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https://arxiv.org/abs/1406.2661

It all began in 2014
Generative Adversarial Networks = GAN/GANs

https://arxiv.org/abs/1406.2661
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Image source: https://blog.eduonix.com/artificial-intelligence/grand-finale-applications-gans/

Face generation has come a long way
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https://thispersondoesnotexist.com
https://thisponydoesnotexist.net

https://thiscatdoesnotexist.com

https://thisstartupdoesnotexist.com
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Today's Topics

1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use 


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources



Sebastian Raschka       6

Letting two neural networks 
compete with each other

1. The Main Idea Behind GANs 

2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources
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Generative Adversarial Networks (GAN)

• The original purpose is to generate new data


• Classically for generating new images, but applicable to 
wide range of domains


• Learns the training set distribution and can generate new 
images that have never been seen before
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Generated (0)
Real (1)

Generated image

Noise vector

Discriminator

Generator

Training set

Real image

Deep Convolutional GAN (DCGAN or just GAN)

Predicted label:
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Discriminator
Training set

Real image

Step 1.1: Train Discriminator

p(y = ”real image”|x)
<latexit sha1_base64="9ci9F9PdaHss/edXPNTlSnuigmw=">AAACDXicbVC7SgNBFJ2NrxhfUUubIVGITdiNgjZC0MYygnlAsoTZyawZMju7zNyVLGt+wMZfsbFQxNbezr9x8ig08cCFwzn3cu89XiS4Btv+tjJLyyura9n13Mbm1vZOfnevocNYUVanoQhVyyOaCS5ZHTgI1ooUI4EnWNMbXI395j1TmofyFpKIuQG5k9znlICRuvnDqJRcdIANIS2YOYG5aWCF0QPuBAT6np8OR8fdfNEu2xPgReLMSBHNUOvmvzq9kMYBk0AF0brt2BG4KVHAqWCjXCfWLCJ0YFa1DZUkYNpNJ9+M8JFRetgPlSkJeKL+nkhJoHUSeKZzfKKe98bif147Bv/cTbmMYmCSThf5scAQ4nE0uMcVoyASQwhV3NyKaZ8oQsEEmDMhOPMvL5JGpeyclCs3p8Xq5SyOLDpABVRCDjpDVXSNaqiOKHpEz+gVvVlP1ov1bn1MWzPWbGYf/YH1+QMLYJuM</latexit>

Train to predict that real image is real

TRAIN
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Step 1.2: Train Discriminator

Train to predict that fake image is fake

Generated image

Discriminator

Generator

p(y = ”real image”|x)
<latexit sha1_base64="9ci9F9PdaHss/edXPNTlSnuigmw=">AAACDXicbVC7SgNBFJ2NrxhfUUubIVGITdiNgjZC0MYygnlAsoTZyawZMju7zNyVLGt+wMZfsbFQxNbezr9x8ig08cCFwzn3cu89XiS4Btv+tjJLyyura9n13Mbm1vZOfnevocNYUVanoQhVyyOaCS5ZHTgI1ooUI4EnWNMbXI395j1TmofyFpKIuQG5k9znlICRuvnDqJRcdIANIS2YOYG5aWCF0QPuBAT6np8OR8fdfNEu2xPgReLMSBHNUOvmvzq9kMYBk0AF0brt2BG4KVHAqWCjXCfWLCJ0YFa1DZUkYNpNJ9+M8JFRetgPlSkJeKL+nkhJoHUSeKZzfKKe98bif147Bv/cTbmMYmCSThf5scAQ4nE0uMcVoyASQwhV3NyKaZ8oQsEEmDMhOPMvL5JGpeyclCs3p8Xq5SyOLDpABVRCDjpDVXSNaqiOKHpEz+gVvVlP1ov1bn1MWzPWbGYf/YH1+QMLYJuM</latexit>

TRAIN

FREEZE
Noise vector
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Step 2: Train Generator

Train to predict that fake image is real

Generated image

Discriminator

Generator

p(y = ”real image”|x)
<latexit sha1_base64="9ci9F9PdaHss/edXPNTlSnuigmw=">AAACDXicbVC7SgNBFJ2NrxhfUUubIVGITdiNgjZC0MYygnlAsoTZyawZMju7zNyVLGt+wMZfsbFQxNbezr9x8ig08cCFwzn3cu89XiS4Btv+tjJLyyura9n13Mbm1vZOfnevocNYUVanoQhVyyOaCS5ZHTgI1ooUI4EnWNMbXI395j1TmofyFpKIuQG5k9znlICRuvnDqJRcdIANIS2YOYG5aWCF0QPuBAT6np8OR8fdfNEu2xPgReLMSBHNUOvmvzq9kMYBk0AF0brt2BG4KVHAqWCjXCfWLCJ0YFa1DZUkYNpNJ9+M8JFRetgPlSkJeKL+nkhJoHUSeKZzfKKe98bif147Bv/cTbmMYmCSThf5scAQ4nE0uMcVoyASQwhV3NyKaZ8oQsEEmDMhOPMvL5JGpeyclCs3p8Xq5SyOLDpABVRCDjpDVXSNaqiOKHpEz+gVvVlP1ov1bn1MWzPWbGYf/YH1+QMLYJuM</latexit>TRAIN

FREEZE
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Discriminator: learns to become 
better at distinguishing real from generated 
images

Generator: learns to generate better images 
to fool the discriminator

Adversarial Game
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How do the loss functions 
look like?
1. The Main Idea Behind GANs


2. The GAN Objective 

3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources
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GAN Objective

min
G

max
D

V (D,G) = Ex⇠pdata (x)[logD(x)] + Ez⇠pz(z)[log(1�D(G(z)))]

