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Part 1: Lecture on Generative Adversarial Networks (ca. 60 min)

1) GAN concept and architecture

2) Important types of GANs

3) Applications and performance

Outline of this lecture
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Part 2: Hands-on tutorial (ca. 30 min)
How to GAN galaxy clusters
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GAN = Generative Adversarial Network

- Introduced in 2014 by Goodfellow at al. 
(https://arxiv.org/abs/1406.2661)

- Two models (networks) are simultaneously trained,
a generative and a discriminative model

- Framework: two-player game

“Adversarial training is like a really cool idea, it is like the coolest 
idea in machine learning in the last 20 years” (Yann LeCun, 2016)

https://arxiv.org/abs/1406.2661
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Examples of GAN applications <also, your favourite examples here>

Similar tasks: 
De-noising, Inpainting

Image generation
Or ‘simulation’

Credit: tutorials.one Credit: towardsdatascience.com
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GAN = Generative Adversarial Network
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GAN = Generative Adversarial Network
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GAN = Generative Adversarial Network
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Concept: Optimise generated wrt 
real data via adversarial network

Optimisation: Backpropagation
with goal to minimise loss
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<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

Minimise generator loss
Maximise discriminator loss

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD

Each training step we:

update model D with ’batch 1’

update model G with ‘batch 2’

1

1

1

2
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<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

Minimise generator loss
Maximise discriminator loss

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD

Each training step we:

update model D with ’batch 1’

update model G with ‘batch 2’

1

1

1

2

2 2

Noise samples 
<latexit sha1_base64="mgCIEFXraitF5rqWEBuldzMZkSA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0s4m7G6GG/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+W9GSfoR3QgecgZNVZqd4Mwe5r0eK9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx274ScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo86XOFzIixJZQpbm8lbEgVZcZGVLIheIsvL5PmWdW7qLp355XadR5HEY7gGE7Bg0uowS3UoQEMBDzDK7w5D86L8+58zFsLTj5zCH/gfP4AWmSQLA==</latexit>zi

Data samples 
<latexit sha1_base64="HeyvulalG6xn/DRcalICw47rAR8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0s4m7G7GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+W9GSfoR3QgecgZNVZqd4Mwe5r0eK9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx274ScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo86XOFzIixJZQpbm8lbEgVZcZGVLIheIsvL5PmWdW7qLp355XadR5HEY7gGE7Bg0uowS3UoQEMBDzDK7w5D86L8+58zFsLTj5zCH/gfP4AV1aQKg==</latexit>xi

Generated
samples 

<latexit sha1_base64="G4k3i0thjveE84XF5SwI775JaOg=">AAACAXicbVBNS8NAEN34WetX1IvgZbEI9VISUfRY9KDHCvYDmlA22027dLMJuxOhhnrxr3jxoIhX/4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IOhgnzI9KTPOSUgJE69v61J1gIZewFYfYw6nDsKd7rw3HHLjkVZwI8T9yclFCOWsf+8roxTSMmgQqiddt1EvAzooBTwUZFL9UsIXRAeqxtqCQR0342+WCEj4zSxWGsTEnAE/X3REYirYdRYDojAn09643F/7x2CuGFn3GZpMAknS4KU4EhxuM4cJcrRkEMDSFUcXMrpn2iCAUTWtGE4M6+PE8aJxX3rOLcnpaql3kcBXSADlEZuegcVdENqqE6ougRPaNX9GY9WS/Wu/UxbV2w8pk99AfW5w+Wg5ZW</latexit>

G (zi)
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A) MinMax GAN
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<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

Minimise generator loss
Maximise discriminator loss

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD = binary cross-entropy:

Assign label: 1 =  real, 0 = fake

<latexit sha1_base64="oIIQqANrz/aK+Qiz8+1r0JjP718="></latexit>

1

N

NX

i=1

[logD ( xi) + log (1�D (G (zi)))]

