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ABSTRACT

Game theory uses mathematical models to analyze the methods of cooperation or competition of intelligent
beings. Game theory attempts to model the mathematical behavior of strategic interactions among rational
decision-makers. The ultimate goal in this field of knowledge is to find the optimal strategy for the players.
One of the newest ideas in the application of Game theory in the field of artificial intelligence and machine
learning has led to generative adversarial networks (GANs). GANs which consist of two parts, use the
Game theory and compete with each other, making unsupervised or semi-supervised learning possible. In
addition to data generation, these networks are used for malicious software identification, software
security, machine translation, and natural language processing, and also to build a three-dimensional
model of an image. However, GANs have a very long training time due to the high number of epochs and
input parameters. In this paper, in order to solve the problem of long training time of these networks in the
classification of imbalanced high-dimensional datasets, a solution is presented in which, GAN-based
minority classes are first oversampled. Then in order to improve the efficiency of the designed GAN, the
mentioned network is parallelized and ensemble classification is done. The results of classifying a diabetic
retinopathy dataset by the proposed method show that whilst maintaining the classification accuracy of
87%, the training time is reduced by 74%, thus demonstrating a higher accuracy in comparison to the latest
scientific achievements.
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2 Algorithm level approaches
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Algorithm 1: Distributed DCGAN Algorithm

1: FOR each machine i €1, ...v in parallel do

2: | FOR number of training iterations do

3: FOR k steps do

4: Sample minibatch of m noise
samples z; (), z,®, .., z,(m
from noise prior py(z)

5: Sample minibatch of m examples

2D, x,@, ., x;™from data

generating distribution Py,

6: Update the discriminator by

ascending its stochastic gradient:

M
1
L i Z [log D(x;™) +

log (1 - D@ (™))

7: End for

8: Sample minibatch of m noise samples
2,1, 2,®, ..,z from noise prior
Py(2).

9: Update the generator by descending its

stochastic gradient:

M
1
o= 7 Z log (1 = D(G(z:™)))
m=1

10:| |End for

11:| RETURN 1,1,
12: END FOR
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Algorithm 2: Voting

1: initialize an element m and a counter i with i = 0
2: FOR each element x of the input sequence:
3: IFi=0

4 Assignm=xandi=1
5 ELSEIFm=x

6: assigni=i+1

7: ELSE

8: assigni=i-1

9 Return m

9: END FOR
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API Python
oS Ubuntu
CPU Intel Core i7
NVidia GTX 1050 Ti
GPU NVidia GTX 1080
NVidia GTX 1080 Ti
16 GB
RAM 20GB
20GB
2TB
Disk 250 GB
250 GB
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	2- شبکههای رقابتی مولد عمیق(GANs)
	الگوریتم (1): شبه‌کد توزیع مدل مولد طراحی‌شده در خوشه.
	شکل (4): معماری مدل پیشنهادی با توزیع شبکه‌های رقابتی مولد و تجمیع ردهبندها.
	الگوریتم (2): شبه‌کد رایگیری بویر-مور.
	جدول (3): میزان دقت رده‌بندی در حالت تک ردهبند و حالت چند ردهبند با اعمال سازوکار رأی‌گیری.
	جدول (4): محاسبات آزمون تی دو نمونه‌ای بر روی 3 وضعیت آزمایش روی مدل پیشنهادی.




