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Abstract

This study focuses on the algorithm design and system development of Generative Adversarial Networks and attention
mechanisms in the context of industry-education integration at art universities. To address issues such as training instability,
missing details, and insufficient personalization in the intelligent generation of art resources, a hybrid algorithm architecture
integrating multi-head self-attention mechanisms and Wasserstein distance optimization is proposed. The generator
incorporates multi-scale feature extraction and local-global joint attention mechanisms, significantly enhancing the style

consistency and detail expression in image generation. The discriminator combines gradient penalty strategies to enhance
the model's training stability. The study trains and evaluates using the COCO and ArtBench datasets, achieving excellent
results in terms of generation quality, computational efficiency, and diversity. The highest image quality score is 94.8, and
the diversity score is 92.1. The experimental results demonstrate the effectiveness of the designed algorithm in meeting the
customized and high-quality resource generation needs of art universities, providing reliable technical support and
application foundation for intelligent content generation in industry-education integration.
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1. Introduction
struggle to efficiently represent artistic content in great

As art universities seek to deepen industry-education detail and lack the capacity to meet the growing demands
integration, the importance of constructing algorithm for personalized artistic creations and customized teaching
systems with intelligent generation capabilities has become materials. Studies like those by Goodfellow have
increasingly prominent. The integration of educational demonstrated the foundational role of Generative
resources with industrial applications aims to enhance Adversarial Networks in overcoming some of these
creativity, teaching quality, and collaborative innovation in challenges by enabling the automatic generation of high-
the art domain. In recent years, there has been a growing quality, diverse, and realistic images. GANs have shown
body of research that explores the potential of deep great promise in various creative tasks, including image
learning and artificial intelligence in transforming the generation, style transfer, and artistic design. However,
landscape of creative industries, especially in the context despite the advances, GANSs still face challenges regarding
of art generation, personalized creation, and content training instability, the fidelity of generated details, and the
development. Traditional resource development models, controllability of the generation process, limiting their
which heavily rely on manual design and rule-based practical application in dynamic and creative settings such
approaches, are facing several limitations. These models as art education. The application of attention mechanisms,
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first introduced in the context of natural language
processing, has shown great promise in overcoming some
of these challenges. By focusing on relevant features within
the data, attention mechanisms enhance the model's
capacity to generate detailed, high-quality outputs.
Moreover, the introduction of self-attention and multi-head
attention mechanisms has further improved the
expressiveness, consistency, and diversity of generated
outputs. These mechanisms, initially applied in NLP tasks,
have since been adapted to computer vision and artistic
content generation, providing a robust solution to issues
such as style consistency and diversity control. The
application of these advanced techniques has been explored
in several studies where attention mechanisms were
integrated with GANs for better generation performance.
Despite these promising developments, current research
tends to focus on isolated improvements to GAN
architectures or attention mechanisms without integrating
them into a unified framework that addresses both the
educational and industrial needs of art universities. While
the advancements in GANs and attention mechanisms have
been widely recognized, there remains a significant gap in
understanding how  these technologies can be
harmoniously combined to foster the creative process and
enhance the synergy between educational content and
industrial applications. The challenge remains to bridge the
gap between artistic creativity, personalized teaching, and
industrial collaboration, making the generation of art
resources a central topic for future research.

This study aims to propose a novel algorithmic framework
that integrates Generative Adversarial Networks with
attention mechanisms to enhance the generation of art
resources in the context of industry-education integration
within art universities. The primary objective is to
overcome the limitations of traditional resource
development models by introducing an intelligent
generation system that can automatically create high-
quality and personalized artistic content, tailored to the
specific needs of creative design, teaching content
production, and industrial project collaboration. The
research methodology involves constructing a hybrid
framework that systematically integrates GANs and
attention mechanisms. The framework is designed to
leverage the strengths of GANSs in generating diverse and
realistic artistic content while utilizing attention
mechanisms to refine image detail, ensure style
consistency, and allow for controlled generation.
Specifically, the study employs a two-step process: first,
optimizing the GAN architecture to better capture artistic
nuances and details, and second, incorporating attention
mechanisms to selectively focus on key features, thereby
improving the quality and diversity of the generated
content. A key innovation of this study lies in the seamless
combination of GANs and attention mechanisms to
construct a robust generation framework that specifically
caters to the dual goals of artistic creativity and educational
utility. Unlike previous studies that focus on either
improving GAN performance or enhancing attention

models in isolation, this work highlights the synergistic
potential of combining both technologies to address the
unique challenges faced by art universities in resource
development. The major contributions of this research
include: Development of a hybrid framework that
integrates GANs with attention mechanisms for automatic
art resource generation, providing a novel solution for art
universities to enhance creative content and teaching
materials. A focus on industry-education integration,
proposing a system that fosters collaboration between
educational institutions and industries, bridging the gap
between artistic creation and industrial needs.
Enhancement of model stability and controllability,
improving both the fidelity and style consistency of
generated art, making the framework suitable for a wider
range of applications in creative industries and educational
environments. In conclusion, this study not only
contributes to the field of Al in art generation but also
paves the way for future developments in industry-
education integration. By constructing an efficient
algorithmic framework that combines GANs and attention
mechanisms, the study makes significant strides in the
creation of personalized, high-quality artistic content while
promoting closer collaboration between academia and
industry[1,2].