Data ‘real’ 
<latexit sha1_base64="HeyvulalG6xn/DRcalICw47rAR8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0s4m7G7GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+W9GSfoR3QgecgZNVZqd4Mwe5r0eK9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx274ScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo86XOFzIixJZQpbm8lbEgVZcZGVLIheIsvL5PmWdW7qLp355XadR5HEY7gGE7Bg0uowS3UoQEMBDzDK7w5D86L8+58zFsLTj5zCH/gfP4AV1aQKg==</latexit>xi

Generated
‘fake’ 

<latexit sha1_base64="G4k3i0thjveE84XF5SwI775JaOg=">AAACAXicbVBNS8NAEN34WetX1IvgZbEI9VISUfRY9KDHCvYDmlA22027dLMJuxOhhnrxr3jxoIhX/4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IOhgnzI9KTPOSUgJE69v61J1gIZewFYfYw6nDsKd7rw3HHLjkVZwI8T9yclFCOWsf+8roxTSMmgQqiddt1EvAzooBTwUZFL9UsIXRAeqxtqCQR0342+WCEj4zSxWGsTEnAE/X3REYirYdRYDojAn09643F/7x2CuGFn3GZpMAknS4KU4EhxuM4cJcrRkEMDSFUcXMrpn2iCAUTWtGE4M6+PE8aJxX3rOLcnpaql3kcBXSADlEZuegcVdENqqE6ougRPaNX9GY9WS/Wu/UxbV2w8pk99AfW5w+Wg5ZW</latexit>

G (zi)

Predicted
p_1

Predicted
1 - p_0

Maximise real vs. fake

‘the standard binary classifier’
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A) MinMax GAN
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<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD

= ‘ability to mislead D’:

Assign label: 1 =  real, 0 = fake

<latexit sha1_base64="kTo9aiy0I2fApqFNXCWCY6iEBYs="></latexit>

1

N

NX

i=1

[log (1�D (G (zi)))]

Data ‘real’ 
<latexit sha1_base64="HeyvulalG6xn/DRcalICw47rAR8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0s4m7G7GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+W9GSfoR3QgecgZNVZqd4Mwe5r0eK9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx274ScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo86XOFzIixJZQpbm8lbEgVZcZGVLIheIsvL5PmWdW7qLp355XadR5HEY7gGE7Bg0uowS3UoQEMBDzDK7w5D86L8+58zFsLTj5zCH/gfP4AV1aQKg==</latexit>xi

Generated
‘fake’ 

<latexit sha1_base64="G4k3i0thjveE84XF5SwI775JaOg=">AAACAXicbVBNS8NAEN34WetX1IvgZbEI9VISUfRY9KDHCvYDmlA22027dLMJuxOhhnrxr3jxoIhX/4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IOhgnzI9KTPOSUgJE69v61J1gIZewFYfYw6nDsKd7rw3HHLjkVZwI8T9yclFCOWsf+8roxTSMmgQqiddt1EvAzooBTwUZFL9UsIXRAeqxtqCQR0342+WCEj4zSxWGsTEnAE/X3REYirYdRYDojAn09643F/7x2CuGFn3GZpMAknS4KU4EhxuM4cJcrRkEMDSFUcXMrpn2iCAUTWtGE4M6+PE8aJxX3rOLcnpaql3kcBXSADlEZuegcVdENqqE6ougRPaNX9GY9WS/Wu/UxbV2w8pk99AfW5w+Wg5ZW</latexit>

G (zi)

Predicted
1 - p_0

Minimise D catching fake
(inverted p_0) 

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

‘the minimax game’
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A) MinMax GAN

Fake

Real?
Discriminator

D
Generator

loss

<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD

Data ‘real’ 
<latexit sha1_base64="HeyvulalG6xn/DRcalICw47rAR8=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0s4m7G7GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+W9GSfoR3QgecgZNVZqd4Mwe5r0eK9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx274ScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo86XOFzIixJZQpbm8lbEgVZcZGVLIheIsvL5PmWdW7qLp355XadR5HEY7gGE7Bg0uowS3UoQEMBDzDK7w5D86L8+58zFsLTj5zCH/gfP4AV1aQKg==</latexit>xi

Generated
‘fake’ 

