
Lecture 13: Image synthesis
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Synthesizing textures
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Recall: parametric texture synthesis

Start with a noise image as output. 

Main loop:

• Match pixel histogram of output image to input 
• Decompose input/output images using a Steerable Pyramid 
• Match subband histograms of input and output pyramids 
• Reconstruct input and output images (collapse the pyramids)

Heeger, Bergen, Pyramid-based texture analysis/synthesis, SIGGRAPH 1995 Source: A. Efros3



Recall: steerable filter features
Filter bank

Input image

Source: A. Efros

Why these features?
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Use CNN features instead!
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“clown fish”



Recall: AlexNet units

96 Units in conv1 6
Source: Isola, Torralba, Freeman



Extracting neural net features
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“clown fish”



Extracting neural net features
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E.g. conv2 feature activations 



(112 x 112) x 128 for conv2 of VGG19 

conv2 feature activations 

112 width

112 
height

128  
channels

Extracting neural net features
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Gram (≈ covariance) matrix:128  
channels
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Texture synthesis
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Ĝ

Match target image stats! Minimize: 

• Use all layers. 
• Minimize with gradient descent!

[Gatys et al. 2016]



High Low
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High Low
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High Low
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High Low
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High Low
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Texture captures artistic style

16
[Gatys et al. 2016]

Can we transfer the style of a painting to a photo?



Ĝ

Match the style of the painting.

… and the content of the photo.
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Synthesized image

“perceptual loss”

See [Gatys et al. 2016]17
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London during the day.

New York at night.
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“Duck”

label y

Image classification

Classifier

…

image x

Source: Isola, Freeman, Torralba
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“Duck”

label y

…

image x

Generator

Image synthesis

Source: Isola, Freeman, Torralba
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Photo

Translator

User sketch

Image translation

Source: Isola, Freeman, Torralba
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Satellite photo

Translator

Google Map

Image translation

Source: Isola, Freeman, Torralba
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Color image

Translator

BW image

Image translation

Source: Isola, Freeman, Torralba
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Deep generative models as distribution transformers 

Source distribution

p(z)
<latexit sha1_base64="bzQeejn6AthieTS76fBO0TEApVM=">AAACFHicbVDLSgNBEJyNrxhfUY9eFoMQRcKuCHoM6sGLGME8ILuE3kknGTL7YGZWjEt+waP6Md7Eq3e/xYuzyR40WjBQVHX3dJcXcSaVZX0aubn5hcWl/HJhZXVtfaO4udWQYSwo1mnIQ9HyQCJnAdYVUxxbkUDwPY5Nb3ie+s07FJKFwa0aRej60A9Yj1FQqRSVH/Y7xZJVsSYw/xI7IyWSodYpfjndkMY+BopykLJtW5FyExCKUY7jghNLjIAOoY9tTQPwUbrJZNexuaeVrtkLhX6BMifqz44EfClHvqcrfVADOeul4n9eO1a9UzdhQRQrDOj0o17MTRWa6eFmlwmkio80ASqY3tWkAxBAlY6nUHAuUB8j8EoPvo5QgArFQeKA6PtwP9bH9Z3DlOm07Nls/pLGUcW2KvbNcal6luWWJztkl5SJTU5IlVySGqkTSgbkkTyTF+PJeDXejPdpac7IerbJLxgf3+fznr0=</latexit><latexit sha1_base64="bzQeejn6AthieTS76fBO0TEApVM=">AAACFHicbVDLSgNBEJyNrxhfUY9eFoMQRcKuCHoM6sGLGME8ILuE3kknGTL7YGZWjEt+waP6Md7Eq3e/xYuzyR40WjBQVHX3dJcXcSaVZX0aubn5hcWl/HJhZXVtfaO4udWQYSwo1mnIQ9HyQCJnAdYVUxxbkUDwPY5Nb3ie+s07FJKFwa0aRej60A9Yj1FQqRSVH/Y7xZJVsSYw/xI7IyWSodYpfjndkMY+BopykLJtW5FyExCKUY7jghNLjIAOoY9tTQPwUbrJZNexuaeVrtkLhX6BMifqz44EfClHvqcrfVADOeul4n9eO1a9UzdhQRQrDOj0o17MTRWa6eFmlwmkio80ASqY3tWkAxBAlY6nUHAuUB8j8EoPvo5QgArFQeKA6PtwP9bH9Z3DlOm07Nls/pLGUcW2KvbNcal6luWWJztkl5SJTU5IlVySGqkTSgbkkTyTF+PJeDXejPdpac7IerbJLxgf3+fznr0=</latexit><latexit sha1_base64="bzQeejn6AthieTS76fBO0TEApVM=">AAACFHicbVDLSgNBEJyNrxhfUY9eFoMQRcKuCHoM6sGLGME8ILuE3kknGTL7YGZWjEt+waP6Md7Eq3e/xYuzyR40WjBQVHX3dJcXcSaVZX0aubn5hcWl/HJhZXVtfaO4udWQYSwo1mnIQ9HyQCJnAdYVUxxbkUDwPY5Nb3ie+s07FJKFwa0aRej60A9Yj1FQqRSVH/Y7xZJVsSYw/xI7IyWSodYpfjndkMY+BopykLJtW5FyExCKUY7jghNLjIAOoY9tTQPwUbrJZNexuaeVrtkLhX6BMifqz44EfClHvqcrfVADOeul4n9eO1a9UzdhQRQrDOj0o17MTRWa6eFmlwmkio80ASqY3tWkAxBAlY6nUHAuUB8j8EoPvo5QgArFQeKA6PtwP9bH9Z3DlOm07Nls/pLGUcW2KvbNcal6luWWJztkl5SJTU5IlVySGqkTSgbkkTyTF+PJeDXejPdpac7IerbJLxgf3+fznr0=</latexit><latexit sha1_base64="bzQeejn6AthieTS76fBO0TEApVM=">AAACFHicbVDLSgNBEJyNrxhfUY9eFoMQRcKuCHoM6sGLGME8ILuE3kknGTL7YGZWjEt+waP6Md7Eq3e/xYuzyR40WjBQVHX3dJcXcSaVZX0aubn5hcWl/HJhZXVtfaO4udWQYSwo1mnIQ9HyQCJnAdYVUxxbkUDwPY5Nb3ie+s07FJKFwa0aRej60A9Yj1FQqRSVH/Y7xZJVsSYw/xI7IyWSodYpfjndkMY+BopykLJtW5FyExCKUY7jghNLjIAOoY9tTQPwUbrJZNexuaeVrtkLhX6BMifqz44EfClHvqcrfVADOeul4n9eO1a9UzdhQRQrDOj0o17MTRWa6eFmlwmkio80ASqY3tWkAxBAlY6nUHAuUB8j8EoPvo5QgArFQeKA6PtwP9bH9Z3DlOm07Nls/pLGUcW2KvbNcal6luWWJztkl5SJTU5IlVySGqkTSgbkkTyTF+PJeDXejPdpac7IerbJLxgf3+fznr0=</latexit>

