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Cycle generative adversarial network guided by dual special
attention mechanism
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Abstract: The existing image generation methods based on cycle generative adversarial network have
achieved excellent results in unpaired image to image translation tasks by introducing a separate generic
attention module, but they also increase the model complexity and training time, and it is difficult to focus
on all the details of key regions in the image, and there is still room for improvement in image generation
results. To solve these problems, this paper proposes a dual special attention-mechanism guided cycle
generative adversarial network architecture for unpaired image transformation translation (Dual-SAG-

CycleGAN). Firstly, to improve the quality of the generated images and reduce the complexity of the
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network, a special attention module called SAG (Special Attention-mechanism Guided) is proposed to

guide the generator. Then, to suppress the generation of extraneous noise by the generator, a discriminator

based on special attention mechanism of CAM (Class Activation Mapping)is introduced. Finally, a cyclic

consistency loss function for the background mask is introduced to guide the network to generate a more

accurate mask map, which can better aid for image translation. Experiments demonstrate that compared

with similar existing models, our proposed method can reduce the maximum number of parameters by

32.8%, speed of train 34. 5% faster, and generate higher quality images with a minimum KID and FID of

1. 13 and 57. 54, respectively.

Key words: generative adversarial networks; unpaired image-to-image translation; attention mechanism

cycle consistency loss; image generation
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Tab.2 Ablation studies of models on the horse-to-zebra task
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Fig. 7 Effect of different A-factors on the quality of the

(c) 2=1.0
(c) 2=1.0

generated images on the horse-to-zebra task
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Tab.3 Effect of different A-coefficients on the quality of

the generated images
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Fig. 8 Attention mask and images generated by ours

model on the apple to orange and orange to apple

tasks
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Fig. 9 Attention mask and images generated by ours

model on the horse to zebra and zebra to horse

tasks
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Fig. 10 Performance of different models on the horse-ze-

bra interchange task. (a) Original image; (b)Cy-
cleGAN; (c¢) RA; (d) DiscoGAN; (e) UNIT;
(1) DualGAN; (g) UAIT; (h) AttentionGAN ;
(i) Ours.
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Fig. 11 Performance of different models on the selfie-anime

interchange task. (a) Original image; (b)Cycle-
GAN; (¢) UNIT; (d) MUNIT; (e) DRIT;
(f) U-GAT-IT; (g) AttentionGAN; (h) Ours.
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Tab.4 KID X 100 = std. X 100 metrics for different models on different tasks

1LY R AT I RRE I BE B i
DiscoGAN'™ 18.34 4 0.75 21.56 + 0.80 13.68 4 0.75 16.60 = 0.50
RA™ 12.75 4 0.49 13.8440.78 10.16 £ 0.12 10.97 £ 0.26
DualGAN' 13.04 £+ 0.72 12.42 4 0.88 10.38 & 0.31 12.86 + 0.50
UNIT" 11.68 + 0.43 11.76 4= 0.51 11.22 4 0.24 13.63 4 0.34
CycleGAN"? 8.48 4 0.53 9.82 4 0.51 10.25 4 0.25 11.44 £0.38
UAIT™ 6.44 + 0.69 5.32 4 0.48 6.93 + 0.27 8.87 +0.26
AttentionG AN 10.03 4 0.66 4.3840.42 2.03 £ 0.64 6.48 +0.51
Ours 7.28 4 0.71 3.024+0.29 1.13 £ 0.23 5.06 & 0.60
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Tab.5 KIDX100+tstd. X100 metrics for different models

on selfie to anime task

HL TR H {1 3 8
CycleGAN™ 13.08 & 0.49
UNIT! 14.71 + 0.59
MUNIT" 13.854-0.41
DRIT!MY 15.08 + 0.62
U-GAT-IT™ 11.6140.57
AttentionGAN™"’ 12.14 £ 0.43
Ours 10.01 & 0.29
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Tab.6 FID metrics for different models on horse to zebra

task

iy 5L
UNIT™ 241.13
CycleGAN! 109.36
DA-GAN™ 103.42
TransGaGa'®" 95.81
SAT™! 98.90
AttentionGAN" 68.55
Ours 57.54
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Tab.7 Complexity analysis of different models guided by attention mechanism

T Y ZHE/M FEERERE/G FEBEMEERE/G YRR (1005K)/s A 277 (Lt E) /MiB
X. Chen" 43.94 102. 01 204. 02 55 5 069
T. Hao"" 29.22 74.67 G 149. 31 47 5463

Ours 29.49 65. 50 131. 00 36 3669
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