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A B S T R A C T

Human facial expression transformation has been extensively studied using Generative Adversarial Networks 
(GANs) recently. GANs have also shown successful attempts in transforming anime-style images. However, 
current methods for anime pictures fail to refine the expression control efficiently, leading to control effects 
weaker than expected. Moreover, it remains challenging to maintain the original anime face identity information 
while transforming. To address these issues, we propose an expression transformation method for anime-style 
images. In order to enhance the control effect of discrete emoticon tags, a mapping network is proposed to 
map them to high-dimensional control information, which is then injected into the network multiple times 
during transformation. Additionally, for better maintaining the anime face identity information while trans-
forming, an integrated attention mask mechanism is introduced to enable the network’s expression control to 
focus on the expression-related features, while avoiding affecting the unrelated features. Finally, we conduct a 
large number of experiments to verify the validity of the proposed method, and both quantitative and qualitative 
evaluations are carried out. The results demonstrate the superiority of our proposed method compared to existing 
methods based on multi-domain image-to-image translation.

1. Introduction

The rapid development of computer vision and graphics has shown 
its great performance on image processing field such as traffic signs and 
vehicles recognition [1,2]. Inspired by these studies about the images of 
real world, researches in the field of anime have been driven. Growing 
speed of the anime industry is very fast these days. The anime industry is 
not only important, but also one of the pillar industries in some coun-
tries. The total annual market is more than tens of billions or even 
hundreds of billions of dollars. Considering the heavy workload of 
designing anime characters for each anime series, creating and 
designing them with automatic methods can significantly reduce the 
cost. However, mastering painting skills requires great efforts. At the 
same time, the existing image editing software and algorithms cannot 
produce satisfactory anime results. The automatic generation of anime 
characters provides an opportunity to create customized characters 
without professional skills, which is very helpful for artists and can save 

a lot of time.
Image-to-image translation aims to transfer an image from one 

domain to another while the characteristics of given image remaining 
unchanged. Recently, image-to-image translation has made some suc-
cess in agriculture and medical field [3,4]. The generative adversarial 
network (GANs) [5] proposed by Goodfellow et al. is an unsupervised 
learning technology, which has achieved amazing success in the task of 
image generation. GANs have been used by some recent studies to 
provide some successful attempts for high-quality anime-style image 
generation. These studies have shown good results in anime content 
generation, converting real-world pictures into anime-style pictures and 
automatic coloring of anime sketches. However, research on facial 
expression transformation of anime is not satisfactory. In particular, the 
existing methods are unable to effectively control details such as eye-
brows and lips during the transformation process. Meanwhile, the 
identification information, such as the shape of the nose, the color of the 
skin and the color of the eyes, is frequently lost during the 
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transformation process.
Fig. 1 shows some examples of the failure to control expressions and 

the failure to retain the original information during the transformation 
process. It can be seen that the transformed images have difference in 
hair color and skin color, and the effect of changing the expressions is 
unstable. The complexity and color texture diversity of anime faces are 
far higher than those of real faces, also there are small differences be-
tween classes but great differences within classes. For example, for real 
human beings, we can easily tell the difference in appearance between 
two people from the size and position of their features and shapes, but 
for anime face pictures, the difference in features is hard to notice. 
Anime faces are highly simplified and abstract, and different anime 
works are influenced by the author’s different drawing styles, brush 
strokes, and other factors. These intricately-distributed data determine 
that the difficulty of anime face expression transformation task is far 
greater than that of real face. Anime face cannot use continuous action 
units with intensity to represent facial muscle movement, so it cannot be 
trained with the dataset marked by facial expression coding system 
(FACS) like the real facial expression transformation method. The 
existing methods are based on multi-domain image-to-image translation 
model and training on the dataset marked by discrete expression tags, 
which still has some problems. On the one hand, the discrete expression 
label has a single value. After simply copying and expanding it into 
control information, the redundant value can hardly refine the expres-
sion control; moreover, the multi-domain image-to-image translation 
model used has weak control over expression features. On the other 
hand, the existing studies use the method of cycle consistency loss to 
maintain the identity information of the face. However, it is observed in 
the experiment that the cycle consistency loss is difficult to maintain the 
anime face identity information (such as skin color, hair color, etc.) for 
many pictures. In addition, the facial expression of anime conversion 
task still lacks a clean labeled public dataset. Therefore, the task of facial 
expression conversion of anime characters has not been well studied.

