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Abstract

With the rapid development of the Internet and multimedia technology, digital images have become
one of the primary carriers for information dissemination and communication in modern society.
People generate and consume vast amounts of image data every day—from picture sharing on social
media to image analysis in professional fields, the scale and complexity of image information are
continuously growing. At the same time, the demand for retrieving this data is also increasing rap-
idly, especially in scenarios where specific content needs to be quickly located and extracted. How-
ever, image data in the real world often exhibits a long-tail distribution characteristic—certain cat-
egories of data are highly abundant, while others are extremely scarce. This unbalanced data dis-
tribution poses significant challenges to image retrieval technologies, especially for retrieval meth-
ods based on deep hashing. Effectively addressing long-tail distribution has become a key research
issue. To tackle this problem, this paper constructs a hash retrieval model based on an improved
Swin Transformer at the model level, to evaluate the performance of the proposed long-tail hash
retrieval model in real-world scenarios. Details are as follows: when the local feature extraction
capability of images is insufficient in long-tail image retrieval tasks, an innovative solution is pro-
posed. The core of this method lies in employing a two-stream network architecture that fuses the
local features of CNNs with the global features of Transformers. Meanwhile, a multi-objective loss
function is designed based on the output of the hash layer. This strategy enables the fusion of con-
volutional local detail features with the global contextual features from self-attention mechanisms.
Experimental results demonstrate that this model can achieve high-performance hash-based image
retrieval and outperforms current mainstream models, achieving the best or second-best perfor-
mance indicators across various datasets.
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Figure 1. Improved hash retrieval model
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Figure 2. The overall of ILGS-Net
E 2. 5% - 2 BFFERRA SRR 2 AN

R ESEZ R ERR . AR DLEARRYERGE A, HR& S UG R 6 22 R 5/ AN L
BN RIRE . SR, HAB R ERK G, RIUNEEEEE, i SHENTEEDR L
3NN NAETH SRR AR SR IONE BE 2 IR US4, A SR T — A B G R M 4 i A ——

DOI: 10.12677/csa.2025.156171 209 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171

FR, TEN

EfficientNet-B3 {4 J&) S Ak it i) 25 it

EfficientNet-B3 144 £544 HZ AT 9 MZ OB B EL, R FBEE G S0 2% SE 3 2 RO RFAE B2
Bl FIAGH B (Stage 1) 97 3 x 3 BRUE, PATHINEIZ(300 x 300 73 #8256 ) 1 HEAiH 25 [AIRFIEBLGT,  Hir
G SRR L A 40, BEJG Stage 2 & Stage 8 NAZOALEEE, EITHES 18 AN Hudk AUE TR
ZEREHYMBConv) SR FERFE 3 5 —XF Lk BO #5524, MBConv 508N T 40%.

Transformer B 7EACIE UG HAR IS, 250 BUR VI D[ E /N X He (B an 16 x 16 B%), BANX
PR — AR R R AT B I £ Sk AR bS], AR AR S B BT SN R X Bz 18 i S Bk
RCE, B3R ) A B B2 S R e A B R R, B P AN AEAE UG b MR iz . X P4
JR ST BE T %ot K I A A TR ASE (Un ) P B AR S W) SO B o {E I T K R 0 AT I 4 B () a2 2 i 2K
B A EREAR), DN T B A R A B AR, 75 R B S RGN I R o B s . Bk IR 0 5 5
KEEABEM 256 Bt K3 1024 B, X EBESHEER/AHEERN, FirEE 40K 1664, NTE
IF) & SRR 70 N R W] R A Y T HERL T8, AT A Transformer R 583! Swin Transformer /£ 4 5
b Wi 2 fos, BIAEEB X e RS, Hd A w BN EUR I m AR, 3 %78 RGB =

) B S i 12 k4 (Patch Partition) 5 1E D11 N = %% AMEERGER, BRETE N

B p e R (i=1,2,, N )0 IKEEHLE Y\ (Patch Embedding) 24 VWL B 42 ), S8 51104
RANFF S z, i A () Fw
2y =[pWi p W s AW, ]+ E (1)

Hw, e R RYURNRBSYHIE(D = 128 NIAYESL), E,, e R 2GS WA B gD RERE, H
TR BB R EAE S

%7 5 B Je E s YA 2 A FE Y B (Hierarchical Stages)iZ & # k4 R dFE, SN B B4 Jf:(Patch
Merging) 1 Swin Transformer Block #£& 2H i

PLZE—Br BN, S NRHIE z, B e G LG R B KRR 20 D9 2 % 2 1 Jey 8 IX e (A X A
AR Z,0, v Zoni s Zanju > Zaizga eR™), {EMEIEAERLPHEN R™ 5 I I L P B AR

EXKX256

W, e R¥22% [K 428 256 2, 13BIFERIEGIRFE 2,0 e RS S o EETFR, BERHEERHEE LA T
TE R E O BERII(W-MSAFIALE 1 B EE JI(SW-MSABHALEE . 75 W-MSA H, FrAEEBE &9
H c RMZXZSG @ﬁ?ﬁ‘@&?ﬁ%ﬁﬁi VVq,VVk,VVv c R256x64 /:-E

IV MM GO =), A R 2,
8M 8M
W, 31 AR L B (B AR B e Y 4

JREWRIERE Q =2, W, « IEFE K =z, W, FERFEV =2
wWHAREAEZS, HREZLEEES, AT

win

. oK'
Attention (O, K, V') = Softmax +B |V 2)
@u)-som )
HP = 64 SR TERE ARG IH b= 4, WA hxd, =256, % St H1 2 PR L BARE W, € RZ025
RE G SN ZEER:, TS )Z MLP(EL SRR RE W, e R¥™ F1 W, e R, lud B #CH GELU)
BE— DI ORAR L, R HARFE A 3(3):
z,, =MLP (LayerNorm (Zam )) +z,, 3)

e Ja s, B I P LR AL [M/2] =3 AN, LRSS B IR AL E 1 LASR B i L5 B AC
SW-MSA (it RE S5 W-MSA #[A], (HER IR 755 8 A Jm & LR 51324, Il s L)

DOI: 10.12677/csa.2025.156171 210 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171

PR, TEN

BRI IS 51t 2 0B B R AL, Bﬁfﬁ%ﬁ#@?l‘ﬁﬂ%@%%ﬁ%ﬁ&%%x% 5

H W

16 16
EXKX N - 2y

%x%iﬁﬁiﬁéﬁfﬁz#%% 256, 512 il 1024, SELEH DU BERBAHER 2, c R, X300 4

FEAT 42 R~ 314G (GAP) 13 1) 4 SRR AiE 7] &

1 "W
Fglobal = H W ,3:21 iil Zﬁmll (ls ]) (4)
— X —
32 32

AR@ PN TTRES T BRI 2 REEE UE BB AR ATOR . S8 R A8 5 E TR 30,
FH LB A A i A . AN R, Swin Transformer JH i 535 1 HIEE N1 5 2 H KAL)
4G, W E 2R B M AR HE Transformer ) O(Nz) PR O(MZN) (M < N), [FIFFIFHBALE [ SLHLES
TR, IR 14 R R SR 2 M i A 2 A 8 iR SR AL e

P> 4% (EfficientNet-B3 5 Swin Transformer) BT HHUIRFAE B 56 70 51l 5560 B R AT 2 S A AR 3fe
XFERIHL Fo VAR AR AE I Zod A AR SE AR 55 (0 7R SR B A T % HRHIE R 2. AUE S 30 [ n)
R AR, AR RENS 3 S 2 2] HEAEAS R B 20 A 5 AE55 2610 T S URFAE & SR . 58
BINEUE s 2K B PIAS W28 BIRFER O — DR — HIRHE &, AOUE N AR E 4R, Ry
RENSE o S A B AR h e UR) 38 5 42 R B USRI RHERE S B v] i A (5) R .

Frompinea = [0 % Fegrcientiers B % Fiin | ®)

K e MGG RE:  Fopoonme ™ Fau, /¥ EfficientNet-B3 F1 Swin Transformer [ HHF1E; o
A1 B & W] ST AL

EfficientNet 5 Swin Transformer fERFESEIT M2 HALH, =35 (0 EAMESERR W0 3L AR RE s AAS
7] A B R ATT PR N 2, ANTTTERAS BE A T AP AR Rk o T R PRI S5 A (R4, AR AN B A% 4t 412 Sy i
H52RER, @5 7S S5 THMEE 1. BT P2 AN RSB RS A A [F (1 BURFE FE
A0 A B TR T B AR B AR ORI N AR e 1 5 & .

