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Last time

VAEs
Generative Adversarial Networks (Training objective)
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This Week

Generative Adversarial Networks (GANs)
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Training GANs: Intuition

General idea is to have two networks play a two-player game
Generator: try to fool the discriminator by generating real-looking images
Discriminator: try to distinguish between real and fake images
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Generator

Input:
Random noise

[Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014]

Discriminator

Real or fake

Generated samples Training samples



Training GANs: Objective – Part II

argmin
!
max
"

𝑉(𝐺, 𝐷) , where

𝑉 𝐺, 𝐷 = 𝔼#~%! # [log 𝐷 𝑥 + 𝔼#~%" # [log(1 − 𝐷(𝑥)]
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Training – Intuition and Idealized
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[Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014]



Training in practice - issue

Objective:
min
!!

max
!"

𝔼"∼$"(") log𝐷!" 𝑥 +𝔼'∼$#(') log 1 − 𝐷!" 𝐺!! 𝑧

Alternate between:
1. Gradient ascent on 𝐷: 

max
$!

𝔼%∼'!(%) log𝐷$! 𝑥 +𝔼*∼'"(*) log 1 − 𝐷$! 𝐺$# 𝑧

2. Gradient descent on 𝐺:
min
$#

𝔼*∼'"(*) log 1 − 𝐷$! 𝐺$# 𝑧
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Training algorithm (pseudo-code)
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[Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014]



Training in practice - issue

Objective:
min
!!

max
!"

𝔼"∼$"(") log𝐷!" 𝑥 +𝔼'∼$#(') log 1 − 𝐷!" 𝐺!! 𝑧

Alternate between:
1. Gradient ascent on 𝐷: 

max
$!

𝔼%∼'!(%) log𝐷$! 𝑥 +𝔼*∼'"(*) log 1 − 𝐷$! 𝐺$# 𝑧

2. Gradient descent on 𝐺:
min
$#

𝔼*∼'"(*) log 1 − 𝐷$! 𝐺$# 𝑧
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Training in practice - fix

Objective:
min
!!

max
!"

𝔼"∼$"(") log𝐷!" 𝑥 + 𝔼'∼$#(') log 1 − 𝐷!" 𝐺!! 𝑧

Alternate between:
1. Gradient ascent on D 

max
$!

𝔼%∼'!(%) log𝐷$! 𝑥 +𝔼*∼'"(*) log 1 − 𝐷$! 𝐺$# 𝑧

2. Instead: gradient ascent on G:
max
$#

𝔼*∼'"(*) log 𝐷$! 𝐺$# 𝑧
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Training algorithm (pseudo-code)
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[Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014]

• Update the generator by ascending its stochastic gradient (improved objective):

𝛻!!
1
𝑚%

"#$

%

log 𝐷!" 𝐺!! 𝑧 "



GANs: Results MNIST & TFD
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Nearest neighbors from training data 



GANs: Results CIFAR-10
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Nearest neighbors from training data 

Convolutional GANMLP



Issues

• Difficult to train:
Need to find Nash-Equilibrium in two-player game. Making downhill progress for 
one player may move the other player uphill.

Generator can trick discriminator due to underlying image statistics
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Issues

• Difficult to train:
Mode collapse (no sample diversity): saddle point in dual energy 
landscape
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[image source: Metz et al. Unrolled GANs. ICLR ‘17]



Comparison with VAE

• Implicit pdf in VAE with intractable data likelihood
• No variational bound is needed
• GANs only care about samples
• Sharper images 

• (Specific model families usable within GANs are already known to 
be universal approximators, so GANs are already known to be 
asymptotically consistent. Some VAEs are conjectured to be 
asymptotically consistent, but this is not yet proven)
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Issues with Jensen–Shannon divergence => Wasserstein GAN
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JSD correlates badly with sample 
quality → do not know when to 
stop training
𝐷 tends to be optimal, JSD 
saturates → bad gradients
One solution: Use Wasserstein  
distance

GAN objective can be generalized 
to entire family of divergences:
[Nowozin et al. NeuIPS ‘16. f-GAN: Training Generative 
Neural Samplers using Variational Divergence 
Minimization]

[image source: Arjovsky et al. Wasserstein GANs. ‘17]



