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What you will learn today!

Converting Horses to Zebras!
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Outline
1) Motivation

2) Related Work

3) Unpaired Image to Image Translation

4) Quantitative Evaluation of Results

5) Qualitative Comparison and Applications
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Motivation – photo to painting
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Motivation – painting to photo

5

Motivation – photo style transfer
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Motivation – object transfiguration
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Motivation – photo enhancement
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Background knowledge
 Image-to-image translation

 Not an old topic (Hertzmann et al., “Image analogies” ACM 2001)

 Require learning a joint distribution of multiple image-domain

 Finding tuples of corresponding domain can be difficult, even impossible

 Recently introduced Generative Adversarial Nets (GANs) proven to be useful

 We show several recent related works based on GANs
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Related work-GANs
“Generative adversarial nets” Goodfellow et al., NIPS 2014

 Learns a generative network and a discriminative network 
with competing losses

 Generative net: map a random vector to a realistic image

 Discriminative net: distinguish generated image from real 
one
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Related work- Image to Image 
Translation
“Image-to-image translation with conditional adversarial networks” Isola et al., arXiv preprint

 Introduce GAN to image-to-image translation problem

 Use paired training data

 Upper bound for the problem
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Related work-CGANs
“Couple generative adversarial networks” Liu et al., NIPS 2016

 learn a joint distribution of multi-domain with:
 Only marginal distribution of individual domains

 No joint distribution of multi-domain images are needed

 Via a coupled net architecture
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Learning from simulated and unsupervised 
images through adversarial training
“Learning from simulated and unsupervised images through adversarial training” Shrivastave et 
al., arXiv preprint

 To refine a synthetic image to be as close to a real one
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Related work-Adversarial feature 
learning
“Adversarial feature learning” Donahue et al., arXiv preprint
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Learning to discover cross-domain relations 
with generative adversarial networks
“Learning to discover cross-domain relations with generative adversarial networks” Kim et al., 
ICLR 2017

16



6/1/2017

9

Outline
1) Motivation

2) Related Work

3) Unpaired Image to Image Translation

4) Quantitative Evaluation of Results

5) Qualitative Comparison and Applications

17

Paired and Unpaired Image to Image 
Translation
Paired Training data- yi

corresponding to each xi is given

Unpaired data- No information

provided as to which xi 

corresponds to which yi
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What is a Cyclic Model?
G maps X to Y

F is inverse mapping from Y to X

DX and DY are discriminators
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Adversarial Loss

where,
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Why do we need Cyclic loss?
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• Backward Cycle Consistency

• Cycle Consistency Loss
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• Forward Cycle Consistency



6/1/2017

12

where, λ controls relative importance of the two objective functions

• The objective is to solve-

• For implementation purpose we use-

• Srivastava et al. - Learning from simulated and unsupervised images through 
adversarial training.
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Network Architecture
Generator Architecture-

Johnson et. al- Perceptual Losses for Real-Time 
Style Transfer and Super-Resolution

If size of image- 256x256 or higher- 9 Residual 
blocks

If size of image 128x128- 6 Residual Blocks
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Discriminator Architecture
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Quantitative Evaluation
First compare their approach against recent methods for unpaired image-to-image translation on 
paired datasets. 

Error Metric:
1. Amazon Mechanical Turk (AMT) perceptual loss: Each participant will be shown pairs of 

images and asked to click on the image they thought is correct. The rate at which the algorithm 
fools the participants is recorded.

2. Fully-Connected Network (FCN) score: First apply FCN to the image and then compute the 
semantic segmentation metrics by comparing with the ground-truth label. 

3. Semantic segmentation metrics: Three metrics are used: per-pixel accuracy, mean class IoU and 
per-class accuracy.

Per-pixel accuracy:  

Per-class accuracy:              the per-pixel accuracy for each class. 

mean class IoU:

pixels ofnumber   totalThe

pixels labled corrected ofnumber  The

label same  with thePixel of Union The

label same  with thePixel ofon Intersecti The
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Quantitative Evaluation
Baselines:

1. CoGAN: The method learns two generators. The two generators share the weights for 
the first few layers so they can learn similar latent representation. 

2. Pixel loss + GAN: Requires the generated image to be similar to the input images by 
adding a pixel-wise identity loss. 

3. Feature loss + GAN: Similar to Pixel loss + GAN, but replaces the pixel-wise identity 
loss with a perceptual loss, which is the L1 distance in the deep learning feature space. 

4. BiGAN: Jointly learn two generator so that the joint distribution of the input domain and 
output domain can be similar. Please refer to the original paper for more detail. 

5. pix2pix: Directly trained with paired image. The results should be better than all the 
other methods listed above. Used as an upper bound. 
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 Map ↔ Aerial

Input           BiGAN CoGAN featureGAN pixelGAN CycleGAN pix2pixGAN        Gt

29

Quantitative Evaluation
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 Photo ↔ Label

Input          BiGAN CoGAN featureGAN pixelGAN CycleGAN pix2pixGAN        Gt
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Quantitative Evaluation
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Quantitative Evaluation
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Qualitative Comparison and Applications
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Object transfiguration

apple ↔ orange
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Object transfiguration

horse ↔ zebra
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Style Transfer

38



6/1/2017

20

Comparison with previous style transfer work (Gatys et al.)

CycleGAN does a much better job in combining the different images of the same style together. 
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Season Transfer
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Failure Cases
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Failure Cases
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Summary
1. We present a new generative adversarial network (GAN) architectures for unpaired image 
translation.

2. The key difference from previous methods is a cycle consistency loss which help regularize the 
image translation process.

3. Experiments show significant improvements compared with single GAN model. 
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Future Work 
Handling more varied and extreme transformations, especially geometric changes, is an 
important problem for future work.

Results not very comparable to Paired Image to Image Translation. Therefore, integrating weak 
or semi-supervised data may lead to substantially more powerful translators.

Exploring more applications of the model such as- Face Conversion
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