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Table 2 Overall compression performance

R2 BARIEGRCR

22 ik A Top-1 HEMIH (%) | Z8(byte) | E4HH (%) BATRCRRT
VGG-16 F:uE 93.25 1.50E+07 -
VGG-16 JE 45 93.4 5.40E+06 64.00
ResNet-56 Ji 7 93.04 8.60E+05 - f# B FLOP VA 4545, %
Ref [24] ResNet-56 [k 4 93.06 7.30E+05 15.12 NG e SRS
' ResNet-110 J 93.53 1.72E+06 - 34.20%,13.70%,38.60%,
ResNet-110 Ji 4 93.3 1.16E+06 32.56 15.5% )i
ResNet-34 J& 73.23 2.16E+07 -
ResNet-34 [T 4 72.56 1.99E+07 7.87
LeNet 99.06 1.96E+07 -
T i A 96.5 1.65E+07 16.01
UERINIE 91.37 1.65E+07 16.01 BT A 3 2 2 0 M 4% 08
Ref.[20] HH T R B A 98.35 1.65E+07 16.01 ﬁﬁ{ [l ;;upawj;,pﬁuxﬁ
AlexNet JE#E 57.84 6.09E+07 - LR AR B2
Xt FC6 i Jo 5% By B 56.08 4.23E+07 30.57 (&
X FC7 B¥i 6K B A% 56 5.37E+07 11.80
X FC6 Rl FC7 Hdls o R By kL 55.6 3.97E+07 34.89
T CASIA Hdhs g S v B ) 86.04 1.30E+04 - A5 S 6 00 43 SF 2 i 1)
Fitnet 82.08 8.64E+03 33.33 A& 35 e 5 B R A R VF
Ref.[25] Rk 43 fift 84.79 1.17E+04 9.91 EER T T7r [Fi) ¢ J5E A
Inbound Prune 84.74 1.16E+04 10.71 B, 0r A 3R A 59.51%,
RR Prune 85.08 6.14E+03 52.61 25.93%,37.11%,57.81%,
Hyb. Prunne 85.32 6.06E+03 53.27 62.26% 1) J1id
LeNet-5 31 80 4.31E+05 -
B R+ AL 77 3.60E+04 91.67
AlexNet FEHE 57.22 6.10E+07 -
Ref.[22] WAL 57.22 6.70E+06 88.89 -
VGG-16 F:HiE 31.5 1.38E+08 -
By b+ AL 31.34 1.03E+07 92.31
AlexNet 57.22 2.40E+08 -
Fastfood-32-AD 58.07 1.31E+02 50.00
Fastfood-16-AD 57.1 6.40E+07 72.97
Collins&Kohli 55.6 6.10E+07 75.00 CIDNEE 23 YAy o
SVD 55.98 4.78E+07 80.00 PR IEL ) (R
Ref.[21] BTk 57.22 8.90E+06 88.89 | i nk # o ok [ B 4 3 75
L agRid 57.22 6.90E+06 96.30 BAT AR AR T
BRI AL+ A 57.22 6.90E+06 98.97
VGG-16 F:Hi 68.5 5.52E+08 -
VGG-16 [k 44 68.83 1.13E+07 97.95
Teacher 90.18 9.00E+06 - 8 | MULT JEA 5 4%, %0
FitNet1 89.01 2.50E+05 97 FitNetl,FitNet2,FitNet3,
FitNet2 91.06 8.62E+05 90.42 FitNetd, 73 7l 3K 1§ T
Ref.[37] FitNet3 91.1 1.60E+06 82.22 92.51%,78.45%,27.01%,
FitNet4 91.61 2.50E+06 72.22 34.21% ) I3 (FitNet 1~
Mimic single 84.6 5.40E+07 - FitNet4 KA A T
Mimic ensemble 85.8 7.00E+07 - BEVH 1) 4 2% 2R 44))
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Table 3 Performance evaluations of compressing single convolutional layer or fully-connected layer

F3 BRURMAERZIE R I S5

2% LR R4 R 48TV JE45#(%) HE % T R LE (%) AT NI (%)
Conv Monochromatic, C=4 87.90 1.90 66.33
Conv Monochromatic, C=6 84.52 0.43 66.10
Conv Monochromatic, C=8 81.13 0.20 65.99
Conv Monochromatic, C=12 74.36 0 65.64
Ref.[43] Conv KU S+ A4 92.54 0.68 23.07
Conv KW H+SVD, 71.42 0.90 37.50
FC SVD, K=250 92.54 0.84 20.19
FC SVD, K=950 71.42 0.09 17.31
Conv Sparse CNN, kernel size=11 92.70 0.62 61.69
Ref.[46] Conv Sparse CNN, kernel size=5 95.00 1.43 85.99
Conv Low rank, kernel size=5 89.00 0.61 60.00

FERCE SR b Han ZE4T 7 R GUH SR, APl UR 45 ) — S22 10 VE 1 4510 285 2 S HUR R A NS B
B A U e N B 0, T L X i 2 s 447 2 1) D iR e 22 e e s R TR I, SOk (220 1) 5 ik — 2 et R,
RINHS 4 55 R 20 A g 1 77 5, B et vl LUIE B 97.95% 1 [ 46 %
Table 4 Compression rate of convolutional layers and fully-connected layers

x4 BRI AT 40 %

2% R JE 4R 225 FE 45 )51 IR (%) | REES (%)
AlexNet,Conv R+ Ak 67.40
AlexNet,Conv B A+ AL+ g D 79.47 48,89
AlexNet,FC B+ EAL 97.00 '
Ref[21] AlexNet,FC B A+ b4 i 97.61
VGGNet,Conv Bk + AL 60.00
VGGNet,Conv BB+ AL+ Y 70.03 9231
VGGNet,FC TR+ Rl 98.40 ’
VGGNet,FC B A+ b+ i 98.90
VGGNet,Conv Bk 76.20 98.97
Ref.[22] VGGNet,FC Wk 89.80 97.95
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