2. Core Algorithm and Technical
Architecture

2.1 Algorithm Framework for Generative
Adversarial Networks

In the architecture of generative adversarial network, in
addition to the standard design of generator and
discriminator, a key core algorithm —— gradient penalty
is introduced to effectively solve the problems of training
instability and pattern collapse, especially in high-
dimensional complex tasks such as generating artistic
resources, and improve the generation quality and diversity
of the model.

The core concept of the gradient penalty algorithm is to
ensure the smoothness of the discriminator's gradients
across the entire data space by imposing constraints on
these gradients, thereby preventing instability such as
gradient explosion or gradient disappearance during
training [3]. Specifically, the Wasserstein GAN combined
with gradient penalty has led to the development of
WGAN-GP, which optimizes the discriminator's training
process by adding a gradient penalty term. In WGAN-GP,
the gradient penalty for the discriminator is based on the
L2 norm, ensuring that the gradients remain within a
reasonable range at each data point[4]. This approach helps
the model better approximate the true Wasserstein distance
during training, reducing issues like mode collapse and
training instability. The method for calculating the gradient
penalty term is:
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GP = AE:[(IV:D(®)Il, — 1?] (1)

Among them, the data generated from the xD
( X)XD (X)L random interpolation of the real data
distribution and the generated data distribution represents
the output of the discriminator at the place, is the gradient
of the discriminator output about the input, and is a
regularization hyperparameter used to control the influence
of the penalty term.

Gradient penalty regularizes the discriminator's output,
maintaining gradient smoothness and preventing extreme
gradient changes during training. This allows the generator
to optimize more stably. In applications involving the
generation of artistic resources, using WGAN-GP can
significantly enhance the quality and stability of the
generated works, especially when creating complex
artworks, ensuring that the generated content remains rich
in detail and diversity. By incorporating gradient penalty,
GAN's generative capabilities are further enhanced, and the
stability of the training process is effectively improved.
This enables the task of generating artistic resources to
achieve better solutions in complex, high-dimensional
spaces, promoting the deep integration of artistic creation
with industry needs[5].

2.2 Basic Principles of Attention Mechanism

The attention mechanism is a technique that enhances the
model's expressive power by dynamically adjusting its
focus on different parts of the input data. Initially designed
to address information bottlenecks in sequence data, the
attention mechanism has made significant advancements in
computer vision and natural language processing. In the
context of art resource generation, the attention mechanism
is particularly crucial, as artistic creation often involves
intricate details and diverse stylistic requirements. By
adaptively giving higher weight to key features, the
attention mechanism effectively guides the model to focus
on critical elements of the image during the generation
process, such as artistic style, color coordination, and
texture details, thereby enhancing the quality and creativity
of the generated works. The self-attention mechanism
calculates the correlation between features, allowing each
feature to be adjusted based on global information, while
the multi-head attention mechanism further enhances the
model's  ability to consider multiple aspects
simultaneously[6].

2.3 Algorithm Design Ideas Combining
Generative Adversarial Networks and
Attention Mechanisms

In the design of algorithms that integrate generative
adversarial networks with attention mechanisms, the input
artistic resources are preprocessed and then processed
through a convolutional neural network to extract high-
dimensional features, which are mapped into a latent

space[7]. The generator uses these features to create
artworks and continuously optimizes the quality of the
generated images through a game with the discriminator.
However, traditional generators often suffer from issues
such as training instability and mode collapse. To address
these issues, a self-attention mechanism is introduced to
dynamically adjust the generator's focus on key areas of the
image, particularly in terms of detail and diversity. This
attention mechanism helps the generator accurately capture
the style, texture, and color details of the artwork,
enhancing the expressive power of the generated images[8].
The discriminator further evaluates the differences
between the generated images and real artworks, ensuring
that the generator maintains consistency in style and detail.
Ultimately, the generated artistic resources meet the
expected requirements in terms of style, detail, and
creativity, and exhibit a high degree of personalization and
diversity. This integrated algorithm improves the quality,
stability, and diversity of artistic resource generation,
promoting the intelligent integration of art creation with
industry needs.