2.2. ZEERMRFREER

BT TRANIRR RS T EFEGS EBZ AR, s B 1S 75 Zd i sgin 18 5
1T, MBS R B {1, 1} B BN B 2 0] EXANEFE S, AW BUE R R o, 5774
BAGIRZE, MBS 1WA RS I HN RE 7T o 2 N MR AR 4 I B8 BR 4R 73 AT Iy, XA ) Bt 5K T
N T G TR T S BRI PERE N, AR L AR R T Gl I A B A A e 1 1 i S 3 AT I
GRARTZ AR FERIA o SRTAT, IR P 0 o SR S TR FE S A e R PR, BN RE 2 Bl R b
25 o

N FRPOX LA R, ASCIR W T —Fh 2 HERURARER, 2R & 1 H RIS i . i A ACREA5
RANFET A S EABIL, BERMAE AL E, &aRIGRRNIERE.

TN AR B 5 B B 2 1A 6 R B, 1207 1R A% O FE A R i DL B A 1 B B A O
T ), A oS (A ] S AR ZEE A . M EUE S A RIS e (andR B . I €) A2 SO AN 1 IR
TR I A0 2 X 28 A OGS B (NG A R, e /MG IR Se SR E A T ] () AR SXPE S . tH T E (EE, PR RS
DU B8 5 Y 2RI R AR 5L BE B AAAE MM Bt R &, PR AL AR T _F e s AR Bk By 1) — g ol B 72 I 23
8] 5 B0 5 WAl W AR HINE A5 A, ALy 2 TR AR SEAR AU B SRIE AL —AELRY b, A1 b, 2 8] )DL B S
WA RD~T)FT7R-

DOI: 10.12677/csa.2025.156171 211 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171

FR, TEN

D, (bi,bj):g(l—S(hi,hj)) (6)

Hr, b =sign(h), b, :sign(hj) v Dy () FRDUEEE, A SO b gD IR R SLARLE, AR
ABEROR, AT 2 F) B SRR, 25 5 RS2 ARALLRE A B 28087 ST = LE P AN R (1 e 7 i, T DA
R AR R R B IR B R BN Ly, » A () A:

LSdH(hT’hS):l_S(hT’hS) (7

ey A A QEEAR R AR H 2 ST A I BERR L B DU — b, DR SR A RS AR BE . Bk, Xt
TGN, AN A ACEE p, » FEFAG A by TR TNAR L p, -

Pr :[S(Pm:hT)aS(Pezahr)a'"’S(PyNdsahr)] (®)

Hrr,  p, R ECEER i AN RIS A AR, N, RoRIEEE, RE, i vh RS A AR 2R A 3 S
W25 y STRMARLRE p, Z [AJHIARALLRE -
Ly (¥, pra7)= H(y,softmax(pT/r)) 9

Hh, o RIREAREEZE, H(u,v)=-) u,logy, R XH, softmax IBHIE p, HIYERENH] .

RPN T A% DA SR, AR ARSI ZRad A2 bR F B SR, I A 1) e A i 38 A0 &
SRR B AR B AR+ AI—1) o HA BT 30 I AN W s 2085 G A A4 152 5 HC T IR {8 i 2 ) ) £ 1)
PRGN SRR R ), S (RS (R U S A AR R G AR VE RS A L, AT il 35 A1 e
PR AL 1) B B FE o R TR S EAS BE A R . SR, B T RA A I H AR X AN LR A 5 84T 4025, B
U — AN H AR 5 R A kil 22K, E I FiE UIBIME A m < W EZE A o B @ o0 A Al 4%
g () RAG IS AAGTCER h B AER, A 0N:

| _(=m)
g(h)—exp[ = (10)
T ) B 458 2K B R R P R 5
me,g(hf)%Z,il(Hb (bi.21)(br20) (11)

H, H,=-ulogv+(1-u)log(1-v) & “HZ XN, g.g RARHE k DAL IR KA THBARE,
+ + - - +og- — VAR o N - N NI = e
g =g () gi=g (h): b b XA _MEUUAIFEE, b, =5(szgn(hk)+l) » b =1-b, BEfhiRzEET

