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GAN: Generative Adversarial Nets

DCGAN: Unsupervised Representation Learning with
Deep Convolutional Generative Adversarial Networks

ConGAN: Conditional Generative Adversarial Nets
GAN-T2I: Generative Adversarial Text to Image Synthesis

InfoGAN: InfoGAN: Interpretable Representation Learning
by Information Maximizing Generative Adversarial Nets

AAE: Adversarial Autoencoders
VAE/GAN: Autoencoding beyond pixels using a learned similarity metric
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Generative Model of Natural Image

Generative Model:
Have training set: X ∼ Pdata
Learn a model: X ∼ Pmodel
Samples drawn from Pmodel reflect structure of Pdata
Samples from data distribution have high likelihood under Pmodel

Unsupervised representation learning
Transfer learned representation to discriminative tasks, retrieval,
clustering, etc.
Semi-supervised learning: very little labeled data, regularization, etc.

Understand data; Density estimation ...
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Generative Adversarial Networks
Basic Model

A game between:
Discriminative model D
Generative model G

G: trained to maximize the
probability of D making a
mistake

D: trained to estimate the
probability that a sample
came from data distribution
rather than G

Discriminative 

Model

Real

Image

Fake

Image

Generative 

Model

Random noise

Random Index

Real/Fake
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Generative Adversarial Networks
Objective Function

Minimax value function:
•  Minimax value function:	


Zero-sum game 

4
0

Generator pushes 
down	


Discriminator pushes 
up	
 Discriminator’s ability to 

recognize data as being real 	


Discriminator’s	

ability to recognize generator 

samples as being fake	


In other words, D and G play the following two-player minimax game with value function V (G, D):

min
G

max
D

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

In the next section, we present a theoretical analysis of adversarial nets, essentially showing that
the training criterion allows one to recover the data generating distribution as G and D are given
enough capacity, i.e., in the non-parametric limit. See Figure 1 for a less formal, more pedagogical
explanation of the approach. In practice, we must implement the game using an iterative, numerical
approach. Optimizing D to completion in the inner loop of training is computationally prohibitive,
and on finite datasets would result in overfitting. Instead, we alternate between k steps of optimizing
D and one step of optimizing G. This results in D being maintained near its optimal solution, so
long as G changes slowly enough. This strategy is analogous to the way that SML/PCD [31, 29]
training maintains samples from a Markov chain from one learning step to the next in order to avoid
burning in a Markov chain as part of the inner loop of learning. The procedure is formally presented
in Algorithm 1.

In practice, equation 1 may not provide sufficient gradient for G to learn well. Early in learning,
when G is poor, D can reject samples with high confidence because they are clearly different from
the training data. In this case, log(1 � D(G(z))) saturates. Rather than training G to minimize
log(1�D(G(z))) we can train G to maximize log D(G(z)). This objective function results in the
same fixed point of the dynamics of G and D but provides much stronger gradients early in learning.

. . .

(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) px from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping x = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg . (a)
Consider an adversarial pair near convergence: pg is similar to pdata and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D⇤(x) =

pdata(x)
pdata(x)+pg(x)

. (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely
to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
point at which both cannot improve because pg = pdata. The discriminator is unable to differentiate between
the two distributions, i.e. D(x) = 1

2
.

4 Theoretical Results

The generator G implicitly defines a probability distribution pg as the distribution of the samples
G(z) obtained when z ⇠ pz . Therefore, we would like Algorithm 1 to converge to a good estimator
of pdata, if given enough capacity and training time. The results of this section are done in a non-
parametric setting, e.g. we represent a model with infinite capacity by studying convergence in the
space of probability density functions.

We will show in section 4.1 that this minimax game has a global optimum for pg = pdata. We will
then show in section 4.2 that Algorithm 1 optimizes Eq 1, thus obtaining the desired result.

3

slide	  adapted	  from	  Ian	  Goodfellow	  For G fixed, the optimal discriminator D is:

D∗(x) =
pdata(x)

pdata(x) + pg (x)
(1)
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Generative Adversarial Networks
Algorithm

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k = 1, the least expensive option, in our
experiments.

for number of training iterations do
for k steps do
• Sample minibatch of m noise samples {z(1), . . . ,z(m)} from noise prior pg(z).
• Sample minibatch of m examples {x(1), . . . ,x(m)} from data generating distribution
pdata(x).
• Update the discriminator by ascending its stochastic gradient:

∇θd
1

m

m∑

i=1

[
logD

(
x(i)

)
+ log

(
1−D

(
G
(
z(i)
)))]

.

end for
• Sample minibatch of m noise samples {z(1), . . . ,z(m)} from noise prior pg(z).
• Update the generator by descending its stochastic gradient:

∇θg
1

m

m∑

i=1

log
(
1−D

(
G
(
z(i)
)))

.

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

4.1 Global Optimality of pg = pdata

We first consider the optimal discriminator D for any given generator G.

Proposition 1. For G fixed, the optimal discriminator D is

D∗G(x) =
pdata(x)

pdata(x) + pg(x)
(2)

Proof. The training criterion for the discriminator D, given any generator G, is to maximize the
quantity V (G,D)

V (G,D) =

∫

x

pdata(x) log(D(x))dx+

∫

z

pz(z) log(1−D(g(z)))dz

=

∫

x

pdata(x) log(D(x)) + pg(x) log(1−D(x))dx (3)

For any (a, b) ∈ R2 \ {0, 0}, the function y → a log(y) + b log(1 − y) achieves its maximum in
[0, 1] at a

a+b . The discriminator does not need to be defined outside of Supp(pdata) ∪ Supp(pg),
concluding the proof.

