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Various GANs and its Application : Face Aging
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I Various GANs
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I Various GANs and its Application : Face Aging

11-20 21 -30 31-40

51-60 61-70 71 80

E H
.
0-10

0-18 19-29 30-39 40-49 50-59 60+

11-20 21-30 31-40

Ry SEOUL NATIONAL UNIVERSITY
4 NUMERICAL COMPUTING & IMAGE ANALYSIS LAB J




I Various GANs and its Application : Face Aging

1. Entertainment

2. Cross-age face recognition

e.g. LTI AlI2E X012 A Z S S IR AL 2| A& 40l
3. Finding lost children
e.g. KIST PoliSketch
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I Face Aging with GANs

0. cGAN(Conditional GAN) based approach
1. CycleGAN based approach
2. StarGAN based approach

3. StarGAN based approach + Self-Attention
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I Dataset : UTKFace

“UTKFace - Large Scale Face Dataset Cropped”(100MB)
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I cGAN based approach

Conditional GAN(cGAN)
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I cGAN based approach

e Identity Preserving
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I CycleGAN based approach
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I CycleGAN based approach
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I CycleGAN based approach
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I StarGAN based approach

(b) StarGAN
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I StarGAN based approach
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I StarGAN based approach + Self-Attention
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Figure 2. The proposed self-attention module for the SAGAN. The & denotes matrix multiplication. The softmax operation is performed

on each row.
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I Quantitative Evaluation : FID

FID(Fréchet Inception Distance)
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I Quantitative Evaluation : FID
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I Qualitative Evaluation

CycleGAN 232.6188
StarGAN 353.4801
246.5845

StarGAN + Self - Attention
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I Qualitative Evaluation

Original Images

FID score
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I Qualitative Evaluation

Original Images

CycleGAN 232.6188
StarGAN 353.4801
StarGAN + Self - Attention 246.5845
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I Qualitative Evaluation

Original Images Original Images
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I Appendix

How to explain mode collapse of GAN mathematically?
-> “Towards a Better Global Loss Landscape of GANs” at NeurlPS 2020

-> * 5ot [{x1, %2} 0 {y1,¥2}] = 0 : "no-recovery”
" 5140 Y1 = Y2 € {Xq, %5} : "mode collapse”
" sy [{x1, %2} 0 {1, ¥23l = 1 : "mode dropping”
" 5y {x1, %2} = {y1,¥2} : "perfect-recovery”
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I Appendix

Original Images
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I Appendix

Original Images
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I Appendix

Original Images Original Images
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Transfered Images Transfered Images
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B SEOUL NATIONAL UNIVERSITY
Y NUMERICAL COMPUTING & IMAGE ANALYSIS LAB 24




I Reference

[1]
2]

3]

[4]

[5]
6]

Antipov, G., Baccouche, M., & Dugelay, J.-L. (2017). Face Aging With Conditional Generative Adversarial Networks.
Choi, Y., Choi, M., Kim, M., Kim, J. H. S., & Choo, J. (2018). StarGAN : Unified Generative Adversarial Networks for
Multi-Domain Image-to-Image Translation.

Goodfellow, I. J., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., ... Bengio, Y. (2014). Generative
Adversarial Nets.

Sun, R, Fang, T., & Schwing, A. (2020). Towards a better global loss landscape of GANs. ArXiv, (NeurlPS).

Zhang, H., Goodfellow, |., Metaxas, D., & Odena, A. (2018). Self-Attention Generative Adversarial Networks.

Zhu, J. Y, Park, T, Isola, P, & Efros, A. A. (2017). Unpaired Image-to-Image Translation Using Cycle-Consistent
Adversarial Networks. Proceedings of the IEEE International Conference on Computer Vision, 2017-Octob,
2242-2251.

0% SEOUL NATIONAL UNIVERSITY
L NUMERICAL COMPUTING & IMAGE ANALYSIS LAB 05




| caa

% SEOUL NATIONAL UNIVERSITY
LY NUMERICAL COMPUTING & IMAGE ANALYSIS LAB 26




