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• Discriminative
‣ model posterior

Discriminative versus Generative Models
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p(z|x)

Question: Given an input, how likely its class is sunflower or banana?
p(z|x) p(z|x)

banana or  
sunflower?

bananasunflower

learn a decision boundary
in a specific feature space



• Discriminative
‣ model posterior

Discriminative versus Generative Models
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p(z|x)

Question: Given an input, how likely its class is girl or ostrich?
p(z|x) p(z|x)



• Discriminative
‣ model posterior

• Generative
‣ model likelihood w/ prior

Discriminative versus Generative Models
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p(z|x)

p(x|z) · p(z)

Question: I know how human pose can be, 
                given a pose, how well it fit the body of Mayor Ko?

p(z|x)p(x|z) · p(z)



• Generative
‣ model likelihood w/ prior

Why Generative Models?
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p(x|z) · p(z)
☞ Given data, train a model to 

generate samples like it



• Generative
‣ model likelihood w/ prior

Why Generative Models?
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p(x|z) · p(z)
☞ Given data, train a model to 

generate samples like it

samples

data: images of dog

model ☞ process of data formation

p(x|z) · p(z)

p(x|z) · p(z)

latent variables: 
attributes of dogs
e.g. color, species

given a setting of 
attributes, how the  
dog will look like?



• Generative
‣ model likelihood w/ prior

Why Generative Models?

�9

p(x|z) · p(z)
☞ Given data, train a model to 

generate samples like it

samples

data: images of dog

model ☞ process of data formation

p(x|z) · p(z)

p(x|z) · p(z)

latent variables: 
attributes of dogs
e.g. color, species

given a setting of 
attributes, how the  
dog will look like?HOW?

[Ref: https://openai.com/blog/generative-models/]
Richard Feynman: “What I cannot create, I do not understand”
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• More “semantic” representation in the latent space z

All We Want to Know is Latent Variables
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latent variables: 
color, species



A Novel Way To Discover Latent Variables
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named as auto-encoder, once superstar few years ago…

most important information 
of input image ☞ latent space



Now Include Our Favourite Deep Models
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: images formation includes  
  almost infinite parameters, 
  use deep models with known  
  largest capacitiesYann LeCun

☞ simply treat as a super powerful function

A Convolutional Neural Network is made up of layers. 
Every layer transforms input to output with some differentiable functions.



Okay, Back to Our Autoencoder Story First
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Looks like we can have generator  
for free here?



Okay, Back to Our Autoencoder Story First
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Looks like we can have generator  
for free here?like the drinks in the hotel

not for free!
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What Are Problems of Free Generator 
from Autoencoder?
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Only samples, how about other  
regions not covered?

what might it 
be?

latent space

We wanna to have ”distribution”  
where we can sample from any location

p(z)



What Are Problems of Free Generator 
from Autoencoder?
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kernel density estimation

We wanna to have ”distribution”  
where we can sample from any location

get them closer, so we can sample easily

p(z)



         Here Comes Variational Autoencoder (VAE)
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p(x) =

Z
p(x|z; ✓)p(z)dz Original intuition: maximize probability of each___  

in training set under the entire generative process
x

☞ new function_________ takes___and gives distribution over__Q(z|x) x z

Ez⇠QP (x|z) , p(x)
maximize 

variational! minimize their KL divergence

p(z)

☞ sample___that are likely to have produced __, compute______xz p(x)

Now is a “distribution”, we can assume it to be 
a distribution easy to sample from, e.g. Gaussian 

D. Kingma



         Here Comes Variational Autoencoder (VAE)
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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D. Kingma
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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p(z) = N (0, I)assume

Now is a “distribution”, we can assume it to be 
a distribution easy to sample from, e.g. Gaussian 

D. Kingma
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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reparameterization trick to 
enable end-to-end optimization

p(z) = N (0, I)assume

[Ref: C. Doersch, Tutorial on Variational Autoencoder, 2016]

D. Kingma
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         Here Comes Variational Autoencoder (VAE)
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D. Kingma

compactly capture the underlying factors 
that explain most of the variation in the data
Correspondingly, the actual task to generate content 
can be considered as a measure of the power of the 
internal representation



Example Results for Variational Autoencoder (VAE)
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(a) Learned Frey Face manifold (b) Learned MNIST manifold

Figure 4: Visualisations of learned data manifold for generative models with two-dimensional latent
space, learned with AEVB. Since the prior of the latent space is Gaussian, linearly spaced coor-
dinates on the unit square were transformed through the inverse CDF of the Gaussian to produce
values of the latent variables z. For each of these values z, we plotted the corresponding generative
p✓(x|z) with the learned parameters ✓.

(a) 2-D latent space (b) 5-D latent space (c) 10-D latent space (d) 20-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities
of latent space.

B Solution of �DKL(q�(z)||p✓(z)), Gaussian case

The variational lower bound (the objective to be maximized) contains a KL term that can often be
integrated analytically. Here we give the solution when both the prior p✓(z) = N (0, I) and the
posterior approximation q�(z|x(i)) are Gaussian. Let J be the dimensionality of z. Let µ and �
denote the variational mean and s.d. evaluated at datapoint i, and let µj and �j simply denote the
j-th element of these vectors. Then:

Z
q✓(z) log p(z) dz =

Z
N (z;µ,�2) logN (z;0, I) dz

= �J

2
log(2⇡)� 1

2

JX

j=1

(µ2
j + �2

j )
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[Ref: http://torch.ch/blog/2015/11/13/gan.html]
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[Ref: Kingma et al., Auto-Encoding Variational Bayes, 2013]

http://torch.ch/blog/2015/11/13/gan.html
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Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to
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tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.
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Different Modelling Perspective v.s. VAE
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☞ impose prior on latent space

☞ reconstruction error

Yoshua Bengio [Quora] 
• injected noise 
• imperfect reconstruction 
☞ more blurred output



Different Modelling Perspective v.s. VAE
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☞impose adversarial loss on data distribution 
☞generative adversarial network [Goodfellow et al., 2014]

bossing

☞ impose prior on latent space

☞ reconstruction error

I. Goodfellow



              Generative Adversarial Network (GAN)
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I. Goodfellow z x

I just want to learn generator!



              Generative Adversarial Network (GAN)
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I. Goodfellow z x

I just want to learn generator!

generatorz

latent 
code

generated image

might look like a fake image, 

how to get it more realistic?
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☞impose adversarial loss on data distributionI. Goodfellow

R/F

training image

generatorz

latent 
code

generated image
discriminator

real? 
fake?
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I. Goodfellow

R/F

training image

generatorz

latent 
code

generated image
discriminator

real? 
fake?

generator: try to generate more realistic images to cheat discriminator
discriminator: try to distinguish whether the image is generated or real

☞impose adversarial loss on data distribution



training image

              Generative Adversarial Network (GAN)
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I. Goodfellow

R/F

generatorz

latent 
code

generated image
discriminator

real? 
fake?

evaluate the difference 
between pdata(x) and pG(x)

min-max game on a function V(G, D)
G⇤, D⇤ = arg min

G
max
D

V (G,D)



              Generative Adversarial Network (GAN)
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I. Goodfellow

min-max game on a function V(G, D)

V (G,D) = Ex⇠Pdata [logD(x)] + Ex⇠PG [log(1�D(x))]

1. Given G, maximise V to find D: if x is from real data, maximise logD(x) ☞ D(x) = 1
if x is synthetic, maximise log(1-D(x)) ☞ D(x) = 0

2. Given D, minimise V to find G: x is synthetic, minimise log(1-D(x)) ☞ D(x) = 1

(update parameters for D)

(update parameters for G)

G⇤, D⇤ = arg min
G

max
D

V (G,D)



              Generative Adversarial Network (GAN)
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I. Goodfellow

min-max game on a function V(G, D)

V (G,D) = Ex⇠Pdata [logD(x)] + Ex⇠PG [log(1�D(x))]

optimal D:

optimal G:

D⇤(x) =
Pdata(x)

Pdata(x) + PG(x)

PG(x) = Pdata(x)

G⇤, D⇤ = arg min
G

max
D

V (G,D)



              DC-GAN (Deep Convolutional GAN)
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Alec Radford

Key ideas: 
• Replace FC hidden layers with convolutions 

‣Generator: fractional-strided convolutions 
• Use batch-normalization after each layer 
• Insider Generator 

‣Use ReLU for hidden layers 
‣Use Tanh for the output layer

fractional-strided

fully connected (project) 
from 100 to 16x1024

then reshape to 4x4x1024



Example Results for Adversarial Generative Model
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[Ref:https://github.com/carpedm20/DCGAN-tensorflow/]
[Ref:Radford et al., DC-GAN, 2015]



Example Results for Adversarial Generative Model
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[Ref:Radford et al., DC-GAN, 2015]



Mode Collapse in GANs
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Published as a conference paper at ICLR 2017

Figure 2: Unrolling the discriminator stabilizes GAN training on a toy 2D mixture of Gaussians
dataset. Columns show a heatmap of the generator distribution after increasing numbers of training
steps. The final column shows the data distribution. The top row shows training for a GAN with
10 unrolling steps. Its generator quickly spreads out and converges to the target distribution. The
bottom row shows standard GAN training. The generator rotates through the modes of the data
distribution. It never converges to a fixed distribution, and only ever assigns significant probability
mass to a single data mode at once.

Figure 3: Unrolled GAN training increases stability for an RNN generator and convolutional dis-
criminator trained on MNIST. The top row was run with 20 unrolling steps. The bottom row is a
standard GAN, with 0 unrolling steps. Images are samples from the generator after the indicated
number of training steps.

generator, but without backpropagating through the generator. In both cases we find that the unrolled
objective performs better.

3.2 PATHOLOGICAL MODEL WITH MISMATCHED GENERATOR AND DISCRIMINATOR

To evaluate the ability of this approach to improve trainability, we look to a traditionally challenging
family of models to train – recurrent neural networks (RNNs). In this experiment we try to generate
MNIST samples using an LSTM (Hochreiter & Schmidhuber, 1997). MNIST digits are 28x28 pixel
images. At each timestep of the generator LSTM, it outputs one column of this image, so that
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successful GAN models, there is no symmetry between the generator and the discriminator in this
task, resulting in a more complex power balance. Results can be seen in Figure 3. Once again,
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[Ref: Metz et al., Unrolled GAN, 2017]

Generator fails to output diverse samples!
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credit: Ian Goodfellow

J SD(P ||Q) =
1

2
KL(P ||M) +

1

2
KL(Q||M)

where M =
1

2
(P + Q)

The objective used in GAN produces  
distance measure of Jensen-Shannon divergence

whose property is close to reverse KL, thus mode collapse
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[Ref: Salimans et al., Improved Techniques for training GANS, 2016]

Few solutions: 
1. feature matching 
2. minbatch discrimination 
3. unrolled GAN 
4. noisy labels 



Mode Collapse in GANs - Feature Matching

�41

• Modify the cost function of generator, to include diversity in real 
batches into the generated batches 

• Instead of fooling discriminator by the fake batches, now 
matching the statistic (e.g. L2 norm) of discriminator features 
(responses on a layer of discriminator) for fake batches to those 
of real batches

training image

R/F

generatorz

latent 
code

generated image
discriminator

real? 
fake?

evaluate the difference 
between real and fake 
batches on certain layer
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• Let the discriminator look at the entire batch instead of single 
examples 
‣ If there is lack of diversity, it will mark the examples as fake 

1. Extract features that capture diversity in the mini-batch 
➡ for instance, L2 norm of the difference between all pairs from the batch 

2. Feed those features to the discriminator along with the image 

3. Feature values will differ b/w diverse and non-diverse batches 
➡ thus, discriminator will rely on those features for classification 

4. Force the generator to match those features of diversity, thus 
generate diverse batches

just like an additional feature attached to a batch
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Figure 1: An illustration of the computation graph for an unrolled GAN with 3 unrolling steps.
The generator update in Equation 10 involves backpropagating the generator gradient (blue arrows)
through the unrolled optimization. Each step k in the unrolled optimization uses the gradients of fk
with respect to ✓kD, as described in Equation 7 and indicated by the green arrows. The discriminator
update in Equation 11 does not depend on the unrolled optimization (red arrow).

gradient descent is given as Algorithm 2 in (Maclaurin et al., 2015), though in practice the use of
an automatic differentiation package means this step does not need to be programmed explicitly. A
pictorial representation of these updates is provided in Figure 1.

It is important to distinguish this from an approach suggested in (Goodfellow et al., 2014), that
several update steps of the discriminator parameters should be run before each single update step for
the generator. In that approach, the update steps for both models are still gradient descent (ascent)
with respect to fixed values of the other model parameters, rather than the surrogate loss we describe
in Eq. 9. Performing K steps of discriminator update between each single step of generator update
corresponds to updating the generator parameters ✓G using only the first term in Eq. 12 below.

2.4 THE MISSING GRADIENT TERM

To better understand the behavior of the surrogate loss fK (✓G, ✓D), we examine its gradient with
respect to the generator parameters ✓G,

dfK (✓G, ✓D)

d✓G
=

@f
�
✓G, ✓KD (✓G, ✓D)

�

@✓G
+

@f
�
✓G, ✓KD (✓G, ✓D)

�

@✓KD (✓G, ✓D)

d✓KD (✓G, ✓D)

d✓G
. (12)

Standard GAN training corresponds exactly to updating the generator parameters using only the
first term in this gradient, with ✓KD (✓G, ✓D) being the parameters resulting from the discriminator
update step. An optimal generator for any fixed discriminator is a delta function at the x to which the
discriminator assigns highest data probability. Therefore, in standard GAN training, each generator
update step is a partial collapse towards a delta function.

The second term captures how the discriminator would react to a change in the generator. It reduces
the tendency of the generator to engage in mode collapse. For instance, the second term reflects
that as the generator collapses towards a delta function, the discriminator reacts and assigns lower
probability to that state, increasing the generator loss. It therefore discourages the generator from
collapsing, and may improve stability.

As K ! 1, ✓KD goes to a local optimum of f , where @f
@✓K

D
= 0, and therefore the second term in

Eq. 12 goes to 0 (Danskin, 1967). The gradient of the unrolled surrogate loss fK (✓G, ✓D) with
respect to ✓G is thus identical to the gradient of the standard GAN loss f (✓G, ✓D) both when K = 0
and when K ! 1, where we take K ! 1 to imply that in the standard GAN the discriminator
is also fully optimized between each generator update. Between these two extremes, fK (✓G, ✓D)
captures additional information about the response of the discriminator to changes in the generator.

4

• Instead of learning generator to fool the current discriminator, it 
learns to maximally fool discriminator after peeking into the future 
‣ let discriminator updated few more runs and make generator fool the 

stronger discriminator
make generator great again! don’t wanna  
have cat-mouse-game every time!
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with respect to fixed values of the other model parameters, rather than the surrogate loss we describe
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2.4 THE MISSING GRADIENT TERM

To better understand the behavior of the surrogate loss fK (✓G, ✓D), we examine its gradient with
respect to the generator parameters ✓G,

dfK (✓G, ✓D)

d✓G
=

@f
�
✓G, ✓KD (✓G, ✓D)

�

@✓G
+

@f
�
✓G, ✓KD (✓G, ✓D)

�

@✓KD (✓G, ✓D)

d✓KD (✓G, ✓D)

d✓G
. (12)

Standard GAN training corresponds exactly to updating the generator parameters using only the
first term in this gradient, with ✓KD (✓G, ✓D) being the parameters resulting from the discriminator
update step. An optimal generator for any fixed discriminator is a delta function at the x to which the
discriminator assigns highest data probability. Therefore, in standard GAN training, each generator
update step is a partial collapse towards a delta function.

The second term captures how the discriminator would react to a change in the generator. It reduces
the tendency of the generator to engage in mode collapse. For instance, the second term reflects
that as the generator collapses towards a delta function, the discriminator reacts and assigns lower
probability to that state, increasing the generator loss. It therefore discourages the generator from
collapsing, and may improve stability.

As K ! 1, ✓KD goes to a local optimum of f , where @f
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= 0, and therefore the second term in

Eq. 12 goes to 0 (Danskin, 1967). The gradient of the unrolled surrogate loss fK (✓G, ✓D) with
respect to ✓G is thus identical to the gradient of the standard GAN loss f (✓G, ✓D) both when K = 0
and when K ! 1, where we take K ! 1 to imply that in the standard GAN the discriminator
is also fully optimized between each generator update. Between these two extremes, fK (✓G, ✓D)
captures additional information about the response of the discriminator to changes in the generator.
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Figure 2: Unrolling the discriminator stabilizes GAN training on a toy 2D mixture of Gaussians
dataset. Columns show a heatmap of the generator distribution after increasing numbers of training
steps. The final column shows the data distribution. The top row shows training for a GAN with
10 unrolling steps. Its generator quickly spreads out and converges to the target distribution. The
bottom row shows standard GAN training. The generator rotates through the modes of the data
distribution. It never converges to a fixed distribution, and only ever assigns significant probability
mass to a single data mode at once.

Figure 3: Unrolled GAN training increases stability for an RNN generator and convolutional dis-
criminator trained on MNIST. The top row was run with 20 unrolling steps. The bottom row is a
standard GAN, with 0 unrolling steps. Images are samples from the generator after the indicated
number of training steps.

generator, but without backpropagating through the generator. In both cases we find that the unrolled
objective performs better.

3.2 PATHOLOGICAL MODEL WITH MISMATCHED GENERATOR AND DISCRIMINATOR

To evaluate the ability of this approach to improve trainability, we look to a traditionally challenging
family of models to train – recurrent neural networks (RNNs). In this experiment we try to generate
MNIST samples using an LSTM (Hochreiter & Schmidhuber, 1997). MNIST digits are 28x28 pixel
images. At each timestep of the generator LSTM, it outputs one column of this image, so that
after 28 timesteps it has output the entire sample. We use a convolutional neural network as the
discriminator. See Appendix C for the full model and training details. Unlike in all previously
successful GAN models, there is no symmetry between the generator and the discriminator in this
task, resulting in a more complex power balance. Results can be seen in Figure 3. Once again,
without unrolling the model quickly collapses, and rotates through a sequence of single modes.
Instead of rotating spatially, it cycles through proto-digit like blobs. When running with unrolling
steps the generator disperses and appears to cover the whole data distribution, as in the 2D example.
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• Label smoothing:  
‣ replace the label of real data with a random number b/w 0.7 and 1.2, 

and replace the label of generated data with 0.0 and 0.3 (for example), 
or keep label of generated data to be 0 (one-sided)  

• Occasionally inverse the labels 
‣ inversely label real data by 0, and generated data by 1 
‣ fool the discriminator a little bit more

Mode Collapse in GANs - Noisy Labels

�45

V (G, D) = Ex�Pdata [logD(x)] + Ez�Q(z) [log(1 � D(G(z)))]

��GV (G, D) = ��GEz�Q(z) [log(1 � D(G(z)))]

as we know �alog(1 � �(a)) =
��a�(a)

1 � �(a)
=

��(a)(1 � �(a))

1 � �(a)
= ��(a) � �D(G(z))

which means, the gradient goes to 0 if D is confident, i.e. D(G(z)) � 0

V (G, D) = Ex�Pdata [logD(x)] + Ez�Q(z) [log(1 � D(G(z)))]

��GV (G, D) = ��GEz�Q(z) [log(1 � D(G(z)))]

as we know �alog(1 � �(a)) =
��a�(a)

1 � �(a)
=

��(a)(1 � �(a))

1 � �(a)
= ��(a) � �D(G(z))

which means, the gradient goes to 0 if D is confident, i.e. D(G(z)) � 0
discriminator too strong, try to slow it down. 

just like sometime we will tune the ratio between times of updating D and G



• f-GAN 

• Energy-Based GAN (EBGAN) 

• Boundary Equilibrium GAN (BEGAN) 

• Wasserstein GAN (WGAN) 

• Least-Square GAN (LSGAN) 

• Maximum Mean Discrepancy GAN (MMD-GAN)

Different Variants of GAN with Different Objectives

�46

How to measure the distance/difference  
between distributions?
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remember complement b/w KL and reverse KL?

diversity while keeping good quality of generated samples. More importantly, our proposed model
can be scaled up to train on the large-scale ImageNet database, obtain a competitive variety score and
generate reasonably good quality images.

In short, our main contributions are: (i) a novel generative adversarial model that encourages the
diversity of samples produced by the generator; (ii) a theoretical analysis to prove that our objective is
optimized towards minimizing both KL and reverse KL divergence and has a global optimum where
pG = pdata; and (iii) a comprehensive evaluation on the effectiveness of our proposed method using a
wide range of quantitative criteria on large-scale datasets.

2 Generative Adversarial Nets

We first review the generative adversarial network (GAN) that was introduced in [10] to formulate a
game of two players: a discriminator D and a generator G. The discriminator, D (x), takes a point x
in data space and computes the probability that x is sampled from data distribution pdata, rather than
generated by the generator G. At the same time, the generator first maps a noise vector z drawn from
a prior p (z) to the data space, obtaining a sample G (z) that resembles the training data, and then uses
this sample to challenge the discriminator. The mapping G (z) induces a generator distribution PG in
data domain with probability density function pG (x). Both G and D are parameterized by neural
networks (see Fig. 1a for an illustration) and learned by solving the following minimax optimization:

min
G

max
D

J (G,D) = Ex⇠Pdata(x) [log (D (x))] + Ez⇠Pz [log (1�D (G (z)))]

The learning follows an iterative procedure wherein the discriminator and generator are alternatively
updated. Given a fixed G, the maximization subject to D results in the optimal discriminator
D? (x) = pdata(x)

pdata(x)+pG(x) , whilst given this optimal D?, the minimization of G turns into minimizing
the Jensen-Shannon (JS) divergence between the data and model distributions: DJS (PdatakPG) [10].
At the Nash equilibrium of a game, the model distribution recovers the data distribution exactly:
PG = Pdata, thus the discriminator D now fails to differentiate real or fake data as D (x) = 0.5, 8x.

(a) GAN. (b) D2GAN.

Figure 1: An illustration of the standard GAN and our proposed D2GAN.

Since the JS divergence has been empirically proven to have the same nature as that of the reverse
KL divergence [28, 13, 11], GAN suffers from the model collapsing problem, and thus its generated
data samples have low level of diversity [18, 5].

3 Dual Discriminator Generative Adversarial Nets

To tackle GAN’s problem of mode collapse, in what follows we present our main contribution of a
framework that seeks an approximated distribution to effectively cover many modes of the multimodal
data. Our intuition is based on GAN, but we formulate a three-player game that consists of two
different discriminators D1 and D2, and one generator G. Given a sample x in data space, D1 (x)
rewards a high score if x is drawn from the data distribution Pdata, and gives a low score if generated
from the model distribution PG. In contrast, D2 (x) returns a high score for x generated from PG

whilst giving a low score for a sample drawn from Pdata. Unlike GAN, the scores returned by our
discriminators are values in R+ rather than probabilities in [0, 1]. Our generator G performs a similar

3

[Ref: Nguyen et al., D2GAN, Sept. 2017]

has KL & reverse KL jointly!



• Two discriminators (no weights sharing) 
‣ D1: D1(x) rewards high score if x is from Pdata (real),  

               and gives low score if x is from PG (generated) 

‣ D2: D2(x) rewards low score if x is from Pdata (real),  
               and gives high score if x is from PG (generated) 

• Three-player minimax optimization game now:)

D2GAN
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diversity while keeping good quality of generated samples. More importantly, our proposed model
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generated by the generator G. At the same time, the generator first maps a noise vector z drawn from
a prior p (z) to the data space, obtaining a sample G (z) that resembles the training data, and then uses
this sample to challenge the discriminator. The mapping G (z) induces a generator distribution PG in
data domain with probability density function pG (x). Both G and D are parameterized by neural
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Since the JS divergence has been empirically proven to have the same nature as that of the reverse
KL divergence [28, 13, 11], GAN suffers from the model collapsing problem, and thus its generated
data samples have low level of diversity [18, 5].

3 Dual Discriminator Generative Adversarial Nets

To tackle GAN’s problem of mode collapse, in what follows we present our main contribution of a
framework that seeks an approximated distribution to effectively cover many modes of the multimodal
data. Our intuition is based on GAN, but we formulate a three-player game that consists of two
different discriminators D1 and D2, and one generator G. Given a sample x in data space, D1 (x)
rewards a high score if x is drawn from the data distribution Pdata, and gives a low score if generated
from the model distribution PG. In contrast, D2 (x) returns a high score for x generated from PG

whilst giving a low score for a sample drawn from Pdata. Unlike GAN, the scores returned by our
discriminators are values in R+ rather than probabilities in [0, 1]. Our generator G performs a similar
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V (G,D) = Ex⇠Pdata [logD(x)] + Ex⇠PG [log(1�D(x))]

role to that of GAN, i.e., producing data mapped from a noise space to synthesize the real data and
then fool both two discriminators D1 and D2. All three players are parameterized by neural networks
wherein D1 and D2 do not share their parameters. We term our proposed model dual discriminator
generative adversarial network (D2GAN). Fig. 1b shows an illustration of D2GAN.

More formally, D1, D2 and G now play the following three-player minimax optimization game:

min
G

max
D1,D2

J (G,D1, D2) = ↵⇥ Ex⇠Pdata [logD1 (x)] + Ez⇠Pz [�D1 (G (z))]

+ Ex⇠Pdata [�D2 (x)] + � ⇥ Ez⇠Pz [logD2 (G (z))] (1)

wherein we have introduced hyperparameters 0 < ↵,�  1 to serve two purposes. The first is
to stabilize the learning of our model. As the output values of two discriminators are positive
and unbounded, D1 (G (z)) and D2 (x) in Eq. (1) can become very large and have exponentially
stronger impact on the optimization than logD1 (x) and logD2 (G (z)) do, rendering the learning
unstable. To overcome this issue, we can decrease ↵ and �, in effect making the optimization penalize
D1 (G (z)) and D2 (x), thus helping to stabilize the learning. The second purpose of introducing ↵
and � is to control the effect of KL and reverse KL divergences on the optimization problem. This
will be discussed in the following part once we have the derivation of our optimal solution.

Similar to GAN [10], our proposed network can be trained by alternatively updating D1, D2 and G.
We refer to the supplementary material for the pseudo-code of learning parameters for D2GAN.
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generative adversarial network (D2GAN). Fig. 1b shows an illustration of D2GAN.
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1 (x) and D?
2 (x). Setting the derivatives w.r.t D1 and D2 to 0, we gain:
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D1
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D2
� pdata (x) = 0 (2)

The second derivatives: �↵pdata(x)/D2
1 and ��pG(x)/D2

2 are non-positive, thus verifying that we have
obtained the maximum solution and concluding the proof.

Next, we fix D1 = D?
1 , D2 = D?

2 and find the optimal solution G? for the generator G.
Theorem 2. Given D?
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?
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1 , D
?
2) for minimax optimization

problem of D2GAN, we have the following form for each component:
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?
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Proof. Substituting D?
1 , D

?
2 from Eq. (2) into the objective function in Eq. (1) of the minimax

problem, we gain:

J (G,D?
1 , D

?
2) = ↵⇥ Ex⇠Pdata


log↵+ log

pdata (x)

pG (x)

�
� ↵

ˆ
x
pG (x)

pdata (x)

pG (x)
dx

� �

ˆ
x
pdata

pG (x)

pdata (x)
dx+ � ⇥ Ex⇠PG


log � + log

pG (x)

pdata (x)

�

= ↵ (log↵� 1) + � (log � � 1) + ↵DKL (PdatakPG) + �DKL (PGkPdata) (3)

where DKL (PdatakPG) and DKL (PGkPdata) is the KL and reverse KL divergences between data and
model (generator) distributions, respectively. These divergences are always nonnegative and only zero
when two distributions are equal: pG? = pdata. In other words, the generator induces a distribution
pG? that is identical to the data distribution pdata, and two discriminators now fail to recognize the real
or fake samples since they return the same score of 1 for both samples. This concludes the proof.

The loss of generator in Eq. (3) shows that increasing ↵ promotes the optimization towards minimizing
the KL divergence DKL (PdatakPG), thus helping the generative distribution cover multiple modes,
but may include potentially undesirable samples; whereas increasing � encourages the minimization
of the reverse KL divergence DKL (PGkPdata), hence enabling the generator capture a single mode
better, but may miss many modes. By empirically adjusting these two hyperparameters, we can
balance the effect of two divergences, and hence effectively avoid the mode collapsing issue.

4 Experiments

In this section, we conduct comprehensive experiments to demonstrate the capability of improving
mode coverage and the scalability of our proposed model on large-scale datasets. We use a synthetic
2D dataset for both visual and numerical verification, and four datasets of increasing diversity and
size for numerical verification. We have made our best effort to compare the results of our method
with those of the latest state-of-the-art GAN’s variants by replicating experimental settings in the
original work whenever possible.

