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A Semantic Segmentation Graph in Combination with
Attention Mechanism Text Generation Images

LIANG Chengming, LI Yunhong, LI Limin, SU Xueping, ZHU Mianyun, ZHU Yaolin
(School of Electronics and Information, Xi’an Polytechnic University, Xi’an 710048 ,China)

Abstract Aimed at the problems that generative adversarial network is incomplete in structure, unreal in
content and poor in quality of images generated, an attention mechanism text-to-image generation model
combined with semantic segmentation graph (SSA-GAN) is proposed. First, taking global sentence vec-
tors as input conditions, a simple and effective deep fusion module is utilized for fully fusing text informa-
tion while generating images are generating simultaneously. Second, the semantically segmented images
are combined to extract their edge profile features to provide additional generative and constraint conditions
for the model, and the attention mechanism is used to provide fine-grained word-level information for the
model to enrich the details of the generated images. Finally, a multimodal similarity computation model is
used to compute fine-grained image-text matching loss to further train the generator. The model is tested
and validated by CUB-200 and Oxford-102 Flowers datasets, and the results show that the proposed model
(SSA-GAN) improves the quality of the final generated images. Compared to the models such as Stack-
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GAN, AttnGAN, DF-GAN, and RAT-GAN, the IS increases in metrics values by 13. 7% and 43. 2%, re-
spectively. And the FID in metric values is reduced to 34. 7% and 74. 9%, respectively.
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feathers and small and a white belly. wingbars. with a little green  ruffled together.
feet. in the center.

A

(b)AttnGAN

(c)DF-GAN

(e)SA-GAN
Pl 6 [l 0802 K 5 43 B (256 X 256) 1R 45 01 It

7 SSA-GAN A B4 15 4 F1 3R (256 X 256) [ %

3.5 EEEREE

3 TR 4 43 B R RIS R Az 1A A1 43 Bk %2
ET PRSI A . R 3 ISR 4 AL A
BT B X Ee B B AL, SSA-GAN 7E Oxford-102
Flowers . CUB-200 ¥4l 4& b3 HA% 7 & B 19 IS Al
FID 4845MA . XA ik 73 R KR i & 3

FR R 8 AT, SSA-GAN 7E CUB-200 %4 48 I
AT StackGAN BRI, IS FEAR{E R TH T 44. 2%,
FID #8 bR {EFE K T 75. 3% . 78 Oxford-102 Flowers
BAEEE AR T AttnGAN 81, IS 35 FR I #2 7+ T
53.3%  FID F8bR AR T 35 %,

X5 T AR L A BER R, R 4 P i B
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Bl A, SSA-GAN 7E CUB-200 ¥ #% % | Ml & F
StackGAN HE AL, IS 8 bR (B $2 F+ 1 43. 2%, FID 4§
PR EFEAR T 74. 9% . 4E Oxford-102 Flowers ¥t #i 4
FAME T AunGAN £ 8, IS 45 b5 fH #2 7+ T
13. 7% FID 48 brfH AR T 34. 7%,

F3 (RS PE (64X 64)E KA IS F1 FID f5iRET L

- Oxford-102 Flowers CUB-200

o IS FID IS FID
StackGAN'?] 2. 65 57.20
AttnGANM 3.19 24. 89 3.21 24. 22
DF-GAN' 3.21 17.23 3.46 18. 60
RAT-GANM 3.32 16. 21 3.67 14.18
SSA-GAN 3.36 16.18 3.82 14.12

R Bd BN Baseline+Se, N =3,
% 5 SSA-GAN 7t Oxford-102 1 CUB-200 %5 & F B4 &t

Oxford-102 CUB-200
WRES
1S FID 1S FID
Baseline 3.26 24.54 3.25 23.91
Baseline+ Se 3.45 23.62 3.41 22.38
Baseline+ At 3.52 22.57 3.65 21.87
Baseline-+ MSCM 3.42 21.42 3.38 20.79
Baseline+Se+MSCM+ At 3.76 18.85 4.53 15.32
Baseline+Se+MSCM+At,N=3 4.06 16.08 5.30 13.94
Baseline+Se+MSCM+At,N=5 3.82 17.34 5.18 14.69
Baseline+Se+MSCM+At,N=8 3.78 18.54 5.02 14.94

R4 SHPE(256X256) EKR A IS F FID F{ARE Tk

. Oxford-102 Flowers CUB-200

e IS FID IS FID
StackGAN™?) 3.70 55.58
AttnGAN! 3.57 24. 65 4. 36 23.98
MirrorGAN™" 4.56 18. 34
AttnGANCL™ 3.75 24. 35 4. 42 16. 32
DM-GAN 4.75 16.09
DF-GANM?! 3. 80 17.15 4. 86 14. 81
RAT-GANI™ 4,02 16. 14 5.28 13.98
SSA-GAN 4. 06 16.08 5.30 13. 94

3.6 HEAXKLW

Y il 52 56 9 — A0 36 Uk r £ 5 0k B A S
S AN I 4G G 1 SC o3 E BT 125 (Se) 23S A1
RUEE SRR (MSCMD | T & ) B (Ao FBEAS B
B A — DB RS B (R N = D AR S FE A
%Y (Baseline) , SZ5: %] Baseline #ll Baseline + Se LA
J& Baseline+Se H N 73 Ji 24 3.5.8 WBLE T, 7E
Oxford-102 FI CUB-200 %4 £ b 1530 BF A= il &5 43
PER (256 X 256) R 1Y 1S Al FID 545 8 52 50 45
5 fx.,

N5 TR 1Y S5 56 45 2R w] i D Baseline + Se.
Baseline+ At Baseline + MSCM Az 1 25 51t 1) 45 701
g (E AL T Baseline, H Baseline+Se+MSCM+
At A R A FE bR (2 W AL T Baseline 1 Base-
line+ Se, Baseline+ At Baseline+ MSCM, iE T
AR $EITE R A RO . OB N AERHE KIS F
FID $& br A 55 18 W 728 4 )5 38 7 A2 22 e 2 U e G

4 Z5iE

A SCHR A A SO BRI R 7 s, A R it
TR AR BN 2 AR A S T AR B
FEAE T S5 A6 BRI TP 25 R BLSC A 1), 2 4R I TR
fill &8 e (DFMBlock) , i 4= B & 76 fil & SCA Fi1E]
GRFE I [ B, SR A0 AR B8 T SCARME B g T 3CAR 5
FUR R A . R R A i 25 42 At 7 40 b B )
A5 B AR F S T A BEMR AT, B T AR R
PR 1 o0 i S A ) R, 22 2 AR R0 T 5 A A
(MSCM) g I i A A% $ AL T 115 - SCAR D8 i 43 2%
AR A 5 Tl 4k, @i Oxford-102 Ml CUB-
200 FHEAE 0 IE T T ER U7 VA A AL . BRI ST
P2 T (SSA-GAN) HE— 25 8035 1 A4 i R 1
SEMANTERE NN BT B AN ) 8, (AT £
FERBORY 5 AR IR AR A 2 78 5 221 TAE
it ilE— 2
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