<latexit sha1_base64="ndhGl+E9cM3NAJx9pm90E5oQIrs="></latexit>

Generator

Random Noise

Generated Image

Real Image

Discriminator
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Turning the minmax optimization setting 
into a minimization problem for SGD

1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use 

4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources
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Simplified GAN Loss
(1) Minimize discriminator loss

Real image Generated image

<latexit sha1_base64="pu2PPaAHDCyc2VKhfJwfi/xCvUs="></latexit>

min
D

� (Ex⇠px [logD(x)] + Ez⇠pz [log(1�D(G(z)))])

using "original" labels

Real images:             class label 1 
Generated images:   class label 0
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Simplified GAN Loss
(1) Minimize discriminator loss

Real image Generated image

<latexit sha1_base64="NrZgp3DkqQZ4JO7BKkLuEBz/vW8=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8aNhVUY9BLx4jmAfsLmF2MpsMmZ1dZnqFEPIbXjwo4tWf8ebfOHkcNLGgoajqprsryqQw6LrfztLyyuraemGjuLm1vbNb2ttvmDTXjNdZKlPdiqjhUiheR4GStzLNaRJJ3oz6d2O/+cS1Eal6xEHGw4R2lYgFo2ilwD8LhIpxcErcsF0quxV3ArJIvBkpwwy1dukr6KQsT7hCJqkxvudmGA6pRsEkHxWD3PCMsj7tct9SRRNuwuHk5hE5tkqHxKm2pZBM1N8TQ5oYM0gi25lQ7Jl5byz+5/k5xjfhUKgsR67YdFGcS4IpGQdAOkJzhnJgCWVa2FsJ61FNGdqYijYEb/7lRdI4r3hXlYuHy3L1dhZHAQ7hCE7Ag2uowj3UoA4MMniGV3hzcufFeXc+pq1LzmzmAP7A+fwBymWQ4Q==</latexit>

[�1, 0]

<latexit sha1_base64="Uy0OK97dL5QL1b6w1GQkwUlW6jw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBg5RdK+qx6MVjBfsB26Vk02wbm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqt5+o0kyKBzNOaBDjgWARI9hYqeW7Z8gLeuWKW3VnQMvEy0kFcjR65a9uX5I0psIQjrX2PTcxQYaVYYTTSambappgMsID6lsqcEx1kM2unaATq/RRJJUtYdBM/T2R4VjrcRzazhiboV70puJ/np+a6DrImEhSQwWZL4pSjoxE09dRnylKDB9bgoli9lZEhlhhYmxAJRuCt/jyMmmdV73Lau3+olK/yeMowhEcwyl4cAV1uIMGNIHAIzzDK7w50nlx3p2PeWvByWcO4Q+czx8MOo4j</latexit>

[0, 1]value range:
want it to predict real -> 1


(correct prediction)

value range:

<latexit sha1_base64="3L6KTbMdKK7yl/7mw3ROZCnk4s4=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquinos6sFjBfsh7VKyabYNTTZLkhXL0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWl5ZXcuvFzY2t7Z3irt7DS0TRWidSC5VK8CachbRumGG01asKBYBp81geD3xm49UaSajezOKqS9wP2IhI9hY6aHDZR/dlJ+Ou8WSW3GnQIvEy0gJMtS6xa9OT5JE0MgQjrVue25s/BQrwwin40In0TTGZIj7tG1phAXVfjo9eIyOrNJDoVS2IoOm6u+JFAutRyKwnQKbgZ73JuJ/Xjsx4aWfsihODI3IbFGYcGQkmnyPekxRYvjIEkwUs7ciMsAKE2MzKtgQvPmXF0njpOKdV07vzkrVqyyOPBzAIZTBgwuowi3UoA4EBDzDK7w5ynlx3p2PWWvOyWb24Q+czx+iyY+n</latexit>

logD(x)

<latexit sha1_base64="9D2nAA50ZZj6lHzcWlKMcgs1Vgw=">AAACFHicbVDJSgNBEO2JW4xb1KOXxiAkiGFGRT0GF/AYwSyQGYaeTk/SpGehu0YShnyEF3/FiwdFvHrw5t/YWQ6a+KDg8V4VVfW8WHAFpvltZBYWl5ZXsqu5tfWNza389k5dRYmkrEYjEcmmRxQTPGQ14CBYM5aMBJ5gDa93NfIbD0wqHoX3MIiZE5BOyH1OCWjJzR8eYVswH4o3btrHtuIBjt3+ELdsEXXwdbFfcrAteacLJezmC2bZHAPPE2tKCmiKqpv/stsRTQIWAhVEqZZlxuCkRAKngg1zdqJYTGiPdFhL05AETDnp+KkhPtBKG/uR1BUCHqu/J1ISKDUIPN0ZEOiqWW8k/ue1EvAvnJSHcQIspJNFfiIwRHiUEG5zySiIgSaESq5vxbRLJKGgc8zpEKzZl+dJ/bhsnZVP7k4LlctpHFm0h/ZREVnoHFXQLaqiGqLoET2jV/RmPBkvxrvxMWnNGNOZXfQHxucPjtCcow==</latexit>

� (Ex⇠px [logD(x)])

loss value range:
<latexit sha1_base64="WhpYO1uHS55IPvZ0f6ACk3rv6V8=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBg5RERT0WvXisYD8gDWWz3bRLN7thdyKE0J/hxYMiXv013vw3btsctPXBwOO9GWbmhYngBlz32ymtrK6tb5Q3K1vbO7t71f2DtlGppqxFlVC6GxLDBJesBRwE6yaakTgUrBOO76Z+54lpw5V8hCxhQUyGkkecErCS7/e4jCA7w27Qr9bcujsDXiZeQWqoQLNf/eoNFE1jJoEKYozvuQkEOdHAqWCTSi81LCF0TIbMt1SSmJkgn508wSdWGeBIaVsS8Ez9PZGT2JgsDm1nTGBkFr2p+J/npxDdBDmXSQpM0vmiKBUYFJ7+jwdcMwois4RQze2tmI6IJhRsShUbgrf48jJpn9e9q/rFw2WtcVvEUUZH6BidIg9dowa6R03UQhQp9Ixe0ZsDzovz7nzMW0tOMXOI/sD5/AFfHJCq</latexit>