2R E AR AR I HERR 2> SAR SR o
NTEENARAF AR, BATHRZ =Mk aE g, W7 2 AR, A
PR, R R EOE SON:

1 s
L, (XB) = N Z,I,Vzl Lyp + A4 Lgyy; + /l'ZLbce—Q (12)
B

Hrp, A M, REZE, AT FEARVIZ AR . B A7, 2 AR R BIRE 45 A il
WS ARSI, S R R A TERE

i EPTiA, AR 2 HARR A PR 25 & B2 A Bk e Ay BRSNS
RIRALIR, A RO R 7 IRBENS A 2 SR RSB 1), B R T R S B SRR A — B TOE e A
HARBIBR H1 DL R AL iR 22 XA 2, BRI Re RS 22 5] B m R e A g, I 225 5 v B A R

DOI: 10.12677/csa.2025.156171 212 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171

PR, TEN

froPE R
3. IWEFSNHSRE

N T ATV A ST H AT 2k Swin Transformer [ IS A i BRI MERE, AW FETHIF
S — RIIEE . 5, WS 2 HT R AR AR R AT X LS, ASCR AR R M T SRR
FEREZAE FERRCR TS . K, O TIR AR FURAL M 48 SR 72 R0 B 1R H AR DX 38075 T R R, A
SCBEE VAR, DAEO R DU B GO A N S IR BE . BJE, N T IR SR U
B 2 H R4 Ok s BORHOK R AR SRR RV RE RSN, ASCE P IT R TR, B R
—REER U MG, A A BTN BRI RE A TR L o XL SEIG WU AN DO IR IE A SO B Rk
Sefit 7 IR SCHSCUESER, o JR SRR AL 5 SR it T BRI T 1A

3.1. BiEE

Class Distribution in ImageNette Dataset Class Distribution in ImageNette Dataset

1000

Number of Samples
Number of Samples

200

Number of Samples
.
S
S 3
4 I
-
% . i
-
R
o .
- I

Class Name

(©

Figure 3. Distribution of ImageNette dataset at different imbalance rates. (a) The imbalance rate is 10; (b) The imbalance rate
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Figure 4. Distribution of the CIFAR-10 dataset at different imbalance rates. (a) The imbalance rate is 10; (b) The imbalance
rate is 50; (c) The imbalance rate is 100
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KEFALEXS SR AATACAK, 92868 F T 25 A0 Swin Transformer #57Y, 3 TMZALE S AT 7E ImageNet
FVNGREF o ASSCAS F RS A B A R S A B 2 239 O 32 AT 64 Az, %F 10 4 epoch #EAT — IR IR, I
L R WAL, AR R IME AR S B AT EIR R AR R S B, FECRA Y
A5 B (mAP) KRBT AL R AR -

4. SEWERE 5

4.1. EEIXFLESELE
ASCH T EET B Swin Transformer [RURE EUSAS R PEREXS LLsEE6 . ASOK 5 2 P A3 2% 31 5 vk
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FEAFR g (32. 64 An) ERHATLLE, 1EHE 1 LR S AN B AT et v A 7. e e s IR
WS J7i LSH [12], =M&gify B 75 /792 CCA-ITQ [13]. COSDISH [14]. FSDH [151LA S5 5 W&
W75 777 HashNet [16]. DCH[17]. GreedyHash [18]. CSQ[19]. DPN [20]5 Orthohash [21]f# %f b 5i%
S5 2% G306 SCIREEAT BB o o3 1 WA SR S8 Gk R0 LU scde 25 K, % 1 45 R,
ASCHR BT M TR 2 WG 75 773 CCA-ITQ[13]. COSDISH [14]. LSH[12]. FSDH [15]7£ ¥#E 5 MS-
COCO. NUS WIDE Hufg et 2 45 3R - MBI T IR BERG A5 772 (HashNet [9]. DCH [10]+ GreedyHash [18].
CSQ[19]. DPN [20]. Orthohash [21])#E NUS WIDE #(#E 846 2% h £ Bl fE, % Orthohash IR EM AR
BERIPERESE = T 2 3%, BERILIKUTFH) DPN PERESE R T2 2%. NUS WIDE #EEm 24 E k. fERI1E
RIS, BRI IS RENSSL AL 2 AN (5 2, AT (1A% R i 6% TR vk R 412 21 % 2 TR) O AR
M, kT AR S A R