<latexit sha1_base64="G4k3i0thjveE84XF5SwI775JaOg=">AAACAXicbVBNS8NAEN34WetX1IvgZbEI9VISUfRY9KDHCvYDmlA22027dLMJuxOhhnrxr3jxoIhX/4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IOhgnzI9KTPOSUgJE69v61J1gIZewFYfYw6nDsKd7rw3HHLjkVZwI8T9yclFCOWsf+8roxTSMmgQqiddt1EvAzooBTwUZFL9UsIXRAeqxtqCQR0342+WCEj4zSxWGsTEnAE/X3REYirYdRYDojAn09643F/7x2CuGFn3GZpMAknS4KU4EhxuM4cJcrRkEMDSFUcXMrpn2iCAUTWtGE4M6+PE8aJxX3rOLcnpaql3kcBXSADlEZuegcVdENqqE6ougRPaNX9GY9WS/Wu/UxbV2w8pk99AfW5w+Wg5ZW</latexit>

G (zi)

Problem: Small training gradient if
D performs well and G poorly

‘the –log D trick in GAN training’

<latexit sha1_base64="kTo9aiy0I2fApqFNXCWCY6iEBYs="></latexit>

1

N

NX

i=1

[log (1�D (G (zi)))]

Maximise p_0  instead
i.e. <latexit sha1_base64="NtBS2vJLcQeTDzIxyTktG7oQbAI=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0Wom5KIosuigi4r2Ac0IUymk3bo5MHMjVBDf8GNv+LGhSJu3bnzb5y2EbT1wHAP59zLnXv8RHAFlvVlFBYWl5ZXiqultfWNzS1ze6ep4lRS1qCxiGXbJ4oJHrEGcBCsnUhGQl+wlj+4GPutOyYVj6NbGCbMDUkv4gGnBLTkmZVLR7AAKvgqr44fZPcjj2NH8l4fDn+qZ5atqjUBnid2TsooR90zP51uTNOQRUAFUapjWwm4GZHAqWCjkpMqlhA6ID3W0TQiIVNuNrlohA+00sVBLPWLAE/U3xMZCZUahr7uDAn01aw3Fv/zOikEZ27GoyQFFtHpoiAVGGI8jgd3uWQUxFATQiXXf8W0TyShoEMs6RDs2ZPnSfOoap9UrZvjcu08j6OI9tA+qiAbnaIaukZ11EAUPaAn9IJejUfj2Xgz3qetBSOf2UV/YHx8A6ztnEw=</latexit>

D (G (zi))

Stronger gradients

[ minimize                               ]
<latexit sha1_base64="1SQY/3+9M+8HpR0gazH0QwVBp6g=">AAACF3icbVDLSsNAFJ34rPUVdelmsAh1YUlE0WVRQZcV7AOaECbTSTt08mDmRqihf+HGX3HjQhG3uvNvnLYRtPXAcA/n3Mude/xEcAWW9WXMzS8sLi0XVoqra+sbm+bWdkPFqaSsTmMRy5ZPFBM8YnXgIFgrkYyEvmBNv38x8pt3TCoeR7cwSJgbkm7EA04JaMkzK4eOiLv40hEsgDK+yqvjB9n90OPYkbzbg4Of6pklq2KNgWeJnZMSylHzzE+nE9M0ZBFQQZRq21YCbkYkcCrYsOikiiWE9kmXtTWNSMiUm43vGuJ9rXRwEEv9IsBj9fdERkKlBqGvO0MCPTXtjcT/vHYKwZmb8ShJgUV0sihIBYYYj0LCHS4ZBTHQhFDJ9V8x7RFJKOgoizoEe/rkWdI4qtgnFevmuFQ9z+MooF20h8rIRqeoiq5RDdURRQ/oCb2gV+PReDbejPdJ65yRz+ygPzA+vgHG655z</latexit>

� logD (G (zi))
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B) Least Squares GAN (LSGAN)
Xudong Mao et al. 2016

