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This work aims to explore the application of artistic creativity using deep learning (DL) and artificial 
intelligence (AI) in the evaluation system of innovation and entrepreneurship. Moreover, this work 
intends to propose a new perspective for talent cultivation in animation majors in higher education 
institutions. Addressing the strong subjectivity and lack of quantitative indicators in traditional artistic 
creativity evaluation methods, this work constructs an artistic creativity innovation evaluation model 
based on the Backpropagation Neural Network (BPNN) integrated with the Style-Based Generative 
Adversarial Network (StyleGAN) algorithm. After preprocessing the artistic creativity image data, 
the data are input into the BPNN and StyleGAN fusion model. The model training uses the Adam 
optimizer, with 120 iterations set, and incorporates Dropout layers during training to enhance 
the model’s generalization ability. The performance of the model is evaluated, revealing that it 
outperforms existing technologies in indicators such as loss function value, fitting effect, accuracy, 
precision, recall, and F1 score, with an accuracy of up to 96.30%. Additionally, this work explores 
the potential application of this model in talent cultivation in animation majors in higher education 
institutions, providing new teaching tools and methods to enhance students’ innovation ability and 
practical skills. Therefore, this work offers a new technical means for artistic creativity evaluation and 
provides important references and guidance for innovation in higher education art education models 
and talent cultivation in the animation industry.
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In today’s era of globalization and rapid advancements in information technology, artistic creativity is not only an 
important form of aesthetic expression but also a key driver of social progress and economic vitality1,2. However, 
existing evaluation systems for artistic creativity often have significant shortcomings and fail to meet the urgent 
demand for assessing artistic creativity in innovation and entrepreneurship3. Traditional evaluation methods 
largely rely on subjective judgment and qualitative analysis, lacking objectivity and practical assessment tools. 
As a result, the evaluation of artistic creativity often varies from person to person and fails to accurately reflect 
its innovativeness and market potential. Moreover, with the deep integration of art with technology, business, 
and other fields, the role of artistic creativity in innovation and entrepreneurship has become increasingly 
prominent. This intensifies the demand for technologies and evaluation systems that can comprehensively and 
objectively assess artistic creativity.

In order to address this issue, deep learning (DL), as a branch of artificial intelligence (AI), shows great 
potential when applied to the evaluation of artistic creativity. DL algorithms can learn from a large number of 
artworks and extract key features, enabling automatic identification and analysis of artistic works4,5. By training 
deep neural networks, they can achieve high recognition accuracy and intelligence, thereby helping to construct 
a more objective and comprehensive evaluation system for artistic creativity6–8. By combining DL with other 
AI technologies such as machine learning and natural language processing, intelligent evaluation models can 
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be built to assist in assessing key factors such as innovation and market potential of artworks. This can provide 
technical support and solutions for building innovative evaluation systems and enhancing the level of talent 
cultivation in animation education9,10.

This work aims to address the problems and challenges in the fields of artistic creativity, innovation and 
entrepreneurship evaluation, and talent cultivation in animation education. First, it focuses on constructing 
an innovation and entrepreneurship evaluation system suitable for the field of artistic creativity. By integrating 
DL, this work aims to learn from a vast array of artistic works and extract key features to achieve automatic 
identification and analysis of artistic works. Additionally, this work establishes intelligent evaluation models to 
assist in assessing crucial factors such as innovation and market potential of artistic works, aiming for a more 
comprehensive and accurate evaluation of artistic creativity. Simultaneously, this work conducts an in-depth 
analysis of existing talent cultivation models in animation education and proposes improvement measures. 
Finally, this work explores the prospects of AI technology in animation education to foster students’ innovation 
and practical abilities, injecting new vitality into the development of the animation industry.

Literature review
Overview of the current status of artistic creativity evaluation
In the field of artistic creativity evaluation, many scholars have conducted related research. For example, Acar 
and& Runco studied assessment methods for divergent thinking, proposed new measurement tools, and expanded 
creativity theory. They emphasized the role of data-driven approaches in creativity research and provided a 
more theoretically supported direction for future creativity assessment11. Kozhevnikov et al. emphasized the 
role of visual ability and cognitive style in artistic creativity but noted that existing research primarily relied 
on subjective judgments, lacking objectivity and quantifiable metrics. This highlighted significant limitations 
in traditional creativity assessment methods, which struggled to meet the demand for objective evaluation in 
innovation and entrepreneurship fields12. Cruz et al., through a systematic review, identified a correlation between 
emotional states and creativity, but their study also depended on subjective assessments, further underscoring 
the limitations of traditional approaches in quantifying creativity13. Díaz-Portugal et al. investigated emotion-
driven decision-making in cultural and creative entrepreneurs during opportunity evaluation, finding limited 
impact of emotions on opportunity assessment. This provided new insights into the psychological mechanisms 
of creative decision-making but also revealed that traditional assessment methods were inadequate for handling 
complex emotional and creative factors14. Collectively, these studies demonstrate that traditional creativity 
assessment methods suffer from strong subjectivity and a lack of quantitative indicators.

The data-driven method can provide a more objective and comprehensive evaluation to better meet the needs 
of artistic creativity evaluation in the field of innovation and entrepreneurship. For example, Plucker reviewed 
the latest developments in creativity assessment, and explored current challenges and future directions. Their 
study pointed out that creativity measurement tools had been increasingly refined and highlighted the need to 
integrate multidimensional approaches to enhance measurement accuracy. It also emphasized the importance 
of creativity assessment in education and social applications15. Hitsuwari et al. performed aesthetic evaluations 
of poetry co-created by humans and AI, and discovered no significant difference in aesthetic quality between 
human-created works and AI-generated ones. This offered new insights into the application of AI in artistic 
creation16. However, their study primarily focused on the creative outcomes of AI-human collaboration and 
did not explore how to enhance the quantitative level of artistic creativity through an evaluation system. Sung 
et al. developed and validated a DL-based computerized creativity assessment tool that enabled automatic 
scoring. The method combines text analysis with generative models to improve the objectivity and efficiency 
of the assessment, drive the intelligent development of creativity measurement and provide new ideas and 
technological support for future research17. However, they did not explore how to translate these findings into 
practical evaluation tools.

