E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRINFE

FEGES S TP391. 41 XEKERIRAE: A XEHS: 1006-8961(2025)05-1389-15

X3 AR : Zhang G M, Yan W S and Huang J Y. 2025. Generative zero-shot image recognition combined with double contrastive embedding
learning. Journal of Image and Graphics, 30(5):1389-1403 (34, FISCH, BEZ50H . 2025, 254G XWX it A 2% > 1 A R REAR R RG]
o E E 2 T 2ER , 30(5) :1389-1403) [ DOL: 10. 11834/jig. 240526 ]

FANEX LBRANFIWERAZFAREHIRH]

KA, E X W, EEMH

B R R A B S BN 4 T S0 % M 330063

M E: B ETHAY (zero-shot learning, ZSL) &M RAF A BT I T BRI A ROT . AEGRERE
AR 38 3 X A b8 1 T DSBS IR TOAR A 1 2R T2 Al 1 R0 o AR AT 55 B AN TR, 43 R e
FREA: 3] (conventional zero-shot learning, CZSL) Fl ™ L ZHE A2 5] (generalized zero-shot learning, GZSL) . /F i
FEREARYN T5 75 T 0T LUAE R D02 A L SEARFE , DA T A 25 R AR 2 o ] UG 400 oy i R MG B 2 2 [l i, (LR AR il
FREANAEAERFAE A A5 B AR R 5 75 AR BA —Z A Sl A S IR, BEXT BRI, $2 1 455
WX it A2 2 A B AR BRI vk ik 0 SR A R A D0 A &2 [m) J, 56T VAE-GAN
(variational autoencoder-generative adversarial network ) 2= IUHEAR , £ MUXT LU HR ABEHE , 24> 25 BRI 11 25, 48 i FREAC
EUG UG B2 5 LK, LLAR I VAE-GAN g Az U 4%, £ 10 WU X Ll > SR . — 7 T, AR IAT ] LX) Lh 2% 2 1 3k
fith 1, 51 A W28 PR AR S — S AL 6T b2 2, A A )l i) OO A R AE 5 38 A5 B 5%, G2 T DL W2
W SCIRVE s 73—y, 32 B sl b — I BN L 22 2, R A B o T i ) T AT L2, — TR B SR R AL o
R 7E AWA1 (animals with attributes1) \AWA2,CUB (Caltech-UCSD birds-200-2011) 1 SUN (SUNattribute ) 5% #i5 45
AT ERREACRT SCEAE AT S5, I SRR Oy AT U AEFREAS I 55 SR L A T EETE AWA LA
CUB B AR AT B A AE , A0 LU PERB R D AR RL TL 8 4350 418 785 2. 2% 1 2. 7% 48 AWA2 Fll SUN B4 45 X s v Ak
Ho TE7 SCEREAR IR 7E AWAL AWA2 R CUB %54 H E S U B4, A HE AR (8 20 B2 1 0. 6% .0. 8% FiI
2. 8%; 1E SUN A BRI . WRESCIRISTE TR IVAE AR . 8k SCRGURERW SR BT 4 &
FTREATN A SR RS B, 7 B A I iz AL R fig

FEE  TREARF ) (ZSL) 5 ) UEREAR 2] (GZSL) s A AT (GAN) 5 1R A ZS [R] 5 4 iy >

Generative zero-shot image recognition combined with

double contrastive embedding learning

Zhang Guimei’, Yan Wenshang, Huang Junyang
Jiangxi Province Key Laboratory of Image Processing and Pattern Recognition , Nanchang Hangkong University , Nanchang 330063, China