MinMax GAN: binary

D is fooled
No reason to update G

real
fake

‘vanishing gradient problem’
(loss saturation)

or HOW correct is D?
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B) Least Squares GAN (LSGAN)
Xudong Mao et al. 2016

MinMax GAN: binary

D is fooled
No reason to update G

real
fake

fake

real

LSGAN:  least-squares
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B) Least Squares GAN (LSGAN)
Xudong Mao et al. 2016

LSGAN:  least-squares

D is fooled
No reason to update G

real
fake

fake

real

Stronger gradients
More stable training

<latexit sha1_base64="1kn0Clb2n1mEGtE//QnV3tbs7G8=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrICBgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ABEaWrw==</latexit>

LD = mean-squared loss (MSE), L2
1 =  real, 0 = fake

<latexit sha1_base64="MpjLp/6vVAh1yagCdbxu0Qymp8Q="></latexit>

1

N

NX

i=1

h
(D (xi)� 1)2 + (D (G (zi))� 0)2

i

<latexit sha1_base64="aGudM6y0QDCs9ld9DKh/XfdgyE0=">AAACAHicbZC7TsMwFIadcivlFmBgYLGokJiqBIFgrGCAgaFI9CK1UeS4TmvVdiLbQaqiLLwKCwMIsfIYbLwNTpoBWn7J0qf/nCOf8wcxo0o7zrdVWVpeWV2rrtc2Nre2d+zdvY6KEolJG0cskr0AKcKoIG1NNSO9WBLEA0a6weQ6r3cfiVQ0Eg96GhOPo5GgIcVIG8u3D+CAIz3GiKV3mV+w5OlN5tt1p+EUgovgllAHpVq+/TUYRjjhRGjMkFJ914m1lyKpKWYkqw0SRWKEJ2hE+gYF4kR5aXFABo+NM4RhJM0TGhbu74kUcaWmPDCd+YZqvpab/9X6iQ4vvZSKONFE4NlHYcKgjmCeBhxSSbBmUwMIS2p2hXiMJMLaZFYzIbjzJy9C57Thnjec+7N686qMowoOwRE4AS64AE1wC1qgDTDIwDN4BW/Wk/VivVsfs9aKVc7sgz+yPn8ACNWWsg==</latexit>

LG-



2) Important types of GANs

10.06.022, C. Heneka, Train the Trainer: GANs 16

minimization of the distance between the

C) Wasserstein GAN (WGAN) or scoring ‘realness’ vs. ‘fakeness’
Arjovsky, Chintala, Bottou 2017

Idea: Minimise distance between distribution of training vs. generated data

WGAN score = Wasserstein or Earth Mover distance (EMD)

<latexit sha1_base64="9rDs7113j9aqemQ+p4E5tRiMuKQ=">AAACDXicbVC7TsMwFHXKq5RXgJHFoiCVpUoQCMYKFsYi0YfURJXjOq1V5yH7BlFF+QEWfoWFAYRY2dn4G5w2A7QcydLROfde33u8WHAFlvVtlJaWV1bXyuuVjc2t7R1zd6+tokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje+zv3OPZOKR+EdTGLmBmQYcp9TAlrqm0exI5gPNex4fvqQ9Z2AwEgGqZ4hMuxIPhzBSd+sWnVrCrxI7IJUUYFm3/xyBhFNAhYCFUSpnm3F4KZEAqeCZRUnUSwmdEyGrKdpSAKm3HR6TYaPtTLAfiT1CwFP1d8dKQmUmgSersyXVfNeLv7n9RLwL92Uh3ECLKSzj/xEYIhwHg0ecMkoiIkmhEqud8V0RCShoAOs6BDs+ZMXSfu0bp/XrduzauOqiKOMDtAhqiEbXaAGukFN1EIUPaJn9IrejCfjxXg3PmalJaPo2Ud/YHz+ANprnA0=</latexit>