[1, 0]

<latexit sha1_base64="pu2PPaAHDCyc2VKhfJwfi/xCvUs="></latexit>

min
D

� (Ex⇠px [logD(x)] + Ez⇠pz [log(1�D(G(z)))])
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Simplified GAN Loss
(1) Minimize discriminator loss

Real image Generated image

<latexit sha1_base64="Uy0OK97dL5QL1b6w1GQkwUlW6jw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBg5RdK+qx6MVjBfsB26Vk02wbm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqt5+o0kyKBzNOaBDjgWARI9hYqeW7Z8gLeuWKW3VnQMvEy0kFcjR65a9uX5I0psIQjrX2PTcxQYaVYYTTSambappgMsID6lsqcEx1kM2unaATq/RRJJUtYdBM/T2R4VjrcRzazhiboV70puJ/np+a6DrImEhSQwWZL4pSjoxE09dRnylKDB9bgoli9lZEhlhhYmxAJRuCt/jyMmmdV73Lau3+olK/yeMowhEcwyl4cAV1uIMGNIHAIzzDK7w50nlx3p2PeWvByWcO4Q+czx8MOo4j</latexit>

[0, 1]value range:

value range:
<latexit sha1_base64="4IUbFkWolsRF3d6p7vD0wyEpg/M=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBg5RdK+qx6MVjBfsB26Vk02wbm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqt5+o0kyKBzNOaBDjgWARI9hYqeV7Z8gNeuWKW3VnQMvEy0kFcjR65a9uX5I0psIQjrX2PTcxQYaVYYTTSambappgMsID6lsqcEx1kM2unaATq/RRJJUtYdBM/T2R4VjrcRzazhiboV70puJ/np+a6DrImEhSQwWZL4pSjoxE09dRnylKDB9bgoli9lZEhlhhYmxAJRuCt/jyMmmdV73Lau3+olK/yeMowhEcwyl4cAV1uIMGNIHAIzzDK7w50nlx3p2PeWvByWcO4Q+czx8MPY4j</latexit>

[1, 0]

<latexit sha1_base64="pu2PPaAHDCyc2VKhfJwfi/xCvUs="></latexit>

min
D

� (Ex⇠px [logD(x)] + Ez⇠pz [log(1�D(G(z)))])

<latexit sha1_base64="4lZNUexd1xoaDsbYzvZWE2vmqTo="></latexit>

� (Ez⇠pz [log(1�D(G(z)))])

<latexit sha1_base64="D3VtJswzaSb9iL+KhR4uR/abCS8=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBg5RERT0WvXisYD8gDWWz3bRLN7thdyKE0J/hxYMiXv013vw3btsctPXBwOO9GWbmhYngBlz32ymtrK6tb5Q3K1vbO7t71f2DtlGppqxFlVC6GxLDBJesBRwE6yaakTgUrBOO76Z+54lpw5V8hCxhQUyGkkecErCS77tnuMdlBFnQr9bcujsDXiZeQWqoQLNf/eoNFE1jJoEKYozvuQkEOdHAqWCTSi81LCF0TIbMt1SSmJkgn508wSdWGeBIaVsS8Ez9PZGT2JgsDm1nTGBkFr2p+J/npxDdBDmXSQpM0vmiKBUYFJ7+jwdcMwois4RQze2tmI6IJhRsShUbgrf48jJpn9e9q/rFw2WtcVvEUUZH6BidIg9dowa6R03UQhQp9Ixe0ZsDzovz7nzMW0tOMXOI/sD5/AFahpCq</latexit>

[0,1]loss value range:

predict generated -> 0

(correct prediction) <latexit sha1_base64="1e13bX+s8IlNGe43NTZz/mto9WE=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSK0B8uuinosKuixgv2QdinZNG1Dk+ySZIW69Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5QcSZNq777SwsLi2vrGbWsusbm1vbuZ3dmg5jRWiVhDxUjQBrypmkVcMMp41IUSwCTuvB4Grs1x+p0iyU92YYUV/gnmRdRrCx0oN3dF24KTwVi+1c3i25E6B54qUkDykq7dxXqxOSWFBpCMdaNz03Mn6ClWGE01G2FWsaYTLAPdq0VGJBtZ9MDh6hQ6t0UDdUtqRBE/X3RIKF1kMR2E6BTV/PemPxP68Zm+6FnzAZxYZKMl3UjTkyIRp/jzpMUWL40BJMFLO3ItLHChNjM8raELzZl+dJ7bjknZVO7k7z5cs0jgzswwEUwINzKMMtVKAKBAQ8wyu8Ocp5cd6dj2nrgpPO7MEfOJ8/cfGO4Q==</latexit>

1�D(G(z))
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Simplified GAN Loss

Want to fool discriminator to make a wrong prediction

Generated images:   predict class label 1 

<latexit sha1_base64="0idvfihK+a8XkbLp/t1V/0L8aAA="></latexit>

min
G

� (Ez⇠pz [logD(G(z))])

Generated image

(2) Minimize generator loss (to fool discriminator)
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Simplified GAN Loss
(2) Minimize generator loss (to fool discriminator)

<latexit sha1_base64="0idvfihK+a8XkbLp/t1V/0L8aAA="></latexit>

min
G

� (Ez⇠pz [logD(G(z))])

