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Today’s Lecture
• Discriminative vs. generative models

• Unsupervised learning
• Basic building blocks – sparse coding and autoencoders

• Autoregressive models

• Variational autoencoders

• Generative adversarial networks

• Applications in computational photography
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Discriminative vs. generative 
models
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Discriminative vs. Generative Models

“Cat”

Discriminative models Generative models 

Goal: Learn some underlying hidden structure of 
the training samples to generate novel samples 
from same data distribution

Goal: Learn a function to map x -> y 

x y 
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Generative Modeling
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pdata
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Generative Modeling

• Goal: Learn some underlying hidden structure of the training samples 
to generate novel samples from same data distribution
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Generative Modeling

P
pdata

pmodel

Slide adapted from Sebastian Nowozin

Assumptions on     :
• tractable sampling

P

Training examples Model samples
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Generative Modeling

P
pdata

pmodel

Slide adapted from Sebastian Nowozin

Assumptions on     :
• tractable sampling
• tractable likelihood function

P
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Learning a generative model
• We are given a training set of examples, e.g., images of dogs

• We want to learn a probability distribution p(x) over images x s.t. 
– Generation: If we sample xnew ∼ p(x), xnew should look like a dog (sampling)
– Density estimation: p(x) should be high if x looks like a dog, and low

otherwise (anomaly detection) 
– Unsupervised representation learning: We should be able to learn what

these images have in common, e.g., ears, tail, etc. (features) 
9Slide adapted from Stefano Ermon, Aditya Grover

Model family



Generate Images

[Deep Belief Nets, Hinton, Osindero, Teh, 2006] 10



Generate Images

[VAE, Kingma and Welling, 2013] 11



Generate Images

[GAN, Goodfellow et al. 2014]
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Generate Images

[DCGAN, Radford, Metz, Chintala 2015]
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Generate Images

[DCGAN, Radford, Metz, Chintala 2015] 14



Generate Images

[CycleGAN: Zhu, Park, Isola & Efros, 2017] 15



Generate Images

[BigGAN, Brock, Donahue, Simonyan, 2018] 16



Generate Images

[StyleGAN, Karras, Laine, Aila, 2018] 17



Generate Video

DVD-GAN: Adversarial Video Generation on Complex Datasets, Clark, 
Donahue, Simonyan, 2019
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Why Unsupervised Learning?
• Given high-dimensional data                               , we want to find a 

low-dimensional model characterizing the population. 

• Recent progress mostly in supervised DL 

• Real challenges for unsupervised DL 

• Potential benefits: 
−Exploit tons of unlabeled data
−Answer new questions about the variables observed
−Regularizer – transfer learning – domain adaptation
−Easier optimization (divide and conquer)
− Joint (structured) outputs 
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Unsupervised Learning
•Given high-dimensional data                        , we want to 

estimate a low-dimensional model characterizing the 
population.

•Why is this an important problem?
• It is an essential building block in most high-dimensional 

prediction tasks. 
– Inverse Problems (super-resolution, inpainting, denoising, 

etc.).
– Structured Output Prediction (translation, Q&A, pose 

estimation, etc.)
– “Disentangling” or Posterior Inference.
– Learning with few labeled examples

X = (x1, . . . , xn)
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Unsupervised Learning
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Explicit Density p(x) 

Unsupervised Learning

Non-probabilistic Models
• Sparse Coding
• Autoencoders
• Others (e.g. k-means)

Probabilistic 
(Generative) Models

Tractable Models
• Fully observed 

Belief Nets
• NADE
• PixelRNN

Non-Tractable Models
• BoltzmannMachines
• Variational 

Autoencoders
• Helmholtz Machines
• Many others...

Implicit Density

• Generative 
Adversarial 
Networks

• Moment 
Matching 
Networks



22

Basic Building Blocks



Sparse Coding
• Sparse coding (Olshausen & Field, 1996). Originally developed to explain early 

visual processing in the brain (edge detection).

• Objective: Given a set of input data vectors                         , learn a dictionary of 
bases, such that: 

• Each data vector is represented as a sparse linear combination of bases. 
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Sparse	Coding	
• 	Sparse	coding	(Olshausen	&	Field,	1996).	Originally	developed	
to	explain	early	visual	processing	in	the	brain	(edge	detecAon).		

• 	ObjecAve:	Given	a	set	of	input	data	vectors																														
learn	a	dicAonary	of	bases																																such	that:					

• 	Each	data	vector	is	represented	as	a	sparse	linear	combinaAon	
of	bases.	

Sparse:	mostly	zeros	

xn =
KX

k=1

ank�k

Sparse: mostly zeros



Sparse Coding

[0.0, 0.0, ... 0.8, ..., 0.3, ..., 0.5, ...] = coefficients (feature representation) 
24

				Natural	Images	

	[0,	0,	…	0.8,	…,	0.3,	…,	0.5,	…]	=	coefficients	(feature	representaAon)		

New	example 

Sparse	Coding	
Learned	bases:		“Edges”	

     x      = 0.8 *       						         +  0.3 *        					
          

+ 0.5 *       	

Slide	Credit:	Honglak	Lee	

= 0.8 *                   + 0.3 *                     + 0.5 * 

Natural Images Learned bases: “Edges”

New example

Slide Credit: Honglak Lee 



Sparse Coding: Training
• Input image patches: 
• Learn dictionary of bases: 

• Alternating Optimization: 
1. Fix dictionary of bases and solve for activations a (a standard Lasso 

problem). 
2. Fix activations a, optimize the dictionary of bases (convex QP problem). 
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Sparse	Coding:	Training	

• 	Input	image	patches:		

• 	Learn	dicAonary	of	bases:	

ReconstrucAon	error	 Sparsity	penalty	

• 	AlternaAng	OpAmizaAon:	

1.  Fix	dicAonary	of	bases																											and	solve	for	
acAvaAons	a	(a	standard	Lasso	problem).			

2.  Fix	acAvaAons	a,	opAmize	the	dicAonary	of	bases	(convex	

QP	problem).		

Sparse	Coding:	Training	

• 	Input	image	patches:		

• 	Learn	dicAonary	of	bases:	

ReconstrucAon	error	 Sparsity	penalty	

• 	AlternaAng	OpAmizaAon:	

1.  Fix	dicAonary	of	bases																											and	solve	for	
acAvaAons	a	(a	standard	Lasso	problem).			

2.  Fix	acAvaAons	a,	opAmize	the	dicAonary	of	bases	(convex	

QP	problem).		

Sparse	Coding:	Training	

• 	Input	image	patches:		

• 	Learn	dicAonary	of	bases:	

ReconstrucAon	error	 Sparsity	penalty	

• 	AlternaAng	OpAmizaAon:	

1.  Fix	dicAonary	of	bases																											and	solve	for	
acAvaAons	a	(a	standard	Lasso	problem).			

2.  Fix	acAvaAons	a,	opAmize	the	dicAonary	of	bases	(convex	

QP	problem).		

Reconstruction error Sparsity penalty



Sparse Coding: Testing Time
• Input: a new image patch x* , and K learned bases 

• Output: sparse representation a of an image patch x*. 
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Sparse	Coding:	TesAng	Time	
• 	Input:	a	new		image	patch	x*	,	and	K	learned	bases			
• 	Output:	sparse	representaAon	a	of	an	image	patch	x*.		
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+ 0.5 *       	

	[0,	0,	…	0.8,	…,	0.3,	…,	0.5,	…]	=	coefficients	(feature	representaAon)		
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Sparse Coding: Testing Time
• Input: a new image patch x* , and K learned bases 

• Output: sparse representation a of an image patch x*. 
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[0.0, 0.0, ... 0.8, ..., 0.3, ..., 0.5, ...] = coefficients (feature representation) 

Sparse	Coding:	TesAng	Time	
• 	Input:	a	new		image	patch	x*	,	and	K	learned	bases			
• 	Output:	sparse	representaAon	a	of	an	image	patch	x*.		

= 0.8 *                   + 0.3 *                     + 0.5 * 

     x*      = 0.8 *       						         +  0.3 *        					
          

+ 0.5 *       	

	[0,	0,	…	0.8,	…,	0.3,	…,	0.5,	…]	=	coefficients	(feature	representaAon)		

Sparse	Coding:	TesAng	Time	
• 	Input:	a	new		image	patch	x*	,	and	K	learned	bases			
• 	Output:	sparse	representaAon	a	of	an	image	patch	x*.		

= 0.8 *                   + 0.3 *                     + 0.5 * 

     x*      = 0.8 *       						         +  0.3 *        					
          

+ 0.5 *       	

	[0,	0,	…	0.8,	…,	0.3,	…,	0.5,	…]	=	coefficients	(feature	representaAon)		



Modeling Image Patches 
• Natural image patches: 

⎯ small image regions extracted from an image of nature (forest, grass, …)
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Modeling Image Patches 
•  Natural image patches: 

Ø  small image regions extracted from an image of nature (forest, 

grass, ...) 

LETTERS

Emergence of complex cell properties by learning to
generalize in natural scenes
Yan Karklin1{ & Michael S. Lewicki1{

A fundamental function of the visual system is to encode the build-
ing blocks of natural scenes—edges, textures and shapes—that sub-
serve visual tasks such as object recognition and scene
understanding. Essential to this process is the formation of abstract
representations that generalize from specific instances of visual
input. A common view holds that neurons in the early visual system
signal conjunctions of image features1,2, but how these produce
invariant representations is poorly understood. Here we propose that
to generalize over similar images, higher-level visual neurons encode
statistical variations that characterize local image regions. We pre-
sent a model in which neural activity encodes the probability distri-
bution most consistent with a given image. Trained on natural
images, the model generalizes by learning a compact set of dictionary
elements for image distributions typically encountered in natural
scenes. Model neurons show a diverse range of properties observed
in cortical cells. These results provide a new functional explanation
for nonlinear effects in complex cells3–6 and offer insight into coding
strategies in primary visual cortex (V1) and higher visual areas.

As we scan across a complex natural scene, fixations at multiple
locations (for example, on the trunk of a tree or along its edge)
produce a coherent percept of the underlying structure (the bark
texture or the contour of the edge), even though individual images
collected at the retina are inherently highly variable. Figure 1 illus-
trates the problem our brain solves so effortlessly: perceptually dis-
tinct image regions produce response patterns that are highly
overlapping and cannot be easily distinguished using low-level, linear
representations. What sort of computations are required to achieve
generalization across natural stimuli?

Early visual neurons are typically described as linear feature detec-
tors1,2. Models developed around this idea can accurately capture the
behaviour of neurons from the retina7 to simple cells in the cortex8

but, as the examples in Fig. 1 illustrate, neither individual features nor
linear transformations can reliably discriminate images of one struc-
ture from another. More abstract features are presumably computed
in later stages of the visual system, but our knowledge of processing
by these neurons is limited. In V1, complex cells respond to an edge
over a range of positions1, but classical models of these cells9,10 fail to
explain a number of nonlinear effects, such as surround suppression
and cross-orientation inhibition3–5. More importantly, there is no
functional explanation for the role of these behaviours in the percep-
tion of natural scenes. In higher visual areas such as V2 and V4,
neurons are more invariant to image properties such as position
and scale11–13 and might be encoding shape or texture12,14,15. For these
neurons to generalize effectively, the neural circuitry must generate a
representation that is similar across the wide distribution of images of
a given type (for example, a texture or contour) yet distinct across the
much larger distribution of all other images.

Previous theoretical work has shown that neurons in the primary
visual cortex form an efficient code adapted to the statistics of natural
images16,17, but this says nothing about how neurons generalize across

1Computer Science Department & Center for the Neural Basis of Cognition, Carnegie Mellon University, Pittsburgh, PA 15213, USA. {Present address: Center for Neural Science, New
York University, New York, New York, USA (Y.K.); Electrical Engineering and Computer Science Department, Case Western University, Cleveland, Ohio, USA and Wissenschaftskolleg
(Institute for Advanced Study) zu Berlin, Germany (M.S.L.).

ba

c

Figure 1 | Statistical patterns distinguish local regions of natural scenes.
a, A natural scene with four distinct regions outlined (image courtesy of
E. Doi). b, The scatter plot shows the joint output of a pair of linear feature
detectors (oriented Gabor filters) for 20 3 20-image patches sampled from
the four regions. The outputs from different regions are highly overlapping,
indicating that linear features provide no means to distinguish between the
regions. c, Each column shows the joint output of a different pair of linear
feature detectors sampled from the regions containing the tree bark or the
tree edge (the first column corresponds to features in b). The correlations in
each panel can be described by a Gaussian distribution and its covariance
(ellipses). The differences in the distributions between the rows reveal
characteristic patterns in correlations, which become even more prominent
as projections onto more features are considered. These patterns can be used
to generalize within regions while still distinguishing among them. As an
example, we highlight two patches in each region, shown by the circle and
triangle in each panel. Although the pairs of images are visibly quite
different, each image is consistent with the distribution of the local image
region. By contrasting the distributions across multiple dimensions, it is
possible to infer image type for single patches, even if the patches have
similar projections along some image features.

doi:10.1038/nature07481

1
 ©2008 Macmillan Publishers Limited. All rights reserved

Image	taken	from:		
Emergence	of	complex	cell	properDes		
by	learning	to	generalize	in	natural	scenes.	
Karklin	and	Lewicki,	2009	 36 

Image taken from:  Emergence of complex cell properties by learning to generalize in natural scenes. Karklin and Lewicki, 2009 



Relationship to V1 
• When trained on natural image 

patches
⎯ the dictionary columns (‘‘atoms’’) look 

like edge detectors 

⎯ each atom is tuned to a particular 
position, orientation and spatial 
frequency 

⎯ V1 neurons in the mammalian brain 
have a similar behavior 

29Emergence of simple-cell receptive field properties by learning a sparse code of natural images. Olshausen and Field, 1996

Relationship to V1 
•  When trained on natural image patches 

Ø  the dictionary columns 
(‘‘atoms’’) look like edge 
detectors 

Ø  each atom is tuned to a 
particular position, 
orientation and spatial 
frequency 

Ø  V1 neurons in the 
mammalian brain have a 
similar behavior 

Emergence	of	simple-cell	recepDve	field	
properDes	by	learning	a	sparse	code	of	natural	
images.Olshausen	and	Field,	1996.	 37 



Relationship to V1 
• Suggests that the brain might be 

learning a sparse code of visual 
stimulus 

⎯ Since then, many other models have 
been shown to learn similar features

⎯ they usually all incorporate a notion of 
sparsity 

30Emergence of simple-cell receptive field properties by learning a sparse code of natural images. Olshausen and Field, 1996

Relationship to V1 
•  When trained on natural image patches 

Ø  the dictionary columns 
(‘‘atoms’’) look like edge 
detectors 

Ø  each atom is tuned to a 
particular position, 
orientation and spatial 
frequency 

Ø  V1 neurons in the 
mammalian brain have a 
similar behavior 

Emergence	of	simple-cell	recepDve	field	
properDes	by	learning	a	sparse	code	of	natural	
images.Olshausen	and	Field,	1996.	 37 



Interpreting Sparse Coding
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�(a)	

InterpreAng	Sparse	Coding	

x’	

Explicit	
Linear	
Decoding	

a	

�(x)	
Implicit	
nonlinear	
encoding	

x	

a	

• 	Sparse,	over-complete	representaAon	a.	
• 	Encoding	a	=	f(x)	is	implicit	and	nonlinear	funcAon	of	x.		
• 	ReconstrucAon	(or	decoding)	x’	=	g(a)	is	linear	and	explicit.		

Sparse	features	
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Interpreting Sparse Coding

• Sparse, over-complete representation a.

• Encoding a = f(x) is implicit and nonlinear function of x.

• Reconstruction (or decoding) x’ = g(a) is linear and explicit. 
32

�(a)	

InterpreAng	Sparse	Coding	

x’	

Explicit	
Linear	
Decoding	

a	

�(x)	
Implicit	
nonlinear	
encoding	

x	

a	

• 	Sparse,	over-complete	representaAon	a.	
• 	Encoding	a	=	f(x)	is	implicit	and	nonlinear	funcAon	of	x.		
• 	ReconstrucAon	(or	decoding)	x’	=	g(a)	is	linear	and	explicit.		

Sparse	features	

�(a)	

InterpreAng	Sparse	Coding	

x’	

Explicit	
Linear	
Decoding	

a	

�(x)	
Implicit	
nonlinear	
encoding	

x	

a	

• 	Sparse,	over-complete	representaAon	a.	
• 	Encoding	a	=	f(x)	is	implicit	and	nonlinear	funcAon	of	x.		
• 	ReconstrucAon	(or	decoding)	x’	=	g(a)	is	linear	and	explicit.		

Sparse	features	Sparse features

Explicit
Linear
Decoding

Implicit
Nonlinear
Encoding



Autoencoder
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Autoencoder	

Encoder Decoder 

Input Image 

Feature Representation 

Feed-back, 
generative, 
top-down 
path	

Feed-forward,  
bottom-up	

• 	Details	of	what	goes	insider	the	encoder	and	decoder	maler!	
• 	Need	constraints	to	avoid	learning	an	idenAty.		

Feed-back,
generative,
top-down

Feed-forward,
bottom-up



Autoencoder

• Details of what goes insider the encoder and decoder matter! 

• Need constraints to avoid learning an identity. 
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Autoencoder	

Encoder Decoder 

Input Image 

Feature Representation 

Feed-back, 
generative, 
top-down 
path	

Feed-forward,  
bottom-up	

• 	Details	of	what	goes	insider	the	encoder	and	decoder	maler!	
• 	Need	constraints	to	avoid	learning	an	idenAty.		

Feed-back,
generative,
top-down

Feed-forward,
bottom-up



Autoencoder
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Decoder
Filters D

Linear
function

Encoder
filters W

Sigmoid
function



Autoencoder
• Feed-forward neural network trained to reproduce its input at the 

output layer
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Autoencoders	
• 	Feed-forward	neural	network	trained	to	reproduce	its	input	at	the	output	
layer	

Autoencoders

Hugo Larochelle

Département d’informatique

Université de Sherbrooke

hugo.larochelle@usherbrooke.ca

October 16, 2012

Abstract

Math for my slides “Autoencoders”.

•

h(x) = g(a(x))

= sigm(b+Wx)

•

bx = o(ba(x))
= sigm(c+W⇤h(x))

• f(x) ⌘ bx l(f(x)) =
P

k(bxk � xk)2 l(f(x)) = �
P

k (xk log(bxk) + (1� xk) log(1� bxk))

1
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1

Encoder	

For	binary	units	

Decoder

Encoder

for binary units



Loss Function
• Loss function for binary inputs

⎯ Cross-entropy error function (reconstruction loss) 

• Loss function for real-valued inputs

⎯ sum of squared differences (reconstruction loss)
⎯we use a linear activation function at the output
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Loss Function 
•  Loss function for binary inputs 
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Département d’informatique
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⇣
rba(x(t))l(f(x

(t)))
⌘

ra(x(t))l(f(x
(t))) (=

⇣
rh(x(t))l(f(x

(t)))
⌘
� [. . . , h(x(t))j(1� h(x(t))j), . . . ]
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•  Loss function for real-valued inputs 

Ø  sum of squared differences (reconstruction loss) 

Ø  we use a linear activation function at the output 

Ø  Cross-entropy error function (reconstruction loss) 
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Autoencoder

• With nonlinear hidden units, we have a nonlinear generalization of PCA. 
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Autoencoder	
• 		If	the	hidden	and	output	layers	
are	linear,	it	will	learn	hidden	units	
that	are	a	linear	funcAon	of	the	data	
and	minimize	the	squared	error.	

