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NIPS 2016 Tutorial:
Generative Adversarial Networks
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Goodfellow, Ian; Pouget-Abadie, Jean; Mirza, Mehdi; Xu, Bing; Warde-Farley,
David; Ozair, Sherjil; Courville, Aaron; Bengio, Yoshua (2014). Generative
Adversarial Nets (PDF). Proceedings of the International Conference on
Neural Information Processing Systems (NIPS 2014). pp. 2672-2680.

Generative Adversarial Nets

Ian J. Goodfellow; Jean Pouget-Abadie] Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair} Aaron Courville, Yoshua Bengio®
Département d’informatique et de recherche opérationnelle
Université de Montréal
Montréal, QC H3C 3J7

Abstract

We propose a new framework for estimating generative models via an adversar-
ial process, in which we simultaneously train two models: a generative model &
that captures the data distribution, and a discriminative model D) that estimates
the probability that a sample came from the training data rather than . The train-
ing procedure for GG is to maximize the probability of ) making a mistake. This
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Figure 2: Visualization of samples from the model. Rightmost column shows the nearest training example of
the neighboring sample, in order to demonstrate that the model has not memorized the training set. Samples
are fair random draws, not cherry-picked. Unlike most other visualizations of deep generative models, these
images show actual samples from the model distributions, not conditional means given samples of hidden units.
Moreover, these samples are uncorrelated because the sampling process does not depend on Markov chain
mixing. a) MNIST b) TFD c¢) CIFAR-10 (fully connected model) d) CIFAR-10 (convolutional discriminator
and “deconvolutional” generator)
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Radford, Alec; Metz, Luke:; Chintala, Soumith (2016).
"Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Networks"
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Jun-Yan Zhu*, Taesung Park*, Phillip Isola, and Alexei A. Efros. "Unpaired Image-
to-Image Translation using Cycle-Consistent Adversarial Networks", in IEEE
International Conference on Computer Vision (ICCV), 2017.
https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks

Jun-Yan Zhu* Taesung Park* Phillip Isola Alexei A. Efros
Berkeley Al Research (BAIR) laboratory, UC Berkeley
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