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Abstract. Although animation synthesis technology is widely applied, it also
imposes higher demands on the precision of the synthesized animation. This
paper employs a more lightweight channel attention module for image feature
extraction. Compared to previous channel attention module, this approach utilizes
fewer parameters, thereby assisting the network in achieving improved precision.
Additionally, it replaces the sigmoid function with the more suitable output func-
tion tanh for image generation. Three evaluation metrics show improvements: a
1.3% increase in L1, an 18.9% increase in AED, and a 2.6% increase in AKD. To
facilitate better image generation by the generator, improvements are made to the
discriminator. Spectral normalization and instance normalization are combined
to form a multi-normalization module for normalization during the image down
sampling process. Additionally, an adaptive Dual-Channel Fusion output module
is employed for the discriminator output, aiding in the rapid convergence of the
network. The quality metrics of the generated images demonstrate improvements,
with a 4.3% increase in L1, a 23.8% increase in AED, and a 5.5% increase in
AKD.
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1 Introduction

Animation synthesis finds extensive applications in social platforms, virtual try-on, vir-
tual character generation, and game sprite production [1]. On social platforms, indi-
viduals can showcase their positive aspects through videos, but some complex dance
moves are challenging for the average person to perform. Traditional methods for ani-
mation compositing primarily rely on manually selecting existing actions through video
or image editing software for composition. Although this approach can generate new
action videos, it is difficult to synthesize previously non-existent body movements, and
the synthesis process can be slow. The development of deep learning, convolutional
neural networks, and generative adversarial networks have provided effective solutions.
The integration of convolutional neural networks and generative adversarial networks in
motion transfer has significantly alleviated the aforementioned issues. It not only speeds
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up the animation compositing process and saves human resources but also generates
entirely new actions.

Based on the maturation of generative adversarial network (GAN)-based image syn-
thesis techniques [2], the “Everybody Dance Now” [3] algorithm in 2017 employed
a two-stage approach to achieve motion transfer between images and generate anima-
tions. The first stage involved extracting key point information from the characters in
the images, while the second stage utilized the key point information from the first stage
to generate new animations. In 2018, Wiles [4] and Siarohin [5] respectively proposed
the single-stage animation synthesis models “x2face” and “Monkey-Net”. “x2face” pri-
marily focused on facial expressions of the characters and could not handle other com-
plex movements. “Monkey-Net” employed a self-supervised approach for key point
localization and motion information learning but had limited representation capability
for intense actions. In 2019, Siarohin [6] introduced the “First Order Motion Model”
(FOMM), which used a set of self-learned key points and local affine transformations to
describe complex motion processes. Compared to previous methods, this approach not
only generated high-quality images and more natural movements but also required less
training data, reducing training time and device requirements. However, challenges still
exist regarding insufficient feature utilization and the need for further improvement in
image quality. The introduction of channel attention, along with new activation functions
and network architecture combinations, helps the network capture weighted features and
generate higher-quality images.

2 Relate Work

FOMM not only enables the transition of animation compositing technology from two-
stage to single-stage but also reduces the requirements for training data, eliminating
the need for annotation of the original data. The network model employs the distance
between generated images and driving frames as supervision for training. The network
can generate new animations based on a static image and a sequence of videos or con-
tinuous frames, unlike traditional style transfer techniques, focusing on the motion and
pose from the driving video. As shown in Fig. 1, modeling the motion information begins
by passing the source image and driving frames through a key point detection network,
which employs the SoftMax function to output the same number of key points. The
classified key points are used for motion prediction in the motion module. By mapping
the key points of the source image to those of the driving frame, the motion trajectories
of each classified key point are calculated. Optical flow, a pixel-level technique for pre-
dicting the movement trajectory of consecutive frames, is utilized in combination with
first-order Taylor expansion for motion modeling. The estimated feature vector contain-
ing motion information is then combined with the appearance features of the source
image to generate an explicit feature vector through a dense motion field network. For
the image generation component, a generator from a generative adversarial network is
employed for image synthesis. The first-order motion model can generate new images
with different pose, incorporating the motion and pose from the driving frames, based
on the style of the source image.
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Fig. 1. First-Order Motion Model

