z) learns to predict the noise added to x, in diffusion process from x; and condition z for
easier training. Through these simplified operations, we can adopt a standard MSE loss to train our
multi-attributes-conditional diffusion model:

2
L= IEXo~q(xo).6~N(0,l),z[”€ —€g(xe, t, 2) ]

4. Experiment

4.1. Experiment
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Figure 6. Different gender generating results with 10 participants.
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We collected 200 fonts as entire dataset. Each font has 6,625 Chinese characters which cover almost
all commonly used Chinese characters. Specifically, we use 60 % (120) fonts to train our model, and
in each font we only take 10 % (about 600) of the Chinese characters for training. We conduct testing
in two dimension. One is testing for the effectiveness of trained font generation; that is, for every font
in the trained 120 fonts, we test the performance of generating the rest of 90 % Chinese characters; the
other is testing for the effectiveness of generating untrained fonts. We froze all models’ parameters
except for the style-coding, then input only 100 Chinese characters for simple training; before testing
the generation performance of the rest of the 6,525 Chinese characters.

4.2. Evaluation Metrics

To make a quantitative comparison between our method and other advanced approaches, we
employ commonly used evaluation metrics in image generation tasks. These metrics include SSIM
(Structural Similarity) [30], RMSE (Root Mean Square Error) [31], LPIPS (Learned Perceptual Image
Patch Similarity) [32], and FID (Freéehet Inception Distance) [33]. SSIM mimics the human visual
system and assesses the structural similarity between two images by considering aspects such as
luminance, contrast, and structure. RMSE, on the other hand, calculates the root mean square error of
pixel values to evaluate the similarity between two images at a pixel-level. LPIPS operates at a
perceptual level and measures the distance between images in a deep feature space. FID measures the
difference between generated and real images in terms of their distributions. Additionally, we conduct
a user study following a similar approach to [34] to obtain human feedback and evaluation of our
method. This user study provides valuable insights through human testing.

4.3. Setup

Encoders for guidance. Our model has three parts of encodings. Since SAE performs well on the
feature extraction for strokes of characters, we use an encoder in SAE to encode the image of the
original character, which encodes a 128*128 image to a 1-d 64-bit encoding. We freeze this encoder
to get stable encoding. Then, we use the strokes encoding to encode characters into a 128-bit encoding.
These two encoders can be seen as a whole content encoder. The last style coding is not an encoder
but just a network layer in 256-bit. It learns the style of each font in training steps. These three
encodings are combined as a whole embedding with a size of 448-bit. This embedding is directly
inserted into every diffusion process as a condition.

Conditional Diffusion Model. Our diffusion model is based on DDPM architecture. Table 1 is the
hyper-parameters of our model.

Table 1. Hyper-parameters of Diffusion model.

Parameter Value
Batch size 64
Channels 128
Diffusion Steps 1000
Learning rate le-4
Optimizer Adam
Loss MSE

4.4. Comparison

We choose some GAN-based Chinese Font Generation models and Diff-font to make comparisons
with our model. MX-Font [34] extracts information by using multi-headed encoders. DG-Font [19]
uses deformable convolution to replace traditional convolution. Diff-font uses a diffusion process and
simple encoders. ZIGAN [20] is a powerful end-to-end Chinese calligraphy font generation framework
that can generate fine-grained target style characters with few-shot references.

Quantitative comparison. As Table 2 shows, in comparison between our model and other models,
our model performs the best on all metrics (LPIPS, RMSE, FID, SSIM).
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Table 2. Quantitative comparison of our model against other state-of-the-art font generation
models. | indicates that a smaller value is better.

Model LPIPS(]) RMSE(]) FID(}) SSIM(?)
MX-Font 0.174 0.192 314 0.703
DG-Font 0.169 0.187 38.7 0.709
ZiGAN 0.203 0.311 52.1 0.689
Diff-Font 0.133 0.176 29.2 0.738

Our model 0.124 0.169 28.6 0.744

Qualitative comparison. We compare the generation results of all these 5 model showing in Fig. 7.
It shows that MX-Font has poor quality of generation. ZiGAN and DG-Font work well for most
characters; but have a joined-up situation in some characters. Diff-Font generates very well, but some
generated words have not studied the style of reference. Our model can not only generate given content
precisely, but also maintain the features of the font style.

