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Fig.1 ReLLU & Parametric Softsign Function
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Fig.2 Generator’s model at DCGAN

1 H{#f: Alec Radford, Luke Metz, Soumith Chintala.
Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Network.
ICLR2016, pp.4.
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Fig.3 Generated MNIST images at PSF

— 136 —



o NS

@Y

Fig.4 Generated MNIST images at LReLLU
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Fig.6 Generator’s loss at MNIST
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Fig.9 Discriminator’s loss at CIFAR-10
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Fig.10 Generator’s loss at Cifar-10
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