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Generative machine learning models
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• Most of today’s poster child applications of deep learning are 
generative models

• LLMs: (Chat)-GPT, Gemini, Llama, Mistral, …
• Image generation models: Stable diffusion, Dall-E, …
• Video generation: Sora, …
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https://openai.com/dall-e-2
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• Fundamental idea: learn probability distribution

• Distribution: natural language, natural images, atmospheric 
states, ..

<latexit sha1_base64="lR9atVpJ0if2cqa8hw6DaCMoMwA=">AAACA3icbVDLSgNBEJyNrxhfUW96GQxCvIRdkegx6MVjBPOAJCyzk9lkyOzsMNMrCUvAi7/ixYMiXv0Jb/6Nk8dBEwsaiqpuursCJbgB1/12Miura+sb2c3c1vbO7l5+/6Bu4kRTVqOxiHUzIIYJLlkNOAjWVJqRKBCsEQxuJn7jgWnDY3kPI8U6EelJHnJKwEp+/kgVh2e4TZTS8RArP21DnwEZW9XPF9ySOwVeJt6cFNAcVT//1e7GNImYBCqIMS3PVdBJiQZOBRvn2olhitAB6bGWpZJEzHTS6Q9jfGqVLg5jbUsCnqq/J1ISGTOKAtsZEeibRW8i/ue1EgivOimXKgEm6WxRmAgMMZ4EgrtcMwpiZAmhmttbMe0TTSjY2HI2BG/x5WVSPy955VL57qJQuZ7HkUXH6AQVkYcuUQXdoiqqIYoe0TN6RW/Ok/PivDsfs9aMM585RH/gfP4ADVCXKw==</latexit>

p(x) ⇡ p✓(x)
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• Fundamental idea: learn probability distribution

• Distribution: natural language, natural images, atmospheric 
states, ..

• Neural network provides numerical model for distribution
• Unparametric (non-Gaussian etc)
• Network outputs (Monte Carlo-style) samples from the 

distribution since no explicit representation is possible
• Learned by providing samples from distribution

<latexit sha1_base64="lR9atVpJ0if2cqa8hw6DaCMoMwA=">AAACA3icbVDLSgNBEJyNrxhfUW96GQxCvIRdkegx6MVjBPOAJCyzk9lkyOzsMNMrCUvAi7/ixYMiXv0Jb/6Nk8dBEwsaiqpuursCJbgB1/12Miura+sb2c3c1vbO7l5+/6Bu4kRTVqOxiHUzIIYJLlkNOAjWVJqRKBCsEQxuJn7jgWnDY3kPI8U6EelJHnJKwEp+/kgVh2e4TZTS8RArP21DnwEZW9XPF9ySOwVeJt6cFNAcVT//1e7GNImYBCqIMS3PVdBJiQZOBRvn2olhitAB6bGWpZJEzHTS6Q9jfGqVLg5jbUsCnqq/J1ISGTOKAtsZEeibRW8i/ue1EgivOimXKgEm6WxRmAgMMZ4EgrtcMwpiZAmhmttbMe0TTSjY2HI2BG/x5WVSPy955VL57qJQuZ7HkUXH6AQVkYcuUQXdoiqqIYoe0TN6RW/Ok/PivDsfs9aMM585RH/gfP4ADVCXKw==</latexit>

p(x) ⇡ p✓(x)
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• Fundamental idea: learn probability distribution

• Distribution: natural language, natural images, atmospheric 
states, ..

