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TABLE 1
LSSKD 7£ CIFAR-100 byl SR ERI LR . BUMM % ResNer34; 224 2% ResNETIS, TEHAMILE AT, MMM
ReSNET34-RESNETLS X VABRER—E0:. P SCRITEM RN 64 S THEFT, 220 ST RITESE 150 MFIZE 210 A BPocH HHE/ 10 4.

Accuracy Teacher Student|KD [23] AT [25] CC [67] SP [45] RKD [44] CRD [52] SSKD [66] HSSAKD [68] MOKD [69] Ours

Top-1 73.31  69.75 70.66  70.70 69.96 70.62 71.34 71.38 71.62 72.16 72.3 72.45
Top-5 91.42  89.07 | 89.88 90.0 89.17  89.80 90.37 90.49 90.67 90.85 90.9 91.15
TABLE II

AT 2T IR S 4 MR- M4 HE CIFAR-100 $iifnse [zt ke Top-1 HERR ( % ) Xttb. IMRE TR @R, cgmA

(68] Hy%LHE LASR (LA THI ) LR -

WRN-40-2 WRN-40-2 Resnetb56 ResNet32x4 WRN-40-2
WRN-16-2 WRN-40-1 Resnet20 ResNet8x4 ShuffleNetV1 ShuffleNetV2

ResNet32x4

TkH
Distillation Mechanism Teacher
Student
Baseline 73.57 71.95
KD [23 75.23 73.90
FitNet [46 75.30 74.30
AT [25 75.64 74.32
AB [48 71.26 74.55
VID [43 75.31 74.23
RKD [44 75.33 73.90
SP [45 74.35 72.91
CC [67 75.30 74.46
CRD [52 75.81 74.76
SSKD [66 76.16 75.84
SemCKD [70 75.02 73.54
Proposed Method 76.89 78.35

69.62 72.95 71.74 72.96
70.91 73.54 75.83 75.43
71.21 75.37 76.27 76.91
71.35 75.06 76.51 76.32
71.56 74.31 76.43 76.40
71.35 75.07 76.24 75.98
71.67 74.17 75.74 75.42
71.45 75.44 76.40 76.43
71.44 74.40 75.63 75.74
71.83 75.77 76.37 76.51
70.80 75.83 76.71 77.64
71.54 75.89 77.39 78.26
72.67 76.27 77.45 79.43

TABLE III
7E CIFAR-100 #iladk I, RIi2eh R4 SOTA 13 4B 7 Ti
Tor-1 MR (% ) K.

Method ResNet18 ResNet101 MobileNetV2
Baseline 75.87 79.25 68.38
LS [71] 79.06 80.16 —
CSKD [72] 78.7 79.53 —
TFKD (73] 77.36 77.36 70.88
TFKDgep 77.11 77.11 70.96
PS-KD [18] 79.18 80.57 69.89
Proposed MSAKD  83.16 82.24 73.95
TABLE IV

FUEEE . DU RIER G R ECE Rt T RUE I R s i =, Bl
N 72.67(43.05) FRTERMERERYE 69.62 % FIRET 3.05 % .

Method Baseline  Proposed MSAKD
ResNet20 69.62 72.67(+3.05)
ResNet56 71.83 78.79(+3.96)
WRN-16-2 76.77 83.16(+6.39)
WRN-40-2 76.89 85.68(+8.79)
ResNet18 73.57 76.89(+3.32)
ResNet50 75.81 82.63(+6.22)

BEAR R, (3) BRI AL, JE— P R9%5 Sl AR AR
T DA TR 1 R 42 R PR AT AT RSB, AN T 4
I TEAE BTS2 BRERSE 38

VI. 45ip

FATHR T LSSKD HEZE | iZHE L0 1 M P ] 2 AR &
E AT ANRZE R R S A B . FRATTAY iR FE CIFAR-
100 Al ImageNet b SZB T Heoedb g, MM T K
BRI GR BTN 2% . BTN, a2 iE
e R AR AL bR, BRI BN TR A . LSSKD

P o TR AT B M ol LA PO AN At o A 8L P8/
TR A, AT RERS DATE /DB 2 B0 S A ) B U
KU TA RN SR X SCRAE AL U AMRAE IR 37 57 &
HE HLUERRORIZ . A, Gl R R AR 2R B K AR
LSSKD /b 1 fi el -4 K T e A T e 1 28R
BAFIZ MO . AR TAES, FATHHRIRRIAEA
BRAGEIN . AL gt F MR o 45 25 A 55 v A
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