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Robust Hash Learning Method Based on Dual-teacher Self-supervised Distillation

MIAO Zhuang, WANG Ya-peng, LI Yang, WANG Jia-bao,ZHANG Rui and ZHAO Xin-xin
Command and Control Engineering College, Army Engineering University of PLA, Nanjing 210007 , China
Abstract In order to improve the performance of unsupervised hash learning and achieve robust hashing image retrieval, this pa-
per proposes a novel robust hash learning method based on dual-teacher self-supervised distillation. Specifically, the proposed
method contains two stages:a self-supervised dual-teacher learning stage and a robust hash learning stage. In the first stage,a
modified cluster algorithm is designed to effectively improve the accuracy of hard pseudo labels. Then, we fine-tune the teacher
networks by hard pseudo labels to get the initial soft pseudo labels. In the second stage,we filter the initial soft pseudo labels by
our soft pseudo label denoising method, which combines a hybrid denoising strategy and a dual-teacher denoising strategy. Then,
we train the student network with the denoised soft pseudo labels by knowledge distillation,so that robust hash codes for label-
free images are obtained. Extensive experiments on CIFAR-10, FLICKR25K and EuroSAT datasets show that the proposed ro-
bust hash learning method outperforms the state-of-the-art methods. In detail, the MAP of our method is 18. 6% higher than that
of the TBH method on CIFAR-10,2. 4% higher than that of the DistillHash method on FLICKR25K,and 18. 5% higher than
that of the ETE-GAN method on EuroSAT.

Keywords Hash learning, Self-supervised learning, Knowledge distillation,Image retrieval,Noisy labels
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0.85, MGL—rifE, A LK 2R DistillHash 75 320 5 i ffi
PR BE P 28 VGGL6 AE g% A= I 4% (191 T 9, AR SC 38 BOM
H 8 #r MAP (Mean Average Precision) A1 P-R (Preci-
sion-Recall) 1F 2 52 56 VM b i

TR 4E %1 2 |, % T CIFAR-10 Fl FLICKR25K % 4%
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LRSIy 26000 K B4,
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4.3.1 HkR4&ERTIL

7t CIFAR-10 #1 FLICKR25K ., A& 305 13 Fy kit 47
T, Hp SH®, LSH® , PCAHPY , SpHF* , DSH™
TTQMY Sy 1% 58 JC Wi B s A5 % 2 J7 ik o il SGHM , DeepBit™?,
BGANM), SSDH!, SSDH + PSSO, TBH!! , DistillHash!®’
KRB SR I k. mE 1. NE1PTUE
AR SO R R R AW BIEE LA KERAET
Ik B T B P AE X R B R A SCHR UM A W 2R R
W A5 T IR RE U A AR D bR 2 vh M R B B e A A R
Mg, 7£ CIFAR-10 b ARSI % 19 MAP e TBH J5 %1%
R T 18, 6% f£ FLICKR25K |-, A 3C 7 i 19 MAP It
DistillHash"™ 7 PR E T 2. 4% . ML BT LI
ARSI IR AE A TSR T B B R R ) A AR 2 R R
KRB CIFAR-10 B 942 FFa SR ] W

%1 1£ CIFAR-10 il FLICKR25K |- [BI4% ¥ 245 B 1 % L

Table 1 Comparison of image retrieval accuracy on CIFAR-10 and FLICKR25K
Methods CIFAR-10(MAP@50000) FLICKR25K(MAP@23000)

16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
sy 0.161 0.158 0.151 0.154 0.592 0.592 0.602 0.621
LsHP 0.132 0.158 0.167 0.179 0.583 0.589 0.593 0.601
PCAHY 0.143 0.159 0.173 0.184 0. 609 0.611 0.603 0.607
SpH2 0.144 0.167 0.178 0.184 0.611 0.603 0.634 0.625
DSH] 0.162 0.188 0.192 0.206 0. 607 0.612 0.612 0.615
Q3 0.194 0. 209 0.215 0.219 0.619 0.632 0.635 0.648
SGH!3 0.180 0.183 0.189 0.190 0.616 0.628 0.625 0.621
DeepBit" 12 0.220 0.241 0.252 0.253 0.593 0.593 0.620 0.635

BGAN®] 0.525 0.531 0.562 — — — - _
SSpHH?) 0.257 0.256 0.259 0. 260 0.662 0.673 0.673 0.677

SSDH -+ PSO°! 0.286 0.286 0.287 — 0.692 0.692 0.699 —

TBH'® 0.582  0.573  0.578 - - - - -
Distill Hash™*) 0.284 0.285 0.287 0.290 0. 696 0.706 0.708 0.700
Ours 0.733 0.747 0.760 0.765 0.712 0.724 0.731 0.739

Vi L 5 A 0 0025 8 I 2 R o

7 EuroSAT 8454 . A ST 7 #hoOy kb 47 7 g,
i SKLSH, SPET L SpHI™ L TTQ g e G TC Wi Wi 75 2% )
J7 1 GAN_MS_ESM?, CNN_MSI?, ETE-GANI g &
FERW B W AT ik ik 2 g, WE 2 PATRIE LA
SRR ITA K A A R Yk 8 T B v RE . A SO R
MAP tt ETE-GANUI 5 i 42 8 T 18. 5% X FE A i A
SO IR TR R R R R R UL B R i — 2 i
TR Bz ARE S .