2.4 Resource Generation Algorithm
Architecture Combining GAN and Attention
Mechanism

By integrating generative adversarial networks (GANs)
with attention mechanisms, the resource generation
algorithm architecture has been enhanced by incorporating
multiple advanced core algorithms, thereby improving the
quality, stability, and diversity of artistic resource
generation. Firstly, Wasserstein GAN (WGAN) is utilized
to introduce the Wasserstein distance to optimize the
adversarial training process of the generator and
discriminator, replacing the traditional JS divergence,
which enhances training stability. To further ensure the
smoothness of the discriminator's gradient and prevent
issues like gradient explosion or vanishing, a gradient
penalty algorithm is introduced[9]. This algorithm ensures
the training process converges smoothly by constraining
the discriminator's gradient. Secondly, by integrating self-
attention mechanisms, the generator can dynamically
allocate attention to different regions of the image,
allowing for a more precise capture of style, texture, and
local details, thus enhancing the expressive power and
detail quality of the generated images. Additionally, a
multi-scale generation strategy is introduced, enabling the
generator to optimize and generate at multiple scales,
which not only enhances the overall coherence of the image
but also improves its ability to represent local details[10] .
To ensure the efficiency and optimization of the training
process, the architecture employs adaptive learning rate
optimization algorithms (such as the Adam optimizer),
dynamically adjusting the learning rate to prevent
premature convergence and gradient vanishing issues[11].
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3. Development of Art Resource
Generation  Algorithm Based on
Generative Adversarial Network

3.1 The Goal and Design Requirements of
Art Resource Generation

In the art resource generation task considered, several
challenges arise, primarily concerning the generation of
artistic details, style consistency, and diversity control.
Traditional art creation methods often rely on manual
design or rule-based models, which struggle to efficiently
generate artistic resources with high-quality details and
personalization. Generative Adversarial Networks (GANs),
as a powerful generative model, have broad applications in
image generation and artistic design. However, they still
face issues such as training instability, insufficient detail in
generation, and poor controllability of the generation
process.

Moreover, with the growing integration of art education
and industrial needs, achieving efficient and personalized
art resource generation, especially for educational content
and creative processes, requires considering more artistic
styles, diverse creative demands, and high-quality
customization. Therefore, overcoming these challenges
and improving the performance of generative models
becomes the focus of our research.

To address these issues, this study proposes a hybrid
algorithmic framework combining GANs with attention
mechanisms. This framework effectively enhances the
quality, detail, and diversity of generated works, while
improving model training stability and ensuring style
consistency in the generated content. By introducing multi-
head self-attention mechanisms and gradient penalties, we
can better address the challenges encountered in the
generation of art resources, enhancing personalization and
creative expression in the generated outputs.

(1)The ability to generate different art styles: The
generation model should be able to switch between
multiple art styles, such as from classical art style to
modern abstract art, to meet the diverse needs of art
creation.

(2)Accurate reproduction of details: The generated model
must accurately reproduce the detailed features of the
artwork, such as fine texture representation, light and
shadow transitions, and color changes, to enhance the
realism of the work.

(3)Optimize the stability of the training process: The
generation adversarial network often encounters instability
problems in the training process, so it is necessary to
optimize the algorithm to ensure the smooth gradient
during the training process and avoid the generation model
falling into mode collapse[12].

(4)Provide personalized customization function for art
works: The generation model should be able to customize
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and generate art works with a specific style, tone or
emotional expression according to wusers' input
requirements, so as to meet the needs of customized art
creation.

(5)Processing high-dimensional features in art data: The
generator must be able to effectively process high-
dimensional data in art creation, extract complex visual
features in the image, and ensure that the generated results
have artistic expression and depth.

(6)Provide real-time generation and rapid feedback
capability: The generation model should have the ability to
generate art works in a short period of time, especially in
art creation and education, which requires fast generation
feedback and efficient creative process[13].

3.2 Build a Generative Adversarial Network
Generation Model

Generative Adversarial Networks (GANSs), as a type of
generative model, can generate highly realistic and diverse
data through the adversarial training of generators and
discriminators. To build an efficient GAN generation
model, it is essential to carefully design the structures of
the generator and discriminator to ensure the stability of the
generation process and enhance the quality of the generated
content. In the context of generating artistic resources,
GAN models must not only capture the overall structure of
artworks but also have the ability to handle intricate details.
This requires the generator to produce images that meet the
requirements of artistic creation from a latent space, while
continuously optimizing the generation results through the
discriminator| 14].

The goal of the GDGDgenerator and discriminator is to
optimize each other through adversarial training. The
generator aims to produce as realistic art pieces as possible,
while the discriminator strives to distinguish between
generated and real images. During training, the generator
receives feedback from the discriminator via
backpropagation, gradually improving the quality of the
generated images. This optimization can be expressed as a
minimization problem of the adversarial loss function:

Lian = Ex~ gatallog D(x)] + E,.p [log (1 —
D(G(2)))] 2

Among these, the discriminator outputs DxG(z) zGthe real
data, the generator produces images based on random noise,
representing the distribution of real data, and the potential
space represents the distribution of the latent space. The
generator optimizes this objective function to maximize the
discriminator's score for the generated images, while the
discriminator improves its ability to distinguish between
real and generated data[15].