• Neural network provides numerical model for distribution
• Unparametric (non-Gaussian etc)
• Network outputs (Monte Carlo-style) samples from the 

distribution since no explicit representation is possible
• Learned by providing samples from distribution

• Often we learn a joint or conditional probability distribution to 
have control over the output after learning

<latexit sha1_base64="lR9atVpJ0if2cqa8hw6DaCMoMwA=">AAACA3icbVDLSgNBEJyNrxhfUW96GQxCvIRdkegx6MVjBPOAJCyzk9lkyOzsMNMrCUvAi7/ixYMiXv0Jb/6Nk8dBEwsaiqpuursCJbgB1/12Miura+sb2c3c1vbO7l5+/6Bu4kRTVqOxiHUzIIYJLlkNOAjWVJqRKBCsEQxuJn7jgWnDY3kPI8U6EelJHnJKwEp+/kgVh2e4TZTS8RArP21DnwEZW9XPF9ySOwVeJt6cFNAcVT//1e7GNImYBCqIMS3PVdBJiQZOBRvn2olhitAB6bGWpZJEzHTS6Q9jfGqVLg5jbUsCnqq/J1ISGTOKAtsZEeibRW8i/ue1EgivOimXKgEm6WxRmAgMMZ4EgrtcMwpiZAmhmttbMe0TTSjY2HI2BG/x5WVSPy955VL57qJQuZ7HkUXH6AQVkYcuUQXdoiqqIYoe0TN6RW/Ok/PivDsfs9aMM585RH/gfP4ADVCXKw==</latexit>

p(x) ⇡ p✓(x)
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn

linearized
image

neural 
network

last
hidden state

<latexit sha1_base64="indq5Y8+FFGsiTvvygaeHlVg2TM=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRG8GvXhMwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGdzO/9YRK81g+mHGCfkQHkoecUWOl+k2vWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw2p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6UvUq5Ur8sVW+zOPJwAqdwDh5cQRXuoQYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A5NnjM4=</latexit>
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn

linearized
image

neural 
network

last
hidden state

<latexit sha1_base64="auHcsJiK6s1X1gEcivO90q+BT7I=">AAAB/nicbVC7TsMwFL0pr1JeAcTEYlEhMVUJQoWxgoWBoUj0ITVR5bhOa9WJI9tBqqJK/AoLAwix8h1s/A1umgFaznR8zr26xydIOFPacb6t0srq2vpGebOytb2zu2fvH7SVSCWhLSK4kN0AK8pZTFuaaU67iaQ4CjjtBOObmd95pFIxET/oSUL9CA9jFjKCtZH69pHHQy6ERE006t8hT+avvl11ak4OtEzcglShQLNvf3kDQdKIxppwrFTPdRLtZ1hqRjidVrxU0QSTMR7SnqExjqjyszz+FJ0aZYBCEyIUsUa5+nsjw5FSkygwkxHWI7XozcT/vF6qwys/Y3GSahqT+aEw5UgLNOsCDZikRPOJIZhIZrIiMsISE20aq5gS3MUvL5P2ec2t1+r3F9XGdVFHGY7hBM7AhUtowC00oQUEMniGV3iznqwX6936mI+WrGLnEP7A+vwBZaaVJQ==</latexit>

bPhLc



EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

Simple Example: MNIST

10

• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn

linearized
image

neural 
network

last
hidden state

output probability
for each digit 
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn

linearized
image

neural 
network

last
hidden state

output probability
for each digit 
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• MNIST: digit recognition dataset (for automatic postal code 
classification) 

• What should our training objective be?
• Natural choice: integer in [0, 9]
• Network operates internally on hidden/latent states 

<latexit sha1_base64="jjCjCLzvcaP63lpQ2SMJBofnuGs=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSK4KolIdVl047KKfUATy2Q6aYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxY86Utu1va2V1bX1js7RV3t7Z3duvHFQ7KkokoW0S8Uj2fKwoZ4K2NdOc9mJJcehz2vUn17nffaRSsUjc62lMvRCPBAsYwdpIg0p1jFwmkBtiPfb99C57MGLNrtszoGXiFKQGBVqDypc7jEgSUqEJx0r1HTvWXoqlZoTTrOwmisaYTPCI9g0VOKTKS2fZM3RilCEKImme0Gim/t5IcajUNPTNZJ5RLXq5+J/XT3Rw6aVMxImmgswPBQlHOkJ5EWjIJCWaTw3BRDKTFZExlphoU1fZlOAsfnmZdM7qTqPeuD2vNa+KOkpwBMdwCg5cQBNuoAVtIPAEz/AKb1ZmvVjv1sd8dMUqdg7hD6zPH4oHlCU=</latexit>

h 2 Rn

linearized
image

neural 
network

last
hidden state

output probability
for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N
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Recap: softmax
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linearized
image

neural 
network

last
hidden state

output probability
for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4
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linearized
image

neural 
network

last
hidden state

output probability
for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4
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<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4

