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Abstract. Recently, the research of Generative Adversarial Network (GAN) has made
great progress, however, GAN often fails to map input noise to real data distribution,
resulting in unstable training and pattern collapse in generating results, which constrain
the further application of GAN. Therefore, this paper suggests an optimization model for
GAN based on game theory (ETGAN). Firstly, the idea of diffusion model is borrowed,
and the forward noise addition method of non-Markov process is introduced to improve
the noise addition speed of the diffusion model; the Gaussian distribution is used to im-
plicitly model the reverse denoising process, which improves the inference learning speed
of the model, and then improves the stability of GAN training. On this basis, the GAN
game process is optimized based on the dynamic game of incomplete information, where
different feature generation scenarios on the object are discriminated, constituting a sub-
game between the generator and the discriminator in the generation process. Secondly,
the discriminator extracts the features by calling the encoder in the generator twice. The
whole game is actually completed by two parts of the generator. Comparison experiments
with cutting-edge GANs models on Cifar-10 and CelebA datasets show that ETGAN im-
proves the IS and FID metrics by 0.4-2.5, thus fully demonstrating that ETGAN can
effectively improve the model fitting ability without causing pattern collapse.
Keywords: Generating adversarial network; Game theory; Pattern collapse; Diffusion
model; Gaussian distribution.

1. Introduction. Generative Adversarial Network (GAN) is a novel generative model inspired by the
idea of zero-sum game. It consists of a generative network and a discriminative network, which learn by
letting the two neural networks play against each other, and finally reach the Nash equilibrium [1, 2]. As
an important deep learning algorithm, GAN has significant advantages such as computational complexity
linearly related to the dimension of the input data, no need to make any a priori assumptions about the
target data distribution, and excellent ability to generate realistic samples, and has been widely used in
many fields such as computer vision and natural language processing [3, 4, 5]. However, the issues of GAN
such as unstable training and pattern collapse in the generated results constrain its further development
and application. Therefore, the study of improving GAN and its application can not only improve the
generation of various types of image and natural language data, but also inspire and promote various
types of learning tasks, which is of great significance for the further development of deep learning models.
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1.1. Related work. As an implicit generative model based on game theory, GAN generates samples by
treating the model as a game between a generative network and a discriminative network, as opposed to
explicitly modelling the likelihood function. Choi and Han [6] improve the model performance by aggre-
gating many discriminators to form a composite discriminator, but their multiple models and complex
training process make the training cost much higher. Wu et al. [7] used a different classifier from the
original model which consisted of a self-encoder whose loss distribution was matched by a loss based on
the Wasserstein distance. Nobari et al. [8] proposed the CGAN model by adding the same condition
to both the generator and the discriminator and using that condition to determine the direction of the
generated model. Liu et al. [9] proposed D2GAN, which uses two discriminators to minimize the KL
dispersion and suffers from the problem of high computational complexity. Xiao et al. [10] proposed
DRAGAN by considering the gradient update of the generator network and the discriminator network
as a regret minimization, but the generalization performance is poor.

Nevertheless, these methods tend to make the training of GAN networks difficult. Even with the
addition of a regularization term, the effect is not very significant and the training cost is high. Erdmann
et al. [11] used the Wasserstein distance instead of the JS dispersion in order to train the GAN model
more consistently, but the convergence was slow. Wu et al. [12] used weight trimming to deal with the
Lipschitz constraint in traditional GAN [13], but there is a gradient vanishing. Zhao et al. [14] replaced
the original with smaller convolution kernel and added a deep convolution kernel residual network to the
original model as a way to improve the model performance. The denoising feature matching proposed by
Yan et al. [15] uses the correlation of data between multiple batch to enhance the discriminator’s ability to
discriminate between real and generated data, but it is computationally intensive. Alonso-Monsalve and
Whitehead [16] used deep convolution on GAN instead of the original discriminator, but the generated
images lacked global consistency.

