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In visual design, high-quality facial attribute style transfer and diversified painting style transfer are key to
meeting the diverse artistic creation needs. To improve the facial image generation effect in vis-ual design, the
study first designed a facial attribute style transfer method based on an improved star shaped generative ad-
versarial network version 2. The generator introduced dense connection modules and random noise modules,
and a spectral normalization network was added to the discriminator. On the basis of this model, a painting
style transfer model was studied and constructed. Its generator adopted distribution shift convolution and at-
tention mechanism, while its discriminator used spectral normalization and Markov dual discriminator. The
findings demonstrated that the attribute generation accuracy of the facial attribute style transfer method was
98.56%, and its average time consumption in practical applications was 71.2ms, significantly better than the
comparison model. The PSNR and max-imum structural similarity index of the painting style transfer model
are 38.68dB and 0.948. Both mod-els had good performance and could provide efficient and high-quality style
transfer solutions for visu-al design. This research holds immense importance in fostering the advancement of
artistic creation in the field of visual design.
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1. Overview

With the deep integration of digital technology and and animation, game development, and social con-
creative industries, visual design has become a core  tent creation. Its demand for diversified and per-
link in fields such as advertising and marketing, film  sonalized image styles is increasingly prominent
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[28, 30]. In visual design practice, facial images, as
high-frequency design elements, often need to ad-
just attributes such as gender, age, and hairstyle ac-
cording to scene requirements to match brand tone
or narrative themes. Moreover, as a key means to
enhance the artistic sense of design, the transfer of
painting styles requires the natural transformation
of different styles such as oil painting, sketching,
and cartoons to enrich visual expression forms [11,
15]. However, in traditional visual design, styliza-
tion relies on designers manually drawing and ad-
justing, which not only has a long creation cycle and
high labor costs, but also makes it difficult to ensure
consistency in the style of batch generated images.
Therefore, it is necessary to introduce efficient, ac-
curate, and stable new technologies to achieve image
style transfer. Regarding this issue, commonly used
technologies include Generative Adversarial Net-
works (GAN), Convolutional Neural Networks, Star
Shaped Generative Adversarial Network version
2 (starGANv2), Transformer-based methods, and
CycleGAN [31, 24]. Meanwhile, many scholars have
also explored this issue.

Some studies focus on the fidelity of details and se-
mantic consistency in style transfer. Xie et al. [26]
proposed a semantic enhanced multi-modal style
transfer algorithm for exhibition hall design to ad-
dress the limitations of existing style transfer tech-
niquesin single dimensional feature transformation,
insufficient detail preservation, and inconsistent
semantic region style features. In addition, the al-
gorithm adopts a multi-modal encoder architecture
and introduces an enhanced Transformer encoder.
The outcomes demonstrated that the Fréchet Incep-
tion Distance (FID) of this method was 87.9, which
performed well. Sun et al. [19] introduced a novel
image style transmission method based on neural
network models to alleviate the problem of common
neural style transmission techniques being difficult
to fully transmit texture colors and prone to intro-
ducing visible errors. The core of this method is sig-
nificance constraint and adopts scale invariant fea-
ture transformation. The results indicated that this
method could avoid artifacts and demonstrate ex-
cellent performance by utilizing the salient feature
maps (FMs) of the source image.

Some studies have also conducted field reviews and
development reviews. To systematically sort out the
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research context of image style transfer and clarify
future directions, Lian et al. [10] adopted the meth-
ods of analyzing the current research status, review-
ing the development process and latest progress,
and comparative analysis. The results indicated
that this study clearly presented the evolution path
of image style transfer from traditional methods to
deep learning driven methods, and clarifies future
research directions.

The advantage of GAN-based style transfer method
lies in breaking through paired data dependencies
and achieving efficient cross domain style transfer.
Zhao [29] introduced the CycleGAN algorithm to
overcome the challenges of high design costs and
dependence on paired data in traditional image style
transfer, and proposed a method for efficient image
style transfer without the need for paired data. The
results showed that the model achieved Structural
Similarity Index measures (SSIM) values of 0.85,
0.84, and 0.87 in classical painting, modern art, and
retro poster style transfer, respectively.

The existing style transfer methods often rely on
simple normalization or linear mapping of the fea-
ture space, which makes it difficult to fully capture
the texture and lighting details of complex styles.
Moreover, there is a problem of transfer distortion
caused by the coupling of content and style. Mean-
while, attribute editing methods have insufficient
generalization ability in multi style cross domain
migration, which can easily lead to artifacts or loss
of details. Furthermore, most current state-of-the-
art methods require adjusting model parameters for
specific styles during the testing phase, resulting in
high computational costs and difficulty in adapting
to the efficient requirements of actual design sce-
narios. To address these issues, a method for image
style transfer that integrates StarGANv2 and at-
tention mechanism is proposed. Through the col-
laborative design of multi domain style generation
architecture and spatial attention module, accurate
extraction of style features and effective preser-
vation of content structure are achieved. This de-
sign also avoids additional parameter adjustments
during testing, providing a more flexible and effi-
cient solution for visual design.

