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ABSTRACT

Generative Adversarial Networks (GANs) are typically described as a two-player game between a generator and a discriminator, where
the generator aims to produce realistic data, and the discriminator tries to distinguish between real and generated data. However, this
setup often leads to mode collapse, where the generator produces limited variations in the data, failing to capture the full range of the
target data distribution. This paper proposes a new training system to mitigate the mode collapse problem. Specifically, it extends the

traditional two-player game of GANs into a multi-player game and introduces a peer-evaluation method to effectively train multiple GANS.
In the peer-evaluation process, the generated samples from each GANs are evaluated by the other players. This provides external feedback,
serving as an additional standard that helps GANs recognize mode failure. This cooperative yet competitive training method encourages

the generators to explore and capture a broader range of the data distribution, mitigating mode collapse problem. This paper explains

the detailed algorithm for peer-evaluation based multi-GANs training and validates the performance through experiments.
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1. Introduction

The explosive popularity in generative tasks and appli-
cations has led to remarkable progress in generative mod-
el research[1-3]. Despite these developments, generating
high-quality samples at fast-speed without falling into
mode collapse problem at once is still challenging is-

suel4]. Among the different types of generative models,
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this research specifically focuses on Generative Adversa-
rial Networks (GANs)[5], which are particularly suffering
from mode collapse problem, where the model generates
only a limited subset of data or repeatedly produces the
same samples|6].

GANs are usually defined as a two-player min-max
game of two neural networks: a discriminator and a
generator. These two are trained in an adversarial way,

where the objective function is defined as:

minmax V(D,G) =E, _, [logD(z)] )
+E, _, llog(1—-D(G(2))]

Z~Dp:
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where © ~ p,,, is an image sample from the real data dis-
tribution, and z ~ p, is a prior input noise, which is gen-
erated randomly. Here, the generator G tries to minimize
the objective function, generating realistic samples which
are indistinguishable from the discriminator D. Whereas
the discriminator D tries to maximize the objective func-
tion, identifying the fake samples generated by the gen-
erator G from the real data. Ideally, it reaches the equili-

brium point at the global optimal state, where pg ~ Py

In this state, the generator G generates perfect samples
and the discriminator D is unable to distinguish the real

1
and generated distribution, i.e., D(z)= 5

The mode collapse problem usually occurs when the
generator G captures only a few modes of data dis-
tribution that can easily deceive the discriminator D. In
this state, the neither the generator & nor the discrim-
inator D can make further improvements, as the discrim-
inator fails to effectively differentiate between real and
generated data. Resulting the objective function reaches a
point where the loss does not change, indicating that the
model is stuck in a suboptimal state without meaningful
progress.

This work presents the multi-player GANs training
process to mitigate mode collapse problem. The proposed
method simultaneously trains multiple GANs by using an
algorithm that includes a peer-evaluation process and an
auxiliary training update. In the peer-evaluation process,
the samples generated by each GANs are evaluated by
their peers, which are the other GANs in the system.
Following the peer-evaluation, an auxiliary training up-
date is performed, using the values obtained from the
peer-evaluation. This provides a valuable guidance based
on external standards during the training process. The
peer-evaluation helps in identifying the best-performing
GANSs. The score is calculated based on their peer-evalua-
tion and the highest-scored GANs is selected as the best
GANs. Each GANs then refers to the best GANs when up-
dating its parameters during auxiliary training. The as-
sumption is that the discriminator associated with the
best-performing GAN is more accurate than the others,
providing a reliable reference value during the training
phase. Note that a preliminary version of the proposed
method in this paper was published in our previous
work[7, 8].