GAN Extensions & Applications
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Image-to-Image Translation with Conditional Adversarial 
Networks
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[Isola et al. CVPR ‘17 – Pix2Pix]

Image source: https://github.com/phillipi/pix2pix

https://github.com/phillipi/pix2pix


Pix2Pix - Formulation

The Objective is:
ℒ 𝐺, 𝐷 = ℒ&!'( 𝐺, 𝐷 + 𝜆ℒ)* 𝐺

where ℒ&!'( is a conditional GAN objective:
ℒ+,-. 𝐺, 𝐷 = 𝔼#,0 log𝐷 𝑥, 𝑦 + 𝔼#,1 1 − log𝐷 𝑥, 𝐺(𝑥, 𝑧 )

and ℒ)*:
ℒ)*(𝐺) = 𝔼#,0,1 𝑦 − 𝐺 𝑥, 𝑧 *
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[Isola et al. CVPR ‘17 – Pix2Pix]



Pix2Pix - results
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[Isola et al. CVPR ‘17 – Pix2Pix]



Pix2Pix - Limitations

One obvious limitation is that this approach requires paired images 
as training data.

In many cases, one has at its disposal examples from two densities 
and wants to translate a sample from the first (“images of apples”) 
into a sample likely under the second (“images of oranges”).
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[Isola et al. CVPR ‘17 – Pix2Pix]



CycleGAN – unpaired image translation
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[Zhu et al. ICCV ‘17 – CycleGAN]



CycleGAN – unpaired image translation
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[Zhu et al. ICCV ‘17 – CycleGAN]

Image source: https://github.com/junyanz/CycleGAN/



CycleGAN - Overview

X Y

G

F

DYDX

G

F
Ŷ

X Y� X Y
�
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F
X̂

(a) (b) (c)

cycle-consistency
loss

cycle-consistency
loss

DY DX

ŷx̂x y

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 and F . 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 at 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

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 [18], who employ a non-parametric tex-
ture model [9] on a single input-output training image pair.
More recent approaches use a dataset of input-output exam-
ples to learn a parametric translation function using CNNs,
e.g. [31]. Our approach builds on the “pix2pix” framework
of Isola et al. [21], which uses a conditional generative ad-
versarial network [15] to learn a mapping from input to out-
put images. Similar ideas have been applied to various tasks
such as generating photographs from sketches [43] or from
attribute and semantic layouts [23]. However, unlike 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. [40]
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, CoGAN [30] and cross-
modal scene networks [1] use a weight-sharing strategy to
learn a common representation across domains. Concurrent
to our method, Liu et al. [29] extends this framework with
a combination of variational autoencoders [25] and gen-
erative adversarial networks. Another line of concurrent
work [45, 48, 2] encourages the input and output to share
certain “content” features even though they may differ in
“style“. They also use adversarial networks, with additional
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 [45], and image feature space [48].

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

tween the input and output, nor do we assume that the input
and output have to lie in the same low-dimensional embed-
ding space. This makes our method a general-purpose solu-
tion for many vision and graphics tasks. We directly com-
pare against several prior and contemporary approaches in
Section 5.1.

Cycle Consistency The idea of using transitivity as a
way to regularize structured data has a long history. In
visual tracking, enforcing simple forward-backward con-
sistency has been a standard trick for decades [47]. In
the language domain, verifying and improving translations
via “back translation and reconsiliation” is a technique
used by human translators [3] (including, humorously, by
Mark Twain [50]), as well as by machines [16]. More
recently, higher-order cycle consistency has been used in
structure from motion [60], 3D shape matching [20], co-
segmentation [54], dense semantic alignment [63, 64], and
depth estimation [13]. Of these, Zhou et al. [64] and Go-
dard et al. [13] are most similar to our work, as they use a
cycle consistency loss as a way of using transitivity to su-
pervise CNN training. In this work, we are introducing a
similar loss to push G and F to be consistent with each
other. Concurrent with our work, in these same proceed-
ings, Yi et al. [58] independently use a similar objective
for unpaired image-to-image translation, inspired by dual
learning in machine translation [16].