Standard Font  £% HI # & 1 MO & i ok FHOH K b
T W o
MX-Font M P B o9 @ M H oa kA O E W
DG-Font WP R e WO EHE e & B of
ZiGAN oF B e B OH g 4 B E 8”9
Diff-Font H % B 9 B H &% o 4« B B = ¥
Ous %W ¥ BRowomOH K o4 & HE R Y

Figure 7. Qualitative comparison among 5 models.

4.5. Ablation Studies

Evaluating the effectiveness of encodings. Embedding within our proposed model are three pivotal
encodings that significantly influence the generation process. One may naturally question, are these
encodings uniformly effective? To ascertain the answer, we conducted three distinct ablation studies.
In these studies, we systematically omitted each encoding and subsequently collated and compared the
resultant findings. Please note that the process of removing an encoding implies that the associated
encoding is set to zero, while the original dimension remains unaltered. The quantitative findings
gleaned from this multifaceted analysis are visually represented in Table 3.

Table 3. The effectiveness of encodings in ablation study.

Experiment LPIPS()) RMSE(]) FID(}) SSIM(1)
Remove Stroke Enc. 0.451 0.340 59.8 0.211
Remove Text Enc. 0.257 0.201 33.7 0.686
Remove Style Enc. 0.388 0.279 52.2 0.342
Original 0.124 0.169 28.6 0.744
Our model 0.124 0.169 28.6 0.744

The data, as scrutinized from the results, dictates that all three encodings play vital roles in the
model’s operation. However, the Stroke Encoder emerged as the most consequential followed by the
Style Encoder, with the Text Encoder bringing up the rear. This sequential order of importance
elucidates the operational efficiencies of all the encodings. The Stroke Encoding was identified as the
most influential, while the text encoding was found to be the least effective.

Assessing the impact of number of training data. It’s indisputable that a more substantial pool of
training data will yield more precise and accurate results when generating data. However, in reality,
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users may often only provide a limited supply of handwriting characters. In light of this, to optimize
the balance between the quality of generated data and the volume of training data, we embarked on an
experiment aimed at identifying the optimum number of training data. The experiment involved testing
several training scale limits, specifically: 30, 50, 80, 100, 150, 200, and 500 units of characters. Our
chosen method of evaluation was SSIM, and the associated trend of SSIM concerning the training data
scale is graphically depicted in Fig. 6.

Analyzing the impact of the number of characters in training strokes on the model’s effectiveness.
The cardinality of characters found within the training strokes can profoundly influence the quality of
the data generated by the model. In order to gauge the extent of this impact, we carried out an
experiment wherein we varied the number of characters in training strokes and measured the
subsequent effect on the model’s performance, using SSIM as our yardstick. The results of this
investigative analysis are presented in Fig. 8.

Our findings suggested that a low number of characters in the training strokes could cause
underfitting, leading to a noteworthy decline in the SSIM. Conversely, when the count of characters
in the training strokes was significantly high, overfitting ensued, which also detrimentally affected the
SSIM, albeit to a lesser degree than underfitting. The data generated by our experiment indicated that
the SSIM experienced a substantial elevation when the range of strokes was between 1 to 10. However,
as the range of strokes extended from 10 to 15, the SSIM increased only marginally, with the
improvements plateauing beyond this range. Strikingly, when the total number of strokes was beyond
the 15-stroke threshold, the SSIM experienced a gradual diminishing trend.

We also composed a histogram illustrating the typical quantity of strokes in characters, as seen in
Fig. 9, which revealed an average of approximately 10.25 strokes per character. Given this average,
and to facilitate user convenience, we chose to implement 10 strokes per character in our training
dataset. For each set of training data, we randomly selected characters with 10 strokes. This
methodology strikes a balance between underfitting and overfitting, ensuring a high standard of quality
in our generated data, while simultaneously maintaining user convenience.

In examining the graphical data, it is readily evident that there is a marked increase in the SSIM
correlated with an increase in the count of characters, but only up until approximately 100 characters.
Beyond this number, the SSIM began to plateau, reaching a stable value. This observation suggests
that an excess of 100 training data offers minimal incremental benefit to the SSIM. We assume that a
greater number of characters would generate redundant strokes or components. In view of this, we
selected 100 as the optimum count of training data.
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Figure 8. Ablation for number of trainings. SSIM index was used for measuring effectiveness of
training.
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Figure 10. Analysis of the impact of number of Chinese strokes. Average number of strokes of
Chinese characters was labelled.