2. Related Works

There have been numerous efforts to solve the mode
collapse problem of GANs. Some of the approaches focus
on improving the learning process of GANs[9-12] and
some works enforce GANs to cover diverse modes[13, 14].
Unrolled GANs[9], for example, reduce mode collapse by
predicting how the discriminator will be affected in the
next & steps to the current update of the generator. This
process allows generator to learn a broader range of out-
puts well across the potential future states of discrim-
inator, which reduce the likelihood of overfitting to a par-
ticular discriminator and helps the generator to cover
more modes of data distribution. WGANs[10, 11] and
LSGANSs[12] use different divergence metrics to stabilize
the training of GANs and generate better samples.
InfoGANI13] tried to allay the diversity issue by enforcing
GANs to cover diverse modes. Unlike the classical GANs
model which uses single input latent variable z it adds la-
tent code ¢ to the input as (z ¢) Then, it extends in-
formation theoretic regulation, which tries to increase the
Mutual Information (MI) between the code ¢ added in the
latent space and the generated sample. This helps to learn
disentangled presentations, preventing mode collapse.
ModeGANI[14], another trial to enforce diverse modes of
GANSs, trains generators in collaboration using encoders. It
supports sample diversity by using the fact that the fake
sample generated by the generator is likely to belong to
the same mode when the real sample passes via the en-
coder-decoder. This work belongs to both approaches, in
which it tries to improve the learning process of GANs by
introducing an additional auxiliary training process and
enforcing diverse modes by referencing multiple gen-
erators and discriminators.

This work is not the first attempt to extend the
two-player game to the multi-player gamell5]. There
were previous researches that used multiple generators or
discriminators[16-20]. MAD-GANI[16] uses multiple gen-
erators that capture different modes and the discriminator
is trained to identify whether the samples are real or fake
and find which generator has generated the fake sample.
D2GANI[18] uses two discriminators and one generator.
The additional discriminator is trained by using reverse
KL distance, learning to judge fake data as real. It allows

parameters to adjust the quality and diversity of the gen-



erated images by reducing the KL distance and reverse KL
distance by minimizing the loss function. MCL-GANI[19]
also uses multiple discriminators where each sample is as-
signed to best-suited discriminators. This makes each dis-
criminator to be the expert model for assigned samples
and helps to mitigate the mode collapse problem. This
work uses multiple GANs to improve mode coverage and
diversity performance, but it is different in that the pro-
posed algorithm can be easily applied without any special
structural changes, and multiple models evaluate values of

each other.

3. Methods

In this system, a set of N pairs of GANs, each consisting
of a generator G and a discriminator D, is considered :
U=(G,,D,), (G,D,), (Gx:Dy) )

Each GANs is trained to maximize performance using
two-stage update algorithm. The first-step update is con-
ducted independently for each model, a process termed
“individual training’. This update process is applied
across all pairs of GANs following the standard GANs
training. For instance, when using vanilla GANs, each
GANs is updated based on the objective function de-
scribed in (1). Various types of GANs can be incorporated
by simply adopting their respective objective function or
algorithms in this stage. The second-step update is “peer
training’, which utilizes external value obtained from
peer-evaluation process. In the peer-evaluation, GANs
evaluate each other and the select best-performing GANSs
at each training step. Then, GANs update their parameters
using a relative loss, calculated by referencing the best
GANs. This approach is designed to calibrate the per-
formance of the GANs, ensuring that each GANs improves
by adjusting its output based on the relative loss in rela-
tion to the top-performing models. The overall algortihm

is described in Algorithm 1.

3.1 Peer-evaluation

In the peer-evaluation process, each generator pro-
duces a set of samples, and these are evaluated by the
discriminators, except the one paired to the generator.