Kronecker distribution
<latexit sha1_base64="jR+nP0G7hXKW+xIV6t+EEd0OfHs=">AAACAnicbVBNS8NAEN34WetX1JN4CRbBg5REpHosevFYwX5AE8JmM22XbjZhdyOUELz4V7x4UMSrv8Kb/8ZNm4O2Phh4vDfDzLwgYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41QQaJOYxaIXYAmMcmgrqhj0EgE4Chh0g/FN4XcfQEga83s1ScCL8JDTASVYack3D90QmMJ+Rs/cCKuRiDKGA2B57ps1u25PYS0SpyQ1VKLlm19uGJM0Aq4Iw1L2HTtRXoaFooRBXnVTCQkmYzyEvqYcRyC9bPpCbp1oJbQGsdDFlTVVf09kOJJyEgW6szhTznuF+J/XT9XgyssoT1IFnMwWDVJmqdgq8rBCKoAoNtEEE0H1rRYZYYGJ0qlVdQjO/MuLpHNedxr1xt1FrXldxlFBR+gYnSIHXaImukUt1EYEPaJn9IrejCfjxXg3PmatS0Y5c4D+wPj8AQuVl98=</latexit>

�i,label
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output probability
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<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4

Kronecker distribution
<latexit sha1_base64="jR+nP0G7hXKW+xIV6t+EEd0OfHs=">AAACAnicbVBNS8NAEN34WetX1JN4CRbBg5REpHosevFYwX5AE8JmM22XbjZhdyOUELz4V7x4UMSrv8Kb/8ZNm4O2Phh4vDfDzLwgYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41QQaJOYxaIXYAmMcmgrqhj0EgE4Chh0g/FN4XcfQEga83s1ScCL8JDTASVYack3D90QmMJ+Rs/cCKuRiDKGA2B57ps1u25PYS0SpyQ1VKLlm19uGJM0Aq4Iw1L2HTtRXoaFooRBXnVTCQkmYzyEvqYcRyC9bPpCbp1oJbQGsdDFlTVVf09kOJJyEgW6szhTznuF+J/XT9XgyssoT1IFnMwWDVJmqdgq8rBCKoAoNtEEE0H1rRYZYYGJ0qlVdQjO/MuLpHNedxr1xt1FrXldxlFBR+gYnSIHXaImukUt1EYEPaJn9IrejCfjxXg3PmatS0Y5c4D+wPj8AQuVl98=</latexit>

�i,label

Loss:
compare 
probability
distribution
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• Cross-entropy loss: the workhorse for discrete generative models

Simple Example: MNIST
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q

From information theory: roughly, discrepancy between q 
(observed) and p (true) in bits

(can also be written in terms of Kullback-Leibler divergence)
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q
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Simple Example: MNIST

• Cross-entropy between discrete prob. distributions p, q
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• Mathematically deep subject:

Song et al., Consistency Models, 2023, https://arxiv.org/pdf/2303.01469.pdf

Simple Example: MNIST
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for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4

