
Generative Modelle

Nur eine beeindruckende Spielerei ?
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Agenda

Teil I : Einführung
– Spielereien und Beispiele 

Teil II : Methoden
– Generative Modelle 

Teil III:   Anwendungen 
- praktischer Nutzen generativer Modelle  

          
Teil IV:   Gefahren 

- Deepfakes    
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Vom Klassifikator zum Generator

ML

Input Output
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Vom Klassifikator zum Generator

DL

CNN

semantic segmentation:



BI Day Karlsruhe  -  Janis Keuper11.03.2020 6

Vom Klassifikator zum Generator

DL

Generative Modelle
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Beispiel: Bilder 
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Beispiel: Bilder 

v

https://thisxdoesnotexist.com/
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Beispiel: Beethovens Unvollendete

https://www.youtube.com/watch?v=sCJKFo7zZig
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Generative Adversarial Networks (GANs)

[1] Original Paper [2] NIPS Tutorial 
(in depth)

[3] Selected popular architecture
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Aufbau von GANs 

- In a Nutshell - 
Generative Adversarial Nets are:

● Groups of DNNs (at least two)
● Working against each other !
● Min parts:

● Discriminator Network 
● Generator Network

[Grafik: https://arxiv.org/pdf/1710.07035.pdf]
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- In a Nutshell - 
Generative Adversarial Nets are:

● Groups of DNNs (at least two)
● Working against each other !
● Min parts:

● Discriminator Network 
● Generator Network

Real, un-labeled Data 
(e.g. Images)  

Low dim latent space
Random generated ! 

Aufbau von GANs 
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- In a Nutshell - 
Generative Adversarial Nets are:

● Groups of DNNs (at least two)
● Working against each other !
● Min parts:

● Discriminator Network 
● Generator Network

Real, un-labeled Data 
(e.g. Images)  

“Fake” DataAufbau von GANs 
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Example generator Architecture [3] Generator Netze
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Up-Convolution

Not really a “de-convolution”! (like sometimes proposed)

→ “Transposed Convolution”

Transposed convolutions

Zero padding

[Animationen: https://github.com/vdumoulin/conv_arithmetic]

Aufbau von GANs: Up-Convolution 
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Training GANs Iterative Training Process via Back Propagation (SGD):
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Probleme:

GANs are very hard to train (unstable)

● Generator learns just a small sub-distribution and produces good examples from that

● Rest of the “true” distribution collapses   
True distribution

Learned generator sub-distribution produces valid 
samples
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Latent space magic

Even though the latent space is fill with random samples 
during training, it actually inherits the structure of the 
generated samples.

Remember: DNNs are somewhat smooth: so 
neighborhood in latent space should also result in 
similarity in the sample space.

After a GAN is trained, we can manually add labels to the 
samples and track label distributions in latent space (and 
have fun with it :-) ) 
  

L

S

G
G
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Beispiel: Bildmanipulation →“Attribute transfer learning“  

Best student paper ICVNZ 2019
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Beispiel: Bildmanipulation →“Attribute transfer learning“  

[images from: https://arxiv.org/abs/2003.03581]
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Beispiel: Bildmanipulation →“Attribute transfer learning“  
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ML Theorie

A GAN is basically a distribution approximator  
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● Generating synthetic training data (auto data augmentation)

● Unsupervised Pre-Training!:

Assume this is a CNN:

Training the Discriminator will 
train Problem specific conv 
weights without labels !

Can then be used for 
Classification tasks with little 
annotated data...    

Anwendung
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● Learning class distributions 

Anwendung



BI Day Karlsruhe  -  Janis Keuper11.03.2020 29

Anwendung Beispiel

Anwendung: Objektdetektion in 4D Seismischen Daten
● Manuelle Annotation sehr schwierig
● Pre-Training mit GAN
● Transfer learning von Simulationsdaten 
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Deepfakes

https://www.youtube.com/watch?v=cQ54GDm1eL0
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Deepfakes

https://www.kaggle.com/c/deepfake-detection-challenge/overview
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Deepfakes

Übliche Ansätze:

● Nutze CNNs um fakes zu klassifizieren

● Woher kommen die Trainingsdaten?
● Supervised ML deckt nur bekannte 

Manipulationen ab

● Alternative: Finde Inhärente Fehler 

https://arxiv.org/pdf/1911.00686.pdf
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Deepfakes
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Deepfakes
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Fixing Deepfakes

CVPR 2020 Paper

Pre-print: https://arxiv.org/pdf/2003.01826.pdf
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Diskussion

Kontakt: keuper@imla.ai
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Überschrift
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