Generated image

<latexit sha1_base64="Uy0OK97dL5QL1b6w1GQkwUlW6jw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBg5RdK+qx6MVjBfsB26Vk02wbm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqt5+o0kyKBzNOaBDjgWARI9hYqeW7Z8gLeuWKW3VnQMvEy0kFcjR65a9uX5I0psIQjrX2PTcxQYaVYYTTSambappgMsID6lsqcEx1kM2unaATq/RRJJUtYdBM/T2R4VjrcRzazhiboV70puJ/np+a6DrImEhSQwWZL4pSjoxE09dRnylKDB9bgoli9lZEhlhhYmxAJRuCt/jyMmmdV73Lau3+olK/yeMowhEcwyl4cAV1uIMGNIHAIzzDK7w50nlx3p2PeWvByWcO4Q+czx8MOo4j</latexit>

[0, 1]value range:
want it to predict generated -> 0 

predict real -> 1

<latexit sha1_base64="NrZgp3DkqQZ4JO7BKkLuEBz/vW8=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8aNhVUY9BLx4jmAfsLmF2MpsMmZ1dZnqFEPIbXjwo4tWf8ebfOHkcNLGgoajqprsryqQw6LrfztLyyuraemGjuLm1vbNb2ttvmDTXjNdZKlPdiqjhUiheR4GStzLNaRJJ3oz6d2O/+cS1Eal6xEHGw4R2lYgFo2ilwD8LhIpxcErcsF0quxV3ArJIvBkpwwy1dukr6KQsT7hCJqkxvudmGA6pRsEkHxWD3PCMsj7tct9SRRNuwuHk5hE5tkqHxKm2pZBM1N8TQ5oYM0gi25lQ7Jl5byz+5/k5xjfhUKgsR67YdFGcS4IpGQdAOkJzhnJgCWVa2FsJ61FNGdqYijYEb/7lRdI4r3hXlYuHy3L1dhZHAQ7hCE7Ag2uowj3UoA4MMniGV3hzcufFeXc+pq1LzmzmAP7A+fwBymWQ4Q==</latexit>

[�1, 0]value range:

loss value range:
<latexit sha1_base64="WhpYO1uHS55IPvZ0f6ACk3rv6V8=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBg5RERT0WvXisYD8gDWWz3bRLN7thdyKE0J/hxYMiXv013vw3btsctPXBwOO9GWbmhYngBlz32ymtrK6tb5Q3K1vbO7t71f2DtlGppqxFlVC6GxLDBJesBRwE6yaakTgUrBOO76Z+54lpw5V8hCxhQUyGkkecErCS7/e4jCA7w27Qr9bcujsDXiZeQWqoQLNf/eoNFE1jJoEKYozvuQkEOdHAqWCTSi81LCF0TIbMt1SSmJkgn508wSdWGeBIaVsS8Ez9PZGT2JgsDm1nTGBkFr2p+J/npxDdBDmXSQpM0vmiKBUYFJ7+jwdcMwois4RQze2tmI6IJhRsShUbgrf48jJpn9e9q/rFw2WtcVvEUUZH6BidIg9dowa6R03UQhQp9Ixe0ZsDzovz7nzMW0tOMXOI/sD5/AFfHJCq</latexit>

[1, 0]

<latexit sha1_base64="6/YVdtPedvA7nzdFu64eCw0WGmE=">AAAB83icbVBNSwMxEJ31s9avqkcvwSK0l7Kroh6LCnqsYD+gu5Rsmrah2WRJskJd+je8eFDEq3/Gm//GtN2Dtj4YeLw3w8y8MOZMG9f9dpaWV1bX1nMb+c2t7Z3dwt5+Q8tEEVonkkvVCrGmnAlaN8xw2ooVxVHIaTMcXk/85iNVmknxYEYxDSLcF6zHCDZW8n0u++imdFt6Kpc7haJbcadAi8TLSBEy1DqFL78rSRJRYQjHWrc9NzZBipVhhNNx3k80jTEZ4j5tWypwRHWQTm8eo2OrdFFPKlvCoKn6eyLFkdajKLSdETYDPe9NxP+8dmJ6l0HKRJwYKshsUS/hyEg0CQB1maLE8JElmChmb0VkgBUmxsaUtyF48y8vksZJxTuvnN6fFatXWRw5OIQjKIEHF1CFO6hBHQjE8Ayv8OYkzovz7nzMWpecbOYA/sD5/AED6JBf</latexit>

logD(G(z))

<latexit sha1_base64="tP7ACX1FtyHtSV/6RDOimTlvJPI=">AAACF3icbVDJSgNBEO1xjXGLevTSGITkYJhRUY/BBT1GMAtkhqGn05M06VnorpHEIX/hxV/x4kERr3rzb+wsB018UPB4r4qqel4suALT/Dbm5hcWl5YzK9nVtfWNzdzWdk1FiaSsSiMRyYZHFBM8ZFXgIFgjlowEnmB1r3sx9Ov3TCoehXfQj5kTkHbIfU4JaMnNlQ6wLZgPhSs37WFb8QDHbm+Am7aI2viycF14KBYdbEve7kARu7m8WTJHwLPEmpA8mqDi5r7sVkSTgIVABVGqaZkxOCmRwKlgg6ydKBYT2iVt1tQ0JAFTTjr6a4D3tdLCfiR1hYBH6u+JlARK9QNPdwYEOmraG4r/ec0E/DMn5WGcAAvpeJGfCAwRHoaEW1wyCqKvCaGS61sx7RBJKOgoszoEa/rlWVI7LFknpaPb43z5fBJHBu2iPVRAFjpFZXSDKqiKKHpEz+gVvRlPxovxbnyMW+eMycwO+gPj8wcPwZ1b</latexit>