Compared with the current state-of-the-art meth-
ods, the proposed method has the following gaps: in
terms of core mechanism, the Attribute Conditional
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GAN (AttGAN) of attribute editing class relies on
binary attribute labels to achieve feature mapping,
and the Spatio Temporal Autoregressive Regres-
sion (STAR) aggregates frame level information
through four memory modules. However, this study
constructs a multi domain generation architecture
based on StarGANv2 mapping network, combined
with attention mechanism to mine key region fea-
tures, avoiding the limitations of single attribute
mapping or memory aggregation. In terms of appli-
cable scenarios, AttGAN and STAR are more suit-
able for single attribute editing or video frame level
information processing. Adaptive Instance Normal-
ization (AdaIN) and linear style transfer excel at fast
transfer of simple styles, while art fusion focuses
on controllable fusion of artistic details. This study
does not require adjusting model parameters during
testing and can flexibly adapt to diverse needs such
as multi style cross domain transfer and small sam-
ple image stylization in visual design, balancing gen-
erality and practicality. In terms of expected advan-
tages, this study can improve style generalization
ability through the flexible mapping network of Star-
GANv2, and enhance the distribution of differenti-
ated features in the target domain through attention
mechanism. It achieves a balance between content
structure and style details, reduces computational
and storage costs, and solves the problems of trans-
fer distortion, limited generalization, and high test-
ing costs in existing methods. The research aims to
break through the limitations of existing technolo-
gy, provide high-precision, high-efficiency, and low
resource consumption style transfer solutions for
visual design, and promote the improvement of ar-
tistic creation efficiency and quality.

Compared with existing works, the unique contribu-
tion of the research is the construction of a “dual task
collaborative optimization” style transfer system. It
uses StarGANvV2 as a unified baseline, and improves
targeted modules to simultaneously adapt to the
needs of facial attribute editing and painting style
transfer. This approach breaks the limitations of ex-
isting methods’ single task adaptation. In terms of
technical implementation, dense connections, ran-
dom noise, spectral normalization and distribution
shift convolution, and dual attention mechanism
are hierarchically fused. The first three techniques
enhance the stability of facial detail preservation
and generation. The latter two techniques optimize
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the global consistency and local delicacy of paint-
ing style, achieving a dual improvement in effect
and efficiency. In terms of application value, it can
meet the diverse scene requirements of multi-style
cross-domain transfer and small-sample stylization
in visual design without adjusting model parame-
ters. It solves the pain points of traditional methods
that require separate modeling for different tasks
and high resource consumption, providing a more
universal and efficient solution for visual design.

2. Research Design

Aiming at the problem of improving the generation
effect of facial images in visual design, a facial at-
tribute style transfer method based on an improved
starGANvV2 model was studied and designed, intro-
ducing dense connection module and random noise
module. On the basis of this model, a painting style
transfer model was constructed to transfer the en-
tire facial image to different painting styles.

2.1. Design of Facial Attribute Style Transfer
Method Considering StarGANv2 Model

To improve the generation effect of facial images in
visual design, a facial attribute style transfer meth-
od was first designed, and a painting style transfer
model for facial images was constructed based on
this method to better meet different forms of artis-
tic creation. The core motivation for this task de-
composition is the essential difference in the needs
of facial attribute adjustment and painting style
transfer in visual design. The former focuses on
precise changes of discrete attributes such as gen-
der and age, and needs to prioritize the consistency
of facial identity features and key structures. The
latter focuses on global artistic expression such as
color, stroke, texture, etc., and needs to balance style
purity and detail fusion.

However, the existing unified model has a perfor-
mance bottleneck that is difficult to balance: the
unified model needs to optimize attribute accuracy
and style consistency at the same time, which is easy
to cause gradient conflicts, leading to the distortion
of non-target areas during attribute migration, and
the destruction of facial structure during style mi-
gration. Furthermore, the unified model also faces
challenges such as the difficulty of feature conflict
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decoupling, the surge of training complexity, and the
difficulty of performance balancing. It is difficult to
surpass the accuracy and efficiency of the indepen-
dent model in the short term. Its potential is only re-
flected in reducing the repeated costs of model main-
tenance and deployment, which is difficult to offset
the shortcomings of performance loss. After model
decomposition, the structure can be optimized for
different tasks, and memory usage and inference
time can be reduced through individual calls. It can
adapt to diverse scenarios such as batch design and
real-time adjustment, and its performance advan-
tages and application flexibility far exceed the com-
plexity and cost of building two independent models.

The theoretical basis of task decomposition comes
from the feature decoupling theory, where facial
attributes rely on structured features of key facial
regions and painting styles rely on global unstruc-
tured features. The two can be effectively separated
through different network structures [2, 12].