Yan et al. [17] proposed the MIX+GAN model, which is based on the min-max game strategy and
trains several generator and discriminator models using different parameters simultaneously, but its com-
putational cost is greatly increased. Xu et al. [18] replaced the loss function of GAN with a least squares
loss function and defined a callback operator to map the generated samples to the shape of the data
stream, but there is the problem of pattern collapse. Guo et al. [19] added the denoising loss function
to the discriminator network, which enables the discriminator to obtain more feature information that is
distributed with the real data, but with a poor generalization performance. Liu et al. [20] and used the
conditional constraints between the generator and discriminator and residual network to optimize the
GAN network to have better generalization performance. Fatima and Garapati [21] proposed a GAN-
based extension to game theory, which improves the performance of the model by allowing the hidden
variables in the generator’s input variables to generate more adaptive mutual information with the noise
variables.

1.2. Contribution. This paper focuses on the training instability and pattern collapse problems in the
optimization models of existing GANs, and proposes an optimization model for generative adversarial
networks based on game theory (ETGAN). The specific research content is as follows.

(1) Intending to the instability issue in GAN training, this paper carries out forward noise addition and
reverse denoising for GAN based on the diffusion model. In order to improve the noise addition and
denoising efficiency of the diffusion model, a non-Markov process is introduced for forward noise
addition, and a Gaussian distribution is used for reverse denoising, so as to achieve the effective
elimination of noise.

(2) Intending to the issue of pattern collapse in generative models, the GAN discriminator is improved
from the perspective of game theory, and the discriminator is composed of an encoder and a Bayesian
classifier by refining the Bayesian Nash equilibrium and changing the discriminator’s recognition
task to a feature recognition task.

(3) Since the encoder is used as the discriminator, there is no need to iterate new weights, which
reduces the learning time. The game characteristics of the combined generator and discriminator
improve the payment matrix and optimize the network structure so that the model can resist
pattern collapse without increasing the training burden.

(4) Finally, comparison experiments are conducted on the Cifar10 and CelebA datasets, and the IS
and FID values of ETGAN are better than those of the comparison models, which fully proves that
ETGAN not only improves the generation quality, but also makes the model more stable.

2. Theoretical analysis.
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2.1. Traditional generative adversarial network. GAN is a deep generative model. As shown in
Figure 1, GAN consists of two opposing models: a generator (G) and a discriminator (D) [22]. G is to
generate false samples that are as similar as possible to the real data, while D is to discriminate whether
the input to D is from the real data or from the false samples generated by G.

Xtrain

G Sample

Sample

D

Random

Noise z

fake/real

Probality

Figure 1. The basic structure of GAN

G randomly draws a noise vector z as input from a predefined noise distribution pz(z), and then gener-
ates a dummy sample G(z; θg), where θg contains the parameters of the generated model. Discriminative
model D(x; θd) uses true and false samples as inputs for positive and negative samples, respectively,
where θd contains the parameters of the discriminative model. G and D are trained alternately: while
training G, fix D to minimize the loss function log(1 − D(G(z))) by optimizing θg; while training the
discriminative model, fix G to minimize the loss function log(1 − D(x)) by optimizing θd. That is, G
and D are playing a two-player game of minimizing and maximizing the value function V (G,D), i.e.,
optimizing as follows.

min
G

max
D

V (G,D) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (1)

Assuming that the distribution function of the real data is pdata(x), the distribution function of the
fake samples generated by G is pg(x), then the final G can make pg(x) = pdata(x), i.e., the fake samples
can achieve the purpose of the fake to the real.

2.2. Introduction to Nash equilibrium and game theory. The main idea of the GAN algorithm
comes from the zero-sum game in game theory [23], and the algorithm is trained iteratively so that the
two sides of the game converge to a Nash equilibrium. Due to the complexity of GAN and the dynamic
adjustment in the training process, it makes it difficult to reach the real Nash equilibrium state in the
actual training, resulting in an unstable training process. To cope with the above issues, this paper
introduces Refined Bayesian Nash Equilibrium (RBNE) [24] to incorporate a new generative training
paradigm without changing the original model as much as possible.