• 	The	K	hidden	units	will	span	the	
same	space	as	the	first	k	principal	
components.	The	weight	vectors	
may	not	be	orthogonal.		

z=Wx Wz 

Input Image x 

 Linear Features z 

• 	With	nonlinear	hidden	units,	we	have	a	nonlinear	
generalizaAon	of	PCA.	

• If the hidden and output layers are 
linear, it will learn hidden units that 
are a linear function of the data and 
minimize the squared error. 

• The K hidden units will span the 
same space as the first k principal 
components. The weight vectors 
may not be orthogonal. 



Predictive Sparse Decomposition
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PredicAve	Sparse	DecomposiAon	

z=σ(Wx) Dz 

Real-valued Input x 

 Binary Features z 

Decoder 
filters D 
path	

Encoder 
filters W. 

Sigmoid 
function	

L1 Sparsity 

Encoder	Decoder	

At training 
time 
path	

(Kavukcuoglu, Ranzato, Fergus, LeCun, 2009)

Encoder
filters W

Sigmoid
function

Decoder
filters D

(Kavukcuoglu, Ranzato, Fergus, LeCun, 2009) 
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Stacked	Autoencoders	

Input x 

Features 

Encoder 

Features 

Class Labels 

Encoder 

Encoder 
• 	Remove	decoders	and	
use	feed-forward	part.		

• 	Standard,	or	
convoluAonal	neural	
network	architecture.		

• 	Parameters	can	be	
fine-tuned	using	
backpropagaAon.		

• Remove decoders and use 
feed-forward part. 
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Input x 

Features 

Encoder 

Features 

Class Labels 

Encoder 

Encoder 
• 	Remove	decoders	and	
use	feed-forward	part.		

• 	Standard,	or	
convoluAonal	neural	
network	architecture.		

• 	Parameters	can	be	
fine-tuned	using	
backpropagaAon.		

• Remove decoders and use 
feed-forward part. 

• Standard, or convolutional neural 
network architecture. 

• Parameters can be fine-tuned 
using backpropagation. 
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Deep Autoencoders
• 25x25 – 2000 – 1000 – 500 – 30 autoencoder to extract 30-D real-

valued codes for Oliver face patches. 

• Top: Random samples from the test dataset.
• Middle: Reconstructions by the 30-dimensional deep autoencoder. 
• Bottom: Reconstructions by the 30-dimensional PCA. 
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Learning the Distribution of Natural Data

Slide  adapted from Nal Kalchbrenner

• Fully visible belief networks [Frey et al.,1996] [Frey, 1998] 

• NADE/MADE [Larochelle and Murray, 2011] [Germain et al., 2015] 

• PixelRNN/PixelCNN (Images) [van den Oord, Kalchbrenner, Kavukcuoglu, 2016]
[van den Oord, Kalchbrenner, Vinyals, et al., 2016]

• Video Pixel Nets (Videos) [Kalchbrenner, van den Oord, Simonyan, et al., 2016]

• ByteNet (Language/seq2seq) [Kalchbrenner, Espeholt, Simonyan, et al., 2016]

• WaveNet (Audio) [van den Oord, Dieleman, Zen, et al., 2016]

p(x) =
Y

k

Y

j

Y

i

p(xi,j,k|x<)p(x) =
Y

j

Y

i

p(xi,j |x<)p(x) =
Y

i

p(xi|x<)

1D sequences such as text or sound 2D tensors such as images 3D tensors such as videos
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PixelCNN
Neural Image Model: Pixel RNN

P(                 )

Slide  adapted from Nal Kalchbrenner

• approach the generation process 
as sequence modeling problem

• an explicit density model
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Neural Image Model: Pixel RNN

P(                 )
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Neural Image Model: Pixel RNN

P(                 )

x1

xi

xn

xn2

By chain rule and using pixels as variables,

PixelCNN

Oord, Aaron van den, Nal Kalchbrenner, and Koray Kavukcuoglu. "Pixel recurrent neural networks.” 
arXiv preprint arXiv:1601.06759 (2016).

Idea: use masked convolutions to enforce the autoregressive relationship 

x1

xi

xn

xn2

Context 

xn2

p(xi | x<i)

0 255 1 1 1 1 1

1 1 1 1 1

1 1 0 0 0

0 0 0

0 0 0

0

0

0

0

Blind spot

Horizontal stack

Vertical stack

Figure 1: Left: A visualization of the PixelCNN that maps a neighborhood of pixels to prediction for
the next pixel. To generate pixel xi the model can only condition on the previously generated pixels
x1, . . . xi�1. Middle: an example matrix that is used to mask the 5x5 filters to make sure the model
cannot read pixels below (or strictly to the right) of the current pixel to make its predictions. Right:
Top: PixelCNNs have a blind spot in the receptive field that can not be used to make predictions.
Bottom: Two convolutional stacks (blue and purple) allow to capture the whole receptive field.

combine the strengths of both models by introducing a gated variant of PixelCNN (Gated PixelCNN)
that matches the log-likelihood of PixelRNN on both CIFAR and ImageNet, while requiring less than
half the training time.

We also introduce a conditional variant of the Gated PixelCNN (Conditional PixelCNN) that allows
us to model the complex conditional distributions of natural images given a latent vector embedding.
We show that a single Conditional PixelCNN model can be used to generate images from diverse
classes such as dogs, lawn mowers and coral reefs, by simply conditioning on a one-hot encoding
of the class. Similarly one can use embeddings that capture high level information of an image to
generate a large variety of images with similar features. This gives us insight into the invariances
encoded in the embeddings — e.g., we can generate different poses of the same person based on a
single image. The same framework can also be used to analyse and interpret different layers and
activations in deep neural networks.

2 Gated PixelCNN

PixelCNNs (and PixelRNNs) [30] model the joint distribution of pixels over an image x as the
following product of conditional distributions, where xi is a single pixel:

p(x) =
n2Y

i=1

p(xi|x1, ..., xi�1). (1)

The ordering of the pixel dependencies is in raster scan order: row by row and pixel by pixel within
every row. Every pixel therefore depends on all the pixels above and to the left of it, and not on any
of other pixels. The dependency field of a pixel is visualized in Figure 1 (left).

A similar setup has been used by other autoregressive models such as NADE [14] and RIDE [26].
The difference lies in the way the conditional distributions p(xi|x1, ..., xi�1) are constructed. In
PixelCNN every conditional distribution is modelled by a convolutional neural network. To make
sure the CNN can only use information about pixels above and to the left of the current pixel, the
filters of the convolution are masked as shown in Figure 1 (middle). For each pixel the three colour
channels (R, G, B) are modelled successively, with B conditioned on (R, G), and G conditioned on R.
This is achieved by splitting the feature maps at every layer of the network into three and adjusting the
centre values of the mask tensors. The 256 possible values for each colour channel are then modelled
using a softmax.

PixelCNN typically consists of a stack of masked convolutional layers that takes an N x N x 3 image
as input and produces N x N x 3 x 256 predictions as output. The use of convolutions allows the
predictions for all the pixels to be made in parallel during training (all conditional distributions from
Equation 1). During sampling the predictions are sequential: every time a pixel is predicted, it is

2
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PixelCNN

PixelCNN

van den Oord, Aaron, et al. "Conditional image generation with PixelCNN decoders.” 
Advances in Neural Information Processing Systems. 2016.
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Use a stack of masked convolutions

Training can be parallelized, though generation is still a sequential operation over pixelsSlide  adapted from Nal Kalchbrenner

use masked convolutions 
to enforce the 
autoregressive 
relationship 

Neural Image Model: Pixel RNN

P(                 )

x1

xi

xn

xn2

77



PixelCNN

Neural Image Model: Pixel RNN

P(                 )

x1

xi

xn

xn2

use masked convolutions 
to enforce the 
autoregressive 
relationship 

Slide  adapted from Nal Kalchbrenner

Mask B

Mask A

Pixel Recurrent Neural Networks

In the literature it is currently best practice to add real-
valued noise to the pixel values to dequantize the data when
using density functions (Uria et al., 2013). When uniform
noise is added (with values in the interval [0, 1]), then the
log-likelihoods of continuous and discrete models are di-
rectly comparable (Theis et al., 2015). In our case, we can
use the values from the discrete distribution as a piecewise-
uniform continuous function that has a constant value for
every interval [i, i + 1], i = 1, 2, . . . 256. This correspond-
ing distribution will have the same log-likelihood (on data
with added noise) as the original discrete distribution (on
discrete data).

For MNIST we report the negative log-likelihood in nats
as it is common practice in literature. For CIFAR-10 and
ImageNet we report negative log-likelihoods in bits per di-
mension. The total discrete log-likelihood is normalized by
the dimensionality of the images (e.g., 32⇥ 32⇥ 3 = 3072
for CIFAR-10). These numbers are interpretable as the
number of bits that a compression scheme based on this
model would need to compress every RGB color value
(van den Oord & Schrauwen, 2014b; Theis et al., 2015);
in practice there is also a small overhead due to arithmetic
coding.

5.2. Training Details

Our models are trained on GPUs using the Torch toolbox.
From the different parameter update rules tried, RMSProp
gives best convergence performance and is used for all ex-
periments. The learning rate schedules were manually set
for every dataset to the highest values that allowed fast con-
vergence. The batch sizes also vary for different datasets.
For smaller datasets such as MNIST and CIFAR-10 we use
smaller batch sizes of 16 images as this seems to regularize
the models. For ImageNet we use as large a batch size as
allowed by the GPU memory; this corresponds to 64 im-
ages/batch for 32 ⇥ 32 ImageNet, and 32 images/batch for
64 ⇥ 64 ImageNet. Apart from scaling and centering the
images at the input of the network, we don’t use any other
preprocessing or augmentation. For the multinomial loss
function we use the raw pixel color values as categories.
For all the PixelRNN models, we learn the initial recurrent
state of the network.

5.3. Discrete Softmax Distribution

Apart from being intuitive and easy to implement, we find
that using a softmax on discrete pixel values instead of a
mixture density approach on continuous pixel values gives
better results. For the Row LSTM model with a softmax
output distribution we obtain 3.06 bits/dim on the CIFAR-
10 validation set. For the same model with a Mixture of
Conditional Gaussian Scale Mixtures (MCGSM) (Theis &
Bethge, 2015) we obtain 3.22 bits/dim.

In Figure 6 we show a few softmax activations from the
model. Although we don’t embed prior information about
the meaning or relations of the 256 color categories, e.g.
that pixel values 51 and 52 are neighbors, the distributions
predicted by the model are meaningful and can be multi-
modal, skewed, peaked or long tailed. Also note that values
0 and 255 often get a much higher probability as they are
more frequent. Another advantage of the discrete distribu-
tion is that we do not worry about parts of the distribution
mass lying outside the interval [0, 255], which is something
that typically happens with continuous distributions.

 0  50  100  150  200  250  0  50  100  150  200  250

 0  50  100  150  200  250  0  50  100  150  200  250

 0                                                                               255

0                                                                            255 0                                                                               255  0                                                                               255

 0                                                                               255

Figure 6. Example softmax activations from the model. The top
left shows the distribution of the first pixel red value (first value
to sample).

5.4. Residual Connections

Another core component of the networks is residual con-
nections. In Table 2 we show the results of having residual
connections, having standard skip connections or having
both, in the 12-layer CIFAR-10 Row LSTM model. We
see that using residual connections is as effective as using
skip connections; using both is also effective and preserves
the advantage.

No skip Skip

No residual: 3.22 3.09
Residual: 3.07 3.06

Table 2. Effect of residual and skip connections in the Row LSTM
network evaluated on the Cifar-10 validation set in bits/dim.

When using both the residual and skip connections, we see
in Table 3 that performance of the Row LSTM improves
with increased depth. This holds for up to the 12 LSTM
layers that we tried.

PixelCNN

Oord, Aaron van den, Nal Kalchbrenner, and Koray Kavukcuoglu. "Pixel recurrent neural networks.”arXiv preprint arXiv:1601.06759 (2016).
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From the different parameter update rules tried, RMSProp
gives best convergence performance and is used for all ex-
periments. The learning rate schedules were manually set
for every dataset to the highest values that allowed fast con-
vergence. The batch sizes also vary for different datasets.
For smaller datasets such as MNIST and CIFAR-10 we use
smaller batch sizes of 16 images as this seems to regularize
the models. For ImageNet we use as large a batch size as
allowed by the GPU memory; this corresponds to 64 im-
ages/batch for 32 ⇥ 32 ImageNet, and 32 images/batch for
64 ⇥ 64 ImageNet. Apart from scaling and centering the
images at the input of the network, we don’t use any other
preprocessing or augmentation. For the multinomial loss
function we use the raw pixel color values as categories.
For all the PixelRNN models, we learn the initial recurrent
state of the network.

5.3. Discrete Softmax Distribution

Apart from being intuitive and easy to implement, we find
that using a softmax on discrete pixel values instead of a
mixture density approach on continuous pixel values gives
better results. For the Row LSTM model with a softmax
output distribution we obtain 3.06 bits/dim on the CIFAR-
10 validation set. For the same model with a Mixture of
Conditional Gaussian Scale Mixtures (MCGSM) (Theis &
Bethge, 2015) we obtain 3.22 bits/dim.

In Figure 6 we show a few softmax activations from the
model. Although we don’t embed prior information about
the meaning or relations of the 256 color categories, e.g.
that pixel values 51 and 52 are neighbors, the distributions
predicted by the model are meaningful and can be multi-
modal, skewed, peaked or long tailed. Also note that values
0 and 255 often get a much higher probability as they are
more frequent. Another advantage of the discrete distribu-
tion is that we do not worry about parts of the distribution
mass lying outside the interval [0, 255], which is something
that typically happens with continuous distributions.

 0  50  100  150  200  250  0  50  100  150  200  250

 0  50  100  150  200  250  0  50  100  150  200  250

 0                                                                               255

0                                                                            255 0                                                                               255  0                                                                               255

 0                                                                               255

Figure 6. Example softmax activations from the model. The top
left shows the distribution of the first pixel red value (first value
to sample).

5.4. Residual Connections

Another core component of the networks is residual con-
nections. In Table 2 we show the results of having residual
connections, having standard skip connections or having
both, in the 12-layer CIFAR-10 Row LSTM model. We
see that using residual connections is as effective as using
skip connections; using both is also effective and preserves
the advantage.

No skip Skip

No residual: 3.22 3.09
Residual: 3.07 3.06

Table 2. Effect of residual and skip connections in the Row LSTM
network evaluated on the Cifar-10 validation set in bits/dim.

When using both the residual and skip connections, we see
in Table 3 that performance of the Row LSTM improves
with increased depth. This holds for up to the 12 LSTM
layers that we tried.

PixelCNN

Oord, Aaron van den, Nal Kalchbrenner, and Koray Kavukcuoglu. "Pixel recurrent neural networks.”arXiv preprint arXiv:1601.06759 (2016).

p(xi | x<i) = p(xi,R | x<i)p(xi,G | xi,R,x<i)p(xi,B | xi,R, xi,G,x<i)

autoregressive over color channels
R G B

R G B

R G B
Mask A

Mask B

Context

8-bits pixel values (multinoulli distribution)
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PixelCNN

Slide  adapted from Aaron Courville

PixelCNN

Oord, Aaron van den, Nal Kalchbrenner, and Koray Kavukcuoglu. "Pixel recurrent neural networks.” 
arXiv preprint arXiv:1601.06759 (2016).

PixelCNN Row LSTM Diagonal BiLSTMmasked convolution

only depends on pixel 
above and to the left

composing multiple 
layers increases the 

context size

9

composing multiple 
layers increases the 
context size

only depends on pixel
above and to the left

masked convolution

Multiple layers of masked convolutions
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Topics: CIFAR-10

• Samples from a class-conditioned PixelCNN

Samples from PixelCNNEXPERIMENTAL RESULTS
38

Topics: CIFAR-10
• Samples from a class-conditional PixelCNN

Conditional Image Generation with PixelCNN Decoders 
van den Oord, Kalchbrenner, Vinyals, Espeholt, Graves, Kavukcuoglu, NIPS 2016

African elephant Coral Reef

Sandbar Sorrel horse

Lhasa Apso (dog) Lawn mower

Brown bear Robin (bird)

Figure 3: Class-Conditional samples from the Conditional PixelCNN.

Figure 4: Left: source image. Right: new portraits generated from high-level latent representation.

Figure 5: Linear interpolations in the embedding space decoded by the PixelCNN. Embeddings from
leftmost and rightmost images are used for endpoints of the interpolation.

7

Slide  credit: Nal Kalchbrenner 80



Topics: CIFAR-10

• Samples from a class-conditioned PixelCNN

Samples from PixelCNN

Slide  credit: Nal Kalchbrenner 81



Topics: CIFAR-10

• Samples from a class-conditioned PixelCNN

Samples from PixelCNNEXPERIMENTAL RESULTS
40

Topics: CIFAR-10
• Samples from a class-conditional PixelCNN

Conditional Image Generation with PixelCNN Decoders 
van den Oord, Kalchbrenner, Vinyals, Espeholt, Graves, Kavukcuoglu, NIPS 2016

African elephant Coral Reef

Sandbar Sorrel horse

Lhasa Apso (dog) Lawn mower

Brown bear Robin (bird)

Figure 3: Class-Conditional samples from the Conditional PixelCNN.

Figure 4: Left: source image. Right: new portraits generated from high-level latent representation.

Figure 5: Linear interpolations in the embedding space decoded by the PixelCNN. Embeddings from
leftmost and rightmost images are used for endpoints of the interpolation.

7

Slide  credit: Nal Kalchbrenner 82



Autoregressive Models
• Explicitly model conditional probabilities:

Advantages:
• pmodel(x) is tractable (easy to train and sample)

Disadvantages:
• Generation can be too costly
• Generation can not be controlled 

by a latent code PixelCNN elephants
(van den Ord et al. 2016)

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

1

Slide adapted from Ian Goodfellow

Each conditional can be 
a complicated neural net

Neural Image Model: Pixel RNN

P(                 )

x1

xi

xn

xn2

83



Variational Autoencoders
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Traditional Autoencoders
• In traditional autoencoders, we can think of encoder and decoders as 

some function mapping.  

85

Encoder Decoderz

!" = $(&)& = ℎ(")



Variational Autoencoders
• To go to variational autoencoders, we need to first add some 

stochasticity and think of it as a probabilistic modeling. 

86

Encoder Decoderz



Variational Autoencoders
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Decoder
!(#$|&)z

Sample from g(z) 
e.g. Standard 

Gaussian

& ∼ *(&) !" = $(&) !" ∼ +("|&)



Variational Autoencoders
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Encoder z

Encoder

!!

!"

Consider this 
to be the mean 
of a normal !

Consider this to 
be the std of a 
normal "

Randomly 
chosen value

Latent value, z

Traditional AE 

Decoder

Variational AE 



Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Latent Variable Models 
• Variational Autoencoder (VAE) model [Kingma and Welling, 2014] [Rezende et al., 

2014]

Latent Variable Models
• The Variational Autoencoder model: 

- Kingma and Welling, Auto-Encoding Variational Bayes, International Conference on Learning 
Representations (ICLR) 2014. 