In regard to facial attribute style transfer method,
the starGANv2 baseline model was adopted in the
study. StarGANv?2 is a single framework image to
image conversion model designed to acquire the
mappings among various visual domains, concur-
rently ensuring the diversity of the generated images
and the scalability across numerous domains. It has
advantages such as high diversity of generated imag-
es, strong style extraction and transfer capabilities
[13-14, 18]. The structure of the starGANv2 baseline

Figure 1
Structure of starGANv2 baseline model.
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model is illustrated in Figure 1.

From Figure 1, the starGANv?2 baseline model main-
ly consists of four modules: generator, mapping
network, style encoder, and discriminator. Among
them, the generator is responsible for receiving
input images and encoding styles, and generating
images with the target style through a series of con-
volution, normalization, and activation operations.
The mapping network takes random vectors as input
and generates style codes corresponding to different
style domains. In addition, the style encoder is main-
ly used to guide the generation process of the gener-
ator, and the discriminator is mainly responsible for
determining the authenticity of the input image and
the style domain it belongs to.

However, the starGANv2 model also has certain
shortcomings, such as the tendency for blurry or dis-
torted images generated in fine facial parts. There-
fore, the study made three improvements to the
starGANv2 baseline model. The first improvement
is the introduction of a dense connection module to
enhance feature propagation and reuse, improving
the quality of generating fine facial parts. The dense
connection module is a core component of dense
connected convolutional networks, which can al-
leviate the problem of gradient vanishing, enhance
feature propagation, improve feature utilization,
and promote deep training of the network [4, 16]. In
this module, the expression of the input x, of the / th
layeris given in Equation (1).
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x, =H,([x),%,...%_,]). )

In Equation (1), H, represents the operation of the
1-th layer, such as convolution, activation function,
ete. [xy,x,,...,x, ] represents the output of all preced-
ing layers. The structure of the dense connection
module is shown in Figure 2.

From Figure 2, the structure of the dense connec-
tion module includes convolutional layers, feature
concatenation, shortcut branches, normalization
layers, activation functions, residual connections,
and average pooling layers. Specifically, the convo-
lutional layer undertakes the task of capturing local
features from the inputFM, while feature concat-
enation concatenates the output FMs of different
layers together, thereby enhancing the feature ex-
pression ability of the model. Moreover, the Shortcut

Figure 2
The structure of densely connected modules.
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branch can prevent the loss of feature information.
The residual connection adds the concatenated fea-
tures to further enhance feature propagation, and
finally compresses the feature dimension through
convolutional layers, and outputs the fused output
features of multiple rounds of information. The sec-
ond improvement is the introduction of a random
noise module to increase the diversity of generated
images. The random noise module is a tool utilized
in deep learning to enhance model robustness and
generalization ability, with simple operation [6, 23].
The core mechanism of the random noise module is
"controllable noise generation feature collaborative
constraint”, which is not simply adding noise: a dy-
namic noise feature map that matches the resolu-
tion of the input image is generated through bilinear
interpolation algorithm, and the noise is accurate-
ly injected into the feature layer to ensure that the
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noise intensity does not cover the effective features.
The coordination between this module and the style
code is achieved through dual constraints. On the
one hand, the target style encoding generated by the
mapping network and the style features extracted
by the style encoder will jointly guide the genera-
tor to perform style consistency calibration on the
feature map after noise injection. This ensures that
random changes always revolve around the feature
distribution of the target style. On the other hand,
the style reconstruction loss and cyclic consistency
loss in the loss function will filter out the variations
introduced by noise, retain effective variations that
match the target style, and discard invalid noise that
may cause style deviation. The expression of noise
parameter 6 is shown in Equation (2) [3].

O=u+00¢. &)

In Equation (2), both x and o represent learnable
noise parameters, ¢ representsthe zero mean noise
vector with fixed statistical properties. © means

Figure 3
Improved generator structure.
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element wise multiplication. The FM with noise is
expressed as shown in Equation (3).

f=f+an.

In Equation (3), frepresents the initial FM, a is the
noise intensity coefficient, and n represents the gen-
erated random noise. Through this technology, it is
possible to inject random noise into the FMs of star-
GANvV2 generators, enabling the generator to gener-
ate more variations in the generated images, there-
by enhancing the diversity of the generated images.
Both improvement one and improvement two are
carried out in the generator of the starGANv?2 base-
line model, so the improved generator structure is
shown in Figure 3.

From Figure 3, the improved generator includes a
random noise module, multiple dense convolution
modules, downsampling module, upsampling mod-
ule, and bottleneck module. Specifically, the random
noise module generates noise through bilinear inter-
polation algorithm and injects dynamic perturba-
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tions into the network by combining scaling factors
to enhance the diversity of generated images. The
downsampling module first uses convolutional lay-
ers to extract features, and then uses multiple dense
convolutional modules to enhance feature reuse and
detail preservation, and compress the spatial di-
mension of the image. Furthermore, the bottleneck
module is composed of residual blocks to further
extract abstract features. The upsampling module
uses residual blocks to restore the spatial resolution
of the image and outputs the style transferred image
through convolutional layers.

