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GAN: Main Idea

An adversarial game between:
1
2

Discriminator D
Generator G

Discriminator is trained to discriminate between samples x from:
1
2

Real data distribution q(x )
R
Generated data distribution p(x ) = p(z)p(x |z)dz, implemented via a
generator by sampling z ∼ p(z) and then sampling x ∼ p(x |z)

Generator learns conditional p(x |z) to fool the discriminator
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GAN: Formulation

The adversarial game is formalized by the value funciton
min max V (D, G)
G

(1)

D

= Eq(x) [log(D(x))] + Ep(z) [log(1 − D(G(z)))]

Z
=

(2)

ZZ
q(x) log(D(x))dx +

p(z)p(x | z) log(1 − D(x))dxdz

(3)

Lacks an efficient mechanism to infer z given x
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Bidirectional GAN: Main Idea

Cast the learning of both an inference machine(encoder) and a deep
directed generative model(decoder) in a GAN-like adversarial
framework.
Discriminator is trained to discriminate between joint samples (x,z)
from:
1

Encoder distribution q(x , z) = q(x ) q(z|x ), or
|{z}

2

Decoder distribution p(x , z) = p(z) p(x |z)
|{z}

data

prior

Generator learns conditionals q(z|x ) and p(x |z) to fool the
discriminator
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Bidirectional GAN: Formulation

The adversarial game is formalized by the value funciton
min max V (D, G)
G

(4)

D

= Eq(x) [log(D(x, Gz (x)))] + Ep(z) [log(1 − D(Gx (z), z))]

ZZ
=

(5)

ZZ
q(x)q(z | x) log(D(x, z))dxdz +

p(z)p(x | z) log(1 − D(x, z))dxdz

(6)
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Algorithm

Notes:
BiGAN uses two deterministic mappings
ALI’s experiments use one deterministic mapping and one stochastic
mapping
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Bidirectional GAN: Theoretical Properties
Theorem (optimal discriminator and generator)
For a fixed generator, the optimal discriminator is
q(x,z)
D ∗ (x, z) = q(x,z)+p(x,z)
The encoder and decoder’s objective for an optimal discriminator can
be rewritten as
C (G) , maxD V (D, G) = V (D ∗ , G) = 2DJS (p(x , z)||q(x , z)) − log4
The global minimum of C (G) is achieved if and only if
p(x , z) = q(x , z). At that point, C (G) = −log4 and D ∗ (x , z) =

1
2

Theorem (reconstruction)
Assuming optimal discriminator D and generator G. If the encoder Gz
and decoder Gx are deterministic, then Gx = Gz−1 and Gz = Gx−1
almost everywhere
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ALI Experiments: Samples and Reconstruction
can hardly reconstruct because of underfitting in practice

Figure: For the reconstructions, odd columns are original samples from the validation
set and even columns are corresponding reconstructions
8 / 13

ALI Experiments: Semi-supervised Learning

Figure: CIFAR10 test set missclassification rate for semi-supervised learning using
different numbers of trained labeled examples

The discriminator D takes x and z as input and outputs a distribution
over K + 1 classes, where K is the numer of categories
For labeled q(x , z) samples, D is expected to predict the label
For unlabeled q(x , z) and p(x , z) samples, D is expected to predict
K + 1 for p(x , z) and k ∈ {1, ..., K } for q(x , z) samples
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BiGAN Experiments: MNIST

Figure: 1NN classification accuracy on permutation-invariant MNIST test set in the
feature space learned by BiGAN, Latent Regressor (LR), Joint Latent Regressor (JLR),
and an autoencoder (AE) using an L1 or L2 distance

LR: Latent Regressor, first train a GAN, then learn an encoder to
reconstruct z
JLR: Joint Latent Regressor, jointly learn an encoder to reconstruct z

Figure: generator samples G(z), real data x, and corresponding reconstructions G(E(x))
on the permutation-invariant MNIST
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BiGAN Experiments: ImageNet

Figure: generator samples G(z), real data x, and corresponding reconstructions G(E(x))
on ImageNet
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BiGAN Experiments: Transferability

Figure: Classification accuracy for the ImageNet LSVRC validation set with various
portions of the network frozen, or reinitialized and trained from scratch

The first N layers of the classifier are transferred from BiGAN’s
encoder and frozen
The following layers are reinitialized and trained fully supervised
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BiGAN Experiments: Transferability

Figure: Classification and Fast R-CNN detection results for the PASCAL VOC 2007 test
set, and FCN segmentation results on the PASCAL VOC 2012 validation set.

Classification models are trained with various portions of the AlexNet
transferred from BiGAN’s encoder and frozen
For detection and semantic segmentation, the BiGAN’s encoder is
used as the initialization for Fast R-CNN and FCN, replacing the
AlexNet model trained fully supervised for ImageNet classification
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