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Information Distillation Generative Adversarial Net Based on Supervised Contrastive
Regularization

CHEN Yarui, WANG Xiaojie, LI Qing, LIU Haotian, SHI Yancui, ZHAO Tingting
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: For generative adversarial net (GAN), traditional methods mainly disentangle the latent presentation based on the

mutual information between the disentangled representation and the generated data. However, those methods rarely analyze
the independence among dimensions of the latent vector. This paper proposes an information distillation generative
adversarial net based on supervised contrastive regularization (IDGAN-SC). The IDGAN-SC model firstly learns
disentangled representation space through training S-VAE, which enforces strong correlation between the disentangled
representation space and the generative model. Then, the model constructs the disentangled structure by maximizing the
mutual information between the disentangled latent vectors and the generated data. Furthermore, the model utilizes the
contrastive classification information of the supervised contrastive regularization to enhance the independence between
dimensions of the latent vectors. This paper performs quantitative and qualitative experiments on the dSprites, MNIST, and
CelebA datasets. Experiments show that IDGAN-SC significantly outperforms current disentanglement methods based on the

disentanglement metrics.
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Tab. 2 Ablation experiment settings of supervised

contrastive regularization
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Fig. 3 Performance trends of different methods during
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Tab. 3 Comparisons of the disentanglement scores of different models in the dSprites dataset

A FactorVAE [ & DCI F& SAP & MIG & B-VAE &
FactorVAE (40.0) 0.8240.10 0.7440.10 0.5620.00 0.43%0.01 0.8440.01
InfoGAN 0.8240.10 0.6040.02 0.4140.02 0.2240.01 0.8740.01
InfoGAN-CR 0.8840.01 0.710.10 0.5840.01 0.3740.01 0.9540.01
IDGAN-SC (AMii ] B-VAE) 0.9040.01 0.7240.10 0.5940.01 0.3840.01 0.9640.02
IDGAN-SC ({§il] f-VAE) 0.9140.02 0.7540.10 0.600.01 0.4240.02 0.9640.01

M 3 T A, IDGAN-SC(f# i p-VAE) fl
IDGAN-SC(A#ifHl p-VAE){E FactorVAE f£ . DCI
JEE. SAP & . B-VAE 21T 48451 I fdAs
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IDGAN-SC( f# 1  B-VAE) ¥ B! [ fift % 7> % b
FactorVAE UK 0.01 £ 47, A% T IDGAN-SC(A

i Fl p-VAE)BE A, IDGAN-SC(fii il p-VAE) I H
B-VAE B2 SRR R A 0], PR
AR 535

Rk s 5 4y AT AT &0, IDGAN-SC( A i A
B-VAE) G| N\ M B L IE b I 5, AR MR M e
AP RMEET . X 0 B b I AT A



2024 W P i, A8 - BT B b I DU PRI A 2 2R AR A B BT R 2% ol

A SNl TR VA P R
REAL . IDGAN-SC(ffif p-VAE)E AL B-VAE
Y 2 > fil KR R 7R 2 8] 1) 75 20— 20 B A 28 11 A
FPERE
3.3 EMITEERRIEE AR
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Fig. 4 Disentangled generative effect of IDGAN-SC on
the dSprites dataset

P 4 A% IDGAN-SC A5 A4 Sl F2 i K/
TEAR x ALbrR. y ARBRANES: B A R 7 R A2 324k
SIS 45 R WA AE dSprites £di4E 1, IDGAN-SC 7Y
HA BRI fFRE e
3.3.2 MNIST %% 4%

7E MNIST Hils £ v, 1% S50 % & 2405 dSprites
HPiE—F ., InfoGAN-CR £ Al IDGAN-SC #57
108 3k 7 AR R I e R 5 0 A A A 5 A B R T
AR . SEEGE R 4. 64 7. 8 AEREE R, W
K 5. K6 . InfoGAN-CR 6 #U 7 £5 fhl £1 JiF [A]
T 7 RIS AE T AR, 5 B R DR A
TT WA T AR, R 4 1)
PR T, RIS RRM] . 7E MNIST %4 4
B, InfoOGAN-CR #5783 I 1 )7 fige A 5 ) 4% i 4
(A R I, 0 A R A A A= B R 1 [ I A=
Ak IDGAN-SC HERY % ] BIH A . Wb A
FE. BPE AR, B EAL R R IR .

5 InfoGAN-CR 7£ MNIST #iE& FRIBMR
Fig. 5 Disentangled generative effect of
InfoGAN-CR on the MNIST dataset
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Fig. 6 Disentangled generative effect of IDGAN-SC on

the MNIST dataset
3.3.3 CelebA #3484
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Fig. 7 Disentangled generative effect of InfoGAN-CR
on the CelebA dataset
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Fig. 8 Disentangled generative effect of IDGAN-SC on
the CelebA dataset
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