The third improvement is the introduction of a spec-
tral normalization network in the discriminator to
achieve 1-Lipschitz constraints and enhance the
stability of the discriminator. Spectrum normaliza-
tion network is a type of generative adversarial net-
work that uses spectral normalization techniques to
stabilize the training of discriminators and prevent
them from becoming too powerful [9, 21]. Specifical-
ly, the spectrum normalization network normalizes
the weight matrix of the discriminator to ensure that
the spectral norm of the weight matrix does not ex-

Figure 4
Structure of facial attribute style transfer method.
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ceed 1, thereby satisfying the 1-Lipschitz condition.
In this network, the definition of spectral norm (W)
is shown in Equation (4) [5].

oW)= max, | ||Wy|| . (4)
In Equation (4), W is the weight matrix and [y|| is the
norm of the vector y. The expression of the weight
matrix W' after spectrum normalizationis shown in
Equation (5).

w
Wi=—_. ®)
a(w)

The structure of the facial attribute style transfer
method is shown in Figure 4.

From Figure 4, the input image first undergoes im-
age preprocessing steps, including face pose correc-
tion, face cropping, and image scaling, to ensure the
consistency and effectiveness of the input image.
The preprocessed image will enter the generator,
which contains dense connection modules and ran-
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dom noise modules for generating facial images with
target attributes. Moreover, the mapping network
receives 16 dimensional random vector z and gen-
erates style code , while the style encoder extracts
style code s from the input dependent images, and
these two style code s’ together guide the genera-
tor’s generation process. Finally, the introduction of
spectral normalization discriminator will discrimi-
nate the images generated by the generator and con-
tinuously optimize the performance of the generator
through adversarial training. The loss function L, of
the facial attribute style transfer method is shown in
Equation (6).

L,=L,+4L -4L +AL,. ®)

In Equation (6), Lp represents generative adversarial
loss, L, represents style reconstruction loss, L, rep-
resents style diversification loss, and L, represents
cyclic consistency loss. 4, 4,, and /, are the weight
coefficients of Lq, L, and L, respectively.

2.2. Construction of Painting Style Transfer
Model Tak-ing into Account Distribu-tion
Shift Convolution

The study has designed a facial attribute style trans-
fer method based on an improved starGANv2 mod-
el. However, in visual design, it is also necessary to
transfer the entire facial image to different painting
styles, such as oil painting, sketching, cartoons, etc.
The face attribute style transfer method is difficult
to directly meet the needs of painting style transfer,
because painting style transfer needs to consider the
overall style features of the image, including color,
stroke, texture, etc., rather than just the attributes
of the face. Therefore, it is necessary to construct a
specialized model for transferring painting styles.
In the construction of the painting style transfer
model, the starGANvV2 baseline model was also used
in the study, and another improvement was made to
it that is more suitable for painting style transfer,
mainly focusing on the generator and discriminator.
The first improvement is the introduction of distrib-
uted shift convolution in the generator to reduce the
number of model parameters, accelerate training
speed, and ensure the quality of generated images.
Distributed shift convolution is an improved convo-
lution operation that performs distributed shift pro-
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cessing on the convolution kernel, which can reduce
the number of parameters in the convolution kernel
while maintaining the receptive field of the convo-
lution operation, thereby improving computational
efficiency [8, 25]. The output of the distributed shift
convolution is shown in Equation (7) [7].

Z=Y K AD, @

In Equation (7), Z is the output of the distribution
shift convolution, A represents the convolution
operation, ¢, represents the shift amount of the sub
kernel, and K is the traditional convolution kernel.
K. represents the i-th sub kernel, D is the input FM.
The structure of distributed shift convolution is
shown in Figure 5 [20].

From Figure 5, distribution shift convolution in-
cludes expansion operation, kernel distribution shift
module, value distribution shift module, residual
connection, Hadamard product operation, and con-
volutional distribution shift module. Among them,
the kernel distribution shift module is responsible
for simulating the distribution changes of convolu-
tional kernels and performing expansion operations
to simulate different shift amounts, thereby enhanc-
ing the robustness of the model to input feature
translation. The value distribution shift module is
responsible for simulating the distribution changes
of input feature values, while the residual module is
used to alleviate the problem of gradient vanishing.
In addition, the Hadamard product operation is re-
sponsible for multiplying the convolution results of
different sub kernels element by element to simulate
the convolution effect of different sub kernels at dif-
ferent positions. Finally, the convolution distribu-
tion shift module compares the Hadamard product
processed results with the original convolution re-
sults to simulate the adaptability of convolution op-
erations under different distributions, and outputs
the processed FMs.