Overview of the current status of innovation and entrepreneurship evaluation
In the field of innovation and entrepreneurship evaluation, researchers primarily focus on market potential, 
business models, and innovation within entrepreneurial projects. For example, Koch et al. studied innovation 
in the creative industries, linked the founder’s creativity with commercial orientation and explored its impact 
on innovation outcomes18. Ávila et al. revealed the importance of emotions in art entrepreneurship practices 
by examining the emotional experiences of entrepreneurs, and offered new perspectives for entrepreneurship 
education19. These studies emphasized the importance of artistic creativity in the business realm but often 
overlooked its unique role in innovation and entrepreneurship.

Furthermore, Marins et al. and Purnomo introduced an aesthetic perspective from cultural and artistic 
entrepreneurship. However, these studies mainly focused on the cultural creative industries and lacked 
exploration of the role of artistic creativity in broader innovation and entrepreneurship fields20,21. This gap 
highlights the necessity of developing a more inclusive evaluation system to fully recognize the multifaceted role 
of artistic creativity in driving innovation and entrepreneurship.

Purg et al. explored the mutual influence between art and entrepreneurship through case studies and 
theoretical analysis, and proposed new ideas to promote the development of the creative industries22. They 
noted that the combination of art and entrepreneurship could not only stimulate new business models but also 
bring profound social and cultural impacts. However, their study focused more on the theoretical connections 
between art and entrepreneurship and did not clarify how to combine artistic creativity with commercial value 
through an artistic evaluation system. Muriel-Nogales et al. focused on the innovative practices and policies of 
social enterprises and third-sector organizations in the cultural and artistic fields. They provided a wealth of case 
studies and experiences, and revealed the potential of the cultural and artistic sector in social transformation23. 
These studies offered valuable insights into the role of artistic creativity in social and cultural innovation, but 
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there was still a lack of in-depth exploration regarding the construction of specific evaluation metrics and 
methods.

The current application of DL and AI in artistic creativity
In recent years, the application of DL and AI technologies in the evaluation of artistic creativity has gradually 
gained attention. Khalid et al. used DL algorithms to achieve automatic recognition and monitoring of agricultural 
pests. This demonstrated AI’s powerful capabilities in image recognition and feature extraction, and offered 
technical insights for evaluating artistic creativity24. Ma et al. reviewed the DL methods in microbial image 
analysis, and highlighted their advantages in image classification and feature recognition, further proving the 
potential of DL in processing complex image data25. Chen et al. improved the quality and diagnostic accuracy of 
medical images through DL algorithms. Their findings showed that these technologies could effectively enhance 
image details and improve analysis, which provided a reference for image processing and feature extraction in 
artworks26. Additionally, Fu et al. used DL technology to achieve 3D super-resolution imaging in cell biology, 
and demonstrated the application prospects of AI in image generation and optimization27. Gendy et al. reviewed 
lightweight image super-resolution methods, and pointed out the potential of DL technologies in enhancing 
image details and visual representation, providing richer technical tools for artistic creativity evaluation28. These 
studies indicate that DL and AI technologies can offer objective quantitative indicators and efficient technical 
support for evaluating artistic creativity.

Despite this, the application of DL and AI technologies in evaluating artistic creativity remains in an 
exploratory phase. Existing studies focus mostly on technology development and validation, lacking in-depth 
integration with the actual needs of the art field. For example, how to combine AI technologies with the aesthetic 
features of artworks, how to use quantitative indicators to comprehensively assess the innovativeness and market 
potential of artistic creativity, and how to apply these technologies in art education and talent development are 
still weak points in current research. Recent studies have begun to fill this gap. For example, Jin et al. used the 
Generative Adversarial Network (GAN) to generate pencil sketches and combined learning analytics to provide 
personalized art education experiences for students29. Their research demonstrates the potential of AI in art 
education but lacks a systematic framework for quantifying artistic creativity. Similarly, Tsita et al. designed a 
virtual reality environment to enhance users’ understanding of contemporary art, but the focus of the research 
was on user experience, with limited applicability to creativity evaluation30.

In the field of animation education, existing research mainly focuses on curriculum design, teaching methods, 
and practical aspects. For example, Liu et al. studied a digital learning system based on multiplayer online 
animation games, and found that it effectively enhanced students’ interest in learning and hands-on skills31. 
Wang and Tao proposed an animation media art teaching design based on big data integration technology, 
and the results showed that this method effectively improved students’ learning outcomes and satisfaction32. 
However, most of these studies remain at the theoretical level, lacking close alignment with industry needs. 
In particular, in terms of artistic creativity evaluation, they have not fully explored how to enhance students’ 
innovative abilities and practical skills through an evaluation system. Furthermore, although Abdubannobovna 
and Orifakhon discussed recent advancements in art education technology, these studies lack a clear connection 
to the specific needs of the animation industry33. This gap highlights the need for animation education models to 
be more closely aligned with industry demands and integrate creativity evaluation systems to enhance students’ 
innovative abilities and practical skills.

Research gaps and innovations
The literature of various scholars is further summarized, as shown in Table 1.

In summary, while existing research has made some progress in the areas of art creativity evaluation, 
innovation and entrepreneurship evaluation, and the application of DL and AI technologies in art education, 
there are still some shortcomings. For example, current research still relies too heavily on subjective factors and 
lacks the ability to transform artistic creation evaluation systems into practical assessment tools. The application 
of DL and AI technologies in the field of art still requires further exploration. The animation education model 
tends to be too theoretical and lacks a strong connection with industry demands. Additionally, existing 
studies on art creativity evaluation have not fully addressed how to apply evaluation systems in art education, 
particularly in the context of talent development in animation programs. Therefore, this work aims to fill these 
research gaps by constructing a DL and AI-based evaluation model. This model combines the advantages of 
BPNN and StyleGAN methods. Specifically, BPNN can establish a mapping relationship between the features 
of artistic works and the evaluation results, while StyleGAN can generate high-quality artistic creative images, 
providing rich visual feature support for the evaluation model. This integration allows for a more comprehensive 
consideration of the structural and visual style features of artistic works. It enables precise assessment of artistic 
creativity and effectively addresses the subjectivity and lack of quantitative metrics in traditional evaluation 
methods.