Inspired by previous work, this paper proposes a facial expression of 
anime transformation method based on decoder control and attention 
mask. This method takes the GAN as the framework, and its generator 
has three sub networks: control information mapping network, expres-
sion transformation network and attention mask generation network. 

The control information mapping network maps discrete expression 
labels into high-dimensional control signals through affine trans-
formation and nonlinear transformation. The expression transformation 
network realizes multiple control information injection of image fea-
tures through AdaIN in the decoder part, so as to refine the expression 
control and enhance the effect. The attention mask generation network 
helps the expression control focus on the expression related areas by 
generating the attention mask of the input image to avoid the influence 
of the irrelevant areas. The contributions of this paper can be summa-
rized as follows:

(1) A network generator based on decoder control is proposed to 
enhance the control over detailed transformation. The generator maps 
the discrete expression into high-dimensional control information by 
using a mapping network instead of simple copy operation, and then 
injects control information into different levels of features to enhance 
the control of expression features.

(2) The attention mask mechanism is integrated into the network 
proposed in this paper to help the expression control of the generator 
focus on the expression related areas, while retaining the characteristics 
of irrelevant areas, so as to better maintain the anime face identity 
information.

The rest of paper is organized as follows. Section 2 reviews the 
related works. Section 3 presents the framework of our proposed 
method. Details of our proposed method are described in Section 4. 
Section 5 shows the experimental results. Section 6 elaborates the 
conclusions.

2. Related work

2.1. Image-to-image translation

Image-to-image translation covers many applications situation in 
reality, which means it is one of the key directions in computer vision. 
The generative adversarial network proposed by Goodfellow et al. is an 
unsupervised learning technology, which has been widely used in image 
generation. The core idea is to establish two competing deep neural 
networks, which are trained simultaneously in a min max game. These 
years, GAN has achieved surprising success in the image generation task. 
Since the introduction of GAN, the image translation task has been 
greatly improved.

To solve the problem of style diversity, a lot of research work has 
been done on image translation [6–12]. Pix2Pix [6] is a popular su-
pervised image translation framework that describes paired image 
translation as a general conditional GAN problem. It not only learns the 
mapping between input and output images, but also learns a loss func-
tion to train the mapping. To solve the problem that paired training data 
cannot be obtained, CycleGAN [7] learned the mapping from unpaired 
input fields to output fields by combining the adversarial loss with the 
cycle consistency loss. The core idea is that the generator network at-
tempts to reconstruct the original image from the fake image and cal-
culates the L1 norm as a cycle consistency loss. However, because these 
methods only focus on the mapping between the two domains, they are 
difficult to cope with the increasing number of domains. For example, if 
you have N domains, these methods require training (N-1) generators to 
handle the conversion between each domain, meanwhile the training 
time and the overhead of model parameters limit the actual use of these 
methods.

In order to solve the problem of domain scalability, some studies 
have proposed a unified framework [13–17]. Anoosheh et al. [14] 
proposed a multicomponent image translation model and training 
scheme, which is linearly related to the number of domains in terms of 
resource consumption and time required. The model proposed by Hui 
[15] consists of a globally shared auto-encoder and N Domain-Specific 
encoders/decoders, assuming that globally shared auto-encoders can 
map inputs to a common shared potential space. StarGAN [13] is one of 
the most famous research projects. It solves this problem by adding an Fig. 1. Some failure examples by existing methods.
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auxiliary domain classifier to the discriminator network. Instead of 
training multiple times in the cross-domain model, it uses a single 
generator network to efficiently learn the mapping between different 
domains. The author realizes the expression migration of human face by 
treating each discrete expression as a domain. However, StarGAN still 
has some limitations, can hardly learn minor features. For instance, 
StarGAN is only able to learn major facial features such as hair color and 
skin color, while minor features like nose size or mustache are not 
effectively learned. In terms of facial expression conversion, StarGan’s 
conversion effect is unsatisfactory, and it is challenging to preserve the 
original features. To address the limitation of StarGAN when dealing 
with minor features, we propose an expression transformation method 
with a mapping network, which aims to map discrete emoticon tags to 
high-dimensional control information, and then injected the informa-
tion into the network multiple times during transformation. In addition, 
an integrated attention masking mechanism is introduced, allowing the 
expressive control of the network to focus more on expression-related 
features, improving the retention of the original information.