Abstract: Objective With the rapid advancement of deep learning technologies, image recognition accuracy has substan-
tially improved. However, traditional deep learning models are heavily dependent on large-scale, well-labeled datasets.
This reliance on manually annotated data not only incurs high costs but also poses challenges when models need to adapt to

new, unseen dala or operale in data-scarce situations. Zero-shot learning (ZSL) has emerged as a promising solution to
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these challenges. This approach enables models to recognize unseen, unlabeled data by training on labeled data from seen
classes. Depending on the task setting, ZSL is typically categorized into conventional zero-shot learning (CZSL) and gener-
alized zero-shot learning (GZSL). CZSL occurs when the test samples only contain unseen class samples, while GZSL is
applicable when the test samples include seen and unseen class ones. The GZSL is more aligned with real-world situations,
thereby improving the accuracy of generalized zero-shot image recognition and offering notable practical importance. Gen-
erative methods are the most effective approach for addressing GZSL because they can generate visual features for unseen
classes, transforming the ZDL problem into a conventional supervised learning task. However, generative zero-shot recog-
nition encounters challenges, such as insufficient discriminative information in generated features, inconsistencies between
pseudo-visual features and semantic information, and domain shift, ultimately reducing recognition accuracy. Generative
zero-shot image recognition combined with double contrastive embedding learning is proposed to address these issues.
Method A generative framework based on the variational autoencoder—generative adversarial network (VAE-GAN) is con-
structed to address the main challenge of insufficient discriminability in generated features, and a contrastive embedding
module is integrated. Through a collaborative training strategy involving multiple network components, the quality of
pseudo-features is notably enhanced, leading to substantial improvements in the accuracy of zero-shot image recognition.
Additionally, leveraging conditional VAE-GAN as the core generative network, an innovative dual contrastive learning
strategy, which effectively integrates intra-domain and cross-domain information, is proposed, maximizing information uti-
lization. Specifically, intra-domain contrastive learning among pseudo-sample instances of unseen classes and their proto-
types is introduced, ensuring that generated pseudo-visual features align closely with semantic information, which mitigates
confusion between visible and unseen classes. Cross-domain center-prototype contrastive learning, which strengthens the
alignment between visual centers and semantic prototypes, is then implemented. This approach effectively reduces inter-
class variance, facilitating more efficient cross-domain knowledge transfer. Consequently, the model becomes less reliant
on visible classes, partially alleviating domain shift, which results in exceptional performance even in unknown domains.
Result The experimental framework was rigorously evaluated on zero-shot and generalized zero-shot recognition tasks
across four distinct datasets, and the results were compared to the latest field advancements. In zero-shot recognition, the
proposed method achieved state-of-the-art performance on the AWA1 and CUB datasets, showing a notable improvement of
2.2% and 2. 7% in T1 values, respectively, over the second-best models. On the AWA2 and SUN datasets, the proposed
approach demonstrated competitive performance, further displaying its robustness across diverse data environments. For
generalized zero-shot recognition, the algorithm outperformed competitors by achieving the highest H values on the AWAT,
AWA2, and CUB datasets, revealing improvements of 0. 6%, 0. 8%, and 2. 8%, respectively, over the second-best meth-
ods. Notably, this approach is the only one to achieve an accuracy over 70% across all three datasets, emphasizing its
exceptional generalization capability. The method performed competitively on the SUN dataset, further reinforcing its over-
all effectiveness. The observed performance gains can be atiributed to the generated pseudo-features, which exhibit a high
degree of similarity to the genuine features of the visible classes. This approach helps mitigate semantic confusion and effec-
tively addresses domain shift. Ablation studies were conducted on the AWA1 and CUB datasets to further validate the effec-
tiveness of the proposed approach, providing empirical evidence of its contributions. Additionally, the impact of the num-
ber of generated samples on model performance was evaluated by conducting extensive experiments with varying sample
sizes in zero-shot and generalized zero-shot scenarios across all four datasets, offering valuable insights for optimizing the
generation process to enhance recognition accuracy. Finally, t-SNE dimensionality reduction and visualization experiments
were performed on randomly selected unseen classes from the coarse-grained AWA2 and fine-grained CUB datasets to
assess the effectiveness of using a low-dimensional embedding space in the algorithm. These experiments visually represent
the embedded features and demonstrate the advantages of the proposed approach in capturing discriminative and meaning-
ful representations in a low-dimensional space. Conclusion Experimental results indicate that the proposed method
enhances the accuracy of zero-shot and generalized zero-shot image recognition, effectively addressing the challenges asso-
ciated with current contrastive learning-based generative zero-shot image recognition, while also demonstrating good gener-
alization performance. Future research will consider a trade-off between recognition accuracy and efficiency by designing

