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Generative Adversarial Networks (GANs)
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At test time: sample random variable -> obtain generated sample
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Conditional GANs (cGANs)
Å Gain control of output

Å Modeling (e.g., sketch-based modeling, etc.)

ï Add semantic meaning to latent space manifold

Å Domain transfer

ï Labels on A -> transfer to B, train network on B, test on B

ï More later
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GAN Manifold

5[Radford et al. 15] Deep Convolutional Generative Adversarial Networks

Train Data Sampled Data -> G(z)
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GAN Manifold

6[Bojanowski et al. 17] Optimizing the Latent Space of Generative Networks
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7



Prof. Niessner

GAN Manifold

8[Radford et al. 15] Deep Convolutional Generative Adversarial Networks

𝐺(𝑧0) 𝐺(𝑧1)Linear interpolation in z space: 𝐺(𝑧0 + 𝑡 ⋅ 𝑧1 − 𝑧0 )
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Conditional GANs (cGANs)
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iGANs: Overview
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original photo 

projection on manifold

Project Edit Transfer

transition between the original and edited projection

different degree of image manipulation

Editing UI

[Zhu et al. 16] Generative Visual Manipulation on the Natural Image Manifold
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iGANs: Overview
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original photo 

projection on manifold

Project Edit Transfer

transition between the original and edited projection

different degree of image manipulation

Editing UI

[Zhu et al. 16] Generative Visual Manipulation on the Natural Image Manifold
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0.196 0.238 0.332

Optimization

Input:  real image 𝑥𝑅

Output: latent vector z

Generative model 𝐺(𝑧)Reconstruction loss 𝐿

iGANs: Projecting an Image onto the Manifold
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0.196 0.238 0.332

Optimization

iGANs: Projecting an Image onto the Manifold

13

Inverting Network z = 𝑃 𝑥

0.218 0.242 0.336Auto -encoder
with a fixed decoder G

Input:  real image 𝑥𝑅

Output: latent vector z



Prof. Niessner

0.196 0.238 0.332

iGANs: Projecting an Image onto the Manifold

14

0.218 0.242 0.336Hybrid Method
Use the network as initialization

for the optimization problem

0.153 0.167 0.268

Optimization

Inverting Network z = 𝑃 𝑥

Input:  real image 𝑥𝑅

Output: latent vector z
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iGANs: Overview
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original photo 

projection on manifold

Project Edit Transfer

transition between the original and edited projection

different degree of image manipulation

Editing UI



Prof. Niessner

iGANs: Manipulating the Latent Vector
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Objective:

𝐺(𝑧)

Guidance 
𝑣𝑔

𝑧0

user guidance imageconstraint violation loss 𝐿𝑔

[Zhu et al. 16] Generative Visual Manipulation on the Natural Image Manifold
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iGANs: Overview
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original photo 

projection on manifold

Project Edit Transfer

transition between the original and edited projection

different degree of image manipulation

Editing UI
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iGANs: Edit Transfer
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𝐺(𝑧1)𝐺(𝑧0)

Input

Motion (u, v)+ Color (𝑨𝟑×𝟒): estimate per -pixel geometric and color variation 

Linear Interpolation in 𝑧 space
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iGANs: Edit Transfer

19

𝐺(𝑧1)𝐺(𝑧0)

Input

Linear Interpolation in 𝑧 space

Motion (u, v)+ Color (𝑨𝟑×𝟒): estimate per -pixel geometric and color variation 
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iGANs: Edit Transfer

20

Result

𝐺(𝑧1)𝐺(𝑧0)

Input

Linear Interpolation in 𝑧 space

Motion (u, v)+ Color (𝑨𝟑×𝟒): estimate per -pixel geometric and color variation 
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cGANs: Interactive GANs

21https://github.com/junyanz/iGAN [Zhu et al. 16.]

Interactive GANs: projection to GAN embedding

https://github.com/junyanz/iGAN
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cGANs: Interactive GANs

22https://github.com/junyanz/iGAN [Zhu et al. 16.]

https://github.com/junyanz/iGAN
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cGANs: Interactive GANs

23https://github.com/junyanz/iGAN [Zhu et al. 16.]

https://github.com/junyanz/iGAN


Prof. Niessner

Mapping in Latent Space is Difficult!
ÅSemantics are missing
Å In most cases, no labels available 
Å Ideally, need some unsupervised disentangled rep.

24InfoGAN [Chen et al. 16]
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Paired vs Unpaired Setting

25
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pix2pix: Image-to-Image Translation

26[Isola et al. 16] Image-to-Image Translation with Conditional Adversarial Networks
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real or fake?

[Goodfellow et al. 2014] Generative Adversial Networks

Discriminator

z G(z)

D

Generator

G

min
𝐺

max
𝐷

𝔼𝑧,𝑥 log𝐷(𝐺 𝑧 ) + log(1 − 𝐷 𝑥 )
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real or fake?

Discriminator

x G(x)

D

Generator

G

min
𝐺

max
𝐷

𝔼𝑥,𝑦 log 𝐷(𝐺 𝑥 ) + log(1 − 𝐷 𝑦 )
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Real!

Discriminator

x G(x)

D

Generator

G

min
𝐺

max
𝐷

𝔼𝑥,𝑦 log 𝐷(𝐺 𝑥 ) + log(1 − 𝐷 𝑦 )
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Discriminator

x G(x)

D

Generator

G Real too!

min
𝐺

max
𝐷

𝔼𝑥,𝑦 log 𝐷(𝐺 𝑥 ) + log(1 − 𝐷 𝑦 )
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min
𝐺

max
𝐷

𝔼𝑥,𝑦 log 𝐷(𝑥, 𝐺 𝑥 ) + log(1 − 𝐷 𝑥, 𝑦 )

real or fake pair

?

x G(x)

G

D

matchjoint distributionp G x , y ∼ p(x, y)
fake pair real pair

31
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Pix2Pix

32
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Pix2Pix: Paired Setting

ÅGreat when we have ‘free’ training data

ÅOften called self-supervised

ÅThink about these settings J

33
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Input Output Input Output Input Output

[Xie & Tu 15] Holistically-Nested Edge Detection

Pix2Pix - Examples

34

EdgesŸ Images
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SketchesŸ Images

Trained on Edges Ÿ Images

Input Output Input Output Input Output

How Do Humans Sketch Objects [Eitz, Hays, Alexa, 2012]

Pix2Pix - Examples

35



Prof. Niessner #edges2cats by Christopher Hesse https://affinelayer.com/pixsrv/

Vitaly Vidmirov @vvid

Pix2Pix - Examples

36

https://affinelayer.com/pixsrv/
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Input Output Groundtruth

Data from [maps.google.com]

Pix2Pix - Examples

37

http://maps.google.com/
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Input Output Input Output Input Output

Data from [Russakovsky et al. 2015 - ImageNet]

Pix2Pix - Examples

38

BWŸ Color
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Ideas behind Pix2Pix
Å𝐿 = 𝐿𝐺𝐴𝑁 + 𝜆𝐿1 (makes it more constraint)

ÅUnet / skip connections for preserving structure

ÅNoise only through dropout
ïcGANs tend to learn to ignore the random vector z
ïStill want probabilistic model

39
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Ideas behind Pix2Pix
ÅL1 or L2 loss for low frequency details

ÅGAN discriminator for high frequency details

-> PatchGAN
ïGAN discriminator applied only to local patches
ïIt’s fully-convolutional; i.e., can run on arbitrary 

image sizes

40
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Pix2PixHD
ÅExpand the pix2pix idea to multi-scale

ÅCoarse-to-fine generator + discriminator

ÅG’s and D’s are the same but since they operate on 
different resolutions, they have effectively a larger 
receptive field

41[Wang et al. 18] pix2pixHD



Prof. Niessner

Pix2PixHD

42[Wang et al. 18] pix2pixHD
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Pix2PixHD
ÅUse of multi-scale discriminators 

Åmin
𝐺

max
𝐷1,𝐷2,𝐷3

σ𝑘=1,2,3 𝐿𝐺𝐴𝑁 (𝐺, 𝐷𝑘)

ÅCan make various combinations of stacking discriminator 
and generator
ïE.g., have a single G and downsample generated and 

real images – or have intermediate real images (cf. 
ProGAN)

43[Wang et al. 18] pix2pixHD
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Pix2PixHD

44[Wang et al. 18] pix2pixHD
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Pix2PixHD

45[Wang et al. 18] pix2pixHD



Prof. Niessner

Pix2PixHD (Interactive Results)

46[Wang et al. 18] pix2pixHD
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- Expensive to collec t pairs.
- Impossible in many scenarios.