For each experiment, we refer to the supplementary material for model architectures and additional
results. Common points are: i) discriminators’ outputs with softplus activations :f (x) = ln (1 + ex),
i.e., positive version of ReLU; (ii) Adam optimizer [14] with learning rate 0.0002 and the first-order
momentum 0.5; (iii) minibatch size of 64 samples for training both generator and discriminators; (iv)
Leaky ReLU with the slope of 0.2; and (v) weights initialized from an isotropic Gaussian: N (0, 0.01)
and zero biases. Our implementation is in TensorFlow [1] and will be released once published. We
now present our experiments on synthetic data followed by those on large-scale real-world datasets.

4.1 Synthetic data

In the first experiment, we reuse the experimental design proposed in [18] to investigate how well our
D2GAN can deal with multiple modes in the data. More specifically, we sample training data from
a 2D mixture of 8 Gaussian distributions with a covariance matrix 0.02I and means arranged in a
circle of zero centroid and radius 2.0. Data in these low variance mixture components are separated
by an area of very low density. The aim is to examine properties such as low probability regions and
low separation of modes.

We use a simple architecture of a generator with two fully connected hidden layers and discriminators
with one hidden layer of ReLU activations. This setting is identical, thus ensures a fair comparison
with UnrolledGAN1 [18]. Fig. 2c shows the evolution of 512 samples generated by our models and
baselines through time. It can be seen that the regular GAN generates data collapsing into a single
mode hovering around the valid modes of data distribution, thus reflecting the mode collapse in
GAN. At the same time, UnrolledGAN and D2GAN distribute data around all 8 mixture components,
and hence demonstrating the abilities to successfully learn multimodal data in this case. At the last
steps, our D2GAN captures data modes more precisely than UnrolledGAN as, in each mode, the
UnrolledGAN generates data that concentrate only on several points around the mode’s centroid, thus
seems to produce fewer samples than D2GAN whose samples fairly spread out the entire mode.

Next we further quantitatively compare the quality of generated data. Since we know the true
distribution pdata in this case, we employ two measures, namely symmetric KL divergence and

1We obtain the code of UnrolledGAN for 2D data from the link authors provided in [18].
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role to that of GAN, i.e., producing data mapped from a noise space to synthesize the real data and
then fool both two discriminators D1 and D2. All three players are parameterized by neural networks
wherein D1 and D2 do not share their parameters. We term our proposed model dual discriminator
generative adversarial network (D2GAN). Fig. 1b shows an illustration of D2GAN.

More formally, D1, D2 and G now play the following three-player minimax optimization game:

min
G

max
D1,D2

J (G,D1, D2) = ↵⇥ Ex⇠Pdata [logD1 (x)] + Ez⇠Pz [�D1 (G (z))]

+ Ex⇠Pdata [�D2 (x)] + � ⇥ Ez⇠Pz [logD2 (G (z))] (1)

wherein we have introduced hyperparameters 0 < ↵,�  1 to serve two purposes. The first is
to stabilize the learning of our model. As the output values of two discriminators are positive
and unbounded, D1 (G (z)) and D2 (x) in Eq. (1) can become very large and have exponentially
stronger impact on the optimization than logD1 (x) and logD2 (G (z)) do, rendering the learning
unstable. To overcome this issue, we can decrease ↵ and �, in effect making the optimization penalize
D1 (G (z)) and D2 (x), thus helping to stabilize the learning. The second purpose of introducing ↵
and � is to control the effect of KL and reverse KL divergences on the optimization problem. This
will be discussed in the following part once we have the derivation of our optimal solution.

Similar to GAN [10], our proposed network can be trained by alternatively updating D1, D2 and G.
We refer to the supplementary material for the pseudo-code of learning parameters for D2GAN.

3.1 Theoretical analysis

We now provide formal theoretical analysis of our proposed model, that essentially shows that, given
G, D1 and D2 are of enough capacity, i.e., in the nonparametric limit, at the optimal points, G can
recover the data distributions by minimizing both KL and reverse KL divergences between model and
data distributions. We first consider the optimization problem with respect to (w.r.t) discriminators
given a fixed generator.
Proposition 1. Given a fixed G, maximizing J (G,D1, D2) yields to the following closed-form
optimal discriminators D?

1 , D
?
2 :

D?
1 (x) =
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pG (x)
and D?

2 (x) =
�pG (x)

pdata (x)

Proof. According to the induced measure theorem [12], two expectations are equal:
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tive function can be rewritten as below:
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=
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[↵pdata (x) logD1 (x)� pGD1 (x)� pdata (x)D2 (x) + �pG logD2 (x)] dx

Considering the function inside the integral, given x, we maximize this function w.r.t two variables
D1, D2 to find D?

1 (x) and D?
2 (x). Setting the derivatives w.r.t D1 and D2 to 0, we gain:
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D1
� pG (x) = 0 and

�pG (x)

D2
� pdata (x) = 0 (2)

The second derivatives: �↵pdata(x)/D2
1 and ��pG(x)/D2

2 are non-positive, thus verifying that we have
obtained the maximum solution and concluding the proof.

Next, we fix D1 = D?
1 , D2 = D?

2 and find the optimal solution G? for the generator G.
Theorem 2. Given D?
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?
2 , at the Nash equilibrium point (G?, D?

1 , D
?
2) for minimax optimization

problem of D2GAN, we have the following form for each component:

J (G?, D?
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2) = ↵ (log↵� 1) + � (log � � 1)
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Proof. Substituting D?
1 , D

?
2 from Eq. (2) into the objective function in Eq. (1) of the minimax

problem, we gain:

J (G,D?
1 , D

?
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= ↵ (log↵� 1) + � (log � � 1) + ↵DKL (PdatakPG) + �DKL (PGkPdata) (3)

where DKL (PdatakPG) and DKL (PGkPdata) is the KL and reverse KL divergences between data and
model (generator) distributions, respectively. These divergences are always nonnegative and only zero
when two distributions are equal: pG? = pdata. In other words, the generator induces a distribution
pG? that is identical to the data distribution pdata, and two discriminators now fail to recognize the real
or fake samples since they return the same score of 1 for both samples. This concludes the proof.

The loss of generator in Eq. (3) shows that increasing ↵ promotes the optimization towards minimizing
the KL divergence DKL (PdatakPG), thus helping the generative distribution cover multiple modes,
but may include potentially undesirable samples; whereas increasing � encourages the minimization
of the reverse KL divergence DKL (PGkPdata), hence enabling the generator capture a single mode
better, but may miss many modes. By empirically adjusting these two hyperparameters, we can
balance the effect of two divergences, and hence effectively avoid the mode collapsing issue.

4 Experiments

In this section, we conduct comprehensive experiments to demonstrate the capability of improving
mode coverage and the scalability of our proposed model on large-scale datasets. We use a synthetic
2D dataset for both visual and numerical verification, and four datasets of increasing diversity and
size for numerical verification. We have made our best effort to compare the results of our method
with those of the latest state-of-the-art GAN’s variants by replicating experimental settings in the
original work whenever possible.

For each experiment, we refer to the supplementary material for model architectures and additional
results. Common points are: i) discriminators’ outputs with softplus activations :f (x) = ln (1 + ex),
i.e., positive version of ReLU; (ii) Adam optimizer [14] with learning rate 0.0002 and the first-order
momentum 0.5; (iii) minibatch size of 64 samples for training both generator and discriminators; (iv)
Leaky ReLU with the slope of 0.2; and (v) weights initialized from an isotropic Gaussian: N (0, 0.01)
and zero biases. Our implementation is in TensorFlow [1] and will be released once published. We
now present our experiments on synthetic data followed by those on large-scale real-world datasets.

4.1 Synthetic data

In the first experiment, we reuse the experimental design proposed in [18] to investigate how well our
D2GAN can deal with multiple modes in the data. More specifically, we sample training data from
a 2D mixture of 8 Gaussian distributions with a covariance matrix 0.02I and means arranged in a
circle of zero centroid and radius 2.0. Data in these low variance mixture components are separated
by an area of very low density. The aim is to examine properties such as low probability regions and
low separation of modes.

We use a simple architecture of a generator with two fully connected hidden layers and discriminators
with one hidden layer of ReLU activations. This setting is identical, thus ensures a fair comparison
with UnrolledGAN1 [18]. Fig. 2c shows the evolution of 512 samples generated by our models and
baselines through time. It can be seen that the regular GAN generates data collapsing into a single
mode hovering around the valid modes of data distribution, thus reflecting the mode collapse in
GAN. At the same time, UnrolledGAN and D2GAN distribute data around all 8 mixture components,
and hence demonstrating the abilities to successfully learn multimodal data in this case. At the last
steps, our D2GAN captures data modes more precisely than UnrolledGAN as, in each mode, the
UnrolledGAN generates data that concentrate only on several points around the mode’s centroid, thus
seems to produce fewer samples than D2GAN whose samples fairly spread out the entire mode.

Next we further quantitatively compare the quality of generated data. Since we know the true
distribution pdata in this case, we employ two measures, namely symmetric KL divergence and

1We obtain the code of UnrolledGAN for 2D data from the link authors provided in [18].
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role to that of GAN, i.e., producing data mapped from a noise space to synthesize the real data and
then fool both two discriminators D1 and D2. All three players are parameterized by neural networks
wherein D1 and D2 do not share their parameters. We term our proposed model dual discriminator
generative adversarial network (D2GAN). Fig. 1b shows an illustration of D2GAN.

More formally, D1, D2 and G now play the following three-player minimax optimization game:

min
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D1,D2

J (G,D1, D2) = ↵⇥ Ex⇠Pdata [logD1 (x)] + Ez⇠Pz [�D1 (G (z))]

+ Ex⇠Pdata [�D2 (x)] + � ⇥ Ez⇠Pz [logD2 (G (z))] (1)

wherein we have introduced hyperparameters 0 < ↵,�  1 to serve two purposes. The first is
to stabilize the learning of our model. As the output values of two discriminators are positive
and unbounded, D1 (G (z)) and D2 (x) in Eq. (1) can become very large and have exponentially
stronger impact on the optimization than logD1 (x) and logD2 (G (z)) do, rendering the learning
unstable. To overcome this issue, we can decrease ↵ and �, in effect making the optimization penalize
D1 (G (z)) and D2 (x), thus helping to stabilize the learning. The second purpose of introducing ↵
and � is to control the effect of KL and reverse KL divergences on the optimization problem. This
will be discussed in the following part once we have the derivation of our optimal solution.

Similar to GAN [10], our proposed network can be trained by alternatively updating D1, D2 and G.
We refer to the supplementary material for the pseudo-code of learning parameters for D2GAN.

3.1 Theoretical analysis

We now provide formal theoretical analysis of our proposed model, that essentially shows that, given
G, D1 and D2 are of enough capacity, i.e., in the nonparametric limit, at the optimal points, G can
recover the data distributions by minimizing both KL and reverse KL divergences between model and
data distributions. We first consider the optimization problem with respect to (w.r.t) discriminators
given a fixed generator.
Proposition 1. Given a fixed G, maximizing J (G,D1, D2) yields to the following closed-form
optimal discriminators D?
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1 (x) =
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Proof. According to the induced measure theorem [12], two expectations are equal:
Ez⇠Pz [f (G (z))] = Ex⇠PG [f (x)] where f (x) = �D1 (x) or f (x) = logD2 (x). The objec-
tive function can be rewritten as below:

J (G,D1, D2) = ↵⇥ Ex⇠Pdata [logD1 (x)] + Ex⇠PG [�D1 (x)]

+ Ex⇠Pdata [�D2 (x)] + � ⇥ Ex⇠PG [logD2 (x)]

=

ˆ
x
[↵pdata (x) logD1 (x)� pGD1 (x)� pdata (x)D2 (x) + �pG logD2 (x)] dx

Considering the function inside the integral, given x, we maximize this function w.r.t two variables
D1, D2 to find D?
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2 (x). Setting the derivatives w.r.t D1 and D2 to 0, we gain:
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The second derivatives: �↵pdata(x)/D2
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2 are non-positive, thus verifying that we have
obtained the maximum solution and concluding the proof.

Next, we fix D1 = D?
1 , D2 = D?

2 and find the optimal solution G? for the generator G.
Theorem 2. Given D?
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2) for minimax optimization

problem of D2GAN, we have the following form for each component:
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2 (x) = �, 8x at pG? = pdata

4

diversity while keeping good quality of generated samples. More importantly, our proposed model
can be scaled up to train on the large-scale ImageNet database, obtain a competitive variety score and
generate reasonably good quality images.

In short, our main contributions are: (i) a novel generative adversarial model that encourages the
diversity of samples produced by the generator; (ii) a theoretical analysis to prove that our objective is
optimized towards minimizing both KL and reverse KL divergence and has a global optimum where
pG = pdata; and (iii) a comprehensive evaluation on the effectiveness of our proposed method using a
wide range of quantitative criteria on large-scale datasets.

2 Generative Adversarial Nets

We first review the generative adversarial network (GAN) that was introduced in [10] to formulate a
game of two players: a discriminator D and a generator G. The discriminator, D (x), takes a point x
in data space and computes the probability that x is sampled from data distribution pdata, rather than
generated by the generator G. At the same time, the generator first maps a noise vector z drawn from
a prior p (z) to the data space, obtaining a sample G (z) that resembles the training data, and then uses
this sample to challenge the discriminator. The mapping G (z) induces a generator distribution PG in
data domain with probability density function pG (x). Both G and D are parameterized by neural
networks (see Fig. 1a for an illustration) and learned by solving the following minimax optimization:

min
G

max
D

J (G,D) = Ex⇠Pdata(x) [log (D (x))] + Ez⇠Pz [log (1�D (G (z)))]

The learning follows an iterative procedure wherein the discriminator and generator are alternatively
updated. Given a fixed G, the maximization subject to D results in the optimal discriminator
D? (x) = pdata(x)

pdata(x)+pG(x) , whilst given this optimal D?, the minimization of G turns into minimizing
the Jensen-Shannon (JS) divergence between the data and model distributions: DJS (PdatakPG) [10].
At the Nash equilibrium of a game, the model distribution recovers the data distribution exactly:
PG = Pdata, thus the discriminator D now fails to differentiate real or fake data as D (x) = 0.5, 8x.

(a) GAN. (b) D2GAN.

Figure 1: An illustration of the standard GAN and our proposed D2GAN.

Since the JS divergence has been empirically proven to have the same nature as that of the reverse
KL divergence [28, 13, 11], GAN suffers from the model collapsing problem, and thus its generated
data samples have low level of diversity [18, 5].

3 Dual Discriminator Generative Adversarial Nets

To tackle GAN’s problem of mode collapse, in what follows we present our main contribution of a
framework that seeks an approximated distribution to effectively cover many modes of the multimodal
data. Our intuition is based on GAN, but we formulate a three-player game that consists of two
different discriminators D1 and D2, and one generator G. Given a sample x in data space, D1 (x)
rewards a high score if x is drawn from the data distribution Pdata, and gives a low score if generated
from the model distribution PG. In contrast, D2 (x) returns a high score for x generated from PG

whilst giving a low score for a sample drawn from Pdata. Unlike GAN, the scores returned by our
discriminators are values in R+ rather than probabilities in [0, 1]. Our generator G performs a similar
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Figure 1: Architecture of an adversarial autoencoder. The top row is a standard autoencoder that
reconstructs an image x from a latent code z. The bottom row diagrams a second network trained to
discriminatively predict whether a sample arises from the hidden code of the autoencoder or from a
sampled distribution specified by the user.

1.1 Generative Adversarial Networks

The Generative Adversarial Networks (GAN) [Goodfellow et al., 2014] framework establishes a
min-max adversarial game between two neural networks – a generative model, G, and a discriminative
model, D. The discriminator model, D(x), is a neural network that computes the probability that
a point x in data space is a sample from the data distribution (positive samples) that we are trying
to model, rather than a sample from our generative model (negative samples). Concurrently, the
generator uses a function G(z) that maps samples z from the prior p(z) to the data space. G(z) is
trained to maximally confuse the discriminator into believing that samples it generates come from
the data distribution. The generator is trained by leveraging the gradient of D(x) w.r.t. x, and using
that to modify its parameters. The solution to this game can be expressed as following [Goodfellow
et al., 2014]:

min
G

max
D

Ex⇠pdata [logD(x)] + Ez⇠p(z)[log(1�D(G(z))]

The generator G and the discriminator D can be found using alternating SGD in two stages: (a) Train
the discriminator to distinguish the true samples from the fake samples generated by the generator.
(b) Train the generator so as to fool the discriminator with its generated samples.

2 Adversarial Autoencoders

Let x be the input and z be the latent code vector (hidden units) of an autoencoder with a deep
encoder and decoder. Let p(z) be the prior distribution we want to impose on the codes, q(z|x) be an
encoding distribution and p(x|z) be the decoding distribution. Also let pd(x) be the data distribution,
and p(x) be the model distribution. The encoding function of the autoencoder q(z|x) defines an
aggregated posterior distribution of q(z) on the hidden code vector of the autoencoder as follows:

q(z) =

Z

x
q(z|x)pd(x)dx (1)

The adversarial autoencoder is an autoencoder that is regularized by matching the aggregated posterior,
q(z), to an arbitrary prior, p(z). In order to do so, an adversarial network is attached on top of the
hidden code vector of the autoencoder as illustrated in Figure 1. It is the adversarial network that
guides q(z) to match p(z). The autoencoder, meanwhile, attempts to minimize the reconstruction
error. The generator of the adversarial network is also the encoder of the autoencoder q(z|x). The
encoder ensures the aggregated posterior distribution can fool the discriminative adversarial network
into thinking that the hidden code q(z) comes from the true prior distribution p(z).

Both, the adversarial network and the autoencoder are trained jointly with SGD in two phases – the
reconstruction phase and the regularization phase – executed on each mini-batch. In the reconstruction
phase, the autoencoder updates the encoder and the decoder to minimize the reconstruction error of
the inputs. In the regularization phase, the adversarial network first updates its discriminative network
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Figure 1: Architecture of an adversarial autoencoder. The top row is a standard autoencoder that
reconstructs an image x from a latent code z. The bottom row diagrams a second network trained to
discriminatively predict whether a sample arises from the hidden code of the autoencoder or from a
sampled distribution specified by the user.

1.1 Generative Adversarial Networks

The Generative Adversarial Networks (GAN) [Goodfellow et al., 2014] framework establishes a
min-max adversarial game between two neural networks – a generative model, G, and a discriminative
model, D. The discriminator model, D(x), is a neural network that computes the probability that
a point x in data space is a sample from the data distribution (positive samples) that we are trying
to model, rather than a sample from our generative model (negative samples). Concurrently, the
generator uses a function G(z) that maps samples z from the prior p(z) to the data space. G(z) is
trained to maximally confuse the discriminator into believing that samples it generates come from
the data distribution. The generator is trained by leveraging the gradient of D(x) w.r.t. x, and using
that to modify its parameters. The solution to this game can be expressed as following [Goodfellow
et al., 2014]:

min
G

max
D

Ex⇠pdata [logD(x)] + Ez⇠p(z)[log(1�D(G(z))]

The generator G and the discriminator D can be found using alternating SGD in two stages: (a) Train
the discriminator to distinguish the true samples from the fake samples generated by the generator.
(b) Train the generator so as to fool the discriminator with its generated samples.

2 Adversarial Autoencoders

Let x be the input and z be the latent code vector (hidden units) of an autoencoder with a deep
encoder and decoder. Let p(z) be the prior distribution we want to impose on the codes, q(z|x) be an
encoding distribution and p(x|z) be the decoding distribution. Also let pd(x) be the data distribution,
and p(x) be the model distribution. The encoding function of the autoencoder q(z|x) defines an
aggregated posterior distribution of q(z) on the hidden code vector of the autoencoder as follows:

q(z) =

Z

x
q(z|x)pd(x)dx (1)

The adversarial autoencoder is an autoencoder that is regularized by matching the aggregated posterior,
q(z), to an arbitrary prior, p(z). In order to do so, an adversarial network is attached on top of the
hidden code vector of the autoencoder as illustrated in Figure 1. It is the adversarial network that
guides q(z) to match p(z). The autoencoder, meanwhile, attempts to minimize the reconstruction
error. The generator of the adversarial network is also the encoder of the autoencoder q(z|x). The
encoder ensures the aggregated posterior distribution can fool the discriminative adversarial network
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Figure 2: Comparison of adversarial and variational autoencoder on MNIST. The hidden code z of
the hold-out images for an adversarial autoencoder fit to (a) a 2-D Gaussian and (b) a mixture of 10
2-D Gaussians. Each color represents the associated label. Same for variational autoencoder with (c)
a 2-D gaussian and (d) a mixture of 10 2-D Gaussians. (e) Images generated by uniformly sampling
the Gaussian percentiles along each hidden code dimension z in the 2-D Gaussian adversarial
autoencoder.

where the aggregated posterior q(z) is defined in Eq. (1) and we have assumed q(z|x) is Gaussian
and p(z) is an arbitrary distribution. The variational bound contains three terms. The first term can
be viewed as the reconstruction term of an autoencoder and the second and third terms can be viewed
as regularization terms. Without the regularization terms, the model is simply a standard autoencoder
that reconstructs the input. However, in the presence of the regularization terms, the VAE learns a
latent representation that is compatible with p(z). The second term of the cost function encourages
large variances for the posterior distribution while the third term minimizes the cross-entropy between
the aggregated posterior q(z) and the prior p(z). KL divergence or the cross-entropy term in Eq. (2),
encourages q(z) to pick the modes of p(z). In adversarial autoencoders, we replace the second two
terms with an adversarial training procedure that encourages q(z) to match to the whole distribution
of p(z).

In this section, we compare the ability of the adversarial autoencoder to the VAE to impose a specified
prior distribution p(z) on the coding distribution. Figure 2a shows the coding space z of the test
data resulting from an adversarial autoencoder trained on MNIST digits in which a spherical 2-D
Gaussian prior distribution is imposed on the hidden codes z. The learned manifold in Figure 2a
exhibits sharp transitions indicating that the coding space is filled and exhibits no “holes”. In practice,
sharp transitions in the coding space indicate that images generated by interpolating within z lie on
the data manifold (Figure 2e). By contrast, Figure 2c shows the coding space of a VAE with the same
architecture used in the adversarial autoencoder experiments. We can see that in this case the VAE
roughly matches the shape of a 2-D Gaussian distribution. However, no data points map to several
local regions of the coding space indicating that the VAE may not have captured the data manifold as
well as the adversarial autoencoder.

Figures 2b and 2d show the code space of an adversarial autoencoder and of a VAE where the imposed
distribution is a mixture of 10 2-D Gaussians. The adversarial autoencoder successfully matched the
aggregated posterior with the prior distribution (Figure 2b). In contrast, the VAE exhibit systematic
differences from the mixture 10 Gaussians indicating that the VAE emphasizes matching the modes
of the distribution as discussed above (Figure 2d).
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Abstract
We present an autoencoder that leverages learned
representations to better measure similarities in
data space. By combining a variational au-
toencoder with a generative adversarial network
we can use learned feature representations in
the GAN discriminator as basis for the VAE
reconstruction objective. Thereby, we replace
element-wise errors with feature-wise errors to
better capture the data distribution while offer-
ing invariance towards e.g. translation. We apply
our method to images of faces and show that it
outperforms VAEs with element-wise similarity
measures in terms of visual fidelity. Moreover,
we show that the method learns an embedding
in which high-level abstract visual features (e.g.
wearing glasses) can be modified using simple
arithmetic.

1. Introduction
Deep architectures have allowed a wide range of discrimi-
native models to scale to large and diverse datasets. How-
ever, generative models still have problems with complex
data distributions such as images and sound. In this work,
we show that currently used similarity metrics impose a
hurdle for learning good generative models and that we can
improve a generative model by employing a learned simi-
larity measure.

When learning models such as the variational autoencoder
(VAE) (Kingma & Welling, 2014; Rezende et al., 2014),
the choice of similarity metric is central as it provides the
main part of the training signal via the reconstruction er-

Preliminary work submitted to the International Conference on
Machine Learning (ICML).
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Figure 1. Overview of our network. We combine a VAE with a
GAN by collapsing the decoder and the generator into one.

ror objective. For this task, element-wise measures like
the squared error are the default. Element-wise metrics are
simple but not very suitable for image data, as they do not
model the properties of human visual perception. E.g. a
small image translation might result in a large pixel-wise
error whereas a human would barely notice the change.
Therefore, we argue in favor of measuring image similarity
using a higher-level and sufficiently invariant representa-
tion of the images. Rather than hand-engineering a suit-
able measure to accommodate the problems of element-
wise metrics, we want to learn a function for the task. The
question is how to learn such a similarity measure? We find
that by jointly training a VAE and a generative adversar-
ial network (GAN) (Goodfellow et al., 2014) we can use
the GAN discriminator to measure sample similarity. We
achieve this by combining a VAE with a GAN as shown in
Fig. 1. We collapse the VAE decoder and the GAN gener-
ator into one by letting them share parameters and training
them jointly. For the VAE training objective, we replace the
typical element-wise reconstruction metric with a feature-
wise metric expressed in the discriminator.

1.1. Contributions

Our contributions are as follows:
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Figure 2. Flow through the combined VAE/GAN model during
training. Gray lines represent terms in the training objective.

Limiting error signals to relevant networks Using the
loss function in Eq. 8, we train both a VAE and a GAN si-
multaneously. This is possible because we do not update all
network parameters wrt. the combined loss. In particular,
Dis should not try to minimize LDisl

llike as this would collapse
the discriminator to 0. We also observe better results by not
backpropagating the error signal from LGAN to Enc.

Weighting VAE vs. GAN As Dec receives an error sig-
nal from both LDisl

llike and LGAN, we use a parameter � to
weight the ability to reconstruct vs. fooling the discrimi-
nator. This can also be interpreted as weighting style and
content. Rather than applying � to the entire model (Eq. 8),
we perform the weighting only when updating the parame-
ters of Dec:

✓Dec
+ �r✓Dec(�L

Disl
llike � LGAN) (9)

Discriminating based on samples from p(z) and q(z|x)
We observe better results when using samples from q(z|x)
(i.e. the encoder Enc) in addition to our prior p(z) in the
GAN objective:

LGAN = log(Dis(x)) + log(1�Dis(Dec(z)))

+ log(1�Dis(Dec(Enc(x)))) (10)

Note that the regularization of the latent space Lprior should
make the set of samples from either p(z) or q(z|x) similar.
However, for any given example x, the negative sample
Dec(Enc(x)) is much more likely to be similar to x than
Dec(z). When updating according to LGAN, we suspect
that having similar positive and negative samples makes for
a more useful learning signal.

3. Related work
Element-wise distance measures are notoriously inade-
quate for complex data distributions like images. In the
computer vision community, preprocessing images is a

Algorithm 1 Training the VAE/GAN model
✓Enc,✓Dec,✓Dis  initialize network parameters
repeat

X  random mini-batch from dataset
Z  Enc(X)
Lprior  DKL(q(Z|X)kp(Z))
X̃  Dec(Z)
LDisl

llike  �Eq(Z|X) [p(Disl(X)|Z)]
Zp  samples from prior N (0, I)
Xp  Dec(Zp)
LGAN  log(Dis(X)) + log(1�Dis(X̃))

+ log(1�Dis(Xp))

// Update parameters according to gradients
✓Enc

+ �r✓Enc(Lprior + LDisl
llike )

✓Dec
+ �r✓Dec(�L

Disl
llike � LGAN)

✓Dis
+ �r✓DisLGAN

until deadline

prevalent solution to improve robustness to certain pertur-
bations. Examples of preprocessing are contrast normaliza-
tion, working with gradient images or pixel statistics gath-
ered in histograms. We view these operations as a form
of metric engineering to account for the shortcomings of
simple element-wise distance measures. A more detailed
discussion on the subject is provided by Wang & Bovik
(2009).

Neural networks have been applied to metric learning in
form of the Siamese architecture (Bromley et al., 1993;
Chopra et al., 2005). The learned distance metric is min-
imized for similar samples and maximized for dissimilar
samples using a max margin cost. However, since Siamese
networks are trained in a supervised setup, we cannot apply
them directly to our problem.

Several attempts at improving on element-wise distances
for generative models have been proposed within the last
year. Ridgeway et al. (2015) apply the structural similar-
ity index as an autoencoder (AE) reconstruction metric for
grey-scale images. Yan et al. (2015) let a VAE output two
additional images to learn shape and edge structures more
explicitly. Mansimov et al. (2015) append a GAN-based
sharpening step to their generative model. Mathieu et al.
(2015) supplement a squared error measure with both a
GAN and an image gradient-based similarity measure to
improve image sharpness of video prediction. While all
these extensions yield visibly sharper images, they do not
have the same potential for capturing high-level structure
compared to a deep learning approach.

In contrast to AEs that model the relationship between a
dataset sample and a latent representation directly, GANs
learn to generate samples indirectly. By optimizing the

prior

distinguish b/w real 
and synthesized images

(adversarial loss treated most 
as improving image quality)

Autoencoding beyond pixels using a learned similarity metric

Enc Dec Dis

5⇥5 64 conv. #, BNorm, ReLU 8·8·256 fully-connected, BNorm, ReLU 5⇥5 32 conv., ReLU
5⇥5 128 conv. #, BNorm, ReLU 5⇥5 256 conv. ", BNorm, ReLU 5⇥5 128 conv. #, BNorm, ReLU
5⇥5 256 conv. #, BNorm, ReLU 5⇥5 128 conv. ", BNorm, ReLU 5⇥5 256 conv. #, BNorm, ReLU
2048 fully-connected, BNorm, ReLU 5⇥5 32 conv. ", BNorm, ReLU 5⇥5 256 conv. #, BNorm, ReLU

5⇥5 3 conv., tanh 512 fully-connected, BNorm, ReLU
1 fully-connected, sigmoid

Table 1. Architectures for the three networks that comprise VAE/GAN. # and " represent down- and upsampling respectively. BNorm
denotes batch normalization (Ioffe & Szegedy, 2015). When batch normalization is applied to convolutional layers, per-channel normal-
ization is used.