lightweight networks to reduce model complexity and improve recognition efficiency.
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Fig. 1 The dual contrastive learning (the instances in the figure are visual features,

the prototypes are semantic features, and the centers are the class centers of instances)
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max 7245 1) H bR R ECH
Ly =t > log(ply,|k,:0,)) (10

IC.) iyoee,
h,=H(G(z,a,)) (11)
K, 6, IR softmax 73 2R 28 S 4Ly, Fm R
DLAREE 8 2o e MBI 2R s X (11) 15 21 ity
YA W7 et . B R WIS PH LB R A g A 21X L
HRAJZBRBOR Wi AN FRAE B, A 1] 53 28 4 X8

h, AT RS PRECH
f(h,;0,,)= arg max p(y. |k, 60.)  (12)
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1.5.2 ] LCERABZ I

X F GZSLAT 55, il F itk A sREGER BUR L2
AOWEEAE b, FUAT U2 (4 ik A BLSEARRAE b, 4 AR &
D I Z5—~ softmax 43245 o WIZRTE UG , FHH X
I3 JEAR X AR WL R A PR ARFAE B, FIA] DL 2 iR
ELSRAE b AT RO R ECR
Sf(hi;0,)= arg max p(y|h:; 0., h. € D(h, h,)(13)

2 £ If

A S0 S I (1) B A B4 55 K Intel i7-9700K CPU .
Nvidia RTX2080Ti GPU; #% 1 ¥ 54 24 Ubuntul8. 04
LTS #:4E % %5 .CUDA10. 1. 0. cuDNN7. 5. 1, HEAIK
YNGR AR I 7E PyTorch1. 8. 0375 T 52 AL,

2.1 HIE&E

15 ZSL 1 4 A BEERR A FITAl AR SCHR s Y 7
2, B 73 )& AWATL (Lampert %5 ,2009) L AWA2
(Xian%%,2019a) .CUB(Wah ££,2011) F1 SUN( Patter-
son fll Hays,2012) .

AR SO BB AR ) JE I TR R AE i A
& Ad FHAE ImageNet 1K 2579 ResNet-101 #2
HUEMS 10 2 048 AEFLBEHEAE , 2 B8 Xian %5 A (2019a)
P& B BF T OB B B A2 3 43kl L2
KL, BAEETENE B R 2R,

®2 HIEENGIHER

Table 2 Statistical information of the datasets

. REE AT g DREEERE

HERE gpE ORWE EBREC wrpk kmk
AWA1 85 40/10 19 832 4958 5685
AWA2 85 4010 23527 5882 7913
CUB 312 150/50 7057 1764 2967
SUN 102 645/72 10 320 2580 1440

2.2 MESEEEFEGHIEIR

TEA ST 28 HEHE 2 B8 Han 58 A (2022) 1Y
7 B IR ALES A = 2 048, I JELR MR 1Y B
RSB 512 4, 18 S5 — S5 %) itk A
REYFEN F A =0.001, £ AWAL,CUB Al SUN
L RERS o B RO 1. FEAWA2 I T
B, v Ay I M 10. 0 F 1. 0, Bl p B VEHURE

2.6, 1 21 HE . AL Adam 1k
v, FER D Y 2E 2 B E N 0..000 5, iS4 ik
PGy KB N 0.000 1, A HEHE T EEHL
VB , Hodrok B R 28 0 5200 IE 52, % B AR TH]
R A5 Ry B LA