Table 1. mAP results of comparative experiments on different data sets

1. EREBIRES LRI LSRR mAP £5R

. NUS WIDE MS-COCO
32 64 32 64

LSH 51.34 52.48 36.48 37.13
CCA-ITQ 56.34 57.57 40.15 40.13
COSDISH 57.55 64.56 46.89 4831
FSDH 54.16 54.63 45.62 45.86
HashNet 69.45 71.54 77.15 78.65
DCH 79.86 81.24 80.42 81.95
GreedyHash 79.58 80.94 72.65 74.51
CsQ 82.64 83.56 83.44 86.48
DPN 85.64 86.67 81.51 85.32
OrthoCos 83.54 85.48 78.76 79.81
Ours 87.12 88.27 83.92 85.63

Table 2. mAP results of comparative experiments on ImageNette and CIFAR-10
5% 2. 7E ImageNette 5 CIFAR-10 E3FEESEIS A mAP 4558

. ImageNette CIFAR-10
Jii:
100 50 10 100 50 10
BBN 80.15 82.81 87.15 82.48 83.16 88.56
Hybrid-SC 83.61 87.29 89.73 83.49 88.48 90.15
BCL 85.56 88.64 91.96 86.31 89.48 92.48
Ours 87.64 90.46 92.43 88.18 91.63 93.86

T AT VPAS AR AR R A A BE S E R R AR, A SCIEK R ImageNette. 2 CIFAR-10
Bnge EitArsent, HAhBIREARN AR E N 100, 50 5 10, IR B RTHATHAK R #4625 9% BBN
[11]s Hybrid-SC [22]. BCL [23]#TtbEL, FrAfdiem s Ryl sfese 2 d, HAomH AR s i
mAP ${E, FRIZERRKE mAP Bl @R 2 AlAL AU H AR TR S A T R R R
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Bk, 1EKJE CIFAR-10 4 L, B MAPE RS RS BCL 85 T4 1%2%, £ BBN #&&
T %) 7%, % Hybrid-SC #2157 T £ 3%~4%. £ )2 ImageNette R4 [, B AP EGRR AL
BCL &% T 241 1%, ® BBN & 741 6%, % Hybrid-SC 25 7 41 3%.

4.2. jHR4SELE
T UE B AR SR H ISR BB A 8, AR HOE ATV R SRR . a0k 3 PR ARSI I Ry

FR A AE S BUREER ] AlexNet. ResNet50 5 VGG i o 5 & e, 1EA P8 5 ImageNette K4k 5 (64
{7 bit)5 CIFAR-10 H#E 4 (64 47 bit) R 3 FAS T8 K7 F mAP 1 Jy i fe 48 b gk 7 SEIG50E

Table 3. Ablation experiment results of replacing feature extraction module

3 3. BIRFHEREVEIRAHRR SN E R

ImageNette CIFAR-10
FRAE S U 100 50 10 100 50 10
Alexnet 67.34 70.16 72.57 73.04 76.57 78.16
Resnet50 83.28 86.49 88.15 85.73 88.17 90.83
VGG 79.91 82.65 84.64 79.93 83.48 85.29
Ours 87.64 90.46 92.43 88.18 91.63 93.86

XFEEEE 3 HEHHR AR ImageNette 5 CIFAR-10 MR R, FTLLEH, A PERBRIC, KRICEE
U, XA NI ARSI, AR B 5 SRE A 2% ) BT N 78 4 IR FU AR, DTk e T % 2
B LA R DR B . FEASTHTEE4E TmageNette |, A SCHRE H ARFAE R BB AN 42 T16 48
RFAE FEEUBLER AlexNet. ResNetS0 5 VGG 4432 FH£) 0.20. 0.04. 0.08.