� (Ex⇠px [logD(G(z))])
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Negative Log-Likelihood /  
Binary Cross Entropy Loss

<latexit sha1_base64="/PlKoi/n/r6G6wxPMhuF7QXeCKI="></latexit>

L(w) =
1

n

nX

i=1

h
�
⇣
y(i) log

⇣
ŷ(i)

⌘
+

⇣
1� y(i)

⌘
log

⇣
1� ŷ(i)

⌘⌘i

if
<latexit sha1_base64="h5op3JI4d08QyCIciRMHjNUx+nA=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMq6rLoxoWLCvYB06Fk0kwbmkmG5I5Qhn6GGxeKuPVr3Pk3ZtpZaOuBwOGce8m5J0wEN+C6305pZXVtfaO8Wdna3tndq+4ftI1KNWUtqoTS3ZAYJrhkLeAgWDfRjMShYJ1wfJv7nSemDVfyESYJC2IylDzilICV/F5MYESJyO6n/WrNrbsz4GXiFaSGCjT71a/eQNE0ZhKoIMb4nptAkBENnAo2rfRSwxJCx2TIfEsliZkJslnkKT6xygBHStsnAc/U3xsZiY2ZxKGdzCOaRS8X//P8FKLrIOMySYFJOv8oSgUGhfP78YBrRkFMLCFUc5sV0xHRhIJtqWJL8BZPXibts7p3WT9/uKg1boo6yugIHaNT5KEr1EB3qIlaiCKFntErenPAeXHenY/5aMkpdg7RHzifP4OhkWo=</latexit>

L

<latexit sha1_base64="yzI+1kWR26k9V8HRBCS6BJTBmKM=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahXkqioh6LXjxWsB/QxrLZbtqlm03c3RRCyO/w4kERr/4Yb/4bt20O2vpg4PHeDDPzvIgzpW372yqsrK6tbxQ3S1vbO7t75f2DlgpjSWiThDyUHQ8rypmgTc00p51IUhx4nLa98e3Ub0+oVCwUDzqJqBvgoWA+I1gbye2NsE6T7DGtstOsX67YNXsGtEycnFQgR6Nf/uoNQhIHVGjCsVJdx460m2KpGeE0K/ViRSNMxnhIu4YKHFDlprOjM3RilAHyQ2lKaDRTf0+kOFAqCTzTGWA9UoveVPzP68bav3ZTJqJYU0Hmi/yYIx2iaQJowCQlmieGYCKZuRWREZaYaJNTyYTgLL68TFpnNeeydn5/Uanf5HEU4QiOoQoOXEEd7qABTSDwBM/wCm/WxHqx3q2PeWvBymcO4Q+szx/KCJIe</latexit>

ŷ(i)

<latexit sha1_base64="Xdg/vhTOC9qV9gZttous8OrlIPk=">AAAB8nicbVBNS8NAEN34WetX1aOXxSLUS0lU1ItQ9OKxgv2ANJbNdtMu3WTD7kQIIT/DiwdFvPprvPlv3LY5aOuDgcd7M8zM82PBNdj2t7W0vLK6tl7aKG9ube/sVvb221omirIWlUKqrk80EzxiLeAgWDdWjIS+YB1/fDvxO09MaS6jB0hj5oVkGPGAUwJGcrM0f8xq/CS/tvuVql23p8CLxClIFRVo9itfvYGkScgioIJo7Tp2DF5GFHAqWF7uJZrFhI7JkLmGRiRk2sumJ+f42CgDHEhlKgI8VX9PZCTUOg190xkSGOl5byL+57kJBFdexqM4ARbR2aIgERgknvyPB1wxCiI1hFDFza2YjogiFExKZROCM//yImmf1p2L+tn9ebVxU8RRQofoCNWQgy5RA92hJmohiiR6Rq/ozQLrxXq3PmatS1Yxc4D+wPr8Aa/hkN4=</latexit>

y(i) = 0

<latexit sha1_base64="y4/9mDI/AZbA7qg8VaZBcEvSOaQ=">AAAB8nicbVBNS8NAEN34WetX1aOXxSLUS0lU1ItQ9OKxgv2ANJbNdtMu3WTD7kQIIT/DiwdFvPprvPlv3LY5aOuDgcd7M8zM82PBNdj2t7W0vLK6tl7aKG9ube/sVvb221omirIWlUKqrk80EzxiLeAgWDdWjIS+YB1/fDvxO09MaS6jB0hj5oVkGPGAUwJGcrM0f8xq/CS/dvqVql23p8CLxClIFRVo9itfvYGkScgioIJo7Tp2DF5GFHAqWF7uJZrFhI7JkLmGRiRk2sumJ+f42CgDHEhlKgI8VX9PZCTUOg190xkSGOl5byL+57kJBFdexqM4ARbR2aIgERgknvyPB1wxCiI1hFDFza2YjogiFExKZROCM//yImmf1p2L+tn9ebVxU8RRQofoCNWQgy5RA92hJmohiiR6Rq/ozQLrxXq3PmatS1Yxc4D+wPr8AbFlkN8=</latexit>

y(i) = 1if
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Negative Log-Likelihood /  
Binary Cross Entropy Loss

<latexit sha1_base64="/PlKoi/n/r6G6wxPMhuF7QXeCKI="></latexit>

L(w) =
1

n

nX

i=1

h
�
⇣
y(i) log

⇣
ŷ(i)

⌘
+

⇣
1� y(i)

⌘
log

⇣
1� ŷ(i)

