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ABSTRACT. The application of Artificial Intelligence (Al) in painting has gained significant attention in
recent years, promising to revolutionize the digital art world and enhance traditional painting processes. Al
painting involves the use of computer algorithms and machine learning techniques to generate and
manipulate digital images. This paper provides an overview of current research in Al painting, covering key
findings, literature review, and analysis of the field's current status and future direction. Research has shown
that Al algorithms can generate unique digital art forms and automate tasks in traditional painting processes,

freeing up time and effort for artists. The field of Al painting holds immense potential and further research
and development will likely lead to new and innovative applications. In addition, this technology has a long

way to go on the road of commercialization.

1. INTRODUCTION

Al painting is a growing field that has the potential to
revolutionize the creation and consumption of digital art.
This technology is attracting increasing attention due to
its potential to expand the creative horizons of artists and
designers, and foster the development of innovative
applications [1]. With Al painting, even individuals with
limited technical skills can produce high-quality works of
art in a matter of minutes, greatly lowering the barrier to
entry in the field of digital art.

In recent years, research in the field of Al painting
has made impressive strides, with a growing number of
studies exploring innovative ways to use artificial
intelligence to generate and manipulate images. For
example, researchers have used advanced techniques like
automatic learning and unsupervised learning to segment
and analyze image details such as character posture and
identity [2]. Additionally, the use of Deep Convolutional
Generative Adversarial Networks (DCGAN) [3] has
demonstrated the potential for unsupervised learning to
outperform supervised learning in certain scenarios.
Some advancements are achieved by improving
convolution networks with the help of Generative
Adversarial Networks [4]. And the development of
diffusion model enables AI painting to draw
high-resolution and realistic images [5] etc.

Despite these impressive achievements, there are still
several challenges that need to be addressed in order to
further advance the field of Al painting. Some of the key
areas of focus include improving the quality and
authenticity of images generated by Al, developing new
algorithms that can produce a greater visual appeal and
diverse styles, discuss the originality of artworks
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produced by Al and its ethical issues as a unique personal
expression, and exploring the potential of Al to create
interactive and immersive digital art experiences.

2. RELEVANT MODELS

2.1. Generative Adversarial Networks

Generative Adversarial Networks (GAN) are a class of
deep generative models that have gained significant
attention in recent years due to their ability to generate
high-quality, diverse and realistic images.

GAN were introduced by Goodfellow et al. (2014)
[4], where two deep neural networks, generator and
discriminator, are trained in an adversarial manner. The
generator tries to generate synthetic samples that are
indistinguishable from real ones, and the discriminator
tries to correctly identify whether a sample is real or fake.
Since then, GAN have been used in various computer
vision and machine learning tasks, including image
generation, style transfer, and representation learning.

The generator and discriminator are both deep neural
networks, and the training process for GAN is
accomplished through a minimax game, where the
generator tries to minimize the error it makes in fooling
the discriminator, and the discriminator tries to maximize
its accuracy in distinguishing between real and fake
samples. The game continues until a balance is reached,
such that the generator is producing high-quality
synthetic samples that are difficult to distinguish from
real ones, and the discriminator is as accurate as possible
in differentiating between the two.
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Fig. 1. Generative Adversarial Networks schematic diagram. [6]
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The GAN mathematical formula [4] refer to
"Equation (1)", where G=generator; D=discriminator;
Pdata(x)=distribution of real data; P(z)=distribution of
generators; x=sample of Pdata(x); Z=sample of P(z);
D(x)=discriminator network; G(z)=generator network
[6].

Overall, the principle of GAN is to use the adversarial
relationship between the generator and discriminator to
learn a generative model that can produce synthetic data
samples that are similar to real ones. The process allows
for unsupervised representation learning, as the generator
and discriminator can learn to extract and use important
features from the data to generate high-quality synthetic
samples.

However, GAN also
disadvantages [7], including:

Instability: GAN can be difficult to train due to their
unstable loss landscape and the possibility of mode
collapse, where the generator produces limited variations
of the training data.

Training data requirements: GAN require a large
amount of training data to learn the underlying
distribution of the data and generate high-quality
samples.

Model collapse: GAN may produce images that lack
diversity, with certain modes or features being ignored by
the generator.

Evaluation: It can be challenging to evaluate the
quality of GAN-generated samples, as there is no
objective metric for measuring the similarity between the
generated and real data.

Computational resources:
computationally expensive to

have several known

GAN can  be
train and require

significant computing resources, such as Graphics
Processing Units or Tensor Processing Units.

GAN is not suitable for processing discrete data, such
as text.

Certainly, with these shortcomings, there are also
some optimization models. Here, four popular improved
GAN models, their advantages, disadvantages and
principles are briefly provided.