Kronecker distribution
<latexit sha1_base64="jR+nP0G7hXKW+xIV6t+EEd0OfHs=">AAACAnicbVBNS8NAEN34WetX1JN4CRbBg5REpHosevFYwX5AE8JmM22XbjZhdyOUELz4V7x4UMSrv8Kb/8ZNm4O2Phh4vDfDzLwgYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41QQaJOYxaIXYAmMcmgrqhj0EgE4Chh0g/FN4XcfQEga83s1ScCL8JDTASVYack3D90QmMJ+Rs/cCKuRiDKGA2B57ps1u25PYS0SpyQ1VKLlm19uGJM0Aq4Iw1L2HTtRXoaFooRBXnVTCQkmYzyEvqYcRyC9bPpCbp1oJbQGsdDFlTVVf09kOJJyEgW6szhTznuF+J/XT9XgyssoT1IFnMwWDVJmqdgq8rBCKoAoNtEEE0H1rRYZYYGJ0qlVdQjO/MuLpHNedxr1xt1FrXldxlFBR+gYnSIHXaImukUt1EYEPaJn9IrejCfjxXg3PmatS0Y5c4D+wPj8AQuVl98=</latexit>

�i,label

cross-entropy
loss
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neural 
network

output probability
for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4

Kronecker distribution
<latexit sha1_base64="jR+nP0G7hXKW+xIV6t+EEd0OfHs=">AAACAnicbVBNS8NAEN34WetX1JN4CRbBg5REpHosevFYwX5AE8JmM22XbjZhdyOUELz4V7x4UMSrv8Kb/8ZNm4O2Phh4vDfDzLwgYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41QQaJOYxaIXYAmMcmgrqhj0EgE4Chh0g/FN4XcfQEga83s1ScCL8JDTASVYack3D90QmMJ+Rs/cCKuRiDKGA2B57ps1u25PYS0SpyQ1VKLlm19uGJM0Aq4Iw1L2HTtRXoaFooRBXnVTCQkmYzyEvqYcRyC9bPpCbp1oJbQGsdDFlTVVf09kOJJyEgW6szhTznuF+J/XT9XgyssoT1IFnMwWDVJmqdgq8rBCKoAoNtEEE0H1rRYZYYGJ0qlVdQjO/MuLpHNedxr1xt1FrXldxlFBR+gYnSIHXaImukUt1EYEPaJn9IrejCfjxXg3PmatS0Y5c4D+wPj8AQuVl98=</latexit>

�i,label

cross-entropy
loss
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Simple Example: MNIST

• But how can we learn a non-degenerate distribution p when we 
we only have degenerate labels?
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Simple Example: MNIST

• But how can we learn a non-degenerate distribution p when we 
we only have degenerate labels?

• Training:
• Monte Carlo approximation of expected value over data 

distribution (as approximated by training data set)
• Training data contain sufficient number of similar images with 

different labels. Overall loss/expectation is minimized by 
learning well calibrated probability distribution 
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Simple Example: MNIST
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Simple Example: MNIST
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Simple Example: MNIST
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Simple Example: MNIST
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Simple Example: MNIST

34

neural 
network

output probability
for each digit 

<latexit sha1_base64="atPpMB/BJn4HcebWqkzdD8VOlPg=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMiFSXRTcuK9oHtKVk0kwbmseQZMQyduGvuHGhiFt/w51/Y6adhbYeCBzOuZd7coKIUW0879vJLS2vrK7l1wsbm1vbO+7uXkPLWGFSx5JJ1QqQJowKUjfUMNKKFEE8YKQZjK5Sv3lPlKZS3JlxRLocDQQNKUbGSj33oMORGSqe3MrQcPQwKcEaHJ703KJX9qaAi8TPSBFkqPXcr05f4pgTYTBDWrd9LzLdBClDMSOTQifWJEJ4hAakbalAnOhuMs0/gcdW6cNQKvuEgVP190aCuNZjHtjJNK2e91LxP68dm/Cim1ARxYYIPDsUxgwaCdMyYJ8qgg0bW4KwojYrxEOkEDa2soItwZ//8iJpnJb9Srlyc1asXmZ15MEhOAIl4INzUAXXoAbqAINH8AxewZvz5Lw4787HbDTnZDv74A+czx8+uZWa</latexit> S
of
tm

ax
(P

h
)