A combination of strategies s∗ = (s∗1, s
∗
2, . . . , s

∗
n) ∈ S is called a pure strategy Nash equilibrium, if

∀i ∈ N , then there is fi(s
∗
1, . . . , s

∗
i , . . . , s

∗
n) ≥ fi(s

∗
1, . . . , si, . . . , s

∗
n) where ∀si ∈ Si. The set of participants

is N = {1, 2, . . . , n}, Si is the set of strategies of participant i, S denotes the Cartesian product of the sets
of strategies of all participants, S =

∏n
j=1 Sj , and the payoff function of participant i is fi, fi : S → R,

∀i ∈ N . A game is called a finite game if ∀i ∈ N,Si are finite sets.
The traditional game assumes that each participant is fully aware of the other participants’ information,

which is often difficult to achieve in reality. Therefore, scholars have proposed incomplete information
games, in which participants do not have accurate information about the others’ characteristics, strategy
spaces and payoff functions. Incomplete information games can be divided into incomplete information
static games and incomplete information dynamic games [25], and this paper mainly deals with the RBNE
in incomplete information dynamic games. The RBNE can be expressed as a combination of strategies:
s∗(θ) = (s∗1(θ1), . . . , s

∗
n(θn)) and a posteriori probability combination p = (p1, p2, . . . , pn) satisfying the

following two conditions.
(1) For all participants i, at each information set h, there is Equation (2).

s∗i (s−i, θi) ∈ argmax
si

∑
θ−i

pi(θ−i|ah−i)ui(si, s−i, θi) (2)

(2) pi(θi|ah−i) is obtained from the prior probability pi(θ−i|θi), the observed αh
−i and the optimal

strategy s∗−i(·) using Bayes’ Rule.
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3. Forward noise addition and backward denoising for GAN based on diffusion models.

3.1. Forward noise addition process. How to solve the instability of GAN in the training process
is a very tough issue in the field of generative learning. As an effective generative model [26], the core
component of the diffusion model is the conditional diffusion process, in which the noisy data gradually
becomes clearer after several diffusion steps, and finally an approximation of the original data is generated.
Compared with GAN, diffusion models show higher stability during training. Therefore, combining the
diffusion model with GAN becomes an effective way to address the instability of GAN training.

Adding Gaussian noise to the original object x during data processing increases both the stochasticity
of the data and the tolerance of the model to noise, thus enhancing the robustness and generalization of
the model. Traditional GAN uses a fixed Markov chain for forward noise addition but cannot dynamically
adjust the intensity and distribution of noise according to the characteristics of the object, so this paper
invokes the non-Markov process noise addition method for flexible forward noise addition.

The diffusion model is denoted as pθ(x0) :=
∫
pθ(x0:T )dx1:T , x1, . . . , xT is a hidden variable with

the same dimension as the data x0, p(x0) is the original data distribution with initial state p(xT ) =
N(xT ; 0, I), p(x1:T |x0) is the approximate posterior distribution of the diffusion model, whose expression
can be expressed as follows.

p(x1:T |x0) := p(xT |x0)

T∏
t=2

p(xt−1|xt, x0) (3)

where p(xT |x0) = N(
√
ᾱTx0, (1− ᾱT )I) holds when t > 1.

According to Bayes’ theorem [27], the true denoising distribution p(xt−1|xt, x0) of the diffusion model
can be introduced as follows.

p(xt−1|xt, x0) = N

(
√
ᾱt−1x0 +

√
1− ᾱt−1 − σ2

t ·
xt −

√
ᾱtx0√

1− ᾱt
, σ2

t I

)
(4)

where αt denotes the observed data at moment t and σ denotes the variance.

3.2. Reverse denoising process. In this section, the denoising distribution is modelled using a Gauss-
ian distribution, assuming a small value of T , which implies that each diffusion step has a large βt

value. To relate this diffusion process to GAN, a measure of the gap between the generator distribution
pθ(xt−1|xt) and the true denoising distribution p(xt−1|xt) is introduced, i.e., by calculating the scatter
between the two, as shown in Equation (5).

min
θ

∑
t≥1

Ep(xt)[Dadv(p(xt−1|xt), pθ(xt−1|xt))] (5)

where theWasserstein distance is used to measure the gap between the generator distribution pθ(xt−1|xt)
and the true denoising distribution p(xt−1|xt). To establish adversarial training, the discriminator (D)
can be obtained by the above forward noise addition process as follows.