This approach ensures that the evaluation is not biased by
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the paired discriminator, which may have adapted too
closely to its corresponding generator. As a result, this
process provides a more accurate assessment for each
generator by having multiple discriminators to evaluate
the generated outputs. The overall concept is described in

Fig 1. Peer-evaluation follows three steps :

Algorithm 1. Overall Algorithm

Require :
Set of N GANs U=(G,,D,), (G,,D,),
K : batch size

(GNaDN)

whil
not converged
e

for all
or (G, ) D,) & U do individual training

for i=1tN
sample noise {Zk}l}f:f* D,
7, — G(z,) PGenerate samples
forj =1t N
i j#i then v « D,(JCZ)

P Evaluate samples

Vi= 7((@? U;J‘ L2])

P Peer-evaluation

foral (G , D) = U calculate S(G , D,)

(g%, D¥) — (G, , D,
if S(G*, D¥) < S(G, , D) then
(G*, D¥) < (G, , D)

else pass P Select Best-GANs

foral (G, D) < Udo
sample data {xk}E:1~ Pdata
sample noise {Zk}fzf D.
1, «— Gi(z,)
Ly = MSE(L (X, X),L, (X, X))
update using Ly, =L, + AL,
P Auxiliary Update
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Fig. 1. Peer-Evaluation Concept

i. (Sample Generation.) Bach generator G, generates a
set of K samples based on its current parameters. The
set of samples are denoted as X'= {Xil, Xlz e xgt,
where . is k-th sample produced by the generator
G, using a random noise z;, i.e., z} < G(z,).

ii. (Sample Bvaluation.) The generated samples are then

evaluated by the other discriminators. Each discrim-
inator D; (j=1, N, j=i) evaluates the K
samples generated by G, effectively acting as ex-
ternal evaluators. The discriminator D; provides an
evaluated value v}’ to each samples =}, which is the
output of the discriminator D;(z}) when =}, is given
as input, ie., vy < Dj(x}).

Value) The final

peer-evaluation value V" for generator G given by

iii. (Calculate Peer-Evaluation

D; is calculated as the mean evaluated values for all
samples, V" —T((vl' o8 - v}). Here, v/ is the
evaluation value given by discriminator D; to the

sample x| at step 2.

3.2 Best GANs Selection

Based on the peer-evaluation results, the score of the
GANs (G, D,) is determined by using a score function.
This score function calculates the mean difference be-
tween : (i) the mean values received from all other dis-

criminators for samples generated by the given generator

G, and (ii) the mean values submitted by the given dis-
criminator D, for samples generated by all other
generators. This score is designed to reflect both how well
a generated samples are evaluated by other discriminators
and how critically its paired discriminator evaluates sam-
ples from other generators. The score function is for-

mulated as follows :

1 N ; 1 N ;
S(GD)=—— >3 VI = —= X V' (3
Ly N=1;77-

N
Here, ¥, V" is the sum of the values evaluated by
j=Lj=i

all other discriminators D; (j=1, N, j=1) for the
samples generated by G.. This represents the sum of the
probability values that other discriminators predicted that
the data generated by G, are from the real. Samples gen-
erated by relatively poor GANs are more likely to be de-

termined as fake, that is, the value v}’ is more likely to

N
be low, thus resulting in lower V" values. », V7 is
j=Lj#i

the sum of the values that discriminator D; evaluated the

samples  generated by all  other

G (=1,

generators
N, j#1i). This is the sum of probability

values that D, determined as the real for the samples gen-

erated by other generators. If the GANs has relatively poor
performance, it is highly likely that samples generated by

other GANs x] « G'j(zk) will be judged as relatively good



samples, that is, D,(z]) is more likely to be high.
Therefore, the worse the GANs, the higher the value of
V7 will be measured. Taken together, the score is de-
signed as (2), and the better the performance, the higher
the score. For every GANs, score is calculated and the
GANs having the highest score will be selected as the best
GANs (G*, D*).

3.3 Auxiliary Loss

The auxiliary loss is calculated using the determined
best GANs (G*, D*). The key idea is to match the loss
output of a discriminator to the loss of the best discrim-

inator D¥*. Therefore, the auxiliary loss Z,,, is defined as

follows:

Lo = MSE(Ly(X, 0.L,(% X)), @

where L, is the loss function of discriminator D. X is a

batch of real samples, and X is a batch of generated
samples. Final loss function is augmented using the auxil-

iary loss:
Lp=L, + AL, ®)

where ) is a coefficient to be determined.

