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Generative Adversarial Networks (GANs)

5https:// nicholas.carlini.com/writing/2019/all-adversarial-example-papers.html
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Convolution & Up Convolution
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Convolution
no padding, no stride

https://github.com/vdumoulin/conv_arithmetic  

Up (transposed) convolution
no padding, no stride

Input

Output

Input

Output

https://github.com/vdumoulin/conv_arithmetic
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Autoencoders & Variational Autoencoders
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Conv Upconv

Encoder Decoder

Sample
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Autoencoder: Reconstruction

8
Conv Upconv

Input Image Output Image

Reconstruction
Loss (often L2)
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Training Autoencoders
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Latent space z
dim (z) < dim (x)
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Decoder as Generative Model
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Reconstruction Loss 
Often L2, i.e., sum of squared dist.
-> L2 distributes error equally
     -> mean is opt.
     -> result is blurry.

Instead of L2, can we 
ωƇŌģǀƑϊϔģϔƇƚǈǈϔŤǜƑĿǔűƚƑί

ωíŌǈǔϔǔűƏŌϊΨ
-> reconstruction from 
ϋǀģƑņƚƏόϔǳŌĿǔƚǀ

Output Image
Latent space z
dim (z) < dim (x)
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Generative Adversarial Networks (GANs)

11[Goodfellow  et al. 14] GANs (slide McGuinness)
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Generative Adversarial Networks (GANs)

13[Goodfellow  et al. 14/16] GANs

real data fake data
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Discriminator loss

Generator loss binary cross entropy

GANs: Loss Functions

ÅMinimax Game:
ïG minimizes probability that D is correct
ïEquilibrium is saddle point of discriminator loss

14

-> D provides supervision (i.e., gradients) for G
[Goodfellow  et al. 14/16] GANs



Prof. Niessner

GANs: Loss Functions

Å Heuristic Method (often used in practice)
ïG maximizes the log -probability of D being mistaken
ïG can still learn even when D rejects all generator samples

15

Discriminator loss

Generator loss

[Goodfellow  et al. 14/16] GANs
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Alternating Gradient Updates
ÅStep 1: Fix G, and perform gradient step to

ÅStep 2: Fix D, and perform gradient step to 

16
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Vanilla GAN

17https://papers.nips.cc/paper/5423 -generative -adversarial-nets 
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Putting it all Together

18
Vitaly Bondar: Generative Models Lecture
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Training a GAN
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GANs: Loss Functions

20[Goodfellow  et al. 14/16] GANs

Minimax

Heuristic
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DCGAN: Generator

21DCGAN: https://github.com/carpedm20/DCGAN -tensorflow  

Generator of Deep Convolutional GANs

https://github.com/carpedm20/DCGAN-tensorflow
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DCGAN: Results

22DCGAN: https://github.com/carpedm20/DCGAN -tensorflow  

Results on MNIST
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DCGAN: Results
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Results on CelebA (200k relatively well aligned portrait photos)
DCGAN: https://github.com/carpedm20/DCGAN -tensorflow  
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DCGAN: Results

24DCGAN: https://github.com/carpedm20/DCGAN -tensorflow  

Asian face dataset
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DCGAN: Results
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DCGAN: Results

26DCGAN: https://github.com/carpedm20/DCGAN -tensorflow  

Loss of D and G on custom dataset

https://github.com/carpedm20/DCGAN-tensorflow
https://github.com/carpedm20/DCGAN-tensorflow
https://github.com/carpedm20/DCGAN-tensorflow
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Training Schedules
ÅAdaptive schedules

For instance
 while loss_discriminator  > t_d:
  train discriminator
 while loss_generator  > t_g:
  train generator

30
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Weak vs Strong Discriminator
ÅNeed balance J

ÅDiscriminator too weak?
ïNo good gradients (cannot get better than 
ǔŌģĿŬŌǀΪμ

ÅGenerator too weak?
ïDiscriminator will always be right 

31
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Mode Collapse
ÍÉÎÍÁØὠὋȟὈ ÍÁØÍÉÎὠὋȟὈ

ÅὈ in inner loop -> convergence to correct dist.
ÅὋ in inner loop -> easy to convergence to one sample

32[Metz et al. 16]
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Mode Collapse
ÅSame data dimension
ÅPerformance correlates 

with dim of manifold
ÅPerformance correlates 

with # of modes

33Slide credit Ming -Yu Liu

-> More modes, smaller recovery rate!
-> part of the reason, why we often see 
GAN-results on specific domains (e.g., 
faces)
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Mode Collapse
ÅSame # of modes
ÅPerformance correlates 

with dim of manifold
ÅPerformance non - 

correlated with data 
dimensions

34Slide credit Ming -Yu Liu

-> Larger latent space,
more mode collapse
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Problems with Global Structure
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Problems with Counting
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Evaluation of GAN Performance
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Prof. Niessner

Evaluation of GAN Performance
Å§ģűƑϔņűŤŤűĿǜƇǔǺϔƚŤϔ_ ©ǈΨϔǴŌϔņƚƑόǔϔƄƑƚǴϔŬƚǴϔťƚƚņϔǔŬŌǺϔ

are

ÅPeople cherry pick results in papers -> some of them 
will always look good, but how to quantify?

