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Performance Improvement of SRGAN'’s Discriminator via Mutual Distillation

Yeojin Lee', Hanhoon Park'"
"Division of Electronics and Communications Engineering, Pukyong National University

8 o BEZFE WA UEND £ flo] Biel WESD Aol A4S ARFoRH PHHOE AFHES FEshe
ANFF PEOIT B =R FEZFIL 2 VENINE A FsTA FASK: AL BHE Pk OB 943 4B
FRE SRCANS| iAol A gk 48e ok, 455F7} SROANS 4% Baol mAE Jape Bag, 49 2,
HBFRE B BEAY A4 THE SROANS A, 344 sdo] ANe 2ash F4e ST

o Frlof | ZeHAS, HRld, XAST, 4SBT, SHGAN, TR

Abstract Mutual distillation is a knowledge distillation method that guides a cohort of neural networks to learn cooperatively by
transferring knowledge between them, without the help of a teacher network. This paper aims to confirm whether mutual distillation
is also applicable to super-resolution networks. To this regard, we conduct experiments to apply mutual distillation to the
discriminators of SRGANs and analyze the effect of mutual distillation on improving SRGAN’s performance. As a result of the
experiment, it was confirmed that SRGANs whose discriminators shared their knowledge through mutual distillation can produce
super-resolution images enhanced in both quantitative and qualitative qualities.
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Fig. 1. Datasets used in our experiments.
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Table 1. Mean PSNR and PI results of SRGAN with and without mutual distillation when scale factor = 2.

PSNR Pl
Independent ML ML" Independent ML ML
Set5 32.191 32.789 32.465 2.766 2.716 2.629
Setl14 29.649 30.365 30.139 2.763 2.637 2.638
BSD100 28.352 28.826 28.498 2.421 2.362 2.329
Urban100 27.640 28.123 27.802 3.828 3.832 3.772

Table 2. Mean PSNR and PI results of SRGAN with and without mutual distillation when scale factor = 4.

PSNR Pl
Independent ML ML Independent ML ML"
Set5 26.960 27.469 27.119 3.124 3.194 3.111
Set14 25.129 25.740 25.421 2.811 2.935 2.853
BSD100 24172 24.362 24.075 2.388 2.446 2.463
Urban100 23.407 23.675 23.429 3.338 3.400 3.383
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Fig. 3. Visual comparison between super-resolved images with and without mutual distillation (scale factor = 4).
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