4, Experiments

4.1 Settings

To demonstrate the effectiveness of the proposed
method, it is applied to two classical GAN models: vanilla
GANs and WGAN, and then compared to models trained
without the proposed method. This comparison shows the
improvements achieved by the proposed approach in ad-
dressing the mode collapse issue. The models are trained
and validated using a 2D-Gaussian dataset, which is a
synthetic mixture of Gaussian distributions comprising
eight modes. This simple dataset is chosen because mode
collapse is more evident in such a simple dataset. For all
experiments, eight GANs are trained simultaneously. All
settings are kept the same across the experiments, except
for the training algorithm, to ensure fairness in the

comparison.
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4.2 Qualitative Evaluation

Fig. 3b. GANs Trained Using Proposed Method

In classical training, some GANs produced biased re-
sults, whereas the application of the proposed training

method ensured that all modes were adequately covered.
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The results are illustrated in Fig. 2. In Fig. 2a GANs
trained using the standard approach often exhibit bias to-
ward one side of the distribution or fail to capture data
points in certain areas. In contrast, as depicted in Fig. 2b
GANs trained using the proposed method successfully
cover various points in the data distribution without ex-
periencing mode collapse

While the differences in performance are not as pro-
nounced in the WGANs as they are in the vanilla GAN,
the experiments on WGANSs still demonstrate significant
improvements. Fig. 3 shows the results using WGANSs.
When the proposed method was applied, the WGAN mod-
el effectively covered various modes of the data dis-
tribution in a balanced and sparse manner. Conversely, in
WGANS trained without the proposed method, some sam-
ples tended to cluster on specific sides of the distribution,

indicating a less balanced coverage.

4.3 Quantitative Evaluations

Quantitative metrics are implemented to assess both
the quality and the mode coverage of the generated
samples. For the performance evaluations, the likelihood
metric was used. The larger value indicates better perfor-
mance. There was an slight improvement. All values in
Table 1 are the average values obtained from 10 experi-
ments. The mean likelihood of eight GANs, and the worst
performance results (min) among eight GANs are shown.
The performance of the worst has improved particularly,
which is expected to be due to the auxiliary training that
refers to the best GANSs, resulting in preventing it from
going to failure mode.

In Fig. 4 and Fig. 5, the mode coverage is compared
quantitatively. For GANs models, it can be seen that the
the proposed method is better at mode coverage. The
higher the value, the higher the degree of spread of sam-
ples, which means there is less mode overfitting occurring.
The differences between WGANSs are not as clear as those

of GANs, but there was slight progress in mode coverage.

Table 1. Performance Evaluation

Model | Likelihood Classic Proposed
mean —3.530 £ 0.556 [ —3.235 £ 0.577
GANs
min —6.414 £ 1.528 —4.995 £ 1.120
mean —0.651 £ 0.831 | —0.478 £ 0.571
WGANSs
min —4.756 + 5.525 | —2.691 £ 1.503
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5. Conclusion

In conclusion, this work introduces a novel approach to
tackle the mode collapse problem in GANs by extending
the traditional two-player game into a multi-player game.
This framework effectively trains multiple GANSs, offering
a solution to the mode collapse problem. One notable
contribution of this work is the introduction of peer-eval-
uation approach, which assists in selecting and valuing
the best-performing GANs. This approach guides the
training process effectively and helps prevent failure
modes. Additionally, an auxiliary training process is pro-
posed, providing proper guidance for training multiple
GANSs.

While the proposed method has successfully mitigated
the mode collapse and instability problem, it does require
additional computational efforts. Future work will focus
on improving performance and implementing the ap-
proach using other GANs models. Exploring better score
functions or alternative evaluation mechanisms may prove
beneficial. Further investigation into updating using rela-
tive loss is also needed. All these limitations are left for

future research.
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