2.1.1. Four popular improved GAN models

Conditional GAN (CGAN): CGAN was proposed by
Mirza and Osindero (2014) [8] to enable the generation
of specific types of data, such as images of certain
classes or with certain attributes. CGAN extends the
original GAN architecture by conditioning both the
generator and the discriminator on additional input, such
as a class label or an attribute vector and transforms the
unsupervised GAN into a semi-supervised or supervised
model. This allows for more precise control over the
generated samples and enables applications such as
image-to-image translation. One disadvantage of CGAN
is that it requires the availability of the conditioning
information at both training and inference time, which
may not always be feasible.

Deep  Convolutional =~ Generative  Adversarial
Networks (DCGAN) are a type of GAN proposed by
Radford et al. (2015) [3] that use convolutional neural
networks in both the generator and discriminator
networks. DCGAN are capable of generating higher
quality images than previous GAN models by learning
hierarchical representations of the input images. The
generator network takes random noise as input and
generates images that are progressively refined through
deconvolutional layers. The discriminator network, on
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the other hand, learns to distinguish between real and
fake images. DCGAN have been used for a variety of
applications, including image synthesis, image editing,
and style transfer. However, like Style-based GAN [2],
DCGAN also require a significant amount of computing
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resources and training time. This kind of model may
cause the over-generation problem, which is another type
of model collapse. So strange pictures may be generated,
but the discriminator still treats them as real pictures.

Problems with Perspective

Fig. 2. Strange pictures caused by over-generation. [9]

Wasserstein GAN (WGAN): WGAN was proposed
by Arjovsky et al. (2017) [10] to address the instability of
the original GAN training process. WGAN replaces the
discriminator with a critic that outputs a scalar score, and
enforces a Lipschitz constraint on the critic by clipping
the gradients of the critic's weights. This leads to a more
stable training process and a smoother loss landscape,
which allows for better convergence and higher quality
generated samples. One of the main disadvantages of the
WGAN model is that it can be more difficult to train than
traditional GAN. This is because the gradient clipping
used to enforce the Lipschitz constraint can cause
problems with vanishing or exploding gradients, which
can make it harder to converge to a stable solution.
Additionally, the WGAN loss function can be less
intuitive to interpret than the standard GAN loss, which
can make it harder to diagnose problems or make
improvements to the model.

Style-based GAN (StyleGAN): StyleGAN was
proposed by Karras et al. (2019) [2] to address the
limitation of previous GAN models in generating
high-resolution and diverse images. StyleGAN
introduces a novel generator architecture that separates
the generation of high-level attributes from the low-level
details of the images, allowing for more control over the
generated images. StyleGAN also uses adaptive instance
normalization and progressive growing techniques to

improve the quality and diversity of the generated images.

One disadvantage of StyleGAN is that it requires a large
amount of computing resources and training time to
generate high-quality images.

2.2. Diffusion Model

Diffusion models are a family of generative models that
have been widely used in various applications such as
computer vision, sequence modeling, audio, artificial
intelligence, etc [11]. The core principle of the diffusion
model is to iteratively update a random noise vector until
it approximates a target distribution [12]. This technique
has proven to be effective in generating high-quality

samples that are visually appealing and exhibit realistic
patterns [13].

The diffusion model is a type of autoregressive model
that generates samples by updating a random noise vector,
following a pre-defined set of diffusion steps. These steps
are designed to gradually increase the complexity of the
noise distribution by adding a small amount of noise to
each element of the vector at each step. In this way, the
diffusion process iteratively transforms the noise
distribution into the target distribution. The key idea of
the diffusion model is to sample a set of noise vectors,
apply the diffusion steps to each of them, and use the
resulting vectors to generate the samples [12]. The
algorithm used in the diffusion model is called the
Langevin dynamics [14], which is a well-studied
algorithm in the field of statistical mechanics. The
Langevin dynamics ensures that the updates to the noise
vectors are smooth and gradually bring the distribution
closer to the target distribution.

2.2.1. Some advantages and disadvantages of
diffusion model

The diffusion model has several advantages over other
generative models, such as GAN and Variational
auto-encoder (VAE). VAE are another popular method
for Al painting [15]. Unlike GAN, VAE are generative
models that use a continuous latent space to generate new
images. The key idea behind VAE is to map an image to
a lower dimensional representation, called a latent code,
and then use the latent code to generate new images. The
generation of new images is achieved by sampling the
latent space and mapping the samples back to the original
image space. One of the main advantages of the diffusion
model is that it does not require any adversarial training
or complicated loss functions, which are commonly used
in GAN [10]. This makes the training process more
stable and less prone to mode collapse, a common issue
in GAN. Another advantage of the diffusion model is that
it does not require any additional parameters or network
structures to generate diverse samples, which is a
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common issue in VAE [15]. The diffusion model also
allows for flexible conditioning, which enables the
generation of samples that are conditioned on some input,
such as text or images [16]. Finally, the diffusion model
produces high-quality samples that exhibit realistic
patterns and textures, which makes it suitable for a wide
range of applications such as image generation [13].