⌘⌘i

Discriminator: 
<latexit sha1_base64="vxTi8zEQ4v+3eR80RTLxm2cjKgU=">AAACBnicbZBNS8MwGMdTX+d8q3oUITgET6VVUWEIQy8eJ7gXaMtIs3QLS9OSpEIpO3nxq3jxoIhXP4M3v41Z14NuPhDy4/9/HpLnHySMSmXb38bC4tLyymplrbq+sbm1be7stmWcCkxaOGax6AZIEkY5aSmqGOkmgqAoYKQTjG4mfueBCEljfq+yhPgRGnAaUoyUlnrmQQavoOtAr+7VYXlZllWA4/fMmm3ZRcF5cEqogbKaPfPL68c4jQhXmCEpXcdOlJ8joShmZFz1UkkShEdoQFyNHEVE+nmxxhgeaaUPw1jowxUs1N8TOYqkzKJAd0ZIDeWsNxH/89xUhZd+TnmSKsLx9KEwZVDFcJIJ7FNBsGKZBoQF1X+FeIgEwkonV9UhOLMrz0P7xHLOrdO7s1rjuoyjAvbBITgGDrgADXALmqAFMHgEz+AVvBlPxovxbnxMWxeMcmYP/Cnj8wel55TK</latexit>

y = [1 1 ... 1]real images

want
<latexit sha1_base64="umw3pGdmWL71tkJTCuatUIDR0i4=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4GmZUVChC0Y3LCvYBM0PJpGkbmnmQ3BGGoR/gxl9x40IRt36AO//GdDoLbT0QcjjnXJJ7/FhwBZb1bZSWlldW18rrlY3Nre2d6u5eW0WJpKxFIxHJrk8UEzxkLeAgWDeWjAS+YB1/fDP1Ow9MKh6F95DGzAvIMOQDTgloqVetuSMCWTrBV9ixsVt367i4TNPMie3plGVaOfAisQtSQwWaveqX249oErAQqCBKObYVg5cRCZwKNqm4iWIxoWMyZI6mIQmY8rJ8mQk+0kofDyKpTwg4V39PZCRQKg18nQwIjNS8NxX/85wEBpdexsM4ARbS2UODRGCI8LQZ3OeSURCpJoRKrv+K6YhIQkH3V9El2PMrL5L2iWmfm6d3Z7XGdVFHGR2gQ3SMbHSBGugWNVELUfSIntErejOejBfj3fiYRUtGMbOP/sD4/AG50ZeX</latexit>

ŷ = [1 1 ... 1]

generated images

want
<latexit sha1_base64="GBFb5DQFValnLIbpYu2V1ENjdMc=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4GmZUVChC0Y3LCvYBM0PJpGkbmnmQ3BGGoR/gxl9x40IRt36AO//GdDoLbT0QcjjnXJJ7/FhwBZb1bZSWlldW18rrlY3Nre2d6u5eW0WJpKxFIxHJrk8UEzxkLeAgWDeWjAS+YB1/fDP1Ow9MKh6F95DGzAvIMOQDTgloqVetuSMCWTrBV9ixsFt367i4TNPMieXplGVaOfAisQtSQwWaveqX249oErAQqCBKObYVg5cRCZwKNqm4iWIxoWMyZI6mIQmY8rJ8mQk+0kofDyKpTwg4V39PZCRQKg18nQwIjNS8NxX/85wEBpdexsM4ARbS2UODRGCI8LQZ3OeSURCpJoRKrv+K6YhIQkH3V9El2PMrL5L2iWmfm6d3Z7XGdVFHGR2gQ3SMbHSBGugWNVELUfSIntErejOejBfj3fiYRUtGMbOP/sD4/AG1HZeU</latexit>

ŷ = [0 0 ... 0]

<latexit sha1_base64="0coJOIfokpVE8v5ffgWv4jRdNlA=">AAACCHicbZBNS8MwGMdTX+d8q3r0YHAInkqrosIQhl48TnAv0JaRZukWlqYlSYVSdvTiV/HiQRGvfgRvfhuzrgfdfCDkx///PCTPP0gYlcq2v42FxaXlldXKWnV9Y3Nr29zZbcs4FZi0cMxi0Q2QJIxy0lJUMdJNBEFRwEgnGN1M/M4DEZLG/F5lCfEjNOA0pBgpLfXMgzwbwyvo2tCre3VYXpZlFWD7PbNmW3ZRcB6cEmqgrGbP/PL6MU4jwhVmSErXsRPl50goihkZV71UkgThERoQVyNHEZF+Xiwyhkda6cMwFvpwBQv190SOIimzKNCdEVJDOetNxP88N1XhpZ9TnqSKcDx9KEwZVDGcpAL7VBCsWKYBYUH1XyEeIoGw0tlVdQjO7Mrz0D6xnHPr9O6s1rgu46iAfXAIjoEDLkAD3IImaAEMHsEzeAVvxpPxYrwbH9PWBaOc2QN/yvj8AYA4ldM=</latexit>

y = [0 0 ... 0]

Generator

Random Noise

Generated Image

Real Image

Discriminator
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Negative Log-Likelihood /  
Binary Cross Entropy Loss

<latexit sha1_base64="/PlKoi/n/r6G6wxPMhuF7QXeCKI="></latexit>

L(w) =
1

n

nX

i=1

h
�
⇣
y(i) log

⇣
ŷ(i)

⌘
+

⇣
1� y(i)

⌘
log

⇣
1� ŷ(i)

