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Topology-guided Adversarial Deep Mutual Learning for Knowledge Distillation

LAI Xuan' QU Yan-Yun' XIE Yuan® PEI Yu-Long'

Abstract The existing mutual-deep-learning based knowledge distillation methods have the limitations: the dis-
crepancy between the teacher network and the student network is only used to supervise the knowledge transfer
neglecting other constraints, and the result-driven supervision is only used neglecting process-driven supervision.
This paper proposes a topology-guided adversarial deep mutual learning network (TADML). This method trains
multiple classification sub-networks of the same task simultaneously and each sub-network learns from others.
Moreover, our method uses an adversarial network to adaptively measure the differences between pairwise sub-net-
works and optimizes the features without changing the model structure. The experimental results on three classifica-
tion datasets: CIFAR10, CIFAR100 and Tiny-ImageNet and a person re-identification dataset Market1501 show
that our method has achieved the best results among similar model compression methods.
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The framework of the proposed method
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Table 1  Comparison of classification performance with
different loss function (%)

PRI CIFAR10 CIFAR100
L 92.90 70.47
Ls+ Lys 93.18 71.70
Ls+ Lys + Laay 93.52 72.75
Ls+ Iy + Laa 93.04 71.97
Ls+ Ly + Laa 93.26 72.02
Ls+ Ly + Lyg+ Laay 92.87 71.63
Ls+ Ly + Lys+ Laay 92.38 70.90
Ls+ Ljs+ Logy+ L 93.05 71.81
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5 LeakyReLU #{E. SZI0R I 2 27582 18K
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2 HINEREE RIS 7y S L IR LLER (%)
Table 2 Comparison of classification performance with

different discriminator structures (%)

45k CIFAR100
256fc-256fc T1.57
500fc-500fc 72.09
100fc-100fc-100fc 72.33
128fc-256fc-128fc 72.51
64fc-128fc-256fc-128fc 72.28
128fc-256fc-256fc-128fc 72.23

fern 7 0.28. 9k, fEJEESER T+, TAMDLRAI =
JZ SR B H 0 2

AT BE 8 H A () f A X TAMDL 4 8 1) 52
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EST

3 FIBIERART > IR LRI LA (%)
Table 3  Comparison of classification performance with

different discriminator inputs (%)

HNLIH CIFAR100
Conv4 72.33
FC 72.51
Conv4 + FC 72.07
FC + DAE 71.97
FC + Label 72.35
FC + Avgfec 71.20
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MR S SR ) 5 Rk T2 A LA ST, B
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FESRMS 1oy B fEHLR A KN E 2 64 11
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H T TE CIFAR100 4 45 |, 2= A= FO U W 45
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FORFIE M EAERE. hFR 4 7150, 228008580 K B
B I /INESF, 28 TE 325 0E I Gt B N 0L iR
. W K =2, TADML BUS 5K 28R 4 K
EAH M 251 2R 50 S B, BN 2R B REA B
— IR, 4 IV e S T BRI R AR R — B
£ K =8, 16, 32 i, TAMDL (¥ G848 T BEHL
KAERI 5 3, BEIE 5 5N 0.31%- 0.72%- 0.38%. Hi
ST R R A A (1) 2 ) A ST A S D) R A O — B
A REZENER, EEOE SR MEL, &S8R
KH K = 16.

2.4 TAMDL 5 DML tt3scis

A1 TAMDL 5 DML HIPEREXS L. T
Ui TAMDL ()& et A pi i, S256 & B A R 45
R 73 W A g A B, JF 5 TR AR 73 28 I 28 MR
JEH. 4277 (DML) #EAT EEER. X He s i b
WS HOE 5ASGR I B R R —2, DML 5#9%
Pl 0 BRI R RSO R s &, ] KL SO 47 kiR
IR IFAZ B INGR TN, Ny T it — B U AR ST 2
PR R AR IR R0, JE 00 B F a5t R AR B
W2 (B R BRI Fh 4 — BUEBUR &) & N
ADML. S5 #7517 ADML H3%45 [ i 4 ]
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Z A LA 4G, #BEE DML RIELF, it

R4 RPEECEN IR IR L (%)