Neural Style Transfer [12, 22, 51, 11] 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) based on
matching the Gram matrix statistics of pre-trained deep fea-
tures. Our main focus, on the other hand, is learning the
mapping between two image collections, rather than be-
tween two specific images, by trying to capture correspon-
dences between higher-level appearance structures. There-
fore, our method can be applied to other tasks, such as
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[Zhu et al. ICCV ‘17 – CycleGAN]



CycleGAN - Formulation

The Objective is:
ℒ 𝐺, 𝐹, 𝐷2 , 𝐷3
= ℒ!'( 𝐺, 𝐷3 , 𝑋, 𝑌 + ℒ!'( 𝐹, 𝐷2 , 𝑌, 𝑋 + 𝜆ℒ+4+ 𝐺, 𝐹

where ℒ!'( is the standard GAN loss as previously and ℒ+4+ is:
ℒ+4+
= 𝔼#∼%!#$#(#) 𝐹(𝐺 𝑥 ) − 𝑥 * + 𝔼0∼%!#$#(0) 𝐺(𝐹 𝑦 ) − 𝑦 *

4/29/20 29

[Zhu et al. ICCV ‘17 – CycleGAN]



CycleGAN – Effect of cycle consistency
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[Zhu et al. ICCV ‘17 – CycleGAN]

painting! photo, object transfiguration, etc. where single
sample transfer methods do not perform well. We compare
these two methods in Section 5.2.

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

domains X and Y given training samples {xi}N
i=1 where

xi 2 X and {yj}M
j=1 where yj 2 Y 1. We denote the data

distribution as x ⇠ pdata(x) and y ⇠ pdata(y). As illus-
trated in Figure 3 (a), our model includes two mappings
G : X ! Y and F : Y ! X . In addition, we in-
troduce two adversarial discriminators DX and DY , where
DX aims to distinguish between images {x} and translated
images {F (y)}; in the same way, DY aims to discriminate
between {y} and {G(x)}. Our objective contains two types
of terms: adversarial losses [15] for matching the distribu-
tion of generated images to the data distribution in the target
domain; and cycle consistency losses to prevent the learned
mappings G and F from contradicting each other.

3.1. Adversarial Loss
We apply adversarial losses [15] to both mapping func-

tions. For the mapping function G : X ! Y and its dis-
criminator DY , we express the objective as:

LGAN(G, DY , X, Y ) =Ey⇠pdata(y)[log DY (y)]

+Ex⇠pdata(x)[log(1 � DY (G(x))],
(1)

where G tries to generate images G(x) that look similar to
images from domain Y , while DY aims to distinguish be-
tween translated samples G(x) and real samples y. G aims
to minimize this objective against an adversary D that tries
to maximize it, i.e. minG maxDY LGAN(G, DY , X, Y ). We
introduce a similar adversarial loss for the mapping func-
tion F : Y ! X and its discriminator DX as well: i.e.
minF maxDX LGAN(F, DX , Y, X).

3.2. Cycle Consistency Loss
Adversarial training can, in theory, learn mappings G

and F that produce outputs identically distributed as target
domains Y and X respectively (strictly speaking, this re-
quires G and F to be stochastic functions) [14]. However,
with large enough capacity, a network can map the same
set of input images to any random permutation of images in
the target domain, where any of the learned mappings can
induce an output distribution that matches the target dis-
tribution. Thus, adversarial losses alone cannot guarantee
that the learned function can map an individual input xi to
a desired output yi. To further reduce the space of possi-
ble mapping functions, we argue that the learned mapping

1We often omit the subscript i and j for simplicity.

Input 𝑥 Generated image 𝐺(𝑥) Reconstruction F(𝐺 𝑥 )

Figure 4: The generated images G(x) and the re-
constructed images F (G(x)) from various experiments.
From top to bottom: photo$Cezanne, horses$zebras,
winter!summer Yosemite, aerial photos$maps on Google
Maps.

functions should be cycle-consistent: as shown in Figure 3
(b), for each image x from domain X , the image translation
cycle should be able to bring x back to the original image,
i.e. x ! G(x) ! F (G(x)) ⇡ x. We call this forward cy-
cle consistency. Similarly, as illustrated in Figure 3 (c), for
each image y from domain Y , G and F should also satisfy
backward cycle consistency: y ! F (y) ! G(F (y)) ⇡ y.
We can incentivize this behavior using a cycle consistency
loss:

Lcyc(G, F ) =Ex⇠pdata(x)[kF (G(x)) � xk1]
+Ey⇠pdata(y)[kG(F (y)) � yk1]. (2)

In preliminary experiments, we also tried replacing the L1
norm in this loss with an adversarial loss between F (G(x))
and x, and between G(F (y)) and y, but did not observe
improved performance.