VAE
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VAE/GAN

GAN

Figure 3. Samples from different generative models.

Input

VAE

VAEDisl

VAE/GAN

Figure 4. Reconstructions from different autoencoders.

we observed for the random samples. Note that VAEDisl

generates noisy blue patterns in some of the reconstruc-
tions. We suspect the GAN-based similarity measure can
collapse to 0 in certain cases (such as the pattern we ob-
serve), which encourages Dec to generate such patterns.

4.1.1. VISUAL ATTRIBUTE VECTORS

Inspired by attempts at learning embeddings in which se-
mantic concepts can be expressed using simple arithmetic
(Mikolov et al., 2013), we inspect the latent space of a
trained VAE/GAN model. The idea is to find directions

in the latent space corresponding to specific visual features
in image space.

We use the binary attributes of the dataset to extract visual
attribute vectors. For all images we use the encoder to cal-
culate latent vector representations. For each attribute, we
compute the mean vector for images with the attribute and
the mean vector for images without the attribute. We then
compute the visual attribute vector as the difference be-
tween the two mean vectors. This is a very simple method
for calculating visual attribute vectors that will have prob-
lems with highly correlated visual attributes such as heavy
makeup and wearing lipstick. In Fig. 5, we show face im-
ages as well as the reconstructions after adding different vi-
sual attribute vectors to the latent representations. Though
not perfect, we clearly see that the attribute vectors capture
semantic concepts like eyeglasses, bangs, etc. E.g. when
bangs are added to the faces, both the hair color and the hair
texture matches the original face. We also see that being a
man is highly correlated with having a mustache, which is
caused by attribute correlations in the dataset.

4.2. Attribute similarity, Labeled faces in the wild

Inspired by the attribute similarity experiment of Yan et al.
(2015), we seek a more quantative evaluation of our gen-
erated images. The idea is to learn a generative model for
face images conditioned on facial attributes. At test time,
we generate face images by retrieval from chosen attribute
configurations and let a separately trained regressor net-
work predict the attributes from the generated images. A
good generative model should be able to produce visual
attributes that are correctly recognized by the regression
model. To imitate the original experiment, we use Labeled
faces in the wild (LFW) images (Huang et al., 2007) with
attributes (Kumar et al., 2009). We align the face images
according to the landmarks in (Zhu et al., 2014). Addition-
ally, we crop and resize the images to 64⇥64 pixels and
augment the dataset with common operations. Again, we
refer to our implementation online for more details.

We construct conditional VAE, GAN and VAE/GAN mod-
els by concatenating the attribute vector to the vector repre-

Autoencoding beyond pixels using a learned similarity metric

Enc Dec Dis

5⇥5 64 conv. #, BNorm, ReLU 8·8·256 fully-connected, BNorm, ReLU 5⇥5 32 conv., ReLU
5⇥5 128 conv. #, BNorm, ReLU 5⇥5 256 conv. ", BNorm, ReLU 5⇥5 128 conv. #, BNorm, ReLU
5⇥5 256 conv. #, BNorm, ReLU 5⇥5 128 conv. ", BNorm, ReLU 5⇥5 256 conv. #, BNorm, ReLU
2048 fully-connected, BNorm, ReLU 5⇥5 32 conv. ", BNorm, ReLU 5⇥5 256 conv. #, BNorm, ReLU

5⇥5 3 conv., tanh 512 fully-connected, BNorm, ReLU
1 fully-connected, sigmoid

Table 1. Architectures for the three networks that comprise VAE/GAN. # and " represent down- and upsampling respectively. BNorm
denotes batch normalization (Ioffe & Szegedy, 2015). When batch normalization is applied to convolutional layers, per-channel normal-
ization is used.
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Figure 3. Samples from different generative models.
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Figure 4. Reconstructions from different autoencoders.

we observed for the random samples. Note that VAEDisl

generates noisy blue patterns in some of the reconstruc-
tions. We suspect the GAN-based similarity measure can
collapse to 0 in certain cases (such as the pattern we ob-
serve), which encourages Dec to generate such patterns.

4.1.1. VISUAL ATTRIBUTE VECTORS

Inspired by attempts at learning embeddings in which se-
mantic concepts can be expressed using simple arithmetic
(Mikolov et al., 2013), we inspect the latent space of a
trained VAE/GAN model. The idea is to find directions

in the latent space corresponding to specific visual features
in image space.

We use the binary attributes of the dataset to extract visual
attribute vectors. For all images we use the encoder to cal-
culate latent vector representations. For each attribute, we
compute the mean vector for images with the attribute and
the mean vector for images without the attribute. We then
compute the visual attribute vector as the difference be-
tween the two mean vectors. This is a very simple method
for calculating visual attribute vectors that will have prob-
lems with highly correlated visual attributes such as heavy
makeup and wearing lipstick. In Fig. 5, we show face im-
ages as well as the reconstructions after adding different vi-
sual attribute vectors to the latent representations. Though
not perfect, we clearly see that the attribute vectors capture
semantic concepts like eyeglasses, bangs, etc. E.g. when
bangs are added to the faces, both the hair color and the hair
texture matches the original face. We also see that being a
man is highly correlated with having a mustache, which is
caused by attribute correlations in the dataset.

4.2. Attribute similarity, Labeled faces in the wild

Inspired by the attribute similarity experiment of Yan et al.
(2015), we seek a more quantative evaluation of our gen-
erated images. The idea is to learn a generative model for
face images conditioned on facial attributes. At test time,
we generate face images by retrieval from chosen attribute
configurations and let a separately trained regressor net-
work predict the attributes from the generated images. A
good generative model should be able to produce visual
attributes that are correctly recognized by the regression
model. To imitate the original experiment, we use Labeled
faces in the wild (LFW) images (Huang et al., 2007) with
attributes (Kumar et al., 2009). We align the face images
according to the landmarks in (Zhu et al., 2014). Addition-
ally, we crop and resize the images to 64⇥64 pixels and
augment the dataset with common operations. Again, we
refer to our implementation online for more details.

We construct conditional VAE, GAN and VAE/GAN mod-
els by concatenating the attribute vector to the vector repre-
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Abstract

Fully convolutional models for dense prediction have

proven successful for a wide range of visual tasks. Such

models perform well in a supervised setting, but perfor-

mance can be surprisingly poor under domain shifts that

appear mild to a human observer. For example, training

on one city and testing on another in a different geographic

region and/or weather condition may result in significantly

degraded performance due to pixel-level distribution shift.

In this paper, we introduce the first domain adaptive seman-

tic segmentation method, proposing an unsupervised adver-

sarial approach to pixel prediction problems. Our method

consists of both global and category specific adaptation

techniques. Global domain alignment is performed using

a novel semantic segmentation network with fully convolu-

tional domain adversarial learning. This initially adapted

space then enables category specific adaptation through a

generalization of constrained weak learning, with explicit

transfer of the spatial layout from the source to the tar-

get domains. Our approach outperforms baselines across

different settings on multiple large-scale datasets, includ-

ing adapting across various real city environments, different

synthetic sub-domains, from simulated to real environments,

and on a novel large-scale dash-cam dataset.

1. Introduction

Semantic segmentation is a critical visual recognition
task for a variety of applications ranging from autonomous
agent tasks, such as robotic navigation and self-driving cars,
to mapping and categorizing the natural world. As such, a
significant amount of recent work has been introduced to
tackle the supervised semantic segmentation problem us-
ing pixel-wise annotated images to train convolutional net-
works [20, 1, 23, 34, 19, 4, 33].

While performance is improving for segmentation mod-
els trained and evaluated on the same data source, there
has yet been limited research exploring the applicability of
these models to new related domains. Many of the chal-

Figure 1: Unsupervised domain adaptation for pixel-level
semantic segmentation.

lenges faced when considering adapting between visual do-
mains for classification, such as changes in appearance,
lighting, and pose, are also present when considering adapt-
ing for semantic segmentation. In addition, some new fac-
tors take on more prominence when considering recogni-
tion with localization tasks. In both classification and seg-
mentation, the prevalence of classes may vary between dif-
ferent domains, but this variance can be more exaggerated
with semantic segmentation applications as an individual
object class may now appear many times within a single
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Figure 2: Overview of our pixel-level adversarial and
constraint-based adaptation.

3. Fully Convolutional Adaptation Models

In this section, we describe our adaptation algorithm for
semantic segmentation using fully convolutional networks
(FCNs) across domains which share a common label space.
Without loss of generality, our method can be applied to
other segmentation models, though we focus here on FCNs
due to their broad impact. We consider having access to a
source domain, S , with both images, IS , and labels, LS . We
train a source only model for semantic segmentation which
produces a pixel-wise per-category score map �S(IS).

Our goal is to learn a semantic segmentation model
which is adapted for use on the unlabeled target domain,
T , with images, IT , but no annotations. We denote the pa-
rameters of such as network as �T (·). If there is no domain
shift between the source and target domains then one could
simply apply the source model directly to the target with no
need for an adaptive approach. However, there is commonly
a difference between the distribution of the source labeled
domain and the target test domain.

Therefore, we present an unsupervised adaptation ap-
proach. We begin by noting that there are two main oppor-
tunities for domain shift. First, global changes may occur
between the two domains resulting in a marginal distribu-
tion shift of corresponding feature space. This may occur
between any two different domains, but will be most dis-
tinct in large shifts between very distinct domains, such as
adapting between simulated and real domains. The sec-
ond main shift occurs due to category specific parameter
changes. This may result from individual categories hav-
ing specific biases in the two domains. For example, when
adapting between two different cities the distribution of cars
and the appearance of signs may change.

We propose an unsupervised domain adaptation frame-
work for adapting semantic segmentation models which di-

rectly tackles both the need for minimizing the global and
the category specific shifts. For our model, we first make
the necessary assumption that the source and target do-
mains share the same label space and that the source model
achieves performance greater than chance on the target do-
main. Then, we introduce two new semantic segmentation
loss objectives, one to minimize the global distribution dis-
tance, which operates over both source and target images,
Lda(IS , IT ). Another to adapt the category specific pa-
rameters using target images and transferring label statis-
tics from the source domain PLS , Lmi(IT ,PLS ). Finally,
to ensure that we do not diverge too far from the source
solution, which is known to be effective for the final seman-
tic segmentation task, we continue to optimize the standard
supervised segmentation objective on the source domain,
Lseg(IS , LS). Together, our adaptive learning approach is
to optimize the following joint objective:

L(IS , LS , IT ) = Lseg(IS , LS) (1)
+Lda(IS , IT ) + Lmi(IT ,PLS )

We illustrate overall adaptation framework in Figure 2.
Source domain data is used to update the standard super-
vised loss objective, trained using the source pixel-wise an-
notations. Both source and target data are used without any
category annotations within fully-convolutional domain ad-
versarial training to minimize the global distance of feature
space between the two domains. Finally, category specific
updates using a constrained pixel-wise multiple instance
learning objective is performed on the target images, with
source category statistics used to determine the constraints.

Note, our approach may be generally applied to any
FCN-based semantic segmentation framework. For our ex-
periments, we use the recently proposed front-end dilated
fully convolutional network [33], based on 16 layers VG-
GNet [31], as our base model. There are 16 convolutional
layers, where the last three convolutional layer converted
from fully connected layers, called fc6, fc7, fc8, followed
by 8 times bilinear up-sample layer to produce segmenta-
tion in the same resolution as input image.

3.1. Global Domain Alignment

We begin by describing in more detail our global do-
main alignment objective, Lda(IS , IT ). Recall, that we
seek to minimize the domain shift between representations
of the source and target data. A recent line of research has
shown that the domain discrepancy distance may be mini-
mized through an adversarial learning procedure, whereby
simultaneously a domain classifier is trained to best dis-
tinguish the source and target distributions and the repre-
sentation space is updated according to the inverse objec-
tive [32, 2, 7]. The approaches heretofore have been intro-
duced for classification models where each individual in-
stance in the domain corresponds exactly to an image.

3

https://arxiv.org/abs/1702.05464


Adversarial Loss for Domain Adaptation

�68

[Ref: Chen et al., No more discrimination: Cross city adaptation of road scene segmenters, ICCV’17]



• Discriminative versus Generative Models 

• Going Into Deep Generative Models 

• From Autoencoder to Variational Autoencoder (VAE) 

• From VAE to Generative Adversarial Network (GAN) 

• Various Applications

• Understanding the latent space: disentanglement

Outlines

�69



Application on Image Super-Resolution

�70

Figure 4: Architecture of Generator and Discriminator Network with corresponding kernel size (k), number of feature maps
(n) and stride (s) indicated for each convolutional layer.

2.2. Perceptual loss function

The definition of our perceptual loss function l
SR is crit-

ical for the performance of our generator network. While
l
SR is commonly modeled based on the MSE [10, 48], we

improve on Johnson et al. [33] and Bruna et al. [5] and
design a loss function that assesses a solution with respect
to perceptually relevant characteristics. We formulate the
perceptual loss as the weighted sum of a content loss (lSR

X )
and an adversarial loss component as:

l
SR = l

SR

X|{z}
content loss

+ 10�3
l
SR

Gen| {z }
adversarial loss| {z }

perceptual loss (for VGG based content losses)

(3)

In the following we describe possible choices for the con-
tent loss lSR

X and the adversarial loss lSR

Gen.

2.2.1 Content loss

The pixel-wise MSE loss is calculated as:

l
SR

MSE
=

1

r2WH

rWX

x=1

rHX

y=1

(IHR

x,y
�G✓G

(ILR)x,y)
2 (4)

This is the most widely used optimization target for image
SR on which many state-of-the-art approaches rely [10,
48]. However, while achieving particularly high PSNR,
solutions of MSE optimization problems often lack high-

frequency content which results in perceptually unsatisfy-
ing solutions with overly smooth textures (c.f . Figure 2).

Instead of relying on pixel-wise losses we build on the
ideas of Gatys et al. [19], Bruna et al. [5] and Johnson et
al. [33] and use a loss function that is closer to perceptual
similarity. We define the VGG loss based on the ReLU
activation layers of the pre-trained 19 layer VGG network
described in Simonyan and Zisserman [49]. With �i,j we
indicate the feature map obtained by the j-th convolution
(after activation) before the i-th maxpooling layer within the
VGG19 network, which we consider given. We then define
the VGG loss as the euclidean distance between the feature
representations of a reconstructed image G✓G

(ILR) and the
reference image I

HR:

l
SR

V GG/i.j
=

1

Wi,jHi,j

Wi,jX

x=1

Hi,jX

y=1

(�i,j(I
HR)x,y

� �i,j(G✓G
(ILR))x,y)

2

(5)

Here Wi,j and Hi,j describe the dimensions of the
respective feature maps within the VGG network.

2.2.2 Adversarial loss

In addition to the content losses described so far, we also
add the generative component of our GAN to the perceptual
loss. This encourages our network to favor solutions that
reside on the manifold of natural images, by trying to

[Ref: Ledig et al.,  
Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network, ArXiv2016]
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bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4⇥ upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [16].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [49, 33, 5]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4⇥ upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [43] or Yang et al. [61]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [4, 15].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [14] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 39].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [18, 17]. Related ap-
proaches to the SR problem originate in compressed sensing
[62, 12, 69]. In Glasner et al. [21] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [31], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [25] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [52] combine an edge-directed SR
algorithm based on a gradient profile prior [50] with the
benefits of learning-based detail synthesis. Zhang et al. [70]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [67] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [54, 55]. In Kim and Kwon
[35] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [27], trees [46] or Random Forests [47]. In Dai et al.
[6] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR

4x up-sampling

deep residual net  
optimised for MSE
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where M denotes the binary mask of the uncorruption and � denotes the element-wise product
operation. The corrupted portion, i.e., (1�M)�y is not used in the loss. The choice of `1-norm is
empirical. From our experiments, images recovered with `1-norm loss tend to be sharper and with
higher quality compared to ones reconstructed with `2-norm.

3.2.2 Perceptual Loss

The perceptual loss encourages the reconstructed image to be similar to the samples drawn from the
training set.

This is achieved by updating z to fool D. As a result, D will predict G(z) to be from the data with
a high probability. We use the same loss for fooling D as in GAN:

Lperceptual(z) = log(1�D(G(z))) (3)

Without Lperceptual, the mapping from x to z can converge to a perceptually implausible result.
Some reconstructed images tend to be unrealistic. We illustrate this by showing the unstable exam-
ples where we optimized with and without Lperceptual in Fig. 2.

Figure 2: Inpainting with different losses. For each example, Column 1: Original images from the
dataset. Column 2: Corrputed image. Column 3: Inpainting by our method with contextual and
perceptual losses. Column 4: Recovered image without perceptual loss.

3.2.3 Inpainting

With the defined perceptual and contextual losses, the corrupted image can be mapped to the closest
z in the latent representation space. z is updated using back-propagation with the total loss:

ẑ = argmin
z

(Lcontextual(z) + �Lperceptual(z)) (4)

where � is a weighting parameter. In practice, � has to be relatively small to constrain the recovered
image with the input pixels. After finding ẑ, the inpainting can be obtained by:

xreconstructed = M� y + (1�M)�G(ẑ) (5)

In many cases, we found the predicted pixels may not exactly preserve the same intensities of the
surrounding pixels, although the content is correct and well aligned. Poisson blending [20] is used
to reconstruct our final results:

xreconstructed = M� y + argmin
x

(
X

Mi=0,j2Ni&Mj=0

[(xi � xj)� (G(ẑ)i �G(ẑ)j)]
2

+
X

Mi=0,j2Ni&Mj=1

[(xi � yj)� (G(ẑ)i �G(ẑ)j)]
2

)
(6)

where i, j denote the ith and jth element; Ni denotes the neighboring of pixel i. The minimization
problem contains two quadratic terms, which can be solved in closed-form.
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ẑ = argmin
z

(Lcontextual(z) + �Lperceptual(z)) (4)

where � is a weighting parameter. In practice, � has to be relatively small to constrain the recovered
image with the input pixels. After finding ẑ, the inpainting can be obtained by:
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2

)
(6)

where i, j denote the ith and jth element; Ni denotes the neighboring of pixel i. The minimization
problem contains two quadratic terms, which can be solved in closed-form.

4

the missing content cannot be found in the input image. These results are not shown here as one can
easily imagine the failures.

Figure 5: Comparisons with local inpainting methods on examples with random 80% missing. For
each example, Column 1: Original images from the dataset. Column 2: The corrupted image.
Column 3: Inpainting by our method. Column 4: Inpainting by TV minimization. Column 5:
Inpainting by low rank minimization.

For the block hole filling task, we compare the results by nearest neighbor filling, which is widely
used in the cut-and-paste framework [10, 24]. Unlike editing whole objects [10], the problem here is
more difficult. For example, when the central region is missing, part of the hair, nose, eyes may still
remain in the image. Therefore, cut-and-paste based method may easily fail due to the misalignment.
Examples are shown in Fig. 6, where the misalignment of skin texture, eyebrows, eyes and hair can
be clearly observed by using the nearest patches in Euclidean distance. Such misalignment is often
because the nearest patch is from a different subject, with a different imaging angle, which can
not be removed easily by registration. Instead, our results are obtained automatically without any
registration.

Figure 6: Central hole filling. For each example, Column 1: Original images from the dataset.
Column 2: The corrupted image. Column 3: Inpainting by our method. Column 4: Inpainting by
the nearest patch in the dataset.

4.3 SVHN Dataset

We validate the robustness of the proposed method on another dataset. The Street View House
Numbers (SVHN) dataset contains a total of 99,289 RGB images of cropped house numbers. We
used the training and testing partition as provided. We resize the images to 64⇥64 to fit our DCGAN
model architecture. Fig. 7 shows the results. Although these numbers are not aligned, our method
can predict realistic content in the missing region.

5 Conclusion and Discussion

In this paper, we have proposed a new method to predict missing content in an image based on the
surrounding values. Compared with the existing methods based on local image priors or patches,
the proposed method learns the distribution of training data, and can therefore predict meaningful
contents unseen in the corrupted images. The recovered images by our method have sharp edges and
look very realistic. Experimental results have demonstrated its superior performance on challenging
image inpainting examples.
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(b) projection on manifold
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(d) smooth transition between the original and edited projection

(e) different degree of image manipulation

(c) Editing UI

Fig. 1. We use generative adversarial networks (GAN) [1,2] to perform image editing
on the natural image manifold. We first project an original photo (a) onto a low-
dimensional latent vector representation (b) by regenerating it using GAN. We then
modify the color and shape of the generated image (d) using various brush tools (c)
(for example, dragging the top of the shoe). Finally, we apply the same amount of
geometric and color changes to the original photo to achieve the final result (e). See
interactive image editing video on our website.

networks [1]. In particular, several recent papers [1,2,3,4,5] have shown visually
impressive results sampling random images drawn from the natural image mani-
fold. However, there are two reasons preventing these advances from being useful
in practical applications at this time. First, the generated images, while good,
are still not quite photo-realistic (plus there are practical issues in making them
high resolution). Second, these generative models are setup to produce images
by sampling a latent vector-space, typically at random. So, these methods are
not able to create and/or manipulate visual content in a user-controlled fashion.

In this paper, we use the generative adversarial neural network to learn the
manifold of natural images, but we do not actually employ it for image genera-
tion. Instead, we use it as a constraint on the output of various image manipula-
tion operations, to make sure the results lie on the learned manifold at all times.
This enables us to reformulate several editing operations, specifically color and
shape manipulations, in a natural and data-driven way. The model automatically
adjusts the output keeping all edits as realistic as possible (Figure 1).

We show three applications based on our system: (1) Manipulating an exist-
ing photo based on an underlying generative model to achieve a di↵erent look
(shape and color); (2) “Generative transformation” of one image to look more
like another; (3) Generate a new image from scratch based on user’s scribbles
and warping UI.

All manipulations are performed in a straightforward manner through gradient-
based optimization, resulting in a simple and fast image editing tool. We hope
that this work inspires further research in data-driven generative image editing,
and thus release the code and data at our website.
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Fig. 3. Projecting real photos onto the image manifold using GAN. Top row: origi-
nal photos (from handbag dataset); 2nd row: reconstruction using optimization-based
method; 3rd row: reconstruction via learned deep encoder P ; bottom row: reconstruc-
tion using the hybrid method (ours). We show the reconstruction loss below each image.

We update the initial projection x0 by simultaneously matching the user inten-
tions while staying on the manifold, close to the original image x0.

Each editing operation is formulated as a constraint fg(x) = vg on a local
part of the output image x. The editing operations g include color, shape and
warping constraints, and are further described in Section 5.1. Given an initial
projection x0, we find a new image x 2 M close to x0 trying to satisfy as many
constraints as possible

x⇤ = argmin
x2M

nX

g

kfg(x)� vgk2

| {z }
data term

+�s · S(x, x0)| {z }
manifold

smoothness

o
, (4)

where the data term measures deviation from the constraint and the smoothness
term enforces moving in small steps on the manifold, so that the image content
is not altered too much. We set �s = 5 in our experiments.

The above equation simplifies to the following on the approximate GAN
manifold M̃:

z⇤ = argmin
z2Z

nX

g

kfg(G(z))� vgk2

| {z }
data term

+�s · kz � z0k2| {z }
manifold

smoothness

+ED

o
. (5)

Here the last term ED = �D · log(1 � D(G(z))) optionally captures the visual
realism of the generated output as judged by the GAN discriminator D. This
further pushes the image towards the manifold of natural images, and slightly
improves the visual quality of the result. By default, we turn o↵ this term to
increase frame rates.
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for example). Though lacking visual details sometimes, the model can synthesize
appealing samples with a plausible overall structure. Second, the Euclidean dis-
tance in the latent space often corresponds to a perceptually meaningful visual
similarity (see Figure 2 (b) for examples). We therefore argue that GAN is a
powerful generative model for modeling the image manifold.
Traversing the manifold: Given two images on the manifold G(z0), G(zN )) 2
M̃, one would like to seek a sequence of N + 1 images

⇥
G(z0), G(z1), . . . G(zN )

⇤

with a smooth transition. This is often done by constructing an image graph with
images as nodes, and pairwise distance function as the edge, and computing a
shortest path between the starting image and end image [13]. In our case, we

minimize
P

N�1
t=0 S(G(zt), G(zt+1)) where S is the distance function. In our case

S(G(z1), G(z2)) ⇡ kz1� z2k2 , so a simple linear interpolation
⇥
(1� t

N
) · z0+ t

N
·

zN
⇤N
t=0

is the shortest path. Figure 2 (c) shows a smooth and meaningful image
sequence generated by interpolating between two points in the latent space. We
will now use this approximation of the manifold of natural images for realistic
photo editing.

4 Approach

Figure 1 illustrates the overview of our approach. Given a real photo, we first
project it onto our approximation of the image manifold by finding the closest
latent feature vector z of the GAN to the original image. Then, we present a real-
time method for gradually and smoothly updating the latent vector z so that it
generates a desired image that both satisfies the user’s edits (e.g. a scribble or a
warp; more details in Section 5) and stays close to the natural image manifold.
Unfortunately, in this transformation the generative model usually looses some of
the important low-level details of the input image. We therefore propose a dense
correspondence method that estimates both per-pixel color and shape changes
from the edits applied to the generative model. We then transfer these changes
to the original photo using an edge-aware interpolation technique and produce
the final manipulated result.

4.1 Projecting an Image onto the Manifold

A real photo xR lies, by definition, on the ideal image manifold M. However for
an approximate manifold M̃, our goal here is to find a generated image x⇤ 2 M̃
close to xR in some distance metric L(x1, x2) as

x⇤ = argmin
x2M̃

L(x, xR). (1)

For the GAN manifold M̃ we can rewrite the above equation as follows:

z⇤ = argmin
z2Z̃

L(G(z), xR). (2)
find the latent representation for XR

certain editing effect

z0

adversarial loss for  
synthesising realistic images

apply similar edit on others

[Ref: Zhu et al.,  
Generative Visual Manipulation on the Natural Image Manifold, ECCV2016]
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Figure 3: (a) Our model contains two mapping functions G : X ! Y and F : Y ! X , and associated adversarial
discriminators DY and DX . DY encourages G to translate X into outputs indistinguishable from domain Y , and vice
versa for DX , F , and X . To further regularize the mappings, we introduce two “cycle consistency losses” that capture the
intuition that if we translate from one domain to the other and back again we should arrive where we started: (b) forward
cycle-consistency loss: x ! G(x) ! F (G(x)) ⇡ x, and (c) backward cycle-consistency loss: y ! F (y) ! G(F (y)) ⇡ y

versarial loss to learn the mapping such that the translated
image cannot be distinguished from images in the target do-
main.

Image-to-Image Translation The idea of image-to-
image translation goes back at least to Hertzmann et al.’s
Image Analogies [15], which employs a nonparametric tex-
ture model [7] from a single input-output training image
pair. More recent approaches use a dataset of input-output
examples to learn a parametric translation function using
CNNs [28]. Our approach builds on the “pix2pix” frame-
work of Isola et al. [18], which uses a conditional generative
adversarial network [13] to learn a mapping from input to
output images. Similar ideas have been applied to various
tasks such as generating photographs from sketches [39]
or from attribute and semantic layouts [20]. However, un-
like these prior works, we learn the mapping without paired
training examples.

Unpaired Image-to-Image Translation Several other
methods also tackle the unpaired setting, where the goal is
to relate two data domains, X and Y . Rosales et al. [36]
propose a Bayesian framework that includes a prior based
on a patch-based Markov random field computed from a
source image, and a likelihood term obtained from multi-
ple style images. More recently, CoupledGANs [27] and
cross-modal scene networks [1] use a weight-sharing strat-
egy to learn a common representation across domains. Con-
current to our method, Liu et al. [26] extends this frame-
work with a combination of variational autoencoders [22]
and generative adversarial networks. Another line of con-
current work [41, 44, 2] encourages the input and output to
share certain “content” features even though they may differ
in “style“. They also use adversarial networks, with addi-
tional terms to enforce the output to be close to the input
in a pre-defined metric space, such as class label space [2],
image pixel space [41], and image feature space [44].

Unlike the above approaches, our formulation does not
rely on any task-specific, pre-defined similarity function be-

tween the input and output, nor do we assume that the in-
put and output have to lie in the same low-dimensional em-
bedding space. This makes our method a general-purpose
solution for many vision and graphics tasks. We directly
compare against several prior approaches in Section 5.1.