2.2. Anime content generation

In the field of anime character image generation, Xiang et al.’s 
research [18] is able to generate anime portraits with fixed content and 
multiple styles from different artists. PSGAN [19] generates 
high-resolution full-body anime character images by gradually 
increasing the resolution of the generated images during training. Jin Y 
et al. [20] proposed a conditional anime face generation framework that 
can randomly generate anime faces with specific attributes. They 
collected an anime face dataset by crawling images from anime web-
sites, automatically extracted 34 tags using illustration2Vec [21], and 
performed post-processing with SRGAN [22] to achieve super-resolution 
imaging. However, their generated images suffer from facial distortion 
and are difficult to identify. Li and Han’s [23] SGA-GAN is a 
gender-style-based GAN that generates anime faces by adjusting gender 
attributes and style features. However, the generated anime faces have 
low quality and many distorted facial features.

In terms of facial attribute control of anime characters, Jiale Zhang 
et al. [24] proposed a cascaded pose transform network that unifies face 
pose transformation and head pose transformation, which generates 
anime character heads that can imitate speech actions from an 
anime-style image. They introduced a mask generator to make facial 
expression anime (for example, close eyes and open mouth). Honglun 
Zhang et al. [25] proposed a new generative adversarial network RAG. 
They suggested using a generator to learn residual attributes rather than 
target attributes to edit facial attributes. In the experiment, the author 
realized the editing of facial attributes (hair color, pupil color, mouth 
shape) of anime characters. Bing Li et al. [26] propose a novel generator 
architecture that can simultaneously transfer color/texture styles and 
transform local facial shapes into anime-like counterparts based on the 
style of a reference anime-face. Majid Mobini et al. [27] produced a 
dataset specially used for facial expression of anime conversion. Based 
on the unified framework StarGAN of multi domain image to image 
translation, adjusting the weight of the deceptive field of the generator 
network and the image reconstruction loss coefficient, a good facial 
expression conversion of anime is achieved. But its expression conver-
sion effect is weak in some pictures, moreover there are cases where the 
face identity information of the source image cannot be retained. The 
problem exists partly due to the lack of public anime datasets containing 
expression tags, which has led to the fact that the task of facial expres-
sion conversion of anime characters has not been well studied. To 
address this problem, we propose a new facial dataset of anime char-
acters, and the images in this dataset have been categorized based on the 
type of expression, which will be more helpful for subsequent work.

Though some researches have been done for facial expression 
transformation and made significant progress with the popularization of 
deep learning, many problems still need to be addressed. In summary, 

there are two main challenges in transforming expressions for anime 
images. Firstly, existing methods do not work well on anime datasets, 
resulting in a weaker control effect compared to real-image datasets. 
Secondly, it is challenging to maintain the original identity of the anime 
face while using existing methods.

3. Overview of method

The overall structure of our proposed method is illustrated in Fig. 2. 
Our method is based on GAN, composed by a generator and a discrim-
inator. A pretrained network is introduced to calculate the contextual 
loss. Specifically, the task of the method is to use an image and a target 
expression label as inputs of the generator, so that the expression of the 
output image matches the target expression, while preserving other 
original attributes of the animated face, including identity, texture and 
posture information. In addition, in order for the generator to learn how 
to generate new images more stably, target expression label will be 
randomly generated. It is worth noting that during the training of the 
discriminator, the classification discriminant branch of the discrimi-
nator outputs a probability distribution describing the features of the 
input image, and this probability distribution will help the model to 
learn various feature attributes and classify them into the correct feature 
labels.

As illustrated in Fig. 3, the generator of our proposed method is 
composed by 3 sub-networks which are control information mapping 
network, expression transformation network and attention mask gen-
eration network. Control information mapping network can extend the 
numerically single discontinuous one-hot vector into numerically 
multivariate high-dimensional potential control information, so that the 
control information can refine the control of expression features. The 
structure of expression transformation network is similar to the encoder 
and decoder structure. This is because by separating the two phases of 
encoding and decoding, this architecture enables a flexible mapping 
from input to output. This mapping capability allows the model to 
handle more complex tasks. The encoder is composed of three down- 
sampling layers and three bottleneck layers meanwhile the decoder 
consists of three bottleneck layers and three up-sampling layers. Inspired 
by StyleGAN [28], we decided to control the image generation in the 
decoder part. The decoder control provides a better effect over the 
high-level attributes of the generated image, such as hair style, freckles, 
etc., than the input-side control and the feature-layer control. In order to 
achieve decoder control to enhance the effect of expression control, all 
but the last layer, the decoder part normalizes the image features in the 
way of AdaIN after each convolutional layer, so that the control infor-
mation is injected many times in the process of image generation. The 
task of expression transformation network is to take an origin image and 
dimensional control information as inputs and output the expression 
region coloring mask matching the target expression. The structure of 
attention mask generation network is similar to expression trans-
formation network. Origin image is taken as the input of the network. 
Then the attention mask with the same resolution as the image is 
outputted. Attentional masks can help to focus the model’s control on 
the parts of the face that are more necessary for the transformation task, 

Fig. 2. The overall structure of our proposed method.