The second improvement is the introduction of at-
tention mechanisms in the generator, namely chan-
nel attention (CA) module and spatial attention (SA)
module, to enable the generator to place greater
emphasis on crucial areas within the image and en-
hance the effect of painting style transfer. The CA
module and SA module will respectively weight the
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Figure 5
The structure of distributed shift convolution.

channels and spatial positions of the FM. The FM F’
after CA processingis shown in Equation (8).

F'= FxM(F)=Fx{J(R(FL)+ R(FL)} . @

In Equation (8), F is the input FM, J represents the
sigmoid activation function, and R represents the
multilayer perceptron. Fy,, represents the channel
descriptor obtained by global average pooling, and
F¢ .. is the channel descriptor obtained by global

maximum pooling. M (F) is channel weight. The FM
F" after SA processingis shown in Equation (9).

F'=F xM (F)=F x{J(f"([F: F)D)}. ©

In Equation (9), M (F") is the spatial weight, /7" rep-
resents the 7x7 convolution operation. F},, and F;, .
are the spatial descriptors obtained by global aver-
age pooling and global maximum pooling, respective-
ly. Therefore, in the improved generator, the input
image is first processed by the initial convolutional
layer, and then enters multiple distribution shifted
convolution residual blocks for feature extraction. In
the process of feature extraction, the FM is weight-

ed using CA module and SA module to highlight im-
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portant feature information. The relationship be-
tween attention module and painting style transfer
is closely related and targeted. The channel attention
module focuses on the core elements of color distri-
bution in the style, and through weight calibration of
feature channels, strengthens the channel response
that characterizes the proportion of target style tones
and color saturation, ensuring global consistency of
color style. The spatial attention module focuses on
local style elements related to texture and shape. By
generating spatial weight heat maps, it accurately
locates and enhances key areas such as stroke direc-
tion, texture density, and contour lines, ensuring the
delicate restoration of local style details. Both anchor
the global color and local texture and shape features
of style transfer, forming a dual dimensional collab-
orative capture mechanism. The various modules of
the generator work together to reduce the quantity of
parameters while selectively extracting and enhanc-
ing important features of the image, laying the foun-
dation for high-quality painting style transfer.

The third improvement is the introduction of spec-
tral normalization network and Markov discrimi-
nator in the discriminator to enhance its ability to
distinguish the style of generated images and ensure
consistency between the generated images and the
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target painting style. Markov discriminator is a clas-
sification model based on Markov properties, which
has the advantage of strong locality and can better
capture the detailed information of images [1, 17,
22]. Therefore, research is being conducted on using
Markov discriminators to distinguish local regions
in images, in order to better capture the local style
features of the image and improve the performance
of the discriminator. The improved discriminator
structure is illustrated in Figure 6.

From Figure 6, the discriminator is mainly com-
posed of a spectrum normalization discriminator
and a Markov discriminator. The input image will be
simultaneously fed into two discriminators, where
the spectral normalization discriminator will judge
the authenticity and style domain of the image from
a global perspective, while the Markov discrimina-
tor will judge from a local perspective. The output
results of the two discriminators are used together
to guide the training of the generator, so that the im-
ages generated by the generator can conform to the
target painting style both globally and locally. The
dual discriminator operates in a collaborative mode
of "global control local refinement”, without a dom-
inant relationship. The two output complementary
outputs to jointly optimize generator training, and
its core collaborative mechanism is reflected in two

Figure 6
Improved discriminator structure.
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aspects: division of labor positioning and interac-
tion logic. In terms of division of labor, the spectral
normalization discriminator focuses on the global
dimension and is mainly responsible for determin-
ing the overall authenticity, style domain matching,
and global style consistency of the generated im-
age, ensuring that the generated image conforms to
the macro features of the target painting style. The
Markov discriminator relies on the strong locality
advantage of Markov properties, focuses on local
regions of the image, compensates for the shortcom-
ings of the spectral normalization discriminator in
local detail judgment, and focuses on optimizing
the local style purity and detail fusion of the gener-
ated image. In terms of collaborative logic, during
the training process, the two synchronously receive
the images output by the generator and calculate the
global loss and local loss separately. Moreover, the
loss value feedback of the spectrum normalization
discriminator is used to guide the generator to ad-
just the distribution of global style features, making
it closer to the real style domain. The loss value feed-
back of the Markov discriminator guides the gener-
ator to optimize the style expression of local details,
avoiding local texture distortion or style deviation.
The structure of the painting style transfer model is
illustrated in Figure 7.