<latexit sha1_base64="6zYhFgM1stb7RU2RxlTp7TKgw3M=">AAACB3icbVBNS8NAEN34WetX1aMgi0XwVBKR6rHoxZNUsR/QxLLZbtqlm03YnQgl5ObFv+LFgyJe/Qve/Ddu2xy09cHA470ZZub5seAabPvbWlhcWl5ZLawV1zc2t7ZLO7tNHSWKsgaNRKTaPtFMcMkawEGwdqwYCX3BWv7wcuy3HpjSPJJ3MIqZF5K+5AGnBIzULR3UscsldkMCA99Pb7P71LGxCzxkGl9n3VLZrtgT4Hni5KSMctS7pS+3F9EkZBKoIFp3HDsGLyUKOBUsK7qJZjGhQ9JnHUMlMXu8dPJHho+M0sNBpExJwBP190RKQq1HoW86x/fqWW8s/ud1EgjOvZTLOAEm6XRRkAgMER6HgntcMQpiZAihiptbMR0QRSiY6IomBGf25XnSPKk41Ur15rRcu8jjKKB9dIiOkYPOUA1doTpqIIoe0TN6RW/Wk/VivVsf09YFK5/ZQ39gff4AiJyYfA==</latexit>

P 2 R10⇥N

• Training: how can we train the probability distribution—we only 
have one label for each image?

known label: 4

Kronecker distribution
<latexit sha1_base64="jR+nP0G7hXKW+xIV6t+EEd0OfHs=">AAACAnicbVBNS8NAEN34WetX1JN4CRbBg5REpHosevFYwX5AE8JmM22XbjZhdyOUELz4V7x4UMSrv8Kb/8ZNm4O2Phh4vDfDzLwgYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41QQaJOYxaIXYAmMcmgrqhj0EgE4Chh0g/FN4XcfQEga83s1ScCL8JDTASVYack3D90QmMJ+Rs/cCKuRiDKGA2B57ps1u25PYS0SpyQ1VKLlm19uGJM0Aq4Iw1L2HTtRXoaFooRBXnVTCQkmYzyEvqYcRyC9bPpCbp1oJbQGsdDFlTVVf09kOJJyEgW6szhTznuF+J/XT9XgyssoT1IFnMwWDVJmqdgq8rBCKoAoNtEEE0H1rRYZYYGJ0qlVdQjO/MuLpHNedxr1xt1FrXldxlFBR+gYnSIHXaImukUt1EYEPaJn9IrejCfjxXg3PmatS0Y5c4D+wPj8AQuVl98=</latexit>

�i,label

cross-entropy
loss
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Large language models

head 1

head 2

…

head K

My

…

La
ye

rN
or

m

skip

attention block

M
LP

La
ye

rN
or

m

Transformer block: iterate M times
em

be
dd

in
g 

+ 
po

s.
 e

nc
od

in
g

pr
oj

ec
tio

n 
he

ad

house
is

output probability for each 
word in the corpus (100k in 

state-of-the-art models)
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Large language models
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auto-regressive iteration (time-stepping) to generate long outputs 
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Large language models
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fine-tuning (e.g. human feedback reinforcement learning) to obtain 
well calibrated probability distribution

auto-regressive iteration (time-stepping) to generate long outputs 
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• Essentially all poster child applications of deep learning are 
probabilistic models

• Natural language processing and computer vision are 
theories without useful conventional models

• Probabilistic models are well suited for problems where 
ambiguity or uncertainty or stochasticity play a role

• Can be made rigorous using Bayesian modeling and 
expectation maximization

But why probabilistic modeling?
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Generative adversarial networks (GANs)
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Generative adversarial networks (GANs)

40

https://towardsai.net/p/l/the-intuition-behind-gans-for-beginners

Deep learning model employing unsupervised learning with the aim of discovering
hidden patterns within input data and generate realistic output.

Composed of two competing sub-models:
 - the Generator (G) learns to generate realistic-looking (fake) samples
 - the Discriminator (D) learns to distinguish fakes from real samples

https://towardsai.net/p/l/the-intuition-behind-gans-for-beginners
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Generative adversarial networks (GANs)

41

https://towardsdatascience.com/the-math-behind-gans-generative-adversarial-networks-3828f3469d9c

https://towardsdatascience.com/the-math-behind-gans-generative-adversarial-networks-3828f3469d9c
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GAN training: It’s all about competition !