Note that the training objective for D can be interpreted as maximizing the log-likelihood for es-
timating the conditional probability P (Y = y|x), where Y indicates whether x comes from pdata
(with y = 1) or from pg (with y = 0). The minimax game in Eq. 1 can now be reformulated as:

C(G) =max
D

V (G,D)

=Ex∼pdata [logD
∗
G(x)] + Ez∼pz [log(1−D∗G(G(z)))] (4)

=Ex∼pdata [logD
∗
G(x)] + Ex∼pg [log(1−D∗G(x))]

=Ex∼pdata

[
log

pdata(x)

Pdata(x) + pg(x)

]
+ Ex∼pg

[
log

pg(x)

pdata(x) + pg(x)

]

4
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Generative Adversarial Networks
Experimental Results

Visualization of model samples  

4
4

MNIST	
 TFD	


CIFAR-10 (fully connected)	
 CIFAR-10 (convolutional)	


Figure : The rightmost column shows the nearest trainging example of the
neighboring sample.
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Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Network (DCGAN)
Baic Model

Use deep CNN for generator and discriminator instead of MLP.
Replace any pooling layers with strided convolution.
Use batchnorm in both the generator and the discriminator.
Remove fully connected hidden layers for deeper architectures.
Uses Tanh for the output (and sigmod).
Use LeakyReLU in the discriminator and ReLU in the generator.

Use the trained discriminators for image classification tasks.
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DCGAN
Image generation results

Under review as a conference paper at ICLR 2016

Figure 2: Generated bedrooms after one training pass through the dataset. Theoretically, the model
could learn to memorize training examples, but this is experimentally unlikely as we train with a
small learning rate and minibatch SGD. We are aware of no prior empirical evidence demonstrating
memorization with SGD and a small learning rate.

Figure 3: Generated bedrooms after five epochs of training. There appears to be evidence of visual
under-fitting via repeated noise textures across multiple samples such as the base boards of some of
the beds.

4.3 IMAGENET-1K

We use Imagenet-1k (Deng et al., 2009) as a source of natural images for unsupervised training. We
train on 32× 32 min-resized center crops. No data augmentation was applied to the images.

5

Figure : Generated bedrooms on LSUN
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DCGAN
Image generation results Under review as a conference paper at ICLR 2016

Figure 7: Vector arithmetic for visual concepts. For each column, the Z vectors of samples are
averaged. Arithmetic was then performed on the mean vectors creating a new vector Y . The center
sample on the right hand side is produce by feeding Y as input to the generator. To demonstrate
the interpolation capabilities of the generator, uniform noise sampled with scale +-0.25 was added
to Y to produce the 8 other samples. Applying arithmetic in the input space (bottom two examples)
results in noisy overlap due to misalignment.

Further work is needed to tackle this from of instability. We think that extending this framework

10

Figure : Vector arithmetic for visual concepts
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DCGAN
Image generation results

Under review as a conference paper at ICLR 2016

Figure 8: A ”turn” vector was created from four averaged samples of faces looking left vs looking
right. By adding interpolations along this axis to random samples we were able to reliably transform
their pose.

to other domains such as video (for frame prediction) and audio (pre-trained features for speech
synthesis) should be very interesting. Further investigations into the properties of the learnt latent
space would be interesting as well.
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Figure : A ”turn” vector was created from four averaged samples of faces looking
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DCGAN
Image generation results

Under review as a conference paper at ICLR 2016

Figure 11: Generations of a DCGAN that was trained on the Imagenet-1k dataset.

16

Figure : Generations of a DCGAN that was trained on the Imagenet-1k dataset.
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DCGAN
Classification results

Table : Classification accuracy on CIFAR 10

Model Accuracy
1-layer K-means 80.6
3 Layer K-means 82.0
Exemplar CNN 84.3

DCGAN + SVM 82.8

Table : Classification error on SVHN with
1000 labels

Model Accuracy
KNN 77.93
TSVM 66.55
M1+M2 36.02

DCGAN + SVM 22.48
CNN 28.87
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Conditional Generative Adversarial Nets
Model

Condition generation on additional info y (e.g. class label)
Objective function:

min
G

max
D

Ex∼pdata(x)[logD(x|y)] + Ez∼pz (z)[log(1− D(G(z|y)|y))] (2)

Conditional generative adversarial networks (CGAN)

Condition generation on additional info y (e.g. class label,
another image)

D has to determine if samples are realistic given y

[Mirza and Osindero (2014); Gauthier (2014)]

E. Denton, S. Chintala, et al. Laplacian Pyramid of Generative Adversarial Nets

Figure : Model structure for conditional GAN

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.

3

Figure : Conditional GAN with MLP
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Conditional Generative Adversarial Nets
Image generation results on MNIST

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

Figure : Generated MNIST digits, each row conditioned on one label
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Conditional DCGAN
My image generation results on CIFAR-100

Generated images with noise and label Generated images with label only Generated images with noise only

Figure : (Left) Each row has the same label y and each column has the same
noisy vector z (Middel) Set noisy vector as zero (Right) Set label vector as zero
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Generative Adversarial Text to Image Synthesis

Figure : text-conditional DC-GAN architecture
Generative Adversarial Text to Image Synthesis

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

φ φz ~ N(0,1)

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

Generator Network Discriminator Network

φ(t) x := G(z,φ(t)) D(x’,φ(t))

Figure 2. Our text-conditional convolutional GAN architecture. Text encoding ϕ(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.

description embedding, D is the dimension of the image,
andZ is the dimension of the noise input toG. We illustrate
our network architecture in Figure 2.