Label ↔ photo: per -pixel labeling

Ǽ

Paired

Horse ↔ zebra: how to get zebras?

47
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ǼǼǼ

Paired Unpaired

48
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Cycle -Consistent Adversarial
Networks

49
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x G(x)

Generator

G

D

No input -output pairs!

Cycle -Consistent Adversarial Networks

50
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Discriminator

D Real!

G(x)

Cycle -Consistent Adversarial Networks

51

x

Generator

G
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GANs doesn’tforce output to correspond to input

Cycle -Consistent Adversarial Networks

52

Discriminator

D

G(x)x

Generator

G Real!
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mode collapse!

Cycle -Consistent Adversarial Networks

53
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⋯ ⋯

[Zhu et al. 17] Cycle-Consistent Adversarial Networks

Cycle -Consistent Adversarial Networks

54
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⋯ ⋯

Cycle -Consistent Adversarial Networks

55[Zhu et al. 17] Cycle-Consistent Adversarial Networks
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G(x) F(G x )x

F G x − x
1

DY(G x )

Reconstruction
error

Cycle Consistency Loss

56[Zhu et al. 17] Cycle-Consistent Adversarial Networks
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G(x) F(G x )x

F G x − x
1

Large cycle lossSmall cycle loss

DY(G x )

Reconstruction
error

Cycle Consistency Loss

57[Zhu et al. 17] Cycle-Consistent Adversarial Networks
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G(x) F(G x )x F(y) G(F x )𝑦

F G x − x
1

G F y − 𝑦
1

DY(G x )

Reconstruction
error

Reconstruction
error

DG(F x )

Cycle Consistency Loss

58[Zhu et al. 17] Cycle-Consistent Adversarial Networks
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Cycle GAN - Overview

59https://junyanz.github.io/CycleGAN/ [Zhu et al. 17.]

https://junyanz.github.io/CycleGAN/
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Monet’s paintings → photos

60
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Conditional GAN and Inversion
Applications

63
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cGANs ǱImage Manipulation

64

Manipulate Properties Manipulate Poses

Voynov et al.: Unsupervised discovery of inter-
pretable directions in the GAN latent space 

Abdal et al.: StyleFlow
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cGANs ǱImage Generation

65

Synthesis In/Out Painting

Lin et al.: InfinityGAN Cheng et al.: In&Out
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cGANs ǱImage Restoration

66

Pan et al.: Exploiting Deep Generative Prior for Versatile Image Restoration and Manipulation 
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cGANs ǱImage Interpolation

67

Nitzan et al.: Face identity disentanglement via latent space mapping 
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cGANs ǱImage Understanding

68

Abdal et al.: Labels4Free

Few Shot Segmentation

Tritrong et al.: Repurposing GANs for One-shot 
Semantic Part Segmentation

Alpha Matting
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cGANs ǱMultimodal Manipulation

69

Xia et al.: TediGAN

Text-to-Image Sound Manipulation

Lee et al.: Sound-guided semantic image 
manipulation, interactive results:

https://kuai-lab.github.io/cvpr2022sound/

https://kuai-lab.github.io/cvpr2022sound/
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GANs for 3D Aware Synthesis

70

Chan et al.: Pi-GANGu et al.: StyleNerf
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GANs for 3D Aware Synthesis

71

Chan et al.: EG3DZhang et al.: Unsupervised 3D Shape 
Completion through GAN Inversion

G trained with 3D G trained with 2D
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Reading Homework
Å [Zhu et al. 2016] Generative Visual Manipulation on the Natural 

Image Manifold
ï https://arxiv.org/abs/1609.03552

Å [Isola, et al. 2017] Image-to-image translation with conditional 
adversarial networks 
ï https://phillipi.github.io/pix2pix/

Å [Zhu et al. 2017] Unpaired image-to-image translation using 
cycle-consistent adversarial networks
ï https://arxiv.org/abs/1703.10593

72

https://arxiv.org/abs/1609.03552
https://phillipi.github.io/pix2pix/
https://arxiv.org/abs/1703.10593
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Thanks for watching!
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