- Rezende, Mohamed and Wierstra, Stochastic back-propagation and variational inference in deep 
latent Gaussian models. ICML 2014.

z2

z1 x1
x3

x2

g

Image from: Ward, A. D., Hamarneh, G.: 3D Surface Parameterization Using Manifold Learning for Medial Shape Representation, Conference on Image Processing, Proc. of SPIE Medical Imaging, 2007 19Image credit: Ward and Hamarneh Slide  credit: Aaron Courville

p✓(x) =

Z
p✓(z)p✓(x|z)dz z: latent variable

x: observed data
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Latent Variable Models Latent Variable Models

(a) Learned Frey Face manifold (b) Learned MNIST manifold

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

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

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

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

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

⇥
q�(z) log p(z) dz =

⇥
N (z;µ,⇥2) logN (z;0, I) dz

= �J

2
log(2�)� 1

2

J�

j=1

(µ2
j + ⇥2

j )

10

z2

z1

MNIST:

(a) Learned Frey Face manifold (b) Learned MNIST manifold

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

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

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

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

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

⇥
q�(z) log p(z) dz =

⇥
N (z;µ,⇥2) logN (z;0, I) dz

= �J

2
log(2�)� 1

2
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Latent Variable Models
• The Variational Autoencoder model: 

- Kingma and Welling, Auto-Encoding Variational Bayes, International Conference on Learning 
Representations (ICLR) 2014. 

- Rezende, Mohamed and Wierstra, Stochastic back-propagation and variational inference in deep 
latent Gaussian models. ICML 2014.
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z1 x1
x3

x2

g

Image from: Ward, A. D., Hamarneh, G.: 3D Surface Parameterization Using Manifold Learning for Medial Shape Representation, Conference on Image Processing, Proc. of SPIE Medical Imaging, 2007 19

Slide  credit: Aaron Courville 93



Latent Variable Models 

Latent Variable Models
• The Variational Autoencoder model: 

- Kingma and Welling, Auto-Encoding Variational Bayes, International Conference on Learning 
Representations (ICLR) 2014. 

- Rezende, Mohamed and Wierstra, Stochastic back-propagation and variational inference in deep 
latent Gaussian models. ICML 2014.
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Image from: Ward, A. D., Hamarneh, G.: 3D Surface Parameterization Using Manifold Learning for Medial Shape Representation, Conference on Image Processing, Proc. of SPIE Medical Imaging, 2007 19

Image credit: 
Ward and Hamarneh

Latent Variable Models

Image from: Ward, A. D., Hamarneh, G.: 3D Surface Parameterization Using Manifold Learning for Medial Shape Representation, Conference on Image Processing, Proc. of SPIE Medical Imaging, 2007

z2

z1 x1
x3

x2

g

• latent variable model:  learn a mapping from some latent variable z to a complicated 
distribution on x. 

• Can we learn to decouple the true explanatory factors underlying the data distribution? 
E.g. separate identity and expression in face images

p(z) = something simple

p(x) =

!
p(x, z) dz where p(x, z) = p(x | z)p(z)

p(x | z) = g(z)

z :

x :

g(z):

22

Slide credit: 
Aaron Courville

• learn a mapping from some latent variable z to a complicated distribution on x.

• Can we learn to decouple the true explanatory factors underlying the data 
distribution? e.g. separate identity and expression in face images

Latent Variable Models

Image from: Ward, A. D., Hamarneh, G.: 3D Surface Parameterization Using Manifold Learning for Medial Shape Representation, Conference on Image Processing, Proc. of SPIE Medical Imaging, 2007

z2

z1 x1
x3

x2

g

• latent variable model:  learn a mapping from some latent variable z to a complicated 
distribution on x. 

• Can we learn to decouple the true explanatory factors underlying the data distribution? 
E.g. separate identity and expression in face images

p(z) = something simple

p(x) =

!
p(x, z) dz where p(x, z) = p(x | z)p(z)

p(x | z) = g(z)

21
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Separability in Variational Autoencoders
• Separability is not only between classes but 

we also want similar items in the same class 
to be near each other. 

• For example, there are different ways of 
writing “2”, we want similar styles to end up 
near each other. 

• Let’s examine VAE, there is something 
magic happening once we add stochasticity 
in the latent space. 
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Blending Latent Variables
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Separability in Variational Autoencoders

101

Latent Space

Mean µ

SD σ

D
E

C
O

D
E

R
E

N
C

O
D

E
R

Train with the first sample (a “2”) again and find #!, %!. However z! ∼ )(#!, %!)
will not be the same. It can happen to be close to the “3” in latent space. 



Separability in Variational Autoencoders
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Latent space  starts to 
re-organize

Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Training
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#! #"

µ

"

$" #"
Encoder Decoder

Training means learning #% and #&. 
• Define a loss function ℒ
• Use stochastic gradient descent (or Adam) to minimize  ℒ

The Loss function: 
• Reconstruction error: ℒ! = "

#∑$ $$ − &$$ %

• Similarity between the probability of z given x, p ( $ , and some predefined probability 
distribution p(z), which can be computed by Kullback-Leibler divergence (KL): 
,-(.((|$)||. ( )



Gaussian VAEs 2013

110

Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]

2

Sample and compute

Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]

2

[Alec Radford]



Vector Quantized VAEs (VQ-VAE) 2019
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VQ-VAE-2, Razavi et al., NeurIPS 2019



Vector Quantized VAEs (VQ-VAE) 2019

112

VQ-VAE-2, Razavi et al., NeurIPS 2019
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Generative Adversarial Networks



Generative Adversarial Networks (GANs)

• A game between a generator              and a discriminator      
§ Generator tries to fool discriminator (i.e. generate realistic samples)

§ Discriminator tries to distinguish fake from real samples

Noise

D!

{x1, . . . ,xn} ⇠ pdata

G✓(z) D!(x)

Generator 

z
G✓

xfake

Discriminator fake

real

(Goodfellow et al., 2014)

xreal
Training 

data 
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Intuition behind GANs

xreal

D!

xfake G✓

: Discriminator (Art Critic)

: Generator (Forger)
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GAN Training: Minimax Game

min
✓

max
!

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

Real data Noise vector used to 
generate data

(Goodfellow 2016)

Minimax Game

-Equilibrium is a saddle point of the discriminator loss 
-Resembles Jensen-Shannon divergence 
-Generator minimizes the log-probability of the discriminator 
being correct

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

Change of variables

y = g(x) ) px(x) = py(g(x))

����det
✓
@g(x)

@x

◆����

Variational bound

log p(x) � log p(x)�DKL (q(z)kp(z | x))(1)

=Ez⇠q log p(x, z) +H(q)(2)

Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)

Z =
X

x

X

z

exp (�E(x, z))(4)

Generator equation
x = G(z;✓(G))

Minimax

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

1

(Goodfellow 2016)

Non-Saturating Game

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

Change of variables

y = g(x) ) px(x) = py(g(x))

����det
✓
@g(x)

@x

◆����

Variational bound

log p(x) � log p(x)�DKL (q(z)kp(z | x))(1)

=Ez⇠q log p(x, z) +H(q)(2)

Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)

Z =
X

x

X

z

exp (�E(x, z))(4)

Generator equation
x = G(z;✓(G))

Minimax

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

Non-saturating

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(7)

J
(G) = �1

2
Ez logD (G(z))(8)

1

-Equilibrium no longer describable with a single loss 
-Generator maximizes the log-probability of the discriminator 
being mistaken 
-Heuristically motivated; generator can still learn even when 
discriminator successfully rejects all generator samples

(Goodfellow et al., 2014)

Cross-entropy 
loss for binary 
classification

Generator maximizes the log-probability 
of the discriminator being mistaken 

• Equilibrium of the game
• Minimizes the Jensen-Shannon divergence
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Real data Noise vector used to 
generate data

(Goodfellow 2016)
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Non-Saturating Game
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Ex⇠pdata log pmodel(x | ✓)
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pmodel(xi | x1, . . . , xi�1)

Change of variables
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1

-Equilibrium no longer describable with a single loss 
-Generator maximizes the log-probability of the discriminator 
being mistaken 
-Heuristically motivated; generator can still learn even when 
discriminator successfully rejects all generator samples

(Goodfellow et al., 2014)

Cross-entropy 
loss for binary 
classification

Generator maximizes the log-probability 
of the discriminator being mistaken 

• Equilibrium of the game
• Minimizes the Jensen-Shannon divergence

Important question is 
“Does this converge??”
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Training Procedure

Source: Alec Radford

Generating 1D points

(Goodfellow et al., 2014)

Generating images

Source: OpenAI blog
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Training Procedure
•Use SGD on two minibatches simultaneously:

§A minibatch of training examples 

§A minibatch of generated samples 

(Goodfellow et al., 2014)

. . .

(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
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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
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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
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Training Procedure

Noise

D!

{x1, . . . ,xn} ⇠ pdata

Generator 

z
G✓

xfake

Discriminator fake

real

xreal
Training 

data 

• Updating the discriminator: 

update the discriminator weights using 
backprop on the classification objective

OR
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Training Procedure

Noise D!

Generator 

z
G✓

xfake
Discriminator fake

real

• Updating the generator: 

update the generator weights using 
backprop

flip the sign of 
the derivatives

backprop the derivatives, but don't 
modify the discriminator weights

121



Results

a) b)

c) d)

Figure 2: Visualization of samples from the model. Rightmost column shows the nearest training example of
the neighboring sample, in order to demonstrate that the model has not memorized the training set. Samples
are fair random draws, not cherry-picked. Unlike most other visualizations of deep generative models, these
images show actual samples from the model distributions, not conditional means given samples of hidden units.
Moreover, these samples are uncorrelated because the sampling process does not depend on Markov chain
mixing. a) MNIST b) TFD c) CIFAR-10 (fully connected model) d) CIFAR-10 (convolutional discriminator
and “deconvolutional” generator)

Figure 3: Digits obtained by linearly interpolating between coordinates in z space of the full model.

1. A conditional generative model p(x | c) can be obtained by adding c as input to both G and D.
2. Learned approximate inference can be performed by training an auxiliary network to predict z

given x. This is similar to the inference net trained by the wake-sleep algorithm [15] but with
the advantage that the inference net may be trained for a fixed generator net after the generator
net has finished training.

3. One can approximately model all conditionals p(xS | x 6S) where S is a subset of the indices
of x by training a family of conditional models that share parameters. Essentially, one can use
adversarial nets to implement a stochastic extension of the deterministic MP-DBM [10].

4. Semi-supervised learning: features from the discriminator or inference net could improve perfor-
mance of classifiers when limited labeled data is available.

5. Efficiency improvements: training could be accelerated greatly by devising better methods for
coordinating G and D or determining better distributions to sample z from during training.

This paper has demonstrated the viability of the adversarial modeling framework, suggesting that
these research directions could prove useful.
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MNIST samples TFD samples

CIFAR10 samples CIFAR10 samples
(fully-connected model) (convolutional discriminator, 

deconvolutional generator)

(Goodfellow et al., 2014)

• The generator uses 
a mixture of rectifier 
linear activations 
and/or sigmoid 
activations
• The discriminator 

net used maxout
activations. 
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Deep Convolutional GANs (DCGAN)

• No fully connected layers
• Batch Normalization

(Ioffe and Szegedy, 2015)

• Leaky Rectifier in D

• Use Adam (Kingma and Ba, 2015)

• Tweak Adam hyperparameters a bit 
(lr=0.0002, b1=0.5)

• Idea: Tricks to make GAN training more stable
(Radford et al., 2015)
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DCGAN for LSUN Bedrooms (Radford et al., 2015)
64!64 pixels 
~3M images
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Walking 
over the 
latent space

125

(Radford et al., 2015)

• Interpolation 
suggests 
non-overfitting 
behavior
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Walking over the latent space
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(Radford et al., 2015)
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Vector Space Arithmetic

127

(Radford et al., 2015)

man 
with glasses

man 
without glasses

woman 
without glasses woman with glasses
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Vector Space Arithmetic

128

(Radford et al., 2015)

smiling woman neutral 
woman

neutral 
man smiling man

128



Subclasses of GANs

Image: Christopher Olah 129



Vanilla GAN (Goodfellow et al., 2014)

DCGAN (Radford et al., 2015)
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Conditional GAN

• Add conditional variables y into G and D

(Mirza and Osindero, 2014)

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

Conditional GAN 

 

Mirza and Osindero 2016 

0 1 0 0 0 0 0 0 0 0 
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Auxiliary Classifier GAN
• Every generated sample has a corresponding 

class label

•D is trained to maximize LS + LC
•G is trained to maximize LC − LS

• Learns a representation for z that is 
independent of class label 

(Odena et al., 2016)

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

LC = E[logP (C = c | Xreal)] + E[logP (C = c | Xfake)]
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Auxiliary Classifier GANUnder review as a conference paper at ICLR 2017

monarch butterfly goldfinch daisy grey whaleredshank

Figure 1: 128⇥128 resolution samples from 5 classes taken from an AC-GAN trained on the ImageNet dataset.
Note that the classes shown have been selected to highlight the success of the model and are not representative.
Samples from all ImageNet classes are in the Appendix.

In this work we demonstrate that that adding more structure to the GAN latent space along with
a specialized cost function results in higher quality samples. We exhibit 128 ⇥ 128 pixel samples
from all classes of the ImageNet dataset (Russakovsky et al., 2015) with increased global coherence
(Figure 1). Importantly, we demonstrate quantitatively that our high resolution samples are not just
naive resizings of low resolution samples. In particular, downsampling our 128 ⇥ 128 samples
to 32 ⇥ 32 leads to a 50% decrease in visual discriminability. We also introduce a new metric
for assessing the variability across image samples and employ this metric to demonstrate that our
synthesized images exhibit diversity comparable to training data for a large fraction (84.7%) of
ImageNet classes.

2 BACKGROUND

A generative adversarial network (GAN) consists of two neural networks trained in opposition to
one another. The generator G takes as input a random noise vector z and outputs an image Xfake =
G(z). The discriminator D receives as input either a training image or a synthesized image from
the generator and outputs a probability distribution P (S |X) = D(X) over possible image sources.
The discriminator is trained to maximize the log-likelihood it assigns to the correct source:

L = E[logP (S = real | Xreal)] + E[logP (S = fake | Xfake)]

The generator is trained to minimize that same quantity.

The basic GAN framework can be augmented using side information. One strategy is to supply
both the generator and discriminator with class labels in order to produce class conditional samples
(Mirza & Osindero, 2014). Class conditional synthesis can significantly improve the quality of
generated samples (van den Oord et al., 2016b). Richer side information such as image captions and
bounding box localizations may improve sample quality further (Reed et al., 2016a;b).

Instead of feeding side information to the discriminator, one can task the discriminator with re-
constructing side information. This is done by modifying the discriminator to contain an auxiliary
decoder network1 that outputs the class label for the training data (Odena, 2016; Salimans et al.,
2016) or a subset of the latent variables from which the samples are generated (Chen et al., 2016).
Forcing a model to perform additional tasks is known to improve performance on the original task
(e.g. Sutskever et al. (2014); Szegedy et al. (2014); Ramsundar et al. (2016)). In addition, an auxil-
iary decoder could leverage pre-trained discriminators (e.g. image classifiers) for further improving
the synthesized images (Nguyen et al., 2016). Motivated by these considerations, we introduce a
model that combines both strategies for leveraging side information. That is, the model proposed
below is class conditional, but with an auxiliary decoder that is tasked with reconstructing class
labels.

2

128!128 resolution samples from 5 classes taken from an AC-GAN 
trained on the ImageNet

(Odena et al., 2016)
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Bidirectional GAN
• Jointly learns a generator network and an 

inference network using an adversarial 
process.

(Donahue et al., 2016; Dumoulin et al., 2016)

Published as a conference paper at ICLR 2017

x ⇠ q(x)

ẑ ⇠ q(z | x)

D(x, z)

x̃ ⇠ p(x | z)

z ⇠ p(z)

G
z
(x

) G
x
(z

)

(x, ẑ) (x̃, z)

Figure 1: The adversarially learned inference (ALI) game.

2015; Lamb et al., 2016; Dosovitskiy & Brox, 2016). While this is certainly a promising research
direction, VAE-GAN hybrids tend to manifest a compromise of the strengths and weaknesses of both
approaches.

In this paper, we propose a novel approach to integrate efficient inference within the GAN framework.
Our approach, called Adversarially Learned Inference (ALI), casts the learning of both an inference
machine (or encoder) and a deep directed generative model (or decoder) in an GAN-like adversarial
framework. A discriminator is trained to discriminate joint samples of the data and the corresponding
latent variable from the encoder (or approximate posterior) from joint samples from the decoder while
in opposition, the encoder and the decoder are trained together to fool the discriminator. Not only are
we asking the discriminator to distinguish synthetic samples from real data, but we are requiring it to
distinguish between two joint distributions over the data space and the latent variables.

With experiments on the Street View House Numbers (SVHN) dataset (Netzer et al., 2011), the
CIFAR-10 object recognition dataset (Krizhevsky & Hinton, 2009), the CelebA face dataset (Liu
et al., 2015) and a downsampled version of the ImageNet dataset (Russakovsky et al., 2015), we show
qualitatively that we maintain the high sample fidelity associated with the GAN framework, while
gaining the ability to perform efficient inference. We show that the learned representation is useful
for auxiliary tasks by achieving results competitive with the state-of-the-art on the semi-supervised
SVHN and CIFAR10 tasks.

2 ADVERSARIALLY LEARNED INFERENCE

Consider the two following probability distributions over x and z:

• the encoder joint distribution q(x, z) = q(x)q(z | x),
• the decoder joint distribution p(x, z) = p(z)p(x | z).

These two distributions have marginals that are known to us: the encoder marginal q(x) is the
empirical data distribution and the decoder marginal p(z) is usually defined to be a simple, factorized
distribution, such as the standard Normal distribution p(z) = N (0, I). As such, the generative
process between q(x, z) and p(x, z) is reversed.

ALI’s objective is to match the two joint distributions. If this is achieved, then we are ensured that all
marginals match and all conditional distributions also match. In particular, we are assured that the
conditional q(z | x) matches the posterior p(z | x).
In order to match the joint distributions, an adversarial game is played. Joint pairs (x, z) are drawn
either from q(x, z) or p(x, z), and a discriminator network learns to discriminate between the two,
while the encoder and decoder networks are trained to fool the discriminator.

The value function describing the game is given by:
min
G

max
D

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

=

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

+

ZZ
p(z)p(x | z) log(1�D(x, z))dxdz.

(1)

2

Published as a conference paper at ICLR 2017

(a) SVHN samples. (b) SVHN reconstructions.

Figure 2: Samples and reconstructions on the SVHN dataset. For the reconstructions, odd columns
are original samples from the validation set and even columns are corresponding reconstructions (e.g.,
second column contains reconstructions of the first column’s validation set samples).

(a) CelebA samples. (b) CelebA reconstructions.

Figure 3: Samples and reconstructions on the CelebA dataset. For the reconstructions, odd columns
are original samples from the validation set and even columns are corresponding reconstructions.

(a) CIFAR10 samples. (b) CIFAR10 reconstructions.

Figure 4: Samples and reconstructions on the CIFAR10 dataset. For the reconstructions, odd columns
are original samples from the validation set and even columns are corresponding reconstructions.

5

CelebA reconstructions
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Bidirectional GAN

135

(Donahue et al., 2016; 

Dumoulin et al., 2016)PixelVAE: not so bad!

LSUN bedroom scenes ImageNet (small)

LSUN bedrooms Tiny ImageNet
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Wasserstein GAN
• Objective based on Earth-Mover or Wassertein distance:

• Provides nice gradients over real and fake samples

(Arjovsky et al., 2016)

W
G

A
N

D
C

G
A

N

min
✓

max
!

Ex⇠pdata [D!(x)]� Ez⇠pz [D!(G✓(z))]
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Wasserstein GAN
• Wasserstein loss seems to correlate well with image quality.

