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• Semantic Segmentation

• Image-to-Image Translation
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Krähenbühl, Philipp, and Vladlen Koltun. "Efficient inference in fully connected crfs with gaussian edge 
potentials." Advances in neural information processing systems. 2011.
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https://www.cs.cmu.edu/~efros/courses/LBMV12/crf_deconstruction.pdf
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• Mean field approximation
• Minimize KL divergence !(#||%),

s.t. # ' =)
*
#*('*)

• Iterative update equation

• Message passing from all '+ to all '*
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• PASCAL dataset
• 10, 582 images
• 21 classes
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• Semantic Segmentation

• Image-to-Image Translation
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• Multi-output regression

• ! " − $ %

?
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Isola, Phillip, et al. "Image-to-image translation with conditional adversarial 
networks." arXiv preprint (2017).
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Radford, Alec, Luke Metz, and Soumith Chintala. "Unsupervised representation learning with deep 
convolutional generative adversarial networks." arXiv preprint arXiv:1511.06434 (2015).
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P(X, Y) P(X)            P(Y)

P(Y|X) Infinite solutions!!



… Discriminator D": #$%& ' ( , *
Real zebras vs. generated zebras ……
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http://people.eecs.berkeley.edu/~junyanz/talks/pix2pix_cyclegan.pptx

Zhu, Jun-Yan, et al. "Unpaired image-to-image translation using cycle-consistent 
adversarial networks." arXiv preprint arXiv:1703.10593 (2017).



Discriminator D": #$%& ' ( , *
Real horses vs. generated horses

Discriminator D+: #$%& , * , (
Real zebras vs. generated zebras ……

 	�������



mode collapse!



Discriminator

x G(x)

D
Generator

G Real!



Discriminator

x G(x)

D
Generator

G Real too!



x G(x)

Generator

G
D

No input-output pairs!



Cycle-consistency Loss
Forward cycle loss: F G x − x %G(x) F(G x )x



Cycle-consistency Loss
Large cycle lossForward cycle loss: F G x − x %G(x) F(G x )x Small cycle loss



Cycle-consistency Loss
Backward cycle loss: ! " # − # %Forward cycle loss: F G x − x %G(x) F(G x )x F(y) G(F x )#
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GAN loss:

Cycle consistent loss:

Autoencoder



Cezanne Ukiyo-eMonetInput Van Gogh





Failure cases
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……

Constrain !" and !#

M.-Y. Liu and O. Tuzel. Coupled generative adversarial 
networks. In NIPS, pages 469–477, 2016. 3, 5



34

����
� ��
�	�



����

35

……

Infer z from x, VAE, ALI

Ming-Yu Liu, Thomas Breuel, Jan Kautz, "Unsupervised 
Image-to-Image Translation Networks" NIPS 2017 
Spotlight, arXiv:1703.00848 2017
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Hoffman, Judy, et al. "CyCADA: Cycle-Consistent Adversarial Domain Adaptation." arXiv
preprint arXiv:1711.03213 (2017).
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Predict the future:
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Let’s revisit prediction (at test time):

……

Non-parametric methods 
directly model the joint 
conditional distribution!
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Linear Regression with no noise:

Feature vector

Example 1:

Example 2:
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Linear Regression with no noise:

Feature vector

• In many applications, one relies on 
generic smoothness assumptions:
• If two inputs x and xʹ then outputs 

(y and yʹ) should be similar. 



Let’s integrate ! out to get                             :
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Linear Regression with no noise:

Feature vector

Joint conditional 
distribution

covariance function 

What if instead of " # , we specify %(#', #) directly?
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• The covariance function controls the behavior of the 
prediction function (! → #) implicitly.

• Examples of $(!, !′) :

Squared Exponential Linear So-called Neural Network

Non-StationaryStationary
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• The covariance function controls the behavior of the 
prediction function (! → #) implicitly.

• The $(!, !′) specifies the prior over functions:
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• The covariance function controls the behavior of the 
prediction function (! → #) implicitly.

• The $(!, !′) specifies the prior over functions.

• Potentially, the )(!) function can be infinite dimensional.

• $(!, !′) should be positive definite (Mercer Theorem):
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• The covariance function controls the behavior of the 
prediction function (! → #) implicitly.

• The $(!, !′) specifies the prior over functions.

• Potentially, the )(!) function can be infinite dimensional.

• $(!, !′) should be positive definite (Mercer Theorem).

• The covariance function (kernel) can be defined between
many different objects.
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• The Gaussian process (GP) as a prior on functions.

• Covariance function and hyperparameters reflect the prior 
belief on function smoothness, length scales etc.



61

��������� 
	����

• The Gaussian process (GP) as a prior on functions.

• Covariance function and hyperparameters reflect the prior 
belief on function smoothness, length scales etc.

• A GP is a collection of random variables, any finite number of 
which have a joint Gaussian distribution.

Infinite dimension: Finite dimension:
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• The Gaussian process (GP) as a prior on functions.

• Covariance function and hyperparameters reflect the prior 
belief on function smoothness, length scales etc.

• A GP is a collection of random variables, any finite number of 
which have a joint Gaussian distribution.

• Easy inference for the regression.
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Regression Case:



66

 	��
�	����	���

Classification Case:


