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Discrete deep Hashing algorithm based on anti-geometric transformation
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Abstract: Existing deep Hashing algorithms first use continuous relaxation strategies to learn
continuous approximation codes, and then convert them into discrete Hash codes through quanti-
zation operations,leading to sub-optimal Hash codes. In order to solve the above problems, a dis-
crete deep Hashing algorithm based on anti-geometric transformation is proposed, which uses anti-geo-
metric transformation and semantic supervision information to directly guide the learning of dis-
crete Hash codes. First, this paper integrates discrete Hash code learning and deep feature learn-
ing into a unified network framework, and uses semantic supervision to guide discrete Hash code
learning. Secondly, an anti-geometric transformation module is designed to realize geometrically
invariant description feature learning. Finally, a new loss function is proposed for effective dis-
crete Hash code learning. A large number of experimental results on two data sets CIFAR-10 and
NUS-WIDE show that the proposed method can achieve better performance than the sota Hashing
methods.
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Tab.1 Performance comparison of different supervised

Hashing algorithms on the CIFAR-10 dataset

MAP/ %
ik
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TIDH 84.76  86.14  86.78  87.22  87.92
DDSH 81.46  83.53 83.95 84.68  85.16
DPSH 76.30  78.12  79.50  80.70  81.24
DHN 67.03  68.21 68.49  69.55  70.17
DRSCH 61.46  62.19 62.87 63.05  63.26
DSCH 60.87  61.33 61.74 61.98  62.35
DSRH 60. 84 61.08  61.74 61.77  62.91
KSH-CNN  40.08  42.98 44.39  45.77  46.56
MLH-CNN  25.04 28.86 31.29 31.88 31.83
BRE-CNN  19.80  20.57 20.59 21.64 21.96

KSH 32.15 35.17  36.51 38. 26 39.50
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f AT U DfF 4 096 4 CNN BRAF 19 JE 1R B
K2 T 8 AH ) 512 4E GIST HRAF 19 46 & 07 125 3715
(K6 2% 1k fiE T 4%, 45 40, BRE-CNIN /]2 32 o 19 46
RG5O BRE (9 16, 10 % $2% 2 20. 59 %, K
WET R ZRAE v 38 @ AR R 2 ik ke O 1
CIFAR-10% 4 48 I, XF T [m] iy 5 A iz, TIDH J5
Bt 9 Fh LA WA A 7 A AR AR 1 R S 45 S A X T
CIFAR-10 %46 4, TIDH J5 i i 4 3R 8500 e A ot
A FREST LA A3 7 ¥ DDSH #9 85. 16%, TIDH J5
BRI R R R ) 87.92% . e 3E T TIDH Jy



250 VG223 TR 222447 (2021 45 37 45 2 1)

hd
—
P S\
0.3 Lo
0,28t s o
i —t .
8 16 24 3 48 64

WA B ) AL/ it
(a) AN[RINE 7537 3 [0 6K T SO0 el 152 fRoHs 18 i 2

B =AM SR SN R O AR H A 9 A 45 AR LR
WR, 9 ML M A IR AR bR LA TR
A PERE . (HAZE R [R] bit AR 500 1§ 3R A1 &% A4 46
KGR 1 TIDH J5 ik (9 2 AT S8 A8 X 58 47, 4 1) J2
T 64bit BN [F] IR o] B K R 45 R |, TIDH J5 ik
SR O, L B T A R R 45 R @ TIDH Uy &
RGN AR SR R A T LA 72 4 i
WEBHA B L AR BB TR A T ) SR W A R B G
A T ETEEUR K R Oy i B A A k.

5 CIFAR-10 #4446 1t , NUS-WIDE & — 4~
WM ) 2 b R L. b T2V i 4
TIDH J7 i YA Rk F 5 5 Al JURh s A O 2% iF
17 %, [ 4% BRE, MLH, KSH, DSRH, DSCH,
DRSCH, DHN, DPSH # DDSH, % 2 & /x T
NUS-WIDE %4l % b AN [R] bit i BHR K R 45 R
3(a) 7R T NUS-WIDE %45 45 bR [\ M4 7 A7 3% [1]
AYTT 500 M FR A5 B2 i 25 &1 3(b) s T NUS-
WIDE #4i8 4& | 64 £ 05 Ay 7 A 7] 3R 5] B 0 4 B2
Mgk, b nal DLFE . a4 b, g i
TIDH #ikC &t 6 PP B G A 7 i (R DSRH.,

DSCH. DRSCH. DHN, DPSH #1 DDSH), 1 H

LR KG A8 ARG R M 4k M 61, 98% (DSCHD |
0.90 : : : .

24 32 48 64
e A5 i) (22 5/ bit
(@) N[ 75 L AER [ F i SOOI P45 P P i 2%

IR [ R /K
(b) 6ARLN A (R AN [F] & 1] <] 15 R RS L 2

B2 CIFAR-0 BC 4 1550 2
Fig. 2 Experimental results on CIFAR-10 dataset
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Tab. 2 Performance comparison of different supervised

Hashing algorithms on the NUS-WIDE dataset

MAP/ %

Jrik
16bit  24bit  32bit  48bit  64bit

TIDH 81.26  82.96 83.78 84.18  84.24
DDSH 80.12  81.80 82.34 82.74  82.93
DPSH 79.55  81.26  81.93 82.58  82.84
DHN 77.43  78.64  79.23  79.95  80.05
DRSCH 61.46  62.19 62.87 63.05  63.26
DSCH 60.87 61.33 61.74 61.98  62.35
DSRH 60.92  61.78 61.74 61.77  62.91
KSH-CNN  60.74  61.89 62.46  62.57 63.11

MLH-CNN 52,51  55.91  56.83  58.07 59.79
BRE-CNN  53.80 55.79  56.58 57.58  59.13
KSH 54.56  55.63  56.22  56.68  58.35
MLH 48.71  50.69  51.11  52.38  54.03
BRE 48.64  51.45 51.83  52.75  54.66
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Fig. 3 Experimental results on NUS-WIDE dataset
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