The objective function used during the training of a first-order motion model:

Loss = Lperceplual + Lgan + Lfeature?matching + Lequivariance + Lequi var iance_value

The objective function is as follows: Where Lpecepruar TEpresents the perceptual loss
of an image. The perceptual loss helps the network learn the contour structure and texture
information of the images, serving as the primary loss for training the first-order motion
model network. Ly, is composed of Lgeneraror_gan a0d Lyisc_gan as the losses for the gen-
erator and discriminator in a generative adversarial network (GAN). Lieanre_matching» @S @
feature matching loss, utilizes the output of the discriminator to minimize the feature dis-
tance between the generated image and the real image. Leguivariance a0 Legui var iance_value
are losses for the motion pose and real image pose of generating images, obtained by
estimating the Jacobian matrix loss of image key points.

3 First-Order Motion Model Animation Synthesis

3.1 Improvement of Hourglass Neural Network in Motion Estimation

The motion estimation in animation generation is divided into two parts, both utilizing
a modified hourglass neural network module as the backbone [7]. The process initially
involves image feature extraction and classification to estimate the key points of image
motion. Sparse matrix of image motion is obtained, which is then used to construct dense
optical flow matrix and occlusion mask. The dense optical flow matrix and occlusion
mask are fed into the generator, combining the source image information and motion
features to generate the image after motion transfer.

In animation synthesis, the Hourglass neural network module is used as the back-
bone network for motion estimation, as shown in Fig. 2. F stands for feature and cat
stands for concatenate. The feature extraction network employs a network structure pat-
tern similar to a feature pyramid, with feature maps of different resolutions. The left
side of the network serves as the encoder, gradually reducing the resolution from top
to bottom and increasing the number of feature channels from top to bottom. The right
side of the network serves as the decoder, with the resolution and number of feature
channels changing in the opposite trend. However, each layer with the same resolution
is concatenated with the corresponding layer on the left side. After the concatenation is
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complete in the decoder layers, the features are fed into convolutions for further feature
extraction. The output is then fused with the network information of the same resolution
in the next layer, reducing gradient vanishing and allowing for a deeper network design.
The channel concatenation not only enhances the model’s feature representation capa-
bility but also combines surface color information with high-level semantic information,
reducing the loss of shallow-level semantics as the network depth increases.

Input F F F F F cat cat cat OQutput

Fig. 2. Hourglass Network Module

Attention modules are often combined with networks [8]. The traditional attention
mechanisms in computer vision can be divided into soft [9] and hard attention [10]. Soft
attention can update the weight parameters of attention through the forward propaga-
tion and gradient backpropagation of the network. Hard attention, on the other hand,
emphasizes the importance of specific information and its weight parameters are non-
differentiable. This paper utilizes a type of hard attention mechanism, which adjusts the
features based on the importance of each channel. This type of attention is known as
Channel Attention (CA) [11], and its principle lies in the fact that different channels in a
feature map contribute differently to different tasks. Channel attention can be divided into
two steps: calculating the importance of each channel and weighting the channels of the
input data. In the grid backbone encoding and decoding layers, CA modules containing
channel attention are introduced to strengthen the connections between features.
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Fig. 3. Channel Attention Module

As shown in Fig. 3, the CA module is first implemented through an adaptive average
pooling layer, which adjusts the size of the pooling window based on the size of the input
feature map, better preserving the spatial information of the image. When a feature map
X is obtained, with dimensions HWC, where H represents height, W represents width,
and C represents the number of channels, the output enhancement coefficientisa 1 x 1 x
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C vector that represents the importance of each channel. The CBRCRS module uses two
convolutional layers to calculate channel features. First, the feature channels are scaled
by a factor of a, which requires calculating 1/a times, and then the inverse operation of
channel number is performed to align the feature maps, i.e., performing dimensionality
increase on the obtained feature vectors. This approach reduces the computational cost by
1/a compared to directly applying two dimension-preserving convolutions on the feature
map. Batch normalization is applied during the convolution operation. Additionally, the
Relu and Sigmoid functions are used as the activation and output functions, respectively,
to obtain weighted feature coefficients. The obtained weighted feature coefficients are
multiplied with the original channels to obtain the enhanced part of the feature map.
Finally, the enhanced portion of the feature map is added to the original feature map to
obtain the enhanced feature map.