Output result

Local perspective



Figure 7
The structure of painting style transfer model.
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From Figure 7, the structure of the painting style
transfer model mainly includes input images, map-
ping networks, generators, style encoders, output
images, and discriminators. Among them, the input
image will undergo preprocessing before being input
into the generator. The generator utilizes distribu-
tion shift convolution, CA module, and SA module
to generate images with the target painting style.
The generation process of the generator relies on the
style encoding generated by the mapping network
and the style encoding extracted by the style encod-
er. Afterwards, the discriminator uses a dual dis-
criminator to discriminate the generated images, in
order to improve the quality and style consistency of
the generated images. The loss function of the paint-
ing style transfer model is shown in Equation (10).

L,=L,+4L -4L +4L,. (10)

In Equation (10), L, is the cross domain consistency
content loss. 4, is the weight coefficient of L,.

3. Results and Analysis

To validate the performance of the style transfer
method used in the research design, the experimen-
tal dataset was described and the experimental en-
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vironment was set up. Subsequently, a comparative
model was selected for the study, and the parameters
of the model were set. In addition, the study also pro-
vided explanations for the evaluation indicators.

3.1. Performance Verification of Facial
Attribute Style Transfer Method for
Visual Design

To validate the performance of the face attribute
style transfer method for visual design, a large-scale
Celebfaces Attributes dataset (CelebA) was used in
the study [27, 32]. This dataset is a large-scale facial
attribute dataset broadly applied in computer vision
research, and contains a total of 202599 facial imag-
es, covering 40 attribute annotations such as gender,
age, and hairstyle. The study selected 20000 images
from the data and preprocessed them, including fa-
cial keypoint pose correction, cropping of facial re-
gions, scaling, and standardization. Subsequently, the
study divided the data into training and testing sets
at a ratio of 7:3. The study used the Windows 10 op-
erating system with an Intel Core i7-11700K central
processor, which has a clock speed of 3.60GHz and a
turbo frequency of up to 5.00GHz. In terms of com-
parative models, the study selected a combination
model A that combines the original starGANv2, Cy-
cleGAN, conditional generative adversarial network,
and StyleShot, and a combination model B that com-
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Table 1
Experimental results of ablation of facial attribute style transfer method.
Dense Random Spectrum Evaluation metrics
starGANv2 connection . dul normalization
module noise moduie network FID Time consuming AGC
Y \ \ \ 51.27 68ms 98.56%
J \/ \ x 55.68 72ms 95.14%
\ V x x 5746 83ms 93.37%
S x x x 60.32 108ms 89.16%

bines Transformer and residual network. In terms of
parameter settings, the learning rate of the models
was 0.001, the number of iterations was 300, and the
4, 4, and A, of face attribute style transfer method are
10, 0.5 and 10, respectively. In terms of evaluation
indicators, the study selected FID, Attribute Genera-
tion Accuracy (AGC) and time consumption. The ab-
lation experiment results of the facial attribute style

transfer method are presented in Table 1.

It could be observed from Table 1 that when all three
improved modules were incorporated into star-
GANvV2, the FID reached 51.27, the processing time
was 68 ms, and the AGC attained 98.56%, indicating
the best performance. After the spectral normaliza-
tion network was removed, the FID rose to 55.68,
the AGC dropped by 3.42%, and the processing time
increased by 4 ms, demonstrating that this network
could enhance the quality and attribute accuracy of
generated images. When the random noise module
was further removed, the FID increased to 5746,

the AGC decreased to 93.37%, and the processing
time rose by 15 ms, suggesting that the random noise
module had a positive impact on the diversity and
efficiency of generated images. When only the basic
model was retained, the FID reached 60.32, the AGC
was merely 89.16%, and the processing time was 108
ms, which also verified the synergistic effect of the
three improved modules in enhancing the quality,
accuracy, and efficiency of image generation.

To further confirm the capability of the research-de-
signed face attribute style transfer method, the
research collected a total of 2,000 facial image
datasets required for visual design applications, pre-
processed them, and then applied different models
for style transfer. A comparison of FID and process-
ing time for various models in practical applications
is shown in Table 2.

From Table 2, in practical applications, the re-
search-designed face attribute style transfer meth-
od demonstrated the best performance. Specifically,

Time consuming/ms

transfer meth-od

Table 2
Comparison of FID and time consumption of different models in practical applications.
FID
Method Experiments
1 2 3 4

starGANv2 63.56 63.82 63.31 63.69

CycleGAN 68.27 68.53 68.01 6841

Combination model A 72.15 7241 71.92 72.3

Combination model B 65.89 66.15 65.63 66.02

Facial attribute style 5913 5192 59.91 5187

Experiments
5 1 2 3 4 5
63.56 112 113 11 118 112
68.29 145 146 142 147 145
72.18 163 164 162 161 163
65.9 125 126 124 127 125
52.05 71 70 72 69 74
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regarding the FID metric, the average value of the
research-designed method was 52.06, while those
of starGANv2, CycleGAN, Combined Model A, and
Combined Model B were 63.59, 68.30, 72.19, and
65.92, respectively. Additionally, in terms of process-
ing time, the values for the research-designed meth-
od remained stable within the range of 69-74 ms,
with an average of approximately 71.2 ms, whereas
the average processing times for the other four com-
parative models were 113.2 ms, 145.0 ms, 162.6 ms,
and 125.4 ms, respectively. It was evident that the
research-designed method incurred shorter pro-
cessing times. In summary, the research-designed
face attribute style transfer method exhibited su-
perior performance. This could be attributed to the
fact that, through the densely connected module, the
method constructed a more efficient feature transfer
pathway, enabling it to more precisely capture key
facial attributes and reduce feature loss and errone-
ous transfer. Meanwhile, the spectral normalization
network stabilized discriminator training, allowing
the generator to rapidly converge to a better solution
and reducing iteration time.