Neural Style Transfer [10, 19, 46, 9] is another way
to perform image-to-image translation, which synthesizes a
novel image by combining the content of one image with
the style of another image (typically a painting) by match-
ing the Gram matrix statistics of pre-trained deep features.
Our main focus, on the other hand, is learning the map-
ping between two domains, rather than between two spe-
cific images, by trying to capture correspondences between
higher-level appearance structures. Therefore, our method
can be applied to other tasks, such as painting! photo, ob-
ject transfiguration, etc. where single sample transfer meth-
ods do not perform well.

Cycle Consistency The idea of using transitivity as a
way to regularize structured data has a long history. In vi-
sual tracking, enforcing simple forward-backward consis-
tency has been a standard trick for decades [43]. More
recently, higher-order cycle consistency has been used in
structure from motion [54], 3D shape matching [17], co-
segmentation [49], dense semantic alignment [57, 58], and
depth estimation [11]. Of these, Zhou et al. [58] and Godard
et al. [11] are most similar to our work, as they use a cycle
consistency loss as a way of using transitivity to supervise
CNN training. In this work, we are introducing a similar
loss to push G and F to be consistent with each other.

3. Formulation
Our goal is to learn mapping functions between two do-

mains X and Y given training samples {xi}N
i=1 2 X and

{yj}M
j=1 2 Y . As illustrated in Figure 3 (a), our model in-

cludes two mappings G : X ! Y and F : Y ! X . In
addition, we introduce two adversarial discriminators DX

and DY , where DX aims to distinguish between images

adversarial 
loss

adversarial 
loss

generator 
X→Y

generator 
Y→X

Going back and forth 
should stay the same 

[Ref: Yi et al., DualGAN: Unsupervised Dual Learning for Image-to-Image Translation, ArXiv2017]
[Ref: Kim et al., Learning to Discover Cross-Domain Relations with Generative Adversarial Networks, ArXiv2017]
[Ref: Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ArXiv2017] CycleGAN
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Figure 7. (a,b) Translation of gender in Facescrub dataset and CelebA dataset. (c) Blond to black and black to blond hair color conversion
in CelebA dataset. (d) Wearing eyeglasses conversion in CelebA dataset (e) Results of applying a sequence of conversion of gender and
hair color (left to right) (f) Results of repeatedly applying the same conversions (upper: hair color, lower: gender)
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Figure 8. Discovering relations of images from visually very different object classes. (a) chair to car translation. DiscoGAN is trained
on chair and car images (b) car to face translation. DiscoGAN is trained on car and face images. Our model successfully pairs images
with similar orientation.

Figure 9. Edges to photos experiment. Our model is trained on a
set of object sketches and colored images and learns to generate
new sketches or photos. (a) colored images of handbags are gener-
ated from sketches of handbags, (b) colored images of shoes are
generated from sketches of shoes, (c) sketches of handbags are
generated from colored images of handbags

3.2.3. CHAIR TO CAR, CAR TO FACE

We also investigated the opposite case where there is a sin-
gle shared feature between two domains. 3D rendered im-
ages of chair (Aubry et al., 2014) and the previously used
car and face datasets (Fidler et al., 2012; Paysan et al.,
2009) were used in this task. All three datasets vary along
the azimuth rotation. Figure 8 shows the results of image-
to-image translation from chair to car and from car to face
datasets. The translated images clearly match the rotation

feature of the input images while preserving visual features
of car and face domain, respectively.

3.2.4. EDGES-TO-PHOTOS

Edges-to-photos is an interesting task as it is a 1-to-N prob-
lem, where a single edge image of items such as shoes and
handbags can generate multiple colorized images of such
items. In fact, an edge image can be colored in infinitely
many ways. We validated that our DiscoGAN performs
very well on this type of image-to-image translation task
and generate realistic photos of handbags (Zhu et al., 2016)
and shoes (Yu & Grauman, 2014). The generated images
are presented in Figure 9.

3.2.5. HANDBAG TO SHOES, SHOES TO HANDBAG

Finally, we investigated the case with two domains that are
visually very different, where shared features are not ex-
plicit even to humans. We trained a DiscoGAN using pre-
viously used handbags and shoes datasets, not assuming
any specific relation between those two. In the translation
results shown in Figure 1, our proposed model discovers
fashion style as a related feature between the two domains.
Note that translated results not only have similar colors and
patterns, but they also have similar level of fashion formal-
ity as the input fashion item.

4. Related Work
Recently, a novel method to train generative models named
Generative Adversarial Networks (GANs) (Goodfellow
et al., 2014) was developed. A GAN is composed of two
modules – a generator G and a discriminator D. The gen-
erator’s objective is to generate (synthesize) data samples
whose distribution closely matches that of real data sam-

Learning to Discover Cross-Domain Relations with Generative Adversarial Networks

(a) Chair to Car (b) Car to Face

Input

Output

Input

Output

Figure 8. Discovering relations of images from visually very different object classes. (a) chair to car translation. DiscoGAN is trained
on chair and car images (b) car to face translation. DiscoGAN is trained on car and face images. Our model successfully pairs images
with similar orientation.

Figure 9. Edges to photos experiment. Our model is trained on a
set of object sketches and colored images and learns to generate
new sketches or photos. (a) colored images of handbags are gener-
ated from sketches of handbags, (b) colored images of shoes are
generated from sketches of shoes, (c) sketches of handbags are
generated from colored images of handbags

3.2.3. CHAIR TO CAR, CAR TO FACE

We also investigated the opposite case where there is a sin-
gle shared feature between two domains. 3D rendered im-
ages of chair (Aubry et al., 2014) and the previously used
car and face datasets (Fidler et al., 2012; Paysan et al.,
2009) were used in this task. All three datasets vary along
the azimuth rotation. Figure 8 shows the results of image-
to-image translation from chair to car and from car to face
datasets. The translated images clearly match the rotation

feature of the input images while preserving visual features
of car and face domain, respectively.

3.2.4. EDGES-TO-PHOTOS

Edges-to-photos is an interesting task as it is a 1-to-N prob-
lem, where a single edge image of items such as shoes and
handbags can generate multiple colorized images of such
items. In fact, an edge image can be colored in infinitely
many ways. We validated that our DiscoGAN performs
very well on this type of image-to-image translation task
and generate realistic photos of handbags (Zhu et al., 2016)
and shoes (Yu & Grauman, 2014). The generated images
are presented in Figure 9.

3.2.5. HANDBAG TO SHOES, SHOES TO HANDBAG

Finally, we investigated the case with two domains that are
visually very different, where shared features are not ex-
plicit even to humans. We trained a DiscoGAN using pre-
viously used handbags and shoes datasets, not assuming
any specific relation between those two. In the translation
results shown in Figure 1, our proposed model discovers
fashion style as a related feature between the two domains.
Note that translated results not only have similar colors and
patterns, but they also have similar level of fashion formal-
ity as the input fashion item.

4. Related Work
Recently, a novel method to train generative models named
Generative Adversarial Networks (GANs) (Goodfellow
et al., 2014) was developed. A GAN is composed of two
modules – a generator G and a discriminator D. The gen-
erator’s objective is to generate (synthesize) data samples
whose distribution closely matches that of real data sam-

Learning to Discover Cross-Domain Relations with Generative Adversarial Networks

Figure 8. Discovering relations of images from visually very different object classes. (a) chair to car translation. DiscoGAN is trained
on chair and car images (b) car to face translation. DiscoGAN is trained on car and face images. Our model successfully pairs images
with similar orientation.

(a) 

(c)

(b)

IN
PU

T
O

U
TP

U
T

IN
PU

T
O

U
TP

U
T

IN
PU

T
O

U
TP

U
T

Figure 9. Edges to photos experiment. Our model is trained on a
set of object sketches and colored images and learns to generate
new sketches or photos. (a) colored images of handbags are gener-
ated from sketches of handbags, (b) colored images of shoes are
generated from sketches of shoes, (c) sketches of handbags are
generated from colored images of handbags

3.2.3. CHAIR TO CAR, CAR TO FACE

We also investigated the opposite case where there is a sin-
gle shared feature between two domains. 3D rendered im-
ages of chair (Aubry et al., 2014) and the previously used
car and face datasets (Fidler et al., 2012; Paysan et al.,
2009) were used in this task. All three datasets vary along
the azimuth rotation. Figure 8 shows the results of image-
to-image translation from chair to car and from car to face
datasets. The translated images clearly match the rotation

feature of the input images while preserving visual features
of car and face domain, respectively.

3.2.4. EDGES-TO-PHOTOS

Edges-to-photos is an interesting task as it is a 1-to-N prob-
lem, where a single edge image of items such as shoes and
handbags can generate multiple colorized images of such
items. In fact, an edge image can be colored in infinitely
many ways. We validated that our DiscoGAN performs
very well on this type of image-to-image translation task
and generate realistic photos of handbags (Zhu et al., 2016)
and shoes (Yu & Grauman, 2014). The generated images
are presented in Figure 9.

3.2.5. HANDBAG TO SHOES, SHOES TO HANDBAG

Finally, we investigated the case with two domains that are
visually very different, where shared features are not ex-
plicit even to humans. We trained a DiscoGAN using pre-
viously used handbags and shoes datasets, not assuming
any specific relation between those two. In the translation
results shown in Figure 1, our proposed model discovers
fashion style as a related feature between the two domains.
Note that translated results not only have similar colors and
patterns, but they also have similar level of fashion formal-
ity as the input fashion item.

4. Related Work
Recently, a novel method to train generative models named
Generative Adversarial Networks (GANs) (Goodfellow
et al., 2014) was developed. A GAN is composed of two
modules – a generator G and a discriminator D. The gen-
erator’s objective is to generate (synthesize) data samples
whose distribution closely matches that of real data sam-
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Figure 3: Street scene image translation results. For each pair, left is input and right is the translated image.
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(a) Baseline: DTN (b) Proposed: XGAN

Figure 5: A qualitative comparison between DTN and XGAN. In both cases we present random
test samples for the face-to-cartoon transformation with optimal hyperparameters. The tables are
prganized row-wise where each face input is mapped to the cartoon face immediately on its right.

Figure 6: Selected samples generated by XGAN on the VGG-Face to CartoonSet task.

red hair is over-represented in the target cartoon dataset). We also report selected XGAN samples
that we think best illustrate its semantic consistency abilities in Figure 6. Finally, additional random
samples for both cross-domain mappings are available in Appendix 7.3.

We believe the failure of DTN is primarily due to its assumption of a fixed common encoder for both
domains. Although the decoder learns to reconstruct inputs from the target domain almost perfectly,
the semantics are not well preserved across domains and the decoder yields samples of poor quality
for the domain transfer. In fact, FaceNet was originally trained on real faces inputs, hence there
is no guarantee it can produce a meaningful representation for CartoonSet samples. In contrast to
our dataset, the target bitmoji domain in (Taigman et al., 2016) is visually closer to real faces, as
bitmojis are more realistic and customizable than the cartoon style domain we introduce here. This
might explain the good reported performance even with a fixed encoder. Our experiments suggest
that using a fixed encoder is a very restrictive assumption that does not adapt well to new scenarios.
We also report results from a finetuned DTN in Appendix 7.2 and 7.3, which yields samples of better
quality than the original DTN. However it is very sensitive to training hyperparameters and prone to
mode collapse.

Ablation study. We conduct a number of insightful ablation experiments on XGAN. We first
consider training only with the reconstruction loss Lrec and domain-adversarial loss Ldann. In fact
these form the core domain adaptation component in XGAN and, as we will show, are already able
to capture basic semantic knowledge across domains in practice. Secondly we experiment with
the semantic consistency loss and teacher loss. We show that both have a constraining effect on the
embedding space which contributes to improving the sample consistency. We also show in Appendix
7.4.1 that the GAN loss, even though it makes training more complex, is necessary for producing
samples of good quality and cannot be replaced with simpler image smoothness objectives.

We first experiment on XGAN with only the reconstruction and domain-adversarial losses active.
This component prompts the model to (i) encode enough information for each decoder to correctly
reconstruct images from the corresponding domain and (ii) to ensure that the embedding lies in a
common subspace for both domains. In practice in this setting, the model is robust to hyperparam-
eter choice and does not require much tuning to converge to a good regime, i.e., low reconstruction
error and around 50% accuracy for the domain-adversarial classifier. As a result of (ii), applying
each decoder to the output of the other domain’s encoder yields reasonable cross-domain transla-
tions, albeit of low quality (see Figure 7). Furthermore, we observe that some simple semantics
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Figure 2: The XGAN architecture (A) is trained via an objective that encourages the model to learn
a meaningful joint embedding (B1) (Lrec and Ldann), which should be preserved through domain
translation (B2) (Lsem), while producing output samples of good quality (B3) (Lgan and Lteach)

the sum of reconstruction losses for each domain. In practice, we use the mean squared distance for
image comparison:

Lrec,1 = Ex⇠p(D1) (kx� d1(e1(x))k2) , and likewise for Lrec,2 (2)

Domain-adversarial loss. Ldann is the domain-adversarial loss between D1 and D2. It encour-
ages the learned embeddings e1(D1) and e2(D2) to lie in the same subspace. In particular, it is
essential to guarantee the soundness of the cross-domain transformations g1!2 and g2!1. More
formally, this is achieved by training a binary classifier, cdann, on top of the embedding layer to
categorize encoded images from both domains as coming from either D1 or D2 (see Figure 2(B1)).
cdann is trained to maximize its classification accuracy Ldann while the encoders e1 and e2 simul-
taneously strive to minimize it, i.e., to confuse the domain-adversarial classifier. Denoting model
parameters by ✓ and a classification loss function by `, we have:

min
✓e1 ,✓e2

max
✓dann

Ldann, where Ldann = Ep(D1)`(1, cdann(e1(x))) + Ep(D2)` (2, cdann(e2(x))) (3)

Semantic consistency loss, Lsem. Our key contribution is a semantic consistency feedback loop
that acts as self-supervision for the cross-domain translations g1!2 and g2!1. It reinforces the
action of the domain-adversarial loss Ldann by mapping the embedding of an input image and the
embedding of its translated counterpart to the same point. Intuitively, we want the semantics of
input x 2 D1 to be preserved when translated to the other domain, g1!2(x) 2 D2, and similarly
for the reverse mapping. However this consistency property is hard to assess at the pixel-level as we
do not have paired data and pixel-level metrics are suboptimal for image comparison. Instead, we
introduce a feature-level semantic consistency loss, which encourages the network to preserve the
learned embedding during domain translation. Formally, Lsem = Lsem,1!2 + Lsem,2!1, where:

Lsem,1!2 = Ex⇠p(D1)ke1(x)� e2(g1!2(x))k, where k · k is a distance between vectors. (4)

GAN objective, Lgan. Although the key aim of XGAN is to learn a joint meaningful and semanti-
cally consistent embedding, we find that generating realistic image transformations has a crucial pos-
itive effect as the produced samples are fed back through the encoders when computing the semantic
consistency loss: Making the transformed distribution p(g2!1(D2)) as close as possible to the origi-
nal domain p(D1) ensures that the encoder e1 does not have to cope with an additional domain shift.
Therefore, with the purpose of improving sample quality, we define Lgan = Lgan,1!2 +Lgan,2!1,
where Lgan,1!2 is a state-of-the-art GAN objective (Goodfellow et al., 2014) where the generator
g1!2 is paired against the discriminator D1!2 (and likewise for g2!1 and D2!1). The models are
trained jointly in an adversarial scheme where D1!2 strives to distinguish generated samples from
real samples in D2, while the generator aims to produce samples that confuse the discriminator, i.e.,

Lgan,1!2 = Ex⇠p(D2) (log(D1!2(x))) + Ex⇠p(D1) (log(1�D1!2(g1!2(x)))) (5)

Teacher loss, Lteach. We introduce an optional component to easily incorporate prior knowledge
in the model when available, i.e., when working in a semi-supervised framework. Lteach encourages
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Domain-adversarial loss. Ldann is the domain-adversarial loss between D1 and D2. It encour-
ages the learned embeddings e1(D1) and e2(D2) to lie in the same subspace. In particular, it is
essential to guarantee the soundness of the cross-domain transformations g1!2 and g2!1. More
formally, this is achieved by training a binary classifier, cdann, on top of the embedding layer to
categorize encoded images from both domains as coming from either D1 or D2 (see Figure 2(B1)).
cdann is trained to maximize its classification accuracy Ldann while the encoders e1 and e2 simul-
taneously strive to minimize it, i.e., to confuse the domain-adversarial classifier. Denoting model
parameters by ✓ and a classification loss function by `, we have:

min
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max
✓dann

Ldann, where Ldann = Ep(D1)`(1, cdann(e1(x))) + Ep(D2)` (2, cdann(e2(x))) (3)

Semantic consistency loss, Lsem. Our key contribution is a semantic consistency feedback loop
that acts as self-supervision for the cross-domain translations g1!2 and g2!1. It reinforces the
action of the domain-adversarial loss Ldann by mapping the embedding of an input image and the
embedding of its translated counterpart to the same point. Intuitively, we want the semantics of
input x 2 D1 to be preserved when translated to the other domain, g1!2(x) 2 D2, and similarly
for the reverse mapping. However this consistency property is hard to assess at the pixel-level as we
do not have paired data and pixel-level metrics are suboptimal for image comparison. Instead, we
introduce a feature-level semantic consistency loss, which encourages the network to preserve the
learned embedding during domain translation. Formally, Lsem = Lsem,1!2 + Lsem,2!1, where:

Lsem,1!2 = Ex⇠p(D1)ke1(x)� e2(g1!2(x))k, where k · k is a distance between vectors. (4)

GAN objective, Lgan. Although the key aim of XGAN is to learn a joint meaningful and semanti-
cally consistent embedding, we find that generating realistic image transformations has a crucial pos-
itive effect as the produced samples are fed back through the encoders when computing the semantic
consistency loss: Making the transformed distribution p(g2!1(D2)) as close as possible to the origi-
nal domain p(D1) ensures that the encoder e1 does not have to cope with an additional domain shift.
Therefore, with the purpose of improving sample quality, we define Lgan = Lgan,1!2 +Lgan,2!1,
where Lgan,1!2 is a state-of-the-art GAN objective (Goodfellow et al., 2014) where the generator
g1!2 is paired against the discriminator D1!2 (and likewise for g2!1 and D2!1). The models are
trained jointly in an adversarial scheme where D1!2 strives to distinguish generated samples from
real samples in D2, while the generator aims to produce samples that confuse the discriminator, i.e.,

Lgan,1!2 = Ex⇠p(D2) (log(D1!2(x))) + Ex⇠p(D1) (log(1�D1!2(g1!2(x)))) (5)

Teacher loss, Lteach. We introduce an optional component to easily incorporate prior knowledge
in the model when available, i.e., when working in a semi-supervised framework. Lteach encourages
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the sum of reconstruction losses for each domain. In practice, we use the mean squared distance for
image comparison:

Lrec,1 = Ex⇠p(D1) (kx� d1(e1(x))k2) , and likewise for Lrec,2 (2)

Domain-adversarial loss. Ldann is the domain-adversarial loss between D1 and D2. It encour-
ages the learned embeddings e1(D1) and e2(D2) to lie in the same subspace. In particular, it is
essential to guarantee the soundness of the cross-domain transformations g1!2 and g2!1. More
formally, this is achieved by training a binary classifier, cdann, on top of the embedding layer to
categorize encoded images from both domains as coming from either D1 or D2 (see Figure 2(B1)).
cdann is trained to maximize its classification accuracy Ldann while the encoders e1 and e2 simul-
taneously strive to minimize it, i.e., to confuse the domain-adversarial classifier. Denoting model
parameters by ✓ and a classification loss function by `, we have:

min
✓e1 ,✓e2

max
✓dann

Ldann, where Ldann = Ep(D1)`(1, cdann(e1(x))) + Ep(D2)` (2, cdann(e2(x))) (3)

Semantic consistency loss, Lsem. Our key contribution is a semantic consistency feedback loop
that acts as self-supervision for the cross-domain translations g1!2 and g2!1. It reinforces the
action of the domain-adversarial loss Ldann by mapping the embedding of an input image and the
embedding of its translated counterpart to the same point. Intuitively, we want the semantics of
input x 2 D1 to be preserved when translated to the other domain, g1!2(x) 2 D2, and similarly
for the reverse mapping. However this consistency property is hard to assess at the pixel-level as we
do not have paired data and pixel-level metrics are suboptimal for image comparison. Instead, we
introduce a feature-level semantic consistency loss, which encourages the network to preserve the
learned embedding during domain translation. Formally, Lsem = Lsem,1!2 + Lsem,2!1, where:

Lsem,1!2 = Ex⇠p(D1)ke1(x)� e2(g1!2(x))k, where k · k is a distance between vectors. (4)

GAN objective, Lgan. Although the key aim of XGAN is to learn a joint meaningful and semanti-
cally consistent embedding, we find that generating realistic image transformations has a crucial pos-
itive effect as the produced samples are fed back through the encoders when computing the semantic
consistency loss: Making the transformed distribution p(g2!1(D2)) as close as possible to the origi-
nal domain p(D1) ensures that the encoder e1 does not have to cope with an additional domain shift.
Therefore, with the purpose of improving sample quality, we define Lgan = Lgan,1!2 +Lgan,2!1,
where Lgan,1!2 is a state-of-the-art GAN objective (Goodfellow et al., 2014) where the generator
g1!2 is paired against the discriminator D1!2 (and likewise for g2!1 and D2!1). The models are
trained jointly in an adversarial scheme where D1!2 strives to distinguish generated samples from
real samples in D2, while the generator aims to produce samples that confuse the discriminator, i.e.,

Lgan,1!2 = Ex⇠p(D2) (log(D1!2(x))) + Ex⇠p(D1) (log(1�D1!2(g1!2(x)))) (5)

Teacher loss, Lteach. We introduce an optional component to easily incorporate prior knowledge
in the model when available, i.e., when working in a semi-supervised framework. Lteach encourages
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p�(x|c)

conditional VAE

KL(q�(z|x,c)||p�(z|x,c)) = Eq�(z|x,c) log
q�(z|x,c)

p�(z|x,c)

= Eq�(z|x,c) log
q�(z|x,c)p�(x|c)
p�(z|x,c)p�(x|c)

= Eq�(z|x,c) log
q�(z|x,c)p�(x|c)

p�(x,z|c)
= KL(q�(z|x,c)||p�(x,z|c)) + log p�(x|c))

then log p�(x|c)) = KL(q�(z|x,c)||p�(z|x,c)) + L(�, �; x,c)

where L(�, �; x,c) = �KL(q�(z|x,c)||p�(x,z|c))
= Eq�(z|x,c)[log p�(x,z|c) � log q�(z|x,c)]

= �KL(q�(z|x,c)||p�(z|c)) + Eq�(z|x,c) log p�(x|c,z)

https://zhuanlan.zhihu.com/p/25518643
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Figure 1: Model Architecture: Deep Convolutional Inverse Graphics Network (DC-IGN) has an
encoder and a decoder. We follow the variational autoencoder [11] architecture with variations. The
encoder consists of several layers of convolutions followed by max-pooling and the decoder has
several layers of unpooling (upsampling using nearest neighbors) followed by convolution. (a) Dur-
ing training, data x is passed through the encoder to produce the posterior approximation Q(zi|x),
where zi consists of scene latent variables such as pose, light, texture or shape. In order to learn
parameters in DC-IGN, gradients are back-propagated using stochastic gradient descent using the
following variational object function: �log(P (x|zi)) + KL(Q(zi|x)||P (zi)) for every zi. We can
force DC-IGN to learn a disentangled representation by showing mini-batches with a set of inactive
and active transformations (e.g. face rotating, light sweeping in some direction etc). (b) During test,
data x can be passed through the encoder to get latents zi. Images can be re-rendered to different
viewpoints, lighting conditions, shape variations etc by just manipulating the appropriate graphics
code group (zi), which is how one would manipulate an off-the-shelf 3D graphics engine.

Recent work in inverse graphics [10, 17, 16, 12] follows a general strategy of defining a probabilis-
tic or deterministic model with latent parameters, then using an inference or optimization algorithm
to find the most appropriate set of latent parameters given the observations. Recently, Tieleman et

al. [24] moved beyond this two-stage pipeline by using a generic encoder network and a domain-
specific decoder network to approximate a 2D rendering function. However, none of these ap-
proaches have been shown to automatically produce a semantically-interpretable graphics code and
to learn a 3D rendering engine to reproduce images.

In this paper, we present an approach for learning interpretable graphics codes for complex trans-
formations such as out-of-plane rotations and lighting variations. Given a set of images, we use
a hybrid encoder-decoder model to learn a representation that is disentangled with respect to var-
ious transformations such as object out-of-plane rotations and lighting variations. To achieve this,
we employ a deep directed graphical model with many layers of convolution and de-convolution
operators that is trained using the Stochastic Gradient Variational Bayes (SGVB) algorithm [11].

We propose a training procedure to encourage each group of neurons in the graphics code layer to
distinctly represent a specific transformation. To learn a disentangled representation, we train using
data where each mini-batch has a set of active and inactive transformations, but we do not provide
target values as in supervised learning; the objective function remains reconstruction quality. For
example, a nodding face would have the 3D elevation transformation active but its shape, texture
and other affine transformations would be inactive. We exploit this type of training data to force
chosen neurons in the graphics code layer to specifically represent active transformations, thereby
automatically creating a disentangled representation. Given a single face image, our model can re-
generate the input image with a different pose and lighting. We present qualitative and quantitative
results of the model’s efficacy at learning a 3D rendering engine.
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During the forward step, the output from each component z_k != z_1 of the 
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that the generating variables of the image which correspond to the desired values of 
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batch, i.e. the full range of changes to the image caused by changing ".

During the backward step, backpropagation of gradients happens only through the latent 
z_1, with gradients for z_k != z_1 set to zero. This corresponds with the clamped 
output from those latents throughout the batch.

Caption: In order to directly enforce invariance of the latents corresponding to 
properties of the image which do not change within a given batch, we calculate 
gradients for the z_k != z_1 which move them towards the mean of each 
invariant latent over the batch. This is equivalent to regularizing the 
latents z_{[2,n]} by the L2 norm of (zk - mean zk).

Figure 2: Structure of the representation vector. � is the azimuth of the face, ↵ is the elevation of
the face with respect to the camera, and �L is the azimuth of the light source.

We present a novel training procedure which allows networks to be trained to have disentangled and
interpretable representations.

3.1 Training with Specific Transformations

The main goal of this work is to learn a representation of the data which consists of disentangled and
semantically interpretable latent variables. We would like only a small subset of the latent variables
to change for sequences of inputs corresponding to real-world events.

One natural choice of target representation for information about scenes is that already designed for
use in graphics engines. If we can deconstruct a face image by splitting it into variables for pose,
light, and shape, we can trivially represent the same transformations that these variables are used for
in graphics applications. Figure 2 depicts the representation which we will attempt to learn.

To achieve this goal, we perform a training procedure which directly targets this definition of disen-
tanglement. We organize our data into mini-batches corresponding to changes in only a single scene
variable (azimuth angle, elevation angle, azimuth angle of the light source); these are transforma-
tions which might occur in the real world. We will term these the extrinsic variables, and they are
represented by the components z1,2,3 of the encoding.

We also generate mini-batches in which the three extrinsic scene variables are held fixed but all
other properties of the face change. That is, these batches consist of many different faces under the
same viewing conditions and pose. These intrinsic properties of the model, which describe identity,
shape, expression, etc., are represented by the remainder of the latent variables z[4,200]. These mini-
batches varying intrinsic properties are interspersed stochastically with those varying the extrinsic
properties.

We train this representation using SGVB, but we make some key adjustments to the outputs of the
encoder and the gradients which train it. The procedure (Figure 3) is as follows.

1. Select at random a latent variable ztrain which we wish to correspond to one of {azimuth
angle, elevation angle, azimuth of light source, intrinsic properties}.

2. Select at random a mini-batch in which that only that variable changes.

3. Show the network each example in the minibatch and capture its latent representation for
that example zk.

4. Calculate the average of those representation vectors over the entire batch.

5. Before putting the encoder’s output into the decoder, replace the values zi 6= ztrain with
their averages over the entire batch. These outputs are “clamped”.

6. Calculate reconstruction error and backpropagate as per SGVB in the decoder.

7. Replace the gradients for the latents zi 6= ztrain (the clamped neurons) with their difference
from the mean (see Section 3.2). The gradient at ztrain is passed through unchanged.

8. Continue backpropagation through the encoder using the modified gradient.

Since the intrinsic representation is much higher-dimensional than the extrinsic ones, it requires
more training. Accordingly we select the type of batch to use in a ratio of about 1:1:1:10, az-
imuth:elevation:lighting:intrinsic; we arrived at this ratio after extensive testing, and it works well
for both of our datasets.
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Figure 3: Training on a minibatch in which only �, the azimuth angle of the face, changes.
During the forward step, the output from each component zi 6= z1 of the encoder is altered to be the
same for each sample in the batch. This reflects the fact that the generating variables of the image
(e.g. the identity of the face) which correspond to the desired values of these latents are unchanged
throughout the batch. By holding these outputs constant throughout the batch, the single neuron z1 is
forced to explain all the variance within the batch, i.e. the full range of changes to the image caused
by changing �. During the backward step z1 is the only neuron which receives a gradient signal from
the attempted reconstruction, and all zi 6= z1 receive a signal which nudges them to be closer to their
respective averages over the batch. During the complete training process, after this batch, another
batch is selected at random; it likewise contains variations of only one of �, ↵, �L, intrinsic; all
neurons which do not correspond to the selected latent are clamped; and the training proceeds.