42

Two-player minimax game with a value function V(D, G):

https://arxiv.org/abs/1406.2661

G aims to minimize V(D,G) while D tries to maximize it. The game stops when 
Nash Equilibrium is reached.

Some notations ...

Expected value over all real instances.

Discriminator score on the real instance.

Expected value over all fake instances.

Generator output given a random noise.

Discriminator score on the fake instance.

https://arxiv.org/abs/1406.2661
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GAN training: It’s all about competition! (but also, collaboration)

43
https://arxiv.org/abs/1406.2661
https://towardsai.net/p/l/the-intuition-behind-gans-for-beginners 

Discriminator training (frozen G)

Generator training (frozen D)

• G is frozen during training step 
of D.

• D classifies both real and fake 
data and is penalized for 
incorrect classification.

• D is frozen during the generator's 
G training step.

• Gradients from the discriminator 
are still passed to the generator.

• Tight collaboration ensures G 
learns from D's feedback.

• The generator is penalized for 
producing samples correctly 
classified by D.

https://arxiv.org/abs/1406.2661
https://towardsai.net/p/l/the-intuition-behind-gans-for-beginners
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https://www.tensorflow.org/tutorials/generative/dcgan 

https://www.tensorflow.org/tutorials/generative/dcgan
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Rapid evolution in image quality

GAN DCGAN CoGAN ProGAN
StyleGAN
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A (brief) GAN roadmap…

https://blog.floydhub.com/gans-story-so-far/

https://blog.floydhub.com/gans-story-so-far/
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Developments in the first years …

• 2014: Introduction by Ian Goodfellow and colleagues Goodfellow et al. 2014 
• 2014: Introduction of the Conditional GAN by Mirza et al 2014
• 2015: Introduction of deep convolutional networks for both generator and 

discriminator by Radford et al. 2015
• 2017: Introduction of Wasserstein GAN (WGAN) by Arjovsky et al. 2017 

• Introduction of the Wasserstein Loss Function based on the Wasserstein distance, 
also known as Earth Mover's distance (EM distance), as a measure of the difference 
between the generated and real data distributions.

• Introduction of Lipschitz continuity constraint on Discriminator with Gradient 
Penalty. Alternative weight normalisation for Lipschitz constraint explored by Miyato et 
al. 2018 in SNGAN using spectral normalization.

• Greater training stability and improved Generator convergence
• 2017: Introduction of CycleGAN for image-to-image translation by Zhu et al. 2017 
• 2018: Introduction of BigGAN by Brock et al. 2018 

• Massive scale, both in terms of model size and dataset used for training (ImageNet). 
Increasing the scale of GANs could lead to improved image quality and diversity.

https://arxiv.org/abs/1406.2661
https://arxiv.org/abs/1411.1784
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1701.07875
https://arxiv.org/abs/1802.05957
https://arxiv.org/abs/1802.05957
https://arxiv.org/abs/1703.10593
https://arxiv.org/abs/1809.11096
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StyleGAN Series (SOTA)

• 2017: Introduction of ProGAN by 
Karras et al. 2018. 

• Progressive growing

• 2018 - 2019 - 2021: Introduction of 
StyleGAN, StyleGAN2 and 
StyleGAN3 by Karras et al. 2018, 
Karras et al. 2019 and Karras et al. 
2021 . 

