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Abstract With the development of Generative Adversarial Networks (GAN), more and more researches
have been conducted in the field of Chinese fonts transformation and researchers are able to generate high-quality
images of Chinese characters. These font transformation models can transform a source font to a target font using
GAN. However, current methods have limitations that 1) generated images are oftentimes blurry and 2) models can
only learn and produce one target font at a time. To address these problems, we have developed a brand-new model
to perform Chinese font transformation. First, font information is attached to images to tell the generator the fonts
that we want to transform. Then, the generator extracts and learns feature mappings through convolutional networks
and generates photo-realistic images using transposed convolutional networks. The ground truth images are then
used as supervisory information to ensure that characters and fonts generated are consistent with themselves. This
model only needs to be trained once, but it is able to transform one font to multiple fonts and produce new fonts.
Extensive experiments on seven Chinese font datasets show the superiority of the proposed method over several
other methods in Chinese font transformation.

Key words Chinese font styles transformation; generative adversarial networks; multiple domains;
new font creation

1 Introduction compared to English or Latin letters, the total number

of Chinese characters is huge. Chinese government
Chinese font transformation and font design have standard GB18030-2000, there are 27 533 unique

always been problematic. One problem is that, characters'" and the number of daily used characters is
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at least 3 500. Another problem is that Chinese
characters have complex shapes and structures and
researchers cannot simply transform them by
classifying them.

Some methods, such as zi2zi and Chinese
typography

transformation based on Pix2Pix[2], which is an

transfer, implement Chinese font
image-to-image translation. These models learn feature
maps from one target font and then apply the feature
maps to the source font to do the transformation.
However, one limitation of doing so is that we need to
train this model again if we want to transform
characters to another target font, which can be very
time-consuming. Another problem is that the images
generated are oftentimes blurry.

Another image-to-image translation research is
StarGAN P!, StarGAN can learn the mappings among
multiple domains using only a single generator and a
discriminator, training effectively from images of all
domains.

Nevertheless, this method cannot work effectively
on transforming Chinese fonts because Chinese
characters have different radicals, graphic components
and strokes.

To address these problems, we have developed a
new GAN’s method. We use only one generator and
one discriminator. When given an image and a label
(one-hot vector) of the font of interest to the generator,
the generator will generate fonts corresponding to the
given label. Then given the fake image and real image
to the discriminator, the discriminator will discriminate
which one is the real image and give labels to both
images on the font style. If given one image and more
than one labels, the generator can create a new font.
We will explain the experimental content about
optimization process and the loss function in detail at
proposed framework.

In short, our main contributions are as follows.

1) Propose a novel Chinese font transform method
and a new font creation method, the former can
transform from one font to multiple fonts while the
latter can combine multiple fonts to generate a new
font.

2) Improve the GAN’s generator, let it learn the

specified multiple fonts information and specify the
font to be generated.

3) Produce qualitative and quantitative Chinese
characters images, compared with other methods.

2 Related Work

Chinese Fonts Transformation. Some Chinese
methods!*!

characters as the combination of radicals and strokes.

font transformation view Chinese
zi2zi is the first deep model. It views Chinese
characters as images, uses CGAN!® to transfer
typography style!®, and can successfully transform
fonts of Chinese characters. Style-Aware Auto-Encoder
(SA-VAE) can capture different graphic components of
Chinese characters by disentangling the latent features
into content-related and style-related components.
Chinese typography transfer is an end-to-end model
which does not rely on the graphical components of
Chinese characters or their stroke orders, and this
model treats each single Chinese character as an
inseparable image.

StarGAN. StarGAN is used for handling face
image styles conversion. It can take in training data of
multiple domains, and learn the mappings among all
available domains using only one single generator'.
This generator can combine learned feature mappings
to generate new images.

Generative Adversarial Networks. Generative
adversarial network (GAN)[g] has shown its superior
performance in computer vision and image translation.
A typical GAN model consists of two modules: a
generator and a discriminator. The generator learns
from the real samples to generate fake samples to
“fool” the discriminator, and the discriminator tries to
distinguish the real samples from the fake ones.

Image-to-Image Translation. In recent years
with development of GAN, image-to-image translation
has achieved great success in the field of image
Cycle-GAN'"  and
DiscoGAN!"! preserve key attributes between the

migration. For instance,
input and the translated images by utilizing a cycle
consistency loss.

Motivated by zi2zi and StarGAN, we developed a
new method to generate different fonts of Chinese
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characters. Our approach is to use different font

datasets and corresponding labels to train the generator.

In this way, the generator can successfully generate
fonts that we specify.

3 Proposed Framework

In this

experimental framework works. The comparison with

section, we will explain how our

other methods is shown in Fig. 1.

one font

one font

multiple fonts

one font
a. Our proposed model b. Other models

Fig. 1 Our model compare with other models

Let tdenote the ground truth image, x denote
the input image and y denote the fake image and
¢ denote the target font label. Let G be the generator
and G(x,c) — y means combining x and ¢ to feed into
G to generate a fake image y . Suppose the
D and D(x)—>{D, (x),D,(x)}
means giving an image x into the discriminator.

discriminator 1is

D, means the result that D produces on whether the
image is real. D, is the probability distribution of
the target font labels that D produces.

Framework steps. In our model, we use x with
one style and ¢ as input label (one-hot vector). Then,
we merge x and ¢ into a matrix. Using the matrix
feeds G and generates fake images. Finally, D
discriminates the images true or false, and each image
is given a font label probability.