Table 4 Comparison of classification performance with different sampling strategies (%)
X 4 25 1) Vanila Random K=2 K=4 K=38 K=16 K =32 K =64
Resnet32 71.14 72.12 31.07 60.69 72.43 72.84 72.50 71.99
Resnet110 74.31 74.59 22.64 52.33 74.59 75.18 75.01 74.59
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TEAT NAE R BSR4 5, B T 2 4
AN [F) X 4% 25 A R 0T R B3R A4 2% 1 (InceptionV,
MobileNetV1). M %% 2 (MobileNetV1, MobileN-
etV1). %tk DML, ADML f1 TADML, 25 %1% 6
Fos. AEAT N BRI 4L B Rt — 23R T,
KA AR EAE. ADML A8% T DML,
2 IMA 28R 3T T 0.26% F1 0.35%- 0.47%
F11.01%; TADML #HX} T DML, P 2H M A= 9 2 P

BEA B TE T 0.59% 11 1.04%- 0.89% Fi1 1.39%. SC
et L], ADML F1 TADML J5¥:4E Market1501
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X 4% 45 7775 (Adversarial network compres-
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Kb ELERIN 7 HREFE IR LLAL (%)
Table 5 Comparison of classification performance with different network structures (%)

e JEGR 1 2% DML ADML TADML
CES G Mg 1 W& 2 EE:I W% 2 CE W& 2 GE:S W% 2
ResNet32 ResNet32 70.47 70.47 71.86 71.89 72.85 72.89 73.07 73.13
ResNet32 ResNet110 70.47 73.12 71.62 74.08 72.66 74.18 73.14 74.86
ResNet110 ResNet110 73.12 73.12 74.59 74.55 75.08 75.10 75.52 75.71
WRN-10-4 WRN-10-4 72.65 72.65 73.06 73.01 73.77 73.75 73.97 74.08
WRN-10-4 WRN-28-10 72.65 80.77 73.58 81.11 74.61 81.43 75.11 82.13

RO MAELERIRAT N BT BRI B B (%)
Table 6 Comparison of person re-identification mAP with different network structures (%)

REEI0] SGIRES DML ADML TADML
ME 1 W% 2 Mg 1 W% 2 GES W% 2 GEC W& 2 CES RS
InceptionV1 MobileNetV1 65.26 46.07 65.34 52.87 65.60 53.22 66.03 53.91
MobileNetV1 MobileNetV1 46.07 46.07 52.95 51.26 53.42 53.27 53.84 53.65
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AR T e (0 NG BE, 5 o it L 77 KSANC
tb#, £ CIFAR10. CIFAR100 A1 Tiny-ImagNet
AR S N 0.37% 2.23% 1 0.34%.

BT AL E AR A FIR R SR 45

Table 7 Experimental results of the proposed algorithm
and other compression algorithms
b Z¥& CIFAR10 CIFAR100 Tiny-ImageNet
(MB) (%) (%) (%)
ResNet20 0.27 91.42 66.63 54.45
ResNet164 2.6 93.43 72.24 61.55
Yim %0 0.27 88.70 63.33
SNN-MIMIC® 0.27 90.93 67.21
KD 0.27 91.12 66.66 57.65
FitNet! 0.27 91.41 64.96 55.59
Quantization® 0.27 91.13

Binary Connect®  15.20 91.73

ANC™ 0.27 91.92 67.55 58.17
TSANCH! 0.27 92.17 67.43 58.20
KSANCEY 0.27 92.68 68.58 59.77

DML™ 0.27 91.82 69.47 57.91

ADML 0.27 92.23 69.60 59.00

TADML 0.27 93.05 70.81 60.11

R 7 AT DA, 2R A R AR RE 1K B 20 )
& HPERE. X T CIFARL0, 78 AH R U R K A% Bt
o) )E, ML RS B M, ANC, TSANC,
KSANC. AMDL. TAMDL K308 % 55 0.5%-
0.75%- 1.26%- 0.81% H1 2.63%. % T2 55 2 1
CIFARI100, 34iE s A &, LA 5 Rl v i 1 iE 4
AN 0.92%- 0.80%- 1.95%- 2.97% K1 4.81%. %} T
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