p (xreal)
<latexit sha1_base64="USxR96LwK1zvKkF0WRG/nyVOyr8=">AAACDXicbVA9SwNBEN2LXzF+RS1tFqMQm3AnipZBG8sI5gNyIext5pIlex/szgnxyB+w8a/YWChia2/nv3EvSaGJDwYe780wM8+LpdBo299Wbml5ZXUtv17Y2Nza3inu7jV0lCgOdR7JSLU8pkGKEOooUEIrVsACT0LTG15nfvMelBZReIejGDoB64fCF5yhkbrFo9iV4GOZup6fPoy7bsBwoILUZ0MYU1eJ/gBPusWSXbEnoIvEmZESmaHWLX65vYgnAYTIJdO67dgxdlKmUHAJ44KbaIgZH7I+tA0NWQC6k06+GdNjo/SoHylTIdKJ+nsiZYHWo8Azndmxet7LxP+8doL+ZScVYZwghHy6yE8kxYhm0dCeUMBRjgxhXAlzK+UDphhHE2DBhODMv7xIGqcV57xi356VqlezOPLkgBySMnHIBamSG1IjdcLJI3kmr+TNerJerHfrY9qas2Yz++QPrM8fyVacAg==</latexit>

p (zfake)

EMD = cost to transport, or transform, one probability distribution to another
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minimization of the distance between the

C) Wasserstein GAN (WGAN)

Arjovsky, Chintala, Bottou 2017 have shown:

Discriminator          Critic

Reminder: 
<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

<latexit sha1_base64="WXC/mDfVwuKv7wqc2XHjV4TlU6k="></latexit>

LG = �f̄w (G (z))

Seeking convergence, not equilibrium

EMD can be approximated by maximising critic loss:

<latexit sha1_base64="elZ6MEiN1HasdiYVZXpTGb8upm8="></latexit>

LD = f̄w (x)� f̄w (G (z))
<latexit sha1_base64="kLX/WE17FO0fhKZv2Hvk+KNag9o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6D3tPvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+i6t6dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbro3Y</latexit>

fw = family of parametrised functions 
over critic weights w 

D
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minimization of the distance between the

C) Wasserstein GAN (WGAN)

Arjovsky, Chintala, Bottou 2017 have shown:

Discriminator          Critic

Seeking convergence, not equilibrium

EMD can be approximated by maximising critic loss:

<latexit sha1_base64="J6phDbjasfZn+LQgAFBJkhWhMaM="></latexit>

LD = D (x)�D (G (z))

* A more mathematical excursion based on arXiv:1701.07875 could be implemented here
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minimization of the distance between the

C) Wasserstein GAN (WGAN)

Arjovsky, Chintala, Bottou 2017 have shown:

Discriminator          Critic

Seeking convergence, not equilibrium

EMD can be approximated by maximising critic loss.

Labels y:  -1 =  real, 1 = fake (or vice-versa)

In practice implemented as:  loss = 
<latexit sha1_base64="omNCBeh8B0/9sRNK6lZCxZ223aQ=">AAACFnicbVDLSsNAFJ3UV62vqEs3g0UQwZKIosuiG5cV7AOaECaTSTt0JgkzEyGEfIUbf8WNC0Xcijv/xkmbhbYeGDicc++de4+fMCqVZX0btaXlldW1+npjY3Nre8fc3evJOBWYdHHMYjHwkSSMRqSrqGJkkAiCuM9I35/clH7/gQhJ4+heZQlxORpFNKQYKS155qnjI5FnhedwpMaC50qkpIAncF7XU4PCM5tWy5oCLhK7Ik1QoeOZX04Q45STSGGGpBzaVqLcHAlFMSNFw0klSRCeoBEZahohTqSbT88q4JFWAhjGQr9Iwan6uyNHXMqM+7qyXFLOe6X4nzdMVXjl5jRKUkUiPPsoTBlUMSwzggEVBCuWaYKwoHpXiMdIIKx0kg0dgj1/8iLpnbXsi5Z1d95sX1dx1MEBOATHwAaXoA1uQQd0AQaP4Bm8gjfjyXgx3o2PWWnNqHr2wR8Ynz9hD6DC</latexit>

ȳtrue ⇤ ȳpred

Some further practical points:
- Linear activation in output layer
- Clipping of weights w (critic) after each update to [-c,c], c<1
- Often: update critic several times per generator update (per iteration)
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minimization of the distance between the