X. Rao et al.                                                                                                                                                                                                                                     Signal Processing: Image Communication 138 (2025) 117343 

3 



while the more minor parts are better preserved.
The discriminator of our proposed method consists of a shared con-

volutional layer and two subsequent branches. The shared convolutional 
layer is a common down-sampling structure, but no normalization 
operation is used in the feature extraction process. One of the branches 
of the discriminator is to judge the authenticity of generated image. The 
other branch is to classify the expression of generated image, which can 
enhance the transformation of expression.

The pretrained network calculate the contextual loss by comparing 
the features of fake and real images. Through minimizing the contextual 
loss, the generated output image will be similar to the input image, but 
not a perfect match, in order to preserve the identity information of the 
anime face from the input image while transforming the expression.

4. Details of method

4.1. Decoder control

Decoder control is achieved in the generator. For an anime face 
image x, label co represents the original expression of image x, and label 
ct represents the target expression to be transformed. The task of the 
generator is to take x and ct as inputs to make the expression of the 
output picture y∗ match the expression represented by ct, while retaining 
other original attributes of the anime face, including identity, texture, 
pose and other information. In addition, in order for the generator to 
learn how to generate a new image more stably, the expression tag ct will 
be generated randomly. The definition of generator is shown in formula 
(1). 
G(x, ct) = y∗ (1) 

Generator G has three sub networks, as shown in Fig. 4, which are 
expression transformation network Gtrans, attention mask generation 
network Gatt and control information mapping network F.

By learning the ability of affine transformation and nonlinear 
transformation of discrete expression labels in training, the control 
mapping network F extends the numerically single discontinuous one- 
hot vector into numerically multivariate high-dimensional potential 

control information. This higher dimensional control information will 
contain more and deeper features during the training process, which will 
allow the model to better learn the differences of expressions and thus 
refine the expression features more. Let the input of the mapping 
network be discrete expression labels ct and the output be high- 
dimensional control information kt. The definition of the relationship 
between them is shown in Formula (2). 
0kt = F(ct) (2) 

The mapping network is used to perform affine transformation and 
nonlinear transformation on the discrete expression labels, expanding 
them into high-dimensional control information while diversifying the 
values of the control information, avoiding the problems of a single 
value and redundancy of control information that exist in the above 
methods, and enriching the high-dimensional information with details 
of the expression control.

The structure of the control mapping network is a multi-layer per-
ceptron, as shown in Fig. 5.

The multilayer perceptron has a strong nonlinear fitting capability, 
and through the superposition of multiple hidden layers and nonlinear 
transformation of the activation function, the multilayer perceptron is 
able to learn more complex feature representations, thus enabling the 
modelling of nonlinear relationships. The multi-layer perceptron con-
sists of 9 fully connected layers and an activation layer after each fully 
connected layer. Each fully connected layer contains several perceptron 
models, also known as neurons. Every neuron contains several inputs 
and outputs. The relationship between input and output is linear, also 
known as affine transformation, which can be described as formula (3). 
z =

∑m
i ωixi + b (3) 

where the ωi stands for the weight of a neuron in layer i and a neuron in 
layer i + 1, b stands for the bias.

The first fully connected layer of the network is composed of 512 
neurons, which maps k-dimensional discrete expression labels to 512 
dimensions. Followed 7 fully connected layer is composed of 512 neu-
rons, which is used to learn complex affine transformation. The last fully 
connected layer is composed of N dimensions, which maps the input into 
n-dimensional control information. Immediately following the output of 
each neuron is the activation layer, which is a nonlinear activation 
function, enabling the model to learn complex nonlinear trans-
formations. The ReLU activation function is used here.

We achieve the decoder control in the expression transformation 
network Gtrans, and multiple controls are realized by injecting control 
information into different levels of features in the decode, so as to 
enhance the control intensity of expression features in the network. 
Gtrans takes the image x and control information kt as inputs and outputs 

Fig. 3. The framework of our proposed method.