3.2. Performance Validation of Painting Style
Transfer Model for Visual Design

To validate the performance of the visual design-ori-
ented painting style transfer model, the same oper-
ating coefficients and central processing unit were
used in the study. On the dataset, the study also used
the CelebA dataset and additionally introduced the
Painter by Numbers style dataset. Painter by Num-
bersis adataset for art style recognition and analysis,
consisting of 30000 images and featuring three styles:
oil painting, sketching, and cartoon. Therefore, the
final dataset consisted of 50000 images, which were
also preprocessed and divided into datasets, and the
style images were additionally color standardized.
In terms of comparative models, the stu dy selected
starGANv2, Domain Constrained Transformation
Network (DCTN), a combination model C that com-
bines a Gram matrix-based style transfer model and
a multi-modal unsupervised image to image conver-
sion model, and a combination model D that com-
bines a dual representation image conversion model
and a style transfer Transformer network. In terms
of model parameter settings, the learning rate was
0.0001, the number of iterations was 250, and the /,,
A, and 4, of the painting style transfer model are 0.5,
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10 and 5, respectively. The changes in the loss values
of the two discriminators in the dual discriminator
during the training process are shown in Figure 8.

Figure 8
Changes in loss values of two discriminators during
training in a dual discriminator.
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From Figure 8, in the dynamic interaction between
the spectrum normalization discriminator and the
Markov discriminator, in the early stage of training
(the first 50 rounds), the loss value of the spectrum
normalization discriminator was higher than that
of the Markov discriminator. At this time, the global
style feature was not yet stable, and the loss feedback
of the spectrum normalization discriminator was
relatively higher, giving priority to guiding the gen-
erator to establish a global style framework. As the
training progressed (50-150 rounds), the loss value
of the spectrum normalization discriminator rapid-
ly decreased to around 0.6, while the loss value of the
Markov discriminator slowly decreased to around
0.5. The gap between the two gradually narrows, and
the generator began to focus onlocal detail optimiza-
tion on the basis of global style stability. In the later
stage of training (150-250 rounds), the loss values of
the two tended to stabilize and the changing trends
were highly synchronized. This indicated that the
global style and local details formed a collaborative
optimization state, and the generator could simulta-
neously meet the requirements of global style con-
sistency and local detail fidelity. This dynamic in-
teraction process achieved a training logic of "global
first, local second, and then collaborative optimiza-
tion” through complementary changes inloss values.
It not only ensured the overall style accuracy of the
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Table 3
Experimental results of ablation the transfer model of painting style.
wtarGANyg | Distributedshift  Attention Dual Evaluation metrics
convolution mechanism discriminator FID Time consuming Memory usage

v V J v 28.59 120ms 10.32%
V V V x 32.18 115ms 13.66%
v v x x 36.75 108ms 15.27%
V x x x 41.21 95ms 22.58%

generated image, but also improved the delicacy of
local details, ultimately significantly enhancing the
comprehensive effect of painting style transfer. The
results of the ablation experiment of the painting
style transfer model are shown in Table 3.

From Table 3 when starGANv2 activated all the
improved modules, namely the distribution-shift-
ing convolution, the attention mechanism, and the
dual-discriminator module, it achieved an FID of
28.59, a processing time of 120 ms, and a memory
usage rate of 10.32%, demonstrating relatively good
performance. When any one of these improved mod-
ules was removed, the model’s FID, processing time,
and memory usage rate all increased. For instance,
when the dual-discriminator module was removed,

Figure ©
Comparison of PSNR and SSIM among various models.
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the FID rose to 32.18, the processing time increased
to 115 ms, and the memory usage rate climbed to
13.66%. This indicated that the collaborative oper-
ation of all modules enabled the model to generate
images that more closely resembled the real style
distribution while utilizing memory more efficient-
ly. This could be attributed to the fact that the distri-
bution-shifting convolution optimized the transfer
of style features, the attention mechanism directed
the model’s focus to key style regions, and the du-
al-discriminator constrained the quality of the gen-
erated images.

A comparison of Peak Signal to Noise Ratio (PSNR)
and Structural Similarity Index Measure (SSIM) for
different models is shown in Figure 9.