TEAE-FHT PR 4 CIFAR-10 [, ASCHEH I RFAE S OB HAR 45 4% G2 1 R AE SR U B AlexNet.
ResNet50 5 VGG 7 HIFE T2 0.17. 0.05. 0.11. ZiLsLIGIGE, A SCH BT 43 0 RFAE S BUBEH AR X F-4%
GURFIESR B HCE % B B A AR 34 AN 4 3

4.3. AILCLE

[RIAEIR ) ERSRNE

Figure 5. Visualized attention heat map

B 5. mienEE AR AE

N T FETRZAAE SRR IR, AT SR BEAT AT ARG . FTAAL S RN IE] 5 . B 5 4K
WREGEEE . RSB R 1#07 El(Attention Heatmap) /& V£ 5 77 74 B 1 — R el A6 7 5, e
EE A EIRM AR R B E, DUR IR B R S XK. @i B U R AR g B, T AR
B T AR R0 A IR SR REE o G 1 5 o R B AT T AT R, AL B RO

DOI: 10.12677/csa.2025.156171 216 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171

PR, TEN

BT NAZ X R B R, RO Z KR & SAESMRIA HEE . Mk, BUREIRED &R
BRI 12 X SRR A, R T e 8 BAE S R A EEE .

N T AR A Y M O A R Rk B A TN R A DA B e A B 11 5K kR ) R i e,
ImageNette Al CIFAR-10 _FKE A AL HH ) 64 bit I 7 4 i (1 5 560 45 SRA N RIE LR iR AT T iAo
FHREFERE T, AR CRoR IR HER L, P AR SRR R AR SR I B o 7P 7 AR AR A T
M2, BT AR SR FRAE, 7K Al B AR BGRB8 s e R
VIR SRR AR E e . ATRAE . KRB HREARPOLER 2K, KN BEF AT AL L, B
7 BRI AE 2R BRI RE B SRS, AR AR M AR XA AR R AR Z2 0 A, Je A
FESELE IS Z 18], 3K AT RE 2 T3 Ee 1) AR AL 2 8] TP A7 AR A e A 1 S B BREU B 5 M 1230 P 3 3

)8

0 0 0

14 1 14

24 2 2
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Figure 6. Confusion matrix results for ImageNette
[&] 6. ImageNette AR BFEELE R

PR Cunve

Precision

0.95 096 097 0.98 099  1.00
Recall

Figure 7. Comparison of PR curves between this method and existing methods

E 7. AXFGEMME AR PR HhZkxTLl
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» FEA

N ERARSOITFAEK AR SR PR, AL T772:80 BCL 7 ik ke & 25 Sk A7 nr Ak an il 7 fr
7N, BT B 46N ImageNette, AP 304 10, HRALIESRE 64 bit i A gt . 7E1E 7 (1) PR th&Hd, P
IR Precision, R F7x Recall, %M B T MRS H R 2 PR R. MZBERG )7, ARBE
PEREMRLT . MSEIREE IR TTLUE H, Frig 5L BCL J7vA B R MRS . A SO iR 7T R
FEB TR T ARG, B 2 RAREEAE, [FINCRA T B AR REZ Bis
Tk, B9 TR SEEAR AN AR A R, [RINHRE T 1 AN [F 2R3 < Ta R PR S

5. ARG

TEARSCH, FRARE 7 — P T UM M 28 BEM IR FE PG A i s AR, BEiR MK R PR
RORRUER M. 2R AET b4 EfficientNet-B3 A Swin Transformer FLE, S2IL T % B§ 4 B AR
FEAE ) e 2R B o EfficientNet-B3 A iy 2 1) vH B8 ) A oK 1) R R E S U e 7 1M 81 44 , 17 Swin Trans-
former WIFERHE 4 R RFAEANE Z N7 ORI . B H LG, FRATIBE A G 62 5 4 i Hh 2 7
BEUE NS, TN G SRS 7 S A4 A B0 = & I RHIE R R

TERFESR B LA b, JRAT#E B 5IN T 2k BRI A pi e .. Bk S, AT
TARTZARLEE R B A RR, Ed R MG E RN E AR SRR B, B DR AR R 8 S 1 5 S 1Y
Forn—8k. tbAh, BADBEFIN 75T A AR AR 22 S 400 %, a2 >0 w7 A e AR FE I DO — 3
PE, RS HEIAEE . R, BT oA SRS R 5 SR AR T i A i M ) B B
)RR, MM — P e AT .