Ak A SC7E FLICKR25K #0884 43 T 10 i J7 ¥k 19
P-R £k, DAE XS 45 B0 ik i A7 B8 4 1T Y B AL 5 SR 3
K4 Fros . B 3 R 4 Al DLE AR SCr Y P-R i 2k

BB AL F H AT 0 P-R i MR8 X 5E /0 L BH T A 307
PR DLk 3] L A v R RS
2 2 1E EuroSAT & EMEK A E X

Table 2 Comparison of image retrieval accuracy on EuroSAT

EuroSAT(MAP@100)

Methods
32 bit 64 bit 128 bit
SKLSH] 0.138 0. 144 0.140
SpHEZ 0.445 0.477 0.512
1T 0. 455 0.502 0.505
GAN_MS_ESML7! 0.647 0.656 0.679
CNN_MSH7 0.275 0.284 0.272
ETE-GANL™ 0.615 0.658 0.683
Ours 0. 820 0.839 0.853

TE < B FVRLT 1 e D 205 28 IR Ja 28 5 1 O R R 4% 2R
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Precision

Recall

K3 7E FLICKR25K I 16 fP4 7565 P-R ik
Fig.3 P-R curves with 16 bits hash codes on FLICKR25K

Precision

Recall

B 4 & FLICKR25K k32 {7 #5765 P-R i £k

Fig. 4 P-R curves with 32 bits hash codes on FLICKR25K
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Table 3 Ablation experiments of
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51. 4% A H SeLa i Dh A5 25 A4z i 7 2 F 349425 1 30. 2%

Xt 3 AU SCEG 3 R SI 4 T, M E R JH AR LR
29 RRE PR bR 4 AR T v L R RO AR 48 KL B 2k AT B
" 23 RS bR %S CE 2R AT B WB 4y 282 20 15
FIM ISR RERET A AR KR MAPRE T 1.7%., X
WA A O A 2 AT B 2 3] BERS A AR D A 4 o
A Wl 7 o A i 2 T 1 670 T 5 T, 82 12 2 2 ) % f IR 7R e
HET$E T A AT R MR .

P ER 3 SR 4 RISEES 5 W, S 5 5l ARG
LR SR 5 A L S 4 BEHE— 2D R BR AR O AR A P g R R fif
A AR MAP 5 1. 5% . 30U WA SCAY TR A 25 e 5F &
AR T 5K PR A 2 v i M S R T ACDh AR 48 0 AT
HE— L HLXT 2 3 ARSI 5 RISEIY 6 R S 6 i —
A 51 BT 38 g S s A0 LU 2] 5 R %
rh R B 7S R LA B — 2P o U [ BB 2K T A A ik TS
Sy R T BB AL i — SR T T IR A R R MR L
IR MAP #2755 4. 4%,

_‘Ln ”

N

TGRS 28 T i S 36
image retrieval on CIFAR-10

Number Settings

CIFAR-10(MAP@50000)

16 bit 32 bit 64 bit 128 bit

1 ResNet-101+Deep Cluster ) hard pseudo labels 0.133 0.161 0.171 0.181
2 ResNet-101+SeLa?*) hard pseudo labels 0.341 0. 366 0.396 0.391
3 ResNet-101+our hard pseudo labels 0.667 0.676 0.684 0.674
4 ResNet-101+our soft pseudo labels 0.681 0. 689 0.693 0.706
5 ResNet-101+our soft pseudo labels+hybrid denoising 0.695 0. 706 0.711 0.716
(ResNet-101+ResNet-152) +our soft pseudo labels+ 0.733 0.747 0.760 0.765

hybrid denoising

TE BRSO (A A 5 D 405 28 IR S0 28 5 4 Sl R AR 45 2R
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Fig.5 Hard pseudo label confusion matrix on CIFAR-10

True labels
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Predicted labels 0
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Fig. 6 Hard pseudo label confusion matrix on EuroSAT

4.3.4 RALRERAHMEKE

RG KM PR B A R MR RN B LM AN D BR, B
15 B 25 M v () BB o B 8 25 R v ) R B8 LU 481 o X 2 MR P R
H—Es W, A — L E B SR e B r BYIUHE , A 305000 L
ResNet-101 F1 ResNet-152 SH Zi a4 & T W , 78 CIFAR-10 $ %
£ 1 64 MG A D R EAT T 0, San A5 R an gl 7 AR 8 TR

B 7 45 T B AERE LR BE e BUA R A 1Y, CIFAR-10
AN T O ) 46 6 I B A FOR B b B AR AR e R EAE
MR B e Y BBOIE B K, R B8 SR R A 45 15 R 5
A e o 0 Y W 7 O L 2 5 T 2 R e EZ{E%J 0 Ela‘ U"Ji%
TN HEAT EAE B M, B R BT R AR 2

32 bits—

Herbaceous Vegetallou

Highwa
\ 2 g .
< 2N .

Anuual Ilrop

64 bits —|

128 bits—]

Pelmanem Crop

MR S RO B E ) - BUAS R RS, CIFAR-10 1 AN [R] 200l
X RS ZORE . E 8 LB AR AR - 2R S IR G R B
Fofl, 2 - B R 1 I, R AR B A R4

&= ResNet-101
0701 g ResNet 152

0 05 06 07 08 09
e

P 7 A8 CIFAR-10 b AN [R)# A7 BE 25 MR B fE e AR A5 2
Fig. 7 Retrieval accuracy with different ¢ on CIFAR-10
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Fig. 8 Retrieval accuracy with different r on CIFAR-10
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Fig. 9 Image retrieval results of different hash bits on EuroSAT
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