⌘⌘i

Generator: generated images

want to fool the discriminator

<latexit sha1_base64="0coJOIfokpVE8v5ffgWv4jRdNlA=">AAACCHicbZBNS8MwGMdTX+d8q3r0YHAInkqrosIQhl48TnAv0JaRZukWlqYlSYVSdvTiV/HiQRGvfgRvfhuzrgfdfCDkx///PCTPP0gYlcq2v42FxaXlldXKWnV9Y3Nr29zZbcs4FZi0cMxi0Q2QJIxy0lJUMdJNBEFRwEgnGN1M/M4DEZLG/F5lCfEjNOA0pBgpLfXMgzwbwyvo2tCre3VYXpZlFWD7PbNmW3ZRcB6cEmqgrGbP/PL6MU4jwhVmSErXsRPl50goihkZV71UkgThERoQVyNHEZF+Xiwyhkda6cMwFvpwBQv190SOIimzKNCdEVJDOetNxP88N1XhpZ9TnqSKcDx9KEwZVDGcpAL7VBCsWKYBYUH1XyEeIoGw0tlVdQjO7Mrz0D6xnHPr9O6s1rgu46iAfXAIjoEDLkAD3IImaAEMHsEzeAVvxpPxYrwbH9PWBaOc2QN/yvj8AYA4ldM=</latexit>

y = [0 0 ... 0]

Generator

Random Noise

Generated Image

Real Image

Discriminator
<latexit sha1_base64="vxTi8zEQ4v+3eR80RTLxm2cjKgU=">AAACBnicbZBNS8MwGMdTX+d8q3oUITgET6VVUWEIQy8eJ7gXaMtIs3QLS9OSpEIpO3nxq3jxoIhXP4M3v41Z14NuPhDy4/9/HpLnHySMSmXb38bC4tLyymplrbq+sbm1be7stmWcCkxaOGax6AZIEkY5aSmqGOkmgqAoYKQTjG4mfueBCEljfq+yhPgRGnAaUoyUlnrmQQavoOtAr+7VYXlZllWA4/fMmm3ZRcF5cEqogbKaPfPL68c4jQhXmCEpXcdOlJ8joShmZFz1UkkShEdoQFyNHEVE+nmxxhgeaaUPw1jowxUs1N8TOYqkzKJAd0ZIDeWsNxH/89xUhZd+TnmSKsLx9KEwZVDFcJIJ7FNBsGKZBoQF1X+FeIgEwkonV9UhOLMrz0P7xHLOrdO7s1rjuoyjAvbBITgGDrgADXALmqAFMHgEz+AVvBlPxovxbnxMWxeMcmYP/Cnj8wel55TK</latexit>

y = [1 1 ... 1]

label flip

<latexit sha1_base64="umw3pGdmWL71tkJTCuatUIDR0i4=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4GmZUVChC0Y3LCvYBM0PJpGkbmnmQ3BGGoR/gxl9x40IRt36AO//GdDoLbT0QcjjnXJJ7/FhwBZb1bZSWlldW18rrlY3Nre2d6u5eW0WJpKxFIxHJrk8UEzxkLeAgWDeWjAS+YB1/fDP1Ow9MKh6F95DGzAvIMOQDTgloqVetuSMCWTrBV9ixsVt367i4TNPMie3plGVaOfAisQtSQwWaveqX249oErAQqCBKObYVg5cRCZwKNqm4iWIxoWMyZI6mIQmY8rJ8mQk+0kofDyKpTwg4V39PZCRQKg18nQwIjNS8NxX/85wEBpdexsM4ARbS2UODRGCI8LQZ3OeSURCpJoRKrv+K6YhIQkH3V9El2PMrL5L2iWmfm6d3Z7XGdVFHGR2gQ3SMbHSBGugWNVELUfSIntErejOejBfj3fiYRUtGMbOP/sD4/AG50ZeX</latexit>

ŷ = [1 1 ... 1]
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Implementing our first GAN

1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch 

5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources
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https://colab.research.google.com/github/rasbt/2021-issdl-gdansk/blob/main/01_gan-mnist-exercise.ipynb

https://deepnote.com/project/2021-issdl-gdansk-qUQLtJxgQeKj0NrLtxDeow/%2F01_gan-mnist-exercise.ipynb

https://colab.research.google.com/github/rasbt/2021-issdl-gdansk/blob/main/01_gan-mnist-exercise.ipynb
https://deepnote.com/project/2021-issdl-gdansk-qUQLtJxgQeKj0NrLtxDeow/%2F01_gan-mnist-exercise.ipynb
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Looking at some of the best 
practices for GAN training
1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work 

6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources
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https://github.com/soumith/ganhacks

https://github.com/soumith/ganhacks
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we used min -log D, which is the same
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02_dcgan-celeba.ipynb

BatchNorm in upcoming
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...
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1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch 

7. GAN Resources

Implementing a GAN with 
convolutional layers
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Radford, A., Metz, L., & Chintala, S. (2015). Unsupervised representation learning with 
deep convolutional generative adversarial networks. arXiv preprint arXiv:1511.06434.

Deep Convolutional GAN

https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434
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If the CelebA download causes problems (e.g., because the daily download quota was exceeded), you can download the 
dataset from the original CelebA page: https://mmlab.ie.cuhk.edu.hk/projects/CelebA.html

 
Or download celeba.zip (1.7 Gb) and from https://drive.google.com/file/d/1m8-EBPgi5MRubrm6iQjafK2QMHDBMSfJ/view?
usp=sharing

and unzip it in the notebook directory

Code: 

https://github.com/rasbt/2021-issdl-gdansk

https://mmlab.ie.cuhk.edu.hk/projects/CelebA.html
https://drive.google.com/file/d/1m8-EBPgi5MRubrm6iQjafK2QMHDBMSfJ/view?usp=sharing
https://drive.google.com/file/d/1m8-EBPgi5MRubrm6iQjafK2QMHDBMSfJ/view?usp=sharing
https://github.com/rasbt/2021-issdl-gdansk
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1. The Main Idea Behind GANs


2. The GAN Objective


3. Modifying the GAN Loss Function for Practical Use


4. A Simple GAN Generating Handwritten Digits in PyTorch


5. Tips and Tricks to Make GANs Work


6. A DCGAN for Generating Face Images in PyTorch


7. GAN Resources

A subselection of popular GANs 
and further reading resources
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GAN Resources