In the generator G, first we sample from the noise prior
z ∈ RZ ∼ N (0, 1) and we encode the text query t us-
ing text encoder ϕ. The description embedding ϕ(t) is
first compressed using a fully-connected layer to a small
dimension (in practice we used 128) followed by leaky-
ReLU (Maas et al., 2013) and then concatenated to the
noise vector z. Following this, inference proceeds as in
a normal deconvolutional network: we feed-forward it
through the generator G; a synthetic image x̂ is generated
via x̂← G(z, ϕ(t)). As a summary, image generation cor-
responds to feed-forward inference in the generator G con-
ditioned 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 ϕ(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 dif-
ferent from the non-conditional case. In the beginning of
training, the discriminator ignores the conditioning infor-
mation and easily rejects samples from G because they do
not look plausible. Once G has learned to generate plausi-

Algorithm 1 GAN-CLS training algorithm with step size
α, 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← ϕ(t) {Encode matching text description}
4: ĥ← ϕ(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 − α∂LD/∂D {Update discriminator}
12: LG ← log(sf )
13: G← G− α∂LG/∂G {Update generator}
14: end for

ble images, it must also learn to align them with the condi-
tioning 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
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 4). sr indicates the score of associ-

Text feature extractor is trained by:

min 1
N

N∑
n=1

∆(yn, fv (vn)) + ∆(yn, ft(tn)) (3)

fv (v) = argmax
y

Et∼τ(y)[φ
T (v)ψ(t)] (4)

ft(t) = argmax
y

Ev∼ν(y)[φ
T (v)ψ(t)] (5)

where φ and ψ are image and text encoder, respectively. τ(y) is the
set of caption of class y and likewise ν(y).
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Generative Adversarial Text to Image Synthesis

Generative Adversarial Text to Image Synthesis

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

φ φz ~ N(0,1)

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

Generator Network Discriminator Network

φ(t) x := G(z,φ(t)) D(x’,φ(t))

Figure 2. Our text-conditional convolutional GAN architecture. Text encoding ϕ(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.

description embedding, D is the dimension of the image,
andZ is the dimension of the noise input toG. We illustrate
our network architecture in Figure 2.

In the generator G, first we sample from the noise prior
z ∈ RZ ∼ N (0, 1) and we encode the text query t us-
ing text encoder ϕ. The description embedding ϕ(t) is
first compressed using a fully-connected layer to a small
dimension (in practice we used 128) followed by leaky-
ReLU (Maas et al., 2013) and then concatenated to the
noise vector z. Following this, inference proceeds as in
a normal deconvolutional network: we feed-forward it
through the generator G; a synthetic image x̂ is generated
via x̂← G(z, ϕ(t)). As a summary, image generation cor-
responds to feed-forward inference in the generator G con-
ditioned 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 ϕ(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 dif-
ferent from the non-conditional case. In the beginning of
training, the discriminator ignores the conditioning infor-
mation and easily rejects samples from G because they do
not look plausible. Once G has learned to generate plausi-

Algorithm 1 GAN-CLS training algorithm with step size
α, 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← ϕ(t) {Encode matching text description}
4: ĥ← ϕ(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 − α∂LD/∂D {Update discriminator}
12: LG ← log(sf )
13: G← G− α∂LG/∂G {Update generator}
14: end for

ble images, it must also learn to align them with the condi-
tioning 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
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 4). sr indicates the score of associ-

Manifold interpolation for text:
minEt1,t2∼pdata [log(1− D(G(z , βt1 + (1− βt2))))] (6)

where t1 and t2 are samples drawn from text embeding.
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Generative Adversarial Text to Image Synthesis

Generative Adversarial Text to Image Synthesis

a tiny bird, with a 
tiny beak, tarsus and 
feet, a blue crown, 
blue coverts, and 
black cheek patch

this small bird has 
a yellow breast, 
brown crown, and 
black superciliary

an all black bird 
with a distinct 
thick, rounded bill.

this bird is different 
shades of brown all 
over with white and 
black spots on its 
head and back

GAN - CLS

GAN - INT

GAN

GAN - INT
- CLS

the gray bird has a 
light grey head and 
grey webbed feet

GT

Figure 3. Zero-shot (i.e. conditioned on text from unseen test set categories) generated bird images using GAN, GAN-CLS, GAN-INT
and GAN-INT-CLS. We found that interpolation regularizer was needed to reliably achieve visually-plausible results.

GAN - CLS

GAN - INT

GAN

GAN - INT 
- CLS
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Figure 4. Zero-shot generated flower images using GAN, GAN-CLS, GAN-INT and GAN-INT-CLS. All variants generated plausible
images. Although some shapes of test categories were not seen during training (e.g. columns 3 and 4), the color information is preserved.

Results on CUB can be seen in Figure 3. We observe that
images generated by GAN and GAN-CLS change depend-
ing on the text. They may get some color information right,
but the images do not look real. However, GAN-INT and
GAN-INT-CLS show plausible images that usually match
all or at least part of the caption. We include additional
analysis on the robustness of each GAN variant on the CUB
dataset in the supplement.

Results on Oxford-102 can be seen in Figure 4. In this case,
all four methods can generate plausible flower images that
match the description. The basic GAN tends to have the
most variety in flower morphology (i.e. one can see very
different petal types if this part is left unspecified by the
caption), while other methods tend to generate more class-
consistent images. We speculate that it is easier to generate

flowers, perhaps because birds have stronger structural reg-
ularities across species that make it easier for D to spot a
fake bird than to spot a fake flower.