Fig. 4. The structure of generator. Fig. 5. The structure of the control mapping network.
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the expression region coloring mask y matching the target expression. 
The definition of the whole process is shown in Formula (4). 
Gtrans

(x, kt) = y (4) 
As shown in Fig. 6, The structure of Gtrans is similar to the encoder and 

decoder. K represents the size of convolution kernel, n represents the 
number of convolution kernel, and s represents the step size of convo-
lution. The encoder is composed of three down-sampling layers and 
three bottleneck layers. The down-sampling layer uses convolution to 
extract image features, the bottleneck layer uses residual blocks to in-
crease the depth of the network. After each convolutional layer, the IN 
layer is used for normalization. The decoder consists of three bottleneck 
layers and three up-sampling layers. The bottleneck layer also uses re-
sidual blocks to increase the depth of the network, and the up-sampling 
layer uses transpose convolution to enlarge the resolution of image 
features. In order to achieve decoder control to enhance the effect of 
expression control, all but the last layer, the decoder part normalizes the 
image features in the way of AdaIN [29] after each convolutional layer, 
so that the control information is injected many times in the process of 
image generation. Unlike existing multi-domain image-to-image trans-
lation methods that perform control information injection only once 
throughout the forward pass, the decoder control method we use injects 
control information using AdaIN in each subnetwork layer of the 
decoder or the latter part of the bottleneck layer of the generator as well 
as in the up-sampling layer, and the increase in the number of control 
times can play an enhanced role in the effect of the expression control, 
avoiding the expression problem of weak control strength. In more 
detail, firstly, the image features are normalized using the IN layer. 
Different from the IN layer of the encoder part, the affine transformation 
parameters here are set to be unlearnable. Then, a fully connected layer 
is used to affine transform the dimension of control information kt to 
twice the image feature dimension. Let the fully connected layer here be 
represented by f. Then slice the control information into two parameters 
f(kt)

1 and f(kt)
2 with the same dimension. Finally, f(kt)

1 and f(kt)
2 are 

used to affine transform the image features after IN layer to complete the 
injection of control information. Let the image feature be represented by 
X. The whole process of AdaIN can be represented by formula (5). 
AdaIN(X, kt) =

(1+ f(kt)
1
)
(IN(X)) + f(kt)

2 (5) 

4.2. Attention mask

Attention masking is a technique used to control the flow of infor-
mation by assigning exclusive weight maps to the output feature maps of 
the network layer to identify key features in the feature maps. These 
weight maps can be fed into the network as additional information to 
help the model focus on areas of the input information that need to be 

focused on. The principle of attention masking is that by introducing a 
new weight layer, the model can learn to automatically identify and 
focus on key information in complex input data, thereby improving the 
performance and accuracy of the model. Therefore, this paper constructs 
an attention mask generation network Gatt in the generator. As shown in 
Fig. 7, the structure of the network is composed of three down-sampling 
layers, six bottleneck layers and three up-sampling layers. In order to be 
able to extract deep features of the same dimension, the structure of Gatt 
is very similar to the expression transformation network Gtrans, which is 
equivalent to replacing all AdaIN layers with IN layers, and changing the 
number of convolution kernels of the last layer to one. Gatt takes only the 
image x as the input, and then outputs the attention mask M with the 
same resolution as the image x (H× W) but the number of channels is 
only 1. The definition of this process is shown in formula (6). 
M = Gatt(x) ∈ {0,…,1}H×W (6) 

Ideally, the value of M should be 0 or 1, indicating that the corre-
sponding pixel of x is independent or related to the expression attribute. 
If an area is considered to be completely irrelevant to the transformation 
task (i.e., when M = 0), the model will not make any changes to that 
area, which will help the model to better preserve the original features of 
the image. Based on the expression region coloring mask y output by 
Gtrans and the attention mask M output by Gatt, the identity information of 
the anime face can be maintained by extracting the changes of the 
expression related region only from y and copying the other regions 
from x. This mechanism enables Gtrans to learn how to control the image 
features only in the expression related areas, while keeping the features 
unchanged in other areas to reduce the change of anime face identity 
information. The process of synthesizing the output image y∗ using the 
input image x, the expression region coloring mask y and the attention 
mask M can be described by formula (7). 
y∗ = M⋅y + (1−M)⋅x (7) 

Therefore, the whole process of the generator can be described as 
formula (8). 
G(x, ct) = Gatt(x)⋅Gtrans(x, F(ct)) + (1−Gatt(x))⋅x (8) 

4.3. Discriminator and loss function

The discriminator of our proposed method consists of a shared con-
volutional layer and two subsequent branches, as shown in Fig. 8. The 
shared convolutional layer is a common down-sampling structure. One 
branch uses the structure of PatchGAN [6] to improve the authenticity of 
the generated image, the other branch improves the effect of expression 
feature conversion by capturing and determining the expression features 
of the generated image.