Gui, J., Sun, Z., Wen, Y., Tao, D. and Ye, J., 2020.  
A review on generative adversarial networks: Algorithms, theory, and applications.

https://dl.acm.org/doi/pdf/10.1145/3439723

Wang, Z., She, Q. and Ward, T.E., 2021.  
Generative adversarial networks in computer vision: A survey and taxonomy.  
ACM Computing Surveys (CSUR), 54(2), pp.1-38.

https://arxiv.org/abs/2001.06937

GAN Papers to Read in 2020 
https://towardsdatascience.com/gan-papers-to-read-in-2020-2c708af5c0a4

https://dl.acm.org/doi/pdf/10.1145/3439723
https://arxiv.org/abs/2001.06937
https://towardsdatascience.com/gan-papers-to-read-in-2020-2c708af5c0a4
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A very much abbreviated timeline

Laplacian pyramid to 
generate higher resolution 
images

Figure adapted from https://towardsdatascience.com/a-review-of-generative-adversarial-networks-9af21e94bda4

Improved loss (Wasserstein 
distance) and gradient 
penalty for Lipschitz 
constraint

Fully connected layers

Convolutional and 
deconvolutional layers

Maps image from source to 
target domain, incl. inverse 
mapping (cycle consistency)

Formalizes packing to 
tackle mode collapse: 
stack single images to 
double images to 
provide more diversity

Adds self-attention to 
model long-range 
dependencies

Introduces a bunch of tricks: 
feature matching, minibatch 
discrimination, label smoothing, 
historical averaging, virtual batch 
normalization, ...

Boundary equilibrium: enforcing method to 
balance discriminator and generator plus  
Wasserstein distance based loss for 
training autoencoder based GANs

Progressive growing GAN: Start with 
small image and incrementally add 
layers to generator and discriminator 
to increase output image size. The 
layers are phased in via skip 
connections

Uses a spatial-temporal adversarial 
objective to synthesize videos onto 
different types of inputs (segmentation 
masks, sketches, poses)

Adds margin as part of the 
loss function. E.g., 
EBGAN (energy-based 
GAN) and MAGAN 
(margin adaption GAN)

Single image GAN 
scheme that captures 
the internal distribution 
of patches within an 
image. A pyramid of 
conv layers allows for 
dealing with different 
sizes.

next slide

https://towardsdatascience.com/a-review-of-generative-adversarial-networks-9af21e94bda4
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BigGANs

• A class-conditional GAN with scaled up model and batch size


• Uses self-attention (based on SAGAN) and hinge loss


• Uses conditional BatchNorm, spectral normalization for weights, the truncation trick 
(truncated Gaussian during inference), and many other tricks

https://arxiv.org/pdf/1905.01164.pdf

Published as a conference paper at ICLR 2019

LARGE SCALE GAN TRAINING FOR
HIGH FIDELITY NATURAL IMAGE SYNTHESIS

Andrew Brock⇤†

Heriot-Watt University
ajb5@hw.ac.uk

Jeff Donahue†
DeepMind
jeffdonahue@google.com

Karen Simonyan†

DeepMind
simonyan@google.com

ABSTRACT

Despite recent progress in generative image modeling, successfully generating
high-resolution, diverse samples from complex datasets such as ImageNet remains
an elusive goal. To this end, we train Generative Adversarial Networks at the
largest scale yet attempted, and study the instabilities specific to such scale. We
find that applying orthogonal regularization to the generator renders it amenable
to a simple “truncation trick,” allowing fine control over the trade-off between
sample fidelity and variety by reducing the variance of the Generator’s input. Our
modifications lead to models which set the new state of the art in class-conditional
image synthesis. When trained on ImageNet at 128⇥128 resolution, our models
(BigGANs) achieve an Inception Score (IS) of 166.5 and Fréchet Inception Dis-
tance (FID) of 7.4, improving over the previous best IS of 52.52 and FID of 18.65.

1 INTRODUCTION

Figure 1: Class-conditional samples generated by our model.

The state of generative image modeling has advanced dramatically in recent years, with Generative
Adversarial Networks (GANs, Goodfellow et al. (2014)) at the forefront of efforts to generate high-
fidelity, diverse images with models learned directly from data. GAN training is dynamic, and
sensitive to nearly every aspect of its setup (from optimization parameters to model architecture),
but a torrent of research has yielded empirical and theoretical insights enabling stable training in
a variety of settings. Despite this progress, the current state of the art in conditional ImageNet
modeling (Zhang et al., 2018) achieves an Inception Score (Salimans et al., 2016) of 52.5, compared
to 233 for real data.

In this work, we set out to close the gap in fidelity and variety between images generated by GANs
and real-world images from the ImageNet dataset. We make the following three contributions to-
wards this goal:

• We demonstrate that GANs benefit dramatically from scaling, and train models with two
to four times as many parameters and eight times the batch size compared to prior art. We
introduce two simple, general architectural changes that improve scalability, and modify a
regularization scheme to improve conditioning, demonstrably boosting performance.

⇤Work done at DeepMind
†Equal contribution
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GANs are fun!

https://twitter.com/TheInsaneApp/status/1408516210099064833?s=20

https://twitter.com/TheInsaneApp/status/1408516210099064833?s=20
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https://sebastianraschka.com/books/

@rasbthttps://www.youtube.com/playlist?list=PLTKMiZHVd_2KJtIXOW0zFhFfBaJJilH51

https://sebastianraschka.com/books/
https://twitter.com/rasbt
https://www.youtube.com/playlist?list=PLTKMiZHVd_2KJtIXOW0zFhFfBaJJilH51