(Arjovsky et al., 2016)

Figure 3: Training curves and samples at di↵erent stages of training. We can see a clear

correlation between lower error and better sample quality. Upper left: the generator is an

MLP with 4 hidden layers and 512 units at each layer. The loss decreases constistently as

training progresses and sample quality increases. Upper right: the generator is a standard

DCGAN. The loss decreases quickly and sample quality increases as well. In both upper

plots the critic is a DCGAN without the sigmoid so losses can be subjected to comparison.

Lower half: both the generator and the discriminator are MLPs with substantially high

learning rates (so training failed). Loss is constant and samples are constant as well. The

training curves were passed through a median filter for visualization purposes.

4.2 Meaningful loss metric

Because the WGAN algorithm attempts to train the critic f (lines 2–8 in Algo-
rithm 1) relatively well before each generator update (line 10 in Algorithm 1), the
loss function at this point is an estimate of the EM distance, up to constant factors
related to the way we constrain the Lipschitz constant of f .

Our first experiment illustrates how this estimate correlates well with the quality
of the generated samples. Besides the convolutional DCGAN architecture, we also
ran experiments where we replace the generator or both the generator and the critic
by 4-layer ReLU-MLP with 512 hidden units.

Figure 3 plots the evolution of the WGAN estimate (3) of the EM distance
during WGAN training for all three architectures. The plots clearly show that
these curves correlate well with the visual quality of the generated samples.

To our knowledge, this is the first time in GAN literature that such a property is
shown, where the loss of the GAN shows properties of convergence. This property is
extremely useful when doing research in adversarial networks as one does not need
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Least Squares GAN (LSGAN)
• Use a loss function that provides smooth and non-saturating gradient in 

discriminator D

(Mao et al., 2017)

Decision boundaries of Sigmoid & 
Least Squares loss functions

Sigmoid decision boundary Least Squares decision boundary
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Least Squares GAN (LSGAN) (Mao et al., 2017)
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Progressive GANs
• Progressively generate high-

res images

• Multi-step training from low
to high resolutions

(Karras et al., 2018)
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Progressive GANs(Karras et al., 2018)

• Training 
process
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CelebA-HQ
random interpolations

Progressive GANs (Karras et al., 2018)
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BigGANs
High resolution, class-conditional samples generated by the model

• BigGANs trained with 2-4x as many parameters and 8x the batch size compared to prior art.

• Uses Gaussian truncation to sample z (avoid sampling from the tail of the Gaussian distribution)

• Uses multiple other tricks including multiple regularizations including a Gradient penalty 
regularization and an Orthogonal Regularization:

(Brock et al., 2019)BigGAN:
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ABSTRACT

Despite recent progress in generative image modeling, successfully generating
high-resolution, diverse samples from complex datasets such as ImageNet remains
an elusive goal. To this end, we train Generative Adversarial Networks at the
largest scale yet attempted, and study the instabilities specific to such scale. We
find that applying orthogonal regularization to the generator renders it amenable
to a simple “truncation trick,” allowing fine control over the trade-off between
sample fidelity and variety by reducing the variance of the Generator’s input. Our
modifications lead to models which set the new state of the art in class-conditional
image synthesis. When trained on ImageNet at 128⇥128 resolution, our models
(BigGANs) achieve an Inception Score (IS) of 166.5 and Fréchet Inception Dis-
tance (FID) of 7.4, improving over the previous best IS of 52.52 and FID of 18.65.

1 INTRODUCTION

Figure 1: Class-conditional samples generated by our model.

The state of generative image modeling has advanced dramatically in recent years, with Generative
Adversarial Networks (GANs, Goodfellow et al. (2014)) at the forefront of efforts to generate high-
fidelity, diverse images with models learned directly from data. GAN training is dynamic, and
sensitive to nearly every aspect of its setup (from optimization parameters to model architecture),
but a torrent of research has yielded empirical and theoretical insights enabling stable training in
a variety of settings. Despite this progress, the current state of the art in conditional ImageNet
modeling (Zhang et al., 2018) achieves an Inception Score (Salimans et al., 2016) of 52.5, compared
to 233 for real data.

In this work, we set out to close the gap in fidelity and variety between images generated by GANs
and real-world images from the ImageNet dataset. We make the following three contributions to-
wards this goal:

• We demonstrate that GANs benefit dramatically from scaling, and train models with two
to four times as many parameters and eight times the batch size compared to prior art. We
introduce two simple, general architectural changes that improve scalability, and modify a
regularization scheme to improve conditioning, demonstrably boosting performance.

⇤Work done at DeepMind
†Equal contribution
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• Big GANs trained with 2-4x as many parameters and 8x the batch size compared to prior art.  
• Uses Gaussian truncation to sample z (avoid sampling from the tail of the Gaussian distribution)  
• Uses multiple other tricks including multiple reguralizations including a Gradient penalty 

regularization and an Othogonal Regularization: 

High resolution, class-conditional samples generated by the model
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R�(W ) = �kW>W � Ik2F, (2)

where W is a weight matrix and � a hyperparameter. This regularization is known to often be too
limiting (Miyato et al., 2018), so we explore several variants designed to relax the constraint while
still imparting the desired smoothness to our models. The version we find to work best removes the
diagonal terms from the regularization, and aims to minimize the pairwise cosine similarity between
filters but does not constrain their norm:

R�(W ) = �kW>W � (1� I)k2F, (3)

where 1 denotes a matrix with all elements set to 1. We sweep � values and select 10�4, finding
this small added penalty sufficient to improve the likelihood that our models will be amenable to
truncation. Across runs in Table 1, we observe that without Orthogonal Regularization, only 16% of
models are amenable to truncation, compared to 60% when trained with Orthogonal Regularization.

3.2 SUMMARY

We find that current GAN techniques are sufficient to enable scaling to large models and distributed,
large-batch training. We find that we can dramatically improve the state of the art and train models
up to 512⇥512 resolution without need for explicit multiscale methods like Karras et al. (2018).
Despite these improvements, our models undergo training collapse, necessitating early stopping in
practice. In the next two sections we investigate why settings which were stable in previous works
become unstable when applied at scale.

4 ANALYSIS

(a) G (b) D

Figure 3: A typical plot of the first singular value �0 in the layers of G (a) and D (b) before Spectral
Normalization. Most layers in G have well-behaved spectra, but without constraints a small sub-
set grow throughout training and explode at collapse. D’s spectra are noisier but otherwise better-
behaved. Colors from red to violet indicate increasing depth.

4.1 CHARACTERIZING INSTABILITY: THE GENERATOR

Much previous work has investigated GAN stability from a variety of analytical angles and on
toy problems, but the instabilities we observe occur for settings which are stable at small scale,
necessitating direct analysis at large scale. We monitor a range of weight, gradient, and loss statistics
during training, in search of a metric which might presage the onset of training collapse, similar to
(Odena et al., 2018). We found the top three singular values �0,�1,�2 of each weight matrix to be
the most informative. They can be efficiently computed using the Alrnoldi iteration method (Golub
& der Vorst, 2000), which extends the power iteration method, used in Miyato et al. (2018), to
estimation of additional singular vectors and values. A clear pattern emerges, as can be seen in
Figure 3(a) and Appendix F: most G layers have well-behaved spectral norms, but some layers
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Despite recent progress in generative image modeling, successfully generating
high-resolution, diverse samples from complex datasets such as ImageNet remains
an elusive goal. To this end, we train Generative Adversarial Networks at the
largest scale yet attempted, and study the instabilities specific to such scale. We
find that applying orthogonal regularization to the generator renders it amenable
to a simple “truncation trick,” allowing fine control over the trade-off between
sample fidelity and variety by reducing the variance of the Generator’s input. Our
modifications lead to models which set the new state of the art in class-conditional
image synthesis. When trained on ImageNet at 128⇥128 resolution, our models
(BigGANs) achieve an Inception Score (IS) of 166.5 and Fréchet Inception Dis-
tance (FID) of 7.4, improving over the previous best IS of 52.52 and FID of 18.65.

1 INTRODUCTION

Figure 1: Class-conditional samples generated by our model.

The state of generative image modeling has advanced dramatically in recent years, with Generative
Adversarial Networks (GANs, Goodfellow et al. (2014)) at the forefront of efforts to generate high-
fidelity, diverse images with models learned directly from data. GAN training is dynamic, and
sensitive to nearly every aspect of its setup (from optimization parameters to model architecture),
but a torrent of research has yielded empirical and theoretical insights enabling stable training in
a variety of settings. Despite this progress, the current state of the art in conditional ImageNet
modeling (Zhang et al., 2018) achieves an Inception Score (Salimans et al., 2016) of 52.5, compared
to 233 for real data.

In this work, we set out to close the gap in fidelity and variety between images generated by GANs
and real-world images from the ImageNet dataset. We make the following three contributions to-
wards this goal:

• We demonstrate that GANs benefit dramatically from scaling, and train models with two
to four times as many parameters and eight times the batch size compared to prior art. We
introduce two simple, general architectural changes that improve scalability, and modify a
regularization scheme to improve conditioning, demonstrably boosting performance.
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R�(W ) = �kW>W � Ik2F, (2)

where W is a weight matrix and � a hyperparameter. This regularization is known to often be too
limiting (Miyato et al., 2018), so we explore several variants designed to relax the constraint while
still imparting the desired smoothness to our models. The version we find to work best removes the
diagonal terms from the regularization, and aims to minimize the pairwise cosine similarity between
filters but does not constrain their norm:

R�(W ) = �kW>W � (1� I)k2F, (3)

where 1 denotes a matrix with all elements set to 1. We sweep � values and select 10�4, finding
this small added penalty sufficient to improve the likelihood that our models will be amenable to
truncation. Across runs in Table 1, we observe that without Orthogonal Regularization, only 16% of
models are amenable to truncation, compared to 60% when trained with Orthogonal Regularization.

3.2 SUMMARY

We find that current GAN techniques are sufficient to enable scaling to large models and distributed,
large-batch training. We find that we can dramatically improve the state of the art and train models
up to 512⇥512 resolution without need for explicit multiscale methods like Karras et al. (2018).
Despite these improvements, our models undergo training collapse, necessitating early stopping in
practice. In the next two sections we investigate why settings which were stable in previous works
become unstable when applied at scale.

4 ANALYSIS

(a) G (b) D

Figure 3: A typical plot of the first singular value �0 in the layers of G (a) and D (b) before Spectral
Normalization. Most layers in G have well-behaved spectra, but without constraints a small sub-
set grow throughout training and explode at collapse. D’s spectra are noisier but otherwise better-
behaved. Colors from red to violet indicate increasing depth.

4.1 CHARACTERIZING INSTABILITY: THE GENERATOR

Much previous work has investigated GAN stability from a variety of analytical angles and on
toy problems, but the instabilities we observe occur for settings which are stable at small scale,
necessitating direct analysis at large scale. We monitor a range of weight, gradient, and loss statistics
during training, in search of a metric which might presage the onset of training collapse, similar to
(Odena et al., 2018). We found the top three singular values �0,�1,�2 of each weight matrix to be
the most informative. They can be efficiently computed using the Alrnoldi iteration method (Golub
& der Vorst, 2000), which extends the power iteration method, used in Miyato et al. (2018), to
estimation of additional singular vectors and values. A clear pattern emerges, as can be seen in
Figure 3(a) and Appendix F: most G layers have well-behaved spectral norms, but some layers
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(a) (b)

Figure 7: Comparing easy classes (a) with difficult classes (b) at 512⇥512. Classes such as dogs
which are largely textural, and common in the dataset, are far easier to model than classes involving
unaligned human faces or crowds. Such classes are more dynamic and structured, and often have
details to which human observers are more sensitive. The difficulty of modeling global structure is
further exacerbated when producing high-resolution images, even with non-local blocks.

Figure 8: Interpolations between z, c pairs.

13

Easy classes Hard classes

Resolution: 512x512
BigGANs (Brock et al., 2019)
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StyleGANs (Karras et al., 2019)

• A new architecture motivated by the 
style transfer networks

• allows unsupervised separation of 
high-level attributes and stochastic 
variation in the generated images 
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Figure 1. While a traditional generator [30] feeds the latent code
though the input layer only, we first map the input to an in-
termediate latent space W , which then controls the generator
through adaptive instance normalization (AdaIN) at each convo-
lution layer. Gaussian noise is added after each convolution, be-
fore evaluating the nonlinearity. Here “A” stands for a learned
affine transform, and “B” applies learned per-channel scaling fac-
tors to the noise input. The mapping network f consists of 8 lay-
ers and the synthesis network g consists of 18 layers — two for
each resolution (42 � 10242). The output of the last layer is con-
verted to RGB using a separate 1⇥ 1 convolution, similar to Kar-
ras et al. [30]. Our generator has a total of 26.2M trainable param-
eters, compared to 23.1M in the traditional generator.

spaces to 512, and the mapping f is implemented using
an 8-layer MLP, a decision we will analyze in Section 4.1.
Learned affine transformations then specialize w to styles
y = (ys,yb) that control adaptive instance normalization
(AdaIN) [27, 17, 21, 16] operations after each convolution
layer of the synthesis network g. The AdaIN operation is
defined as

AdaIN(xi,y) = ys,i
xi � µ(xi)

�(xi)
+ yb,i, (1)

where each feature map xi is normalized separately, and
then scaled and biased using the corresponding scalar com-
ponents from style y. Thus the dimensionality of y is twice
the number of feature maps on that layer.

Comparing our approach to style transfer, we compute
the spatially invariant style y from vector w instead of an
example image. We choose to reuse the word “style” for
y because similar network architectures are already used
for feedforward style transfer [27], unsupervised image-to-
image translation [28], and domain mixtures [23]. Com-
pared to more general feature transforms [38, 57], AdaIN is
particularly well suited for our purposes due to its efficiency
and compact representation.

Method CelebA-HQ FFHQ
A Baseline Progressive GAN [30] 7.79 8.04
B + Tuning (incl. bilinear up/down) 6.11 5.25
C + Add mapping and styles 5.34 4.85
D + Remove traditional input 5.07 4.88
E + Add noise inputs 5.06 4.42
F + Mixing regularization 5.17 4.40

Table 1. Fréchet inception distance (FID) for various generator de-
signs (lower is better). In this paper we calculate the FIDs using
50,000 images drawn randomly from the training set, and report
the lowest distance encountered over the course of training.

Finally, we provide our generator with a direct means
to generate stochastic detail by introducing explicit noise
inputs. These are single-channel images consisting of un-
correlated Gaussian noise, and we feed a dedicated noise
image to each layer of the synthesis network. The noise
image is broadcasted to all feature maps using learned per-
feature scaling factors and then added to the output of the
corresponding convolution, as illustrated in Figure 1b. The
implications of adding the noise inputs are discussed in Sec-
tions 3.2 and 3.3.

2.1. Quality of generated images
Before studying the properties of our generator, we

demonstrate experimentally that the redesign does not com-
promise image quality but, in fact, improves it considerably.
Table 1 gives Fréchet inception distances (FID) [25] for var-
ious generator architectures in CELEBA-HQ [30] and our
new FFHQ dataset (Appendix A). Results for other datasets
are given in Appendix E. Our baseline configuration (A)
is the Progressive GAN setup of Karras et al. [30], from
which we inherit the networks and all hyperparameters ex-
cept where stated otherwise. We first switch to an improved
baseline (B) by using bilinear up/downsampling operations
[64], longer training, and tuned hyperparameters. A de-
tailed description of training setups and hyperparameters is
included in Appendix C. We then improve this new base-
line further by adding the mapping network and AdaIN op-
erations (C), and make a surprising observation that the net-
work no longer benefits from feeding the latent code into the
first convolution layer. We therefore simplify the architec-
ture by removing the traditional input layer and starting the
image synthesis from a learned 4⇥ 4⇥ 512 constant tensor
(D). We find it quite remarkable that the synthesis network
is able to produce meaningful results even though it receives
input only through the styles that control the AdaIN opera-
tions.

Finally, we introduce the noise inputs (E) that improve
the results further, as well as novel mixing regularization (F)
that decorrelates neighboring styles and enables more fine-
grained control over the generated imagery (Section 3.1).

We evaluate our methods using two different loss func-
tions: for CELEBA-HQ we rely on WGAN-GP [24],

2
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StyleGANs

146

(Karras et al., 2018)

Figure 2. Uncurated set of images produced by our style-based
generator (config F) with the FFHQ dataset. Here we used a varia-
tion of the truncation trick [40, 5, 32] with  = 0.7 for resolutions
42 � 322. Please see the accompanying video for more results.

while FFHQ uses WGAN-GP for configuration A and non-
saturating loss [21] with R1 regularization [42, 49, 13] for
configurations B–F. We found these choices to give the best
results. Our contributions do not modify the loss function.

We observe that the style-based generator (E) improves
FIDs quite significantly over the traditional generator (B),
almost 20%, corroborating the large-scale ImageNet mea-
surements made in parallel work [6, 5]. Figure 2 shows an
uncurated set of novel images generated from the FFHQ
dataset using our generator. As confirmed by the FIDs,
the average quality is high, and even accessories such
as eyeglasses and hats get successfully synthesized. For
this figure, we avoided sampling from the extreme regions
of W using the so-called truncation trick [40, 5, 32] —
Appendix B details how the trick can be performed in W
instead of Z . Note that our generator allows applying the
truncation selectively to low resolutions only, so that high-
resolution details are not affected.

All FIDs in this paper are computed without the trun-
cation trick, and we only use it for illustrative purposes in
Figure 2 and the video. All images are generated in 1024

2

resolution.

2.2. Prior art
Much of the work on GAN architectures has focused on

improving the discriminator by, e.g., using multiple dis-
criminators [17, 45], multiresolution discrimination [58,
53], or self-attention [61]. The work on generator side has
mostly focused on the exact distribution in the input latent
space [5] or shaping the input latent space via Gaussian
mixture models [4], clustering [46], or encouraging convex-
ity [50].

Recent conditional generators feed the class identifier
through a separate embedding network to a large number
of layers in the generator [44], while the latent is still pro-
vided though the input layer. A few authors have considered
feeding parts of the latent code to multiple generator layers
[9, 5]. In parallel work, Chen et al. [6] “self modulate” the
generator using AdaINs, similarly to our work, but do not
consider an intermediate latent space or noise inputs.

3. Properties of the style-based generator
Our generator architecture makes it possible to control

the image synthesis via scale-specific modifications to the
styles. We can view the mapping network and affine trans-
formations as a way to draw samples for each style from a
learned distribution, and the synthesis network as a way to
generate a novel image based on a collection of styles. The
effects of each style are localized in the network, i.e., modi-
fying a specific subset of the styles can be expected to affect
only certain aspects of the image.

To see the reason for this localization, let us consider
how the AdaIN operation (Eq. 1) first normalizes each chan-
nel to zero mean and unit variance, and only then applies
scales and biases based on the style. The new per-channel
statistics, as dictated by the style, modify the relative impor-
tance of features for the subsequent convolution operation,
but they do not depend on the original statistics because of
the normalization. Thus each style controls only one convo-
lution before being overridden by the next AdaIN operation.

3.1. Style mixing
To further encourage the styles to localize, we employ

mixing regularization, where a given percentage of images
are generated using two random latent codes instead of one
during training. When generating such an image, we sim-
ply switch from one latent code to another — an operation
we refer to as style mixing — at a randomly selected point
in the synthesis network. To be specific, we run two latent
codes z1, z2 through the mapping network, and have the
corresponding w1,w2 control the styles so that w1 applies
before the crossover point and w2 after it. This regular-
ization technique prevents the network from assuming that
adjacent styles are correlated.