Like all GAN, in order to make the generated image indistinguishable 
from the real image, this paper uses adversarial loss, which is defined as 
formula (9). Dadv(x) represents the image probability distribution of the 
branch output of judging whether the image is true or false in the 

Fig. 6. The structure of expression transformation network. Fig. 7. The structure of attention mask generation network.
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discriminator D. Generator G attempts to minimize the target, while 
discriminator D attempts to maximize the target. 
Ladv = Ex[logDadv(x)] + Ex,y[log(1−Dadv(G(x, ct)))] (9) 

At the same time, we apply WGAN-GP to stabilize the training pro-
cess and generate higher quality images. As Ishaan et al. [30] explained, 
the gradient penalty is defined as formula (10), where x̃ is the linear 
uniform sampling between the real sample and the generated sample 
pair. 
Lgp = Ex̃

[
( ‖ ∇x̃Dadv(x̃)‖2 − 1)2] (10) 

In order to make the expression in the generated image y of generator 
G match the target expression represented by ct as much as possible, this 
paper uses expression classification loss and divides it into two stages 
during training. In one stage, the expression loss is used to evaluate the 
expression category of the real image while training D, and in the other 
stage, the expression loss is used to evaluate the expression category of 
the generated image while training G. The definition of the former is 
shown in formula (11), where Dcls(co|x) represents the expression 
probability distribution output by the expression classification branch in 
the discriminator D. D learns to correctly classify the real image x into its 
corresponding expression category co by minimizing the loss. 
Lreal

cls = Ex,co [ − logDcls(co|x)] (11) 
On the other hand, the definition of the latter is shown in formula 

(12), where the generator G learns how to generate a new picture con-
forming to the target expression category ct by minimizing the loss. 
Lfake

cls = Ex,ct [ − logDcls(ct |G(x, ct))] (12) 
In order to make the new image y generated by the generator only 

change the expression attributes and retain other original attributes of 
the original image x as much as possible, this paper applies contextual 
loss [31] to the generator.

Because the contextual loss requires that the output picture is similar 
to the original picture, it is allowed to produce position deformation. 
Due to the change of expression, the output picture and the input picture 
will not be fully aligned. Therefore, this deformation is advantageous. 
Compared with the cycle consistency loss and pixel by pixel matching, 
contextual loss is a good choice to maintain the output image anime face 
identity information. In this paper, a VGG19 [32] network trained in 
image classification is utilized as the loss network Φ, which has learned 
to extract image features. Let the contextual loss be LCX. In order for G(x)
to retain the same face identity information as x, the contextual loss 
needs to be calculated for the layer lt feature set extracted by Φ. The 
definition of LCX is shown in formula (13). 
Lcx = LCX(G(x), x, lt) (13) 

Finally, the comprehensive loss of training the generative adversarial 
network generator and discriminator as shown in formulas (14) and 
(15), where λcx and λcls are adjustable weight coefficients to control the 
weight of contextual loss and expression classification loss in the 
comprehensive loss respectively. 

LG = Ladv + λcxLcx + λclsLfake
cls (14) 

LD = −Ladv + λclsLreal
cls + λgpLgp (15) 

5. Experiment

5.1. Baseline

Since anime facial expression transformation can be considered as a 
specific application of unpaired multidomain image-to-image trans-
lation, in order to highlight the good performance of our proposed 
models, we selected CycleGAN 7, a dual-model based multidomain 
image-to-image translation framework, ComboGAN 14, a multi-model 
based unified multidomain image-to-image translation framework, 
and StarGAN 13, a single-model based multidomain image to image 
unified translation framework are compared. All of them are based on 
reconstruction loss approach to maintain face identity information. 
StarGAN is chosen as the baseline for the ablation experiment.