D) Conditional GAN (cGAN)

E) GANs with regulatory loss term

Generator
G

Uses labels to train 
both G and D:

Label 
y

Noise 
vector

Real Data

‘Fake’ Data

Discriminator
D

Label y

<latexit sha1_base64="5eU1oiWoOrClxB79ybrcNzV9PN0=">AAACPnicbVC7SgNBFJ31GeMramkzGARBCLuiaCNELbQQieCqkA3h7mQSh8zsLjN3hbDsl9n4DXaWNhaK2Fo6eRQ+cmDgcM65zL0nTKQw6LrPzsTk1PTMbGGuOL+wuLRcWlm9NnGqGfdZLGN9G4LhUkTcR4GS3yaagwolvwm7J33/5p5rI+LoCnsJbyjoRKItGKCVmiU/UIB3DGR2njcHXKsMY8zpIR1nnR5d5HSbBh1QCsYmNO/kzVLZrbgD0P/EG5EyGaHWLD0FrZilikfIJBhT99wEGxloFEzyvBikhifAutDhdUsjUNw0ssH5Od20Sou2Y21fhHSg/pzIQBnTU6FN9nc0f72+OM6rp9g+aGQiSlLkERt+1E4lxZj2u6QtoTlD2bMEmBZ2V8ruQAND23jRluD9Pfk/ud6peHsV93K3XD0e1VEg62SDbBGP7JMqOSM14hNGHsgLeSPvzqPz6nw4n8PohDOaWSO/4Hx9A0UFsPU=</latexit>

Ltot = LGAN + �Lreg
<latexit sha1_base64="V0AW7UPDtNWypNtCGC13SLTJa70=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWwVVJRNFl0Y0LFxXsBdoQJtNJO3RmEmYmQgnBja/ixoUibn0Kd76NkzQLbf1h4OM/5zDn/EHMqNKO821VlpZXVteq67WNza3tHXt3r6OiRGLSxhGLZC9AijAqSFtTzUgvlgTxgJFuMLnO690HIhWNxL2exsTjaCRoSDHSxvLtAzjgSI8xYult5hcseSrJKPPtutNwCsFFcEuog1It3/4aDCOccCI0ZkipvuvE2kuR1BQzktUGiSIxwhM0In2DAnGivLQ4IYPHxhnCMJLmCQ0L9/dEirhSUx6YznxHNV/Lzf9q/USHl15KRZxoIvDsozBhUEcwzwMOqSRYs6kBhCU1u0I8RhJhbVKrmRDc+ZMXoXPacM8bzt1ZvXlVxlEFh+AInAAXXIAmuAEt0AYYPIJn8ArerCfrxXq3PmatFauc2Qd/ZH3+ANySl70=</latexit>

Lreg

<latexit sha1_base64="NVX5B4r4NFnMH9YRdEqTvChO5xo=">AAACM3icbZDLSsNAFIYnXmu9RV26GSyCG0siim6EegFFRCrYC7QhTKbTduhMEmYmQgl5Jze+iAtBXCji1ndwkmahbQ8MfPz/Ocw5vxcyKpVlvRkzs3PzC4uFpeLyyuraurmxWZdBJDCp4YAFoukhSRj1SU1RxUgzFARxj5GGN7hI/cYjEZIG/oMahsThqOfTLsVIack1b9ocqT5GLL5N3IwFj6/O7hJ4CqdaCdyfalwmrlmyylZWcBLsHEogr6prvrQ7AY448RVmSMqWbYXKiZFQFDOSFNuRJCHCA9QjLY0+4kQ6cXZzAne10oHdQOjnK5ipfydixKUcck93phvKcS8Vp3mtSHVPnJj6YaSIj0cfdSMGVQDTAGGHCoIVG2pAWFC9K8R9JBBWOuaiDsEeP3kS6gdl+6hs3R+WKud5HAWwDXbAHrDBMaiAa1AFNYDBE3gFH+DTeDbejS/je9Q6Y+QzW+BfGT+/a7+sAA==</latexit>