Dϕ(xt−1, xt, t) : R
N ×RN ×R → [0, 1] (6)

where ϕ is a parameter of D, xt−1 and xt are inputs to D.
Instead of predicting xt−1 directly in the denoising step, the diffusion model uses parametric implicit

modelling of the backward denoising process given D. Instead, a parametric denoising model pθ(xt−1|xt)
is built first.

pθ(xt−1|xt) := p(xt−1|xt, x0 = fθ(xt, t)) (7)

In Equation (7), x0 is first predicted by the implicit denoising model fθ(xt, t), and then xt−1 is sampled
by the posterior distribution p(xt−1|xt, x0) given xt and the prediction x0. Intuitively, p(xt−1|xt, x0) is the
distribution on xt−1, which always has the form of a Gaussian distribution when performing backward
denoising from xt to x0. By adding hidden variables to the parametric denoising model pθ(xt−1|xt),
Equation (7) is further written as follows.

pθ(xt−1|xt) =

∫
pθ(x0|xt)p(xt−1|xt, x0)dx0

=

∫
p(z)p(xt−1|xt, x0 = Gθ(xt, z, t))dz

(8)

where z is the hidden variable, z ∼ p(z) := N(z; 0, I).
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4. Optimization of GAN based on game theory.

4.1. Game theory based GAN generator design. After the forward and reverse denoising of D and
G in GAN, in order to solve the pattern collapse problem of GAN during the training process, this paper
further optimizes GAN based on game theory (ETGAN). Since part of the function of D is realized by the
encoder, self-updating is performed through the game. D converges to the Nash equilibrium point when
the GAN training is completed converts to solving the RBNE in the incomplete information dynamic
game. the new GAN framework does not have to worry about the training collapse and falling into the
local Nash equilibrium problem, and interacts with a certain frequency during the training process to
achieve the optimal global solution, the specific algorithmic flow is shown in Figure 2.
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Figure 2. Optimization process of GAN model

G can be regarded as a U-Net system [28] composed of decoder and encoder to complete the generation
task, which is different from the traditional GAN in that G only performs the training of decoder weights.
The encoder is then trained in D. During the operation of the algorithm the encoder extracts the required
feature vectors, the decoder encodes the required feature vectors into the object containing the formulated
feature, the original object A containing the feature, and the object B not containing the feature. The
corresponding obscured level codes in A and B will be extracted by the encoder, and the corresponding
codes containing n features will be obtained.

{
Axs = [a1, a2, a3, . . . , ai, . . . , an]

Bes = [b1, b2, b3, . . . , bi, . . . , bn]
(9)

where an, bn represent the n feature vectors obtained by the encoder, since A contains the specified
feature and B does not contain the specified feature, the presence or absence of the feature is abbreviated
as label(A) = [u1, u2, u3, . . . , 1, . . . , un], label(B) = [v1, v2, v3, . . . , 0, . . . , vn] using labels, which are coded
as 0-1 to indicate whether or not the i-th feature is contained.

After obtaining Axs and Bes, the decoder performs a reduction operation to check if there are too
many differences between the decoded reconstruction and the original object. Make sure that the encoder
can return to the original space by inverse mapping. Secondly, the copying operation is carried out in
order to eliminate the overfitting effect caused by the zeroing operation, noting that the object after
copying of A is C, and the object after copying of B is D. Then, the i-th code in the hidden coding of C
and D is exchanged, as shown in Equation (10).
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
Cxs = [a1, a2, a3, . . . , ai, . . . , an]

Des = [b1, b2, b3, . . . , bi, . . . , bn]

Ces = [a1, a2, a3, . . . , bi, . . . , an]