In the generation of artistic resources, to enhance the detail
representation of generated images, the Wasserstein GAN
optimization scheme was adopted. This scheme uses the
Wasserstein  distance instead of the traditional JS
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divergence for optimization, effectively addressing the

common training instability issues in traditional GANs[16].

The loss function of WGAN introduces a continuous
metric, allowing the discriminator's output to be free from
probability constraints, thus directly improving image
quality. The loss function of WGAN can be expressed as:

Lwean = Ex- gata[D(X)] —
Ez-p,[D(G(2))] 3)

In this loss function, (D(x)) represents the discriminator's
score for the real sample, and (D(G(z))) is the
discriminator's score for the generated sample. The goal is
to maximize the output of the generator so that the
generated image is closer to the real data distribution.

In order to further optimize the training process, gradient
penalty (Gradient Penalty) is introduced into the WGAN
framework to maintain the smoothness of the
discriminator's gradient and avoid gradient explosion or
disappearance[17]. The gradient penalty term can be
calculated by the following formula:

Lgp =
Ez-p [(IIVeD(®)]l; — 1)?] (4)

Among them, the sample obtained by
xxG(z)VyD(X) linear interpolation from real data and
generated data is the gradient of the discriminator. The goal
of gradient penalty is to ensure that the gradient of the
discriminator remains close to 1 at all input data points, so
as to avoid instability in training[18].

The network architecture of the generator must be capable
of handling high-dimensional data and generating creative
and complex artworks in latent space. To enhance the
generator's ability to represent complex artistic resources,
convolutional neural networks or transformers can be
incorporated. These architectures effectively extract both
global and local features from images, generating realistic
artworks through multi-level nonlinear transformations.
For example, multi-layer convolutional layers can
gradually build up the detailed structure of an image, while
deconvolutional layers can transform low-dimensional

representations in latent space into high-quality images[19].

3.3 Discriminator and Generator

The generation adversarial network GD consists of a
generator and a discriminator, which are mutually
optimized through adversarial training. The goal of the
generator is to generate realistic images, while the task of
the discriminator is to distinguish real images from
generated images.

(1)Distinguisher design

The discriminator aims to classify real data and generated
data, and its loss function is:

£y = —x[log D(x)] = z[log (1 = D(G(2)))] (5)
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The discriminator extracts image features through the
structure of convolutional neural network (CNN), and
combines batch normalization and Leaky ReLU activation
function to enhance its expression ability and training
stability.

(2)Generator design

The goal of the generator is to generate an artwork that is
as close to a real image as possible, and its loss function is:

£, = — z[log D(G(2))] (6)

The generator uses the anti-deconvolution layer and
upsampling layer for image generation, and combines the
residual module and self-attention mechanism (Self-
attention) to improve the detail performance and artistic
style consistency of the generated images[20].

(3)Advanced algorithm optimization: WGAN and gradient
penalty

In order to improve the stability of training, Wasserstein
GAN and gradient penalty are adopted. The optimization
loss function of WGAN is:

Lwean—p = X[D@)] = z[D(G(=)] ()
The formula of gradient penalty term is:

top = P 2[(=1)7] ®)

The above algorithm ensures the smoothness of the
discriminator's gradient, so as to improve the stability of
the generator training, avoid pattern collapse and training
instability problems, and optimize the quality and diversity
of the generated art works.

4. Design and Implementation of
Optimization Algorithm Based on
Attention Mechanism

4 1 Self-Attention Mechanism

The attention mechanism enhances the model's ability to
capture image details by dynamically adjusting the
correlation between input features. In art resource
generation, this mechanism is particularly important
because it can automatically focus on key details and
regions during the generation process, improving the
quality of generated images[21].

nxd
First, the generator maps the input features X € R * to the
query (Query), key (Key), and value (Value) Spaces:

Q=XK=XV=XWy (9

Then, the similarity between the query and the key is
calculated, and the softmax function is used to normalize
to obtain the attention weight (A):
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AA =softmax QTd (10)

Finally, the weighted sum of attention weights is used to
obtain the output:

0=AV (11)

This process ensures that the generator can effectively
integrate the global information and local details of the
input features, so as to improve the fineness of the
generated images[22].

4.2 Multi-Head Attention Mechanism

To further enhance the generation effect, a multi-head
attention mechanism (Multi-Head Attention) has been
introduced. This mechanism captures various features and
hierarchical information of images by computing attention
in multiple subspaces in parallel. Specifically, the
generator calculates attention across multiple heads,
concatenates the results, and then applies a linear
transformation to produce the final output:

MultiHead (Q, K, V)=Concat head1,7 W (12)

The calculation for each head is:
head; = Attention(QKVWY)  (13)

Multi-head self-attention enables the generator to more
flexibly process different image features and enhance the
diversity and creativity of the generated works[23].

