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Online Semantic Enhancement Hashing

ZHAO Zhijie', KANG Xiao’, ZHANG Xuening®, WANG Shachua', LIU Xingbo', NIE Xiushan'

(1. School of Computer and Artificial Intelligence, Shandong Jianzhu University, Jinan 250101, China; 2. School of Software,
Shandong University, Jinan 250101, China)

Abstract: Batch-based hash learning methods are usually inadequate for real-time online retrieval of large-
scale streaming data. Therefore, online hashing has emerged as a promising solution, enabling the learning
of hash codes for new data without revisiting old data and adapting hash functions to coming data.
However, several challenges persist, including semantic drift caused by insufficient exploration of inter-
class relationships and data forgetting resulting from limited association between new and old data. To
address these challenges, this paper proposes a novel supervised method named online semantic
enhancement hashing (OSEH). It designs a triple matrix factorization framework, which mutually bridges
the gap of original features and one-hot labels, thereafter constructing a fine-grained label matrix.
Moreover, by seamlessly integrating label embedding and pairwise similarity, the proposed method
effectively embeds enriched semantics into the process of hash learning, optimizing both hash code and
function. Experimental evaluations conducted on benchmark datasets validate the effectiveness of the
proposed method.
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Table 1 Performance comparison of mAP @100 on different datasets
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P 2 SR AR SCHR B 7 1k R T TR AR X 2 A B 4R 1 19 Precision@100 B9 PR REZS SR XT 1L, th T 1]
Ei1 R R R S VNS (1 a3 e e MU S (i BN E RSN IR oF N S S T RY ST B R I I N @ T
WDy R T A WX A . 5340 7E NUSWIDE i 48 rf ml DUULEE 51 it A (1 J7 5 B A7 76 A [F) i



MER F @ e iE LR LA T R 1103

BER B, 7 A I G B R T R B R BT R I s R 2 N R A I A T )
O HH P 2 AT AR SO i A BRSO A R A T B R M e A A, AR BT AR S0 9 A R R K B 4
FRARE . B 38R T mAP@all 78 32 b I B &4 He iy A2 AR &L . L 3 AT LU i, OSEH 7E MIR-
FLICKR #0464 rh AN S S5 e, AEL R [ 3040 e 22 18] 1 G AH XS A%, ) Bk BRSSP e  GiE B T AR Sy
12 X0 B B 38 N MR . 7E NUSWIDE %4l 5 vh oA [FIE s B B, A SO 28 75 56 9 m A P@all #: BB R A
T Ho A X L s, S SRR T A SO R s A H T AELR RN

0.70 0.64
0.65 F 4 0.62 /\/
0.60 1_/»//*/,/‘ 0.60 |
o 0.55 o 058
= —e— Ours =
(g) 0.50 —— BSODH (g) 0.56
S —o— HCOH S i 1
2 045} —+— HMOH 2 054k
E 0.40 e roH ’E 0.52
;i - 52 r
/ —e— Ours
035 0.50 F —+— BSODH
—o— HCOH
0.30 0.48 —+— HMOH
’ —e— FOH
0.25 . ' 0.46 ' . .
816 32 64 128 816 32 64 128
Length of hash code Length of hash code
(a) MIRFLICKR (b) NUSWIDE
B2 &I A A B 4R L Precision@100 4341
Fig.2 Precision@100 of two datasets for different mthods
0.72 0.60
0.70 i
0.55
0.68 { i
0.66 0.50
= 064 b Ours = —e— Ours
She —— BSODH ®© (45§ —— BSODH
% 062 L — HCOH % 2 ¥ —— HCOH
: —+— HMOH —+— HMOH
0.60  —= FOH 0.40 (
0.58
] 035
0.56 5 i b
0.54 L 0.30 : . . . : : :
1 2 3 4 5 6 7 8 9 2 4 6 8 10 12 14 16 18
Round Round
(2) MIRFLICKR@32 b (b) NUSWIDE@32 b

B3 2 B PB4 T mAP@all BEECHE B i 28 4k il 2k

Fig.3 mAP@all results varying with chunks of two datasets for different mthods

I A AT ek N S AT A U — 2D e B OSEH B A7 280k , B AR AT 76 8ot 4 B RERLIEIR 2 D3 5] %
't OSEH A1 HABT5 % Top-10 B KR 45 AL, f L BE S 7575 26 7 5 T 4 2845 21 5 2 9 a1 SO G A B
Ao AR 53 AT BE 0 B 41 X8 A5 A 3R B % UL AR L E T S 06 B R A KR 5T A A A (Y X
P DA B P81 3056 2% 1 1F 200 Ji 705 o e o 2205 e 9 BT ) AR N B8 R A6 255 5 I8 T S SR Y T A7 PR AR RE
ENRE N A



1104 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 4, 2025
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Table 2 Performance of ablation study (mAP@100) on different datasets

X I MIRFLICKR NUSWIDE

RS 8b 16 b 32b 64 b 128 b 8b 16 b 32b 64 b 128 b

OSEH 0.6685 0.6667 0.6680 0.6661 0.6685 0.6562 0.6618 0.6429 0.6466 0.6466
OSEH—x 0.6561 0.6483 0.6548 0.6560 0.6570 0.5164 0.5984 0.6053 0.5826 0.6118
OSEH-s 0.6427 0.5564 0.6560 0.6214 0.6159 0.5131 0.5247 04679 04952 0.5518
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