Dxs = [b1, b2, b3, . . . , ai, . . . , bn]

(10)

To realize the conversion operation of the obscured level encoding, the decoder first links the obscured
level encoding through the intermediate level to ensure the consistency between the input and the output
of the encoder, and then realizes the generation of the object through the encoding link, as shown in
Equation (11), and the structure of G is shown in Figure 3.


label(dec(Axs)) = label(Areconsitutio) = label(A)

label(dec(Bes)) = label(Breconsitutio) = label(B)

label(dec(Ces)) = [u1, u2, u3, . . . , 0, . . . , un] = label(C)

label(dec(Dxs)) = [v1, v2, v3, . . . , 1, . . . , vn] = label(D)

(11)
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Figure 3. Generator structure in ETGAN

G is mainly implemented by controlling the decoder weights, so the set of strategies of G in this game
is the weight matrix in the hidden layer encoding αiwhc ∈ [−1, 1]. The purpose of G is to generate
pseudo-objects that can be the original objects, and to enhance the misjudgement of the pseudo-objects
by D. Thus, the payoff function of G in this game is as follows.

e∗i (syes, xfake) ∈ arg max
labeld(x),xreal

∑
D(xfake|αi)U(labeld(x), syes, xfake) (12)

where syes is D’s strategy for selecting ‘true samples’ and xreal is for reading ‘false samples’, i.e.,
generating samples, U(labeld(x), syes, xfake) is the utility function corresponding to G.

U(labeld(x), syes, xfake) =

n∑
i=1

ui (13)

where u1, u2, . . . , un is coded 0 - 1, representing whether D can be mixed into the original object for
different features of the generated object.
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4.2. Game theory based GAN discriminator design. D identifies the different feature codes gen-
erated by Bayesian classifier. From the perspective of game theory, D obtains the identification result by
‘observing’ the input object after G has made a strategic choice. Since D is different from the decoder
in G, it cannot share the parameter information with the decoder, and thus D does not know all the
information of G. The two parties constitute an incomplete information dynamic game, and the structure
of D is shown in Figure 4.
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Figure 4. Discriminator structure in ETGAN

D obtains the input object feature code through the encoder, and for the i-th feature ai, the prior
probability D(αi|X) is obtained, and the sample x input to D is divided into true sample xreal and false
sample xfake. The total sample X = xreal + xfake, the posterior probability D(xreal|αi), D(xfake|αi) is
found by Bayes’ rule.

D(xreal|αi) =
D(αi|xreal)D(xreal)

D(xreal)D(αi|xreal) +D(xfake)D(αi|xfake)
(14)

D(xfake|αi) =
D(αi|xfake)D(xfake)

D(xfake)D(αi|xfake) +D(xreal)D(αi|xreal)
(15)

where D(xreal) and D(xfake) are the proportion of true samples and false samples input to the algo-
rithm respectively.

According to the obtained a posteriori probability of each feature scoring, using 0-1 coding implemen-
tation, 0 means that the judgement and the original sample features are too different, 1 means that the
recognition of the feature code and the original sample is similar to the judgement results of different
features constitute the D strategy to choose labeld(x) = [u1, u2, . . . , un], where u1, u2, . . . , un are 0-1
coding, x is the input object. After obtaining the discriminant result, the appropriate utility function is
constructed as follows.

U(labeld(x), sBuilder, xreal) =

n∑
i=1

ui (16)

where sBuilder is the strategy chosen by G, the RBNE searched by D is a combination of U(labeld(x), sBuilder, xreal)
and D(xreal|αi), denoted as s∗i (sBuilder, xreal), and the refinement process allows s∗i (sBuilder, xreal) to
reach its maximum value.



Optimization of GAN Based on Game Theory 157

s∗i (sBuilder, xreal) ∈ arg max
labeld(x),xreal

∑
D(xreal|αi)U(labeld(x), sBuilder, xreal) (17)

As the number of iterations increases, D reaches the Nash equilibrium of the partial subgame on some
features, and when the encoder can separate all the features efficiently, D converges to RBNE. At this
point, we stop updating the parameters until G cannot converge to RBNE after iterative training and
restart the iterative training.