(a)

Original Reconstuction Pose (Elevation) varied

(b)

Original Reconstuction Pose (Azimuth) varied

Figure 4: Manipulating pose variables: Qualitative results showing the generalization capability
of the learned DC-IGN decoder to rerender a single input image with different pose directions. (a)
We change the latent zelevation smoothly from -15 to 15, leaving all 199 other latents unchanged.
(b) We change the latent zazimuth smoothly from -15 to 15, leaving all 199 other latents unchanged.

This training procedure works to train both the encoder and decoder to represent certain properties
of the data in a specific neuron. By clamping the output of all but one of the neurons, we force the
decoder to recreate all the variation in that batch using only the changes in that one neuron’s value.
By clamping the gradients, we train the encoder to put all the information about the variations in the
batch into one output neuron.

This training method leads to networks whose latent variables have a strong equivariance with the
corresponding generating parameters, as shown in Figure 6. This allows the value of the true gener-
ating parameter (e.g. the true angle of the face) to be trivially extracted from the encoder.
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Figure 7: Manipulating rotation: Each row was generated by encoding the input image (leftmost)
with the encoder, then changing the value of a single latent and putting this modified encoding
through the decoder. The network has never seen these chairs before at any orientation. (a) Some
positive examples. Note that the DC-IGN is making a conjecture about any components of the chair
it cannot see; in particular, it guesses that the chair in the top row has arms, because it can’t see that
it doesn’t. (b) Examples in which the network extrapolates to new viewpoints less accurately.

We trained these networks with the azimuth (flat rotation) of the chair as a disentangled variable
represented by a single node z1; all other variation between images is undifferentiated and repre-
sented by z[2,200]. The DC-IGN network succeeded in achieving a mean-squared error (MSE) of
reconstruction of 2.7722 ⇥ 10�4 on the test set. Each image has grayscale values in the range [0, 1]
and is 150 ⇥ 150 pixels.

In Figure 7 we have included examples of the networks ability to re-render previously-unseen chairs
at different angles given a single image. For some chairs it is able to render fairly smooth transitions,
showing the chair at many intermediate poses, while for others it seems to only capture a sort of
keyframes representation, only having distinct outputs for a few angles. Interestingly, the task of
rotating a chair seen only from one angle requires speculation about unseen components; the chair
might have arms, or not; a curved seat or a flat one; etc.

5 Discussion

We have shown that it is possible to train a deep convolutional inverse graphics network with in-
terpretable graphics code layer representation from static images. By utilizing a deep convolution
and de-convolution architecture within a variational autoencoder formulation, our model can be
trained end-to-end using back-propagation on the stochastic variational objective function [11]. We
proposed a training procedure to force the network to learn disentangled and interpretable repre-
sentations. Using 3D face analysis as a working example, we have demonstrated the invariant and
equivariant characteristics of the learned representations.

To scale our approach to handle more complex scenes, it will likely be important to experiment with
deeper architectures in order to handle large number of object categories within a single network
architecture. It is also very appealing to design a spatio-temporal based convolutional architecture
to utilize motion in order to handle complicated object transformations. Furthermore, the current
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Figure 1: Deep convolutional encoder-decoder network for learning 3d rotation

A related line of work to ours is disentangling the latent factors of variation that generate natural
images. Bilinear models for separating style and content are developed in [26], and are shown to
be capable of separating handwriting style and character identity, and also separating face iden-
tity and pose. The disentangling Boltzmann Machine (disBM) [23] applies this idea to augment
the Restricted Boltzmann Machine by partitioning its hidden state into distinct factors of variation
and modeling their higher-order interaction. The multi-view perceptron [31] employs a stochastic
feedforward network to disentangle the identity and pose factors of face images in order to achieve
view-invariant recognition. The encoder network for IGN is also trained to learn a disentangled rep-
resentation of images by extracting a graphics code for each factor. In [6], the (potentially unknown)
latent factors of variation are both discovered and disentangled using a novel hidden unit regularizer.
Our work is also loosely related to the “DeepStereo" algorithm [10] that synthesizes novel views of
scenes from multiple images using deep convolutional networks.

3 Recurrent Convolutional Encoder-Decoder Network
In this section we describe our model formulation. Given an image of 3D object, our goal is to syn-
thesize its rotated views. Inspired by recent success of convolutional networks (CNNs) in mapping
images to high-level abstract representations [17] and synthesizing images from graphics codes [8],
we base our model on deep convolutional encoder-decoder networks. One example network struc-
ture is shown in Figure 1. The encoder network used 5ˆ 5 convolution-relu layers with stride 2 and
2-pixel padding so that the dimension is halved at each convolution layer, followed by two fully-
connected layers. In the bottleneck layer, we define a group of units to represent the pose (pose
units) where the desired transformations can be applied. The other group of units represent what
does not change during transformations, named as identity units. The decoder network is symmetric
to the encoder. To increase dimensionality we use fixed upsampling as in [8]. We found that fixed
stride-2 convolution and upsampling worked better than max-pooling and unpooling with switches,
because when applying transformations the encoder pooling switches would not in general match
the switches produced by the target image. The desired transformations are reflected by the action
units. We used a 1-of-3 encoding, in which r100s encoded a clockwise rotation, r010s encoded a no-
op, and r001s encoded a counter-clockwise rotation. The triangle indicates a tensor product taking
as input the pose units and action units, and producing the transformed pose units. Equivalently, the
action unit selects the matrix that transforms the input pose units to the output pose units.

The action units introduce a small linear increment to the pose units, which essentially model the
local transformations in the nonlinear pose manifold. However, in order to achieve longer rotation
trajectories, if we simply accumulate the linear increments from the action units (e.g., [2 0 0] for
two-step clockwise rotation, the pose units will fall off the manifold resulting in bad predictions.
To overcome this problem, we generalize the model to a recurrent neural network, which have
been shown to capture long-term dependencies for a wide variety of sequence modeling problems.
In essence, we use recurrent pose units to model the step-by-step pose manifold traversals. The
identity units are shared across all time steps since we assume that all training sequences preserve
the identity while only changing the pose. Figure 2 shows the unrolled version of our RNN model.
We only perform encoding at the first time step, and all transformations are carried out in the latent
space; i.e., the model predictions at time step t are not fed into the next time step input. The training
objective is based on pixel-wise prediction over all time steps for training sequences:

Lrnn “
Nÿ

i“1

Tÿ

t“1

||ypi,tq ´ gpfposepxpiq, apiq, tq, fidpxpiqqq||22 (1)

3

1-of-3 encoding: 
clockwise/no-op/counter-clockwise

Figure 2: Unrolled recurrent convolutional network for learning to rotate 3d objects. The convolutional encoder
and decoder have been abstracted out, represented here as vertical rectangles.

where apiq is the sequence of T actions, fidpxpiqq produces the identity features invariant to all the
time steps, fposepxpiq, apiq, tq produces the transformed pose features at time step t, gp¨, ¨q is the
image decoder producing an image given the output of fidp¨q and fposep¨, ¨, ¨q, xpiq is the i-th image,
ypi,tq is the i-th training image target at step t.

3.1 Curriculum Training
We trained the network parameters using backpropagation through time and the ADAM optimization
method [3]. To effectively train our recurrent network, we found it beneficial to use curriculum
learning [4], in which we gradually increase the difficulty of training by increasing the trajectory
length. This appears to be useful for sequence prediction with recurrent networks in other domains
as well [22, 29]. In Section 4, we show that increasing the training sequence length improves both
the model’s image prediction performance as well as the pose-invariant recognition performance of
identity features.

Also, longer training sequences force the identity units to better disentangle themselves from the
pose. If the same identity units need to be used to predict both a 15˝-rotated and a 120˝-rotated
image during training, these units cannot pick up pose-related information. In this way, our model
can learn disentangled features (i.e., identity units can do invariant identity recognition but are not
informative of pose, and vice versa) without explicitly regularizing to achieve this effect. We did not
find it necessary to use gradient clipping.

4 Experiments
We carry out experiments to achieve the following objectives. First, we examine the ability of our
model to synthesize high-quality images of both face and complex 3D objects (chairs) in a wide
range of rotational angles. Second, we evaluate the discriminative performance of disentangled
identity units through cross-view object recognition. Third, we demonstrate the ability to generate
and rotate novel object classes by interpolating identity units of query objects.

4.1 Datasets
Multi-PIE. The Multi-PIE [12] dataset consists of 754,204 face images from 337 people. The
images are captured from 15 viewpoints under 20 illumination conditions in different sessions. To
evaluate our model for rotating faces, we select a subset of Multi-PIE that covers 7 viewpoints
evenly from ´45˝ to 45˝ under neutral illumination. Each face image is aligned through manually
annotated landmarks on eyes, nose and mouth corners, and then cropped to 80 ˆ 60 ˆ 3 pixels. We
use the images of first 200 people for training and the remaining 137 people for testing.

Chairs. This dataset contains 1393 chair CAD models made publicly available by Aubry et al. [2].
Each chair model is rendered from 31 azimuth angles (with steps of 11˝ or 12˝) and 2 elevation
angles (20˝ and 30˝) at a fixed distance to the virtual camera. We use a subset of 809 chair models
in our experiments, which are selected out of 1393 by Dosovitskiy et al. [8] in order to remove near-
duplicate models (e.g., models differing only in color) or low-quality models. We crop the rendered
images to have a small border and resize them to a common size of 64 ˆ 64 ˆ 3 pixels. We also
prepare their binary masks by subtracting the white background. We use the images of the first 500
models as the training set and the remaining 309 models as the test set.
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´45˝ ´30˝ ´15˝ 0˝ 15˝ 30˝ 45˝ ´45˝ ´30˝ ´15˝ 0˝ 15˝ 30˝ 45˝

Figure 3: 3D view synthesis on Multi-PIE. For each panel, the first row shows the ground truth from ´45˝

to 45˝, the second and third rows show the re-renderings of 6-step clockwise rotation from an input image of
´45˝ (red box) and of 6-step counter-clockwise rotation from an input image of 45˝ (red box), respectively.

45˝ 30˝ 15˝ ´15˝ ´30˝ ´45˝ 45˝ 30˝ 15˝ ´15˝ ´30˝ ´45˝

Input

RNN

3D
model

Figure 4: Comparing face pose normalization results with 3D morphable model [30].

4.2 Network Architectures and Training Details
Multi-PIE. The encoder network for the Multi-PIE dataset used two convolution-relu layers with
stride 2 and 2-pixel padding, followed by one fully-connected layer: 5̂ 5̂ 64´5̂ 5̂ 128´1024. The
number of identity and pose units are 512 and 128, respectively. The decoder network is symmetric
to the encoder. The curriculum training procedure starts with the single-step rotation model which
we call RNN1.

We prepare the training samples by pairing face images of the same person captured in the same
session with adjacent camera viewpoints. For example, xpiq at ´30˝ is mapped to ypiq at ´15˝ with
action apiq “ r001s; xpiq at ´15˝ is mapped to ypiq at ´30˝ with action apiq “ r100s; and xpiq at
´30˝ is mapped to ypiq at ´30˝ with action apiq “ r010s. For face images with ending viewpoints
´45˝ and 45˝, only one-way rotation is feasible. We train the network using the ADAM optimizer
with fixed learning rate 10´4 for 400 epochs.1

Since there are 7 viewpoints per person per session, we schedule the curriculum training with t“2,
t “ 4 and t “ 6 stages, which we call RNN2, RNN4 and RNN6, respectively. To sample training
sequences with fixed length, we allow both clockwise and counter-clockwise rotations. For example,
when t“4, one input image xpiq at 30˝ is mapped to pypi,1q, ypi,2q, ypi,3q, ypi,4qq with corresponding
angles p45˝, 30˝, 15˝, 0˝q and action inputs pr001s, r100s, r100s, r100sq. In each stage, we initialize
the network parameters with the previous stage and fine-tune the network with fixed learning rate
10´5 for 10 additional epochs.

Chairs. The encoder network for chairs used three convolution-relu layers with stride 2 and 2-pixel
padding, followed by two fully-connected layers: 5ˆ5ˆ64´5ˆ5ˆ128´5ˆ5ˆ256´1024´1024.
The decoder network is symmetric, except that after the fully-connected layers it branches into image
and mask prediction layers. The mask prediction indicates whether a pixel belongs to foreground or
background. We adopted this idea from the generative CNN [8] and found it beneficial to training
efficiency and image synthesis quality. A tradeoff parameter �“0.1 is applied to the mask prediction
loss. We train the single-step network parameters with fixed learning rate 10´4 for 500 epochs. We
schedule the curriculum training with t “ 2, t “ 4, t “ 8 and t “ 16, which we call RNN2, RNN4,
RNN8 and RNN16. Note that the curriculum training stops at t“ 16 because we reached the limit
of GPU memory. Since the images of each chair model are rendered from 31 viewpoints evenly
sampled between 0˝ and 360˝, we can easily prepare training sequences of clockwise or counter-
clockwise t-step rotations around the circle. Similarly, the network parameters of the current stage
are initialized with those of previous stage and fine-tuned with the learning rate 10´5 for 50 epochs.

1We carry out experiments using Caffe [14] on Nvidia K40c and Titan X GPUs.
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4.3 3D View Synthesis of Novel Objects
We first examine the re-rendering quality of our RNN models for novel object instances that were
not seen during training. On the Multi-PIE dataset, given one input image from the test set with
possible views between ´45˝ to 45˝, the encoder produces identity units and pose units and then
the decoder renders images progressively with fixed identity units and action-driven recurrent pose
units up to t-steps. Examples are shown in Figure 3 of the longest rotations, i.e., clockwise from
´45˝ to 45˝ and counter-clockwise from 45˝ to ´45˝ with RNN6. High-quality renderings are
generated with smooth transformations between adjacent views. The characteristics of faces, such
as gender, expression, eyes, nose and glasses are also preserved during rotation. We also compare
our RNN model with a state-of-the-art 3D morphable model for face pose normalization [30] in
Figure 4. It can be observed that our RNN model produces stable renderings while 3D morphable
model is sensitive to facial landmark localization. One of the advantages of 3D morphable model is
that it preserves facial textures well.

On the chair dataset, we use RNN16 to synthesize 16 rotated views of novel chairs in the test set.
Given a chair image of a certain view, we define two action sequences; one for progressive clock-
wise rotation and another for counter-clockwise rotation. It is a more challenging task compared
to rotating faces due to the complex 3D shapes of chairs and the large rotation angles (more than
180˝ after 16-step rotations). Since no previous methods tackle the exact same chair re-rendering
problem, we use a k-nearest-neighbor (KNN) method for baseline comparisons. The KNN baseline
is implemented as follows. We first extract the CNN features “fc7” from VGG-16 net [25] for all
the chair images. For each test chair image, we find its K-nearest neighbors in the training set by
comparing their “fc7” features. The retrieved top-K images are expected to be similar to the query
in terms of both style and pose [1]. Given a desired rotation angle, we synthesize rotated views of
the test image by averaging the corresponding rotated views of the retrieved top-K images in the
training set at the pixel level. We tune the K value in [1,3,5,7], namely KNN1, KNN3, KNN5 and
KNN7 to achieve the best performance. Two examples are shown in Figure 5. In our RNN model,
the 3D shapes are well preserved with clear boundaries for all the 16 rotated views from different
input, and the appearance changes smoothly between adjacent views with a consistent style.

RNN

KNN

RNN

KNN

RNN

KNN

RNN

KNN

Input t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8 t=9 t=10 t=11 t=12 t=13 t=14 t=15 t=16

Figure 5: 3D view synthesis of 16-step rotations on Chairs. In each panel, we compare synthesis results of
the RNN16 model (top) and of the KNN5 baseline (bottom). The first two panels belong to the same chair of
different starting views while the last two panels are from another chair of two starting views. Input images are
marked with red boxes.

Note that conceptually the learned network parameters during different stages of curriculum training
can be used to process an arbitrary number of rotation steps. The RNN1 model (the first row in
Figure 6) works well in the first rotation step, but it produces degenerate results from the second
step. The RNN2 (the second row), trained with two-step rotations, generates reasonable results in
the third step. Progressively, the RNN4 and RNN8 seem to generalize well on chairs with longer
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To further demonstrate the disentangling property of our RNN model, we use the pose units extracted
from the input images to repeat the above cross-view recognition experiments. The mean success
rates are shown in Table 1. It turns out that the better the identity units perform the worse the pose
units perform. When the identity units achieve near-perfect recognition on Multi-PIE, the pose units
only obtain a mean success rate 1.4%, which is close to the random guess 0.5% for 200 classes.
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Figure 8: Comparing cross-view recognition success rates for faces (left) and chairs (right).

Models RNN: identity RNN: pose CNN
Multi-PIE 93.3 1.4 92.6

Chairs 56.8 9.0 52.5

Table 1: Comparing mean cross-view recognition success rates (%) with identity and pose units.

4.5 Class Interpolation and View Synthesis
In this experiment, we demonstrate the ability of our RNN model to generate novel chairs by
interpolating between two existing ones. Given two chair images of the same view from dif-
ferent instances, the encoder network is used to compute their identity units z1id, z

2
id and pose

units z1pose, z
2
pose, respectively. The interpolation is computed by zid “ �z1id ` p1 ´ �qz2id and

zpose “ �z1pose ` p1 ´ �qz2pose, where � “ r0.0, 0.2, 0.4, 0.6, 0.8, 1.0s. The interpolated zid and
zpose are then fed into the recurrent decoder network to render its rotated views. Example interpo-
lations between four chair instances are shown in Figure 9. The Interpolated chairs present smooth
stylistic transformations between any pair of input classes (each row in Figure 9), and their unique
stylistic characteristics are also well preserved among its rotated views (each column in Figure 9).

Input

t=1

t=5

t=9

t=13

� 0.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

Figure 9: Chair style interpolation and view synthesis. Given four chair images of the same view (first row)
from test set, each row presents renderings of style manifold traversal with a fixed view while each column
presents the renderings of pose manifold traversal with a fixed interpolated identity.

5 Conclusion
In this paper, we develop a recurrent convolutional encoder-decoder network and demonstrate its
effectiveness for synthesizing 3D views of unseen object instances. On the Multi-PIE dataset and
a database of 3D chair CAD models, the model predicts accurate renderings across trajectories of

8

interpolation between different chairs as well as rotation
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Published as a conference paper at ICLR 2017

We want to develop an unsupervised deep generative model that, using samples from X only, can
learn the joint distribution of the data x and a set of generative latent factors z (z 2 RM , where
M � K) such that z can generate the observed data x; that is, p(x|z) ⇡ p(x|v,w) = Sim(v,w).
Thus a suitable objective is to maximise the marginal (log-)likelihood of the observed data x in
expectation over the whole distribution of latent factors z:

max
✓

Ep✓(z)[p✓(x|z)] (1)

For a given observation x, we describe the inferred posterior configurations of the latent factors z by
a probability distribution q�(z|x). Our aim is to ensure that the inferred latent factors q�(z|x) capture
the generative factors v in a disentangled manner. The conditionally dependent data generative
factors w can remain entangled in a separate subset of z that is not used for representing v. In order
to encourage this disentangling property in the inferred q�(z|x), we introduce a constraint over it by
trying to match it to a prior p(z) that can both control the capacity of the latent information bottleneck,
and embodies the desiderata of statistical independence mentioned above. This can be achieved if
we set the prior to be an isotropic unit Gaussian (p(z) = N (0, I)), hence arriving at the constrained
optimisation problem in Eq. 2, where ✏ specifies the strength of the applied constraint.

max
�,✓

Ex⇠D

⇥
Eq�(z|x)[log p✓(x|z)]

⇤
subject to DKL(q�(z|x)||p(z)) < ✏ (2)

Re-writing Eq. 2 as a Lagrangian under the KKT conditions (Kuhn & Tucker, 1951; Karush, 1939),
we obtain:

F(✓,�,�;x, z) = Eq�(z|x)[log p✓(x|z)]� � (DKL(q�(z|x)||p(z))� ✏) (3)

where the KKT multiplier � is the regularisation coefficient that constrains the capacity of the latent
information channel z and puts implicit independence pressure on the learnt posterior due to the
isotropic nature of the Gaussian prior p(z). Since �, ✏ � 0 according to the complementary slackness
KKT condition, Eq. 3 can be re-written to arrive at the �-VAE formulation - as the familiar variational
free energy objective function as described by Jordan et al. (1999), but with the addition of the �
coefficient:

F(✓,�,�;x, z) � L(✓,�;x, z,�) = Eq�(z|x)[log p✓(x|z)]� � DKL(q�(z|x)||p(z)) (4)

Varying � changes the degree of applied learning pressure during training, thus encouraging different
learnt representations. �-VAE where � = 1 corresponds to the original VAE formulation of (Kingma
& Welling, 2014). We postulate that in order to learn disentangled representations of the conditionally
independent data generative factors v, it is important to set � > 1, thus putting a stronger constraint
on the latent bottleneck than in the original VAE formulation of Kingma & Welling (2014). These
constraints limit the capacity of z, which, combined with the pressure to maximise the log likelihood
of the training data x under the model, should encourage the model to learn the most efficient
representation of the data. Since the data x is generated using at least some conditionally independent
ground truth factors v, and the DKL term of the �-VAE objective function encourages conditional
independence in q�(z|x), we hypothesise that higher values of � should encourage learning a
disentangled representation of v. The extra pressures coming from high � values, however, may
create a trade-off between reconstruction fidelity and the quality of disentanglement within the learnt
latent representations. Disentangled representations emerge when the right balance is found between
information preservation (reconstruction cost as regularisation) and latent channel capacity restriction
(� > 1). The latter can lead to poorer reconstructions due to the loss of high frequency details when
passing through a constrained latent bottleneck. Hence, the log likelihood of the data under the learnt
model is a poor metric for evaluating disentangling in �-VAEs. Instead we propose a quantitative
metric that directly measures the degree of learnt disentanglement in the latent representation.

Since our proposed hyperparameter � directly affects the degree of learnt disentanglement, we would
like to estimate the optimal � for learning a disentangled latent representation directly. However, it is
not possible to do so. This is because the optimal � will depend on the value of ✏ in Eq.2. Different
datasets and different model architectures will require different optimal values of ✏. However, when
optimising � in Eq. 4, we are indirectly also optimising ✏ for the best disentanglement (see Sec.A.7
for details), and while we can not learn the optimal value of � directly, we can instead estimate it
using either our proposed disentanglement metric (see Sec. 3) or through visual inspection heuristics.
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We want to develop an unsupervised deep generative model that, using samples from X only, can
learn the joint distribution of the data x and a set of generative latent factors z (z 2 RM , where
M � K) such that z can generate the observed data x; that is, p(x|z) ⇡ p(x|v,w) = Sim(v,w).
Thus a suitable objective is to maximise the marginal (log-)likelihood of the observed data x in
expectation over the whole distribution of latent factors z:
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factors w can remain entangled in a separate subset of z that is not used for representing v. In order
to encourage this disentangling property in the inferred q�(z|x), we introduce a constraint over it by
trying to match it to a prior p(z) that can both control the capacity of the latent information bottleneck,
and embodies the desiderata of statistical independence mentioned above. This can be achieved if
we set the prior to be an isotropic unit Gaussian (p(z) = N (0, I)), hence arriving at the constrained
optimisation problem in Eq. 2, where ✏ specifies the strength of the applied constraint.
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Re-writing Eq. 2 as a Lagrangian under the KKT conditions (Kuhn & Tucker, 1951; Karush, 1939),
we obtain:

F(✓,�,�;x, z) = Eq�(z|x)[log p✓(x|z)]� � (DKL(q�(z|x)||p(z))� ✏) (3)

where the KKT multiplier � is the regularisation coefficient that constrains the capacity of the latent
information channel z and puts implicit independence pressure on the learnt posterior due to the
isotropic nature of the Gaussian prior p(z). Since �, ✏ � 0 according to the complementary slackness
KKT condition, Eq. 3 can be re-written to arrive at the �-VAE formulation - as the familiar variational
free energy objective function as described by Jordan et al. (1999), but with the addition of the �
coefficient:

F(✓,�,�;x, z) � L(✓,�;x, z,�) = Eq�(z|x)[log p✓(x|z)]� � DKL(q�(z|x)||p(z)) (4)

Varying � changes the degree of applied learning pressure during training, thus encouraging different
learnt representations. �-VAE where � = 1 corresponds to the original VAE formulation of (Kingma
& Welling, 2014). We postulate that in order to learn disentangled representations of the conditionally
independent data generative factors v, it is important to set � > 1, thus putting a stronger constraint
on the latent bottleneck than in the original VAE formulation of Kingma & Welling (2014). These
constraints limit the capacity of z, which, combined with the pressure to maximise the log likelihood
of the training data x under the model, should encourage the model to learn the most efficient
representation of the data. Since the data x is generated using at least some conditionally independent
ground truth factors v, and the DKL term of the �-VAE objective function encourages conditional
independence in q�(z|x), we hypothesise that higher values of � should encourage learning a
disentangled representation of v. The extra pressures coming from high � values, however, may
create a trade-off between reconstruction fidelity and the quality of disentanglement within the learnt
latent representations. Disentangled representations emerge when the right balance is found between
information preservation (reconstruction cost as regularisation) and latent channel capacity restriction
(� > 1). The latter can lead to poorer reconstructions due to the loss of high frequency details when
passing through a constrained latent bottleneck. Hence, the log likelihood of the data under the learnt
model is a poor metric for evaluating disentangling in �-VAEs. Instead we propose a quantitative
metric that directly measures the degree of learnt disentanglement in the latent representation.

Since our proposed hyperparameter � directly affects the degree of learnt disentanglement, we would
like to estimate the optimal � for learning a disentangled latent representation directly. However, it is
not possible to do so. This is because the optimal � will depend on the value of ✏ in Eq.2. Different
datasets and different model architectures will require different optimal values of ✏. However, when
optimising � in Eq. 4, we are indirectly also optimising ✏ for the best disentanglement (see Sec.A.7
for details), and while we can not learn the optimal value of � directly, we can instead estimate it
using either our proposed disentanglement metric (see Sec. 3) or through visual inspection heuristics.
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Figure 1: Manipulating latent variables on celebA: Qualitative results comparing disentangling
performance of �-VAE (� = 250), VAE (Kingma & Welling, 2014) (� = 1) and InfoGAN (Chen
et al., 2016). In all figures of latent code traversal each block corresponds to the traversal of a single
latent variable while keeping others fixed to either their inferred (�-VAE, VAE and DC-IGN where
applicable) or sampled (InfoGAN) values. Each row represents a different seed image used to infer
the latent values in the VAE-based models, or a random sample of the noise variables in InfoGAN.
�-VAE and VAE traversal is over the [-3, 3] range. InfoGAN traversal is over ten dimensional
categorical latent variables. Only �-VAE and InfoGAN learnt to disentangle factors like azimuth
(a), emotion (b) and hair style (c), whereas VAE learnt an entangled representation (e.g. azimuth is
entangled with emotion, presence of glasses and gender). InfoGAN images adapted from Chen et al.
(2016). Reprinted with permission.

approaches to disentangled factor learning have not scaled well (Schmidhuber, 1992; Desjardins
et al., 2012; Tang et al., 2013; Cohen & Welling, 2014; 2015).

Recently a scalable unsupervised approach for disentangled factor learning has been developed,
called InfoGAN (Chen et al., 2016). InfoGAN extends the generative adversarial network (GAN)
(Goodfellow et al., 2014) framework to additionally maximise the mutual information between a
subset of the generating noise variables and the output of a recognition network. It has been reported
to be capable of discovering at least a subset of data generative factors and of learning a disentangled
representation of these factors. The reliance of InfoGAN on the GAN framework, however, comes
at the cost of training instability and reduced sample diversity. Furthermore, InfoGAN requires
some a priori knowledge of the data, since its performance is sensitive to the choice of the prior
distribution and the number of the regularised noise variables. InfoGAN also lacks a principled
inference network (although the recognition network can be used as one). The ability to infer the
posterior latent distribution from sensory input is important when using the unsupervised model in
transfer learning or zero-shot inference scenarios. Hence, while InfoGAN is an important step in the
right direction, we believe that further improvements are necessary to achieve a principled way of
using unsupervised learning for developing more human-like learning and reasoning in algorithms as
described by Lake et al. (2016).

Finally, there is currently no general method for quantifying the degree of learnt disentanglement.
Therefore there is no way to quantitatively compare the degree of disentanglement achieved by
different models or when optimising the hyperparameters of a single model.
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Figure 2: A comparison of several GAN architectures with the proposed AC-GAN architecture.

3 AC-GANS

We propose a variant of the GAN architecture which we call an auxiliary classifier GAN (or AC-
GAN - see Figure 2). In the AC-GAN, every generated sample has a corresponding class label, c ⇠
pc in addition to the noise z. G uses both to generate images Xfake = G(c, z). The discriminator
gives both a probability distribution over sources and a probability distribution over the class labels,
P (S | X), P (C | X) = D(X). The objective function has two parts: the log-likelihood of the
correct source, LS , and the log-likelihood of the correct class, LC .