ÅDo we only memorize, or do we generalize?

ÅGANs are difficult to evaluate! [This et al., ICLR 2016]

38
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Evaluation of GAN Performance
ÅHuman evaluation:
ïEvery n updates, show a series of predictions
ïCheck train curves
ïČŬģǔϔņƚŌǈϔϋƇƚƚƄϔťƚƚņόϔƏŌģƑϔģǔϔǔŬŌϔľŌťűƑƑűƑťί
ÅNeed variety!
Å9ǜǔϔņƚƑόǔϔŬģǳŌϔϋǀŌģƇűǈǔűĿόϔƽǀŌņűĿǔűƚƑǈϔǺŌǔΪ

ïkŤϔűǔϔņƚŌǈƑόǔϔƇƚƚƄϔťƚƚņίϔ_ƚϔľģĿƄΩϔǔǀǺϔņűŤŤŌǀŌƑǔϔ
hyperparametersΪ

39

New: Use VLMs to auto-batch it!
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Evaluation of GAN Performance
ÅInception Score (IS)
ïMeasures saliency and diversity

ïTrain an accurate classifier
ïTrain an image generation model (conditional)
ïCheck how accurate the classifier can recognize 

the generated images
ï§ģƄŌǈϔǈƚƏŌϔģǈǈǜƏƽǔűƚƑǈϔģľƚǜǔϔņģǔģϔņűǈǔǀűľǜǔűƚƑǈΪ
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Evaluation of GAN Performance
ÅInception Score (IS)

ïSaliency: check whether the generated images can 
be classified with high confidence (i.e., high scores 
only on a single class)

ïDiversity: check whether we obtain samples from 
all classes

41

What if we only have one good image per class?
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Evaluation of GAN Performance
Å Frechet  Inception Distance (FID)

ï Calculates the feature distance between the real and 
synthetic distribution (modelled by multivariate Gaussian)

ï Pros: 
ÅMore robust to noise then IS
ÅNo class concept needs

ï Cons:
ÅStill relies on pretrained  Inception -V3 model features
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Evaluation of GAN Performance
ÅCould also look at discriminator
ïIf we end up with a strong discriminator, then 

generator must also be good

ïUse D features, for classification network
ïOnly fine-tune last layer
ïIf high class accuracy -> we have a good D and G

43
:ģǳŌģǔΨϔņƚŌǈƑόǔϔǈŌŌƏϔǴűņŌǈƽǀŌģņϔűƑϔǔŬŌϔĿƚƏƏǜƑűǔǺ
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Other Objective Functions

44

ωŬŌǜǀűǈǔűĿϔűǈϔǈǔģƑņģǀņΪϊ

Vitaly Bondar: Generative Models Lecture
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Other Objective Functions

45

ωŬŌǜǀűǈǔűĿϔűǈϔǈǔģƑņģǀņΪϊ

The loss function alone will not make it suddenly work!
Vitaly Bondar: Generative Models Lecture
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GAN Losses: WGAN

46https://medium.com/@jonathan_hui/gan -wasserstein-gan-wgan-gp-6a1a2aa1b490 
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GAN Losses: WGAN
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GAN Losses: WGAN
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GAN Losses: GAN
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GAN Losses: WGAN
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GAN Losses: WGAN
Å+ mitigates mode collapse 
Å+ generator still learns when critic performs well
Å+ actual convergence

ÅEnforcing Lipschitz constraint is difficult
ÅČŌűťŬǔϔĿƇűƽƽűƑťϔűǈϔωǔŌǀǀűľƇŌϊ
ï -> too high: takes long time to reach limit; slow training

-> too small: vanishing gradients when layers are big
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GAN Losses
ÅMany more variations!!!