Research model
The art creativity evaluation model constructed addresses the issues of subjectivity and lack of quantitative 
indicators in traditional evaluation methods by integrating the Backpropagation Neural Network (BPNN) with 
the Style-Based Generative Adversarial Network (StyleGAN). The model leverages the feature mapping ability 
of BPNN and the artistic style generation advantages of StyleGAN to accurately assess the innovativeness and 
market potential of artworks. It also enhances the model’s generalization ability through data preprocessing, 
the Adam optimizer, and Dropout layers. This model not only provides an objective and quantitative approach 
for evaluating art creativity but also offers technical support for talent development in animation majors at 
universities, laying the foundation for subsequent experimental design and result analysis.
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Analysis of innovation and entrepreneurship evaluation from the perspective of artistic 
creativity
In the field of artistic creativity, innovation and entrepreneurship evaluation is a complex and multidimensional 
process. As a significant driver of innovation and entrepreneurship, the construction of an evaluation system 
for artistic creativity is crucial for identifying and nurturing creative projects with market potential and cultural 
value34–36. An effective evaluation system can assist stakeholders such as investors, curators, educators, and 
policymakers in better understanding the commercial and technical feasibility of artistic creativity and its 
potential contributions to society and culture37. Artworks typically possess various characteristics, such as style, 
color, and composition. These features can be viewed as different dimensions for classification. Considering the 
evaluation of artworks as a classification problem allows for deeper insights into their innovative impact and 
market potential. Figure 1 illustrates the principles and applications for constructing an evaluation system for 
artistic creativity.

Figure 1 illustrates the principles and applications of the system. The construction of this evaluation system is 
based on four main principles: comprehensiveness, objectivity, dynamism, and operability. Comprehensiveness 

Literature Research topic Advantages Disadvantages

Acar & Runco11 Divergent thinking evaluation method and new 
measurement tool

It provides the research direction of data-driven 
creativity and expands the creativity theory.

Mainly rely on subjective judgment, lack of 
quantitative indicators

Kozhevnikov 
et al.12

The relationship among visual ability, cognitive style 
and artistic creativity

It provides theoretical support for the diversity of 
individual creativity.

Mainly rely on subjective judgment, lack of 
quantitative indicators

Cruz et al.13 Creative performance of patients with bipolar 
disorder

It reveals the relationship between emotional state and 
creativity.

Focus on specific groups, lack of universal 
applicability.

Díaz-Portugal 
et al.14

Emotion-driven decision-making in the 
opportunity evaluation of cultural and creative 
entrepreneurs

It provides a new perspective of the psychological 
mechanism of creative decision-making.

Mainly focus on emotional factors, lack of 
quantitative evaluation of creativity.

Plucker15 The latest development of creativity evaluation The importance of multi-dimensional evaluation 
method is emphasized.

Lack of specific technical implementation 
and application cases.

Hitsuwari et al.16 Aesthetic evaluation of poetry created by 
cooperation between human beings and AI

It provides new insights into the application of AI in 
artistic creation.

How to improve the quantitative level of 
artistic creativity through evaluation system 
is not explored.

Sung et al.17 A computerized creativity assessment tool based 
on DL

The objectivity and efficiency of evaluation are 
improved.

There is a lack of exploration to turn research 
results into practical evaluation tools.

Koch et al.18 Innovation in creative industries It emphasizes the importance of artistic creativity in the 
commercial field.

Ignoring the unique role of artistic creativity 
in innovation and entrepreneurship.

Ávila et al.19 Emotional experience in the practice of artistic 
entrepreneurship

It provides a new perspective for entrepreneurship 
education

Mainly focus on emotional factors, lack of 
quantitative evaluation of creativity.

Marins et al.20 Aesthetic perspective in cultural and artistic 
entrepreneurship

It provides new insights in the field of cultural 
entrepreneurship.

Lack of exploration of artistic creativity 
in a wider range of innovation and 
entrepreneurship.

Purnomo21 Aesthetic perspective in cultural and artistic 
entrepreneurship

It provides new insights in the field of cultural 
entrepreneurship.

Lack of exploration of artistic creativity 
in a wider range of innovation and 
entrepreneurship.

Purg et al.22 The interaction between art and entrepreneurship Put forward new ideas to promote the development of 
creative industries.

Lack of discussion on how to combine 
artistic creativity and commercial value 
through evaluation system.

Muriel-Nogales 
et al.23

Innovative practices and policies of social 
enterprises and third sector organizations in the 
field of culture and art

It provides a wealth of cases and experiences. Lack of in-depth exploration of evaluation 
indicators and methods of artistic creativity

Khalid et al.24 Automatic identification and monitoring of 
agricultural pests based on DL

It shows the powerful ability of AI in image recognition 
and feature extraction. Lack of direct connection with the art field

Ma et al.25 DL method in microbial image analysis The advantages of DL in image classification and 
feature recognition are emphasized. Lack of direct connection with the art field

Chen et al.26 Improvement of medical image quality and 
diagnostic accuracy based on DL

It provides technical reference for image processing and 
feature extraction. Lack of direct connection with the art field

Fu et al.27 3d super-resolution imaging of cell biology based 
on DL

It shows the application prospect of AI in image 
generation and optimization. Lack of direct connection with the art field

Gendy et al.28 Lightweight image super-resolution method It provides a wealth of technical tools for the evaluation 
of artistic creativity. Lack of direct connection with the art field

Jin et al.29 Generation of pencil sketch and personalized art 
education based on GAN It shows the potential of AI in art education. Lack of systematic quantitative framework of 

artistic creativity

Tsita et al.30 Enhancement of contemporary art understanding 
in virtual reality environment

It provides users with a new perspective in artistic 
experience.

The applicability of creativity assessment is 
limited.

Liu et al.31 Digital learning system based on multiplayer online 
animation game

It improves students’ interest in learning and practical 
ability.

Lack of close integration with industry 
demand

Wang and Tao32 Teaching design of animation media art based on 
big data fusion technology

It improves students’ learning achievement and 
satisfaction.

Lack of close integration with industry 
demand

Abdubannobovna 
and Orifakhon33 The latest development of art education technology It provides an overview of art education technology. Lack of clear connection with the needs of 

animation industry

Table 1.  Summary of advantages and disadvantages of various scholars’ literature.
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is reflected in the system’s ability to conduct a comprehensive assessment of artworks from multiple dimensions, 
such as artistic style, color, and composition. Objectivity is achieved by introducing DL algorithms to reduce 
subjective interference, quantifying the innovativeness and market potential of artistic creativity in a data-driven 
manner. Dynamism emphasizes the system’s ability to adapt to the ever-changing cultural, technological, and 
social environments in the field of artistic creativity. Operability ensures that the system can be efficiently applied 
in various scenarios, such as investment decision-making, art education, and policy formulation. This evaluation 
system provides objective decision support for investors, curators, educators, and policymakers. It also helps art 
creators and creative professionals better understand market demands and develop marketing strategies, and 
provides new teaching tools and methods for talent cultivation in university animation programs.