3.2 Improved Generative Adversarial Network in FOMM

Estimating the motion between images to obtain dense optical flow images and combin-
ing the source images with the motion to generate image animations often requires the
use of generative adversarial networks (GANSs) [12] to achieve realistic results. GANs
serve as framework models capable of generating data samples that follow the probability
distribution of the original data.

Tanh-Improved Generator
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Fig. 4. Sigmoid And Tanh

Choosing an appropriate activation function introduces non-linear transformations
to the neural network, thereby facilitating the generator to approximate the real data dis-
tribution more closely and enhance its adversarial capability against the discriminator.
Different activation functions bring different non-linear transformations to the network.
In computer vision tasks, it is necessary to select a suitable activation function based
on specific tasks. Images generated using more appropriate activation functions exhibit
greater realism and better generalization. Initially, the Sigmoid function was used as the
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output function of the network. The characteristics of the network’s activation function
can be observed from Fig. 4, where the Sigmoid function maps the input of the network
layer to a continuous function between 0 and 1, aiding in network convergence. When
the Sigmoid function is applied to large or small input parameters, the function’s gradient
remains relatively smooth. By utilizing steeper gradients, the network can achieve faster
convergence, especially when using gradient-based optimization algorithms in the train-
ing of deep networks to find more definite descent directions. To address these issues,
the Tanh function can be employed in image generation. The Tanh activation function
varies between —1 and 1 and has a steep gradient, which helps in the gradient descent
during network training.

Multiple Normalization and Adaptive Dual-Channel Fusion
(See Fig. 5).
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Fig. 5. Multi-normalization Down Sampling

The traditional down sampling module [13] primarily focuses on operations at the
feature level, only performing weight normalization on the feature maps in batches or
channels [14]. Adding spectral normalization to the down sampling operation, spectral
normalization, a weight regularization technique in deep learning. The goal of spec-
tral normalization [15] is to control the range of weights by limiting the spectral norm
(maximum singular value) of the weight matrix of a network layer, thereby stabiliz-
ing the training process. The main idea behind spectral normalization is to normalize
the eigenvectors of the weight matrix during each training iteration, thereby limiting
its maximum singular value. This effectively controls the range of weights, preventing
them from becoming too large or too small. If spectral normalization alone is used in the
discriminator in the network, the generator and discriminator will become more stable,
but the overall improvement of the generator by the discriminator will be slower, and the
potential of the generator will not be fully stimulated. Instance normalization [16], which
includes a scaling factor, can affect spectral normalization but also enhance the training
of the discriminator. The combined use of spectral normalization and instance normaliza-
tion helps control the range of weights, preventing excessive amplification or reduction of
weights, and making the network more stable. Instance normalization can reduce internal
covariate shift and accelerate the convergence process of the network. Therefore, com-
bining spectral normalization and instance normalization into multi-normalization not
only provides stability for the convergence of the adversarial network but also reduces
the influence of outliers on the network’s trends, helping the generator achieve better
convergence and improve the generalization ability of generated images.
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Itis more important to use a reasonable discriminator output module to obtain the dis-
criminator’s discerning output for real and fake sample images. An adaptive dual-channel
Fusion discriminator network output module is proposed to assist the discriminator in
obtaining a variety of combinations to ensure output stability and accuracy. As shown in
the diagram below, different from previous CONCAT and ADD connections for feature
maps, two branches are created to expand the network’s feature maps. The fused chan-
nels of these two branches are jointly transformed, using an adaptive mechanism as the
fusion between image features. This enables learning of more reasonable and compre-
hensive features. When the discriminator assesses the authenticity of an image, it can
learn the combination of features through different branches’ responses to the feature
maps. Finally, by blending the learned weights with the original features, a more accu-
rate output is obtained, enabling targeted pixel-level feature enhancement. This, in turn,
helps the discriminator better understand the distribution of image features and further
assists the generator in generating more realistic images that conform to the original data
distribution (See Fig. 6).