5.2. Dataset

Existing public anime face datasets such as iCartoonFace [33] pro-
vide high-quality anime face images, but the tags provided by these 
datasets are identity tags for anime face recognition tasks, moreover 
these tag data are not available for anime face expression tasks. For the 
lack of anime face dataset with expression label, this paper decides to 
create a dataset suitable for anime face expression task. Danbooru is a 
free image hosting website. Users can upload their tags and images, so 
each image carries the user’s tag. In this paper, "angry", "sad", "smile" 
and "surprised" are selected as the basic expressions. The color anime 
pictures labeled by the four types of tags are retrieved and downloaded 
from the website. The downloaded pictures are trimmed by using the 
anime face detection model. Afterwards, we manually complete some 
pictures that are not normally cropped and marked, also eliminate some 
negative samples. Finally, this paper completes the data collection of 
four kinds of expressions (anger, sadness, smile and surprise). Fig. 9
shows some contents; Among them, 1615 pictures were collected in the 
angry expression dataset, 1138 pictures were collected in the crying 
expression dataset, 3370 pictures were collected in the smiling expres-
sion dataset, and 1183 pictures were collected in the surprised expres-
sion dataset. Lastly, the dataset is expanded to 11,612 pictures by using 
the data expansion method.

5.3. Training details

The experiment was carried out under the Pytorch deep learning 
framework. The GPU was Quadro RTX 4000 and the memory was 16 g 
(NVIDIA, Santa Clara, CA, USA). The model in this paper is trained using 

Fig. 8. structure of discriminator.

Fig. 9. partial image of dataset.
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batch size (16), number of iterations (200,000) and optimizer (β1 = 0.5 
and β2 = 0.999, Adam). The basic learning rate in the model is set to 
0.0001. The basic learning rate is used in the first 100,000 iterations, in 
addition the quotient of the learning rate and the number of iterations is 
reduced every 1000 iterations between 100,000 and 200,000 iterations. 
The decreasing learning rate helps the model to gradually reduce the 
overfitting to the training data during the training process, thus 
improving the generalization performance of the model. λcx and λcls is set 
to 0.1 and 1. CycleGAN, ComboGAN and StarGAN use the default pa-
rameters provided by their authors for training.

5.4. Ablation experiment

For the quantitative evaluation of the image quality generated, we 
compare the Fréchet Inception Distance (FID) [34] score and Kernel 
Inception Distance (KID) [35] score between the test image and the 
image generated by each method. The FID score and KID score are 
widely used metric for assessing the quality of generated image and have 
been shown to correlate well with human perception of image quality, 
making them a reliable and objective measure of image fidelity. The 
lower the FID score and KID score, the higher the quality of the gener-
ated image. The results are shown in Table 1.

The StarGAN is selected as a baseline of the experiments. Addition-
ally, three baseline are considered in order to demonstrate that the 
improvement of our method has not resulted from other modifications 
than the proposed framework: First, baseline with decoder control (DC) 
demonstrates that the decoder control proposed can effectively enhance 
the quality of the transformation. Second, baseline with attention mask 
(AM) shows that the introduction of an attention mask is beneficial. 
Third, our method without contextual loss (CL) demonstrates that 
combining the decoder control and attention mask mechanisms simul-
taneously yields better results. Besides, the usefulness of the contextual 
loss has been proven. Our method improves the statistics of the FID 
metrics by 34.12 % compared to StarGAN in terms of expression 
transformation effect. And for the KID metric, which is closer to human 
intuitive perception, our method is 52.55 % ahead.

Additionally, Fig. 10 showcases the qualitative evaluation of 
different baselines. The results indicate that DC can markedly enhance 
the control effect of labels, particularly regarding the bending of the lips 
and changes in the eyes. However, injecting control information may 
render the generated images unstable in terms of details such as skin 
color and background. The problem causes the FID score of Star-
GAN+DC is worse than baseline. The use of AM solves the problem and 
improves the ability to retain detailed information like skin and hair 
color as well as the background. Our proposed method outperforms 
other baselines noticeably.

5.5. Quantitative evaluation

For the quantitative evaluation of the generated image quality, we 
used the Fréchet Inception Distance (FID) and Kernel Inception Distance 
(KID) scores, which are commonly used to assess the quality of synthetic 
images in image translation research. FID measures the similarity of 
feature distributions between real and generated images, while KID 
calculates the statistical distance between two distributions using kernel 
methods. A lower FID or KID score indicates that the distribution of 

generated images is more similar to that of real anime-faces. By 
computing both metrics, we obtained an objective measurement of the 
quality of the generated images. The results are shown in Table 2.