Many additional results with GAN-INT and GAN-INT-
CLS as well as GAN-E2E (our end-to-end GAN-INT-CLS
without pre-training the text encoder ϕ(t)) for both CUB
and Oxford-102 can be found in the supplementary.

5.2. Disentangling style and content

In this section we investigate the extent to which our model
can separate style and content. By content, we mean the
visual attributes of the bird itself, such as shape, size and
color of each body part. By style, we mean all of the other
factors of variation in the image such as background color
and the pose orientation of the bird.

Figure : Generated bird images
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Results on CUB can be seen in Figure 3. We observe that
images generated by GAN and GAN-CLS change depend-
ing on the text. They may get some color information right,
but the images do not look real. However, GAN-INT and
GAN-INT-CLS show plausible images that usually match
all or at least part of the caption. We include additional
analysis on the robustness of each GAN variant on the CUB
dataset in the supplement.

Results on Oxford-102 can be seen in Figure 4. In this case,
all four methods can generate plausible flower images that
match the description. The basic GAN tends to have the
most variety in flower morphology (i.e. one can see very
different petal types if this part is left unspecified by the
caption), while other methods tend to generate more class-
consistent images. We speculate that it is easier to generate

flowers, perhaps because birds have stronger structural reg-
ularities across species that make it easier for D to spot a
fake bird than to spot a fake flower.

Many additional results with GAN-INT and GAN-INT-
CLS as well as GAN-E2E (our end-to-end GAN-INT-CLS
without pre-training the text encoder ϕ(t)) for both CUB
and Oxford-102 can be found in the supplementary.

5.2. Disentangling style and content

In this section we investigate the extent to which our model
can separate style and content. By content, we mean the
visual attributes of the bird itself, such as shape, size and
color of each body part. By style, we mean all of the other
factors of variation in the image such as background color
and the pose orientation of the bird.

Figure : Generated flower images
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Figure 5. ROC curves using cosine distance between predicted
style vector on same vs. different style image pairs. Left: im-
age pairs reflect same or different pose. Right: image pairs reflect
same or different average background color.

The text embedding mainly covers content information and
typically nothing about style, e.g. captions do not mention
the background or the bird pose. Therefore, in order to
generate realistic images then GAN must learn to use noise
sample z to account for style variations.

To quantify the degree of disentangling on CUB we set up
two prediction tasks with noise z as the input: pose verifi-
cation and background color verification. For each task, we
first constructed similar and dissimilar pairs of images and
then computed the predicted style vectors by feeding the
image into a style encoder (trained to invert the input and
output of generator). If GAN has disentangled style using
z from image content, the similarity between images of the
same style (e.g. similar pose) should be higher than that of
different styles (e.g. different pose).

To recover z, we inverted the each generator network as
described in subsection 4.4. To construct pairs for verifica-
tion, we grouped images into 100 clusters using K-means
where images from the same cluster share the same style.
For background color, we clustered images by the average
color (RGB channels) of the background; for bird pose, we
clustered images by 6 keypoint coordinates (beak, belly,
breast, crown, forehead, and tail).

For evaluation, we compute the actual predicted style vari-
ables by feeding pairs of images style encoders for GAN,
GAN-CLS, GAN-INT and GAN-INT-CLS. We verify the
score using cosine similarity and report the AU-ROC (aver-
aging over 5 folds). As a baseline, we also compute cosine
similarity between text features from our text encoder.

We present results on Figure 5. As expected, captions alone
are not informative for style prediction. Moreover, con-
sistent with the qualitative results, we found that models
incorporating interpolation regularizer (GAN-INT, GAN-
INT-CLS) perform the best for this task.

5.3. Pose and background style transfer

We demonstrate that GAN-INT-CLS with trained style en-
coder (subsection 4.4) can perform style transfer from an

The bird has a yellow breast with grey 
features and a small beak.

This is a large white bird with black 
wings and a red head.

A small bird with a black head and 
wings and features grey wings.

This bird has a white breast, brown 
and white coloring on its head and 
wings, and a thin pointy beak.

A small bird with white base and black 
stripes throughout its belly, head, and 
feathers.

A small sized bird that has a cream belly 
and a short pointed bill.

This bird is completely red.

This bird is completely white.

This is a yellow bird. The wings are 
bright blue.

Text descriptions
(content)

Images 
(style)

Figure 6. Transfering style from the top row (real) images to the
content from the query text, with G acting as a deterministic de-
coder. The bottom three rows are captions made up by us.

unseen query image onto a text description. Figure 6 shows
that images generated using the inferred styles can accu-
rately capture the pose information. In several cases the
style transfer preserves detailed background information
such as a tree branch upon which the bird is perched.

Disentangling the style by GAN-INT-CLS is interesting be-
cause it suggests a simple way of generalization. This way
we can combine previously seen content (e.g. text) and pre-
viously seen styles, but in novel pairings so as to generate
plausible images very different from any seen image during
training. Another way to generalize is to use attributes that
were previously seen (e.g. blue wings, yellow belly) as in
the generated parakeet-like bird in the bottom row of Fig-
ure 6. This way of generalization takes advantage of text
representations capturing multiple visual aspects.

5.4. Sentence interpolation

We now show that our GAN-INT model can smoothly sam-
ple from linear interpolations of points on the text mani-
fold on Figure 8 (Left). Although there is no ground-truth
text for the intervening points, the generated images appear
plausible. Since we keep the noise distribution the same,
the only changing factor within each row is the text embed-
ding that we use. Note that interpolations can accurately
reflect color information, such as a bird changing from blue
to red while the pose and background are invariant.