LS = E[logP (S = real | Xreal)] + E[logP (S = fake | Xfake)]
LC = E[logP (C = c | Xreal)] + E[logP (C = c | Xfake)]

D is trained to maximize LS + LC while G is trained to maximize LC � LS . AC-GANs learn a
representation for z that is independent of class label (e.g. Kingma et al. (2014)).

Early experiments demonstrated that increasing the number of classes trained on while holding the
model fixed decreased the quality of the model outputs (Appendix D). The structure of the AC-
GAN model permits separating large datasets into subsets by class and training a generator and
discriminator for each subset. We exploit this property in our experiments to train across the entire
ImageNet data set.

4 RESULTS

We train several AC-GAN models on the ImageNet data set (Russakovsky et al., 2015). Broadly
speaking, the architecture of the generator G is a series of ‘deconvolution’ layers that transform the
noise z and class c into an image (Odena et al., 2016). We train two variants of the model architecture
for generating images at 128 ⇥ 128 and 64 ⇥ 64 spatial resolutions. The discriminator D is a deep
convolutional neural network with a Leaky ReLU nonlinearity (Maas et al., 2013). See Appendix A
for more details. As mentioned earlier, we find that reducing the variability introduced by all 1000
classes of ImageNet significantly improves the quality of training. We train 100 AC-GAN models –
each on images from just 10 classes – for 50000 mini-batches of size 100.

Evaluating the quality of image synthesis models is challenging due to the variety of probabilis-
tic criteria (Theis et al., 2015) and the lack of a perceptually meaningful image similarity metric.
Nonetheless, in subsequent sections we attempt to measure the quality of the AC-GAN by building
several ad-hoc measures for image sample discriminability and diversity. Our hope is that this work
might provide quantitative measures that may be used to aid training and subsequent development
of image synthesis models.

1 Alternatively, one can force the discriminator to work with the joint distribution (X, z) and train a separate
inference network that computes q(z|X) (Dumoulin et al., 2016; Donahue et al., 2016).
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take c as also input for D 
to avoid ignoring c in G

Model MNIST
DBN [1] 138± 2

Stacked CAE [1] 121± 1.6
Deep GSN [2] 214± 1.1

Adversarial nets 225± 2
Conditional adversarial nets 132± 1.8

Table 1: Parzen window-based log-likelihood estimates for MNIST. We followed the same procedure as [8]
for computing these values.

The discriminator maps x to a maxout [6] layer with 240 units and 5 pieces, and y to a maxout layer
with 50 units and 5 pieces. Both of the hidden layers mapped to a joint maxout layer with 240 units
and 4 pieces before being fed to the sigmoid layer. (The precise architecture of the discriminator
is not critical as long as it has sufficient power; we have found that maxout units are typically well
suited to the task.)

The model was trained using stochastic gradient decent with mini-batches of size 100 and ini-
tial learning rate of 0.1 which was exponentially decreased down to .000001 with decay factor of
1.00004. Also momentum was used with initial value of .5 which was increased up to 0.7. Dropout
[9] with probability of 0.5 was applied to both the generator and discriminator. And best estimate of
log-likelihood on the validation set was used as stopping point.

Table 1 shows Gaussian Parzen window log-likelihood estimate for the MNIST dataset test data.
1000 samples were drawn from each 10 class and a Gaussian Parzen window was fitted to these
samples. We then estimate the log-likelihood of the test set using the Parzen window distribution.
(See [8] for more details of how this estimate is constructed.)

The conditional adversarial net results that we present are comparable with some other network
based, but are outperformed by several other approaches – including non-conditional adversarial
nets. We present these results more as a proof-of-concept than as demonstration of efficacy, and
believe that with further exploration of hyper-parameter space and architecture that the conditional
model should match or exceed the non-conditional results.

Fig 2 shows some of the generated samples. Each row is conditioned on one label and each column
is a different generated sample.

Figure 2: Generated MNIST digits, each row conditioned on one label

4.2 Multimodal

Photo sites such as Flickr are a rich source of labeled data in the form of images and their associated
user-generated metadata (UGM) — in particular user-tags.

4
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2 Related Work

2.1 Multi-modal Learning For Image Labelling

Despite the many recent successes of supervised neural networks (and convolutional networks in
particular) [13, 17], it remains challenging to scale such models to accommodate an extremely large
number of predicted output categories. A second issue is that much of the work to date has focused
on learning one-to-one mappings from input to output. However, many interesting problems are
more naturally thought of as a probabilistic one-to-many mapping. For instance in the case of
image labeling there may be many different tags that could appropriately applied to a given image,
and different (human) annotators may use different (but typically synonymous or related) terms to
describe the same image.

One way to help address the first issue is to leverage additional information from other modalities:
for instance, by using natural language corpora to learn a vector representation for labels in which
geometric relations are semantically meaningful. When making predictions in such spaces, we ben-
efit from the fact that when prediction errors we are still often ‘close’ to the truth (e.g. predicting
’table’ instead of ’chair’), and also from the fact that we can naturally make predictive generaliza-
tions to labels that were not seen during training time. Works such as [3] have shown that even a
simple linear mapping from image feature-space to word-representation-space can yield improved
classification performance.

One way to address the second problem is to use a conditional probabilistic generative model, the
input is taken to be the conditioning variable and the one-to-many mapping is instantiated as a
conditional predictive distribution.

[16] take a similar approach to this problem, and train a multi-modal Deep Boltzmann Machine on
the MIR Flickr 25,000 dataset as we do in this work.

Additionally, in [12] the authors show how to train a supervised multi-modal neural language model,
and they are able to generate descriptive sentence for images.

3 Conditional Adversarial Nets

3.1 Generative Adversarial Nets

Generative adversarial nets were recently introduced as a novel way to train a generative model.
They consists of two ‘adversarial’ models: a generative model G that captures the data distribution,
and a discriminative model D that estimates the probability that a sample came from the training
data rather than G. Both G and D could be a non-linear mapping function, such as a multi-layer
perceptron.

To learn a generator distribution pg over data data x, the generator builds a mapping function from
a prior noise distribution pz(z) to data space as G(z; ✓g). And the discriminator, D(x; ✓d), outputs
a single scalar representing the probability that x came form training data rather than pg .

G and D are both trained simultaneously: we adjust parameters for G to minimize log(1�D(G(z))
and adjust parameters for D to minimize logD(X), as if they are following the two-player min-max
game with value function V (G,D):

min
G

max
D

V (D,G) = Ex⇠pdata(x)[logD(x)] + Ez⇠pz(z)[log(1�D(G(z)))]. (1)

3.2 Conditional Adversarial Nets

Generative adversarial nets can be extended to a conditional model if both the generator and discrim-
inator are conditioned on some extra information y. y could be any kind of auxiliary information,
such as class labels or data from other modalities. We can perform the conditioning by feeding y
into the both the discriminator and generator as additional input layer.

2

In the generator the prior input noise pz(z), and y are combined in joint hidden representation, and
the adversarial training framework allows for considerable flexibility in how this hidden representa-
tion is composed. 1

In the discriminator x and y are presented as inputs and to a discriminative function (embodied
again by a MLP in this case).

The objective function of a two-player minimax game would be as Eq 2

min
G

max
D

V (D,G) = Ex⇠pdata(x)[logD(x|y)] + Ez⇠pz(z)[log(1�D(G(z|y)))]. (2)

Fig 1 illustrates the structure of a simple conditional adversarial net.

Figure 1: Conditional adversarial net

4 Experimental Results

4.1 Unimodal

We trained a conditional adversarial net on MNIST images conditioned on their class labels, encoded
as one-hot vectors.

In the generator net, a noise prior z with dimensionality 100 was drawn from a uniform distribution
within the unit hypercube. Both z and y are mapped to hidden layers with Rectified Linear Unit
(ReLu) activation [4, 11], with layer sizes 200 and 1000 respectively, before both being mapped to
second, combined hidden ReLu layer of dimensionality 1200. We then have a final sigmoid unit
layer as our output for generating the 784-dimensional MNIST samples.

1For now we simply have the conditioning input and prior noise as inputs to a single hidden layer of a MLP,
but one could imagine using higher order interactions allowing for complex generation mechanisms that would
be extremely difficult to work with in a traditional generative framework.
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Figure 2: A comparison of several GAN architectures with the proposed AC-GAN architecture.

3 AC-GANS

We propose a variant of the GAN architecture which we call an auxiliary classifier GAN (or AC-
GAN - see Figure 2). In the AC-GAN, every generated sample has a corresponding class label, c ⇠
pc in addition to the noise z. G uses both to generate images Xfake = G(c, z). The discriminator
gives both a probability distribution over sources and a probability distribution over the class labels,
P (S | X), P (C | X) = D(X). The objective function has two parts: the log-likelihood of the
correct source, LS , and the log-likelihood of the correct class, LC .

LS = E[logP (S = real | Xreal)] + E[logP (S = fake | Xfake)]
LC = E[logP (C = c | Xreal)] + E[logP (C = c | Xfake)]

D is trained to maximize LS + LC while G is trained to maximize LC � LS . AC-GANs learn a
representation for z that is independent of class label (e.g. Kingma et al. (2014)).

Early experiments demonstrated that increasing the number of classes trained on while holding the
model fixed decreased the quality of the model outputs (Appendix D). The structure of the AC-
GAN model permits separating large datasets into subsets by class and training a generator and
discriminator for each subset. We exploit this property in our experiments to train across the entire
ImageNet data set.

4 RESULTS

We train several AC-GAN models on the ImageNet data set (Russakovsky et al., 2015). Broadly
speaking, the architecture of the generator G is a series of ‘deconvolution’ layers that transform the
noise z and class c into an image (Odena et al., 2016). We train two variants of the model architecture
for generating images at 128 ⇥ 128 and 64 ⇥ 64 spatial resolutions. The discriminator D is a deep
convolutional neural network with a Leaky ReLU nonlinearity (Maas et al., 2013). See Appendix A
for more details. As mentioned earlier, we find that reducing the variability introduced by all 1000
classes of ImageNet significantly improves the quality of training. We train 100 AC-GAN models –
each on images from just 10 classes – for 50000 mini-batches of size 100.

Evaluating the quality of image synthesis models is challenging due to the variety of probabilis-
tic criteria (Theis et al., 2015) and the lack of a perceptually meaningful image similarity metric.
Nonetheless, in subsequent sections we attempt to measure the quality of the AC-GAN by building
several ad-hoc measures for image sample discriminability and diversity. Our hope is that this work
might provide quantitative measures that may be used to aid training and subsequent development
of image synthesis models.

1 Alternatively, one can force the discriminator to work with the joint distribution (X, z) and train a separate
inference network that computes q(z|X) (Dumoulin et al., 2016; Donahue et al., 2016).
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Figure 2: A comparison of several GAN architectures with the proposed AC-GAN architecture.

3 AC-GANS

We propose a variant of the GAN architecture which we call an auxiliary classifier GAN (or AC-
GAN - see Figure 2). In the AC-GAN, every generated sample has a corresponding class label, c ⇠
pc in addition to the noise z. G uses both to generate images Xfake = G(c, z). The discriminator
gives both a probability distribution over sources and a probability distribution over the class labels,
P (S | X), P (C | X) = D(X). The objective function has two parts: the log-likelihood of the
correct source, LS , and the log-likelihood of the correct class, LC .

LS = E[logP (S = real | Xreal)] + E[logP (S = fake | Xfake)]
LC = E[logP (C = c | Xreal)] + E[logP (C = c | Xfake)]

D is trained to maximize LS + LC while G is trained to maximize LC � LS . AC-GANs learn a
representation for z that is independent of class label (e.g. Kingma et al. (2014)).

Early experiments demonstrated that increasing the number of classes trained on while holding the
model fixed decreased the quality of the model outputs (Appendix D). The structure of the AC-
GAN model permits separating large datasets into subsets by class and training a generator and
discriminator for each subset. We exploit this property in our experiments to train across the entire
ImageNet data set.

4 RESULTS

We train several AC-GAN models on the ImageNet data set (Russakovsky et al., 2015). Broadly
speaking, the architecture of the generator G is a series of ‘deconvolution’ layers that transform the
noise z and class c into an image (Odena et al., 2016). We train two variants of the model architecture
for generating images at 128 ⇥ 128 and 64 ⇥ 64 spatial resolutions. The discriminator D is a deep
convolutional neural network with a Leaky ReLU nonlinearity (Maas et al., 2013). See Appendix A
for more details. As mentioned earlier, we find that reducing the variability introduced by all 1000
classes of ImageNet significantly improves the quality of training. We train 100 AC-GAN models –
each on images from just 10 classes – for 50000 mini-batches of size 100.

Evaluating the quality of image synthesis models is challenging due to the variety of probabilis-
tic criteria (Theis et al., 2015) and the lack of a perceptually meaningful image similarity metric.
Nonetheless, in subsequent sections we attempt to measure the quality of the AC-GAN by building
several ad-hoc measures for image sample discriminability and diversity. Our hope is that this work
might provide quantitative measures that may be used to aid training and subsequent development
of image synthesis models.

1 Alternatively, one can force the discriminator to work with the joint distribution (X, z) and train a separate
inference network that computes q(z|X) (Dumoulin et al., 2016; Donahue et al., 2016).
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maximize mutual information I(c; G(z, c))
b/w c and G(z, c), otherwise G might ignore c 

min
G

max
D

VI(D, G) = V (D, G) � �I(c; G(z, c))
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Figure 6: Disentangling the label information from the hidden code by providing the one-hot vector
to the generative model. The hidden code in this case learns to represent the style of the image.

4 Supervised Adversarial Autoencoders

Semi-supervised learning is a long-standing conceptual problem in machine learning. Recently,
generative models have become one of the most popular approaches for semi-supervised learning
as they can disentangle the class label information from many other latent factors of variation in a
principled way [Kingma et al., 2014, Maaløe et al., 2016].

In this section, we first focus on the fully supervised scenarios and discuss an architecture of
adversarial autoencoders that can separate the class label information from the image style information.
We then extend this architecture to the semi-supervised settings in Section 5.

In order to incorporate the label information, we alter the network architecture of Figure 1 to provide
a one-hot vector encoding of the label to the decoder (Figure 6). The decoder utilizes both the one-hot
vector identifying the label and the hidden code z to reconstruct the image. This architecture forces
the network to retain all information independent of the label in the hidden code z.

Figure 7a demonstrates the results of such a network trained on MNIST digits in which the hidden
code is forced into a 15-D Gaussian. Each row of Figure 7a presents reconstructed images in which
the hidden code z is fixed to a particular value but the label is systematically explored. Note that the
style of the reconstructed images is consistent across a given row. Figure 7b demonstrates the same
experiment applied to Street View House Numbers dataset [Netzer et al., 2011]. A video showing the
learnt SVHN style manifold can be found at http://www.comm.utoronto.ca/~makhzani/adv_

(a) MNIST (b) SVHN

Figure 7: Disentangling content and style (15-D Gaussian) on MNIST and SVHN datasets.
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ae/svhn.gif. In this experiment, the one-hot vector represents the label associated with the central
digit in the image. Note that the style information in each row contains information about the labels
of the left-most and right-most digits because the left-most and right-most digits are not provided as
label information in the one-hot encoding.

5 Semi-Supervised Adversarial Autoencoders

Building on the foundations from Section 4, we now use the adversarial autoencoder to develop
models for semi-supervised learning that exploit the generative description of the unlabeled data
to improve the classification performance that would be obtained by using only the labeled data.
Specifically, we assume the data is generated by a latent class variable y that comes from a Categorical
distribution as well as a continuous latent variable z that comes from a Gaussian distribution:

p(y) = Cat(y) p(z) = N (z|0, I)

We alter the network architecture of Figure 6 so that the inference network of the AAE predicts
both the discrete class variable y and the continuous latent variable z using the encoder q(z,y|x)
(Figure 8). The decoder then utilizes both the class label as a one-hot vector and the continuous
hidden code z to reconstruct the image. There are two separate adversarial networks that regularize
the hidden representation of the autoencoder. The first adversarial network imposes a Categorical
distribution on the label representation. This adversarial network ensures that the latent class variable
y does not carry any style information and that the aggregated posterior distribution of y matches the
Categorical distribution. The second adversarial network imposes a Gaussian distribution on the style
representation which ensures the latent variable z is a continuous Gaussian variable.

Both of the adversarial networks as well as the autoencoder are trained jointly with SGD in three
phases – the reconstruction phase, regularization phase and the semi-supervised classification phase.
In the reconstruction phase, the autoencoder updates the encoder q(z,y|x) and the decoder to
minimize the reconstruction error of the inputs on an unlabeled mini-batch. In the regularization
phase, each of the adversarial networks first updates their discriminative network to tell apart the
true samples (generated using the Categorical and Gaussian priors) from the generated samples (the
hidden codes computed by the autoencoder). The adversarial networks then update their generator to
confuse their discriminative networks. In the semi-supervised classification phase, the autoencoder
updates q(y|x) to minimize the cross-entropy cost on a labeled mini-batch.
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Figure 8: Semi-Supervised AAE: the top adversarial network imposes a Categorical distribution on
the label representation and the bottom adversarial network imposes a Gaussian distribution on the
style representation. q(y|x) is trained on the labeled data in the semi-supervised settings.
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Figure 8: Semi-Supervised AAE: the top adversarial network imposes a Categorical distribution on
the label representation and the bottom adversarial network imposes a Gaussian distribution on the
style representation. q(y|x) is trained on the labeled data in the semi-supervised settings.
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MNIST (100) MNIST (1000) MNIST (All) SVHN (1000)
NN Baseline 25.80 8.73 1.25 47.50
VAE (M1) + TSVM 11.82 (±0.25) 4.24 (±0.07) - 55.33 (±0.11)
VAE (M2) 11.97 (±1.71) 3.60 (±0.56) - -
VAE (M1 + M2) 3.33 (±0.14) 2.40 (±0.02) 0.96 36.02 (±0.10)
VAT 2.33 1.36 0.64 (±0.04) 24.63
CatGAN 1.91 (±0.1) 1.73 (±0.18) 0.91 -
Ladder Networks 1.06 (±0.37) 0.84 (±0.08) 0.57 (±0.02) -
ADGM 0.96 (±0.02) - - 16.61 (±0.24)
Adversarial Autoencoders 1.90 (±0.10) 1.60 (±0.08) 0.85 (±0.02) 17.70 (±0.30)

Table 2: Semi-supervised classification performance (error-rate) on MNIST and SVHN.

The results of semi-supervised classification experiments on MNIST and SVHN datasets are reported
in Table 2. On the MNIST dataset with 100 and 1000 labels, the performance of AAEs is significantly
better than VAEs, on par with VAT [Miyato et al., 2015] and CatGAN [Springenberg, 2015], but is
outperformed by the Ladder networks [Rasmus et al., 2015] and the ADGM [Maaløe et al., 2016]. We
also trained a supervised AAE model on all the available labels, and obtained the error rate of 0.85%.
In comparison, a dropout supervised neural network with the same architecture achieves the error
rate of 1.25% on the full MNIST dataset, which highlights the regularization effect of the adversarial
training. On the SVHN dataset with 1000 labels, the AAE almost matches the state-of-the-art
classification performance achieved by the ADGM.

It is also worth mentioning that all the AAE models are trained end-to-end, whereas the semi-
supervised VAE models have to be trained one layer at a time [Kingma et al., 2014].

6 Unsupervised Clustering with Adversarial Autoencoders

In the previous section, we showed that with a limited label information, the adversarial autoencoder
is able to learn powerful semi-supervised representations. However, the question that has remained
unanswered is whether it is possible to learn as “powerful” representations from unlabeled data
without any supervision. In this section, we show that the adversarial autoencoder can disentangle
discrete class variables from the continuous latent style variables in a purely unsupervised fashion.

The architecture that we use is similar to Figure 8, with the difference that we remove the semi-
supervised classification stage and thus no longer train the network on any labeled mini-batch.
Another difference is that the inference network q(y|x) predicts a one-hot vector whose dimension
is the number of categories that we wish the data to be clustered into. Figure 9 illustrates the
unsupervised clustering performance of the AAE on MNIST when the number of clusters is 16. Each
row corresponds to one cluster. The first image in each row shows the cluster heads, which are digits
generated by fixing the style variable to zero and setting the label variable to one of the 16 one-hot
vectors. The rest of the images in each row are random test images that have been categorized into

Figure 9: Unsupervised clustering of MNIST using the AAE with 16 clusters. Each row corresponds
to one cluster with the first image being the cluster head. (see text)
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Generative Adversarial Text to Image Synthesis

This flower has small, round violet 
petals with a dark purple center

This flower has small, round violet 
petals with a dark purple center

Generator Network Discriminator Network
Figure 2. Our text-conditional convolutional GAN architecture. Text encoding '(t) is used by both generator and discriminator. It is
projected to a lower-dimensions and depth concatenated with image feature maps for further stages of convolutional processing.

then concatenated to the noise vector z. Following this, in-
ference proceeds as in a normal deconvolutional network:
we feed-forward it through the generator G; a synthetic im-
age x̂ is generated via x̂  G(z,'(t)). Image generation
corresponds to feed-forward inference in the generator G
conditioned on query text and a noise sample.

In the discriminator D, we perform several layers of stride-
2 convolution with spatial batch normalization (Ioffe &
Szegedy, 2015) followed by leaky ReLU. We again reduce
the dimensionality of the description embedding '(t) in a
(separate) fully-connected layer followed by rectification.
When the spatial dimension of the discriminator is 4 ⇥ 4,
we replicate the description embedding spatially and per-
form a depth concatenation. We then perform a 1⇥ 1 con-
volution followed by rectification and a 4 ⇥ 4 convolution
to compute the final score from D. Batch normalization is
performed on all convolutional layers.

4.2. Matching-aware discriminator (GAN-CLS)

The most straightforward way to train a conditional GAN
is to view (text, image) pairs as joint observations and train
the discriminator to judge pairs as real or fake. This type of
conditioning is naive in the sense that the discriminator has
no explicit notion of whether real training images match
the text embedding context.

However, as discussed also by (Gauthier, 2015), the
dynamics of learning may be different from the non-
conditional case. In the beginning of training, the discrim-
inator ignores the conditioning information and easily re-
jects samples from G because they do not look plausible.
Once G has learned to generate plausible images, it must
also learn to align them with the conditioning information,
and likewise D must learn to evaluate whether samples
from G meet this conditioning constraint.

In naive GAN, the discriminator observes two kinds of in-
puts: real images with matching text, and synthetic images
with arbitrary text. Therefore, it must implicitly separate
two sources of error: unrealistic images (for any text), and

Algorithm 1 GAN-CLS training algorithm with step size
↵, using minibatch SGD for simplicity.

1: Input: minibatch images x, matching text t, mis-
matching t̂, number of training batch steps S

2: for n = 1 to S do

3: h '(t) {Encode matching text description}
4: ĥ '(t̂) {Encode mis-matching text description}
5: z ⇠ N (0, 1)Z {Draw sample of random noise}
6: x̂ G(z, h) {Forward through generator}
7: sr  D(x, h) {real image, right text}
8: sw  D(x, ĥ) {real image, wrong text}
9: sf  D(x̂, h) {fake image, right text}

10: LD  log(sr) + (log(1� sw) + log(1� sf ))/2
11: D  D � ↵@LD/@D {Update discriminator}
12: LG  log(sf )
13: G G� ↵@LG/@G {Update generator}
14: end for

realistic images of the wrong class that mismatch the con-
ditioning information. Based on the intuition that this may
complicate learning dynamics, we modified the GAN train-
ing algorithm to separate these error sources. In addition
to the real / fake inputs to the discriminator during train-
ing, we add a third type of input consisting of real im-
ages with mismatched text, which the discriminator must
learn to score as fake. By learning to optimize image / text
matching in addition to the image realism, the discrimina-
tor can provide an additional signal to the generator.

Algorithm 1 summarizes the training procedure. After en-
coding the text, image and noise (lines 3-5) we generate the
fake image (x̂, line 6). sr indicates the score of associat-
ing a real image and its corresponding sentence (line 7), sw
measures the score of associating a real image with an ar-
bitrary sentence (line 8), and sf is the score of associating
a fake image with its corresponding text (line 9). Note that
we use @LD/@D to indicate the gradient of D’s objective
with respect to its parameters, and likewise for G. Lines
11 and 13 are meant to indicate taking a gradient step to
update network parameters.

based on conditional-GAN framework 
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Abstract

Automatic synthesis of realistic images from text
would be interesting and useful, but current AI
systems are still far from this goal. However, in
recent years generic and powerful recurrent neu-
ral network architectures have been developed
to learn discriminative text feature representa-
tions. Meanwhile, deep convolutional generative
adversarial networks (GANs) have begun to gen-
erate highly compelling images of specific cat-
egories, such as faces, album covers, and room
interiors. In this work, we develop a novel deep
architecture and GAN formulation to effectively
bridge these advances in text and image model-
ing, translating visual concepts from characters
to pixels. We demonstrate the capability of our
model to generate plausible images of birds and
flowers from detailed text descriptions.

1. Introduction

In this work we are interested in translating text in the form
of single-sentence human-written descriptions directly into
image pixels. For example, “this small bird has a short,
pointy orange beak and white belly” or ”the petals of this
flower are pink and the anther are yellow”. The problem of
generating images from visual descriptions gained interest
in the research community, but it is far from being solved.

Traditionally this type of detailed visual information about
an object has been captured in attribute representations -
distinguishing characteristics the object category encoded
into a vector (Farhadi et al., 2009; Kumar et al., 2009;
Parikh & Grauman, 2011; Lampert et al., 2014), in partic-
ular to enable zero-shot visual recognition (Fu et al., 2014;
Akata et al., 2015), and recently for conditional image gen-
eration (Yan et al., 2015).

While the discriminative power and strong generalization

Proceedings of the 33 rd International Conference on Machine
Learning, New York, NY, USA, 2016. JMLR: W&CP volume
48. Copyright 2016 by the author(s).

this small bird has a pink 
breast and crown, and black 
primaries and secondaries.

the flower has petals that 
are bright pinkish purple 
with white stigma

this magnificent fellow is 
almost all black with a red 
crest, and white cheek patch.

this white and yellow flower 
have thin white petals and a 
round yellow stamen

Figure 1. Examples of generated images from text descriptions.
Left: captions are from zero-shot (held out) categories, unseen
text. Right: captions are from the training set.

properties of attribute representations are attractive, at-
tributes are also cumbersome to obtain as they may require
domain-specific knowledge. In comparison, natural lan-
guage offers a general and flexible interface for describing
objects in any space of visual categories. Ideally, we could
have the generality of text descriptions with the discrimi-
native power of attributes.

Recently, deep convolutional and recurrent networks for
text have yielded highly discriminative and generaliz-
able (in the zero-shot learning sense) text representations
learned automatically from words and characters (Reed
et al., 2016). These approaches exceed the previous state-
of-the-art using attributes for zero-shot visual recognition
on the Caltech-UCSD birds database (Wah et al., 2011),
and also are capable of zero-shot caption-based retrieval.
Motivated by these works, we aim to learn a mapping di-
rectly from words and characters to image pixels.

To solve this challenging problem requires solving two sub-
problems: first, learn a text feature representation that cap-
tures the important visual details; and second, use these fea-

ar
X

iv
:1

60
5.

05
39

6v
2 

 [c
s.N

E]
  5

 Ju
n 

20
16

Generative Adversarial Text to Image Synthesis

Scott Reed, Zeynep Akata, Xinchen Yan, Lajanugen Logeswaran REEDSCOT1 , AKATA2 , XCYAN1 , LLAJAN1

Bernt Schiele, Honglak Lee SCHIELE2 ,HONGLAK1

1 University of Michigan, Ann Arbor, MI, USA (UMICH.EDU)
2 Max Planck Institute for Informatics, Saarbrücken, Germany (MPI-INF.MPG.DE)

Abstract

Automatic synthesis of realistic images from text
would be interesting and useful, but current AI
systems are still far from this goal. However, in
recent years generic and powerful recurrent neu-
ral network architectures have been developed
to learn discriminative text feature representa-
tions. Meanwhile, deep convolutional generative
adversarial networks (GANs) have begun to gen-
erate highly compelling images of specific cat-
egories, such as faces, album covers, and room
interiors. In this work, we develop a novel deep
architecture and GAN formulation to effectively
bridge these advances in text and image model-
ing, translating visual concepts from characters
to pixels. We demonstrate the capability of our
model to generate plausible images of birds and
flowers from detailed text descriptions.

1. Introduction

In this work we are interested in translating text in the form
of single-sentence human-written descriptions directly into
image pixels. For example, “this small bird has a short,
pointy orange beak and white belly” or ”the petals of this
flower are pink and the anther are yellow”. The problem of
generating images from visual descriptions gained interest
in the research community, but it is far from being solved.

Traditionally this type of detailed visual information about
an object has been captured in attribute representations -
distinguishing characteristics the object category encoded
into a vector (Farhadi et al., 2009; Kumar et al., 2009;
Parikh & Grauman, 2011; Lampert et al., 2014), in partic-
ular to enable zero-shot visual recognition (Fu et al., 2014;
Akata et al., 2015), and recently for conditional image gen-
eration (Yan et al., 2015).