Maximum = Minimum [ Average
1:DCTN 3:Combination model C
2:starGANvV2  4:Combination model D
5:Painting style transfer model

3
Model

(b) Comparison of SSIM
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From Figure 9(a), in terms of PSNR, the paint-
ing style transfer model designed in the study still
demonstrated better performance, followed by Com-
bined Model D, Combined Model C, and the StarGAN
model, with DCTN coming last. Regarding specific
values, the maximum PSNR values of the five models
were 38.68 dB, 29.39 dB, 28.11 dB, 27.85 dB, and 26.54
dB, respectively. According to Figure 9(b), in terms
of SSIM scores, the painting style transfer model
designed in the study also held an advantage, with
its maximum SSIM reaching 0.948, while the maxi-
mum SSIM values of the other comparative models
were all below 0.9. In summary, in terms of PSNR, the
maximum value of the painting style transfer model
designed in this study was 9.29dB, 10.57dB, 10.83dB,
and 12.14dB higher than that of the combination
model D, combination model C, StarGAN model,
and DCTN. This may be because the painting style
transfer model designed in this study could effective-
ly retain the feature information of images through
distribution-shifted convolution, thereby resulting
in generated images with minimal differences from
the original images at the pixel level. Moreover, the
attention mechanism it employed could focus on
preserving key information during the style transfer
process. To further validate the performance of the
research design painting style transfer model, the
study introduced the current optimal technology,
which included AdaIN, Style-Attentional Network
(SANet), Mamba-GAN (MauGAN), and added the
original StarGANv2. The SSIM and time consump-
tion comparison of different models in practical ap-
plications are shown in Table 4.
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From Table 4, in terms of SSIM indicators, the re-
search-design painting style transfer model per-
formed the best, with SSIM values above 0.947, far
higher than the original starGANv2 (0.866-0.882),
AdaIN (0.843-0.856), SANet (0.886-0.893), and
MauGAN (0.895-0.901) models. This indicated that
the images generated by the model had stronger
structural consistency with the target style. In terms
of time consumption, AdaIN had the fastest infer-
ence speed, but SSIM performed the worst. The time
interval for studying and designing a painting style
transfer model was 119-123ms, which was slight-
ly higher than AdaIN but significantly lower than
the original starGANv2, SANet, and MauGAN. In
summary, the research-design painting style trans-
fer model achieved a good balance between SSIM
(style transfer effect) and time consumption (infer-
ence efficiency). Compared with the current optimal
technical model, it not only ensured higher quality
of style transfer, but also had higher operational ef-
ficiency and overall performance.

4, Conclusion

To address the issue of improving the generation
effect of facial images in visual design, this study
uses starGANvV2 as the baseline model and designs
facial attribute style transfer methods and painting
style transfer models through module improvement
and structural optimization. The core scientific dis-
covery is that the feature decoupling and dual mod-
ule collaborative mechanism can effectively break

Time consuming/ms

Table 4
Comparison of SSIM and time consumption of different models in practical applications.
SSIM
Method Experiments
1 2 3 4
starGANv2 0.882 0.875 0.868 0.871
AdaIN 0.856 0.849 0.853 0.847
SANet 0.893 0.887 0.891 0.889
MauGAN 0.901 0.896 0.899 0.900
Painting style 0948 = 0951 = 0947 = 0.949

transfer model

Experiments
5 1 2 3 4 5
0.866 156 158 154 159 157
0.843 78 80 79 s 81
0.887 132 134 131 133 135
0.895 148 150 147 149 151
0.950 120 122 119 121 123
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through the bottleneck of balancing "attribute accu-
racy style purity inference efficiency” in StarGANv2.
The combination of dense connections and spectral
normalization enhances the preservation of facial
structural features, the channel/spatial attention
mechanism achieves dimensional capture of style
elements, and the dual discriminator constructs a
"global local” closed-loop optimization logic. This
discovery provides areusable technical paradigm for
modular design of cross task visual generation.

The results showed that in the face attribute trans-
fer task, the improved method achieved a FID of
51.27 when all modules were enabled in the abla-
tion experiment on the CelebA dataset, which was
nearly 9.05 lower than the 60.32 obtained by retain-
ing only the starGANv2 base model. This indicated
that the improvements made by the research were
effective. The average FID of this method in prac-
tical applications was 52.06, much lower than the
original starGANv2's 63.59. In the painting style
transfer task, the improved model performed bet-
ter in the ablation experiment with a full module
startup corresponding FID of 28.59, a time of 120ms.
Furthermore, the model’s PSNR and SSIM metrics
outperformed those of the baseline models. Both the
facial attribute style transfer method and the paint-
ing style transfer model designed for research had
good performance. The research significance of this
achievement lies in providing an integrated solution
of "attribute controllability style fidelity efficient de-
ployment” for digital art creation, film and television
character design and other scenarios, reducing the
technical threshold of Al-assisted visual design, and
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