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Abstract Due to high data pre-processing costs and missing local features detection in self-distillation methods for models com-
pression,a similarity and consistency by self-distillation(SCD) method is proposed to improve model classification accuracy. First-
ly,different layers of the sample images are learned to get the feature maps,and the attention maps are obtained by the distribu-
tion of feature weights. Then,the similarity of the attention graph between samples within the mini-batch is calculated to obtain
the similar consistency knowledge matrix,and the similar consistency-based knowledge is constructed without distorting the in-
stance data or extracting the same class of data to obtain additional inter-instance knowledge.avoiding a large amount of data pre-
processing work. Finally.the similar consistency knowledge matrix is passed unidirectionally between intermediate layers of the
model, allowing shallow layers to mimic deep layers and capture richer contextual scenes and local features which can solve the
problem of missing local feature detection. Experimental results show that the proposed SCD method can improve the classifica-
tion accuracy on the public dataset CIFAR100. Compared with the self attention distillation(SAD) method and the similarity-pre-
serving knowledge distillation (SPKD) method, the average improvement is 1. 42%. Compared with the be your own teacher

(BYOT) method and the on-the-fly native ensemble(ONE) method,the average improvement is 1. 13%. Compared with the data-
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distortion guided self-distillation(DDGSD) method and the class-wise self-knowledge distillation (CS-KD) method, the average

improvement is 1. 23 %.
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(3)FashionMNIST™™ . i 4 #0408 46 A2 & M\ 10 A4~ 25 il 4
B9 60000/10000 AN YL /MR AL A, B3 70 000 BRI, B A~
A 7000 3K 28 X 28 R KM EI14

() CIFARI00™) . —A4~26 M8l CIFARLO Ay B 46 . th 0 5
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Table 1  Classification data set detection
HIEE * 5 LUE 32 PR N
CIFARI10 10 50000 10000
SVHN 10 73257 26032
FasionMNIST 10 60000 10000
CIFARI100 100 50000 10000
TinylmageNet 200 100000 10000
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AR — B S

(7)SAD™ 5 3 [ 46 A B i1 43 J22 T 38 1 28 M R itk AT 42

RS Y o211
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TE Pytorch H SZHL 9 4% R I Groadt B . AR 9l 450 90 5
FHAH R 2515 S, 400 I 45 B AU RN SR T Ik B S 8. T
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2 ) AU W ERAE IR = T A E N 0.1, BN 0. 9,4
TR K 5X10 ", MBE « WE R 0.5,8 %K 2, batch
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4 (CIFAR100) , ffi ] Top-1 5512 Ml Top-5 4515 24k Ry 1T
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shionMNIST | #9432 Top-1 iR 48 B an gk 2 frgl,

22 SCD FE7E$E4E CIFAR10,SVHN, FashionMNIST | 1432 Top-1 # iR %

Table 2 Top-1 error rate of SCD method for classification on datasets CIFAR10,SVHN, FashionMNIST
Method CIFARI0 SVHN FashionMNIST Params

DenseNet-121 4.71 2.31 4.47 7.98%108
DenseNet-121-+SCD 4.02£0.03 2.01%0.02 3.84%0.05 7.98x106
ResNet-18 7.07 8.04 13.29 11.69x 106
ResNet-18+SCD 4.08%0.05 7.79£0. 06 11.81£0.07 11.69x106
ResNet-32 6.92 2.11 10. 31 21.80x10°
ResNet-32+SCD 4.62%0.07 1.78%0.05 6.56%0.05 21.80 %106
ResNeXt-50(32X4d) 3.21 2.14 4.01 25,03 106
ResNeXt-50(32 X 4d) +SCD 2.71%0.02 2.10%0.03 3.81%0.05 25.03X10°

M 2w LLE S, A B £ CIFARL0, SVHN, Fa-
shionMNIST I, iz F{ASC# H 9 SCD 77 #: )5 » DenseNet-121
43 2K K B o B3R FF0.69%. 0. 3%. 0. 63% ., F ¥ 32 A
0.54% ;ResNet-18 9 43 25 4 B 43 5l 48 F+ 2. 99%, 0. 250,
1.48% FHEEF+ 1. 57% ; ResNet-32 1% 4> 25 K5 B 4% 91 48 F+
2.3%,0.33%,3.57% , ¥ Tt 2. 06% ; ResNeXt-50 (32 X
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%3 SCD Fsfe i s CIFARL00 b 9433 Top-1 #fiR %R
Top-5 # R R
Table 3 Top-1 error rate, Top-5 error rate of SCD method for

classification on dataset CIFAR100

Method Top-1 Top-5
ResNet-18 33.40 9.43
ResBet-18+SCD 32.5810.04 8.97%0.12
ResNet-110 22.02 6.42
ResNet-110+SCD 20.97%0.11 5.13%0.06
Wide-ResNet28 X 10 22.70 5.60