While the discriminative power and strong generalization

Proceedings of the 33 rd International Conference on Machine
Learning, New York, NY, USA, 2016. JMLR: W&CP volume
48. Copyright 2016 by the author(s).

this small bird has a pink 
breast and crown, and black 
primaries and secondaries.

the flower has petals that 
are bright pinkish purple 
with white stigma

this magnificent fellow is 
almost all black with a red 
crest, and white cheek patch.

this white and yellow flower 
have thin white petals and a 
round yellow stamen

Figure 1. Examples of generated images from text descriptions.
Left: captions are from zero-shot (held out) categories, unseen
text. Right: captions are from the training set.

properties of attribute representations are attractive, at-
tributes are also cumbersome to obtain as they may require
domain-specific knowledge. In comparison, natural lan-
guage offers a general and flexible interface for describing
objects in any space of visual categories. Ideally, we could
have the generality of text descriptions with the discrimi-
native power of attributes.

Recently, deep convolutional and recurrent networks for
text have yielded highly discriminative and generaliz-
able (in the zero-shot learning sense) text representations
learned automatically from words and characters (Reed
et al., 2016). These approaches exceed the previous state-
of-the-art using attributes for zero-shot visual recognition
on the Caltech-UCSD birds database (Wah et al., 2011),
and also are capable of zero-shot caption-based retrieval.
Motivated by these works, we aim to learn a mapping di-
rectly from words and characters to image pixels.

To solve this challenging problem requires solving two sub-
problems: first, learn a text feature representation that cap-
tures the important visual details; and second, use these fea-

ar
X

iv
:1

60
5.

05
39

6v
2 

 [c
s.N

E]
  5

 Ju
n 

20
16

https://arxiv.org/abs/1605.05396


• Disentangling factors of variation in deep representations using 
adversarial training, Mathieu et al., NIPS’16

Disentangling Latent Space - More Models

�108

EncX1

EncX1'

EncX2

Dec X11
~

Dec X11'
~

Dec X12
~

Dec X 2
~

.

Adv
Adv

Z1

Z1'

Z2

S1'

S1

S2

N(0,1)

X1L
X1L

id(X2)

id(X2)

Figure 1: Training architecture. The inputs x1 and x0
1 are two different samples with the same label,

whereas x2 can have any label.

5 Experiments

Datasets. We evaluate our model on both synthetic and real datasets: Sprites dataset [24], MNIST [15],
NORB [16] and the Extended-YaleB dataset [8]. We used Torch7 [3] to conduct all experiments. The
network architectures follow that of DCGAN [21] and are described in detail in the supplementary
material.

Evaluation. To the best of our knowledge, there is no standard benchmark dataset (or task) for
evaluating disentangling performance [2]. We propose two forms of evaluation to illustrate the
behavior of the proposed framework, one qualitative and one quantitative.

Qualitative evaluation is obtained by visually examining the perceptual quality of single-image
analogies and conditional images generation. For all datasets, we evaluated the models in four
different settings: swapping: given a pair of images, we generate samples conditioning on the specified
component extracted from one of the images and sampling from the approximate posterior obtained
from the other one. This procedure is analogous to the sampling technique employed during training,
described in Section 4.3, and corresponds to solving single-image analogies; retrieval: in order to asses
the correlation between the specified and unspecified components, we performed nearest neighbor
retrieval in the learned embedding spaces. We computed the corresponding representations for all
samples (for the unspecified component we used the mean of the approximate posterior distribution)
and then retrieved the nearest neighbors for a given query image; interpolation: to evaluate the
coverage of the data manifold, we generated a sequence of images by linearly interpolating the codes
of two given test images (for both specified and unspecified representations); conditional generation:
given a test image, we generate samples conditioning on its specified component, sampling directly
from the prior distribution, p(z). In all the experiments images were randomly chosen from the test
set, please see specific details for each dataset.

The objective evaluation of generative models is a difficult task and itself subject of current research
[27]. Frequent evaluation metrics, such as measuring the log-likelihood of a set of validation samples,
are often not very meaningful as they do not correlate to the perceptual quality of the images [27].
Furthermore, the loss function used by our model does not correspond a bound on the likelihood of a
generative model, which would render this evaluation less meaningful. As a quantitative measure,
we evaluate the degree of disentanglement via a classification task. Namely, we measure how much
information about the identity is contained in the specified and unspecified components.

MNIST. In this setup, the specified part is simply the class of the digit. The goal is to show that the
model is able to learn to disentangle the style from the identity of the digit and to produce satisfactory
analogies. We cannot test the ability of the model to generalize to unseen identities. In this case, one
could directly condition on a class label [11, 18]. It is still interesting that the proposed model is
able to transfer handwriting style without having access to matched examples while still be able to
learn a smooth representation of the digits as show in the interpolation results. Results are shown in
Figure 2. We observe that the generated images are convincing and particularly sharp, the latter is an
“side-effect” produced by the GAN term in our training loss.

Sprites. The dataset is composed of 672 unique characters (we refer to them as sprites), each of
which is associated with 20 animations [24]. Any image of a sprite can present 7 sources of variation:
body type, gender, hair type, armor type, arm type, greaves type, and weapon type. Unlike the work
in [24], we do not use any supervision regarding the positions of the sprites. The results obtained for
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could directly condition on a class label [11, 18]. It is still interesting that the proposed model is
able to transfer handwriting style without having access to matched examples while still be able to
learn a smooth representation of the digits as show in the interpolation results. Results are shown in
Figure 2. We observe that the generated images are convincing and particularly sharp, the latter is an
“side-effect” produced by the GAN term in our training loss.
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are often not very meaningful as they do not correlate to the perceptual quality of the images [27].
Furthermore, the loss function used by our model does not correspond a bound on the likelihood of a
generative model, which would render this evaluation less meaningful. As a quantitative measure,
we evaluate the degree of disentanglement via a classification task. Namely, we measure how much
information about the identity is contained in the specified and unspecified components.

MNIST. In this setup, the specified part is simply the class of the digit. The goal is to show that the
model is able to learn to disentangle the style from the identity of the digit and to produce satisfactory
analogies. We cannot test the ability of the model to generalize to unseen identities. In this case, one
could directly condition on a class label [11, 18]. It is still interesting that the proposed model is
able to transfer handwriting style without having access to matched examples while still be able to
learn a smooth representation of the digits as show in the interpolation results. Results are shown in
Figure 2. We observe that the generated images are convincing and particularly sharp, the latter is an
“side-effect” produced by the GAN term in our training loss.
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Figure 2: left(a): A visualization grid of 2D MNIST image swapping generation. The top row and
leftmost column digits come from the test set. The other digits are generated using z from leftmost
digit, and s from the digit at the top of the column. The diagonal digits show reconstructions. Right(b):
Interpolation visualization. Digits located at top-left corner and bottom-right corner come from the
dataset. The rest digits are generated by interpolating s and z. Like (a), each row has constant a z
each column a constant s.

Figure 3: left(a): A visualization grid of 2D sprites swapping generation. Same visualization arrange-
ment as in 2(a); right(b): Interpolation visualization. Same arrangement as in 2(b).

the swapping and interpolation settings are displayed in Figure 3 while retrieval result are showed
in 4. Samples from the conditional model are shown in 5(a). We observe that the model is able to
generalize to unseen sprites quite well. The generated images are sharp and single image analogies
are resolved successfully. The interpolation results show that one can smoothly transition between
identities or positions. It is worth noting that this dataset has a fixed number of discrete positions.
Thus, 3(b) shows a reasonable coverage of the manifold with some abrupt changes. For instance, the
hands are not moving up from the pixel space, but appearing gradually from the faint background.

NORB. For the NORB dataset we used instance identity (rather than object category) for defining the
labels. This results in 25 different object identities in the training set and another 25 distinct objects
identities in the testing set. As in the sprite dataset, the identities used at testing have never been
presented to the network at training time. In this case, however, the small number of identities seen at
training time makes the generalization more difficult. In Figure 6 we present results for interpolation
and swapping. We observe that the model is able to resolve analogies well. However, the quality
of the results are degraded. In particular, classes having high variability (such as planes) are not
reconstructed well. Also some of the models are highly symmetric, thus creating a lot of uncertainty.
We conjecture that these problems could be eliminated in the presence of more training data. Queries
in the case of NORB are not as expressive as with the sprites, but we can still observe good behavior.
We refer to these images to the supplementary material.

Extended-YaleB. The datasets consists of facial images of 28 individuals taken under different
positions and illuminations. The training and testing sets contains roughly 600 and 180 images
per individual respectively. Figure 7 shows interpolation and swapping results for a set of testing
images. Due to the small number of identities, we cannot test in this case the generalization to unseen
identities. We observe that the model is able to resolve the analogies in a satisfactory, position and
illumination are transferred correctly although these positions have not been seen at train time for
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labels. This results in 25 different object identities in the training set and another 25 distinct objects
identities in the testing set. As in the sprite dataset, the identities used at testing have never been
presented to the network at training time. In this case, however, the small number of identities seen at
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of the results are degraded. In particular, classes having high variability (such as planes) are not
reconstructed well. Also some of the models are highly symmetric, thus creating a lot of uncertainty.
We conjecture that these problems could be eliminated in the presence of more training data. Queries
in the case of NORB are not as expressive as with the sprites, but we can still observe good behavior.
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positions and illuminations. The training and testing sets contains roughly 600 and 180 images
per individual respectively. Figure 7 shows interpolation and swapping results for a set of testing
images. Due to the small number of identities, we cannot test in this case the generalization to unseen
identities. We observe that the model is able to resolve the analogies in a satisfactory, position and
illumination are transferred correctly although these positions have not been seen at train time for
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Figure 4: left(a): sprite retrieval querying on specified component; right(b): sprite retrieval querying
on �unspecified component. Sprites placed at the left of the white lane are used as the query.

Figure 5: left(a): sprite generation by sampling; right(b): NORB generation by sampling.

Figure 6: left(a): A visualization grid of 2D NORB image swapping generation. Same visualization
arrangement as in 2(a); right(b): Interpolation visualization. Same arrangement as in 2(b).

these individuals. In the supplementary material we show samples drawn from the conditional model
as well as other examples of interpolation and swapping.

Quantitative evaluation. We analyze the disentanglement of the specified and unspecified represen-
tations, by using them as input features for a prediction task. We trained a two-layer neural network
with 256 hidden units to predict structured labels for the sprite dataset, toy category for the NORB
dataset (four-legged animals, human figures, airplanes, trucks, and cars) and the subject identity for
Extended-YaleB dataset. We used early-stopping on a validation set to prevent overfitting. We report
both training and testing errors in Table 1. In all cases the unspecified component is agnostic to the
identity information, almost matching the performance of random selection. On the other hand, the
specified components are highly informative, producing almost the same results as a classifier directly
trained on a discriminative manner. In particular, we observe some overfitting in the NORB dataset.
This might also be due to the difficulty of generalizing to unseen identities using a small dataset.

Influence of components of the framework. It is worth evaluating the contribution of the different
components of the framework. Without the adversarial regularization, the model is unable to learn
disentangled representations. It can be verified empirically that the unspecified component is com-
pletely ignored, as discussed in Section 4.1. A valid question to ask is if the training of s has be
done jointly in an end-to-end manner or could be pre-computed. In Section 4 of the supplementary
material we run our setting by using an embedding trained before hand to classify the identities. The
model is still able to learned a disentangled representations. The quality of the generated images
as well as the analogies are compromised. Better pre-trained embeddings could be considered, for
example, enforcing the representation of different images to be close to each other and far from those
corresponding to different identities. However, joint end-to-end training has still the advantage of
requiring fewer parameters, due to the parameter sharing of the encoders.
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Figure 2: Comparison of previous GAN architectures and our proposed DR-GAN.

3. Proposed Method
DR-GAN has two variations: the basic model that takes

one image as the input, termed as single-image DR-GAN,
and the extended model that leverages multiple images per
subject, termed as multi-image DR-GAN.

3.1. Generative Adversarial Network
Generative Adversarial Network (GAN) consists of a

generator G and a discriminator D that compete in a two-
player minimax game. D tries to distinguish a real im-
age x from a synthetic one G(z), and G tries to synthesize
realistic-looking images that can fool D. Concretely, D and
G play the game with a value function V (D,G):
min
G

max
D

V (D,G) = Ex⇠pd(x)[logD(x)]+

Ez⇠pz(z)[log(1�D(G(z)))]. (1)

It is proved in [9] that this minimax game has a global
optimum when the distribution pg of the synthetic sam-
ples and the distribution pd of the training samples are
the same. Under mild conditions (e.g., G and D have
enough capacity), pg converges to pd. In practice, it is bet-
ter for G to maximize log(D(G(z))) instead of minimizing
log (1�D(G(z))) [9]. As a result, G and D are trained to
alternatively optimize the following objectives:

max
D

VD(D,G) = Ex⇠pd(x)[logD(x)]+

Ez⇠pz(z)[log(1�D(G(z)))], (2)
max
G

VG(D,G) = Ez⇠pz(z)[log(D(G(z))]. (3)

3.2. Single-Image DR-GAN
The single-image DR-GAN has two distinctive novelties

compared to prior GANs. First, it learns an identity rep-
resentation for a face image by using an encoder-decoder
structured generator, where the representation is the en-
coder’s output and the decoder’s input. Since the represen-
tation is the input to the decoder to synthesize various faces
of the same subject, it is a generative representation.

Second, in face recognition, there are normally distrac-
tive variations existing in a face’s appearance. Thus, the
representation learned by the encoder might include the dis-
tractive side variation. E.g., the encoder would generate
different identity representations for two faces of the same
subject with 0� and 90� yaw. To remedy this, in addition
to the class labels similar to semi-supervised GAN [35], we
employ side information such as pose and illumination to
explicitly disentangle these variations, which in turn helps
to learn a discriminative representation.

3.2.1 Problem Formulation
Given a face image x with label y = {yd, yp}, where yd

represents the label for identity and yp for pose, the ob-
jectives of our learning problem are twofold: 1) to learn
a pose-invariant identity representation for PIFR, and 2) to
synthesize a face image x̂ with the same identity yd but a
different pose specified by a pose code c. Our approach is
to train a DR-GAN conditioned on the original image x and
the pose code c with its architecture illustrated in Fig. 2 (d).

Different from the discriminator in conventional GAN,
our D is a multi-task CNN consisting of two parts: D =

[Dd, Dp]. Dd 2 RNd+1 is for identity classification with
Nd as the total number of subjects in the training set and the
additional dimension is for the fake class. Dp 2 RNp

is for
pose classification with Np as the total number of discrete
poses. Given a real face image x, D aims to estimate its
identity and pose; while given a synthetic face image from
the generator x̂ = G(x, c, z), D attempts to classify x̂ as
fake, using the following objective:

max
D

VD(D,G) = Ex,y⇠pd(x,y)[logD
d
yd(x) + logDp

yp(x)] +

E x,y⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
Nd+1(G(x, c, z)))], (4)

where Dd
i and Dp

i are the ith element in Dd and Dp. The
first term is to maximize the probability of x being classified
to the true identity and pose. The second term is to maxi-
mize the probability of x̂ being classified as a fake class.
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player minimax game. D tries to distinguish a real im-
age x from a synthetic one G(z), and G tries to synthesize
realistic-looking images that can fool D. Concretely, D and
G play the game with a value function V (D,G):
min
G

max
D

V (D,G) = Ex⇠pd(x)[logD(x)]+

Ez⇠pz(z)[log(1�D(G(z)))]. (1)

It is proved in [9] that this minimax game has a global
optimum when the distribution pg of the synthetic sam-
ples and the distribution pd of the training samples are
the same. Under mild conditions (e.g., G and D have
enough capacity), pg converges to pd. In practice, it is bet-
ter for G to maximize log(D(G(z))) instead of minimizing
log (1�D(G(z))) [9]. As a result, G and D are trained to
alternatively optimize the following objectives:

max
D

VD(D,G) = Ex⇠pd(x)[logD(x)]+

Ez⇠pz(z)[log(1�D(G(z)))], (2)
max
G

VG(D,G) = Ez⇠pz(z)[log(D(G(z))]. (3)

3.2. Single-Image DR-GAN
The single-image DR-GAN has two distinctive novelties

compared to prior GANs. First, it learns an identity rep-
resentation for a face image by using an encoder-decoder
structured generator, where the representation is the en-
coder’s output and the decoder’s input. Since the represen-
tation is the input to the decoder to synthesize various faces
of the same subject, it is a generative representation.

Second, in face recognition, there are normally distrac-
tive variations existing in a face’s appearance. Thus, the
representation learned by the encoder might include the dis-
tractive side variation. E.g., the encoder would generate
different identity representations for two faces of the same
subject with 0� and 90� yaw. To remedy this, in addition
to the class labels similar to semi-supervised GAN [35], we
employ side information such as pose and illumination to
explicitly disentangle these variations, which in turn helps
to learn a discriminative representation.

3.2.1 Problem Formulation
Given a face image x with label y = {yd, yp}, where yd

represents the label for identity and yp for pose, the ob-
jectives of our learning problem are twofold: 1) to learn
a pose-invariant identity representation for PIFR, and 2) to
synthesize a face image x̂ with the same identity yd but a
different pose specified by a pose code c. Our approach is
to train a DR-GAN conditioned on the original image x and
the pose code c with its architecture illustrated in Fig. 2 (d).

Different from the discriminator in conventional GAN,
our D is a multi-task CNN consisting of two parts: D =

[Dd, Dp]. Dd 2 RNd+1 is for identity classification with
Nd as the total number of subjects in the training set and the
additional dimension is for the fake class. Dp 2 RNp

is for
pose classification with Np as the total number of discrete
poses. Given a real face image x, D aims to estimate its
identity and pose; while given a synthetic face image from
the generator x̂ = G(x, c, z), D attempts to classify x̂ as
fake, using the following objective:

max
D

VD(D,G) = Ex,y⇠pd(x,y)[logD
d
yd(x) + logDp

yp(x)] +

E x,y⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
Nd+1(G(x, c, z)))], (4)

where Dd
i and Dp

i are the ith element in Dd and Dp. The
first term is to maximize the probability of x being classified
to the true identity and pose. The second term is to maxi-
mize the probability of x̂ being classified as a fake class.

VAEpose-invariant
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Table 1: The network structure of DR-GAN. Blue texts represent
extra elements to learn the coefficient ! in multi-image DR-GAN.

Genc and D Gdec

Layer Filter/Stride Output Size Layer Filter/Stride Output Size

FC 6⇥ 6⇥ 320
Conv11 3⇥ 3/1 96⇥ 96⇥ 32 FConv52 3⇥ 3/1 6⇥ 6⇥ 160
Conv12 3⇥ 3/1 96⇥ 96⇥ 64 FConv51 3⇥ 3/1 6⇥ 6⇥ 256

Conv21 3⇥ 3/2 48⇥ 48⇥ 64 FConv43 3⇥ 3/2 12⇥ 12⇥ 256
Conv22 3⇥ 3/1 48⇥ 48⇥ 64 FConv42 3⇥ 3/1 12⇥ 12⇥ 128
Conv23 3⇥ 3/1 48⇥ 48⇥ 128 FConv41 3⇥ 3/1 12⇥ 12⇥ 192

Conv31 3⇥ 3/2 24⇥ 24⇥ 128 FConv33 3⇥ 3/2 24⇥ 24⇥ 192
Conv32 3⇥ 3/1 24⇥ 24⇥ 96 FConv32 3⇥ 3/1 24⇥ 24⇥ 96
Conv33 3⇥ 3/1 24⇥ 24⇥ 192 FConv31 3⇥ 3/1 24⇥ 24⇥ 128

Conv41 3⇥ 3/2 12⇥ 12⇥ 192 FConv23 3⇥ 3/2 48⇥ 48⇥ 128
Conv42 3⇥ 3/1 12⇥ 12⇥ 128 FConv22 3⇥ 3/1 48⇥ 48⇥ 64
Conv43 3⇥ 3/1 12⇥ 12⇥ 256 FConv21 3⇥ 3/1 48⇥ 48⇥ 64

Conv51 3⇥ 3/2 6⇥ 6⇥ 256 FConv13 3⇥ 3/2 96⇥ 96⇥ 64
Conv52 3⇥ 3/1 6⇥ 6⇥ 160 FConv12 3⇥ 3/1 96⇥ 96⇥ 32
Conv53 3⇥ 3/1 6⇥ 6⇥ (320 +1) FConv11 3⇥ 3/1 96⇥ 96⇥ 1

AvgPool 6⇥ 6/1 1⇥ 1⇥ (320 +1)

FC (D only) Nd +Np + 1

Meanwhile, G consists of an encoder Genc and a
decoder Gdec. Genc aims to learn an identity representation
from a face image x: f(x) = Genc(x). Gdec aims to syn-
thesize a face image x̂ = Gdec(f(x), c, z) with identity yd

and a target pose specified by c, where z 2 RNz

is the noise
modeling other variance besides identity or pose. The pose
code c 2 RNp

is a one-hot vector with the target pose yt be-
ing 1. The goal of G is to fool D to classify x̂ to the identity
of input x and the target pose with the following objective:

max
G

VG(D,G) = E x,y⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x, c, z)))+

log(Dp
yt(G(x, c, z)))]. (5)

G and D improves each other during alternative train-
ing. With D being more powerful in distinguishing real
vs. fake images and classifying poses, G strives for syn-
thesizing an identity-preserving face with the target pose to
compete with D, with three benefits. First, the learnt rep-
resentation f(x) will preserve more discriminative identity
information. Second, the pose classification in D guides the
pose of the rotated face to be more accurate. Third, with a
separate pose code input to Gdec, Genc is trained to disen-
tangle the pose variation from f(x), i.e., f(x) should en-
code as much identity information as possible, but as little
pose information as possible. Thus, f(x) is not only gener-
ative for image synthesis, but also discriminative for PIFR.

3.2.2 Network Structure

The network structure of single-image DR-GAN is shown
in Tab. 1. We adopt CASIA-Net [39] for Genc and D where
batch normalization (BN) and exponential linear unit (ELU)
are applied after each convolutional layer. D is trained to
optimize Eqn. 4 by adding a fully connected layer with
softmax loss for (Nd + 1) identity and (Np) pose classifi-
cation. G includes Genc and Gdec that are bridged by the
to-be-learned identity representation f(x) 2 R320, which is
the AvgPool output in our network. f(x) is concatenated

Figure 3: Generator in multi-image DR-GAN. From an image set
of a subject, we can fuse the features to a single representation via
dynamically learnt coefficients and synthesize images in any pose.

with a pose code c and a random noise z. A series of
fractionally-strided convolutions (FConv) [29] transforms
the (320 +Np +Nz)-dim concatenated vector into a syn-
thetic image x̂ = G(x, c, z), which is the same size as x. G
is trained to maximize Eqn. 5 when a synthetic face x̂ is fed
to D and the gradient is back-propagated to update G.

3.3. Multi-Image DR-GAN
Single-Image DR-GAN extracts an identity representa-

tion and performs face rotation by processing one single
image x. Yet, we often have multiple images per subject
in training and sometimes in testing. To leverage them,
we propose multi-image DR-GAN that can benefit both
the training and testing stages. For training, it can learn
a better identity representation from multiple images that
are complementary to each other. For testing, it can enable
template-to-template matching, which addresses a crucial
need in real-world surveillance applications.

Multi-Image DR-GAN has the same D as single-image
DR-GAN, but a different G as shown in Fig. 3. Besides ex-
tracting f(x), Genc also estimates a confident coefficient !
for each image, which predicts the quality of the learnt rep-
resentation. With n input images {xi}ni=1, the fused rep-
resentation is the weighted average of all representations,

f(x1,x2, ...,xn) =

Pn
i=1 !if(xi)Pn

i=1 !i
. (6)

The fused representation is concatenated with c and z and
fed to Gdec to generate a new image, which is expected
to have the same identity as all input images. Thus, the
objective for learning G has a total of 2(n + 1) terms:

max
G

VG(D,G) =
nX

i=1

[E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(xi, c, z))) +

log(Dp
yt(G(xi, c, z)))]] +

E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x1, ...,xn, c, z))) +

log(Dp
yt(G(x1, ...,xn, c, z)))]. (7)

The coefficient !i is learned so that an image with a
higher quality contributes more to the fused representation.
Here the quality can be viewed as an indicator of the PIFR
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AvgPool 6⇥ 6/1 1⇥ 1⇥ (320 +1)

FC (D only) Nd +Np + 1

Meanwhile, G consists of an encoder Genc and a
decoder Gdec. Genc aims to learn an identity representation
from a face image x: f(x) = Genc(x). Gdec aims to syn-
thesize a face image x̂ = Gdec(f(x), c, z) with identity yd

and a target pose specified by c, where z 2 RNz

is the noise
modeling other variance besides identity or pose. The pose
code c 2 RNp

is a one-hot vector with the target pose yt be-
ing 1. The goal of G is to fool D to classify x̂ to the identity
of input x and the target pose with the following objective:

max
G

VG(D,G) = E x,y⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x, c, z)))+

log(Dp
yt(G(x, c, z)))]. (5)

G and D improves each other during alternative train-
ing. With D being more powerful in distinguishing real
vs. fake images and classifying poses, G strives for syn-
thesizing an identity-preserving face with the target pose to
compete with D, with three benefits. First, the learnt rep-
resentation f(x) will preserve more discriminative identity
information. Second, the pose classification in D guides the
pose of the rotated face to be more accurate. Third, with a
separate pose code input to Gdec, Genc is trained to disen-
tangle the pose variation from f(x), i.e., f(x) should en-
code as much identity information as possible, but as little
pose information as possible. Thus, f(x) is not only gener-
ative for image synthesis, but also discriminative for PIFR.

3.2.2 Network Structure

The network structure of single-image DR-GAN is shown
in Tab. 1. We adopt CASIA-Net [39] for Genc and D where
batch normalization (BN) and exponential linear unit (ELU)
are applied after each convolutional layer. D is trained to
optimize Eqn. 4 by adding a fully connected layer with
softmax loss for (Nd + 1) identity and (Np) pose classifi-
cation. G includes Genc and Gdec that are bridged by the
to-be-learned identity representation f(x) 2 R320, which is
the AvgPool output in our network. f(x) is concatenated

Figure 3: Generator in multi-image DR-GAN. From an image set
of a subject, we can fuse the features to a single representation via
dynamically learnt coefficients and synthesize images in any pose.

with a pose code c and a random noise z. A series of
fractionally-strided convolutions (FConv) [29] transforms
the (320 +Np +Nz)-dim concatenated vector into a syn-
thetic image x̂ = G(x, c, z), which is the same size as x. G
is trained to maximize Eqn. 5 when a synthetic face x̂ is fed
to D and the gradient is back-propagated to update G.

3.3. Multi-Image DR-GAN
Single-Image DR-GAN extracts an identity representa-

tion and performs face rotation by processing one single
image x. Yet, we often have multiple images per subject
in training and sometimes in testing. To leverage them,
we propose multi-image DR-GAN that can benefit both
the training and testing stages. For training, it can learn
a better identity representation from multiple images that
are complementary to each other. For testing, it can enable
template-to-template matching, which addresses a crucial
need in real-world surveillance applications.

Multi-Image DR-GAN has the same D as single-image
DR-GAN, but a different G as shown in Fig. 3. Besides ex-
tracting f(x), Genc also estimates a confident coefficient !
for each image, which predicts the quality of the learnt rep-
resentation. With n input images {xi}ni=1, the fused rep-
resentation is the weighted average of all representations,

f(x1,x2, ...,xn) =

Pn
i=1 !if(xi)Pn

i=1 !i
. (6)

The fused representation is concatenated with c and z and
fed to Gdec to generate a new image, which is expected
to have the same identity as all input images. Thus, the
objective for learning G has a total of 2(n + 1) terms:

max
G

VG(D,G) =
nX

i=1

[E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(xi, c, z))) +

log(Dp
yt(G(xi, c, z)))]] +

E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x1, ...,xn, c, z))) +

log(Dp
yt(G(x1, ...,xn, c, z)))]. (7)

The coefficient !i is learned so that an image with a
higher quality contributes more to the fused representation.
Here the quality can be viewed as an indicator of the PIFR
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Table 1: The network structure of DR-GAN. Blue texts represent
extra elements to learn the coefficient ! in multi-image DR-GAN.

