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Abstract In recent years,generative adversarial network have shown excellent performance in many computer vision tasks such
as ima-ge super resolution,image generation and so on. GANs can be designed to be much more greedy in computation complexity
because of huge quantity uses of GPU application. For mobile devices that are resource-limited ., however,on which it is intractable
for GAN on be deployed due to high consumption both in energy and computation. Thanks for great success in neural network
compression,it is possible to deploy GAN on mobile devices. This paper proposed a method to simultaneously quantize weights
and activations in GANs. Sensitivity analysis shows that weights are more sensitive than activation in quantization process. This
paper used Fréchet Inception Distance (FID)score to evaluate generated images of quantized GANs for Inception score is less ap-
plicable than FID. Motivated by sensitivity analysis, extensive experiments were conducted on Mnist and Celeb-A datasets. Re-
sults show that the proposed method can compress GANs by up to 4x and still achieve even higher performance than the original

GANSs. Thus.it effectively resolves the problem of compressing GANs.

Keywords Generative adversarial networks, Source-limited, Mobile devices, Neural network compression, Quantization
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Table 1 IS score of DCGAN and WGAN on dataset Celeb-A with

different quantization bits

W/A DCGAN WGAN
32/32 2.470 2.400
1/32 2.870 -

32/1 2.510 2.310
8/1 2.700 2.314
4/1 2.430 2.637
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Fig. 2 Visualizations of DCGAN and WGAN under different

quantization bits

ATLLE L 18 2 (h) MR 2 Co) iy R R B 08 8 2% T
2Ca) s 18 2Co) IRl 3 AR AR T U4 B AR | i 1S, Al
U, R IS SRIPAG A HEREIE R B E, Wk, 5
QGANMUR H TS SR PFA & Ak J 455 20 0 JB 4y 455 40 Jor A& i 1) [
B TR 7R SC3R ) FID S 314645 4 fig
4.2 EUFHBESW

TE sk B R 43 25 MR v TR i AE L AR & Ak T A
BTk 2 iigl .

# 2 AlexNet f£ ILSVRCI12 $#i 45 - 442 Ak i i 225

Table 2 Accuracy of quantized AlexNet on dataset ILSVRC12

CHLAL: 0D
W/A Top-1 ## % Top-5 W # &
1/32 53.9 77.3
32/1 46.7 71.0
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Table 4 FID score on dataset Mnist

W/A DCGAN WGAN
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