4.3. Loss function design. The loss function of the algorithm is determined by the payoff functions
of the two sides of the game, and the loss function of the whole GAN contains the loss functions of D
and G, which are alternately optimized to make the model converge eventually. The loss function is
composed in the form of a probability, and the loss function of D is divided into two parts: the first part
is the reconstruction loss function, which ensures that the difference between the generated object and
the original object is not too large.

lossrec = ||A−Are|| − ||B −Bre|| (18)

As the decoder and encoder update their weights with training, the generated object gets closer and
closer to the real object, and lossrec gets closer and closer to zero. The other part is the adversarial loss
function that discriminates the encoder from G as follows.

lossgd = −E(log(D1(label(B)|C)D1(C)))− E(log(D2(label(A)|C)D1(C))) (19)

where D1(label(B)|C) indicates that the switched feature code of the original object D2(label(A)|C)
can be read on the generated object C, and lossgd indicates that the unswitched feature code of the
original object A can be read on C. In order to minimize lossgd, D1(label(B)|C) and D2(label(A)|C) in
Equation (19) must be maximized as much as possible. The more real the generated object is, the smaller
lossgd is. And for G, the total loss function is as follows.

lossg = lossgd + lossrec (20)

D is also composed of two parts, the first part is the loss function of the encoder to identify the selected
exchange features, as shown in Equation (21).

losss =− E(log(D1(label(A)|A)))− E(log(1−D1(label(B)|C)))

− E(log(D1(label(B)|B)))− E(log(1−D1(label(A)|D)))
(21)

The second part is the loss function for the encoder to extract the discrimination of the non-selected
exchange features as in Equation (22).

lossi =− E(log(D2(label(A)|A)))− E(log(1−D2(label(A)|C)))

= −E(log(D2(label(B)|B)))− E(log(1−D2(label(B)|D)))
(22)

Structurally, D1 and D2 are the same encoder, only the discrimination intervals are different. The
total loss function is as follows.

lossd = losss + lossi (23)

To make the loss function small enough is to minimize D1(label(A)|C) and D1(label(B)|D) together,
and to maximize D1(label(A)|A) and D1(label(B)|B). The same is true for D2, so that D is written with
the correct labels as much as possible, increasing the saliency of each feature of the G-generated object.

5. Experiments and analysis of results.

5.1. Optimization performance comparison of GAN. In this paper, two datasets, Cifar10 and
CelebA, are selected to validate the ETGAN model in this paper. The Cifar10 dataset provides 60,000
color images of 32*32 pixels in size, divided into 10 classes, with 6,000 images in each class, which is an
open object recognition dataset. CelebA contains a total of 202,599 feature-labelled face images from
10,177 celebrities. The initial learning rate is set to 0.0002. The Cifar10 image is small, so the batch size
can be set to 2500, while the CelebA input image is large, the batch size can only be set to 1000. Using
the Adam optimizer with a gradient penalty of 10 and a consistency penalty of 2.

The hardware configurations for the experiments are as follows: the CPU is Intel(R) Core i9-9900K@3.60
GHz, the GPU is NVIDIA GeForce RTX 3060, the operating system used for the experiments is Windows
10, and the deep learning frameworks are Pytorch1.8.1, CUDA11.1, and cudnn8.0.4. This experiment
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uses Inception Score [29] (IS) and Frechet Inception Distance [30] (FID), which are commonly used in
GAN model performance evaluation, to evaluate the pattern collapse and optimization performance of
ETGAN, IEGAN [18], FuseGAN [19], ACGAN [20] and DLGAN [21]. pattern collapse and optimization
performance. Higher IS scores indicate better model performance, while lower FID scores indicate better
model performance.