Finally, to address the computational complexity of self-
attention mechanisms when processing large images, a
local self-attention mechanism was introduced. By limiting
the scope of attention calculations, this mechanism reduces
computational load and enhances generation speed. Local
attention preserves the details of the generated images
while improving efficiency in handling large-scale artistic
resources. The algorithm enhances the application of self-
attention mechanisms in artistic resource generation,
enabling the generator to produce more detailed, rich, and
stylistically consistent artworks[24].

4.3 An Integrated Approach to the Attention
Module in a Generative Network

(1)Integrate the attention module with the generator

Self-attention mechanisms capture the interdependencies
between global and local features during the generation
process by calculating feature similarity. In the generator,
input features are first extracted as high-level features
through a convolutional layer, and then global information
is synthesized by weighting through a self-attention
module to optimize image details and style expression.

(2)Introduce multi-head attention module

Multi-head attention enhances the attention of the
generator to different parts of the image by computing the
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attention in multiple subspaces through parallel calculation,
and improves the diversity and detail representation of the
artwork. The output of each head is spliced to form the final
representation, ensuring the fineness of the generated
image in terms of color, texture and other aspects[25].

(3)Integrate location coding with spatial consistency

Location codes are added to the input features to help the
generator understand the spatial layout of the image and
maintain the spatial consistency of the generated image,
especially in artistic creation, where location codes ensure
the coherence of structures and details in the image.

(4)Combine local attention with global attention

Local attention reduces the amount of computation by
limiting the calculation range, while global attention
ensures the overall consistency of the image. The
combination of the two optimizes the computational
efficiency in the generator, while improving the detail
representation and creative effect of the image[26].

(5)Dynamic weight adjustment and adaptive learning

Dynamic weight adjustment is introduced to make the
generator flexibly adjust the weight of attention head
according to task requirements in the training process, so
as to optimize the allocation of computing resources and
improve the generation efficiency and work quality.

4.4 Optimize Convergence and Stability

In the generation adversarial network, convergence and
stability are crucial for successful model training,
especially in tasks involving the generation of artistic
resources. The complexity of artistic features and the
diverse generation requirements often lead to instability
during training. To address these issues, a series of
optimization methods have been introduced to enhance the
convergence and stability of the generation network,
ensuring the continuous improvement of the quality of the
generated artworks[27].

Firstly, Wasserstein GAN replaces the JS divergence in the
traditional GAN by introducing the Wasserstein distance,
which makes the training process more stable and reduces
the gradient disappearance problem. The objective function
of WGAN can be expressed as:

Lyony = D@1 - DG (14)

Among them, the discriminator scores the real data
D(G(z)) and the generated data. The introduction of
WGAN frees the discriminator from being constrained by
probability output, instead optimizing the distance metric,
which makes the adversarial game between the generator
and the discriminator smoother and allows for more stable
convergence[28].

To further enhance the stability of training, gradient
penalty (Gradient Penalty) technology has been introduced.
This technique aims to constrain the discriminator's
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gradients, ensuring smoothness during the training process.
The purpose of the gradient penalty term is to prevent
gradient explosion or disappearance, thereby enhancing the
stability of network training. The loss function for gradient
penalty can be expressed as:
Lop = XP x[(—1)?] (15)

Among them, the samples obtained by
xxG(z) D (R) interpolation of real data and generated
data represent the gradient of the discriminator about the
input. Through gradient penalty, the gradient of the
discriminator is ensured to be evenly distributed on all
sample points, so as to improve the stability of training and
avoid the training oscillation caused by gradient
instability[29].

Another optimization direction is the introduction of
adaptive learning rates, particularly in deep networks,
where the choice of learning rate significantly impacts
training stability. By employing adaptive optimization
algorithms, such as the Adam optimizer, the learning rate
can be dynamically adjusted during training, thus avoiding
both the risk of gradient explosion due to an overly high
learning rate and the issue of slow convergence due to an
overly low learning rate. The update rule for the Adam
optimizer is:

0; =0 — m, (16)

Among them, is the mean mt vneof the gradient, is the
mean square of the gradient, is the learning rate, and is a
small constant used to avoid zero division error. The
adaptive learning rate adjusts the learning rate during the
training process so that the model can converge at the best
speed at different stages.

5. Optimize the method of combining
adversarial network and attention
mechanism

5.1 Technical Difficulties in Combining
Generative Adversarial Networks with
Attention Mechanisms

First, the instability of training. When combined with
attention mechanisms, the training stability of Generative
Adversarial Networks is further challenged. Attention
mechanisms increase model complexity, potentially
leading to gradient disappearance or mode collapse,
especially in high-dimensional data generation, which
makes the interaction between the generator and
discriminator more unstable.