4.6. Other research

Behaviors on handwriting and calligraphy fonts. The training and testing sets utilized so far
primarily come from open-source computer-designed vector fonts. These fonts are characterized by
their stable structure, uniform thickness, distinct style, but without noticeable random style fluctuations.
However, the font structure of people’s daily handwriting is more disorganized compared to the
aforementioned fonts, the thickness is uneven, and the handwriting style can vary randomly due to
various external factors in daily writing. As for calligraphic fonts, the thickness, brush strokes and
other brushstroke changes are even more pronounced. Both of these are different from the typical
computer vector fonts. Therefore, it’s essential to study these two types of fonts separately. This model
is based on the Diffusion process for generation, during which random sampling is implemented,
leading to different results each time; hence, it is more suitable for generating fonts with certain random
style adjustments.

We separately trained the model on daily handwritten fonts and calligraphy fonts, and the
generation results are as Fig. 10.
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The quantitative results (SSIM) are as follows: handwriting font 0.738, calligraphy font 0.722. As
can be seen from Fig.10, the generated results basically imitate the style of the original font, while
adding random style fluctuations. At the same time, the model also effectively captures the font’s
features such as connected strokes, brush tips, and thickness. Therefore, this model performs well in
generating handwriting and calligraphy fonts, with good representations of the fonts’ random style and
local fine-grained features.

Comparison of Masculine and Feminine Handwriting Fonts. In this section, we differentiate and
compare the generation effects of masculine and feminine fonts. The reason for distinguishing between
these two genders is that, from an objective and universal perspective, there are significant differences
in the structure, morphology, thickness, etc., of male and female fonts. As most of the fonts in the
training set are male fonts, we separately compare them to test the generalization ability of this model.
We found 5 males and 5 females to conduct font tests, each writing 120 fixed characters (100 for the
training set, 20 for the test set). Each model is trained and generates the corresponding 20 characters
for the test set and a new 500 characters, and then the results are quantitatively and qualitatively
evaluated. The results obtained are seen in Fig. 11.
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Figure 11. Comparatlon of handwrltmg and calllgraphy fonts generatlng results

Firstly, for the input fonts, male fonts are more straight and powerful, with distinct thickness and
clearly defined brush strokes; female fonts are more delicate and smooth, with a more balanced overall
structure. Looking at the generated results, the model has effectively captured the differences in male
and female fonts while maintaining consistency with the basic style and font itself. That is, it has strong
generalization ability in terms of stroke thickness, structure control, and the curvature of the strokes.

Also, for the results of the above test, a quantitative detection was performed using the SSIM
evaluation for comparison, with the results showing in Fig. 12.
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It can be seen that the average quality of the generated results for females is slightly higher than
that for males. However, after performing a t-test (p-value is 0.5634) on the two samples, it can be
reasonably assumed that the results of the two sample groups are consistent. This indicates that the
model has a strong generalization ability. Similarly, it can be observed from the chart that the sample
shift is not large (with a variance of approximately s=0.11), meaning that the model is quite stable in
creating a variety of generated results.

5. Conclusion

In conclusion, few-shot Chinese character generation presents a significant and intriguing challenge,
given the complexity and specificity of Chinese fonts. Traditional GAN-based models for font
generation suffer from issues such as unstable training and imprecise generation. However, the
diffusion model has shown excellent performance in image generation, even finding applications in
Al painting commercials. Some prior work has attempted to apply the diffusion model to few-shot font
generation. In this paper, we propose a simple yet effective few-shot font generation framework using
a conditional diffusion model. Our framework leverages three encoders to generate condition
embedding tokens, extracting key information such as content and style. By incorporating these
conditions into the diffusion process, our model effectively captures and models the three types of
information. Notably, our model achieves disentanglement of all encoders and the diffusion model,
enhancing model interpretability and facilitating the addition of new functionalities. Additionally, our
approach requires fewer training steps for different fonts, as we only train the style-coding with smaller
scales after pre-training, avoiding the need for large-scale diffusion model training. We achieve two
forms of few-shot generation: one for the same style but different characters, requiring only a few
characters for training, and another for different styles, needing only a few style fonts for training.
Experimental results demonstrate that our model outperforms previous few-shot font generation
methods in terms of quality, generating speed, and scalability of well-trained training datasets. Overall,
our proposed framework shows promise in addressing the challenges of few-shot Chinese character
generation and opens up avenues for further research and improvement in this domain.
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