Wide-ResNet28 X 10+ SCD 22.1240.07 5.05+0.12

FE 3 AT LLE L ZE R 4 CIFARL00 | 38 HIAS SO 0
#) SCD J7 #: J5 » ResNet-18 4 Top-1 Ml Top-5 1E R 43 5l &
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Top-5 IEHH 435I & F+ 0. 58% F1 0. 55% . 1 WA STt 1y
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CIFAR100 I/ Top-1 #1 Top-5 Y Ml i 1 % %, o] L & B
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Fig. 7 Training loss and test accuracy of Wide-ResNet28X 10

before and after SCD training

(2) 5 HET B i

¥ SCD K 6 Fh B A RN A ZE 8 5 4 3 8 A T
b6 43 25 4% (Baseline) | (43 28 Top-1 4% 158 % [0 A0 45 AL
2 4 TH] . — F£ 7% ResNet-32 1 g Bl 50 (1 25 51,

F 4 SCD 53 Jr g B4 CIFAR100 1 TinyImageNet |
72 Top-1 ff iR
Table 4 Top-1 classification error rate of SCD and baseline methods
on CIFAR100 and TinylmageNet datasets

Baseline Method Datasct
CIFARI100 TinylmageNet
WRN-16-2 29.58£0.08  48.95%0. 20
WRN-16-2 -+ DDGSD 28.044+0.05  47.9340.24
WRN-16-2-+CS-KD 28.214+0.68  46.6240. 18
WRN 162 WRN-16-2- ONE 26.99-£0.23  45.900. 20
WRN-16-2--BYOT 29.78+0.26  44.6740.03
WRN-16-2-+SAD 29.694+0.45  47.7440.39
WRN-16-2+ SPKD 27.014+0.22  46.0940. 30
WRN-16-2+SCD 25.3140.09  43.92+0.33
ResNet-32 24.20£0.70  46.400, 89
ResNet-32+ DDGSD 22.38+0.47  44.2540.24
ResNet-32+ CS-KD 21.82+0.05  43.5340. 10
RNt 52 ResNet-32-+ ONE 22.31£0.54  45.74%0.39
ResNet-32+BYOT 22.324+0.07  44.3140. 30
ResNet-32 -+ SAD 23.354+0.32  45.0540. 06
ResNet-32+ SPKD 43,5940, 44
ResNet-32+SCD 21.6740.11 42.5410.04
VGG19 31.53+0.55  53.4740. 39
VGG19+DDGSD 30.99-0.24  53.0720.14
VGG19+CSKD 31.240.29  52.33%0.09
- VGG19+ONE 31.17+0.85  52.6040. 20
veets VGG19+BYOT 30.944+0.11  52.7740.56
VGG19-+SAD 31.3240.25  52.19%0.35
VGG19-+SPKD 31.02+0.15  53.2640. 46
VGG19+SCD 30.67+0.12  52.15+0.18
DenseNet-121 22.2740.10  38.56=+1.58

DenseNet-121+DDGSD 22.08%+0.50 38.44£0.12
DenseNet-121+4CS-KD 21.9940.49 37.96£0.09

DenseNet-121+ ONE 21.81+0.28 38.10+0.17
DenseNet-121

DenseNet-121+BYOT 21.9740.83 37.98+0.52

DenseNet-121+SAD 22.11£0.03 38.21+£0.15

DenseNet-121-+ SPKD 21.88+0.25 38.37+0.50

DenseNet-121+SCD 21.75%0.37 37.6110.38
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BTN B B2 2 i A 2 2T I SR BRAIE T o
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Table 5 Attention Mapping Scheme

Attention Scheme ResNet-18

g. mean(1) 3.744+0.06

g. pow(2). mean(1) 2.08%0.05

g. pow(4). mean(1) 2.174+0.07

g. max() 3.884+0.11

MIE 8 BT LA L 2 B T W T RN g pow (2).

C
mean(1) , Hf! Ffum(A): E LA |7 Cp=2) B #E YR e i,
45
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Error/%
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Fig. 8 Error rate of different attention mapping schemes
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Pathl= P, + Py, + Py,
Path2= P, + Py, + Ps,
Path3=P;+ Py, + Py,
Path4=Py;+ Py, + Py,
Path5= Py, + Py + Py,
Path6=P,, + P,,+ Py,
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FRWET R E 6 5,

# 6 FEIMAREALT D IHERE

Table 6 Classification accuracy with different paths of self-distillation

Path Pathl Path2 Path3 Path4 Path5 Path6
Accuracy 98.22 97.82 96.01 94. 35 97.55 90.41

MIEL 9 AT LA L AR 1B 20 S 0 3OM A 28 1R 3
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Fig. 9 Classification accuracy with different paths
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