As well as interpolating between two text encodings, we
show results on Figure 8 (Right) with noise interpolation.
Here, we sample two random noise vectors. By keeping the
text encoding fixed, we interpolate between these two noise

Figure : Transfering style
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Figure 7. Generating images of general concepts using our GAN-CLS on the MS-COCO validation set. Unlike the case of CUB and
Oxford-102, the network must (try to) handle multiple objects and diverse backgrounds.

‘Blue bird with black beak’ → 
‘Red bird with black beak’

‘Small blue bird with black wings’ → 
‘Small yellow bird with black wings’

‘This bird is bright.’ → ‘This bird is dark.’

‘This bird is completely red with black wings’

‘A small sized bird that has a cream belly and 
a short pointed bill’

‘This is a yellow bird. The wings are bright blue’

Figure 8. Left: Generated bird images by interpolating between
two sentences (within a row the noise is fixed). Right: Interpolat-
ing between two randomly-sampled noise vectors.

vectors and generate bird images with a smooth transition
between two styles by keeping the content fixed.

5.5. Beyond birds and flowers

We trained a GAN-CLS on MS-COCO to show the gen-
eralization capability of our approach on a general set of
images that contain multiple objects and variable back-
grounds. We use the same text encoder architecture,
same GAN architecture and same hyperparameters (learn-
ing rate, minibatch size and number of epochs) as in CUB
and Oxford-102. The only difference in training the text
encoder is that COCO does not have a single object cat-
egory per class. However, we can still learn an instance
level (rather than category level) image and text matching
function, as in (Kiros et al., 2014).

Samples and ground truth captions and their corresponding
images are shown on Figure 7. A common property of all
the results is the sharpness of the samples, similar to other
GAN-based image synthesis models. We also observe di-
versity in the samples by simply drawing multiple noise
vectors and using the same fixed text encoding.

From a distance the results are encouraging, but upon
close inspection it is clear that the generated scenes are
not usually coherent; for example the human-like blobs in
the baseball scenes lack clearly articulated parts. In fu-
ture work, it may be interesting to incorporate hierarchical
structure into the image synthesis model in order to better
handle complex multi-object scenes.

A qualitative comparison with Mansimov et al. (2016) can
be found in the supplement. Mansimov et al. (2016) seems
to respect the approximate color and shape constraints in
the query, but lacks detail. In most cases the GAN-CLS
generates sharper samples that roughly correspond to the
query, but is less sensitive to small changes to the text.

6. Conclusions
In this work we developed a simple and effective model
for generating images based on detailed visual descriptions.
We demonstrated that the model is capable of synthesizing
many plausible visual interpretations of a given text cap-
tion. Our manifold interpolation regularizer for conditional
GAN achieved substantially improved text to image syn-
thesis on CUB. We showed disentangling of style and con-
tent, and bird pose and background transfer from query im-
ages onto text descriptions. Finally we demonstrated the
generalizability of our approach to generating images with
multiple objects and variable backgrounds with our results
on MS-COCO dataset. In future work, we aim to further
scale up the model to higher resolution images and add
more types of text.
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Figure 7. Generating images of general concepts using our GAN-CLS on the MS-COCO validation set. Unlike the case of CUB and
Oxford-102, the network must (try to) handle multiple objects and diverse backgrounds.

‘Blue bird with black beak’ → 
‘Red bird with black beak’

‘Small blue bird with black wings’ → 
‘Small yellow bird with black wings’

‘This bird is bright.’ → ‘This bird is dark.’

‘This bird is completely red with black wings’

‘A small sized bird that has a cream belly and 
a short pointed bill’

‘This is a yellow bird. The wings are bright blue’

Figure 8. Left: Generated bird images by interpolating between
two sentences (within a row the noise is fixed). Right: Interpolat-
ing between two randomly-sampled noise vectors.

vectors and generate bird images with a smooth transition
between two styles by keeping the content fixed.

5.5. Beyond birds and flowers

We trained a GAN-CLS on MS-COCO to show the gen-
eralization capability of our approach on a general set of
images that contain multiple objects and variable back-
grounds. We use the same text encoder architecture,
same GAN architecture and same hyperparameters (learn-
ing rate, minibatch size and number of epochs) as in CUB
and Oxford-102. The only difference in training the text
encoder is that COCO does not have a single object cat-
egory per class. However, we can still learn an instance
level (rather than category level) image and text matching
function, as in (Kiros et al., 2014).

Samples and ground truth captions and their corresponding
images are shown on Figure 7. A common property of all
the results is the sharpness of the samples, similar to other
GAN-based image synthesis models. We also observe di-
versity in the samples by simply drawing multiple noise
vectors and using the same fixed text encoding.

From a distance the results are encouraging, but upon
close inspection it is clear that the generated scenes are
not usually coherent; for example the human-like blobs in
the baseball scenes lack clearly articulated parts. In fu-
ture work, it may be interesting to incorporate hierarchical
structure into the image synthesis model in order to better
handle complex multi-object scenes.

A qualitative comparison with Mansimov et al. (2016) can
be found in the supplement. Mansimov et al. (2016) seems
to respect the approximate color and shape constraints in
the query, but lacks detail. In most cases the GAN-CLS
generates sharper samples that roughly correspond to the
query, but is less sensitive to small changes to the text.