Such an evaluation system can effectively promote the transformation and application of artistic creativity 
in innovation and entrepreneurship, thus driving the overall development of the artistic creativity industry. 
Therefore, AI algorithms such as DL are introduced to build an evaluation model for artistic creativity and 
innovation. This helps researchers identify and quantify the features of different artworks, subsequently 
classifying them to gain a deeper understanding of their innovation and market potential. Furthermore, the 
work analyzes the advantages and roles of this model in cultivating animation professionals in higher education.

Analysis of the construction of an innovative evaluation model for artistic creativity using 
BPNN integrated with stylegan algorithm
In order to achieve an automatic evaluation of artistic creativity, this work proposes an evaluation model that 
integrates the BPNN38–40 and the StyleGAN algorithm41–44. The BPNN can establish a mapping relationship 
between the artistic creativity features obtained through training and the evaluation results, enabling the 
prediction of evaluations for new artworks. StyleGAN is a type of GAN45 specialized in capturing and generating 
stylistic features in artworks. Additionally, StyleGAN can generate high-quality images of artworks, providing 
rich visual features for the evaluation model and enhancing its flexibility. The design of this model aims to 

Fig. 1.  The principles and applications for constructing an evaluation system for artistic creativity (This image 
was drawn by the author using Microsoft Visio 2013 (version number: 15.0.4420.1017)).
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automatically extract features from artworks using DL technology and conduct innovative evaluations. Figure 2 
depicts the framework of this model.

Figure 2 illustrates that in this model, during the data preparation phase, the first step involves collecting 
relevant data of artistic creative works, including artist information, artwork attributes, and artwork images. These 
data serve as the foundation for model training and evaluation. Subsequently, the data undergo preprocessing, 
which includes operations such as data cleaning, noise removal, and standardization, to ensure data quality and 
consistency.

At the BPNN algorithm layer, structured data of artistic works, such as artist information and artwork 
attributes, are taken as input. Then, a multi-layer neural network structure is constructed, comprising input, 
hidden, and output layers. A multi-layer perceptron serves as the foundational structure of BPNN, and further 
adjustments to the weights and biases of each output layer in the network are made using the gradient descent 
method. The adjustments to the weights of the output and hidden layers are denoted as ∆oqj  and ∆wji, 
respectively, while adjustments to the thresholds of the output and hidden layers are denoted as ∆γq  and ∆hj . 
Typically, each adjustment is proportional to the gradient descent of the error and can be represented as Eq. (1):

	





∆oqj = −η ∂E
∂oqj

∆wji = −η ∂E
∂wji

∆γq = −η ∂E
∂γq

∆hj = −η ∂E
∂hj

� (1)

In (1), the negative sign indicates gradient descent, E represents the computed error, η denotes the learning rate, 
and ∂ represents the partial derivative operation with respect to a certain variable. For instance, ∂E

∂oqj
 represents 

the partial derivative of the error for the output layer weights, denoted as ∂(denominator)/∂(numerator), which 
indicates the partial derivative of the denominator concerning the numerator.

Therefore, the adjustment of the output layer weights, denoted as ∆oqj , can be expressed as Eq. (2):

	
∆oqj = −η

∂E

∂oqj
= −η

∂E

∂netq

∂netq

∂oqj
= −η

∂E

∂yq

∂yq

∂netq

∂netq

∂oqj
� (2)

Fig. 2.  A schematic diagram of the framework of the innovative evaluation model for artistic creativity based 
on the integration of BPNN and StyleGAN algorithm.
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netq  refers to the input of the q-th node in the output layer, and yq  refers to the output of the q-th node in the 
output layer. The adjustment of the hidden layer weights, denoted as ∆wji, is expressed as Eq. (3):

	
∆wji = −η

∂E

∂wji
= −η

∂E

∂netj

∂netj

∂wji
= −η

∂E

∂zj

∂zj

∂netj

∂netj

∂wji
� (3)

zj  refers to the output of the j-th node in the hidden layer, and the operation ∂(denominator)/∂(numerator) 
represents the partial derivative of the denominator concerning the numerator. The adjustment of the output 
layer threshold, denoted as ∆γq , is expressed as Eq. (4):

	
∆γq = −η

∂E

∂γq
= −η

∂E

∂netq

∂netq

∂γq
= −η

∂E

∂yq

∂yq

∂netq

∂netq

∂γq
� (4)

The adjustment of the hidden layer threshold, denoted as ∆hj , is represented by Eq. (5):

	
∆hj = −η

∂E

∂hj
= −η

∂E

∂netj

∂netj

∂hj
= −η

∂E

∂zj

∂zj

∂netj

∂netj

∂hj
� (5)

Furthermore, due to the existence of Eq. (6) to (10):

	





∂netq

∂oqj
= zj

∂netj

∂wji
= xi

∂netq

∂γq
= 1

∂netj

∂hj
= 1

� (6)

	

∂E

∂yq
= −

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
� (7)

	

∂E

∂zj
= −

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
f ′ (netq) oqj � (8)

	
∂yq

∂netq
= f ′ (netq) = yq (1 − yq)� (9)

	
∂zj

∂netj
= f ′ (netj) = zj (1 − zj)� (10)

xi refers to the input of the i-th node in the input layer, i = 1, 2, · · · , n; T p
q  denotes the expected output of the 

p-th sample, and yp
q  represents the actual output of the p-th sample. Thus, the adjustment of the output layer 

weights, denoted as ∆oqj , can be obtained by Eq. (11):

	
∆oqj = η

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
yq (1 − yq) zj � (11)

The adjustment quantity of the hidden layer weights, denoted as ∆wji, is given by Eq. (12):

	
∆wji = η

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
yq (1 − yq) oqjzj (1 − zj) xi� (12)

The adjustment quantity of the output layer threshold, denoted as ∆γq , is represented by Eq. (13):

	
∆γq = η

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
yq (1 − yq)� (13)

The adjustment quantity of the hidden layer threshold, denoted as ∆hj , is given by Eq. (14):

