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Generation of Learning Data Utilizing Generative Adversarial Networks
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Abstract
The emergence of deep learning, the accuracy of object recognition has been dramatically improved.
Currently, upon performing object recognition by deep learning, not only computational resources
such as a computer but also a lot of learning data are required. In particular, it has been found that
even if this learning data is learned by the same procedure using the same neural network, it
significantly affects the learning result (correct answer rate of recognition) due to a bias in the
number of data. In addition, although learning data that can be used for deep learning is being
disclosed on the Internet, learning data available for a task to be recognized is not always disclosed.
In that case, it is necessary to create the data used for learning manually. But if the collected
learning data is small, the method to inflate the learning data by parallel shift, rotation, inversion,
deterioration processing of the image, etc. has been conventionally proposed. However, all of these
methods are mathematically determined processes, and if they are used frequently, learning may be
hindered. In this research, we focused on generative adversarial networks and examined whether

learning data to improve recognition accuracy could be generated with this.
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*9 % IEZ 3 (Accuracy)

TRAMTF—4 SCHNZIE X 100%

MNIST DCGAN300 DCGAN600 DCGAN1200 DCGAN2400
OMNIST 0.915 0.831 0.822 0.954 0.950
2DCGAN300 0.731 1.000 0.647 0.744 0.727
3DCGAN600 0.682 0.679 1.000 0.698 0.697
@DCGAN1200 0.823 0.808 0.835 0.999 0.872
®DCGAN2400 0.884 0.831 0.883 0.954 0.992
@®DCGAN300+MNIST 0.907 0.997 0.831 0.952 0.940
@®DCGAN600+MNIST 0.908 0.839 0.998 0.957 0.941
®DCGAN1200+MNIST 0.911 0.842 0.884 0.995 0.944
@©DCGAN2400+MNIST 0.912 0.847 0.893 0.967 0.982

#2. H£T AT —XIZkT DK (Loss)
TRANTF—%&

MNIST DCGAN300 DCGAN600 DCGAN1200 DCGAN2400
OMNIST 0.294 0.480 0.482 0.167 0.183
@DCGAN300 1.009 0.010 1.144 0.828 0.940
(3®DCGANG600 1.120 1.019 0.006 1.012 0.989
@DCGAN1200 0.614 0.554 0.511 0.014 0.402
®DCGAN2400 0.434 0.470 0.324 0.159 0.046
®DCGAN300+MNIST 0.328 0.046 0.481 0.173 0.205
@®DCGAN600+MNIST 0.331 0.462 0.033 0.158 0.202
®DCGAN1200+MNIST 0.315 0.447 0.363 0.040 0.183
(@©DCGAN2400-+MNIST 0.312 0.454 0.333 0.133 0.079
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