Vdl NI AN
LN (b

Feature F -

® —

=@ N
S

Output

Dual-branch Channel

Input
Feature F

Fig. 6. Adaptive Dual-channel Fusion

Apply a Novel Generative Adversarial Network Function

In general, the loss function of a GAN consists of both the generator loss function and
the discriminator loss function, which collectively drive the generator to produce more
realistic probabilistic images and the discriminator to better distinguish between real
and fake information, strengthening the ongoing adversarial process between the two
parties.

K Ny M,
Lgen_gan = g Y (- DG (1)
k=1 i=1 j=1
K Ny M
Laise_gan = 7 kzllzlj;m — D_R(, /))* + D_G(i, )% )
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1 K Ny My
Laise_san = =72 D > >, (Max(0, f — D_R(i, )
k=1 i=1 j=1
+ Max(0, § + D_ G(i,))) 4)

In the above formula, Lge,_gan represents the generator 1oss. Lyjsc_gan Tepresents the
discriminator loss. K represents the number of images scaled through a Gaussian pyra-
mid, where the dimensions of each feature map are not fixed due to scaling at different
ratios. Nx and My represent the width and height of each feature map, and «, §, and y
represent modulation factors. The original loss is measured using the squared distance to
calculate the distance loss between images. Squared loss has high computational com-
plexity, focuses on fine details of features, and is more susceptible to the impact of noise
on the network. The discriminator becomes much stronger in the later stages of training
compared to the earlier stages.

4 Experiments

This paper primarily adopts four rigid metrics as accuracy evaluation for the algorithm.
Among them, the L1 metric represents the absolute distance between the images gen-
erated by the generator and the original real images, disregarding the direction and
considering only the magnitude of the distance. AKD represents the average distance of
key points between the real and generated images. AED represents the average Euclidean
distance between the real and generated images. To ensure the directness of experimental
results, EID applies weighted processing to the first three indicators (Figs. 7, 8 and 9,
Table 1).

Table 1. Experimental Results Comparison

Methods L1(%o) AKD(%0) AED(%0) EID(%0)
FOMM 18.26 6.13 4.58 23.62
FOMM + Tanh 18.02 4.97 4.46 22.74
Ours-CL 17.57 4.67 433 22.07
Ours 17.47 5.26 4.15 22.18

The above is a comparative experiment conducted on the fashion dataset in the
field of computer science. All experiments were conducted without data augmentation,
and all data hyperparameters were kept the same, except for the fourth experiment
which used a higher number of epochs. The experiments were performed using the
same experimental setup, with the A40 graphics card used for training and the 3060
graphics card used for testing. Experiment 1, referred to as FOMM, represents the
original author’s method and its training results on the dataset. Experiment 2, labeled as
FOMM + Tanh, involves modifying the generator’s activation function from Sigmoid
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to Tanh. Experiment 3, denoted as Ours-CL, combines additional data by incorporating
CA and adaptive dual-channel fusion output, using a multi-normalization down sampling
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module. The optimized experiment results outperform the previous ones, as evident from
the outcomes. The above experiments employed the same constraint function (Fig. 10).
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Fig. 10. Feature Matching Loss

The original network convergence process had a common issue, severe oscillation
in the later stages of auxiliary loss feature matching. Convergence was modified by
introducing a new constraint function, addressing the unstable convergence issue of the
auxiliary loss before modification. The network model can converge to a better state, but
it requires more time for convergence. The model achieved better results in terms of L1
and AED losses.

5 Conclusion

Although the improved network accuracy has been enhanced, there are still limitations,
as the saved model parameters are relatively huge. The proposed new loss function cannot
achieve a balance and also increases training time. In future work, reducing the model
parameter size can be a key focus, and the loss function needs further improvement
to balance the relationship between the original and improved loss functions, thereby
promoting the generator to generate more realistic images.
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