Z: M8 Xian 55 A (2019a) £ H 1O ITAl S W%, 78 ZSL
255 R TUVE S BEIEAG 845, T1 i B4 Topl
Y UER R . 7E GZSLAE S h , 43 STAS T I
SR WL ZEREAS (1 Top-1 HERA 3, 43 I 378 S FI
U. GZSL A4k E FHHL 0 A 34 0 HOk Ay, DL HAE
FEEATEMHEFRIEAS GZSLAT 45 TR PR fE .
2.3 EFEAEBIRA

T OB UE £ TR A AU FE AWAL,
AWA2 ,CUB Fll SUN X 4 A4~ JE o 54 4 b k471800
SEE JF 5 T AR R BN Sk ) 12 R SC R A T AL,
WIGLERMNFR IR . R T R A vk DA R AR
SCEE 7R R v T AR HE A i A
FE Y Z2 B ATt bRy 5 A O o AR AR
P EAEA UGN T v, 5 7 Fh o & AR ok 42
A RGURREAR BRBUN TT . R 3T
AR SO A 7 7E AWAL R CUB BdE 4 4475

R3 EANBEE LEHRRRNKERE

Table 3 Accuracy of zero-shot learning on four datasets

Top1 432G %/%

ik

AWA1 AWA2 CUB SUN
DAP(Larochelle %:,2008) - - 40.0 39.9
DPPN(Wang % ,2021) 733 733 77.8 615
TransZero++(Chen %% ,2023a) 726 726 783 64.6
DUET(Chen %,2023c) 69.9 69.9 72.3 64.4
TAAC-net(Chen F1 Zhou ,2024) - 707 803 638
F-CLSWGAN(Gulrajani %,2017) 682 -  57.3 60.8
F-VAEGAN(Xian %,2019b) 71.1 - 610 64.7
HSVA(Chen%5,2021b) - - 628 638
SCE-GZSL(Han % ,2022) 715  69.4 78.6 62.5
DFTN(Zhai %5 ,2023) 711 712 742 -
PCE-GZSL(Paul % ,2023) 715 739 792 66.8
Co-GZSL(Li%,2024) 69.4 694 786 -
A3 755 734 819 648

TE IR R R AR 28 iR AR A R =" RoR S
SCHRAR X R B AT 05
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P AUAE, 430 AR B B0 AR OO 9 J7 05 B 4
FF2.2% 1 1. 6%, 1E AWA2 H1 SUN 4 45 | ¥ HL
FRURARAA , et L7 15 IORS B A B AR . AR ST vk
Y5 SCE-GZSL J5 1 #H [a] 22 Ak 2 B R X b A 2
2 ABSEAR SO AR I B A 4 B AR LR T
SCE-GZSL J7i4 , & BAASCHR H Aty 35k P R 8006) b
A2 2] T g BB
2.4 TXEHAEGIRG

FTREA S 2] (ZSL) W15 B 45 1 2 7 A%, i )
SCFREA 2] (GZSL) MR A AT LI I8 F A = 1)
HARZ . ASSE50 A H A2 I UESe ke L&
FEATRSBITE 55 b i 350k -

164D HEERHE 42 AWAL L AWA2 , CUB H1 SUN
AT SRR A PR . S 5T
Ry AR AR 0 AR BT SO AR SR B T

MR AR LR A SCHE A 7 AWAT AWA2
F1CUB % dis 45 I H (¥ HUS A, 43974 70. 9%
71.5% F170. 4%, LA 7125 43 il 8 55 0. 4% .0. 8%
H12. 6%, 1 FLAME—7E 3 Kl 4 bR 4R 15 21
70% UL RS 7R, 78 SUN B 4 F H (E S R AL,
Ji PR SUN B8 A 02— 3 717 250 i v A0
REANRL L Sy st B 4R, B0 40 20 1~ BB
FEAS, IEAEAS B AN 2, DI 5 3008 Hh (A A 7R X L A
BB BT AT 2R 2T o BEAN  7E CUB Bl
L ARSI R M R T B o 83 TR 43 B
T : CUB AR Jhy v S5 B (14 20040 5 5 2R 5l 4 A HE T
UK BERCE A5 AWAL FI AWA2, B 25 5 M B2 a) R
Yo W51 AR WIS s — R AT F A5 e A R
ST AR X A3 A0 25 S A RE 0, DA SE B RE 1Y
FiT

