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Figure 15.6: Predictive generative networks provide an example of the importance of
learning which features are salient. In this example, the predictive generative network
has been trained to predict the appearance of a 3-D model of a human head at a specific
viewing angle. (Left)Ground truth. This is the correct image, that the network should
emit. (Center)Image produced by a predictive generative network trained with mean
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Figure 13: Example results of our method on day!night, compared to ground truth.
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Figure 1: Many problems in image processing, graphics, and vision involve translating an input image into a corresponding output image.
These problems are often treated with application-specific algorithms, even though the setting is always the same: map pixels to pixels.
Conditional adversarial nets are a general-purpose solution that appears Figure
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A generative model has learned a distributed representation that disentangles

Figure 15.9:
the concept of gender from the concept of wearing glasses. If we begin with the representation of the concept of a man
with glasses,
then
subtract the vector representing the
(Radford
et al,
2015)
concept of a man without glasses, and finally add the vector representing the concept
(Goodfellow 2016)
of a woman without glasses, we obtain the vector representing the concept of a woman
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Ladder network [24]
Auxiliary Deep Generative Model [23]
Our model
Ensemble of 10 of our models

1677 ± 452
1134 ± 445

221 ± 136
142 ± 96

106 ± 37
96 ± 2
93 ± 6.5
86 ± 5.6

90 ± 4.2
81 ± 4.3

Semi-Supervised Classification

Table 1: Number of incorrectly classified test examples for the semi-supervised setting on permutation invariant MNIST. Results are averaged over 10 seeds.
6.2 CIFAR-10

CIFAR-10
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Test error rate for
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2000
4000

1000
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Table 2: Test error on semi-supervised CIFAR-10. Results are averaged
over
10
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of
data.
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Figure 5: (Left)
Error
rate on SVHN. (Right) Samples from the generato
(Goodfellow 2016)

Learning interpretable latent codes /
controlling the generation process

InfoGAN (Chen et al 2016)

(Goodfellow 2016)
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Abstract

nerating high-resolution, photo-realistic images has
long-standing goal in machine learning. Recently,
n et al. [36] showed one interesting way to synthesize
images by performing gradient ascent in the latent
of a generator network to maximize the activations
or multiple neurons in a separate classifier network.
paper we extend this method by introducing an addiprior on the latent code, improving both sample quald sample diversity, leading to a state-of-the-art genmodel that produces high quality images at higher
ions (227 ⇥ 227) than previous generative models,
es so for all 1000 ImageNet categories. In addition,
vide a unified probabilistic interpretation of related
ion maximization methods and call the general class
dels “Plug and Play Generative Networks.” PPGNs
mposed of 1) a generator network G that is capable
wing a wide range of image types and 2) a replacecondition” network C that tells the generator what
w. We demonstrate the generation of images condion a class (when C is an ImageNet or MIT Places
cation network) and also conditioned on a caption
C is an image captioning network). Our method also

(Nguyen et al 2016)

Figure 1: Images synthetically generated by Plug and Play
Generative Networks at high-resolution (227x227) for four
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StackGANs
This small blue
bird has a short
pointy beak and
brown on its wings
This bird is
completely red
with black wings
and pointy beak
A small sized bird
that has a cream
belly and a short
pointed bill

A small bird with a
black head and
wings and features
grey wings
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Conclusion
•

GANs produce rich, realistic imagery

•

GANs learn to draw samples from a probability
distribution

•

Applications include learning from very few labeled
examples, interactive artwork generation, and
diﬀerential privacy

(Goodfellow 2016)