6. Conclusions
In this work we developed a simple and effective model
for generating images based on detailed visual descriptions.
We demonstrated that the model is capable of synthesizing
many plausible visual interpretations of a given text cap-
tion. Our manifold interpolation regularizer for conditional
GAN achieved substantially improved text to image syn-
thesis on CUB. We showed disentangling of style and con-
tent, and bird pose and background transfer from query im-
ages onto text descriptions. Finally we demonstrated the
generalizability of our approach to generating images with
multiple objects and variable backgrounds with our results
on MS-COCO dataset. In future work, we aim to further
scale up the model to higher resolution images and add
more types of text.
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InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets

Decompose the input vector into two parts:z → [z , c1, . . . , cL]

Incompressible noise :z
Latent code: c = [c1, . . . , cL]

Maximun the mutual information I(c; G(z , c))

I(c; G(z , c)) = H(c)− H(c|G(z , c)) (7)
= Ex∼G(z,c)[Ec′∼p(c|x)[log p(c ′|x)]] + H(c) (8)
≥ Ex∼G(z,c)[Ec′∼p(c|x)[logQ(c ′|x)]] + H(c) (9)
= Ex∼G(z,c)[logQ(c|x)]] + H(c) (10)
= L1(G ,Q) (11)

Here x ∼ G(z , c) means c ∼ Pc(c), z ∼ Pz(z), x = G(z , c).
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InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets

Rewrite z ∼ Pz(z), x = G(z , c) as x ∼ p(x |c)

L1(G ,Q) = Ex∼G(z,c)[logQ(c|x)]] + H(c) (12)
= Ec∼Pc(c),x∼p(x |c)[logQ(c|x)]] + H(c) (13)

Relationship to variational lower bound:

Ex∼Pdata,c∼q(c|x)[log p(x |c) + log p(c)] (14)

Objective function:

min
G

max
D

Ex∼Pdata [logD(x)] + Ez∼pz (z),c∼Pc(c)[log(1− D(G(z , c))]

−λEc∼Pc(c),x∼p(x |c)[logQ(c|x)]] (15)
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InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets

c = [c1, c2, c3]: c1 ∼ Cat(10), c2, c3 ∼ Unif (−1, 1)

(a) Varying c1 on InfoGAN (Digit type) (b) Varying c1 on regular GAN (No clear meaning)

(c) Varying c2 from −2 to 2 on InfoGAN (Rotation) (d) Varying c3 from −2 to 2 on InfoGAN (Width)

Figure 2: Manipulating latent codes on MNIST: In all figures of latent code manipulation, we will
use the convention that in each one latent code varies from left to right while the other latent codes
and noise are fixed. The different rows correspond to different random samples of fixed latent codes
and noise. For instance, in (a), one column contains five samples from the same category in c1, and a
row shows the generated images for 10 possible categories in c1 with other noise fixed. In (a), each
category in c1 largely corresponds to one digit type; in (b), varying c1 on a GAN trained without
information regularization results in non-interpretable variations; in (c), a small value of c2 denotes
left leaning digit whereas a high value corresponds to right leaning digit; in (d), c3 smoothly controls
the width. We reorder (a) for visualization purpose, as the categorical code is inherently unordered.

latent code that smoothly changes a face from wide to narrow is learned even though this variation
was neither explicitly generated or labeled in prior work.

On the chairs dataset, DC-IGN can learn a continuous code that representes rotation. InfoGAN again
is able to learn the same concept as a continuous code (Figure 4a) and we show in addition that
InfoGAN is also able to continuously interpolate between similar chair types of different widths
using a single continuous code (Figure 4b). In this experiment, we choose to model the latent factors
with four categorical codes, c1, c2, c3, c4 ∼ Cat(K = 20, p = 0.05) and one continuous code
c5 ∼ Unif(−1, 1).
Next we evaluate InfoGAN on the Street View House Number (SVHN) dataset, which is significantly
more challenging to learn an interpretable representation because it is noisy, containing images of
variable-resolution and distracting digits, and it does not have multiple variations of the same object.
In this experiment, we make use of four 10−dimensional categorical variables and two uniform
continuous variables as latent codes. We show two of the learned latent factors in Figure 5.

Finally we show in Figure 6 that InfoGAN is able to learn many visual concepts on another challenging
dataset: CelebA [33], which includes 200, 000 celebrity images with large pose variations and
background clutter. In this dataset, we model the latent variation as 10 uniform categorical variables,
each of dimension 10. Surprisingly, even in this complicated dataset, InfoGAN can recover azimuth
as in 3D images even though in this dataset no single face appears in multiple pose positions.
Moreover InfoGAN can disentangle other highly semantic variations like presence or absence of
glasses, hairstyles and emotion, demonstrating a level of visual understanding is acquired without
any supervision.

6

Figure : Generated images on COCO validation set
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InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets

c = [c1, . . . , c5]: ci ∼ Unif (−1, 1)

(a) Azimuth (pose) (b) Elevation

(c) Lighting (d) Wide or Narrow

Figure 3: Manipulating latent codes on 3D Faces: We show the effect of the learned continuous
latent factors on the outputs as their values vary from −1 to 1. In (a), we show that one of the
continuous latent codes consistently captures the azimuth of the face across different shapes; in (b),
the continuous code captures elevation; in (c), the continuous code captures the orientation of lighting;
and finally in (d), the continuous code learns to interpolate between wide and narrow faces while
preserving other visual features. For each factor, we present the representation that most resembles
prior supervised results [7] out of 5 random runs to provide direct comparison.

(a) Rotation (b) Width

Figure 4: Manipulating latent codes on 3D Chairs: In (a), we show that the continuous code
captures the pose of the chair while preserving its shape, although the learned pose mapping varies
across different types; in (b), we show that the continuous code can alternatively learn to capture the
widths of different chair types, and smoothly interpolate between them. For each factor, we present
the representation that most resembles prior supervised results [7] out of 5 random runs to provide
direct comparison.