Table 2 shows how enabling mixing regularization dur-
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Figure 3. Visualizing the effect of styles in the generator by having the styles produced by one latent code (source) override a subset of the
styles of another one (destination). Overriding the styles of layers corresponding to coarse spatial resolutions (42 – 82), high-level aspects
such as pose, general hair style, face shape, and eyeglasses get copied from the source, while all colors (eyes, hair, lighting) and finer facial
features of the destination are retained. If we instead copy the styles of middle layers (162 – 322), we inherit smaller scale facial features,
hair style, eyes open/closed from the source, while the pose, general face shape, and eyeglasses from the destination are preserved. Finally,
copying the styles corresponding to fine resolutions (642 – 10242) brings mainly the color scheme and microstructure from the source.
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Image-to-Image Translation

• Learning to map images from one domain into another

• A general framework for both low and high-level image processing 

148

Translator imageimage

domain A domain B



Super-resolution

• Input:    low-res image
Output: high-res image

149

Translator imageimage

C. Ledig, L. Theis, F. Huszár, J. Caballero, A. Cunningham, A. Acosta, A. Aitken, A. Tejani, J. Totz, Z. Wang, W. Shi. Photo-Realistic Single Image Super-Resolution
Using a Generative Adversarial Network. CVPR 2017.



Colorization

• Input:    black & white image
Output: color image
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Translator imageimage

Jason Antic. DeOldify: A Deep Learning based project for colorizing and restoring old images. 2018



Day to Night

151

• Input:    day image
Output: night image

Translator imageimage

Figure 3: Street scene image translation results. For each pair, left is input and right is the translated image.

Input
Old Eng.

Sheep Dog Husky
German

Shepherd Corgi Input Husky Corgi

Figure 4: Dog breed translation results.
Input Cheetah LeopardTigerLionCougar InputLeopard

Figure 5: Cat species translation results.
Input +Blond Hair +Eyeglasses +Goatee +Smiling Input +Blond Hair +Eyeglasses +Goatee +Smiling

Figure 6: Attribute-based face translation results.

7

Figure 3: Street scene image translation results. For each pair, left is input and right is the translated image.

Input
Old Eng.

Sheep Dog Husky
German

Shepherd Corgi Input Husky Corgi

Figure 4: Dog breed translation results.
Input Cheetah LeopardTigerLionCougar InputLeopard

Figure 5: Cat species translation results.
Input +Blond Hair +Eyeglasses +Goatee +Smiling Input +Blond Hair +Eyeglasses +Goatee +Smiling

Figure 6: Attribute-based face translation results.

7

Ming-Yu Liu, Thomas Breuel, Jan Kautz. Unsupervised Image-to-Image Translation Networks. NIPS 2017.



Photo Style Transfer

152Fujun Luan, Sylvain Paris, Eli Shechtman, Kavita Bala. Deep Photo Style Transfer. CVPR 2017.

• Input:    input image 
+ target style image

Output: synthesized image
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• Input:    input layout 
Output: synthesized image

synthesized
image

T.-C. Wang, M.-Y. Liu, J.-Y. Zhu, A. Tao, J. Kautz, B. Catanzaro. High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs. CVPR 2018.

semantic 
layout 
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• Input:    input layout 
+ target style image

Output: synthesized image

synthesized
image

semantic 
layout 

Target style
image   t
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Semantic Image Synthesis with Spatially-Adaptive Normalization

Taesung Park1,2⇤ Ming-Yu Liu2 Ting-Chun Wang2 Jun-Yan Zhu2,3

1UC Berkeley 2NVIDIA 2,3MIT CSAIL

Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best

1

ar
X

iv
:1

90
3.

07
29

1v
2 

 [c
s.C

V
]  

5 
N

ov
 2

01
9

Taesung Park, Ming-Yu Liu, Ting-Chun Wang, Jun-Yan Zhu. Semantic Image Synthesis with Spatially-Adaptive Normalization. CVPR 2020.



Semantic Image Editing

155

• Input: input image 
(+ semantic layout)
+ target attribute

Output: manipulated image

manipulated
image

Target scene
attribute(s) t
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“more flowers”
“more cloudy”
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Image to Image Translation (pix2pix) (Isola et al., 2016)

• Requires paired training data
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real or fake pair ?

Slide Credit: Philip Isola 157



real or fake pair ?

Slide Credit: Philip Isola 158



fake pair

Slide Credit: Philip Isola 159



real pair

Slide Credit: Philip Isola 160



real or fake pair ?

Slide Credit: Philip Isola 161



Input Output Input Output Input Output

Data from [Russakovsky et al. 2015]

BW → Color

Slide Credit: Philip Isola 162
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N pixels

Rather than penalizing if output image 
looks fake, penalize if each overlapping 
patch in output looks fake 

[Li & Wand 2016]
[Shrivastava et al. 2017]

[Isola et al. 2017]

Shrinking the capacity: Patch Discriminator

• Faster, fewer parameters
• More supervised observations
• Applies to arbitrarily large images

Slide Credit: Philip Isola
Slide Credit: Philip Isola
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Input 1x1 Discriminator

Data from [Tylecek, 2013]

Labels → Facades

Slide Credit: Philip Isola 164



Input 16x16 Discriminator

Data from [Tylecek, 2013]

Labels → Facades

Slide Credit: Philip Isola 165



Input 70x70 Discriminator

Data from [Tylecek, 2013]

Labels → Facades

Slide Credit: Philip Isola 166



Input Full image Discriminator

Data from [Tylecek, 2013]

Labels → Facades

Slide Credit: Philip Isola 167



CycleGAN: Pix2Pix w/o input-output pairs

168(Zhu et al. 2017)Slide Credit: Taesung Park and Jun-Yan Zhu
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Paired data

Slide Credit: Taesung Park and Jun-Yan Zhu 169



Unpaired dataPaired data

Slide Credit: Taesung Park and Jun-Yan Zhu 170



real or fake pair ?

Slide Credit: Taesung Park and Jun-Yan Zhu 171



real or fake pair ?

No input-output pairs!
Slide Credit: Taesung Park and Jun-Yan Zhu 172



real or fake?

Usually loss functions check if output matches a target instance

GAN loss checks if output is part of an admissible set

Slide Credit: Taesung Park and Jun-Yan Zhu 173



Real!

Slide Credit: Jun-Yan Zhu 174



Real too!

Nothing to force output to correspond to input

Slide Credit: Taesung Park and Jun-Yan Zhu 175



[Zhu et al. 2017], [Yi et al. 2017], [Kim et al. 2017]

Cycle-Consistent Adversarial Networks

Slide Credit: Taesung Park and Jun-Yan Zhu 176



Cycle-Consistent Adversarial Networks

Slide Credit: Taesung Park and Jun-Yan Zhu 177



Cycle Consistency Loss

Slide Credit: Taesung Park and Jun-Yan Zhu 178



Cycle Consistency Loss

Slide Credit: Taesung Park and Jun-Yan Zhu 179
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Cezanne Ukiyo-eMonetInput Van Gogh

Input Ours DeOldify InstColorization Zhang Zhang (FFHQ)
Figure 8. Comparisons of our approach to a pipeline built from published techniques for restoring, colorizing, and enlarging antique images.
We evaluated four prior colorization algorithms, detailed in the paper, all of which fail to achieve the same realistic skin appearance and
overall image quality as our approach. Top to bottom: Dorothy Hodgkin (1947), Henry Ford (1928), and Niels Bohr (1922).
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(Facial) hairstyles Accessories&Clothing Bad quality
Figure 9. Our approach can struggle to render uncommon image
features such as certain (facial) hairstyles, accessories, and cloth-
ing. Extremely poor image quality or severely compressed inten-
sity gamuts may limit the quality of the result. From left to right:
Alexander Grapham Bell (1904), Dowager Cixi (1903), Alexandre
Dumas (1855) and Grace Hopper (1906 - 1992).

7. Conclusion

We introduced time-travel rephotography, an image syn-
thesis technique that simulates rephotographing famous
subjects from the past using a modern high-resolution cam-
era based on a black-and-white reference photo. Our basic
approach is to project this reference image into the space
of modern high-resolution images represented by the Style-
GAN2 generative model [33]. This is accomplished through

Result Sibling Result Sibling
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Figure 10. Wrong gender or ethnicity in sibling prediction can
sometimes affect the result. Changing to a different sibling with
the correct gender and ethnicity helps to alleviate this issue. Left:
Martin Luther King Jr. (1964). Right: Edith Cowan (1900).

a constrained optimization over latent style codes that is
guided by a novel reconstruction loss that simulates the
unique properties of old film and cameras. We also intro-
duce a sibling network that generates an image for recover-
ing colors and local details in the result. Improving on ap-
plying a sequence of state-of-the-art techniques for image
restoration, colorization, and super-resolution, our unified
approach is able to render strikingly realistic and immedi-
ately recognizable images of historical figures.

4328

Slide Credit: Taesung Park and Jun-Yan Zhu 181



Monet's paintings → photos

Slide Credit: Taesung Park and Jun-Yan Zhu 182



Monet's paintings → photos

Slide Credit: Taesung Park and Jun-Yan Zhu 183



Semantic Image Synthesis (SPADE)
• Image generation conditioned on semantic layouts

(Park et al., 2019)

Semantic Image Synthesis with Spatially-Adaptive Normalization

Taesung Park1,2⇤ Ming-Yu Liu2 Ting-Chun Wang2 Jun-Yan Zhu2,3

1UC Berkeley 2NVIDIA 2,3MIT CSAIL

sky

sea

tree

cloud

mountain

grass

Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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Semantic layout
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mountain

ground

Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]
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Fig. 2. Overview of the proposed a�ribute manipulation framework. Given an input image and its semantic layout, we first resize and center crop the layout
to 512 ⇥ 512 pixels and feed it to our scene generation network. A�er obtaining the scene synthesized according to the target transient a�ributes, we transfer
the look of the hallucinated style back to the original input image.

can be easily automated by a scene parsing model. Once an arti�cial
scene with desired properties is generated, we then transfer the look
of the hallucinated image to the original input image to achieve
attribute manipulation in a photorealistic manner.
Since our approach depends on a learning-based strategy, it re-

quires a richly annotated training dataset. In Section 3.1, we describe
our own dataset, named ALS18K, which we have created for this
purpose. In Section 3.2, we present the architectural details of our
attribute and layout conditioned scene generation network and the
methodologies employed for e�ectively training our network. Fi-
nally, in Section 3.3, we discuss the photo style transfer method that
we utilize to transfer the appearance of generated images to the
input image. We will make our code and dataset publicly available
on the project website.

3.1 The ALS18K Dataset
For our dataset, we pick and annotate images from two popular
scene datasets, namely ADE20K [Zhou et al. 2017] and Transient
Attributes [La�ont et al. 2014], for the reasons which will become
clear shortly.
ADE20K [Zhou et al. 2017] includes 22, 210 images from a di-

verse set of indoor and outdoor scenes which are densely annotated
with object and stu� instances from 150 classes. However, it does
not include any information about transient attributes. Transient
Attributes [La�ont et al. 2014] contains 8, 571 outdoor scene im-
ages captured by 101 webcams in which the images of the same
scene can exhibit high variance in appearance due to variations
in atmospheric conditions caused by weather, time of day, season.
The images in this dataset are annotated with 40 transient scene
attributes, e.g. sunrise/sunset, cloudy, foggy, autumn, winter, but
this time it lacks semantic layout labels.
To establish a richly annotated, large-scale dataset of outdoor

images with both transient attribute and layout labels, we further
operate on these two datasets as follows. First, from ADE20K, we

manually pick the 9,201 images corresponding to outdoor scenes,
which contain nature and urban scenery pictures. For these im-
ages, we need to obtain transient attribute annotations. To do so,
we conduct initial attribute predictions using the pretrained model
from [Baltenberger et al. 2016] and then manually verify the pre-
dictions. From Transient Attributes, we select all the 8,571 images.
To get the layouts, we �rst run the semantic segmentation model
by Zhao et al. [2017], the winner of the MIT Scene Parsing Challenge
2016, and assuming that each webcam image of the same scene has
the same semantic layout, we manually select the best semantic
layout prediction for each scene and use those predictions as the
ground truth layout for the related images.

In total, we collect 17,772 outdoor images (9,201 from ADE20K +
8,571 from Transient Attributes), with 150 semantic categories and
40 transient attributes. Following the train-val split from ADE20K,
8,363 out of the 9,201 images are assigned to the training set, the
other 838 testing; for the Transient Attributes dataset, 500 randomly
selected images are held out for testing. In total, we have 16,434
training examples and 1,338 testing images. More samples of our
annotations are presented in the supplementary materials. Lastly,
we resize the height of all images to 512 pixels and apply center-
cropping to obtain 512 ⇥ 512 images.

3.2 Scene Generation
In this section, we �rst give a brief technical summary of GANs
and conditional GANs (CGANs), which provides the foundation for
our scene generation network (SGN). We then present architectural
details of our SGN model, followed by the two strategies applied for
improving the training process. All the implementation details are
included in the Supplementary Materials.

3.2.1 Generative Adversarial Networks. Generative Adversarial
Networks (GANs) [Goodfellow et al. 2014] have been designed as a
two-player min-max game where a discriminator network D learns
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is acquired under multiple different tissue contrasts (e.g., T1- 
and T2-weighted images). Inspired by the recent success of 
adversarial networks, here we employed conditional GANs to 
synthesize MR images of a target contrast given as input an 
alternate contrast. For a comprehensive solution, we considered 

two distinct scenarios for multi-contrast MR image synthesis. 
First, we assumed that the images of the source and target 
contrasts are perfectly registered. For this scenario, we propose 
pGAN that incorporates a pixel-wise loss into the objective 
function as inspired by the pix2pix architecture [49]:  
 

            (4) 

 
where ,2% is the pixel-wise L1 loss function. Since the 
generator ' was observed to ignore the latent variable in pGAN, 
the latent variable was removed from the model.  

Recent studies suggest that incorporation of a perceptual loss 
during network training can yield visually more realistic results 
in computer vision tasks. Unlike loss functions based on pixel-
wise differences, perceptual loss relies on differences in higher 
feature representations that are often extracted from networks 
pre-trained for more generic tasks [25]. A commonly used 
network is VGG-net trained on the ImageNet [56] dataset for 
object classification. Here, following [25], we extracted feature 
maps right before the second max-pooling operation of VGG16 
pre-trained on ImageNet. The resulting loss function can be 
written as: 
 

 (5) 

 
where  3 is the set of feature maps extracted from VGG16.  

To synthesize each cross-section # from ! we also leveraged 
correlated information across neighboring cross-sections by 
conditioning the networks not only on ! but also on the 
neighboring cross-sections of !. By incorporating the 
neighboring cross-sections (3), (4) and (5) become: 
 

 (6) 

 
 (7) 

 
 (8) 

 
where 45 = [!789:;, … , !7&, !7%, !, !7%, !7&, … , !>89:;] is a vector 

consisting of ? consecutive cross-sections ranging from −85&; 
to 85&;, with the cross section ! in the middle, and ,ABCD-./75 
and ,2%75 are the corresponding adversarial and pixel-wise loss 
functions. This yields the following aggregate loss function:  

 
 (9) 

 
where ,E-./ is the complete loss function, F controls the 
relative weighing of the pixel-wise loss and FEGHA controls the 
relative weighing of the perceptual loss. 

L
L1(G) = Ex ,y ,z[ y −G(x, z) 1],

L
Perc
(G) = E

x ,y[ V ( y) −V (G(x)) 1],

L
condGAN−k

(D,G) = −E
xk ,y
[(D(x

k
, y) −1)2 ]

−E
xk
[D(x

k
,G(x

k
))2 ],

LL1−k (G) = Exk ,y[ y −G(xk , z) 1],

LPerc−k (G) = Exk ,y[ V ( y) −V (G(xk )) 1],

L
pGAN

= L
condGAN−k

(D,G) + λL
L1−k (G) + λ

perc
L
perc−k

(G),

 
Fig. 1.  The pGAN method is based on a conditional adversarial network with 
a generator G, a pre-trained VGG16 network V, and a discriminator D. Given 
an input image in a source contrast (e.g., T1-weighted), G learns to generate 
the image of the same anatomy in a target contrast (e.g., T2-weighted). 
Meanwhile, D learns to discriminate between synthetic (e.g., T1-G(T1)) and 
real (e.g., T1-T2) pairs of multi-contrast images. Both subnetworks are trained 
simultaneously, where G aims to minimize a pixel-wise, a perceptual and an 
adversarial loss function, and D tries to maximize the adversarial loss function. 
 

 
Fig. 2.  The cGAN method is based on a conditional adversarial network with 
two generators (GT1, GT2) and two discriminators (DT1, DT2). Given a T1-
weighted image, GT2 learns to generate the respective T2-weighted image of 
the same anatomy that is indiscriminable from real T2-weighted images of 
other anatomies, whereas DT2 learns to discriminate between synthetic and real 
T2-weighted images. Similarly, GT1 learns to generate realistic a T1-weighted 
image of an anatomy given the respective T2-weighted image, whereas DT1 
learns to discriminate between synthetic and real T1-weighted images. Since 
the discriminators do not compare target images of the same anatomy, a pixel-
wise loss cannot be used. Instead, a cycle-consistency loss is utilized to ensure 
that the trained generators enable reliable recovery of the source image from 
the generated target image. 
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http://github.com/icon-lab/mrirecon. Replica was based on a 
MATLAB implementation, and a Keras implementation [68] of 
Multimodal with the Theano backend [69] was used. 

III. RESULTS 

A. Comparison of GAN-based models 
We first evaluated the proposed models on T1- and T2-

weighted images from the MIDAS and IXI datasets. We 
considered two cases for T2 synthesis (a. T1→T2#, b. T1#→T2, 
where # denotes the registered image), and two cases for T1 
synthesis (c. T2→T1#, d. T2#→T1). Table I lists PSNR and SSIM 
for pGAN, cGANreg trained on registered data, and cGANunreg 
trained on unregistered data in the MIDAS dataset. We find that 
pGAN outperforms cGANunreg and cGANreg in all cases 
(p<0.05). Representative results for T1→T2# are displayed in 
Fig. 3a and T2#→T1 are displayed in Supp. Fig. Ia, respectively. 
pGAN yields higher synthesis quality compared to cGANreg. 
Although cGANunreg was trained on unregistered images, it can 
faithfully capture fine-grained structure in the synthesized 
contrast. Overall, both pGAN and cGAN yield synthetic images 
of remarkable visual similarity to the reference. Supp. Tables II 
and III (k=1) lists PSNR and SSIM across test images for T2 
and T1 synthesis with both directions of registration in the IXI 
dataset. Note that there is substantial mismatch between the 
voxel dimensions of the source and target contrasts in the IXI 
dataset, so cGANunreg must map between the spatial sampling 
grids of the source and the target. Since this yielded suboptimal 
performance, measurements for cGANunreg are not reported. 
Overall, similar to the MIDAS dataset, we observed that pGAN 
outperforms the competing methods (p<0.05). On average, 
across the two datasets, pGAN achieves 1.42dB higher PSNR 
and 1.92% higher SSIM compared to cGAN.  These 
improvements can be attributed to pixel-wise and perceptual 
losses compared to cycle-consistency loss on paired images.  

In MR images, neighboring voxels can show structural 
correlations, so we reasoned that synthesis quality can be 
improved by pooling information across cross sections. To 
examine this issue, we trained multi cross-section pGAN (k=3, 
5, 7), cGANreg and cGANunreg models (k=3; see Methods) on 
the MIDAS and IXI datasets. PSNR and SSIM measurements 
for pGAN are listed in Supp. Table II, and those for cGAN are 
listed in Supp. Table III. For pGAN, multi cross-section models 
yield enhanced synthesis quality in all cases. Overall, k=3 offers 
optimal or near-optimal performance while maintaining 
relatively low model complexity, so k=3 was considered 
thereafter for pGAN. The results are more variable for cGAN, 
with the multi-cross section model yielding a modest 
improvement only in some cases. To minimize model 
complexity, k=1 was considered for cGAN.  

