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Abstract This paper is related to performance improvement of Image-to-Image translation using
Relativistic Average Patch GAN and Residual in Residual Dense Block. The purpose of this paper is to
improve performance through technical improvements in three aspects to compensate for the
shortcomings of the previous pix2pix, a type of Image-to-Image translation. First, unlike the previous
pix2pix constructor, it enables deeper learning by using Residual in Residual Block in the part of
encoding the input image. Second, since we use a loss function based on Relativistic Average Patch GAN
to predict how real the original image is compared to the generated image, both of these images affect
adversarial generative learning. Finally, the generator is pre-trained to prevent the discriminator from
being learned prematurely. According to the proposed method, it was possible to generate images

superior to the previous pix2pix by more than 13% on average at the aspect of FID.
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[Fig. 1] Training process of pix2pix using Conditional
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{Table 1) Comparison of FID performance between
the previous pix2pix and the proposed method

et~ | 72l oo | TEENENS | ot i)
Facades 11.38 10.72 9.77
Edge2Handbags 9.55 8.53 8.78
Edge2Shoes 10.13 8.05 8.20
Maps 12.41 10.38 10.23
Cityscapes 9.32 8.98 8.56
Condition pix2pix RAPGAN-+RRDB

[Fig. 8] Simulation results using the previous pix2pix
and proposed discriminators
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[Fig. 10] Simulation results of the previous pix2pix
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