	
∆hj = η

P∑
p=1

m∑
q=1

(
T p

q − yp
q

)
yq (1 − yq) oqjzj (1 − zj)� (14)

Finally, the weights and thresholds for the N + 1-th input sample are given by equations (15) to (18):
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	 oqj (N + 1) = oqj (N) + ∆oqj (N)� (15)

	 wji (N + 1) = wji (N) + ∆wji (N)� (16)

	 γq (N + 1) = γq (N) + ∆γq (N)� (17)

	 hj (N + 1) = hj (N) + ∆hj (N)� (18)

Unlike the BPNN model, the StyleGAN algorithm layer is based on the GAN for generating artistic creative 
images. During the construction phase of the StyleGAN model, this work first uses randomly generated latent 
vectors as input, and then generates high-quality artistic creative works images through the generative network. 
Assuming h ∈ {1, 2, . . . , H} represents a predefined class and H denotes the number of categories, the typical 
cross-entropy loss function LR1 used during the training process is represented by Eq. (19):

	
LR1 = − 1

M

M∑
i=1

H∑
h=1

q (h) log (R (h|xi))� (19)

M represents the number of artistic creative images. R (h|xi) denotes the probability that the artistic creative 
image xi is predicted as the label h, and q (h) represents the label distribution of artistic creative images, as 
shown in Eq. (20):

	
q (h) =

{ 1 h = yi

0 h ̸= yi
� (20)

yi denotes the real label of artistic creative image xi. After pre-training, the artistic creative image recognition 
network R is embedded into the synthesis network S. Subsequently, the artistic creative image recognition 
network R is trained using both synthetic and real images of artistic creative works. By integrating models, it is 
possible to comprehensively consider both the structural and visual characteristics of artworks, achieving precise 
classification of their creativity and enabling more comprehensive and accurate evaluations. This provides a 
new technological approach for evaluating artistic creativity, while also offering a reference for innovation in 
higher education art programs and the cultivation of talent in the animation industry. Figure 3 illustrates the 
pseudocode of this model.

The core feature of this model lies in its ability to comprehensively consider both the structural and visual 
style characteristics of artworks, allowing for precise evaluation of artistic creativity. The BPNN establishes a 
mapping relationship between the features of artworks and evaluation results through its multi-layer neural 
network structure. The StyleGAN focuses on generating high-quality artistic creative images and providing 
rich visual feature support for the model. This integration not only enhances the model’s ability to assess the 
innovation and market potential of artworks but also strengthens its generalization capability across different 
artistic styles and creation types. The intended use of the model is to provide an objective, quantitative, and 

Fig. 3.  The pseudocode flowchart illustrating the application of BPNN fused with the StyleGAN algorithm for 
artistic creative innovation evaluation.
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efficient technical approach for evaluating artistic creativity, and address the shortcomings of traditional 
evaluation methods that are overly subjective and lack quantitative indicators. This innovative evaluation model 
aims to offer new technical support and theoretical references for art education, cultural and creative industries, 
and the innovation and entrepreneurship sectors. It intends to promote the scientific assessment of artistic 
creativity and the innovation of talent development models.

Experimental design and performance evaluation
Datasets collection
This work uses the Netflix Animation Library (https://www.netflix.com/jp/browse/genre/3063) as the data 
source. The dataset is a high-quality collection of animated works widely used in animation research and 
development. It contains over 500 animated works, spanning from early 20th-century classics to early 21st-
century CGI animations. The diversity of the dataset is reflected in several aspects. First, it includes a rich 
variety of animation styles, such as 2D, 3D, and stop-motion animation; then, it covers a wide range of thematic 
categories, including sci-fi, fantasy, and adventure; additionally, the dataset also contains extensive metadata, 
such as information on directors, screenwriters, production companies, release years, and audience ratings. 
These metadata provide multidimensional feature support for training DL models. The representativeness of 
the dataset lies in its inclusion of animated works from different periods, types, and styles, effectively reflecting 
the diversity and development trends in the animation field. It provides a solid foundation for training and 
validating artistic creativity evaluation models.

In the data preprocessing stage, the image data are first standardized. This is achieved by adjusting the image 
size to a uniform resolution (such as 512 × 512 pixels) and normalizing the pixel values to the range of [0, 1] to 
eliminate scale differences between images. Metadata are encoded and normalized, such as converting categorical 
information such as directors and production companies into one-hot encoding, and standardizing numerical 
information such as release year and audience ratings. Additionally, to enhance the model’s generalization 
capability, data augmentation techniques, such as random cropping, rotation, and color adjustment, are applied 
during training to generate more diverse training samples. Ultimately, the dataset is divided into a training set 
(80%) and a test set (20%), providing a solid foundation for DL model training and validation. Through these 
preprocessing steps, the Netflix Animation Library not only supports the development of the artistic creativity 
evaluation model but also offers valuable data support for animation education and industry applications. 
Subsequently, these data are input into the fused BPNN and StyleGAN model for training. The BPNN learns the 
mapping relationship between the features of the artworks and evaluation results from the structured data. The 
StyleGAN generates high-quality artistic creative images, providing rich visual features for the evaluation model. 
Through this fusion, the model can comprehensively consider both the structural and visual characteristics of 
the artworks, enabling precise classification and evaluation of artistic creativity.

Experimental environment
In order to validate the constructed algorithm, development mainly takes place on a Windows computer. Table 2 
provides specific environment configuration information.

Parameters setting
The specific hyperparameter settings are as follows. Adam optimizer is used as the optimizer to minimize the 
loss function. The number of epochs is set to 120, with a learning rate (LR) of 0.001. A decay strategy is employed 
where the learning rate is reduced by 50% when the loss indicator stops improving. During the training process, 
a Dropout layer with a dropout value of 0.5 is added between the input and output layers. The batch size is set 
to 64.

Performance evaluation
In order to analyze the performance of the model proposed, it is compared with GAN46, StyleGAN, BPNN47, and 
the model algorithm proposed by Jin et al. in the related field. The evaluation is conducted based on indicators 
such as loss function value, fitting effect, accuracy, precision, recall, and F1 score. The loss function value reflects 
the error convergence of the model during the training process. A lower loss value indicates that the model fits 
the training data better. The fitting performance is measured by comparing the consistency in trends between 
the model’s predicted values and the actual values. A good fit means the model can accurately capture the 
patterns in evaluating the innovativeness of artworks. Accuracy represents the proportion of correctly predicted 
values, reflecting the overall accuracy of the evaluation. Precision focuses on the proportion of actual innovative 
works among those predicted as innovative by the model, measuring the model’s conservatism. Recall reflects 
the proportion of innovative works that the model is able to identify, demonstrating the model’s sensitivity. 

