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Abstract

QNN and RNN are dassifiers for image and speech recognition, and are used in many computer vision,
However, this model alone does not produce images or voices. So we used GAN (Generative Adversarial Nets),
which is a non-biped leaming, to create and restore objects. To determine the distribution of the assumed model
data, we use the generative model G and the Discriminator model D to judge the probability of each case in order
to distinguish whether the sanple came from the training data from the actual or model G Respectively. This is
called minimax two - player game. The model G makes a mistake maximize in order to meke a mistake, and the
model D makes a mistake minimize in order not to make a mistake. Model D uses technology such as recognition
technology, which is a conventional prayer leaming method. Through this technique, the damaged or modified
objects are compared with the training sample to dassify and confirm what kind of object is the first type. There
is no need for another network to generate the sample through training and it will be evaluated and confirmed

through experiments.
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[E 1] GAN module

Algorithm Convolutional structure
GAN not apply
DCGAN apply

3. GANe| 8 ARjl
3-1. MNIST Dataset5)

[3%! 2] Deep Convolutional Generative Adversarial
Networks
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information  processing

5) http://yann.lecun.com/exdb/mnist/ THE

MNIST DATABASE of handwritten digits
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[ 3] MNIST training results

[ 1] GAN module

module function
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Large-scale  CelebFaces  Attributes  (CelebA)

Dataset

o W32 HoiECt S5E CO0E<t HInE 2ol
Vincent van gogh®| Q2 2oz 13042 data
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[E 2] Hyper-parameter

parameter value

learning rate  {0.0002

batch size 64

beta1 0.5 (momentum term of adam)

4-3. n-step &5
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[E 3] learning to n-step

step d_loss (average) |g_loss (average)
1,000 1 5

10,000 0.09 44

50,000 0.0013 4.1

80,000 0.0006 3.8
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[3% 7] learning to 10,000 step

[ 8] learning to 50,000 step
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