Despite its advantages, the diffusion model also has
some limitations. One of the main challenges of the
diffusion model is that it can be computationally
expensive, especially when dealing with
high-dimensional data such as images or videos. This is
because the diffusion model requires a large number of
steps to generate high-quality samples, which can
increase the computation time significantly [11]. Another
limitation of the diffusion model is that it can be difficult
to train, especially for large datasets. This is because the
Langevin dynamics used in the diffusion model requires
careful tuning of the learning rate and other
hyperparameters [13]. Finally, the diffusion model may
not be suitable for all types of data distributions. One
such situation is when the data distribution is highly
structured or complex. The diffusion model assumes that
the spread of information or particles will be proportional
to the density of the medium through which they are
traveling. However, in highly structured or complex
distributions, this assumption may not hold true.

To solve the problem of slow sampling and excessive
calculation consumption, the existing improved
algorithms are divided into four categories: Training
Schedule, Training-Free Sampling, Mixed-Modeling, and
Score-Diffusion  Unification. For Data Structure
Diversion, there are three types of methods: Continuous
Space, Discrete Space, and Constrained Space. There are
two methods for Likelihood Optimization, namely,
Improved ELBO and Variable Gap Optimization. Finally,

Dimension Reduction can be realized through
Mixed-Modeling [11].

3. FUTURE PROSPECTS AND
PROBLEMS

In the field of art, Al painting provides artists with new
technologies and tools for creating art. An important
aspect of Al painting is the interaction between the user
and the Al system. In some cases, the user may provide
high-level constraints or guidance to the Al system, such
as a desired color palette or brush style [17]. This
technology enables artists to explore new possibilities
and improve their creativity. In the future, Al painting
can also be used to repair old and damaged artworks.

In the design industry, Al painting can be used to
generate graphics and logos. Al systems can learn from
previous designs and generate new designs according to
user specifications, thus reducing the time and effort
required to create designs. Al painting can also be used in
the fashion industry to generate new designs and predict
future fashion trends. For example, in the future, fashion
brand LV may use Al algorithm to design the latest brand
trademark, predict fashion trends and optimize the
inventory management system.

Al painting can be used to create special effects,
backgrounds and characters in movies and video games
in the entertainment industry. After several iterations in
the future, the Al system may be able to generate realistic
3D models, animations and textures to enhance the visual
appeal of these products. In video games, Al painting
may be used to create dynamic landscapes and
environments to respond to user input.

In the future, the potential application of Al painting
is not limited to the art, design and entertainment
industries. It can also be used to generate 3D medical
images in healthcare, create 3D building models in
buildings, and so on.

While the use of Al in creating art may offer exciting
new possibilities for creative expression, it also raises
significant questions about originality and authenticity in
artistic practice, as well as ethical issues related to
ownership and authorship.

One of the primary challenges in assessing the
originality of Al-generated art is the question of who or
what is actually producing the work. While the software
and algorithms used to generate the artwork may have
been created by human programmers, the specific output
generated by the Al may be considered wholly original
and not necessarily attributable to any individual creator.
This can create a complicated legal and ethical landscape
for issues such as copyright and intellectual property, as
well as challenges in determining who should receive
recognition or compensation for the artwork.

Another aspect to consider is the role of personal
expression in artistic creation. Traditionally, art has been
considered a unique expression of an individual artist's
perspective and creativity, reflecting their experiences,
emotions, and values [18]. While Al-generated art can
certainly produce striking and visually compelling
images, it may be argued that the absence of personal
intent or subjective experience in the Al undermines the
notion of it as a unique personal expression. This could
impact the value and meaning of the artwork for viewers,
collectors, and critics, and raise questions about the role
of technology in shaping the cultural significance of art.
In addition, the development of artificial intelligence
may cause large-scale unemployment, technological
monopoly and other problems in human society.

As the field of Al-generated art continues to evolve, it
is important to consider these issues thoughtfully. Then
we can come to engage in critical discussions around the
benefits and potential risks of this innovative form of
artistic practice.

4. CONCLUSION

In conclusion, Al painting is a rapidly growing field that
has the potential to revolutionize the way we create and
appreciate art. Through the use of deep learning
algorithm and neural network, Al painting has an
incomparable material base and efficiency. It can use
different color, style, composition and other basic
elements to render hundreds of different pictures with the
same element style at one time. However, it is also
possible to have problems with the authenticity and value
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of artworks generated by Al, as well as the impact of Al
on the role of human artists. In addition, there are also
ethical problems in the use of data and algorithms to
create and disseminate art. In the follow-up practice,
these issues need to be discussed and explored.

In this paper, I mainly summarize the principles,
advantages and disadvantages of the relevant
development of several model algorithms related to Al
painting. Then it looks forward to the future of Al
painting and summarizes several possible problems.
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