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Season change Artistic style transfer

[Gatys et al. 2016]
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Be careful what you wish for!



Image colorization
Designing loss functions

L2 regression

Super-resolution

[Johnson, Alahi, Li, ECCV 2016]

L2 regression

[Zhang, Isola, Efros, ECCV 2016]



Image colorization
Designing loss functions

Cross entropy objective, 
with colorfulness term

Deep feature covariance 
matching objective

[Johnson, Alahi, Li, ECCV 2016]

Super-resolution
[Zhang, Isola, Efros, ECCV 2016]
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Generated 
vs Real 
(classifier) 

[Goodfellow, Pouget-Abadie, Mirza, Xu, 
Warde-Farley, Ozair, Courville, Bengio 2014]

“Generative Adversarial Network”
 (GANs)

Real photos

Generated images

…
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Conditional GANs

[Mirza et al. 2014] [Reed et al. 2016]
[Ledig et al. 2017]

[…]
[Isola et al. 2017]
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D
Loss Function 

G’s perspective: D is a loss function. 

Rather than being hand-designed, it is learned.
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Training Details: Loss function
Conditional GAN 

Stable training + fast convergence

Gx

G(x) y

-

[c.f. Pathak et al. CVPR 2016]
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X, or, how I learned to start worrying and love Y

August 2017

Basic idea: worry is a prediction that we are near a negative reward.
Similarly, excitement is a prediction that we are near a positive reward.
Worry and excitement smooth the energy surface.
Bigger idea: many emotions are like this.
Oh wait, are we just reinventing value functions?

ŷ = F(x)

L(ŷ,y) = kŷ � yk2
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CRF
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Output  
[Johnson, Alahi, Li 2016]

ŷ

[Johnson, Alahi, Li, ECCV 2016]L(ŷ,y) = k�(ŷ)� �(y)k2

[Mostajabi, Maire, Shakhnarovich, arXiv 2018]

“Perceptual Loss”

[Chen & Koltun ICCV 2017]

[Zhang et al. CVPR 2018]
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Structured Prediction

Model joint configuration 
of all pixels

p(y|x)

A GAN, with sufficient capacity, 
samples from the full joint distribution 
(at equilibrium)
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Rather than penalizing if output image 
looks fake, penalize if each 
overlapping patch in output looks fake  

Patch Discriminator

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

[Isola et al. 2017]
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Input 16x16 Discriminator

Data from [Tylecek, 2013]



Labels → Facades
Input 70x70 Discriminator

Data from [Tylecek, 2013]



Labels → Facades
Input Full image Discriminator

Data from [Tylecek, 2013]
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Rather than penalizing if output image 
looks fake, penalize if each 
overlapping patch in output looks fake 

Patch Discriminator

• Faster, fewer parameters 
• More supervised observations 
• Applies to arbitrarily large images
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—> Use a deep net, D, to analyze output!
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1x1 DiscriminatorL1

“Unstructured” discriminator makes images colorful!

Input
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Input GroundtruthL1 Output



Hallucinations
Input Output Input Output

Input Output Input Output
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—> Use a deep net, D, to analyze output!

—> D only cares about “plausibility”, doesn’t hedge

Challenges in image-to-image translation

1. Output is high-dimensional, structured object 

2. Uncertainty in mapping; many plausible outputs
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Modeling multiple possible outputs
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BiCycleGAN [Zhu et al., NIPS 2017] 
(c.f. InfoGAN [Chen et al. 2016])

MAD-GAN [Ghosh et al., CVPR 2018]
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G2



Labels

Randomly generated facades

[BiCycleGAN, Zhu et al., NIPS 2017] 
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—> Use a deep net, D, to analyze output!

—> Can model the distribution of possibilities

Challenges in image-to-image translation

1. Output is high-dimensional, structured object 

2. Uncertainty in mapping; many plausible outputs



Questions?