x4 FEANMBRELTNERRRNNFE

Table 4 Accuracy of generalized zero-shot learning on four datasets

1%

AWA1 AWA2 CUB SUN
Tk

S U H S U H S U H S U H
F-CLSWGAN(Gulrajani 4%,2017) 61.4 579 59.6 - - - 57.7 437 497 36.6 426 394
f-VAEGAN(Xian%§,2019b) 69.8 58.1 643 70.6 57.6 635 60.1 484 53.6 38.0 451 413
FREE(Chen %§,2021a) 69.4 629 660 754 604 67.1 599 557 577 372 474 41.7
HSVA(Chen%%,2021b) 76.6 593 668 798 567 663 583 527 553 390 486 433
ESZSL(Cetin % ,2022) 74.7 552 63,5 78.0 513 61.8 604 51.6 557 365 482 415
TDCSS(Feng % ,2022) 69.8 544 609 749 592 66.1 628 442 519 - - -
SCE-GZSL(Han %%,2022) 75.1 65.1 69.7 775 643 703 68.6 665 67.6 417 459 437
CLSWGAN+DSP(Chen 5§ ,2023h) - - - 86.0 60.0 70.7 63.8 514 569 43.0 483 455
CDL+0SCO( Cavazza %§,2023) 63.0 34.0 442 71.0 48.0 57.1 650 320 429 69.0 290 40.6
DFTN(Zhai %,2023) 83.6 563 673 785 61.1 687 672 61.8 644 - - -
PCE-GZSL(Paul %,2023) 73.8 67.2 703 748 67.0 70.6 658 669 664 379 513 43.6
CEZSL+DGZSL(Wang 45,2024 ) 762 657 70.5 7677 646 70.1 69.1 667 67.8 - - -
AL 747 67,5 709 799 647 715 719 689 704 36.0 514 439

T IOHL R RIZ PR IR S R Al DRSS R, =7 3 5 | SCBRA T L e A A7 S

AR SCAABE R L T[R4 2R FH X e e ALY SCE-
GZSLAFE I PUIG BEAT By B3R T L, 10 PR AR Sy
R RE LR W 22 HAT IR AR, HE 0 iy s
AT X R AR A — E R Lk TR
PR R BEAh, A0 — R RS OGS AR G, A5 A6
U] L2~ 2 2 (4 ] W25 R DL S Ta] i Bk &%, 78

— PR B R T ] W2 R UL 2 2 ] Y e o
BT WAL ]
2.5 HELIG

g T ik — 2D R O vk O R A 8K
PE,7E AWAL F CUB 8 4E I, 43 I 7E ZSL Fl GZSL
55 LA TIE RS, SEER A R AR 5 TR
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x5 AEMINHESELAEMIR

Table 5 Ablation study on two datasets
/%
AWAL CUB
Jrik ZSL GZSL ZSL GZSL
T1 S U H T1 S U H
SCE-GZSL(WGAN) 71.0 73.4 65.3 69.1 77.5 66.8 63.9 65.3
+VAEGAN (k) 72.7 76.9 63.2 69.4 79.2 69.2 62.1 65.5
Lk L 72.9 75.7 65.6 70.3 80.8 69.0 64.8 66.8
L+ 75.2 74.6 66.8 70.5 80.7 72.2 66.8 69.4
LR +L+ L 75.5 74.7 67.5 70.9 81.9 71.9 68.9 70.4

T L SRR 25 8 B A2 2R

S THE SCE-GZSLEL AR ZSL/GZSLAE 55 L)
PERE , 128 AL B 9 45 HE 42 WGAN, AR SCHE
SCE-GZSL 3%l |, J/l VAEGAN 4t WGAN, I LAt
YR LR . A T SCE-GZSL )7 2% , A SCH
()5 48 ZSL A GZSLAT 55 b, e A 5dii4E 1, T1
MHEY AT, 75 AWAL F1 CUB 54 % b X T
GZSLAT: 55, n] L5 A T 0K B 43 0l 42 /&5 3. 5% il
2. 4%, KW VAE-GAN 5 WGAN M L , #0558 Ze 43 1E
Sy A0 B RE T HESR Az B O RRIE B 42 3 T LAY B
SERFIE

S AT LU HY, BELR +L0 (B A R L2 52 43—
JRORISF A 46 ) A T 3£k, 76 AWATL Al CUB %0¥8
£ HAHA B4 TE 0. 9% 1 1. 3%, T1 {2 T+ 0. 2%
1. 6%, B 3E T Lo Xf P AT 55 A8 A vk, Hop
GZSL Wi L ZSL iy i ik B 5 2, 3R W3k P 52 45—
JEFRF A 2 1 5 T RRAE A9 i S — S0 BB 4T b
G (R B W R TR VA o

FEER 2% + L, (B3 rhco— R BT gt 2% ) AH
Hb PR 7E ZSLAT 55 I, 76 P B0 a 48 1 T
3T 2. 5% F 1. 5%, X PR #E AT T AWA L 2
REREFE B 48 S0 X o Mo , 76 HEA 7 i R
Xif L2 2 2 A rpon] (A5 ] L2 0 R R A e S 2]
R LI, WA eSS AR 7 0 3 iy S ] B b B A L2
53 A o CUB J&—N4I0RE B B B 45 , 28 0] iF L 2
SN X AT RE s P BRI AR IEIRE , RS LT
CUB 5% I, GZSLAT 55 B HAEHE T 3. 9%, KA
SCHE S A O — SRR 2 2 B S A i
FEU ARG, T E CUB B854 R4S R A1y

PERE . 4 EE B A T AR T ] FE R MRS

TR ML + L + L, JEAR SR riE , WS
AT LA Y, 75 AWAL A1 CUB %t¥i 46 [+, 78 ZSL/GZSL
1255 b ARSI AL AR T LR A DL 38645 T
SEER AL F I, U ] R R, SO R R
P2 BORRERL 37 25 F WX HAF ) o
2.6 EERSEPDH
2.6.1 UM H

XFF R R (9) TS5 A, 2 Han 55
AN (2022) IEICT 1 o AR SC R BEXT S B Fp iE 4T
SEHR T HE 4B SE AWAT  AWA2 .CUB FIISUN
XU A 55 A AN R S BRI A T S IR A
SEEGLE R NE 3R 4 PR . B3 FE 443518 ZSL/
GZSLALS5 T S50, i Fon M S 500E 9\
BN TUE . Wk Z RS, R0 & 3 FE 4
TN 5 AN R B S BUE AT B, BRI AR SR
[ () S 5 M

XFFZSLAT S , N 3(a) AT LA 75 AWATL Al
AWA2 B 4E I Bl A5 BAEL Y AR Ak , ISR i AR b A
/N, 2B = 0,001 B, A RLPE RE IS B B L, A 2408
X T3 PR B0 AR AN BURR AR SCIA Sk AT R LR
BT 2 W) 22 AR FIETR W TR BE /N
S — D AR He i A 2K 2 ZSL U SR i R
ANBI S o TXT T 4R BE A e AR CUBL B BB AZ 1L
LR BE AR AR o A B, TR S T i s 818
F, 248 = 0.001 Bf, AR PR RE e . X SRR £ W
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Fig. 5 The impact of the number of generated

samples on ZSL accuracy
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t-SNE visualization on AWA?2 and CUB datasets ((a) visualization of the SCE-GZSL method on AWA2;

(b) visualization of the method in this paper on AWA2; (¢) visualization of the SCE-GZSL method on CUB;

(d) visualization of the method in this paper on CUB)
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