The training curves of IS and FID for the five models on the Cifar10 dataset are shown in Figures
5 and 6, respectively, and ETGAN achieves the best performance in both metrics. The IS values of
ETGAN, FuseGAN, ACGAN and DLGAN converge to 7.6931, 7.3042, 7.2514 and 6.4720 after 100 times
of training, and the FID values converge to 24.7202, 30.8164, 28.2539 and 27.1862, respectively, and the
IEGAN suffers from a pattern collapse on this data set phenomenon and both IS and FID could not
converge. When ETGAN is trained to a certain extent, it is often necessary to increase the strength of
information interaction to help game opponents understand each other’s strategies to facilitate the actual
training. In the later stages of model training, both players tend to reach a higher level of the game, and
in the middle of the game there is a jump out of the local game, so that this dynamic interaction prevents
both players from falling into a low-level game cycle again, thus improving the optimization performance.
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Figure 5. IS value of different GAN optimization models on dataset Cifar10

The best IS and best FID for the five models on the CelebA dataset are shown in Table 1, with
the best performing values in both metrics bolded. ETGAN performs best on IS and FID, which is
consistent with the analyses on the Cifar10 dataset, further demonstrating the superiority of ETGAN.
The performance of ACGAN and DLGAN is closer, ACGAN is optimized for GAN using residual network
and DLGAN is Nash equilibrium by expanding the game relationship between D and G. However, the
performance of both is inferior to that of ETGAN. IEGAN replaces the traditional loss function by a
least squares loss function, but training is slow and leads to pattern collapse. The presence of redundant
or counterproductive network layers in FuseGAN leads to poor results after optimization. Therefore,
ETGAN has excellent performance on both datasets.

5.2. Generate quality analyses. In addition to analyzing the performance of the optimized GAN,
its generation quality needs to be further evaluated. In this section, the generation quality of different
models is compared by peak signal-to-noise ratio (PSNR) and structural similarity of images (SSIM) on
Cifar10 and CelebA datasets, as shown in Figure 7.
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Figure 6. FID value of different GAN optimization models on dataset Cifar10

Table 1. Best IS and best FID for five models on the CelebA dataset

Model IS↑ FID↓
ETGAN 7.9647 22.1365

IEGAN 6.4136 37.4481

FuseGAN 7.1381 29.6328

ACGAN 7.4932 26.9614

DLGAN 7.5062 24.1892

The performance of PSNR and SSIM of ETGAN based on dynamic game with incomplete information
is better than that of the other four models. In Cifar10 dataset, the PSNR and SSIM of ETGAN are
31.74 dB and 0.952, respectively, which are 11.21 dB and 0.11 dB higher than IEGAN. Compared with
FuseGAN, FuseGAN increased by 5.83 dB and 0.059, ACGAN increased by 3.38 dB and 0.024, and
DLGAN increased by 2.4 dB and 0.05, respectively. On CelebA dataset, the PSNR and SSIM of ETGAN
are 29.66 dB and 0.939, respectively, which are both higher than the comparison model, fully verifying
that ETGAN can significantly improve the generation quality of GAN.

6. Conclusion. Taking GAN as the starting point, this paper suggests a generative adversarial network
optimization model based on game theory (ETGAN), focusing on how to improve the training stability
of the model and mitigate the collapse of the model. Firstly, in terms of improving the training stability
of GAN, the forward noise and reverse noise denoising of GAN are carried out based on the diffusion
model to achieve effective noise elimination and solve the instability problem in GAN training. Secondly,
in terms of mitigating pattern collapse, GAN is improved from the incomplete information game. Relied
its compilation architecture of the hidden layer encoding, the recognition task of the discriminator is
changed to the feature recognition task through RBNE, and the payoff matrix is improved by combining
the characteristics of the game of the generator and the discriminator to optimize the structure of the
network, which makes the model resistant to pattern collapse without increasing the burden of training.
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Figure 7. Generation quality of different GAN optimization models

Finally, experiments on the Cifar10 and CelebA datasets verify that ETGAN can converge smoothly
without causing pattern collapse and helps to improve the quality of generated content. The design of the
generator and discriminator will be further investigated in the future to try to introduce more advanced
continuous normalized flow models or other optimization techniques to improve model performance and
stability.
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