Genc and D Gdec

Layer Filter/Stride Output Size Layer Filter/Stride Output Size

FC 6⇥ 6⇥ 320
Conv11 3⇥ 3/1 96⇥ 96⇥ 32 FConv52 3⇥ 3/1 6⇥ 6⇥ 160
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Meanwhile, G consists of an encoder Genc and a
decoder Gdec. Genc aims to learn an identity representation
from a face image x: f(x) = Genc(x). Gdec aims to syn-
thesize a face image x̂ = Gdec(f(x), c, z) with identity yd

and a target pose specified by c, where z 2 RNz

is the noise
modeling other variance besides identity or pose. The pose
code c 2 RNp

is a one-hot vector with the target pose yt be-
ing 1. The goal of G is to fool D to classify x̂ to the identity
of input x and the target pose with the following objective:

max
G

VG(D,G) = E x,y⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x, c, z)))+

log(Dp
yt(G(x, c, z)))]. (5)

G and D improves each other during alternative train-
ing. With D being more powerful in distinguishing real
vs. fake images and classifying poses, G strives for syn-
thesizing an identity-preserving face with the target pose to
compete with D, with three benefits. First, the learnt rep-
resentation f(x) will preserve more discriminative identity
information. Second, the pose classification in D guides the
pose of the rotated face to be more accurate. Third, with a
separate pose code input to Gdec, Genc is trained to disen-
tangle the pose variation from f(x), i.e., f(x) should en-
code as much identity information as possible, but as little
pose information as possible. Thus, f(x) is not only gener-
ative for image synthesis, but also discriminative for PIFR.

3.2.2 Network Structure

The network structure of single-image DR-GAN is shown
in Tab. 1. We adopt CASIA-Net [39] for Genc and D where
batch normalization (BN) and exponential linear unit (ELU)
are applied after each convolutional layer. D is trained to
optimize Eqn. 4 by adding a fully connected layer with
softmax loss for (Nd + 1) identity and (Np) pose classifi-
cation. G includes Genc and Gdec that are bridged by the
to-be-learned identity representation f(x) 2 R320, which is
the AvgPool output in our network. f(x) is concatenated
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Figure 3: Generator in multi-image DR-GAN. From an image set
of a subject, we can fuse the features to a single representation via
dynamically learnt coefficients and synthesize images in any pose.

with a pose code c and a random noise z. A series of
fractionally-strided convolutions (FConv) [29] transforms
the (320 +Np +Nz)-dim concatenated vector into a syn-
thetic image x̂ = G(x, c, z), which is the same size as x. G
is trained to maximize Eqn. 5 when a synthetic face x̂ is fed
to D and the gradient is back-propagated to update G.

3.3. Multi-Image DR-GAN
Single-Image DR-GAN extracts an identity representa-

tion and performs face rotation by processing one single
image x. Yet, we often have multiple images per subject
in training and sometimes in testing. To leverage them,
we propose multi-image DR-GAN that can benefit both
the training and testing stages. For training, it can learn
a better identity representation from multiple images that
are complementary to each other. For testing, it can enable
template-to-template matching, which addresses a crucial
need in real-world surveillance applications.

Multi-Image DR-GAN has the same D as single-image
DR-GAN, but a different G as shown in Fig. 3. Besides ex-
tracting f(x), Genc also estimates a confident coefficient !
for each image, which predicts the quality of the learnt rep-
resentation. With n input images {xi}ni=1, the fused rep-
resentation is the weighted average of all representations,

f(x1,x2, ...,xn) =

Pn
i=1 !if(xi)Pn

i=1 !i
. (6)

The fused representation is concatenated with c and z and
fed to Gdec to generate a new image, which is expected
to have the same identity as all input images. Thus, the
objective for learning G has a total of 2(n + 1) terms:

max
G

VG(D,G) =
nX

i=1

[E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(xi, c, z))) +

log(Dp
yt(G(xi, c, z)))]] +

E xi,yi⇠pd(x,y),
z⇠pz(z),c⇠pc(c)

[log(Dd
yd(G(x1, ...,xn, c, z))) +

log(Dp
yt(G(x1, ...,xn, c, z)))]. (7)

The coefficient !i is learned so that an image with a
higher quality contributes more to the fused representation.
Here the quality can be viewed as an indicator of the PIFR

From an image set of a subject, we can fuse the features to a single representation 
via dynamically learnt coefficients ω and synthesize images in any pose
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(a) input, (b) frontalized faces by DR-GAN, (c) real frontal faces.
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(a) interpolation across identities, (b) interpolation across “discrete” poses

(a)

(b)

Input 0� 15� 30� 45� 60�

(c)

Figure 5: (a) Image synthesis by interpolating between the identity representations of two faces (far left and right). (b) While only discrete
poses are available in training, DR-GAN can synthesize new poses by interpolating continuous pose codes, shown above Row 3. (c) The
input image, rotated image of z = �1, and its differences to 9 in-between images toward the rotated image of z = 1.

Figure 6: Face frontalization on CFP. From top to bottom: input images, our frontalized faces, real frontal faces. We only expect the
frontalized faces to be similar to real faces in the identity, rather than in all facial attributes. This is very challenging for face rotation due
to the in-the-wild variations and extreme profile views. The artifact in the image boundary is due to image extrapolation in pre-processing.

Input images �30� �15� 0� 15� 30� frontal

Figure 7: Multi-image face rotation on IJB-A. For each subject, we show 1 � 6 input images, synthetic images at 5 poses, and a real
frontal face. In additional to the profile view in CFP, this task has more challenges: 1) the low image quality of the input; 2) the large
variations within a set, such as poses, resolution, and expression. DR-GAN seems also super-resolving faces and neutralizing expressions.

yes, of course they also provide state-of-the-art performance  
on face recognition task, towards benchmark with pose variance
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• Temporal Generative Adversarial Network, Saito et al., ArXiv’16
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Figure 1. Illustration of our TGAN. The temporal generator G0 yields a set of latent variables from z0. The image generator G1 transforms
them into video frames. The image discriminator D0

1 first extracts a feature vector �t from each frame. The temporal discriminator D0

exploits them and evaluates whether these frames are from the dataset or the generator.

pend new frames to the video by smoothly connecting two
different trajectories, and speed-up the training by replacing
the image generator with the existing pre-trained generator
published on the web.

The rest of the paper is organized as follows. Section 2
summarizes related studies regarding our proposed method.
In Section 3, we briefly explain the existing GAN model,
and then propose our generative model for dealing with
the videos. Section 4 describes three applications of our
proposed method. Section 5 presents several experimental
results. In Section 6 we summarize our study and describe
our remaining tasks.

2. Related work
2.1. Natural image generation

Supervised learning with CNNs has recently shown out-
standing performance in many tasks such as image classifica-
tion [9, 11] and action recognition [14, 16, 35, 44], whereas
unsupervised learning with CNNs has received less attention.
A common approach for generating images is the use of
undirected graphical models such as Boltzmann machines
[34, 19, 4]. However, due to the difficulty of approximating
gradients, it has been empirically observed that such deep
graphical models frequently fail to find a good representation
of natural images with a sufficient diversity. Both Gregor et
al. [8] and Dosvotiskiy et al. [3] have proposed models that
respectively use recurrent and deconvolutional networks, and
successfully generated natural images. However, both mod-
els make use of supervised learning and require additional
information such as labels.

The Generative Adversarial Network (GAN), which we
have mainly employed in this study, is a model for unsu-
pervised learning that finds good representations of samples
by simultaneously training two different networks called
the generator and the discriminator. In recent years, many
extensions for GANs have been proposed. For example, con-
ditional GANs have been proposed for modelling attributes
of objects [24, 12]. Pathak et al. [29] adopted the adversarial

network to generate the contents of an image region con-
ditioned on its surroundings. Li and Wand [20] employed
the GAN model in order to efficiently synthesize texture.
Denton et al. [2] proposed a Laplacian GAN that outputs
a high-resolution image by iteratively generating images in
coarse-to-fine manner.

Later, Radford et al. [30] proposed a simple yet power-
ful model called Deep Convolutional GAN (DCGAN) for
generating realistic images with a pair of convolutional and
deconvolutional neural networks. Based on these results,
Wang et al. [49] extended DCGAN by factorizing the image
generation process into two ways, and proposed a new model
called a Style and Structure GAN (S2-GAN) that exploits
two types of generators.

2.2. Video recognition and unsupervised learning

As recognizing videos is a challenging task which has
received a lot of attention, many researchers have tackled
such problems in various ways. In supervised learning of
videos, while a common approach is to use dense trajectories
[46, 33, 32], recent methods have employed CNNs so as to
achieve state-of-the-art results [14, 16, 35, 44, 47]. Some
studies are focused on extracting spatio-temporal feature
vectors from a video in an unsupervised manner. Taylor et al.
[41] proposed a method that extracts invariant features with
Restricted Boltzmann Machines (RBMs). Temporal RBMs
have also been proposed to explicitly capture the temporal
correlations in videos [42, 40, 39]. Stavens and Thrun [38]
dealt with this problem by using an optical flow and low-
level features such as SIFT. Le et al. [18] use Independent
Subspace Analysis (ISA) to extract spatio-temporal semantic
features. Deep neural networks have also been applied to
feature extraction from videos [51, 7, 48] in the same way
as supervised learning.

There also exist several studies focusing on predicting
video sequences from an input sequence with Recurrent
Neural Networks (RNNs) represented by Long Short-Term
Memory (LSTM) [10]. In particular, Ranzato et al. [31]
proposed a Recurrent Neural Network (RNN) model that can

Two step training:
1) Image-based: Train image-based generator G1 and discriminator D1 

2) Video-based: Keep G1 and D1 fixed. 
Now video-based generator G0 yields a set {z1

1 … z1
T} from z0 , 

then G1 transforms them into video frames {z1
1 … z1

T}. 

D1 now acts to extract feature 𝜙 of each frame (from real or fake). 

The temporal discriminator D0 exploits {z1
1 … z1

T} and evaluate 
whether these frames are from the real videos or the generator.
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Figure 1. Illustration of TGAN. The video generator consists of two generators, the temporal generator and the image generator. The
temporal generator G0 yields a set of latent variables zt1(t = 1, . . . , T ) from z0. The image generator G1 transforms those latent variables
zt1(t = 1, . . . , T ) and z0 into a video data which has T frames. The discriminator consists of three-dimensional convolutional layers,
and evaluates whether these frames are from the dataset or the video generator. The shape of a tensor in the discriminator is denoted as
“(channels)×(time)×(height)×(width)”.

stabilize the training further. The experiments show that our
method is more stable than the conventional methods, and
the model can be successfully trained even under the situa-
tion where the loss diverges with the conventional methods.

Our contributions are summarized as follows. (i) The
generative model that can efficiently capture the latent space
of the time dimension in videos. It also enables a natural
extension to an application such as frame interpolation. (ii)
The alternative parameter clipping method for WGAN that
significantly stabilizes the training of the networks that have
advanced structure.

2. Related work

2.1. Natural image generation

Supervised learning with Convolutional Neural Networks
(CNNs) has recently shown outstanding performance in
many tasks such as image classification [8, 9, 11] and action
recognition [14, 16, 33, 43], whereas unsupervised learning
with CNN has received relatively less attention. A com-
mon approach for generating images is the use of undirected
graphical models such as Boltzmann machines [31, 18, 4].
However, due to the difficulty of approximating gradients,
it has been empirically observed that such deep graphical
models frequently fail to find good representation of natural
images with sufficient diversity. Both Gregor et al. [7] and
Dosvotiskiy et al. [3] have proposed models that respectively
use recurrent and deconvolutional networks, and successfully
generated natural images. However, both models make use
of supervised learning and require additional information
such as labels.

The Generative Adversarial Network (GAN), which we
have mainly employed in this study, is a model for unsuper-
vised learning that finds a good representation of samples
by simultaneously training two different networks called the
generator and the discriminator. Recently, many extensions

for GANs have been proposed. Conditional GANs performs
modeling of object attributes [22, 12]. Pathak et al. [26]
adopted the adversarial network to generate the contents of
an image region conditioned on its surroundings. Li and
Wand [19] employed the GAN model in order to efficiently
synthesize texture. Denton et al. [2] proposed a Laplacian
GAN that outputs a high-resolution image by iteratively gen-
erating images in a coarse-to-fine manner. Arjovsky et al.
[1] transformed the training of GAN into the minimization
problem of Earth Mover’s distance, and proposed a more
robust method to train both the generator and the discrimina-
tor. Radford et al. [27] also proposed a simple yet powerful
model called Deep Convolutional GAN (DCGAN) for gen-
erating realistic images with a pair of convolutional and
deconvolutional networks. Based on these results, Wang et

al. [49] extended DCGAN by factorizing the image generat-
ing process into two paths, and proposed a new model called
a Style and Structure GAN (S2-GAN) that exploits two types
of generators.

2.2. Video recognition and unsupervised learning

As recognizing videos is a challenging task which has
received a lot of attention, many researchers have tackled this
problem in various ways. In supervised learning of videos,
while a common approach is to use dense trajectories [45,
30, 29], recent methods have employed CNN and achieved
state-of-the-art results [14, 16, 33, 43, 24, 46, 47]. Some
studies are focused on extracting spatio-temporal feature
vectors from a video in an unsupervised manner. Taylor et al.
[39] proposed a method that extracts invariant features with
Restricted Boltzmann Machines (RBMs). Temporal RBMs
have also been proposed to explicitly capture the temporal
correlations in videos [40, 38, 37]. Stavens and Thrun [36]
dealt with this problem by using an optical flow and low-
level features such as SIFT. Le et al. [17] use Independent
Subspace Analysis (ISA) to extract spatio-temporal semantic
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number of channels of the voxel is equal to V . Next, we
concatenate both the voxel and the input video, and send it
into the convolutional layers.

6. Experiments

6.1. Datasets

We performed experiments with the following datasets.

Moving MNIST To investigate the properties of our mod-
els, we trained the models on the moving MNIST dataset
[35], in which there are 10,000 clips each of which has 20
frames and consists of two digits moving inside a 64 × 64
patch. In these clips, two digits move linearly and the direc-
tion and magnitude of motion vectors are randomly chosen.
If a digit approaches one of the edges in the patch, it bounces
off the edge and its direction is changed while maintaining
the speed. In our experiments, we randomly extracted 16
frames from these clips and used them as a training dataset.

UCF-101 UCF-101 is a commonly used video dataset that
consists of 13,320 videos belonging to 101 different cate-
gories such as IceDancing and Baseball Pitch [34]. Since
the resolution of videos in the dataset is too large for the gen-
erative models, we resized all the videos to 85× 64 pixels,
randomly extracted 16 frames, and cropped a center square
with 64 pixels.

Golf scene dataset Golf scene dataset is a large-scale
video dataset made by Vondrick et al. [44], and contains
20,268 golf videos with 128 × 128 resolution. Since each
video includes 29 short clips on average, it contains 583,508
short video clips in total. As with the UCF-101, we resized
all the video clips with 64 × 64 pixels. To satisfy the as-
sumption that the background is always fixed, they stabilized
all of the videos with SIFT and RANSAC algorithms. As
such assumption is not included in our method, this dataset
is considered to be advantageous for existing methods.

6.2. Training configuration

All the parameters used in the optimizer are the same as
those of the original WGAN. Specifically, we used the RM-
SProp optimizer [41] with the learning rate of 0.00005. All
the weights in the temporal generator and the discriminator
are initialized with HeNormal [8], and the weights in the
image generator are initialized with the uniform distribution
within a range of [−0.01, 0.01]. Chainer [42] was used to
implement all models and for experiments.

For comparison, we employed the conventional clipping
method and the SVC to train models with the WGAN. In
the conventional clipping method, we carefully searched
clipping parameter c and confirmed that the best value is
c = 0.01. We set nD to 1 for the both methods.

Frame 1 Frame 16 Frame 1 Frame 16

(a) 3D model (GAN) (b) 3D model (WGAN w/ SVC)

(c) TGAN (SVC, G1(z
t
1)) (d) TGAN (SVC, G1(z0, z

t
1))

Figure 3. Generated videos with four different models: (a) 3D
model trained with the normal GAN, (b) 3D model trained with the
WGAN and the SVC, (c) TGAN in which G1 only uses z1, and (d)
TGAN in which G1 uses both z0 and z1. Although these models
generate 16 frames, for brevity we extract six frames from them at
even intervals.

6.3. Comparative methods

For comparison, we implemented two models: (i) a sim-
ple model in which the generator has one linear layer and
four 3D deconvolutional layers and the discriminator has
five 3D convolutional layers, and (ii) a Video GAN proposed
by [44]. We call the former “3D model”. In the generator of
the 3D model, all the deconvolutional layers have 4× 4× 4
kernel and the stride of 2. The number of channels in the
initial deconvolutional layer is 512 and set to half when the
layer goes deeper. We also used ReLU and batch normal-
ization layers. The settings of the discriminator are exactly
the same as those of our model. In the settings of the video
GAN, we simply followed the settings in the original paper.

When we tried to train the 3D model and the video GAN
model with the normal GAN loss, we observed that the dis-
criminator easily wins against the generator and the training
cannot proceed. To avoid this, we added Gaussian noise
(σ = 0.2) to all layers of discriminators. In this case, all the
scale parameters γ after the Batch Normalization layer are
not used. Note that this noise addition is not used when we
use the WGAN.

6.4. Qualitative evaluation

We trained our proposed model on the above datasets and
visually confirmed the quality of the results. Fig.3 shows
examples of generated videos by the generator trained on the
moving MNIST dataset. It can be seen that the generated
frames are quite different from those of the existing model
proposed by Srivastava et al. [35]. While the predicted
frames by the existing model tend to be blurry, our model is
capable of producing consistent frames in which each image
is sharp, clear and easy to discriminate two digits. We also
observed that although our method can generate the frames
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(e) 3D model (Normal GAN) (f) 3D model (SVC)

(g) Video GAN (SVC) (h) TGAN (SVC)

Figure 4. A comparison between four models: (e) 3D model trained
with the normal GAN, (f) 3D model trained with the WGAN and
the SVC, (g) Video GAN trained with the WGAN and the SVC,
and (h) TGAN trained with the WGAN and the SVC. Only the first
frame is shown.

in which each digit continues to move in a straight line, its
shape sometimes slightly changes by time. Note that the
existing models such as [35, 15] seem to generate frames in
which each digit does not change, however, these methods
can not be directly compared with our method because the
qualitative results the authors have shown are for “video
prediction” that predicts future frames from initial inputs,
whereas our method generates them without such priors.

Fig.3 also shows that as for the quality of the generated
videos, the 3D model using the normal GAN is the worst
compared with the other methods. We considered that it is
due to the high degree of freedom in the model caused by
three-dimensional convolution, and explicitly dividing the
spatio-temporal space could contribute to the improvement
of the quality. We also confirmed that it is not the effect of
selecting the normal GAN; although the quality of samples
generated by the 3D model with the SVC outperforms that
of the 3D model with the normal GAN, it is still lower
than our proposed model (model (d) in Fig.3). In order to
illustrate the effectiveness of z0 in G1, we further conducted
the experiment with the TGAN in which G1 does not take z0
as an argument (model (c)). In this experiment, we observed
that in the model (c) the problem of mode collapse tends to
occur compared to our model.

We also compared the performance of our method with
other existing methods when using practical data sets such
as UCF-101. The qualitative experimental results are shown

Figure 5. Example of videos generated by the TGAN with WGAN
and SVC. The golf scene dataset was used.

Figure 6. Examples of frame interpolation with our method. The red
columns represent the adjacent frames generated by the temporal
generator. The remaining columns show the intermediate frames.
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Figure 7. Generated videos by the conditional TGAN. The leftmost
column shows the category in UCF-101 dataset, and the second
and third columns show the generated samples given the category.

in Fig.4. We observed that the videos generated by the 3D
model have the most artifacts compared with other models.
The video GAN tends to avoid these artifacts because the
background is relatively fixed in the UCF-101, however, the
probability of generating unidentified videos is higher than
that of the proposed model. We inferred that this problem
is mainly due to the weakness of the existing method is
vulnerable to videos with background movement.

Finally, in order to indicate that the quality of our model
is comparable with that of the video GAN (these results can
be seen in their project page), we conducted the experiment
with the golf scene dataset. As we described before, it is con-
sidered that this dataset, in which the background is always
fixed, is advantageous for the video GAN that exploits this
assumption. Even under such unfavorable conditions, the
quality of the videos generated by our model is almost the
same as the existing method; both create a figure that seems
likes a person’s shadow, and it changes with time.

6.4.1 Applications

We performed the following experiments to illustrate the
effectiveness of the applications described in Section 5.
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Figure 7. Generated videos by the conditional TGAN. The leftmost
column shows the category in UCF-101 dataset, and the second
and third columns show the generated samples given the category.
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The video GAN tends to avoid these artifacts because the
background is relatively fixed in the UCF-101, however, the
probability of generating unidentified videos is higher than
that of the proposed model. We inferred that this problem
is mainly due to the weakness of the existing method is
vulnerable to videos with background movement.

Finally, in order to indicate that the quality of our model
is comparable with that of the video GAN (these results can
be seen in their project page), we conducted the experiment
with the golf scene dataset. As we described before, it is con-
sidered that this dataset, in which the background is always
fixed, is advantageous for the video GAN that exploits this
assumption. Even under such unfavorable conditions, the
quality of the videos generated by our model is almost the
same as the existing method; both create a figure that seems
likes a person’s shadow, and it changes with time.
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effectiveness of the applications described in Section 5.
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probability of generating unidentified videos is higher than
that of the proposed model. We inferred that this problem
is mainly due to the weakness of the existing method is
vulnerable to videos with background movement.

Finally, in order to indicate that the quality of our model
is comparable with that of the video GAN (these results can
be seen in their project page), we conducted the experiment
with the golf scene dataset. As we described before, it is con-
sidered that this dataset, in which the background is always
fixed, is advantageous for the video GAN that exploits this
assumption. Even under such unfavorable conditions, the
quality of the videos generated by our model is almost the
same as the existing method; both create a figure that seems
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maps an image xt to the pose representation ht
p capturing content that varies over time. Let D denote

a decoder network that maps a content representation from a frame, ht
c, and a pose representation

ht+k
p from future time step t + k to a prediction of the future frame x̃t+k. Finally, C is the scene

discriminator network that takes pairs of pose vectors (h1, h2) and outputs a scalar probability that
they came from the same video or not.

The loss function used during training has several terms:

Reconstruction loss: We use a standard per-pixel `2 loss between the predicted future frame x̃t+k

and the actual future frame xt+k for some random frame offset k 2 [0,K]:

Lreconstruction(Ec, Ep, D) = ||D(Ec(x
t), Ep(x

t+k))� xt+k||22 (1)
Note that many recent works on video prediction that rely on more complex losses that can capture
uncertainty, such as GANs [18, 6].

Similarity loss: To ensure the content encoder extracts mostly time-invariant representations, we
penalize the squared error between the content features ht

c, h
t+k
c of neighboring frames k 2 [0,K]:

Lsimilarity(Ec) = ||Ec(x
t)� Ec(x

t+k)||22 (2)

Adversarial loss: We now introduce a novel adversarial loss that exploits the fact that the objects
present do not typically change within a video, but they do between different videos. Our desired
disenanglement would thus have the content features be (roughly) constant within a clip, but distinct
between them. This implies that the pose features should not carry any information about the identity
of objects within a clip.

We impose this via an adversarial framework between the scene discriminator network C and pose
encoder Ep, shown in Fig. 1. The latter provides pairs of pose vectors, either computed from the same
video (ht

p,i, h
t+k
p,i ) or from different ones (ht

p,i, h
t+k
p,j ), for some other video j. The discriminator then

attempts to classify the pair as being from the same/different video using a cross-entropy loss:

�Ladversarial(C) = log(C(Ep(x
t
i), Ep(x

t+k
i ))) + log(1� C(Ep(x

t
i), Ep(x

t+k
j ))) (3)

The other half of the adversarial framework imposes a loss function on the pose encoder Ep that tries
to maximize the uncertainty (entropy) of the discriminator output on pairs of frames from the same
clip:

�Ladversarial(Ep) =
1

2
log(C(Ep(x

t
i), Ep(x

t+k
i ))) +

1

2
log(1� C(Ep(x

t
i), Ep(x

t+k
i ))) (4)

Thus the pose encoder is encouraged to produce features that the discriminator is unable to classify if
they come from the same clip or not. In so doing, the pose features cannot carry information about
object content, yielding the desired factorization. Note that this does assume that the object’s pose is
not distinctive to a particular clip. While adversarial training is also used by GANs, our setup purely
considers classification; there is no generator network, for example.

Overall training objective:
During training we minimize the sum of the above losses, with respect to Ec, Ep, D and C:
L = Lreconstruction(Ec, Ep, D)+↵Lsimilarity(Ec)+�(Ladversarial(Ep)+Ladversarial(C)) (5)

where ↵ and � are hyper-parameters. The first three terms can be jointly optimized, but the discrim-
inator C is updated while the other parts of the model (Ec, Ep, D) are held constant. The overall
model is shown in Fig. 1. Details of the training procedure and model architectures for Ec, Ep, D
and C are given in Section 4.1.

3.1 Forward Prediction

After training, the pose and content encoders Ep and Ec provide a representation which enables
video prediction in a straightforward manner. Given a frame xt, the encoders produce ht

p and ht
c

respectively. To generate the next frame, we use these as input to an LSTM model to predict the next
pose features ht+1

p . These are then passed (along with the content features) to the decoder, which
generates a pixel-space prediction x̃t+1:

h̃t+1
p = LSTM(Ep(x
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consistent content from xt, with pose from xt+k,
should be able to reconstruct frame xt+k

content vector invariant within a video

maps an image xt to the pose representation ht
p capturing content that varies over time. Let D denote

a decoder network that maps a content representation from a frame, ht
c, and a pose representation

ht+k
p from future time step t + k to a prediction of the future frame x̃t+k. Finally, C is the scene

discriminator network that takes pairs of pose vectors (h1, h2) and outputs a scalar probability that
they came from the same video or not.

The loss function used during training has several terms:

Reconstruction loss: We use a standard per-pixel `2 loss between the predicted future frame x̃t+k

and the actual future frame xt+k for some random frame offset k 2 [0,K]:

Lreconstruction(Ec, Ep, D) = ||D(Ec(x
t), Ep(x

t+k))� xt+k||22 (1)
Note that many recent works on video prediction that rely on more complex losses that can capture
uncertainty, such as GANs [18, 6].

Similarity loss: To ensure the content encoder extracts mostly time-invariant representations, we
penalize the squared error between the content features ht

c, h
t+k
c of neighboring frames k 2 [0,K]:

Lsimilarity(Ec) = ||Ec(x
t)� Ec(x

t+k)||22 (2)

Adversarial loss: We now introduce a novel adversarial loss that exploits the fact that the objects
present do not typically change within a video, but they do between different videos. Our desired
disenanglement would thus have the content features be (roughly) constant within a clip, but distinct
between them. This implies that the pose features should not carry any information about the identity
of objects within a clip.

We impose this via an adversarial framework between the scene discriminator network C and pose
encoder Ep, shown in Fig. 1. The latter provides pairs of pose vectors, either computed from the same
video (ht

p,i, h
t+k
p,i ) or from different ones (ht

p,i, h
t+k
p,j ), for some other video j. The discriminator then

attempts to classify the pair as being from the same/different video using a cross-entropy loss:

�Ladversarial(C) = log(C(Ep(x
t
i), Ep(x

t+k
i ))) + log(1� C(Ep(x

t
i), Ep(x

t+k
j ))) (3)

The other half of the adversarial framework imposes a loss function on the pose encoder Ep that tries
to maximize the uncertainty (entropy) of the discriminator output on pairs of frames from the same
clip:

�Ladversarial(Ep) =
1

2
log(C(Ep(x

t
i), Ep(x

t+k
i ))) +

1

2
log(1� C(Ep(x

t
i), Ep(x

t+k
i ))) (4)

Thus the pose encoder is encouraged to produce features that the discriminator is unable to classify if
they come from the same clip or not. In so doing, the pose features cannot carry information about
object content, yielding the desired factorization. Note that this does assume that the object’s pose is
not distinctive to a particular clip. While adversarial training is also used by GANs, our setup purely
considers classification; there is no generator network, for example.

Overall training objective:
During training we minimize the sum of the above losses, with respect to Ec, Ep, D and C:
L = Lreconstruction(Ec, Ep, D)+↵Lsimilarity(Ec)+�(Ladversarial(Ep)+Ladversarial(C)) (5)

where ↵ and � are hyper-parameters. The first three terms can be jointly optimized, but the discrim-
inator C is updated while the other parts of the model (Ec, Ep, D) are held constant. The overall
model is shown in Fig. 1. Details of the training procedure and model architectures for Ec, Ep, D
and C are given in Section 4.1.

3.1 Forward Prediction

After training, the pose and content encoders Ep and Ec provide a representation which enables
video prediction in a straightforward manner. Given a frame xt, the encoders produce ht

p and ht
c

respectively. To generate the next frame, we use these as input to an LSTM model to predict the next
pose features ht+1

p . These are then passed (along with the content features) to the decoder, which
generates a pixel-space prediction x̃t+1:

h̃t+1
p = LSTM(Ep(x

t), ht
c) x̃t+1 = D(h̃t+1

p , ht
c) (6)

h̃t+2
p = LSTM(h̃t+1
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content vectors invariant within a video, but distinct between videos 
→ pose features (after Ep) shouldn’t carry any info about identity of objects within a clip
→ scene discriminator C attempt to classify the pair as being from same/different video



• Unsupervised Learning of Disentangled Representations from 
Video, Denton et al., NIPS’17

More Works to Come About Video Generative Models

�132

Video prediction: apply a standard LSTM model to the pose features,
conditioning on the content features from the last observed frame
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Thanks! Questions?