LGAN = LG � LD

= regulatory loss term (e.g. symmetry)
<latexit sha1_base64="wgpImE/yctzE0fAVvgVvEgdieOU=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1R9Bj04jGCeUCyhN7JbDJmZnaZmRVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqeDG+v63t7K6tr6xWdgqbu/s7u2XDg4bJsk0ZXWaiES3IjRMcMXqllvBWqlmKCPBmtHwduo3n5g2PFEPdpSyUGJf8ZhTtE5qdPooJXZLZb/iz0CWSZCTMuSodUtfnV5CM8mUpQKNaQd+asMxasupYJNiJzMsRTrEPms7qlAyE45n107IqVN6JE60K2XJTP09MUZpzEhGrlOiHZhFbyr+57UzG1+HY67SzDJF54viTBCbkOnrpMc1o1aMHEGqubuV0AFqpNYFVHQhBIsvL5PGeSW4rPj3F+XqTR5HAY7hBM4ggCuowh3UoA4UHuEZXuHNS7wX7937mLeuePnMEfyB9/kDiD2PGQ==</latexit>� = regulatory strength

Mirza & Osindero 2014
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minimization of the distance between the

Ad C) Wasserstein GAN (WGAN)
Seeking convergence, not equilibrium

more stable training, better

better against:

Problem  of ‘mode collapse’

Arjovsky, Chintala, Bottou 2017

Low diversity of generated images

Mode collapse: 
G learns to map several input z to same output 

Loss of multi-modality
Convergence



3) Applications and performance
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minimization of the distance between the

How to GAN galaxy clusters 
[See also: exercise Part 2]

Credits: Jörn Bach

Scientific use case: 
Fast, reliable way to simulate galaxy cluster images
(in X-rays, at different cosmologies)



3) Applications and performance
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minimization of the distance between the

How to GAN galaxy clusters 
[See also: exercise Part 2]

Please vote: 

1. A) real B) fake

2. A) fake B) real 

A) B)

Unit: EM (emissivity)
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minimization of the distance between the

How to GAN galaxy clusters 
[See also: exercise Part 2]

Please vote: 

1. A) real B) fake

2. A) fake B) real 

A) B)

Unit: EM (emissivity)

Solution: 1. insofar, as B) is GAN-generated, A) is coming 
from the ‘real’ sample of simulated training data



3) Applications and performance
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minimization of the distance between the

Failure modes of GANs:
(non-WGAN)

Convergence
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minimization of the distance between the

Failure modes of GANs:
(non-WGAN)

Convergence
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minimization of the distance between the

Failure modes of GANs:
(WGAN)

Convergence



3) Applications and performance
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minimization of the distance between the

Failure modes of GANs: ‘mode collapse’



3) Applications and performance
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minimization of the distance between the

Failure modes of GANs: ‘mode collapse’
survived



Summary of this lecture
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1) We learned about the general GAN concept of a MinMax adversarial two-
player game to generate data close to a given data distribution. 

2) An overview of important types of GANs was given: 
MinMax GAN, LS-GAN, WGAN,
as well as further possible additions, such as cGAN & regulatory loss terms.

3) Applications and performance: Failure modes of GANs at the example of the
generation of images of galaxy clusters in X-rays. 



Please start binder image here:
https://mybinder.org/v2/gh/csheneka/GAN-tutorial/HEAD

OR via github here: https://github.com/csheneka/GAN-tutorial

Extra data: https://cloud.hs.uni-hamburg.de/s/Syq84Zwo7CC3adm

3110.06.022, C. Heneka, Train the Trainer: GANs

Part 2: Hands-on tutorial (ca. 30 min)
How to GAN galaxy clusters

* For GPU-acces open in google Colab + adjust data-loading

Gif of GAN training in progress

https://mybinder.org/v2/gh/csheneka/GAN-tutorial/HEAD
https://github.com/csheneka/GAN-tutorial
https://cloud.hs.uni-hamburg.de/s/Syq84Zwo7CC3adm


Our setup today

32

The tutorial provides examples of neural 
network models written in Python, using 
the Keras library and TensorFlow tensor
ordering convention.