Table II compares PSNR and SSIM of multi cross-section 
pGAN and cGAN models for T2 and T1 synthesis in the MIDAS 
dataset. Representative results for T1→T2# are shown in Fig. 3b 
and T2#→T1 are shown in Supp. Fig. Ib. Among multi cross-
section models, pGAN outperforms alternatives in PSNR and 
SSIM (p<0.05), except for SSIM in T2#→T1. Moreover, 
compared to the single cross-section pGAN, the multi cross-
section pGAN improves PSNR and SSIM values. These 
measurements are also affirmed by improvements in visual 

quality for the multi cross-section model in Fig. 3 and Supp. 
Fig. I. In contrast, the benefits are less clear for cGAN. Note 
that, unlike pGAN that works on paired images, the 
discriminators in cGAN work on unpaired images from the 
source and target domains. In turn, this can render incorporation 
of correlated information across cross sections less effective. 
Supp. Tables II and III compare PSNR and SSIM of multi cross-

 
Fig. 3.  The proposed approach was demonstrated for synthesis of T2-weighted 
images from T1-weighted images in the MIDAS dataset. Synthesis was 
performed with pGAN, cGAN trained on registered images (cGANreg), and 
cGAN trained on unregistered images (cGANunreg). For pGAN and cGANreg, 
training was performed using T2-weighted images registered onto T1-weighted 
images (T1→T2#). Synthesis results for (a) the single cross-section, and (b) 
multi cross-section models are shown along with the true target image 
(reference) and the source image (source). Zoomed-in portions of the images 
are also displayed. While both pGAN and cGAN yield synthetic images of 
striking visual similarity to the reference, pGAN is the top performer. Synthesis 
quality is improved as information across neighboring cross sections is 
incorporated, particularly for the pGAN method. 

TABLE I 
QUALITY OF SYNTHESIS IN THE MIDAS DATASET  

SINGLE CROSS-SECTION MODELS  

 
cGANunreg cGANreg pGAN 

SSIM PSNR SSIM PSNR SSIM PSNR 

T1 ® T2# 
0.829 
±0.017 

23.66 
±0.632 

0.895 
±0.014 

26.56 
±0.432 

0.920 
±0.014 

28.79 
±0.580 

T1# ® T2 
0.823 
±0.021 

23.85 
±0.420 

0.854 
±0.024 

25.47 
±0.556 

0.876 
±0.028 

27.07 
±0.618 

T2 ® T1# 
0.826 
±0.015 

23.20 
±0.503 

0.892 
±0.017 

26.53 
±1.169 

0.912 
±0.017 

27.81 
±1.424 

T2# ® T1 
0.821 
±0.021 

22.56 
±1.008 

0.863 
±0.022 

26.15 
±0.974 

0.883 
±0.023 

27.31 
±0.983 

T1# is registered onto the respective T2 image; and T2# is registered onto the 
respective T1 image; and ® indicates the direction of synthesis. PSNR and 
SSIM measurements are reported as mean±std across test images. Boldface 
marks the model with the highest performance. 

 
TABLE II 

QUALITY OF SYNTHESIS IN THE MIDAS DATASET  
MULTI CROSS-SECTION MODELS (K=3) 

 
cGANunreg cGANreg pGAN 

SSIM PSNR SSIM PSNR SSIM PSNR 

T1 ® T2# 
0.829 
±0.016 

23.65 
±0.650 

0.895 
±0.014 

26.62 
±0.489 

0.926 
±0.014 

29.34 
±0.592 

T1# ® T2 
0.797 
±0.027 

23.37 
±0.604 

0.862 
±0.022 

25.83 
±0.384 

0.883 
±0.027 

27.49 
±0.643 

T2 ® T1# 
0.824 
±0.015 

24.00 
±0.628 

0.900 
±0.017 

27.04 
±1.238 

0.920 
±0.016 

28.16 
±1.303 

T2# ® T1 
0.805 
±0.021 

23.55 
±0.782 

0.864 
±0.022 

26.44 
±0.871 

0.887 
±0.023 

27.42 
±1.127 

Boldface marks the model with the highest performance. 
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Fig. 1.  The pGAN method is based on a conditional adversarial network with 
a generator G, a pre-trained VGG16 network V, and a discriminator D. Given 
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Fig. 2.  The cGAN method is based on a conditional adversarial network with 
two generators (GT1, GT2) and two discriminators (DT1, DT2). Given a T1-
weighted image, GT2 learns to generate the respective T2-weighted image of 
the same anatomy that is indiscriminable from real T2-weighted images of 
other anatomies, whereas DT2 learns to discriminate between synthetic and real 
T2-weighted images. Similarly, GT1 learns to generate realistic a T1-weighted 
image of an anatomy given the respective T2-weighted image, whereas DT1 
learns to discriminate between synthetic and real T1-weighted images. Since 
the discriminators do not compare target images of the same anatomy, a pixel-
wise loss cannot be used. Instead, a cycle-consistency loss is utilized to ensure 
that the trained generators enable reliable recovery of the source image from 
the generated target image. 
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Fig. 1. The generator (G) in mustGAN consists of K one-to-one streams and a many-to-one stream, followed by an adaptively positioned fusion block, and

a joint network for finaly recovery. One-to-one streams generate the unique feature maps of each source image independently, whereas the many-to-one

stream generates the shared feature map across source images. The fusion block fuses the feature maps generated in the fusion layer by concatenation.

Lastly, the joint network synthesizes the target image from these fused feature maps. Note that the architecture of the joint network varies depending on

the position of the fusion that is categorized under three titles: early fusion (1), intermediate fusion (2) and late fusion (3).

where s is either GK+1(X) or y. The loss function for the (K+1)th

stream is given as:

LK+1 = � EXy
h
(DK+1 (X, y) � 1)2

i
� EX

h
DK+1 (X,GK+1 (X))2

i

+ EXy
h���
���y �GK+1 (X)

���
���
1

i

(12)
GK+1 learns to predict y given x1, x2, . . . , xK concatenated at the
input level, and DK+1 learns to discriminate between dyK+1 and
y.

3.1.3. Joint Network
Once the K + 1 streams are trained, source images are

propageted separately through the streams up to the fusion
block ( f ) at the ith layer. f concatenates the feature maps
generated at the ith layer of the one-to-one and many-to-one
streams. A joint network (J) is then trained to recover the target
image from the fused feature maps. The precise architecture
of J varies depending on the position of f , considered in three
types here: early, intermediate, and late fusion.

Early Fusion: Early fusion occurs when f is within the

encoder (i.e., 0 < i < ne). The feature maps generated by the
mth one-to-one stream (gi

m) and by the many-to-one stream
(gi

K+1) at the ith layer are formulated as:

gi
m = em(xm|i)

gi
K+1 = eK+1(X|i)

These feature maps are concatenated by f yielding the fused
feature maps (gi

f ):

gi
f = f (gi

1, g
i
2, . . . , g

i
K , g

i
K+1) (13)

J receives as input these fused maps to recover the target image.
Thus, architecture of J for early fusion is as follows:

by = J(gi
F) = dJ(rJ(eJ(gi

f |i))) (14)

Intermediate Fusion: Intermediate fusion occurs when f is
within the residual block (i.e., ne  i < ne+nr). In this case, the
feature maps generated by the mth one-to-one stream (gi

m) and
the many-to-one stream (gi

K+1) are formulated as:

gi
m = rm(em(xm)|i)

gi
K+1 = rK+1(eK+1(X)|i)
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Fig. 3. The proposed method was demonstrated on healthy subjects from the IXI dataset for two synthesis tasks: a) T1-weighted image synthesis from

T2- and PD-weighted images, b) PD-weighted image synthesis from T1- and T2-weighted images. Synthesized images from mustGAN, pGAN, pGANmany,

MM-GAN, and Multimodal are shown along with the ground truth target image. Due to synergistic use of information captured by one-to-one and many-

to-one streams, mustGAN improves synthesis accuracy in many regions that are recovered suboptimally in competing methods (marked with arrows or

circles in zoom-in displays). Overall, mustGAN yields less noisy depiction of tissues and sharper depiction of tissue boundaries.

were utilized in all evaluations thereafter unless otherwise is
stated.

Here, we observed that the optimal position of the fusion
block varies between the datasets. In IXI, synthesis quality is
enhanced by performing the fusion within the decoder, where
the fused feature maps have larger width and height and so they
reflect a high-resolution representation. On the other hand, in
ISLES, synthesis quality is enhanced by performing the fusion
within the residual block, where the fused feature maps have
smaller size, reflecting a relatively lower-resolution represen-
tation. It should also be noted that the IXI dataset contains
high-quality, high-SNR images, so fusion at the decoder might
help better recover fine structural details. In contrast, the ISLES
dataset mostly contains images of relatively moderate quality,
so fusing at the residual block might help better recover global
structural information.

4.2. Demonstrations Against One-to-one and Many-to-one
Mappings

We then performed experiments to demonstrate potential dif-
ferences in feature maps learned in one-to-one versus many-to-
one mappings. Three synthesis tasks were considered in the
IXI dataset (T2, PD ! T1; T1, PD ! T2; T1, T2 ! PD) and
in the ISLES dataset (T2, FLAIR ! T1; T1, FLAIR ! T2;
T1, T2! FLAIR). Representative feature maps generated in the

one-to-one and many-to-one mappings are displayed along with
the source and ground truth target images in Fig. 2 and in Supp.
Fig. 3. The feature maps indicate that one-to-one mappings
sensitively capture detailed features that are uniquely present
in the given source, whereas many-to-one mapping pools infor-
mation across shared features that are jointly present in multiple
sources.

To assess benefits of pooling complementary information
from unique and shared feature maps, we compared pGAN,
pGANmany and mustGAN models. Comparisons in terms of
PSNR measured across cross-sections in the test sets are dis-
played in Supp. Fig. 4-6 for IXI, and in Fig. 5 and Supp.
Fig. 7,8 for ISLES. On average, pGANmany outperforms pGAN
for 81.98% of test samples in IXI and for 63.14% in ISLES;
whereas pGAN outperforms pGANmany for 18.02% in IXI and
for 36.86% in ISLES. This finding demonstrates that not only
shared but also unique features can be critical for success-
ful synthesis of the target contrast. In comparison, mustGAN
outperforms both competing methods, with higher PSNR than
pGAN for 92.20% of test samples in IXI and for 87.19% in
ISLES, and with higher PSNR than pGANmany for 88.26% in
IXI and for 81.94% in ISLES. Taken together, these results in-
dicate that aggregation of information from unique and shared
feature maps helps significantly improve model performance.
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bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

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

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

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

1.1. Related work

1.1.1 Image super-resolution

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

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

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

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

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

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

Recently convolutional neural network (CNN) based SR

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

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

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

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

1.1. Related work

1.1.1 Image super-resolution

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

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

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

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

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

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

Recently convolutional neural network (CNN) based SR
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• non-uniform motion blur from a single blurry image. 

• Key idea: Use multiscale CNNs to restore sharp images 
in an end-to-end manner 

• can be interpreted as a kind of image to image translation

• An additional adversarial loss 

noise is also randomly sampled from Gaussian distribution,
N(0, (2/255)2). Then, value outside [0, 1] is clipped. Fi-
nally, 0.5 is subtracted to set input and output value range
zero-centered, having range [-0.5, 0.5].

In optimizing the network parameters, we trained the
model in a combination of two losses, multi-scale content
loss and adversarial loss.

Multi-scale content loss

Basically, the coarse-to-fine approach desires that every in-
termediate output becomes the sharp image of the corre-
sponding scale. Thus, we train our network so that inter-
mediate outputs should form a Gaussian pyramid of sharp
images. MSE criterion is applied to every level of pyramids.
Hence, the loss function is defined as follows:

Lcont =
1

2K

K
!

k=1

1

ckwkhk
!Lk " Sk!

2, (4)

where Lk, Sk denote the model output and ground truth im-
age at scale level k, respectively. The loss at each scale is
normalized by the number of channels ck, width wk, and
the height hk (i.e. the total number of elements).

Adversarial loss

Recently, adversarial networks are reported to generate
sharp realistic images [9, 4, 24]. Following the architec-
ture introduced in [24], we build discriminator as in Ta-
ble 1. Discriminator takes the output of the finest scale or
the ground truth sharp image as input and classifies if it is
deblurred image or sharp image.

The adversarial loss is defined as follows.

Ladv = E
S!psharp(S)

[logD(S)]+

E
B!pblurry(B)

[log(1"D(G(B)))], (5)

where G and D denote the generator, that is our multi-
scale deblurring network in Fig. 4 and the discriminator
(classifier), respectively. When training, G tries to minimize
the adversarial loss while D tries to maximize it.

Finally, by combining the multi-scale content loss and
adversarial loss, the generator network and discriminator
network is jointly trained. Thus, our final loss term is

Ltotal = Lcont + !# Ladv, (6)

where the weight constant ! = 1# 10"4.

We used ADAM [18] optimizer with a mini-batch size
2 for training. The learning rate is adaptively tuned begin-
ning from 5 # 10"5. After 3 # 105 iterations, the learning

# Layer Weight dimension Stride

1 conv 32# 3# 5# 5 2

2 conv 64# 32# 5# 5 1

3 conv 64# 64# 5# 5 2

4 conv 128# 64# 5# 5 1

5 conv 128# 128# 5# 5 4

6 conv 256# 128# 5# 5 1

7 conv 256# 256# 5# 5 4

8 conv 512# 256# 5# 5 1

9 conv 512# 512# 4# 4 4

10 fc 512# 1# 1# 1 -

11 sigmoid - -

Table 1. Model parameters of the discriminator. Every convolution

layers are activated with LeakyReLU layer.

rate is decreased to 1/10 of the previous learning rate. Total
training takes 9# 105 iterations to converge.

4. Experimental Results

We implemented our model with torch7 library. All the
following experiments were performed in a desktop with i7-
6700K CPU and NVIDIA GTX Titan X (Maxwell) GPU.

4.1. GOPRO Dataset

We evaluate the performance of our model in the pro-
posed GOPRO dataset. Our test dataset consists of 1111
pairs, which is approximately 1/3 of the total dataset. We
compare the results with those of the state-of-the-art meth-
ods [15, 26] in both qualitative and quantitative ways. Our
results show significant improvement in terms of image
quality. Some deblurring results are shown in Fig. 5. We no-
tice from the results of Sun et al. [26], deblurring is not suc-
cessful on the regions where blurs are nonlinearly shaped or
located at the boundary of motion. Kim and Lee [15]’s re-
sults also fail in cases where strong edges are not found. In
contrast, our results are free from those kernel-estimation
related problems. Table 2, shows the quantitative evalua-
tion results of the competing methods and ours with differ-
ent scale level k in terms of PSNR, SSIM over the test data.
Also, the runtime is compared. We observe that our system
with K = 2 produces the best results in terms of both PSNR
and SSIM, while K = 3 is the fastest.

4.2. Köhler Dataset

Köhler dataset [19] consists of 4 latent images and 12
differently blurred images for each of them. The blurs are
caused by replaying recorded 6D camera motion, assum-
ing linear CRF. We report the quantitative results on this

noise is also randomly sampled from Gaussian distribution,
N(0, (2/255)2). Then, value outside [0, 1] is clipped. Fi-
nally, 0.5 is subtracted to set input and output value range
zero-centered, having range [-0.5, 0.5].

In optimizing the network parameters, we trained the
model in a combination of two losses, multi-scale content
loss and adversarial loss.

Multi-scale content loss

Basically, the coarse-to-fine approach desires that every in-
termediate output becomes the sharp image of the corre-
sponding scale. Thus, we train our network so that inter-
mediate outputs should form a Gaussian pyramid of sharp
images. MSE criterion is applied to every level of pyramids.
Hence, the loss function is defined as follows:

Lcont =
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where Lk, Sk denote the model output and ground truth im-
age at scale level k, respectively. The loss at each scale is
normalized by the number of channels ck, width wk, and
the height hk (i.e. the total number of elements).

Adversarial loss

Recently, adversarial networks are reported to generate
sharp realistic images [9, 4, 24]. Following the architec-
ture introduced in [24], we build discriminator as in Ta-
ble 1. Discriminator takes the output of the finest scale or
the ground truth sharp image as input and classifies if it is
deblurred image or sharp image.

The adversarial loss is defined as follows.

Ladv = E
S!psharp(S)

[logD(S)]+

E
B!pblurry(B)

[log(1"D(G(B)))], (5)

where G and D denote the generator, that is our multi-
scale deblurring network in Fig. 4 and the discriminator
(classifier), respectively. When training, G tries to minimize
the adversarial loss while D tries to maximize it.

Finally, by combining the multi-scale content loss and
adversarial loss, the generator network and discriminator
network is jointly trained. Thus, our final loss term is

Ltotal = Lcont + !# Ladv, (6)

where the weight constant ! = 1# 10"4.

We used ADAM [18] optimizer with a mini-batch size
2 for training. The learning rate is adaptively tuned begin-
ning from 5 # 10"5. After 3 # 105 iterations, the learning

# Layer Weight dimension Stride

1 conv 32# 3# 5# 5 2

2 conv 64# 32# 5# 5 1

3 conv 64# 64# 5# 5 2

4 conv 128# 64# 5# 5 1

5 conv 128# 128# 5# 5 4

6 conv 256# 128# 5# 5 1

7 conv 256# 256# 5# 5 4

8 conv 512# 256# 5# 5 1

9 conv 512# 512# 4# 4 4

10 fc 512# 1# 1# 1 -

11 sigmoid - -

Table 1. Model parameters of the discriminator. Every convolution

layers are activated with LeakyReLU layer.

rate is decreased to 1/10 of the previous learning rate. Total
training takes 9# 105 iterations to converge.

4. Experimental Results

We implemented our model with torch7 library. All the
following experiments were performed in a desktop with i7-
6700K CPU and NVIDIA GTX Titan X (Maxwell) GPU.

4.1. GOPRO Dataset

We evaluate the performance of our model in the pro-
posed GOPRO dataset. Our test dataset consists of 1111
pairs, which is approximately 1/3 of the total dataset. We
compare the results with those of the state-of-the-art meth-
ods [15, 26] in both qualitative and quantitative ways. Our
results show significant improvement in terms of image
quality. Some deblurring results are shown in Fig. 5. We no-
tice from the results of Sun et al. [26], deblurring is not suc-
cessful on the regions where blurs are nonlinearly shaped or
located at the boundary of motion. Kim and Lee [15]’s re-
sults also fail in cases where strong edges are not found. In
contrast, our results are free from those kernel-estimation
related problems. Table 2, shows the quantitative evalua-
tion results of the competing methods and ours with differ-
ent scale level k in terms of PSNR, SSIM over the test data.
Also, the runtime is compared. We observe that our system
with K = 2 produces the best results in terms of both PSNR
and SSIM, while K = 3 is the fastest.

4.2. Köhler Dataset

Köhler dataset [19] consists of 4 latent images and 12
differently blurred images for each of them. The blurs are
caused by replaying recorded 6D camera motion, assum-
ing linear CRF. We report the quantitative results on this
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(a) (b) (c)

Figure 2. (a) Ground truth sharp image. (b) Blurry image generated by convolving a uniform blur kernel. (c) Blurry image by averaging

sharp frames. In this case, blur is mostly caused by person motion, leaving the background as it is. The blur kernel is non-uniform, complex

shaped. However, when the blurry image is synthesized by convolution with a uniform kernel, the background also gets blurred as if blur

was caused by camera shake. To model dynamic scene blur, our kernel-free method is required.