Name Information Name Information

Operating system Windows 10 Professional Edition Visual Studio 2022

GPU NVIDIA RTX2070-8GB NumPy 1.18

CPU CORE-i7-4720HQ-2.6 GHz Pandas 1.0

Memory 64GB Python 3.9

TensorFlow 2.0 PyCharm 2022.3

Table 2.  Experiment environment configuration.
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The F1 score is the harmonic mean of precision and recall, providing a comprehensive measure of the model’s 
performance balance. Through the combined evaluation of these metrics, the proposed model demonstrates 
superior performance in artistic creativity evaluation, and offers reliable technical support for innovation and 
entrepreneurship assessments.

Figure 4 displays the comparison of the loss function values of each model algorithm.
In Fig. 4, through the analysis of the loss values of each algorithm, it can be observed that the proposed 

BPNN fused with the StyleGAN model algorithm achieves the minimum loss value. Specifically, the loss value of 
the model algorithm proposed reaches a basic stable state at around 0.38 after 30 iterations, while the final loss 
functions of other algorithms all exceed 0.62. Therefore, in the evaluation of artistic creativity and innovation, 
the proposed innovative evaluation model demonstrates superior convergence performance, enabling intelligent 
innovation evaluation of artistic creative works.

Figure 5 presents an analysis of the fitting effect of the proposed algorithm compared with other models and 
the actual value.

Figure 5 reveals that, concerning the fitting effect, the algorithm proposed closely follows the trend of the real 
values and achieves better predictions for the normalized peak and trough values. Furthermore, comparing the 
prediction results of other model algorithms with the real values reveals that their predicted results significantly 
deviate from the peak and trough values of the real values.

Figures 6, 7, 8 and 9 display the further analysis of the predictive accuracy of innovation evaluation based on 
the indicators of accuracy, precision, recall, and F1 score for each algorithm.

Fig. 5.  Normalized fitting results of various algorithms with real values.

 

Fig. 4.  Convergence results of models under different algorithms.
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Further analysis of the prediction accuracy of each algorithm, as shown in Figs. 6, 7, 8 and 9, reveals that 
with the increase in iteration cycles, the evaluation accuracy of each algorithm tends to increase first and then 
stabilize. Compared with GAN, StyleGAN, BPNN, and the model proposed by Jin et al. in the relevant field, the 
accuracy of the model proposed reaches 96.30%, an increase of at least 3.75%. The rankings of the algorithms are 
as follows: the model proposed > the algorithm proposed by Jin et al. > StyleGAN > GAN > BPNN. In addition, 
the precision, recall, and F1 values of the model reach 92.82%, 91.06%, and 85.88%, respectively, representing 
an improvement of at least about 4% in evaluation accuracy compared to other algorithms. Therefore, the 
artistic creative innovation evaluation model based on BPNN fused with StyleGAN proposed exhibits better 
performance in prediction accuracy for innovation and entrepreneurship evaluation.

To validate the model’s generalization ability, experiments are conducted on multiple datasets, including the 
original Netflix Animation Library dataset and two additional datasets. The first is the Annecy International 
Animation Film Festival (AIAFF) dataset (https://www.annecy.org/). It is one of the most significant animation 
film festivals in the world, whose official website provides information on some of the award-winning and 
participating works. The second is the Sundance Film Festival (SFF) Animation section dataset ​(​​​h​t​t​p​s​:​/​/​w​w​w​
.​s​u​n​d​a​n​c​e​.​o​r​g​/​f​e​s​t​i​v​a​l​​​​​)​, which covers a wide variety of animated works and offers abundant resources for the 
collection. Table 3 presents the results.

Table 3 shows that the model performs best on the Netflix Animation Library dataset, achieving an accuracy 
of 96.30%, a precision of 92.82%, a recall of 91.06%, and an F1 score of 85.88%. This indicates that the model 

Fig. 7.  Precision results of innovation evaluation prediction for artistic creative images under various 
algorithms.

 

Fig. 6.  Accuracy results of innovation evaluation prediction for artistic creative images under various 
algorithms.
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can efficiently identify and assess the innovativeness of artworks in this dataset. However, when applied to the 
AIAFF dataset, the model’s performance slightly declines, with accuracy at 94.85%, precision at 91.50%, recall 
at 89.70%, and an F1 score of 85.20%. This result reflects that while the model still maintains a high level of 
accuracy and reliability in handling animation works from different regions and styles, it is somewhat influenced 
by cultural diversity and stylistic differences. Further, on the SFF dataset, the model’s accuracy drops to 93.20%, 
precision is 89.30%, recall is 88.50%, and the F1 score is 83.90%. This suggests that while the model still performs 
well on animation artworks from various cultural backgrounds, its generalization ability faces challenges when 
confronted with a broader range of artistic forms and cultural differences. Overall, the model’s performance 
across these three datasets demonstrates its effectiveness in evaluating artistic creativity and some degree of 
generalization ability. However, it also highlights the need for further optimization in cross-cultural scenarios to 
improve its applicability and accuracy across a wider spectrum of animation art.

To more intuitively demonstrate the evaluation process and results of the proposed assessment system for 
specific animated works, three stylistically distinct animated films, Spirited Away, Toy Story, and Big Fish & 
Begonia, are selected for case analysis, as shown in Table 4. These works have a broad influence in the animation 
field and effectively showcase the system’s evaluation capabilities.

Types of dataset Accuracy (%) Precision (%) Recall (%) F1 score (%)

Netflix animation library dataset 96.30 92.82 91.06 85.88

AIAFF 94.85 91.50 89.70 85.20

SFF 93.20 89.30 88.50 83.90

Table 3.  Innovation evaluation prediction results on different datasets.

 

Fig. 9.  F1 value results of innovation evaluation prediction for artistic creative images under various 
algorithms.