ÅHigh-ƇŌǳŌƇϔǜƑņŌǀǈǔģƑņűƑťΨϔωƇƚǈǈϊϔűǈϔģϔƏŌǔģϔƇƚǈǈϔǔƚϔǔǀģűƑϔ
the actual loss (i.e., D) to provide gradients for G

Å ƇǴģǺǈϔǈǔģǀǔϔǈűƏƽƇŌΨϔűŤϔǔŬűƑťǈϔņƚƑόǔϔĿƚƑǳŌǀťŌΩϔņƚƑόǔϔ
randomly shuffle loss around; always try easy things 
Ťűǀǈǔϔλ GΩϔċ GΩϔϋǈűƏƽƇŌϔŬŌǜǀűǈǔűĿόϔ_ ©μ
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GAN Architectures

53
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Progressive Growing GANs

54https://github.com/tkarras/progressive_growing_of_gans  [Karras et al. 17]

https://github.com/tkarras/progressive_growing_of_gans
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StyleGAN[x] 
Architectures

55
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StyleGAN Architectures

56

Progressive GAN
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StyleGAN[x] Architectures

57

StyleGANProgressive GAN

Evolve
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StyleGAN

58
https://www.youtube.com/watch?v=kSLJriaOumA
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Conditional Generative 
Adversarial Networks 

(cGANs)

59
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Generative Adversarial Networks (GANs)

60
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GAN Manifold

61
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GAN Manifold

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

Ὃᾀ ὋᾀLinear interpolation in z space: Ὃᾀ ὸẗᾀ ᾀ
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Conditional GANs (cGANs)

63
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iGANs: Overview

64

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

65

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



Prof. Niessner

0.196 0.238 0.332

Optimization

Input:  real image ὼ
Output: latent vector z

Generative model ὋᾀReconstruction loss ὒ

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

67

Inverting Network Ú ὖὼ

0.218 0.242 0.336Auto -encoder
with a fixed decoder '

Input:  real image ὼ
Output: latent vector z

Slide credit Zhu / [Zhu et al. 16]
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0.196 0.238 0.332

iGANs: Projecting an Image onto the Manifold

68

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 Ú ὖὼ

Input:  real image ὼ
Output: latent vector z



Prof. Niessner

iGANs: Overview

69

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: Manipulating the Latent Vector

70

Objective:

Ὃᾀ)

Guidance 
ὺ

ᾀ

user guidance imageconstraint violation loss ὒ

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

71

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

72

ὋᾀὋᾀ

Input

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

Linear Interpolation in ᾀ space
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iGANs: Edit Transfer

73

ὋᾀὋᾀ

Input

Linear Interpolation in ᾀ space

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

74

Result

ὋᾀὋᾀ

Input

Linear Interpolation in ᾀ space

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

75https://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

76https://github.com/junyanz/iGAN  [Zhu et al. 16.]

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

77https://github.com/junyanz/iGAN  [Zhu et al. 16.]

https://github.com/junyanz/iGAN
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Mapping in Latent Space is Difficult!
ÅSemantics are missing
ÅIn most cases, no labels available 
ÅIdeally, need some unsupervised disentangled rep.

78InfoGAN [Chen et al. 16]
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Paired vs Unpaired Setting

79
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pix2pix: Image-to-Image Translation

80[Isola et al. 16] Image-to-Image Translation with Conditional Adversarial Networks



Prof. Niessner

real or fake?

[Goodfellow et al. 2014] Generative Adversial Networks

Discriminator

Ú 'Ú

$

Generator

'

ÍÉÎÍÁØȟÌÏÇὈὋᾀ ÌÏÇρ Ὀὼ
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real or fake?

Discriminator

Ø 'Ø

$

Generator

'

ÍÉÎÍÁØ ȟÌÏÇὈὋὼ ÌÏÇρ Ὀώ
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Real!

Discriminator

Ø 'Ø

$

Generator

'

ÍÉÎÍÁØ ȟÌÏÇὈὋὼ ÌÏÇρ Ὀώ
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Discriminator

Ø 'Ø

$

Generator

' Real too!

ÍÉÎÍÁØ ȟÌÏÇὈὋὼ ÌÏÇρ Ὀώ

84
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ÍÉÎÍÁØ ȟÌÏÇὈὼȟὋὼ ÌÏÇρ Ὀὼȟώ

real or fake pair

?

Ø 'Ø

'

$

matchjoint distributionÐ'ØȟÙḐÐØȟÙ
fake pair real pair

85



Prof. Niessner

Pix2Pix

86
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Pix2Pix: Paired Setting

Å_ǀŌģǔϔǴŬŌƑϔǴŌϔŬģǳŌϔϋŤǀŌŌόϔǔǀģűƑűƑťϔņģǔģ

ÅOften called self -supervised

ÅThink about these settings J
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Input Output Input Output Input Output

[Xie & Tu 15] Holistically -Nested Edge Detection

Pix2Pix - Examples

88

Edges �: Images