8 Conclusion

This paper introduces a representation learning algorithm called Information Maximizing Generative
Adversarial Networks (InfoGAN). In contrast to previous approaches, which require supervision,
InfoGAN is completely unsupervised and learns interpretable and disentangled representations on
challenging datasets. In addition, InfoGAN adds only negligible computation cost on top of GAN and
is easy to train. The core idea of using mutual information to induce representation can be applied to
other methods like VAE [3], which is a promising area of future work. Other possible extensions to

7
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GAN vs VAE

The latent code z = [z1, z2]: zi ∼ N (0, 1).
zi varies from -1.5 to 1.5.

Figure : Generated digits trained with VAE (left) GAN (right) from Chunyuan.
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Autoencoding beyond pixels using a learned similarity
metric

VAE: z ∼ Enc(x) = q(z |x), x̂ ∼ Dec(z) = p(x |z):

LVAE = −Eq(z|x)[log p(x |z)] +DKL(q(z |x)||p(z)) (16)

= Lpixel
like +Lprior (17)

GAN: LGAN = log(Dis(x)) + log(1− Dis(Gen(z)))

A new reconstruction error:

p(Disl (x)|z) = N (Disl (x)|Disl (x̂), I) (18)

LDisl (x)
like = −Eq(z|x)[log p(Disl (x)|z)] (19)

Objective function:

L = Lprior + LDisl (x)
like + LGAN (20)
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Adversarial Autoencoder (AAE)

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) =

∫

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

2

LAAE = Lpixel
like + LVAE

= −Eq(z|x)[log p(x |z)] + λ
{
Ez∼p(z)[logD(z)] + Ez∼q(z)[logD(1− G(z))]

}
(21)

where q(z) =
∫

q(z |x)pdata(x)dx
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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).

4
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An important difference between VAEs and adversarial autoencoders is that in VAEs, in order to
back-propagate through the KL divergence by Monte-Carlo sampling, we need to have access to the
exact functional form of the prior distribution. However, in AAEs, we only need to be able to sample
from the prior distribution in order to induce q(z) to match p(z). In Section 2.3, we will demonstrate
that the adversarial autoencoder can impose complicated distributions (e.g., swiss roll distribution)
without having access to the explicit functional form of the distribution.

2.2 Relationship to GANs and GMMNs

In the original generative adversarial networks (GAN) paper [Goodfellow et al., 2014], GANs
were used to impose the data distribution at the pixel level on the output layer of a neural network.
Adversarial autoencoders, however, rely on the autoencoder training to capture the data distribution.
In adversarial training procedure of our method, a much simpler distribution (e.g., Gaussian as
opposed to the data distribution) is imposed in a much lower dimensional space (e.g., 20 as opposed
to 1000) which results in a better test-likelihood as is discussed in Section 3.

Generative moment matching networks (GMMN) [Li et al., 2015] use the maximum mean discrepancy
(MMD) objective to shape the distribution of the output layer of a neural network. The MMD objective
can be interpreted as minimizing the distance between all moments of the model distribution and
the data distribution. It has been shown that GMMNs can be combined with pre-trained dropout
autoencoders to achieve better likelihood results (GMMN+AE). Our adversarial autoencoder also
relies on the autoencoder to capture the data distribution. However, the main difference of our work
with GMMN+AE is that the adversarial training procedure of our method acts as a regularizer that
shapes the code distribution while training the autoencoder from scratch; whereas, the GMMN+AE
model first trains a standard dropout autoencoder and then fits a distribution in the code space of the
pre-trained network. In Section 3, we will show that the test-likelihood achieved by the joint training
scheme of adversarial autoencoders outperforms the test-likelihood of GMMN and GMMN+AE on
MNIST and Toronto Face datasets.

2.3 Incorporating Label Information in the Adversarial Regularization

In the scenarios where data is labeled, we can incorporate the label information in the adversarial
training stage to better shape the distribution of the hidden code. In this section, we describe
how to leverage partial or complete label information to regularize the latent representation of the
autoencoder more heavily. To demonstrate this architecture we return to Figure 2b in which the
adversarial autoencoder is fit to a mixture of 10 2-D Gaussians. We now aim to force each mode of
the mixture of Gaussian distribution to represent a single label of MNIST.

Figure 3 demonstrates the training procedure for this semi-supervised approach. We add a one-
hot vector to the input of the discriminative network to associate the label with a mode of the
distribution. The one-hot vector acts as switch that selects the corresponding decision boundary of
the discriminative network given the class label. This one-hot vector has an extra class for unlabeled
examples. For example, in the case of imposing a mixture of 10 2-D Gaussians (Figure 2b and 4a),
the one hot vector contains 11 classes. Each of the first 10 class selects a decision boundary for
the corresponding individual mixture component. The extra class in the one-hot vector corresponds

Figure 3: Regularizing the hidden code by providing a one-hot vector to the discriminative network.
The one-hot vector has an extra label for training points with unknown classes.
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Figure 4: Leveraging label information to better regularize the hidden code. Top Row: Training the
coding space to match a mixture of 10 2-D Gaussians: (a) Coding space z of the hold-out images. (b)
The manifold of the first 3 mixture components: each panel includes images generated by uniformly
sampling the Gaussian percentiles along the axes of the corresponding mixture component. Bottom
Row: Same but for a swiss roll distribution (see text). Note that labels are mapped in a numeric order
(i.e., the first 10% of swiss roll is assigned to digit 0 and so on): (c) Coding space z of the hold-out
images. (d) Samples generated by walking along the main swiss roll axis.

to unlabeled training points. When an unlabeled point is presented to the model, the extra class
is turned on, to select the decision boundary for the full mixture of Gaussian distribution. During
the positive phase of adversarial training, we provide the label of the mixture component (that the
positive sample is drawn from) to the discriminator through the one-hot vector. The positive samples
fed for unlabeled examples come from the full mixture of Gaussian, rather than from a particular
class. During the negative phase, we provide the label of the training point image to the discriminator
through the one-hot vector.