Keras provides a high level API to create 
deep neural networks and train them using 
numerical tensor libraries (backends) such 
as TensorFlow, CNTK or Theano.

Credit: A. Boucaud

10.06.022, C. Heneka, Train the Trainer: GANs



Step-by-step tutorial walkthrough
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How to (LS)GAN galaxy clusters

In this tutorial we will learn how to implement a Least-Squares GAN using tensorflow.keras. 

Step-by-step, we are going to: 

1) Explore images of galaxy clusters as measured at X-ray wavelengths

2) Prepare our data for GAN training

3) Set up both the generator and discriminator model

4) Generate the noise that the GAN will use to create images from

5) Train our LSGAN model and explore possible improvements



Step-by-step tutorial walkthrough
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Data

The data we are using were generated (Comparat et al. 2020, arXiv:2008.08404) to simulate 
exptected imaging of galaxy clusters at X-ray wavelengths for the eROSITA telescope 
(https://erosita.mpe.mpg.de/). 

The provided file ‘imagedata_cuts.npy’ is a (small) dataset for storage on github. 

All data is available here: https://www2011.mpe.mpg.de/~comparat/eROSITA_mock/

https://erosita.mpe.mpg.de/
https://github.com/csheneka/GAN-tutorial/blob/main/imagedata_cuts.npy
https://www2011.mpe.mpg.de/~comparat/eROSITA_mock/


Step-by-step tutorial walkthrough
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Let’s get started!

First we import some basic packages that we will need:



Step-by-step tutorial walkthrough
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1) Load data from Sample File with Galaxy Cluster Images

The data file prepared is a smaller subset of the full data available.
Question: What do you notice about the data? What are minima / maxima? What needs to be 
done in order to be able to input it to a network?

Example data loading and plotting:



Step-by-step tutorial walkthrough
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2) Rescale images 

Task: Normalise the images in such a way they can be useful for network training.

Minmax log-normalisation:



Step-by-step tutorial walkthrough

3810.06.022, C. Heneka, Train the Trainer: GANs

3a) Generator model
Task: Set up a generator model based on convolutional layers suitable to generate images of the 
desired dimension. Have a look at the model summary. 



Step-by-step tutorial walkthrough
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3b) Discriminator model
Task: Set up a discriminator model suitable to generate images of the right dimension. How many 
parameters does the model have? Choose a final activation that makes sense for a mse loss. 

Note: The discriminator is individually compiled, 
while the generator is only compiled as part of the full 
GAN model later on.



Step-by-step tutorial walkthrough
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4) Noise and sample generation
Task: Generate random noise to be used as a generator input. Prepare for the generation of real 
and fake samples. 

Example noise and sample preparation:



Step-by-step tutorial walkthrough
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4) Noise and sample generation
Task: Generate random noise to be used as a generator input. Prepare for the generation of real 
and fake samples. 

Example noise and sample preparation:



Step-by-step tutorial walkthrough
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5) GAN model and training
Task: Define the GAN as a sequential model of G and D, combining the discriminator and the 
generator model, and choosing the appropriate loss again for our LSGAN. 

Note: We set trainable = False to keep discriminator 
model and thus weights fixed during generator training.



Step-by-step tutorial walkthrough
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5) GAN model and training
Some auxiliaries, can be expanded upon (also as a task), e.g. saving and plotting loss curves. 
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5) GAN model and training
A GAN training function:

Note: D is updated first via 
d_model, then G is updated via 
(full) gan_model.
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5) GAN model and training
Task: Train the GAN. Judge when the training starts to converge. What can and should be 
improved in order to create better images?



Step-by-step tutorial walkthrough
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5) GAN model and training
Task: Have a look at images generated with your trained model. Optional: Change the training 
function to pass on loss curves and plot these. 

Bonus: Compare results with the ones based on the model 'lsgan.h5' provided. Changes made in order to improve the model include: 
a) larger training sample, b) larger latent space, c) adaptive learning rate, d) smaller batch size, e) more epochs.