Second, the computational complexity increases. The self-
attention mechanism calculates O n2 the correlation
between each pair of features, which brings the
computational complexity, especially when generating
high-resolution images, the amount of computation
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increases dramatically. How to improve the computational
efficiency while ensuring the generation quality has
become a key issue.

Third, the balance between global and local features. The
attention mechanism can enhance the generator's attention
to details, but how to find a balance between the global
image structure and local details is a technical difficulty.
Overly paying attention to local details may affect the
overall consistency of the image, and vice versa.

Fourth, the parameter optimization of the attention
mechanism. The multi-head attention mechanism
introduces a large number of parameters, which increases
the difficulty of optimization. How to effectively train
these parameters, avoid overfitting or unreasonable update,
and ensure the generalization ability of the model is a
challenge in the combination technology.

5.2 Design of Fusion Algorithm: Linkage
Optimization Between Generator and
Attention Module

The optimization of the generator and attention module's
interaction enhances the generator's focus on key details by
effectively integrating the attention mechanism, thereby
enhancing the diversity and quality of artistic works. The
core of the fusion algorithm design lies in progressively
integrating the self-attention mechanism with the
generator's structure, using multi-head attention to enhance
feature extraction capabilities, and ensuring training
stability and efficiency through joint optimization.

Firstly, the generator extracts preliminary features through
the convolution layer, and then calculates the similarity
between features by weighting processing through the self-
attention module, and generates weighted feature
representation. The calculation formula of self-attention is
as follows:

AA = softmax QT d (17)

Among them, and is QKAO = AVthe mapped query and
key, which is the attention weight matrix, indicating the
weighted output. This process enhances the generator's
processing of details and global structure.

The multi-head attention mechanism captures image
features at different levels by processing the features of
multiple subspaces in parallel. Each head -calculates
attention independently and finally concatenates the output:

MultiHead (Q, K, V) = Concat (..., (18)
The calculation for each head is:
head; = Attention(QKVW,") (19)

The design enhances the generator's ability to capture a
wide range of styles, textures, and details. During
optimization, gradient accumulation and weight sharing
mechanisms are introduced to ensure that the generator and
attention modules can be optimized together, thereby
avoiding instability during training. An adaptive learning
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rate strategy is adopted to flexibly adjust the training speed,
accelerating the convergence process.

In the design of the fusion algorithm, we optimized the
interaction between the generator and the attention module
to enhance the generator's focus on key details, improving
both the quality and diversity of the generated artistic
works. During the training process, we used the COCO and
ArtBench datasets. The COCO dataset contains a variety of
images, helping the model learn complex visual structures,
while ArtBench focuses on artistic styles, providing rich
artistic resources for creation. The training was conducted
using TensorFlow 2.0 and PyTorch deep learning
frameworks, accelerated by NVIDIA Tesla V100 GPUs
and utilizing the NVIDIA NCCL library to support multi-
GPU nparallel training. The training batch size was 16
images, with 50 epochs for each dataset. The Adam
optimizer (with learning rate 1 =0.5, B2 =0.999) was used,
along with a learning rate decay strategy, reducing the
learning rate by a factor of 0.95 every 5 epochs. The loss
function combined Wasserstein loss, gradient penalty, and
L2 regularization to enhance training stability and image
quality. During training, the generator and discriminator
were optimized through adversarial training, with the
generator improving the quality of generated images based
on feedback from the discriminator. The introduction of
self-attention and multi-head attention mechanisms
allowed the generator to capture more details and diverse
artistic styles. The training process was evaluated using
FID and Inception Score metrics to ensure the quality and
diversity of the generated content.

Table 1. Performance comparison before and after
integration design

Algorithm design Generate computational Training
g g image quality efficiency stability
tradition GAN secondary low lower
GAN + self-attention
. excellent centre centre
mechanism
GAN + multi-head self- very high low excellent
attention mechanism Ty g
GAN + adaptive
learning rate excellent excellent excellent
optimization

As shown in Table 1, through linkage optimization, the
generated antagonistic network can efficiently generate
exquisite and diverse artistic resources, while ensuring the
stability and convergence of training.

5.3 The Optimization Path of Fusion
Algorithm: The Improvement of Generation
Efficiency and Generation Quality

The key to optimizing the integration of generative
adversarial networks with attention mechanisms is to
enhance both the efficiency and quality of generation.
Firstly, by employing local self-attention mechanisms, the
computational load is significantly reduced, avoiding the
complexity associated with global seclf-attention. This
mechanism limits the scope of attention computations,
thereby improving generation efficiency while preserving
the richness of image details. The formula for local self-
attention is:

Ajgcal == softmax Qlocal KT d (20)

Secondly, the multi-head self-attention mechanism
enhances the generation quality by capturing different
features of images through parallel calculation of attention
in multiple subspaces. The calculation formula of each
head is as follows:

MultiHead (Q, K, V) = Concat (..., (21)

The design ensures that the generator can optimize both
local details and global structure, improving the detail and
diversity of the artwork.