3. Proposed Method

In our model, finer scale image deblurring is aided by
coarser scale features. To exploit coarse and middle level
information while preserving fine level information at the
same time, input and output to our network take the form of
Gaussian pyramids. Note that most of other coarse-to-fine
networks take a single image as input and output.

3.1. Model Architecture

In addition to the multi-scale architecture, we employ a
slightly modified version of residual network structure [12]
as a building block of our model. Using residual network
structure enables deeper architecture compared to a plain
CNN. Also, as blurry and sharp image pairs are similar in
values, it is efficient to let parameters learn the difference
only. We found that removing the rectified linear unit af-
ter the shortcut connection of the original residual building
block boosts the convergence speed at training time. We de-
note the modified building block as ResBlock. The original
and our modified building block are compared in Fig. 3.

By stacking enough number of convolution layers with
ResBlocks, the receptive field at each scale is expanded.
Details are described in the following paragraphs. For sake
of consistency, we define scale levels in the order of de-
creasing resolution (i.e. level 1 for finest scale). Unless
denoted otherwise, we use total K = 3 scales. At training
time, we set the resolution of the input and output Gaussian
pyramid patches to be {256 ! 256, 128 ! 128, 64 ! 64}.
The scale ratio between consecutive scales is 0.5. For all
convolution layers, we set the filter size to be 5! 5. As our
model is fully convolutional, at test time, the patch size may
vary as the GPU memory allows. The overall architecture
is shown in Fig. 4.
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ReLU
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OUTPUT

INPUT

CONV

ReLU
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BN

BN

(b)(a)
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Figure 3. (a) Original residual network building block. (b) Mod-

ified building block of our network. We did not use batch nor-

malization layers since we trained model with mini-batch of size

2, which is smaller than usual for batch normalization. We found

removing rectified linear unit just before the block output is bene-

ficial in terms of performance empirically.

Up
Conv

Up
Conv

ResBlock . . . ResBlock

ResBlock . . . ResBlock

ResBlock . . . ResBlock

CONV

CONV

CONV

CONV

CONV

CONV

Backprop

Backprop

Backprop

۰

۰

۰

ۺ

ۺ

ۺ

܁

܁

܁

Figure 4. Multi-scale network architecture. Bk , Lk, Sk denote blurry and latent, and ground truth sharp images, respectively. Subscript

k denotes k-th scale level in the Gaussian pyramid, which is downsampled to 1/2k scale. Our model takes a blurry image pyramid as the

input and outputs an estimated latent image pyramid. Every intermediate scale output is trained to be sharp. At test time, original scale

image is chosen as the final result.

Coarsest level network

At the front of the network locates the coarsest level net-
work. The first convolution layer transforms 1/4 resolu-
tion, 64 ! 64 size image into 64 feature maps. Then, 19
ResBlocks are stacked followed by last convolution layer
that transforms the feature map into input dimension. Every
convolution layer preserves resolution with zero padding. In
total, there are 40 convolution layers. The number of con-
volution layers at each scale level is determined so that total
model should have 120 convolution layers. Thus, the coars-
est level network has receptive field large enough to cover
the whole patch. At the end of the stage, the coarsest level
latent sharp image is generated. Moreover, information
from the coarsest level output is delivered to the next stage
where finer scale network is. To convert a coarsest output
to fit the input size of the next finer scale, the output patch
passes an upconvolution [22] layer, while other multi-scale
methods use reshaping [8] or upsampling [4, 6, 23]. Since
the sharp and blurry patches share low-frequency informa-
tion, learning suitable feature with upconvolution helps to
remove redundancy. In our experiment, using upconvolu-
tion showed better performance than upsampling. Then, the
upconvolution feature is concatenated with the finer scale
blurry patch as an input.

Finer level network

Finer level networks basically have the same structure as in
the coarsest level network. However, the first convolution
layer takes the sharp feature from the previous stage as well
as its own blurry input image, in a concatenated form. Every
convolution filter size is 5 ! 5 with the same number of
feature maps as in the coarsest level. Except for the last
finest scale, there is an upconvolution layer before the next
stage. At the finest scale, the original resolution sharp image
is restored.

3.2. Training

Our model is trained on the proposed GOPRO dataset.
Among 3214 pairs, 2103 pairs were used for training and
remainings were used for the test. To prevent our network
from overfitting, several data augmentation techniques are
involved. In terms of geometric transformations, patches
are randomly flipped horizontally and vertically, rotated by
90 degrees. For color, RGB channels are randomly per-
muted. To take image degradations into account, satura-
tion in HSV colorspace is multiplied by a random num-
ber within [0.5, 1.5]. Also, Gaussian random noise is
added to blurry images. To make our network be robust
against different strengths of noise, standard deviation of

ResBlock

Image Deblurring

(Nah et al., CVPR 2017) 199



Image Deblurring

200

(a) (b) (c)

Figure 1. (a) Input blurry image. (b) Result of Sun et al. [26]. (c) Our deblurring result. Our results show clear object boundaries without

artifacts.

Therefore, all the existing methods still have many prob-
lems before they could be generalized and used in practice.
These are mainly due to the use of simple and unrealis-
tic blur kernel models. Thus, to solve those problems, in
this work, we propose a novel end-to-end deep learning ap-
proach for dynamic scene deblurring.

First, we propose a multi-scale CNN that directly re-
stores latent images without assuming any restricted blur
kernel model. Especially, the multi-scale architecture is
designed to mimic conventional coarse-to-fine optimization
methods. Unlike other approaches, our method does not es-
timate explicit blur kernels. Accordingly, our method is free
from artifacts that arise from kernel estimation errors. Sec-
ond, we train the proposed model with a multi-scale loss
that is appropriate for coarse-to-fine architecture that en-
hances convergence greatly. In addition, we further improve
the results by employing adversarial loss [9]. Third, we pro-
pose a new realistic blurry image dataset with ground truth
sharp images. To obtain kernel model-free dataset for train-
ing, we employ the dataset acquisition method introduced
in [17]. As the blurring process can be modeled by the in-
tegration of sharp images during shutter time [17, 21, 16],
we captured a sequence of sharp frames of a dynamic scene
with a high-speed camera and averaged them to generate a
blurry image by considering gamma correction.

By training with the proposed dataset and adding proper
augmentation, our model can handle general local blur ker-
nel implicitly. As the loss term optimizes the result to
resemble the ground truth, it even restores occluded re-
gions where blur kernel is extremely complex as shown in
Fig. 1. We trained our model with millions of pairs of image
patches and achieved significant improvements in dynamic
scene deblurring. Extensive experimental results demon-
strate that the performance of the proposed method is far

superior to those of the state-of-the-art dynamic scene de-
blurring methods in both qualitative and quantitative evalu-
ations.

1.1. Related Works

There are several approaches that employed CNNs for
deblurring [29, 26, 25, 1].

Xu et al. [29] proposed an image deconvolution CNN to
deblur a blurry image in a non-blind setting. They built a
network based on the separable kernel property that the (in-
verse) blur kernel can be decomposed into a small number
of significant filters. Additionally, they incorporated the de-
noising network [7] to reduce visual artifacts such as noise
and color saturation by concatenating the module at the end
of their proposed network.

On the other hand, Schuler et al. [25] proposed a blind
deblurring method with CNN. Their proposed network
mimics conventional optimization-based deblurring meth-
ods and iterates the feature extraction, kernel estimation,
and the latent image estimation steps in a coarse-to-fine
manner. To obtain pairs of sharp and blurry images for net-
work training, they generated uniform blur kernels using a
Gaussian process and synthesized lots of blurry images by
convolving them to the sharp images collected from the Im-
ageNet dataset [3]. However, they reported performance
limits for large blurs due to their suboptimal architecture.

Similarly to the work of Couzinie-Devy et al. [2], Sun
et al. [26] proposed a sequential deblurring approach. First,
they generated pairs of blurry and sharp patches with 73
candidate blur kernels. Next, they trained classification
CNN to measure the likelihood of a specific blur kernel of
a local patch. And then smoothly varying blur kernel is ob-
tained by optimizing an energy model that is composed of
the CNN likelihoods and smoothness priors. Final latent

Blurred images Sun et al., CVPR 2015 Nah et al., CVPR 2017
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• non-uniform motion blur from a single blurry image. 

• Key idea: Use a conditional GAN and content loss

Figure 2: GoPro images [25] processed by DeblurGAN. Blurred – left, DeblurGAN – center, ground truth sharp – right.

We make three contributions. First, we propose a loss
and architecture which obtain state-of-the art results in mo-
tion deblurring, while being 5x faster than the fastest com-
petitor. Second, we present a method based on random
trajectories for generating a dataset for motion deblurring
training in an automated fashion from the set of sharp im-
age. We show that combining it with an existing dataset
for motion deblurring learning improves results compared
to training on real-world images only. Finally, we present a
novel dataset and method for evaluation of deblurring algo-
rithms based on how they improve object detection results.

2. Related work

2.1. Image Deblurring

The common formulation of non-uniform blur model is
the following:

IB = k(M) ⇤ IS +N, (1)

where IB is a blurred image, k(M) are unknown blur ker-
nels determined by motion field M . IS is the sharp latent
image, ⇤ denotes the convolution, N is an additive noise.
The family of deblurring problems is divided into two types:
blind and non-blind deblurring. Early work [37] mostly fo-
cused on non-blind deblurring, making an assumption that

the blur kernels k(M) are known. Most rely on the classi-
cal Lucy-Richardson algorithm, Wiener or Tikhonov filter
to perform the deconvolution operation and obtain IS esti-
mate. Commonly the blur function is unknown, and blind
deblurring algorithms estimate both latent sharp image IS

and blur kernels k(M). Finding a blur function for each
pixel is an ill-posed problem, and most of the existing algo-
rithms rely on heuristics, image statistics and assumptions
on the sources of the blur. Those family of methods ad-
dresses the blur caused by camera shake by considering blur
to be uniform across the image. Firstly, the camera motion
is estimated in terms of the induced blur kernel, and then
the effect is reversed by performing a deconvolution oper-
ation. Starting with the success of Fergus et al. [8], many
methods [44][42][28][3] has been developed over the last
ten years. Some of the methods are based on an iterative ap-
proach [8] [44], which improve the estimate of the motion
kernel and sharp image on each iteration by using paramet-
ric prior models. However, the running time, as well as the
stopping criterion, is a significant problem for those kinds
of algorithms. Others use assumptions of a local linearity
of a blur function and simple heuristics to quickly estimate
the unknown kernel. These methods are fast but work well
on a small subset of images.

Recently, Whyte et al. [40] developed a novel algorithm

Blurred images Groundtruth Predicted
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dom noise vector z, to y : G : x, z ! y. Isola et al.
also put a condition on the discriminator and use U-net
architecture [31] for generator and Markovian discrimina-
tor which allows achieving perceptually superior results on
many tasks, including synthesizing photos from label maps,
reconstructing objects from edge maps, and colorizing im-
ages.

3. The proposed method

The goal is to recover sharp image IS given only a
blurred image IB as an input, so no information about the
blur kernel is provided. Debluring is done by the trained
CNN G✓G , to which we refer as the Generator. For each
IB it estimates corresponding IS image. In addition, during
the training phase, we introduce critic the network D✓D and
train both networks in an adversarial manner.

3.1. Loss function

We formulate the loss function as a combination of con-
tent and adversarial loss:

L = LGAN| {z }
adv loss

+ � · LX| {z }
content loss| {z }

total loss

(5)

where the � equals to 100 in all experiments. Unlike Isola et

al. [16] we do not condition the discriminator as we do not
need to penalize mismatch between the input and output.
Adversarial loss Most of the papers related to conditional
GANs, use vanilla GAN objective as the loss [20][25] func-
tion. Recently [47] provides an alternative way of using
least aquare GAN [23] which is more stable and generates
higher quality results. We use WGAN-GP [11] as the critic
function, which is shown to be robust to the choice of gen-
erator architecture [2]. Our premilinary experiments with
different architectures confirmed that findings and we are
able to use architecture much lighter than ResNet152 [25],
see next subsection. The loss is calculated as the following:

LGAN =
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�D✓D (G✓G(I
B)) (6)

DeblurGAN trained without GAN component converges,
but produces smooth and blurry images.

Content loss. Two classical choices for ”content” loss
function are L1 or MAE loss, L2 or MSE loss on raw pix-
els. Using those functions as sole optimization target leads
to the blurry artifacts on generated images due to the pixel-
wise average of possible solutions in the pixel space [20].
Instead, we adopted recently proposed Perceptual loss [17].
Perceptual loss is a simple L2-loss, but based on the differ-
ence of the generated and target image CNN feature maps.
It is defined as following:

Figure 4: DeblurGAN training. The generator network
takes the blurred image as input and produces the estimate
of the sharp image. The critic network takes the restored
and sharp images and outputs a distance between them. The
total loss consists of the WGAN loss from critic and the per-
ceptual loss [17]. The perceptual loss is the difference be-
tween the VGG-19 [34] conv3.3 feature maps of the sharp
and restored images. At test time, only the generator is kept.
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where �i,j is the feature map obtained by the j-th convo-
lution (after activation) before the i-th maxpooling layer
within the VGG19 network, pretrained on ImageNet [7],
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Figure 3: DeblurGAN generator architecture. DeblurGAN contains two strided convolution blocks with stride 1
2 , nine resid-

ual blocks [13] and two transposed convolution blocks. Each ResBlock consists of a convolution layer, instance normalization
layer, and ReLU activation.

for non-uniform blind deblurring based on a parametrized
geometric model of the blurring process in terms of the
rotational velocity of the camera during exposure. Simi-
larly Gupta et al. [12] made an assumption that the blur is
caused only by 3D camera movement. With the success
of deep learning, over the last few years, there appeared
some approaches based on convolutional neural networks
(CNNs). Sun et al. [36] use CNN to estimate blur ker-
nel, Chakrabarti [6] predicts complex Fourier coefficients
of motion kernel to perform non-blind deblurring in Fourier
space whereas Gong [9] use fully convolutional network to
move for motion flow estimation. All of these approaches
use CNN to estimate the unknown blur function. Recently,
a kernel-free end-to-end approaches by Noorozi [27] and
Nah [25] that uses multi-scale CNN to directly deblur the
image. Ramakrishnan et al. [29] use the combination of
pix2pix framework [16] and densely connected convolu-
tional networks [15] to perform blind kernel-free image
deblurring. Such methods are able to deal with different
sources of the blur.

2.2. Generative adversarial networks

The idea of generative adversarial networks, introduced
by Goodfellow et al. [10], is to define a game between two
competing networks: the discriminator and the generator.
The generator receives noise as an input and generates a
sample. A discriminator receives a real and generated sam-
ple and is trying to distinguish between them. The goal of
the generator is to fool the discriminator by generating per-
ceptually convincing samples that can not be distinguished
from the real one. The game between the generator G and
discriminator D is the minimax objective:

min
G

max
D

E
xvPr

[log(D(x))] + E
x̃vPg

[log(1�D(x̃))] (2)

where Pr is the data distribution and Pg is the model dis-
tribution, defined by x̃ = G(z), z v P (z), the input z

is a sample from a simple noise distribution. GANs are
known for its ability to generate samples of good percep-
tual quality, however, training of vanilla version suffer from

many problems such as mode collapse, vanishing gradi-
ents etc, as described in [33]. Minimizing the value func-
tion in GAN is equal to minimizing the Jensen-Shannon di-
vergence between the data and model distributions on x.
Arjovsky et al. [2] discuss the difficulties in GAN train-
ing caused by JS divergence approximation and propose
to use the Earth-Mover (also called Wasserstein-1) distance
W (q, p). The value function for WGAN is constructed us-
ing Kantorovich-Rubinstein duality [39]:

min
G

max
D2D

E
xvPr

[D(x)]� E
x̃vPg

[D(x̃)] (3)

where D is the set of 1�Lipschitz functions and Pg is once
again the model distribution The idea here is that critic value
approximates K ·W (Pr, P✓), where K is a Lipschitz con-
stant and W (Pr, P✓) is a Wasserstein distance. In this set-
ting, a discriminator network is called critic and it approx-
imates the distance between the samples. To enforce Lips-
chitz constraint in WGAN Arjovsky et al. add weight clip-
ping to [�c, c]. Gulrajani et al. [11] propose to add a gradi-
ent penalty term instead:

� E
x̃vPx̃

[(krx̃D(x̃)k2 � 1)2] (4)

to the value function as an alternative way to enforce the
Lipschitz constraint. This approach is robust to the choice
of generator architecture and requires almost no hyperpa-
rameter tuning. This is crucial for image deblurring as it al-
lows to use novel lightweight neural network architectures
in contrast to standard Deep ResNet architectures, previ-
ously used for image deblurring [25].

2.3. Conditional adversarial networks

Generative Adversarial Networks have been applied to
different image-to-image translation problems, such as su-
per resolution [20], style transfer [22], product photo gen-
eration [5] and others. Isola et al. [16] provides a detailed
overview of those approaches and present conditional GAN
architecture also known as pix2pix. Unlike vanilla GAN,
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Figure 7: Results on the GoPro test dataset. From left to right: blurred photo, Nah et al. [25], DeblurGAN.

Figure 8: Results on the Kohler dataset. From left to right: blurred photo, Nah et al. [25], DeblurGAN.

different datasets. The first model to which we re-
fer as DeblurGANWILD was trained on a random crops
of size 256x256 from 1000 GoPro training dataset im-

ages [25] downscaled by a factor of two. The second one
DeblurGANSynth was trained on 256x256 patches from MS
COCO dataset blurred by method, presented in previous

Blurred images Nah et al., CVPR 2017 Kupyn et al., CVPR 2018
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Fig. 1. Illustration of our proposed dual adversarial framework. The solid lines denote
the forward process, and the dotted lines mark the gradient interaction between the
denoiser and generator during the backword.

From the Bayesian perspective, most of the traditional denoising methods
can be interpreted within the Maximum A Posteriori (MAP) framework, i.e.,
maxx p(x|y) / p(y|x)p(x), which involves one likelihood term p(y|x) and one
prior term p(x). Under this framework, there are two methodologies that have
been considered. The first attempts to model the likelihood term with proper
distributions, e.g., Gaussian, Laplacian, MoG [33, 55, 59] and MoEP [10], which
represents di↵erent understandings for the noise generation mechanism, while
the second mainly focuses on exploiting better image priors, such as total vari-
ation [40], non-local similarity [8], low-rankness [15, 17, 47, 53] and sparsity [31,
52, 58]. Despite better interpretability led by Bayesian framework, these MAP-
based methods are still limited by the manual assumptions on the noise and
image priors, which may largely deviate from the real images.

In recent years, deep learning (DL)-based methods have achieved impressive
success in image denoising task [4, 56, 57]. However, as is well known, training
a deep denoiser requires large amount of clean-noisy image pairs, which are
time-consuming and expensive to collect. To address this issue, several noise
generation5 approaches were proposed to simulate more clean-noisy image pairs
to facilitate the training of deep denoisers. The main idea behind them is to
unfold the in-camera processing pipelines [7,19], or directly learn the distribution
p(y) as in [11,25] using generative adversarial network (GAN) [16]. However, the

5 The phrase “noise generation” indicates the generation process of noisy image from
clean image throughout this paper.

(Yue et al., ECCV 2020)
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(a) Real (b) CBDNet (c) ULRD (d) GRDN (e) DANet

Fig. 3. Illustration of one typical generated noisy images (1st row) by di↵erent methods
and their corresponding noise (2nd row) and variance map (3rd row) estimated by
Eq. (11). The first column represents the real ones in SIDD validation set.

