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Abstract: Image-to-image translation is a method to convert images in different domains. With the rapid
development of the Generative Adversarial Network(GAN) in deep learning, GAN applications are increasingly
concerned in the field of image-to-image translation. However, classical algorithms have disadvantages that the
paired training data is difficult to obtain and the convert effect of generation image is poor. An improved
Cycle-consistent Generative Adversarial Network(CycleGAN++) is proposed. New algorithm removes the loop
network, and cascades the prior information of the target domain and the source domain in the image
generation stage, The loss function is optimized as well, using classification loss instead of cycle consistency loss,
realizing image-to-image translation without training data mapping. The evaluation of experiments on the
CelebA and Cityscapes dataset show that new method can reach higher precision under the two classical
criteria—Amazon Mechanical Turk perceptual studies(AMT perceptual studies) and Full-Convolutional
Network score(FCN score), than the classical algorithms such as CycleGAN, IcGAN, CoGAN, and DIAT.
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AL (2)MEIL (F, Dx, Y, X).
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Jiik: Bt ik 51 B % R

CycleGAN+  29.543.2  29.244.1  27.842.2  28.2424
AX 31.443.8  32.64+4.7 30.1+2.6  30.942.7
CycleGAN++ ’ ' ’ ’ ’ ’ ’ '

% 4 CycleGAN++5CycleGAN+HIFCNS 5 R EE
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CycleGAN+ 0.60 0.21 0.16
A CycleGAN++ 0.69 0.27 0.23
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Jiik: P~k Lt~ B WA~ -

Jrik: Btk S WA % RE-EA

CycleGAN  24.6+2.3
CycleGAN+  29.5+3.2

21.1+1.8
29.2+4.1

26.842.8
27.842.2

23.2+3.4
28.2+2.4

% 2 CycleGAN+5REANFCNEHERRTEL

WIRFS FHEFENEIE (BES i ToU%r 2

CycleGAN 0.52 0.17 0.11
CycleGAN+ 0.60 0.21 0.16

CycleGANI™ 24,6423  21.141.8  26.842.8 23.243.4
IcGANP 232425 224429  22.842.6 19.84+1.9
CoGANM) 6.8+1.1 5.140.9 0.640.5 0.940.5

DIATPY 31.14£3.9  30.243.6 284429 272425

A 31.443.8 326447 301426  30.942.7

CycleGAN++
* 6 BREEMFCNESSERRIL
WAk RHRRIGE BN ToU%r3

CycleGANI 0.52 0.17 0.11
IcGAN 0.43 0.11 0.07
CoGANM 0.40 0.10 0.06
DIATEY 0.68 0.24 0.21
A CycleGAN++ 0.69 0.27 0.23
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