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Fig.1 Stacked Generative Adversarial Network Structure Diagram
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Fig.2 Attention Generative Adversarial Network Structure Diagram

W 2 fioR, S A RS BRI Z 0 v
B RINFRR B (e,hy ), 5 LB BUBSERE
h S GG RIREARE R R PEA TR — I B
W2 E A Gy, G G, 7l 3R HEE A
64*64. 128*128 I 256*256 f{I-4E KIS, FHiEAN®I>
SCHN AR EAT H o
1.3 175X =id#E DPP

f7 5030 AL FE DPPIEIYE & 14 R AT 4l 7 F Ak
R B R W -AA N K R FR T, Bt S T BE AL
RS AR 2 IS . B DPP REMS T TR L
7RH DG (PRI S B o AR AL (1 i &, DRI b e A% S B
S FEERHE LR EE . BT DPP A T — AN A

TAEPHER T, W] HOR R A 45 43 A rh BE L
B, ] anos e B I 2R HEAT N R

WHES Y, THI AR P BB TEAE & (R E 2
AT E, EH P OHATREE, HARIM AR
DL, Wil P FEVLCRAEE RN FERNY,
MIHEEM <Y, A:

P(M cY)xdet(L,) ®)

DPP (AR NN St T, 45 328y
Lo BT4 M AP P RRSERE A Ly > I FLISLAT 51
RALFTN det(Ly, ) - BARE L b, Ly BRIt



4

y FREAZ IFTRORIE, B Ly 8Ok, PRASREARL, 30
HEDUPSE s, B SRR TR B
Kulesza %5 \EOR KL FERE Ly 40 A 55 I AE
[ (Gram-matrix):
P(M ) e det(¢(M) ¢(M))[Jo*(@) @

g eM
A, q(e)z0 NEAR y e TUH R E D%,
¢ R |4, =1 2 ¢ WU L2 IENALRFAER & . A
det(p(M)' g(M))=1,4 & HEHIFE 4(S)" g(S) 105 i
MR -

MHEERFEPT S FEA RN = 2 HE, W B R
R IE) RS AR T B, U AN B 2 MR R
ST UL I, - U ) ] B ) R 5 KON B SR
HEERWAE 3 EEPR, BEBINERIIFEZ A R
R, KRB LWHHIMERASRHEZR . B 3 AK
XNy DPP SRAFAR L, R AT H SR 2 [ B B
FEAR AT RG22 A E thA 21 T 387t

3 DPP RAEMI SIRAEHCRRS L
Fig.3 Comparison of DPP Sampling and Uniform Sampling
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Fig.5 Composition Diagram of Generator Loss
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Fig.6 Generate Images on the Oxford-102 Test Set in Different Model
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Fig.7 Generate Images on the CUB Test Set in Different Models
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Determinant Point Process Sampling Method for Text-to-Image Generation

Li Xiaolin'2 Li Gang? Zhang Engi'? Gu Guanghua'?
1. Department of Information Science and Engineering, Yanshan University, Qinhuangdao 066004
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Abstract: Obijectives: In recent years, a great breakthrough has been made in the text generation image problem based on
Generative Adversarial Networks (GAN). It can generate corresponding images based on the semantic information of the text, and
has great application value. However, the current generated image results usually lack specific texture details, and often have
problems such as collapsed modes and lack of diversity. Methods: This paper proposes a Determinant Point Process for Generative
Adversarial Networks (GAN-DPP) to improve the quality of the generated samples, and uses two baseline models, StackGAN++ and
ControlGAN, to implement GAN-DPP. During the training, it uses Determinantal Point Process kernel to model the diversity of real
data and synthetic data and encourages the generator to generate diversity data similar to the real data through penalty loss. It
improves the clarity and diversity of generated samples, and reduces problems such as mode collapse. No extra calculations were
added during training. Results: This paper compares the generated results through indicators. For the Inception Score score, a high
value indicates that the image clarity and diversity have improved. On the Oxford-102 dataset, the score of GAN-DPP-S is increased
by 3.1% compared with StackGAN++, and the score of GAN-DPP-C is 3.4% higher than that of ControlGAN. For the CUB dataset,
the score of GAN-DPP-S increased by 8.2%, and the score of GAN-DPP-C increased by 1.9%. For the Fréehet Inception Distance
score, the lower the value, the better the quality of image generation. On the Oxford-102 dataset, the score of GAN-DPP-S is reduced
by 11.1%, and the score of GAN-DPP-C is reduced by 11.2%. For the CUB dataset, the score of GAN-DPP-S is reduced by 6.4%,
and the score of GAN-DPP-C is reduced by 3.1%. Conclusions: The qualitative and quantitative comparative experiments prove that
the proposed GAN-DPP method improves the performance of the generative confrontation network model. The image texture details
generated by the model are more abundant, and the diversity is significantly improved.
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