In order to accelerate convergence and improve stability,
adaptive learning rate optimization strategies (such as
Adam optimizer) are adopted to dynamically adjust the
learning rate, avoid overfitting and accelerate the training
process. The Adam optimization formula is:

0; =0 — m, (22)

In the optimization path of the fusion algorithm, the key
goal is to enhance both generation efficiency and image
quality. To achieve this, self-attention and multi-head self-
attention mechanisms are integrated into the model,
improving its ability to process complex patterns and
represent artistic content more effectively. The training
process utilizes the COCO and ArtBench datasets, which
offer a diverse range of images. The COCO dataset
provides images from various contexts, while ArtBench
focuses on artistic styles, helping the model generate high-
quality art across multiple styles. The training is conducted
using TensorFlow 2.0 and PyTorch on NVIDIA Tesla
V100 GPUs (16GB of video memory), with multi-GPU
parallel training supported by NVIDIA NCCL for better
efficiency. The model is trained with a batch size of 16
images for 50 epochs, using the Adam optimizer with
learning rate B1 = 0.5 and f2 = 0.999. A learning rate decay
strategy is applied, starting at 0.0002 and reducing by 0.95
every 5 epochs. The loss function combines Wasserstein
loss, gradient penalty, and L2 regularization to ensure
stable gradients and prevent overfitting. The optimization
process involves adversarial training, where the generator
aims to produce high-quality images, and the discriminator
helps improve the generator by distinguishing real from
generated images. The integration of attention mechanisms
allows the model to focus on key features like texture and
color, enhancing both the efficiency and artistic expression
of the generated images. Performance is evaluated using
FID and Inception Score to measure the quality and
diversity of the generated content.
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Table 2. Comparison of optimization performance of
fusion algorithm

Generate Generate

Algorithm design efficiency  quality Training stability
tradition GAN low secondary low
GAN + local self-
. centre excellent centre
attention
GA;:l ;_— alg::lttli_;l:ad centre very high excellent
GAN + adaptive
learning rate excellent excellent excellent
optimization
GAN + hybrid excellent very high excellent

generation strategy

As shown in Table 2, the generation adversarial network
can find a balance between the efficiency and quality of
generation, ensuring the efficiency and high quality of
generating artistic resources.

5.4 Optimization of Convergence Rate:
Learning Rate Adjustment and
Hyperparameter Optimization Strategy

To optimize the combination of generative adversarial
network and attention mechanism, the local attention
mechanism is first used to reduce the computational O (n2)
complexity, and the attention calculation is limited to the
local region of the image to avoid the complexity brought
by global calculation, so as to improve the generation
efficiency. The calculation formula is as follows:

Ajocal == Softmax Qlocal KT d (23)

Secondly, the multi-head self-attention mechanism
improves the generation quality. By computing multiple
attention heads in parallel, the generator can capture
different feature levels of the image and optimize the
consistency between image details and style. The formula
is as follows:

In order to accelerate convergence, adaptive learning
rMultiHead ( Q,K,V) = Concat (..., ate optimization
(such as Adam optimizer) dynamically adjusts the learning
rate to ensure training stability and accelerate convergence.
The update rule is as follows:

0; =0 — m, (24)

Table 3. Comparison of convergence speed and
generation effect

Rapidity Image Trainin computat GeneticMemo Loss
Algorithm of quality g mp 1 diversit ry reducti
design  convergen (0- stability usage on rate

y (0-
ce (hours) 100) (0-100) 100) (GB) (%)

2 EA

efficienc
y (%)

tradition
GAN
GAN + self-
attention 60.3 81.3 72.6 62.5 754 147 29.7
mechanism
GAN + multi-
head self-
attention
mechanism
GAN +
WGAN +
gradient
penalty
GAN + hybrid
optimization ~ 40.2 952 945 79.1 91.3 183 40.5
strategy

50.2 654 583 52.1 60.2 105 234

55.1 90.1 854 583 85.6 13.4 335

45.8 88.7 913 74.7 839 169 363

As shown in Table 3, the balance between efficiency and
generation quality is ensured by reducing computational
complexity, improving the detail representation of
generated images, and accelerating convergence.

6. Experiment

6.1 Technology Selection

This experiment employs TensorFlow 2.0 and PyTorch as
the primary deep learning frameworks. TensorFlow 2.0 is
well-suited for large-scale production deployment due to
its efficiency and scalability, while PyTorch facilitates
rapid iteration and experimental design, making it ideal for
research and prototype development. In terms of hardware,
NVIDIA Tesla V100 GPUs (16GB of video memory) are
utilized to accelerate model training, with the NVIDIA
NCCL library employed for multi-GPU parallel training to
further enhance computational efficiency.