I M2 B s, FRATHE AR R EIUS T RAF ke R e A 1t . Seie g
KW, X E RGN 2 BRI 22 H AR 2k BRI BT E AV BRI A R i 0t K R 254 1) Y R
T RS LE RS EIHE B8 SEI = AR R VE R o IX PR BT K R G Ak 3 AR AL T — P Al o7 &,
BAE B AT o NRIA ST M RE, 43t 1AL/ AR 18 H £ s 4 NUS-WIDE.
MS-COCO. CIFAR-10 DA K AP $iE4E CIFAR-10. ImageNette b % L SZ6 5w Rt s2at, &N A< SC ik
AT AL SEIRIGHIE . SRIGR AT, A SCHTHR AL 28 28 M 7 K R G R AT 55 R BRI 5 PR o

SE K

[1] Vaswani, A., Shazeer, N., Parmar, N., ez al. (2017) Attention Is All You Need. Advances in Neural Information Processing
Systems, 30.

[2] Krizhevsky, A., Sutskever, 1. and Hinton, G.E. (2012) ImageNet Classification with Deep Convolutional Neural Networks.
Advances in Neural Information Processing Systems, 25.

[3] Liu,Z.,Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang, Z., et al. (2021) Swin Transformer: Hierarchical Vision Transformer
Using Shifted Windows. 2021 I[EEE/CVF International Conference on Computer Vision, Montreal, 10-17 October 2021,
9992-10002. https://doi.org/10.1109/iccv48922.2021.00986

[4] Touvron, H., Cord, M. and Jégou, H. (2022) DeiT III: Revenge of the Vit. In: Lecture Notes in Computer Science, Springer,
516-533. https://doi.org/10.1007/978-3-031-20053-3_30

[5] Wu, K., Zhang, J., Peng, H., Liu, M., Xiao, B., Fu, J., et al. (2022) Tiny ViT: Fast Pretraining Distillation for Small Vision
Transformers. In: Lecture Notes in Computer Science, Springer, 68-85. https://doi.org/10.1007/978-3-031-19803-8 5

[6] Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. and Chen, L. (2018) MobileNetV2: Inverted Residuals and Linear
Bottlenecks. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018,
4510-4520. https://doi.org/10.1109/cvpr.2018.00474

[7] Chua, T., Tang, J., Hong, R., Li, H., Luo, Z. and Zheng, Y. (2009) NUS-WIDE. Proceedings of the ACM International
Conference on Image and Video Retrieval, Santorini, 8-10 July 2009, 1-9. https://doi.org/10.1145/1646396.1646452

[8] Lin, T., Maire, M., Belongie, S., Hays, J., Perona, P., Ramanan, D., ef al. (2014) Microsoft COCO: Common Objects in
Context. In: Lecture Notes in Computer Science, Springer, 740-755. https://doi.org/10.1007/978-3-319-10602-1_48

[9] Cao, K., Wei, C., Gaidon, A., ef al. (2019) Learning Imbalanced Datasets with Label-Distribution-Aware Margin Loss.

DOI: 10.12677/csa.2025.156171 218 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171
https://doi.org/10.1109/iccv48922.2021.00986
https://doi.org/10.1007/978-3-031-20053-3_30
https://doi.org/10.1007/978-3-031-19803-8_5
https://doi.org/10.1109/cvpr.2018.00474
https://doi.org/10.1145/1646396.1646452
https://doi.org/10.1007/978-3-319-10602-1_48

PR, TEN

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

Advances in Neural Information Processing Systems, 32.

Cui, Y., Jia, M., Lin, T., Song, Y. and Belongie, S. (2019) Class-Balanced Loss Based on Effective Number of Samples.
2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, 15-20 June 2019, 9260-9269.
https://doi.org/10.1109/cvpr.2019.00949

Zhou, B., Cui, Q., Wei, X.S., et al. (2020) BBN: Bilateral-Branch Network with Cumulative Learning for Long-Tailed
Visual Recognition. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle,
13-19 June 2020, 9719-9728.