Figure 4a shows the latent representation of an adversarial autoencoder trained with a prior that is a
mixture of 10 2-D Gaussians trained on 10K labeled MNIST examples and 40K unlabeled MNIST
examples. In this case, the i-th mixture component of the prior has been assigned to the i-th class in a
semi-supervised fashion. Figure 4b shows the manifold of the first three mixture components. Note
that the style representation is consistently represented within each mixture component, independent
of its class. For example, the upper-left region of all panels in Figure 4b correspond to the upright
writing style and lower-right region of these panels correspond to the tilted writing style of digits.

This method may be extended to arbitrary distributions with no parametric forms – as demonstrated
by mapping the MNIST data set onto a “swiss roll” (a conditional Gaussian distribution whose mean
is uniformly distributed along the length of a swiss roll axis). Figure 4c depicts the coding space z
and Figure 4d highlights the images generated by walking along the swiss roll axis in the latent space.

3 Likelihood Analysis of Adversarial Autoencoders

The experiments presented in the previous sections have only demonstrated qualitative results. In this
section we measure the ability of the AAE as a generative model to capture the data distribution by
comparing the likelihood of this model to generate hold-out images on the MNIST and Toronto face
dataset (TFD) using the evaluation procedure described in [Goodfellow et al., 2014].

We trained an adversarial autoencoder on MNIST and TFD in which the model imposed a high-
dimensional Gaussian distribution on the underlying hidden code. Figure 5 shows samples drawn
from the adversarial autoencoder trained on these datasets. A video showing the learnt TFD manifold
can be found at http://www.comm.utoronto.ca/~makhzani/adv_ae/tfd.gif. To determine
whether the model is over-fitting by copying the training data points, we used the last column of these

6

Figure : Adversarial Autoencoder conditioned on labels: Model architecture
(Left); Posterior samples from a mixture of 10 2-D Gaussian (Right top) and a
swiss roll distribution (Right bottom)
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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.

S
ty
le

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 : Model architecture for supervised AAE (left) and semi-supervised AAE
(right)
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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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classification performance achieved by the ADGM.
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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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Figure : Unsupervised clustering of MNIST using the AAE with 16 clusters. Each
row corresponds to one cluster

MNIST (Unsupervised)
CatGAN [Springenberg, 2015](20 clusters) 9.70
Adversarial Autoencoder (16 clusters) 9.55 (±2.05)
Adversarial Autoencoder (30 clusters) 4.10 (±1.13)

Table 3: Unsupervised clustering performance (error-rate) of the AAE on MNIST.

the corresponding category based on q(y|x). We can see that the AAE has picked up some discrete
styles as the class labels. For example, the digit 1s and 6s that are tilted (cluster 16 and 11) are put in
a separate cluster than the straight 1s and 6s (cluster 15 and 10), or the network has separated digit 2s
into two clusters (cluster 4, 6) depending on whether the digit is written with a loop.

We performed an experiment to evaluate the unsupervised clustering performance of AAEs. We
used the following evaluation protocol: Once the training is done, for each cluster i, we found the
validation example xn that maximizes q(yi|xn), and assigned the label of xn to all the points in the
cluster i. We then computed the test error based on the assigned class labels to each cluster. As
shown in Table 3, the AAE achieves the classification error rate of 9.55% and 4.10% with 16 and 30
total labels respectively. We observed that as the number of clusters grows, the classification rate
improves.

7 Dimensionality Reduction with Adversarial Autoencoders

Visualization of high dimensional data is a very important problem in many applications as it
facilitates the understanding of the generative process of the data and allows us to extract useful
information about the data. A popular approach of data visualization is learning a low dimensional
embedding in which nearby points correspond to similar objects. Over the last decade, a large number
of new non-parametric dimensionality reduction techniques such as t-SNE [Van der Maaten and
Hinton, 2008] have been proposed. The main drawback of these methods is that they do not have a
parametric encoder that can be used to find the embedding of the new data points. Different methods
such as parametric t-SNE [Maaten, 2009] have been proposed to address this issue. Autoencoders are

S
ty
le

Figure 10: Dimensionality reduction with adversarial autoencoders: There are two separate adversarial
networks that impose Categorical and Gaussian distribution on the latent representation. The final
n dimensional representation is constructed by first mapping the one-hot label representation to
an n dimensional cluster head representation and then adding the result to an n dimensional style
representation. The cluster heads are learned by SGD with an additional cost function that penalizes
the Euclidean distance between of every two of them.
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MNIST (Unsupervised)
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Adversarial Autoencoder (30 clusters) 4.10 (±1.13)

Table 3: Unsupervised clustering performance (error-rate) of the AAE on MNIST.
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Figure 10: Dimensionality reduction with adversarial autoencoders: There are two separate adversarial
networks that impose Categorical and Gaussian distribution on the latent representation. The final
n dimensional representation is constructed by first mapping the one-hot label representation to
an n dimensional cluster head representation and then adding the result to an n dimensional style
representation. The cluster heads are learned by SGD with an additional cost function that penalizes
the Euclidean distance between of every two of them.
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Figure : Dimensionality reduction with adversarial autoencoders: The representation is
constructed by first mapping the one-hot label representation to an n dimensional cluster head
representation and then adding the result to an n dimensional style representation.
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