The datasets used in this experiment include COCO and
ArtBench. The COCO (Common Objects in Context)
dataset is a widely-used benchmark for object detection,
segmentation, and captioning. It contains a diverse
collection of over 330,000 images, categorized into 80
object classes and annotated with object detection,
segmentation masks, and captions. The ArtBench dataset,
on the other hand, is specifically focused on artistic content,
containing a curated selection of images with different art
styles, including classical, modern, abstract, and various
other artistic genres. All images in both datasets are
uniformly preprocessed to 256x256 pixels to ensure
consistency and compatibility across the training process.

In the context of art universities' industry-education
integration, these datasets play a critical role in simulating
real-world scenarios where art resources need to be
generated in response to diverse artistic and educational
needs. The COCO dataset, with its rich variety of images,
allows the model to understand and replicate complex
visual patterns that can be applied to both artistic creation
and industrial design. The ArtBench dataset, with its focus
on artistic styles, directly aligns with the objectives of art
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universities in creating high-quality, customized art
resources that cater to both educational and industrial
requirements. These datasets enable the experiment to
explore and evaluate the ability of the proposed algorithm
to generate diverse, high-quality artistic content, which is
essential for bridging the gap between art creation and
industry needs in the context of industry-education
integration.

The Adam optimizer (with learning rate fl = 0.5, f2 =
0.999) is used for optimization, with a batch size of 16. The
loss function combines Wasserstein loss and gradient
penalty, along with L2 regularization, to enhance the
stability of training and improve the generalization ability
of the model. This combination of cutting-edge deep
learning techniques and robust hardware ensures an
efficient training process, leading to the generation of high-
quality artistic resources that meet the needs of both the
creative and industrial sectors in the context of industry-
education integration.

6.2 Algorithm Performance and
Optimization Effect Analysis

In this experiment, we evaluated the performance of
different GAN optimization methods when combined with
attention mechanisms, focusing on the quality of generated
images, training speed, computational efficiency, training
stability, generation diversity, memory usage, and loss
reduction rate. The results showed that introducing self-
attention mechanisms and multi-head self-attention
significantly improved the quality of generated images,
increasing the score from 63.4 to 91.5 in traditional GANSs,
and enhancing generation diversity from 61.2 to 88.3.
Although the multi-head self-attention mechanism reduced
computational efficiency by 47.5%, it was improved to
81.2% through local attention mechanisms and mixed
optimization strategies, while maintaining high-quality
generation results. In terms of training stability, the mixed
optimization strategy (WGAN and gradient penalty)
provided the best performance, achieving a stability score
0f 94.9. The loss reduction rate was also maximized under
the mixed optimization strategy, reaching 39.1%.
Additionally, memory usage increased with model
complexity, but it remained at 18.5GB under the mixed
optimization strategy, consistent with the improvement in
generation quality. Overall, the combination of multi-head
self-attention ~ mechanisms, WGAN, and mixed
optimization strategies not only enhanced the generation
effect but also ensured the stability and efficiency of the
training process.

6.3 Quality, Detail and Diversity
Assessment of Generated Resources

The quality, detail, and diversity of generated resources are

key indicators for evaluating the effectiveness of art
resource generation. In this experiment, by integrating self-

2 EA
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attention mechanisms and multi-head self-attention
mechanisms, the generator can capture both the overall
structure and local details of images, significantly
enhancing the quality and refinement of the generated
images. The introduction of WGAN and gradient penalties
further stabilized the training process, reduced mode
collapse, and ensured that the generated images achieved
high standards in texture, color gradients, and detail.

In terms of detail representation, the multi-head self-
attention mechanism enables the generator to pay attention
to multiple image feature levels at the same time,
accurately reconstruct details, and improve artistic
expression and creativity. In terms of generation diversity,
the model enhances innovation ability through the multi-
head self-attention mechanism, and avoids the tendency of

7. Conclusion

This study focuses on the needs of industry-education
integration in art colleges and universities, developing and
validating an intelligent generation algorithm system that
integrates generative adversarial networks (GANs) and
attention mechanisms. By incorporating Wasserstein
optimization, gradient penalties, self-attention, and multi-
head attention mechanisms, the algorithm effectively
addresses key technical challenges in traditional generation
models, such as training instability, missing details, and
inadequate style control. This significantly enhances the
quality, detail, and diversity of the generated content.
Experimental results show that the designed algorithm
outperforms traditional methods in image generation
accuracy, training efficiency, and system stability,
indicating promising prospects for practical application
and promotion.

The algorithm system not only provides high-quality
resources for artistic creation but also offers practical
technical solutions for the deep integration of universities
and industries in content generation, course development,
and interactive design. Future research can further enhance
the versatility and controllability of the algorithm, building
a cross-domain, multi-modal intelligent generation
platform. This will deepen the integrated application of
algorithms in diverse scenarios such as education, cultural
innovation, and virtual reality, comprehensively promoting
the intelligent upgrade of industry-education integration.
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