The table shows that the FID and KID scores of the proposed method 
in this paper are significantly lower than those of other methods. On the 
FID metric, our method is 78.04 % ahead compared to the classical 
CycleGAN and 34.12 % ahead compared to StarGAN. And on the KID 
metric, our method is 51.31 % ahead of CycleGAN, and 52.55 % ahead 
compared to StarGAN. ComboGAN performs the worst in the experi-
ment, and is significantly weaker than the rest of the control group on 
both metrics. This indicates that the quality of the images generated by 
the proposed method is higher than that of other methods, and that the 
original identity information is better preserved when transforming 
facial expressions.

Table 1 
Fréchet Inception Distance (FID) scores of our method and baselines.

Method FID score KID score
StarGAN 13 79.04 2.74E-02
StarGAN+DC 84.58 3.01E-02
StarGAN+AM 

Our without CL
63.65 
54.49

1.89E-02 
1.41E-02

Our 52.07 1.30E-02

Fig. 10. partial results compared with other baselines.

Table 2 
comparison of FID scores with other methods.

Method FID score KID score
CycleGAN 7 78.70 2.67E-02
ComboGAN 14 141.98 7.96E-02
StarGAN 13 79.04 2.74E-02
Our 52.07 1.30E-02
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5.6. Qualitative evaluation

For the qualitative evaluation of the images generated by each 
method, Fig. 11 shows some experimental results of each method.

In terms of expression conversion effect, the performance of Cycle-
GAN is unstable. Only the expression of individual results has changed in 
the first and fifth lines, which can explain the FID score of CycleGAN is 
better than StarGAN and ComboGAN. In the results of StarGAN, there 
are more effective expression transitions than CycleGAN; The degree of 
expression transformation in ComboGAN is stronger than that in Star-
GAN, but there are exaggerated changes. The method in this paper is 
more natural in vision.

In terms of maintaining face identity information, the expression 
conversion results of CycleGAN, ComboGAN and StarGAN are incon-
sistent with the face identity information of the original picture anime, 
which is reflected in the change of hair color and skin color, as well as 
the loss of nose in the form of weak embellishment in anime. In 
particular, ComboGAN, although it is able to change the details of the 
face more efficiently and is stronger in terms of transformation effect 
compared to both StarGAN and CycleGAN, too many original features 
are lost during the transformation process. ComboGAN is not able to 
keep the hair color information intact in almost every transformation, 
which explains why ComboGAN, which has a stronger control effect, has 
the worst scores in both FID and KID metrics. The methods proposed in 
this paper are consistent with the anime face of the original picture in 
these aspects. Therefore, the method proposed in this paper is superior 
to other methods in expression conversion effect and maintaining anime 
face identity information.

6. Conclusion

This paper proposes a method for transforming anime-style facial 
expressions based on decoder control and attention mask. Through the 
mapping network we proposed, the discrete expression labels are con-
verted into high-dimensional control information, which is then incor-
porated into the decoder of the expression transformation network. This 
approach allows the discrete expression tags to contain more feature 
information and more effectively guide the transformation process of 
expression features, resulting in an improved transformation effect 
when using discrete expression tags. Furthermore, the proposed method 
integrates an attention mask mechanism that focuses the expression 
control of the network on relevant features to avoid affecting irrelevant 
features. This results in better preservation of the anime face identity 
information, ultimately improving the quality of the generated images. 
Experimental results demonstrate that the proposed method out-
performs existing methods for transforming anime-style facial expres-
sions based on general image translation models.

Our research has achieved some results in anime face expression 
transformation, however, there is still a lot of room for improvement in 
this area. Considering the data-dependent nature of deep learning, a 
high-quality anime face dataset is the main obstacle for current research. 
Existing working anime face datasets rely on collecting from the Internet 
during construction and require additional post-processing to obtain 
further annotations. And the ability of the model to generalize to a va-
riety of anime faces in practice depends on the richness and diversity of 
the anime face categories in the dataset used, as well as the compre-
hensiveness of the coverage. Therefore, a high-quality anime face 
dataset remains a focus for future work.

Besides, the same type of expression can have different degrees of 
expression, for example, crying can be sobbing, sniveling, bawling, etc. 
Our method does not perform well in generalizing to different levels of 
expression, which may need to be addressed in the future with more 
careful data labelling and more flexible fine-tuning. Therefore, future 
work can further explore the diversity aspect and flexibility of expres-
sion generation.
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