Slaney, M. and Casey, M. (2008) Locality-Sensitive Hashing for Finding Nearest Neighbors [Lecture Notes]. /[EEE Sig-
nal Processing Magazine, 25, 128-131. https://doi.org/10.1109/msp.2007.914237

Gong, Y., Lazebnik, S., Gordo, A. and Perronnin, F. (2013) Iterative Quantization: A Procrustean Approach to Learning
Binary Codes for Large-Scale Image Retrieval. [EEE Transactions on Pattern Analysis and Machine Intelligence, 35,
2916-2929. https://doi.org/10.1109/tpami.2012.193

Kang, W., Li, W. and Zhou, Z. (2016) Column Sampling Based Discrete Supervised Hashing. Proceedings of the AAAI
Conference on Artificial Intelligence, 30, 1230-1236. https://doi.org/10.1609/aaai.v30i1.10176

Gui, J., Liu, T., Sun, Z., Tao, D. and Tan, T. (2018) Fast Supervised Discrete Hashing. /EEE Transactions on Pattern
Analysis and Machine Intelligence, 40, 490-496. https://doi.org/10.1109/tpami.2017.2678475

Cao, Z., Long, M., Wang, J. and Yu, P.S. (2017) HashNet: Deep Learning to Hash by Continuation. 2017 /IEEE Interna-
tional Conference on Computer Vision (ICCV), Venice, 22-29 October 2017, 5609-5618.
https://doi.org/10.1109/iccv.2017.598

Cao, Y., Long, M., Liu, B., et al. (2018) Deep Cauchy Hashing for Hamming Space Retrieval. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018, 1229-1237.

Su, S., Zhang, C., Han, K., et al. (2018) Greedy Hash: Towards Fast Optimization for Accurate Hash Coding in CNN.
Advances in Neural Information Processing Systems, 31, 1-10.

Yuan, L., Wang, T., Zhang, X., Tay, F.E., Jie, Z., Liu, W., ef al. (2020) Central Similarity Quantization for Efficient
Image and Video Retrieval. 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle.
https://doi.org/10.1109/cvprd42600.2020.00315

Fan, L., Ng, K.W., Ju, C., Zhang, T. and Chan, C.S. (2020) Deep Polarized Network for Supervised Learning of Accurate
Binary Hashing Codes. Proceedings of the Twenty-Ninth International Joint Conference on Artificial Intelligence, Seat-
tle, 13-19 June 2020, 3080-3089. https://doi.org/10.24963/ijcai.2020/115

Hoe, J.T., Ng, K.W., Zhang, T., ef al. (2021) One Loss for All: Deep Hashing with a Single Cosine Similarity Based
Learning Objective. Advances in Neural Information Processing Systems, 34, 24286-24298.

Wang, P., Han, K., Wei, X., Zhang, L. and Wang, L. (2021) Contrastive Learning Based Hybrid Networks for Long-
Tailed Image Classification. 2021 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Nash-
ville, 20-25 June 2021, 943-952. https://doi.org/10.1109/cvpr46437.2021.00100

Li, T, Cao, P., Yuan, Y., Fan, L., Yang, Y., Feris, R., e al. (2022) Targeted Supervised Contrastive Learning for Long-

Tailed Recognition. 2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), New Orleans,
18-24 June 2022, 6908-6918. https://doi.org/10.1109/cvpr52688.2022.00679

DOI: 10.12677/csa.2025.156171 219 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156171
https://doi.org/10.1109/cvpr.2019.00949
https://doi.org/10.1109/msp.2007.914237
https://doi.org/10.1109/tpami.2012.193
https://doi.org/10.1609/aaai.v30i1.10176
https://doi.org/10.1109/tpami.2017.2678475
https://doi.org/10.1109/iccv.2017.598
https://doi.org/10.1109/cvpr42600.2020.00315
https://doi.org/10.24963/ijcai.2020/115
https://doi.org/10.1109/cvpr46437.2021.00100
https://doi.org/10.1109/cvpr52688.2022.00679

	基于改进Swin Transformer的深度哈希检索模型
	摘  要
	关键词
	Deep Hash Retrieval Model Based on Improved Swin Transformer
	Abstract
	Keywords
	1. 引言
	2. 改进的长尾哈希检索模型
	2.1. 基于改进Swin Transformer的哈希特征提取模块
	2.2. 多目标哈希损失模块

	3. 实验准备与训练步骤
	3.1. 数据集
	3.2. 实验设置

	4. 实验结果与分析
	4.1. 模型对比实验
	4.2. 消融实验
	4.3. 可视化实验

	5. 本文小结
	参考文献