 

Fig. 8.  Recall results of innovation evaluation prediction for artistic creative images under various algorithms.
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In Table 4, through the evaluation of the three animated works mentioned above, the system can provide 
detailed and targeted scores and feedback on the works from three dimensions: innovation, unique style, and 
market potential. Taking Spirited Away as an example, the system gives it a score of 95 for innovation, and 
recognizes its high level of innovation in narrative structure and visual style. In particular, its innovative aspects, 
such as its unique spiritual worldview and delicate use of color, add unique artistic value to the work. Meanwhile, 
the system points out that there is still room for further optimization in market promotion, such as strengthening 
international market expansion and brand development to better realize its commercial value.

Discussion
Based on the research findings above, it is observed that the model proposed is compared with GAN, StyleGAN, 
BPNN, and the model proposed by Jin et al. in terms of performance analysis. The results indicate that the 
proposed model performs best in terms of loss function values, exhibiting faster convergence and minimal 
loss values, showcasing superior convergence effects, and better prediction of peak and valley values after 
normalization. This is consistent with the views of Zhou et al.48 and Çiçek et al.49. Further analysis of its predictive 
performance reveals that the proposed model’s accuracy is significantly better than other models, achieving an 
evaluation prediction of 96.30%. Therefore, the artistic innovation evaluation model based on BPNN fused with 
StyleGAN proposed performs better in predicting innovation and entrepreneurship evaluation accuracy. This 
is consistent with the views of Qi et al.50. This model is expected to become an important tool for innovation 
evaluation in the field of artistic creativity. It can provide intelligent and accurate evaluation services for artistic 
creators, while also providing strong support for the development of the creative industry.

In art education environments, traditional methods for assessing artistic creativity primarily rely on teachers’ 
subjective judgments, lacking objective quantitative indicators. For example, teachers typically evaluate students’ 
creativity by observing their creative processes, the completeness of their works, and interactions with students. 
However, this approach has notable limitations: assessment results are highly subjective, making cross-class 
or cross-school comparisons difficult, and it struggles to accurately reflect the innovativeness and market 
potential of students’ works. Additionally, traditional methods often lack in-depth analysis of multi-dimensional 
characteristics of student works, such as stylistic uniqueness, innovative technical applications, and the depth 
of cultural connotations. These limitations not only affect the quality of art education but also restrict the 
comprehensive development of students’ creativity. To address these challenges, recent studies have explored 
applying AI and deep learning technologies to artistic creativity assessment. For instance, Sung et al. developed 
a deep learning-based computerized creativity assessment tool capable of automated scoring, enhancing 
objectivity and efficiency. However, most of these studies focus on technology development and validation, 
lacking close integration with the practical needs of art education. In art education, an assessment system must 
not only provide objective scores but also offer specific feedback and improvement suggestions for students and 
teachers to foster the development of students’ creativity.

The proposed potential application of the artistic creativity assessment system within educational environments 
is rooted in a profound understanding of the limitations of traditional assessment methods and innovative 
improvements to existing technologies. By leveraging deep learning and AI, the system can automatically extract 
key features of artistic works and evaluate them across multiple dimensions, including innovativeness, unique 
style, and market potential. Compared with traditional methods, the system not only provides more objective 
and quantifiable assessment results but also offers real-time feedback and targeted improvement suggestions for 
students and teachers. For example, in the “Animation Creative Concepts” course, students’ submitted creative 
sketches can be quickly scored for innovativeness through the system. Meanwhile, the system analyzes the 
stylistic characteristics and market potential of the works and provides specific improvement recommendations. 
This real-time feedback mechanism helps students better understand the strengths and weaknesses of their 
works, enabling them to make targeted improvements and enhance their creativity and practical capabilities.

From the perspective of the system’s applicability to future creative works, a dynamic data update mechanism 
can be established to periodically collect the latest artworks and creative cases, ensuring the system remains 
timely and adaptable. Additionally, by incorporating cross-domain data fusion, such as including data from 
painting, sculpture, architectural design, and other fields in the model’s training, the system’s generalization 
ability can be enhanced. Moreover, through modular design, the model can flexibly adapt to different types 
and styles of artworks, and improve its ability to evaluate future creative works. These measures will ensure the 
system can better support the evaluation of creative works that transcend existing values and norms.

Although the model proposed demonstrates excellent technical performance, its interpretability remains a 
key issue that needs to be addressed. To help users better understand and trust the model’s evaluation results, 

Animated work 
title

Innovation 
score

Unique 
style 
score

Market 
potential 
score Overall feedback

Spirited away 95/100 92/100 88/100
The work exhibits high innovation in narrative structure and visual style, with a unique spiritual worldview setting 
and delicate use of color as its highlights. It has significant market potential, though there is room for further 
optimization in market promotion.

Toy story 90/100 88/100 94/100 The work is innovative in the integration of technology and narrative, as well as character design. It has high market 
potential, and particularly has advantages in the development of derivative products and brand expansion.

Big fish and 
begonia 85/100 90/100 86/100 The work stands out for its uniqueness in visual effects and cultural elements, showcasing a strong traditional Chinese 

aesthetic style. It has good market potential, though international promotion needs to be further strengthened.

Table 4.  Evaluation results of animated works.
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this work has conducted a deep analysis of the model’s decision-making process. Specifically, through feature 
importance analysis and attention mechanism visualization, it highlights the specific features the model focuses 
on when evaluating artworks. For example, feature importance analysis reveals the extent to which the model 
relies on characteristics such as color contrast, composition complexity, and style uniqueness. All of these 
features play a critical role in the model’s final evaluation. Additionally, attention mechanism visualization allows 
for a direct and intuitive display of the areas the model focuses on when processing images of artworks. For 
instance, in an animated work, the model may focus more on the details of the character’s expression, the color 
layers in the background, or the dynamic effects of the overall scene. These analyses not only provide users with 
an intuitive understanding of the model’s decision logic but also offer insights for further optimization of the 
model. This makes it more persuasive and practical in the highly subjective field of artistic creativity evaluation.

To better showcase the system’s strengths and limitations, a review of previous research on creativity or 
art evaluation systems has been added, particularly the work by Jin et al. Through comparative analysis, it 
becomes evident that the proposed system holds advantages regarding technological innovation and application 
effectiveness. However, it also shows certain limitations, such as its dependence on the dataset and the constraints 
in defining innovation. Additionally, an analysis of the system’s applicability reveals that the system is not 
limited to animation programs but can be extended to other art and design fields, such as graphic design and 
illustration. Specific teaching application suggestions are proposed for different programs based on their unique 
characteristics. Moreover, based on the system’s features and limitations mentioned above, directions for future 
improvements are outlined, such as incorporating more advanced DL algorithms to enhance the model’s ability 
to understand complex creative works.