In order to get good experimental results, we use
the adversarial loss (see formula (1) and (2)) to ensure
we can produce high-quality images. The semantic
consistent loss (see formula (7)) is used to keep the
contents of input images and output images consistent.
The font classification loss (see formula (3) and (4))
helps the model to generate and transform the fonts
correctly.

Adversarial loss. Below is the basic adversarial
loss function to ensure that the image generated by the
generator can “fool” the discriminator:

Ly, = E,llog Dy (0] + E, [log(1 - Dy (G(x,0)] - (1)

Here D tries to distinguish real images from
photo-realistic images which are generated by G. We
use ¢ as the supervision to make D to have
distinguishing ability to the maximum extent.

This loss function is to assist G making
photo-realistic images to fool the discriminator:

I, = E, [log(l - Dy, (G(x,¢)))] )
Here G tries to minimize this objective.

Fonts Classification Loss. We give the ground
truth images ¢ and ground truth label ¢ as the
supervision to let D learn to classify the fonts by
minimizing objective below. D, (c¢'|t) is a probability
distribution on target font’s labels computed by D. The
loss defines as

L, = E, [-log D, (c'|1)] 3)
The loss function for font classification of fake images
is defined as
L, = E, [-log D (c| G(x,0))] “)
Here G tries to minimize this objective to generate
fake images which will be classified as target labels.

Gradient penalty loss. We use gradient penalty!'¥
to get faster convergence and produce higher-quality
photorealistic samples. V. denotes gradient. o is a
hyperparameter. The loss is defined as

X=a*t+(l-a)*x 5)
GP,, =2, (IV . Dy, (x) ||, 1)’ (6)

Semantic consistent loss. In our model, we want
generated Chinese characters to be the same as the
given ones, so we use the L1 loss function. The
semantic consistent loss is defined as
Ly = E, [l = G(x,0)[|;] (7
and minimizing this objective can make G keeping the
content consistent.

Final

Combining all the loss functions, we train the final

optimization  objective  function.

optimization objective function as

mcin max Lyo=L,+L; ®)
and
Ly = Ay Ly, + A (Lo, + GP,,) ©)
L, =4 L%, + A4 L + A L (10)
Where A, 4., and A, are weights that apply to

losses to have a better trade-off in semantics,
classification and adaptation.



AWS,‘H

MR, A BET 0P I 2% 1 22 RS AL LU 677

Algorithm. The algorithm of the proposed
method is as follows.
Input: Source image x and target label c ; Target
image ¢ and target label ¢
randomly initialized a generator G and a
discriminator D
repeat
for number of training epochs do
for number of batch-size do
//for generator
0, <0, - ,uaL—DG , Lpe asEq.7
06,

//for discriminator

oL,
0, <« 6 +u— [' asEq.l
D Dy TH P eDdh adv q

d
d

oL
Op,, < O, TH Q—CIS L, asEq3

> els
Dyis

0, « HDM + ngs
end for
end for

Until convergence

éu 40,

g’c 40,

Output: the optimized G and D by g’o,g’c

4 Experimental and Results

4.1 Experimental Settings

For comparing with zi2zi and Chinese typography
transfer, the font2img script from zi2zi was used to
generate Chinese font datasets. The seven Chinese font
datasets include: Songti style, Heiti style, Kaiti style,
Lishu style, Xinwei style, Shuti style, and Xingkai
style. 3 498 Chinese characters were generated for
each dataset, generating total of 24 486 Chinese
character images. The image size of each character is
set to 64x64x3. A number to each font is assigned as
the label, i.e., 0 to Songti style, 1 to Heiti style, 2 to
Kaiti style, 3 to Lishu style, 4 to Xinwei style, 5 to
Shuti style, and 6 to Xingkai style. After that we
converted each label to one-hot label.

To let the generator know the font we specified,
input images and labels is attached together. As a result,

the input size of images is changed to 64x64x(3+7)
while the output size remains as 64x64x3.
4.2 Network Architecture

Inspired from StarGAN and ADDA!, our model
has one generator and one discriminator, which has the
capabilities of discrimination and classification. The
generator network is composed of three convolutional

blocks, six residual blocks!™!

, and three transposed
convolutional blocks. The instance normalization is
used for each convolutional layer and a rectified linear
unit (Relu) activation function is followed. The
discriminator network is composed of six
convolutional blocks and two fully convolutional
networks. Each convolutional block contains a
convolutional layer and a Leaky-Relu activation
function. One of the fully convolutional networks is
used to distinguish real and fake images, and the other
ones are used to classify the fonts.
4.3 Results on zi2zi’s Dataset

Choosing one font as the source font and the rest
six fonts as the targets, we produced high-quality
images with fonts specified. The real images and
photo-realistic images generated by using Songti Style
are shown in Fig. 2. From the figure we can see that
the produced images have clear graphical structures
and strokes. It can be seen the photo-realistic image in
last line generated by combing Xingkai and Xinwei
Style is very successful.
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Fig.2 Real images and our generating images

Comparing with other models which can only
produce one font, our model can successfully not only
generate six target fonts by using one source font, but
also create one new font by combining any fonts, and
all fonts generated have clear images. The comparing
results are shown in Fig. 3 and Fig. 4.
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In theory, the ability of combining fonts makes it

possible for our model to generate 63 new fonts.
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Fig. 4 Comparison of the results of three models

generated at a time

5 Conclusion

In this paper, we proposed a new model to do
one-to-many Chinese fonts transformation and to
produce new fonts by combining existing fonts.
Comparing with zi2zi and Chinese typography transfer,
our model can produce higher-quality images and is
reusable for different fonts. This reusable feature saves
a lot of time compared to modifying and training the
model again. Besides, the reuse of the same model is a

major focus of transfer learning for deep learning.
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