• Style transfer at different 
resolution levels

• Automatically learned, 
unsupervised separation of 
high-level attributes

• Introduction of an intermediate 
latent space ‘W’ that allows 
better disentanglement of the 
latent factors of variation.

https://arxiv.org/abs/1710.10196
https://arxiv.org/abs/1812.04948
https://arxiv.org/abs/1912.04958
https://arxiv.org/abs/2106.12423
https://arxiv.org/abs/2106.12423
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StyleGAN Series (SOTA)

• The separation of different resolution attributes and the disentanglement of the 
latent factors of variation enables impressive image-editing applications:

InterFaceGAN by Shen et al. 2020

Check also the works of Alaluf et al. 2022 and previous works by the same authors

https://arxiv.org/abs/2005.09635
https://arxiv.org/abs/2201.13433
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Bad news for GANs in 2021… Pretty convincing results…

Key takeaways
‘StyleGAN sets new standards for generative modeling regarding image quality and 
controllability. However, StyleGAN’s performance severely degrades on large unstructured 
datasets such as ImageNet.’ [1]

[1] StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets Sauer et al. 2022

2022: Introduction of StyleGAN-XL by [1]
• Scaled StyleGAN3 architecture to 

ImageNET
• Competitive scores on ImageNet 

against Diffusion Models 

https://arxiv.org/abs/2202.00273
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Diffusion Models vs GANs in 2024

• Nowadays, GANs have fell out of favour due to the incredible success of Diffusion 
Models in high-quality image synthesis based on text prompts.

• Diffusion Models have been more successful on training against unstructured 
and massively diverse, large-scale datasets. 

• State-of-the-art GANs can be trained with smaller structured datasets and still 
deliver good results. Furthermore, the latent space control that StyleGANs offer 
can be an intriguing application.

• Diffusion Models offer a more interpretable and explicit training process. 
• GAN training involves a minmax game between two sub-models and stability and 

converge can be an issue (depending on dataset).
• GANs main advantage is inference speed (one network pass to generate an image 

vs multiple needed for denoising). This is changing fast in the favour of Diffusion 
Models.
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GANs: Applications
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Downscaling / Super-Resolution

Stochastic Super-Resolution for Downscaling Time-Evolving 
Atmospheric Fields with a Generative Adversarial Network
Jussi Leinonen, Daniele Nerini, Alexis Berne in 2019

• Stochastic super-resolution GAN to generate ensembles of time-evolving high-
resolution atmospheric fields for an input consisting of a low-resolution sequence 
of images of the same field. 

https://arxiv.org/abs/2005.10374
https://arxiv.org/abs/2005.10374
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Downscaling / Super-Resolution

A Generative Deep Learning 
Approach to Stochastic Downscaling 
of Precipitation Forecasts
Lucy Harris, Andrew T. T. McRae, Matthew 
Chantry, Peter D., Tim N. Palmer 2022

• Used GANs to produce ensembles of 
reconstructed high-resolution precipitation fields, 
increasing the accuracy and resolution of 
comparatively low-resolution input from a 
weather forecasting model, using high-resolution 
radar measurements as a "ground truth".

https://arxiv.org/abs/2204.02028
https://arxiv.org/abs/2204.02028
https://arxiv.org/abs/2204.02028
https://arxiv.org/abs/2204.02028
https://arxiv.org/abs/2204.02028
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Downscaling / Super-Resolution

Increasing the accuracy and resolution of precipitation forecasts 
using deep generative models
Ilan Price, Stephan Rasp 2022

• Using fine-grained radar observations as ground truth, a conditional Generative 
Adversarial Network -- coined CorrectorGAN – is trained via a custom training 
procedure and augmented loss function, to produce ensembles of high-resolution, 
bias-corrected forecasts based on coarse, global precipitation forecasts in addition to 
other relevant meteorological fields

https://arxiv.org/abs/2203.12297
https://arxiv.org/abs/2203.12297
https://arxiv.org/abs/2203.12297
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Reconstruction of physical fields

Reconstruction of Cloud Vertical 
Structure With a Generative 
Adversarial Network
Jussi Leinonen, Alexandre Guillaume, Tianle 
Yuan in 2019

• CGANs were used to generate two-
dimensional cloud vertical structures that 
would be observed by the CloudSat
satellite-based radar, using only the 
collocated Moderate-Resolution Imaging 
Spectrometer measurements as input. 