5.2 Results on SIDD Benchmark

In this part, SIDD [1] benchmark is employed to evaluate the denoising per-
formance and generation quality of our proposed method. The full SIDD data
set contains about 24000 clean-noisy image pairs as training data, and the rest
6000 image pairs are held as the benchmark for testing. For fast training and
evaluation, one medium training set (320 image pairs) and validation set (40
image pairs) are also provided, but the testing results can only be obtained by
submission. We trained DANet and DANet+ on the medium version training
set, and evaluated on the validation and testing sets.
Noise Generation: The generator G in DANet is mainly used to synthesize
the corresponding noisy image given any clean one. As introduced in Sec. 4, two
metrics PGap and AKLD are designed to assess the generated noisy image. Based
on these two metrics, we compared DANet with three recent methods, including
CBDNet [19], ULRD [7] and GRDN [25]. CBDNet and ULRD both attempted
to generate noisy images by simulating the in-camera processing pipelines, while
GRDN directly learned the noise distribution using GAN [16].

Table 1 lists the PGap values of di↵erent methods on SIDD validation set.
For the calculation of PGap, SIDD validation set is regarded as the testing set T
in Eq. (9). Obviously, DANet achieves the best performance. Figure 2 displays
the PSNR curves of di↵erent denoisers trained on the real training set or only the

Generated Noisy Images
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Denoising results

DANet for noise removal and generation 11

Table 2. The PSNR and SSIM results of di↵erent methods on SIDD validation and
testing sets. The best results are highlighted in bold.

Datasets Metrics
Methods

CBM3D WNNM DnCNN CBDNet RIDNet VDN DANet DANet+

Testing
PSNR" 25.65 25.78 23.66 33.28 - 39.26 39.25 39.43
SSIM" 0.685 0.809 0.583 0.868 - 0.955 0.955 0.956

Validation
PSNR" 25.29 26.31 38.56 38.68 38.71 39.29 39.30 39.47
SSIM" 0.412 0.524 0.910 0.909 0.913 0.911 0.916 0.918

(a): Noisy

(f ): CBDNet

(d): WNNM

(i): DANet

(e): DnCNN

(j): DANet+

(b): GroundTruth

(g): RIDNet

(c): BM3D

(h): VDN

Fig. 4. One typical denoising example in the SIDD validation dataset.

synthetic training sets generated by di↵erent methods, which gives an intuitive
illustration for PGap. It can be seen that all the methods tend to gradually
overfit to their own synthetic training set, especially for CBDNet. However,
DANet performs not only more stably but also better than other methods.

The average AKLD results calculated on all the images of SIDD validation set
are also listed in Table 1. The smallest AKLD of DANet indicates that it learns
a better implicit distribution to approximate the true distribution p(y|x). Fig. 3
illustrates one typical example of the real and synthetic noisy images generated
by di↵erent methods, which provides an intuitive visualization for the AKLD
metric. In summary, DANet outperforms other methods both in quantization
and visualization, even though some of them make use of additional metadata.
Noise Removal: To verify the e↵ectiveness of our proposed method on real-
world denoising task, we compared it with several state-of-the-art methods, in-
cluding CBM3D [14], WNNM [17], DnCNN [57], CBDNet [19], RIDNet [4] and
VDN [56]. Table 2 lists the PSNR and SSIM results of di↵erent methods on SIDD
validation and testing sets. It should be noted that the results on testing sets
are cited from o�cial website7, but the results on validation set are calculated
by ourself. For fair comparison, we retrained DnCNN and CBDNet on SIDD
training set. From Table 2, it is easily observed that: 1) deep learning methods

7
https://www.eecs.yorku.ca/~kamel/sidd/benchmark.php
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Fig. 2. Illustration of the proposed framework. Our framework is composed of two main networks: the generator G and the discriminator D. As illustrated,
the three input LDR images Li (i 2 {1, 2, 3}) are fed into the generator network G to produce the output HDR image. G consists of the encoding blocks
(i.e., the blue cubes) that extract features from the LDR images, the merging blocks (i.e., the light purple cubes) that align the LDR features, and the decoding
blocks (i.e., the green cubes) that restore the aggregated features to larger scales. It produces two HDR images Ĥ1 and Ĥ2 for supervision with L1 loss,
while Ĥ2 represents the output HDR image. On the other hand, the discriminator network D is employed to discriminate between the generated images and
the ground-truth via an adversarial loss.

by the blue cubes from the top to bottom of Fig. 2), which
help extract visual features in 1st, 2nd, and 3rd scales from one
input Xi. Formally, we denote the encoding blocks of different
scales as F

e
j,i, j, i = {1, 2, 3}, where i refers to the index of

the input X and j refers to the index of the network scale.
Each encoding block is a two-layer residual structure without
the pooling layers, followed by a convolutional layer with a
3 ⇥ 3 kernel size and stride 2 for downsampling the feature
maps (shown as red arrows in Fig. 2). Hence, the encoded
features at the j-th scale for Xi, denoted as Ej,i, is computed
by sequentially passing Xi through the encoding blocks from
the top scale (i.e., j = 1) to the bottom scale (i.e., j = 3) as:

E1,i = F
e
1,i(Xi),

E2,i = F
e
2,i(F

down(F e
1,i(Xi))),

E3,i = F
e
3,i(F

down(F e
2,i(F

down(F e
1,i(Xi))))), (3)

where F
down(·) is implemented as a convolutional layer with

stride 2.
Reference-aligned feature fusion. After extracting the

features from the input LDR images, we fuse the features of
different scales using the proposed merging blocks as shown in
Fig. 2, which also help align the image content in the feature
domain with a residual structure. In particular, the encoded
features from three encoding blocks of the same scale are
concatenated and transformed by a merging block, i.e., Fm

j

(j = {1, 2, 3}), as:

Mj = F
m
j ({Ej,1 � Ej,2 � Ej,3},Ej,2), (4)

where Mj is the merged features of the j
th scale. � de-

notes the concatenation operator. Hence, {Ej,1 �Ej,2 �Ej,3}
represents the concatenation of the encoded features from
multiple exposures in the j

th scale. In each merging block,
we introduce a reference-based residual structure. According
to Eq. 4, there is an additional input Ej,2 (i.e., the encoded

features from the reference image) to the merging block F
m
j .

Ej,2 is directly fed to the end of the merging block to form
a residual structure. The purpose of this design is to enforce
the alignment of the encoded features by utilizing the features
from the three LDR images to compensate the features from
the reference image (i.e., Ej,2). In essence, the features from
the low and high exposures will be adapted to those of the
median exposure (i.e., the reference image) to mitigate the
misalignment problem. Represented by light purple cubes
in Fig. 2, each merging block is composed of four dilated
convolutional layers with 3⇥3 kernel size and a dilated factor
of 2 to transform the concatenated features and allow Ej,2 to
skip-connect to the end of the block.

Deep HDR supervision. To further eliminate the artifacts
in order to obtain high-fidelity results, we propose a deep
HDR supervision scheme. Compared with prior deep supervi-
sion structures [16]–[18], [34], we upsample the intermediate
merged features and concatenate them with those in the upper
scales to produce the HDR images at the original spatial
dimension using a series of decoding blocks. With the ag-
gregated cross-scale features and the skip-connected encoded
features from the reference image involved in the decoders, as
demonstrated in the ablation study in Section IV-D, the deep
supervision can further enforce the alignment of the merged
features and thus our network is able to produce better quality
HDR images.

Specifically, at the j
th scale, we concatenate the features

from the reference image (i.e., Ej,2), the merged features Mj

computed by Eq. 4, and the upsampled features of the lower
scale F

up(Mj+1) into feature maps with rich information.
Note that Ej,2, Mj and F

up(Mj+1) have all been aligned
with the features from the reference image.

Recall that in the traditional encoder-decoder architecture
(e.g., [34]), the encoded features of the deepest scale will be
fed to the decoding blocks and upsampled sequentially. To
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TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS. THE BEST

PERFORMANCE VALUES ARE INDICATED IN BOLDED. † INDICATES THAT
THE RESULTS ARE FROM [12] AND [14]. (ALL THESE RESULTS ARE THE

HIGHER THE BETTER.)

Method PSNRµ PSNRL SSIMµ SSIML HDR-VDP-2

Sen et al. [15]† 40.800 38.110 0.9808 0.9721 59.38
Hu et al. [38]† 35.790 30.760 0.9717 0.9503 57.05

Kalantari et al. [11] 42.670 41.232 0.9888 0.9846 65.05
DeepHDR [12]† 41.650 40.880 0.9860 0.9858 64.90
AHDRNet [13] 43.631 41.143 0.9900 0.9702 64.61

NHDRRNet [14]† 42.414 - 0.9887 - 61.21
Ours 43.922 41.572 0.9905 0.9865 65.45

1500⇥1000 resolution. Specifically, we sample patches of size
512 ⇥ 512 from the training set for training. To augment the
training set, we randomly crop the training images and apply
random rotation/flipping on the patches. The learning rate of
our network is 10�4 initially, decays to 10�5 after 114,300
iterations, and then drops to 10�6 after 706,400 iterations. We
train our model with a batch size of 2 for 1,215,000 iterations
in total using the Adam solver, and the entire training process
takes around a week. During inference, our model takes on
average 0.29s and 8,833 MB memory to process a set of LDR
images at 1440⇥ 960 resolution.

C. Comparison with the State-of-the-Arts
To evaluate our model, we compare it with the state-of-the-

art HDR methods on the test images in the HDR dataset [11].
The state-of-the-art methods used for comparison include two
patch-based methods, Sen et al. [15] and Hu et al. [38],
and four deep-learning-based methods, Kalantari et al. [11],
DeepHDR [12], AHDRNet [13], and NHDRRNet [14]. Note
that Kalantari et al. [11] apply optical flow to align the input
images in the preprocessing stage. DeepHDR [12] requires the
background of the input images to be aligned by homography
transformation, while AHDRNet [13] and our method do not
need to align the input images in the preprocessing stage.

Table I shows the results of the experiment. Note that the
quantitative results for Sen et al. [15], Hu et al. [38], and
DeepHDR [12] are from [12]; those for NHDRRNet [14]
are from [14]. On the other hand, we re-train the models
from [11] and [13] and report the collected results. This
is because we find that their reported results are slightly
lower than the results that we obtain in running their models.
Nevertheless, we can see that our method outperforms all the
comparison methods on all metrics. Our top-performing results
in the terms of PSNRL and PSNRµ implies the generation
capability of our proposed method in the HDR domain and
the tonemapping domain. Compared with the latest works
[13], [14] that introduce attention schemes to relieve the LDR
misalignment problem, their results in the terms of SSIMµ and
SSIML are not on par with those of our approach, indicating
that their models cannot consistently preserve the structural
information of produced HDR images as ours. In addition, our
results also demonstrate a healthy margin over other baselines
on HDR-VDP-2 for the produced HDR image quality.

We also show several example scenarios with dynamic
objects or camera motions from public datasets for visual
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Fig. 3. An example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 4. Another example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 5. An example from another dataset [35] (which does not provide ground-
truth images). We qualitatively compare two sets of patches cropped from the
tonemapped HDR images generated by the state-of-the-art methods.
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takes around a week. During inference, our model takes on
average 0.29s and 8,833 MB memory to process a set of LDR
images at 1440⇥ 960 resolution.
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and four deep-learning-based methods, Kalantari et al. [11],
DeepHDR [12], AHDRNet [13], and NHDRRNet [14]. Note
that Kalantari et al. [11] apply optical flow to align the input
images in the preprocessing stage. DeepHDR [12] requires the
background of the input images to be aligned by homography
transformation, while AHDRNet [13] and our method do not
need to align the input images in the preprocessing stage.

Table I shows the results of the experiment. Note that the
quantitative results for Sen et al. [15], Hu et al. [38], and
DeepHDR [12] are from [12]; those for NHDRRNet [14]
are from [14]. On the other hand, we re-train the models
from [11] and [13] and report the collected results. This
is because we find that their reported results are slightly
lower than the results that we obtain in running their models.
Nevertheless, we can see that our method outperforms all the
comparison methods on all metrics. Our top-performing results
in the terms of PSNRL and PSNRµ implies the generation
capability of our proposed method in the HDR domain and
the tonemapping domain. Compared with the latest works
[13], [14] that introduce attention schemes to relieve the LDR
misalignment problem, their results in the terms of SSIMµ and
SSIML are not on par with those of our approach, indicating
that their models cannot consistently preserve the structural
information of produced HDR images as ours. In addition, our
results also demonstrate a healthy margin over other baselines
on HDR-VDP-2 for the produced HDR image quality.

We also show several example scenarios with dynamic
objects or camera motions from public datasets for visual
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Fig. 3. An example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 4. Another example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 5. An example from another dataset [35] (which does not provide ground-
truth images). We qualitatively compare two sets of patches cropped from the
tonemapped HDR images generated by the state-of-the-art methods.
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that Kalantari et al. [11] apply optical flow to align the input
images in the preprocessing stage. DeepHDR [12] requires the
background of the input images to be aligned by homography
transformation, while AHDRNet [13] and our method do not
need to align the input images in the preprocessing stage.

Table I shows the results of the experiment. Note that the
quantitative results for Sen et al. [15], Hu et al. [38], and
DeepHDR [12] are from [12]; those for NHDRRNet [14]
are from [14]. On the other hand, we re-train the models
from [11] and [13] and report the collected results. This
is because we find that their reported results are slightly
lower than the results that we obtain in running their models.
Nevertheless, we can see that our method outperforms all the
comparison methods on all metrics. Our top-performing results
in the terms of PSNRL and PSNRµ implies the generation
capability of our proposed method in the HDR domain and
the tonemapping domain. Compared with the latest works
[13], [14] that introduce attention schemes to relieve the LDR
misalignment problem, their results in the terms of SSIMµ and
SSIML are not on par with those of our approach, indicating
that their models cannot consistently preserve the structural
information of produced HDR images as ours. In addition, our
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on HDR-VDP-2 for the produced HDR image quality.

We also show several example scenarios with dynamic
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Fig. 5. An example from another dataset [35] (which does not provide ground-
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tonemapped HDR images generated by the state-of-the-art methods.



3 methods of inversion:

• Optimization-based (b)
• Learning-based (c)
• Hybrid (d)

GAN Inversion

213(Xia et al., arXiv 2021)



Time-travel Rephotography

214
214

• Key idea: Use the StyleGAN2 framework to project old photos into the 
space of modern high-resolution photos for enhancing their quality.

(Luo et al., SIGGRAPH Asia 2021)
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Figure 2. Given an input antique image, we use a feed-forward encoder to compute an exemplar (sibling) in the latent space of StyleGAN2.
We use the sibling as a starting point in the latent code optimization step, that seeks for an image that resembles the input. We guide the
optimization using a degradation module that simulates the unique properties of antique images while maintaining color and skin texture
details present in the sibling.

images” [1, 7]. We focus on portraits recorded a century
ago, shortly after cameras were invented in the late 1800s
through the early 1900s. These are some of the most chal-
lenging photos to restore due both to loss of quality through
the aging process and limitations of early film.

Photographic film has evolved significantly since its in-
vention. The first glass-plate emulsions were sensitive only
to blue and ultraviolet light [50]. Orthochromatic emul-
sions [50], introduced in 1873, provided sensitivity to both
green and blue light. Photographic portraits of that era ren-
dered skin poorly, artificially darkening lips and exagger-
ating wrinkles, creases, and freckles, due to the lack of
red sensitivity. In particular, they underestimate the ef-
fect of subsurface scattering, which gives skin its charac-
teristic smooth appearance, and is more prevalent in the
longer wavelengths [32]. Panchromatic film, sensitive to
red, green, and blue first appeared in 1907, yet orthochro-
matic films remained popular through the first half of the
20th century [2].

To simulate rephotographing historical people with a
modern camera, we must account for these differences in
color sensitivity of antique film, in addition to blur, fading
(poor exposure, contrast), noises, low resolution, and other
artifacts of antique photos.

4. Method

We seek to synthesize a modern photo of a historical per-
son, using an antique black-and-white photo as reference.
Our approach is based on the idea of projecting the antique
photo into the space of modern high-resolution color images
represented by the StyleGAN2 generative model [35].

Our approach resembles previous techniques that opti-
mize the latent representation of StyleGAN2 to synthesize

an image [8]. However, in our case, we don’t want to ex-
actly fit the antique image, as that would produce a black
and white result with many of the same artifacts. Instead,
we want to find a StyleGAN2 synthesized result depicting
a subject, that if they were captured by an antique camera,
would match the input.

A first step is to convert the StyleGAN2 output to
grayscale before comparing with the antique input image.
This naive approach is poorly constrained and leads to un-
realistic colorized results. Instead, we employ an additional
exemplar image as a reference, that has similar facial fea-
tures as the input, yet contains high frequency details and
natural color and lighting. Section 4.1 explains how we
compute such an exemplar automatically. We call it the
sibling image, as it resembles characteristics of the input
while having a different identity, and Section 4.2 introduces
losses to constrain the optimization and preserve the color
and details present in the sibling image.

To further reduce the perceived identity gap between
the input image and the modern portrait, we design re-
construction losses specifically suited for antique images
(Section 4.3). A key contribution is a degradation mod-
ule, that simulates the image formation model present in an-
tique photos, and is applied to the StyleGAN2 result before
comparing it with the input antique photo. The degradation
module accounts for different types of film substrate, scan-
ning processes and camera response curves, and in conjunc-
tion allows for improved rephotography results. We provide
details on the latent code optimization in Section 4.4 and a
system overview in Figure 2.

4.1. Sibling Encoder

Given a low-resolution grayscale reference image as in-
put, denoted as I , we seek to generate a high-resolution
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Figure 8. Comparisons of our approach to a pipeline built from published techniques for restoring, colorizing, and enlarging antique images.
We evaluated four prior colorization algorithms, detailed in the paper, all of which fail to achieve the same realistic skin appearance and
overall image quality as our approach. Top to bottom: Dorothy Hodgkin (1947), Henry Ford (1928), and Niels Bohr (1922).
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Figure 9. Our approach can struggle to render uncommon image
features such as certain (facial) hairstyles, accessories, and cloth-
ing. Extremely poor image quality or severely compressed inten-
sity gamuts may limit the quality of the result. From left to right:
Alexander Grapham Bell (1904), Dowager Cixi (1903), Alexandre
Dumas (1855) and Grace Hopper (1906 - 1992).

7. Conclusion

We introduced time-travel rephotography, an image syn-
thesis technique that simulates rephotographing famous
subjects from the past using a modern high-resolution cam-
era based on a black-and-white reference photo. Our basic
approach is to project this reference image into the space
of modern high-resolution images represented by the Style-
GAN2 generative model [33]. This is accomplished through
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Figure 10. Wrong gender or ethnicity in sibling prediction can
sometimes affect the result. Changing to a different sibling with
the correct gender and ethnicity helps to alleviate this issue. Left:
Martin Luther King Jr. (1964). Right: Edith Cowan (1900).

a constrained optimization over latent style codes that is
guided by a novel reconstruction loss that simulates the
unique properties of old film and cameras. We also intro-
duce a sibling network that generates an image for recover-
ing colors and local details in the result. Improving on ap-
plying a sequence of state-of-the-art techniques for image
restoration, colorization, and super-resolution, our unified
approach is able to render strikingly realistic and immedi-
ately recognizable images of historical figures.
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