The behavior induced by the cycle consistency loss can
be observed in Figure 4: the reconstructed images F (G(x))
end up matching closely to the input images x.



CycleGAN – More results

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

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

Zebras Horses

horse        zebra

zebra        horse

Summer Winter

summer        winter

winter        summer

Photograph Van Gogh CezanneMonet Ukiyo-e

Monet        Photos

Monet        photo

photo       Monet

Figure 1: Given any two unordered image collections X and Y , our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
from ImageNet; (right) summer and winter Yosemite photos from Flickr. Example application (bottom): using a collection
of paintings of famous artists, our method learns to render natural photographs into the respective styles.

Abstract
Image-to-image translation is a class of vision and

graphics problems where the goal is to learn the mapping
between an input image and an output image using a train-
ing set of aligned image pairs. However, for many tasks,
paired training data will not be available. We present an
approach for learning to translate an image from a source
domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
guishable from the distribution Y using an adversarial loss.
Because this mapping is highly under-constrained, we cou-
ple it with an inverse mapping F : Y ! X and introduce a
cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.

1. Introduction
What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these

* indicates equal contribution
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[Zhu et al. ICCV ‘17 – CycleGAN]



GauGAN - Semantic Image Synthesis with Spatially-Adaptive 
Normalization
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Task: Given semantic segmentation and reference style, synthesize image

[Park et al. CVPR ‘19 - Semantic image synthesis with spatially-adaptive normalization]



GauGAN - Semantic Image Synthesis with Spatially-Adaptive 
Normalization

4/29/20 33[Park et al. CVPR ‘19 - Semantic image synthesis with spatially-adaptive normalization]



Problem with pix2pix:
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• Unconditional normalization 
layer in generator “washes 
away” information of 
semantic labels.

• Proposal: Spatially-varying 
conditional normalization

[Park et al. CVPR ‘19 - Semantic image synthesis with spatially-adaptive normalization]



Results on Flickr Landscapes dataset

4/29/20 35

Try yourself: http://nvidia-research-mingyuliu.com/gaugan

[Park et al. CVPR ‘19 - Semantic image synthesis with spatially-adaptive normalization]



A Style-Based Generator Architecture for Generative 
Adversarial Networks

4/29/20 36[Karras et al. CVPR ‘19 - A Style-Based Generator Architecture for Generative Adversarial Networks]



Granular style control

4/29/20 37[Karras et al. CVPR ‘19 - A Style-Based Generator Architecture for Generative Adversarial Networks]



Gaze redirection

4/29/20 38[He et al. ICCV’19 Photo-realistic Gaze Redirection]

Code: https://github.com/HzDmS/gaze_redirection

https://github.com/HzDmS/gaze_redirection


Demo
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Code: https://github.com/HzDmS/gaze_redirection

https://github.com/HzDmS/gaze_redirection


StackGAN: Text to Photo-realistic Image Synthesis with 
Stacked Generative Adversarial Networks
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[Zhang et al. ICCV ‘17 - StackGAN: Text to Photo-realistic Image Synthesis with 
Stacked Generative Adversarial Networks]



Architecture
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[Zhang et al. ICCV ‘17 - StackGAN: Text to Photo-realistic Image Synthesis with 
Stacked Generative Adversarial Networks]



More qualitative examples
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[Zhang et al. ICCV ‘17 - StackGAN: Text to Photo-realistic Image Synthesis with 
Stacked Generative Adversarial Networks]



3D Human Pose Estimation in the Wild by Adversarial Learning

4/29/20 43[Yang et al. CVPR ‘18 - 3D Human Pose Estimation in the Wild by Adversarial Learning]



Result of adversarial training

4/29/20 44[Yang et al. CVPR ‘18 - 3D Human Pose Estimation in the Wild by Adversarial Learning]



Summary

GANs have [theoretical] ability to model distributions fully 
Often generating consistent samples is enough
State-of-the-art results on many tasks such as image-to-image 
translation
Higher image quality compared to VAEs
Key aspect is the “perceptual” loss emulated by the discriminator
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Next Week

GAN ++
Autoregressive Models
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