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL082532
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL082532
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL082532
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL082532
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Precipitation nowcasting

Skillful Precipitation 
Nowcasting using Deep 
Generative Models of Radar
Ravuri et al. 2021

• Deep Generative Model for the 
probabilistic nowcasting of precipitation 
from radar. realistic and spatio-
temporally consistent predictions over 
regions up to 1536 km x 1280 km and 
with lead times from 5-90 min ahead. 

https://arxiv.org/abs/2104.00954
https://arxiv.org/abs/2104.00954
https://arxiv.org/abs/2104.00954
https://arxiv.org/abs/2104.00954
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Ensemble members Generation

• Producing realistic climate data with 
generative adversarial networks 
Camille Besombes, Olivier Pannekoucke, Corentin 
Lapeyre, Benjamin Sanderson, and Olivier Thual

• Multivariate Emulation of Kilometer-Scale 
Numerical Weather Predictions with 
Generative Adversarial Networks: A Proof of 
Concept
Clément Brochet, Laure Raynaud, Nicolas 
Thome, Matthieu Plu, and Clément Rambour 2023

• Enriching Atmospheric Ensemble 
Forecasts using Conditioned State-of-the-
art Generative
Models.
Clément Brochet, Gabriel Moldovan, Laure Raynaud 
(work in progress)

https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
https://npg.copernicus.org/articles/28/347/2021/npg-28-347-2021-discussion.html
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Diffusion models
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

Diffusion models
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

backward flow
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

backward flow
stochastic differential equation
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

backward flow
stochastic differential equation



EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 68

• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

backward flow
stochastic differential equation
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

big step: very hard

small step: easy
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• State-of-the-art for generative image and video models
• GenCast demonstrates potential for forecasting
• Misnomer: it’s a training protocol and not a model (network)

• Idea:

Diffusion models

map from Gaussian to target distribution

forward flow

-> consistency models

Song et al., Consistency Models, https://arxiv.org/abs/2303.01469
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Diffusion models

Figure from https://theaisummer.com/static/d007d60f773b61f4585cbec3869490d5/a878e/score-sde.png
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Diffusion models

Figure from https://theaisummer.com/static/d007d60f773b61f4585cbec3869490d5/a878e/score-sde.png



EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 74

Diffusion models

Figure from https://theaisummer.com/static/d007d60f773b61f4585cbec3869490d5/a878e/score-sde.png
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Diffusion models

Figure from https://theaisummer.com/static/d007d60f773b61f4585cbec3869490d5/a878e/score-sde.png
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Diffusion models

diffusion models learn time stepping for reverse SDE
Figure from https://theaisummer.com/static/d007d60f773b61f4585cbec3869490d5/a878e/score-sde.png
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Training Diffusion models

1. Forward process up to step i: generate noised sample
• Can be computed in closed form since standard Gaussian 

noise
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Training Diffusion models

1. Forward process up to step i: generate noised sample
• Can be computed in closed form since standard Gaussian 

noise
2. Predict x_{i-1} from x_i

• Equivalent to learning change in noise level
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Training Diffusion models

1. Forward process up to step i: generate noised sample
• Can be computed in closed form since standard Gaussian 

noise
2. Predict x_{i-1} from x_i

• Equivalent to learning change in noise level

Inference: use conventional time stepping scheme to go from pure 
noise to noise-free sample p(y,x)
• Standard time stepping schemes (Euler, Runge-Kutta)
• 10s – 100s of steps needed => expensive
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Training Diffusion models

• Which neural network should one use?
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Training Diffusion models

• Which neural network should one use?
• Any sensible neural network will work
• U-Net is the historical defaul
• Transformers are quickly becoming standard (e.g. 

OpenAI’s Sora, Stable Diffusion 3)
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Summary

• Generative models learn probability distribution 

• Neural network is numerical model for prob. distribution
• No assumption about the form of the distribution or 

relationship x, y
• Natural fit for problems where ambiguity or uncertainty or 

stochasticity plays a role
• We typically do not have strong conventional models 

in these cases or cannot solve them efficiently
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