Finally, to ensure that the system built can be applied to concrete educational cases and provide related effect 
evaluations, this work plans to develop a series of teaching cases based on the model, and cover both foundational 
and advanced course content. For example, in a course like “Animation Creative Concepts,” students can submit 
creative sketches through the system, and the system will provide innovation evaluations and improvement 
suggestions. In an “Animation Project Practice” course, students can use the system to conduct a comprehensive 
evaluation of their full animation works, optimizing their market potential. Additionally, through actual teaching 
applications, feedback from students and teachers will be collected to assess the system’s teaching effectiveness. 
Representative student works will be selected to showcase the improvement process and effects before and after 
using the system. Through comparative analysis, the system’s impact on enhancing the innovation and market 
potential of student works will be visually demonstrated, thereby strengthening the argument of the research 
work. However, how the system provides feedback to learners, and whether this feedback positively influences 
their understanding of creativity and innovation, remains an issue for further exploration. Additionally, since the 
system has not yet been applied in an educational environment, the discussion of its educational effectiveness is 
currently in the speculative stage. Future research will need to validate the system’s practical value in educational 
settings through specific teaching cases and comparative experiments, such as analyzing changes in student 
learning outcomes after using the system, and their increased interest in the integration of AI with art.

In today’s highly competitive business environment, assessing artistic creativity is crucial for identifying 
and nurturing creative projects with market potential. Traditional evaluation methods often rely on subjective 
judgment and lack quantitative indicators, making it difficult to accurately reflect the innovation and commercial 
value of artistic works. The artistic creativity evaluation model based on the integration of BPNN and StyleGAN 
proposed provides new technological means and theoretical support for evaluating artistic creativity in the 
business context. The model automatically extracts features of artistic works using DL techniques and combines 
high-quality visual features generated by StyleGAN. This enables a comprehensive and objective evaluation of 
artworks from multiple dimensions, such as innovation, unique style, and market potential. Its high accuracy 
(96.30%) and excellent predictive performance indicate that the model can effectively identify creative works 
with commercial potential, providing scientific decision-making support for investors, art curators, educators, 
and policymakers. Additionally, the model’s dynamic and operable nature allows it to adapt to the constantly 
changing cultural, technological, and market environments, and provide strong technical support for the 
application and promotion of artistic creativity in the business field. By integrating artistic creativity with 
commercial value, this work advances the development of artistic creativity assessment systems. Moreover, it 
offers new ideas and methods for the innovation and sustainable development of the creative industry.

The artistic creativity evaluation system platform developed has not yet been open-sourced. The main 
reason is that the system is still in the optimization phase, and some features need further improvement to 
ensure its stability and accuracy in different scenarios. Additionally, considering that some of the technologies 
involved in the system may be subject to patent applications, it is not yet appropriate to release it as open 
source. Furthermore, to further promote the application of the art creativity evaluation system proposed in 
education and other fields, this work plans to develop an online demonstration platform to visually showcase 
the system’s functions and effectiveness. This platform will reference existing open creativity scoring systems 
(Open Creativity Scoring: https://openscoring.du.edu/) and provide transparent evaluation mechanisms along 
with real-world application examples to enhance users’ understanding and trust in the system. The platform 
will allow users to upload artwork and receive real-time innovation evaluation results from the system. It can 
showcase how the model focuses on specific features of the artwork (such as color, composition, and style) 
and visualize the decision-making process. The AuDra system quantifies the innovativeness and artistic value 
of creative paintings by analyzing visual features such as color, composition, and brushstrokes, combined 
with machine learning algorithms, thus providing objective evaluation indicators for painting creativity51. 
Compared with AuDra, this work’s system not only achieves technological breakthroughs but also uses deep 
learning and AI to offer more precise and objective quantitative indicators for multi-dimensional assessment of 
artistic creativity, significantly outperforming traditional methods in accuracy and efficiency. While the AuDra 
system primarily focuses on evaluating creative paintings, the system in this work covers a broader range of 
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art forms, such as animation and graphic design, demonstrating wider applicability. Additionally, the platform 
will offer practical application cases, and demonstrate the system’s effectiveness in educational settings, such 
as the improvement process of student artworks and teaching feedback from educators. By incorporating user 
feedback mechanisms, this work aims to continuously optimize the system’s performance and user experience. 
The development of this demonstration platform will help showcase the system’s practical application value and 
provide an innovative tool for art education and the creative industry, promoting the widespread adoption of 
art creativity evaluation technologies. The goal is to protect intellectual property while also promoting academic 
exchange and technological sharing through this approach.

Conclusion
Research contribution
This work successfully develops an artistic creativity evaluation system based on DL and AI, and empirical 
analysis verifies the system’s significant advantages in intelligently assessing creative artistic works. The proposed 
evaluation model, which integrates BPNN and StyleGAN, achieves an accuracy of 96.30% in evaluating artistic 
works, significantly improving the precision and efficiency of the assessment. This model not only provides 
intelligent and objective evaluation services for artists but also offers strong support for the development of the 
creative industry. Additionally, this work deeply explores the application value of the model in the training of 
animation professionals in higher education and proposes an innovative method of embedding it as a teaching 
tool into the curriculum. By providing students with real-time feedback on innovation and improvement 
suggestions, the model effectively enhances students’ creativity and practical skills, and offers new technological 
tools and teaching methods for the field of art education. Overall, this work advances the development of artistic 
creativity evaluation systems on a technical level. Moreover, it provides important theoretical and practical 
references for cultivating innovative artistic talent that meets future market demands in the education sector.

Future works and research limitations
Despite the positive outcomes of this work, there are still some limitations and areas for future improvement. 
First, the generalization ability of the model needs further validation across a broader range of artistic works 
and cultural backgrounds. Second, the interpretability of the model needs enhancement to enable users to better 
understand the logic behind the evaluation results. Additionally, in terms of the cultivation of talent in animation 
majors at universities, innovative educational models need to be closely aligned with industry demands. Future 
educational practices should consider industry trends and technological developments more comprehensively 
to foster animation professionals who are better suited to meet future market demands.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author Hao Xie 
on reasonable request via e-mail xiehao@suse.edu.cn.
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