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\Variational Autoencoder (VAE)

D. P. Kingma, M.Welling, “Auto-encoding variational
bayes,” in: Proceedings of International Conference on
Learning Representations (ICLR), 2014.

D. J. Rezende, S. Mohamed, D. Wierstra, “Stochastic noise | €
backpropagation and approximate inference in v

deep generative models,” in: Proceedings of X encoder| | K[~ 2 decoder
International Conference on Machine Learning (ICML), q¢(z|x) (o e po(x|z)
2014.
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Generative Adversarial Nets (GAN)

|. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D.
Warde-Farley, S. Ozair, A. Courville, Y. Bengio,
“Generative adversarial nets,” in: Proceedings of
Advances in Neural Information Processing Systems

(NIPS), 2014.
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VAE-GAN

« A.B. L. Larsen, S. K. Senderby, H. Larochelle, O.
Winther, “Autoencoding beyond pixels using a
learned similarity metric,” in: Proceedings of

International Conference on Machine Learning data
(ICML), 2016.
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Adversarial Autoencoder (AAE)

 A. Makhzani, J. Shlens, N. Jaitly, |. Goodfellow,
“Adversarial autoencoders,” in: Proceedings of
International Conference on Learning
Representations (ICLR), 2016.
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Adversarial Variational Bayes (AVB)

noise | €
« L. Mescheder, S. Nowozin, A. Geiger, “Adversarial —L
variational bayes: Unifying variational
autoencoders and generative adversarial x

networks,” in: Proceedings of International
Conference on Machine Learning (ICML), 2017.
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« V. Dumoulin, |. Belghazi, B. Poole, O. Mastropietro, <« J. Donahue, P. Krahenbthl, T. Darrell,

A. Lamb, M. Arjovsky, A. Courville, “Adversarially “Adversarial feature learning,” in:
learned inference,” in: Proceedings of Proceedings of International Conference on
International Conference on Learning Learning Representations (ICLR), 2017.

Representations (ICLR), 2017.

Lrican = Bqx[log D(X, G4 (x))] 4 Ep(z)|log(1 — D(Gx(2),2))].
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DIXZ2PIX

P. Isola, J.-Y. Zhu, T. Zhou, A. A. Efros, Eﬁdat; ARIESE
“Image-to-image translation with | 5 :
conditional adversarial networks,” in: 4 S Y o LS| discriminator > real
Proceedings of IEEE Conference on noise [ || ™~—w —1: P s D fake
Computer Vision and Pattern Recognition 7
(CVPR), 2017. x ge”e(]{ator Hy'le|x| ]
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ﬁpiXZpiX (G: D) — ﬁCGAN(G? D) + )\[-.'L1 (G)n
L.can(G, D) = Ex y[log D(x,y)] + Ex z|log(1 — D(x,G(x,2)))],
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Input labels

DIXZ2PixHD

« T.-C. Wang, M.-Y. Liu, J.-Y. Zhu, A. Tao, J.
Kautz, B. Catanzaro, “High-resolution
image synthesis and semantic
manipulation with conditional gans,” in
Proceedings of IEEE Conference on

Computer Vision and Pattern Recognition
(CVPR), 2018.
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CycleGAN, DiscoGAN, DualGAN
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generator generator generator /| |generator
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cycle-consistency loss cycle-consistency loss

CycleGAN DiscoGAN DualGAN

J.-Y. Zhu, T. Park, P. Isola, A. A. Efros, T. Kim, M. Cha, H. Kim, J. K. Lee, J. Kim,  Z.Yi, H. Zhang, P. Tan, M. Gong,
“Unpaired image-to-image translation “Learning to discover cross-domain “Dualgan: Unsupervised dual
using cycle-consistent adversarial relations with generative adversarial learning for image-to-image
networks,” in: Proceedings of networks,” in: Proceedings of translation,” in: Proceedings of

International Conference on Computer International Conference on Machine International Conference on
Vision (ICCV), 2017. Learning (ICML), 2017. Computer Vision (ICCV), 2017.

ﬁcycleGAN(Gxa Gy, Dx, Dy) — Eywpdata(Y) [10g Dy (y)] T ]Eprdata(x) [10g(1 — Dy (Gy (X)))] T
Bx~paata (x) log Dx(x)] + By paata(y) log(1 — Dx(Gx(¥)))] + )\ﬁczc(Gx, Gz)-
£CyC(ze Gy) — Exwpdata(:c)[nx - GX(Gy(X))Hl] + ]Eprdata(y)[Hy - Gy(GX(Y))Hl]-



CoGAN

e« M.-Y. Liu, O. Tuzel,
“Coupled generative
adversarial networks,” in:
Proceedings of Advances in
Neural Information
Processing Systems (NIPS),
2016.
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« /.Gan, L. Chen, W. Wang, Y. Pu, Y. Zhang,
H. Liu, C. Li, L. Carin, “Triangle generative c
adversarial networks,” in: Proceedings of x Gy
Advances in Neural Information Processing
Systems (NIPS), 2017. cGAN & BiGAN (= ALl) ofEAEDHE

LAr—caN = LegaN + LBiGAN,
Legan = Iy (x,y) log Dy (x,y)] + Iy, (xy) log(1 — DI(X,: y))] + Epy(x,y’) log(1 — D (x, y'))],
LBiGAN = pr(x’,y) [log Do (X!, y)] + Epy(xjyf) [log(l — Do (X, y’))].
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« Domain Transfer Network (DTN) [Taigman+, ICLR2017]
https://arxiv.org/abs/1611.02200

 BicycleGAN [Zhu+, NIPS2017]
https://junyanz.github.io/Bicycle GAN/

« Unsupervised Image-to-Image Translation with Generative Adversarial Networks
Dong+, NIPSZOI%

https://arxiv.org/pdf/1701.02676.pdf

e Triple GAN [Li+, NIPS2017]: Triangle GAN & EIEH NPT WA BEIREIZHE TIH 7R 0
https://arxiv.org/abs/1703.02291

« StarGAN [Choi+, CVPR2018]: W /ILF KX A v #[REIFICIKZ 5
https://github.com/yunjey/StarGAN
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