Target distribution

p(x)
<latexit sha1_base64="yU7M/pBgkA2keVi1P2KVcvaSzH8=">AAACFHicbVDLSgNBEJyNr7i+oh69LAYhioRdEfQY1IMXMYJ5QDaE3klvMmT2wcysJCz5BY/qx3gTr979Fi/OJjlotGCgqOru6S4v5kwq2/40cguLS8sr+VVzbX1jc6uwvVOXUSIo1mjEI9H0QCJnIdYUUxybsUAIPI4Nb3CZ+Y0HFJJF4b0axdgOoBcyn1FQmRSXhoedQtEu2xNYf4kzI0UyQ7VT+HK7EU0CDBXlIGXLsWPVTkEoRjmOTTeRGAMdQA9bmoYQoGynk13H1oFWupYfCf1CZU3Unx0pBFKOAk9XBqD6ct7LxP+8VqL883bKwjhRGNLpR37CLRVZ2eFWlwmkio80ASqY3tWifRBAlY7HNN0r1McIvNGDb2MUoCJxlLogegEMx/q4nnucMZ2WM5/NX1I/KTt22bk7LVYuZrnlyR7ZJyXikDNSIdekSmqEkj55JM/kxXgyXo03431amjNmPbvkF4yPb+SXnrs=</latexit><latexit sha1_base64="yU7M/pBgkA2keVi1P2KVcvaSzH8=">AAACFHicbVDLSgNBEJyNr7i+oh69LAYhioRdEfQY1IMXMYJ5QDaE3klvMmT2wcysJCz5BY/qx3gTr979Fi/OJjlotGCgqOru6S4v5kwq2/40cguLS8sr+VVzbX1jc6uwvVOXUSIo1mjEI9H0QCJnIdYUUxybsUAIPI4Nb3CZ+Y0HFJJF4b0axdgOoBcyn1FQmRSXhoedQtEu2xNYf4kzI0UyQ7VT+HK7EU0CDBXlIGXLsWPVTkEoRjmOTTeRGAMdQA9bmoYQoGynk13H1oFWupYfCf1CZU3Unx0pBFKOAk9XBqD6ct7LxP+8VqL883bKwjhRGNLpR37CLRVZ2eFWlwmkio80ASqY3tWifRBAlY7HNN0r1McIvNGDb2MUoCJxlLogegEMx/q4nnucMZ2WM5/NX1I/KTt22bk7LVYuZrnlyR7ZJyXikDNSIdekSmqEkj55JM/kxXgyXo03431amjNmPbvkF4yPb+SXnrs=</latexit><latexit sha1_base64="yU7M/pBgkA2keVi1P2KVcvaSzH8=">AAACFHicbVDLSgNBEJyNr7i+oh69LAYhioRdEfQY1IMXMYJ5QDaE3klvMmT2wcysJCz5BY/qx3gTr979Fi/OJjlotGCgqOru6S4v5kwq2/40cguLS8sr+VVzbX1jc6uwvVOXUSIo1mjEI9H0QCJnIdYUUxybsUAIPI4Nb3CZ+Y0HFJJF4b0axdgOoBcyn1FQmRSXhoedQtEu2xNYf4kzI0UyQ7VT+HK7EU0CDBXlIGXLsWPVTkEoRjmOTTeRGAMdQA9bmoYQoGynk13H1oFWupYfCf1CZU3Unx0pBFKOAk9XBqD6ct7LxP+8VqL883bKwjhRGNLpR37CLRVZ2eFWlwmkio80ASqY3tWifRBAlY7HNN0r1McIvNGDb2MUoCJxlLogegEMx/q4nnucMZ2WM5/NX1I/KTt22bk7LVYuZrnlyR7ZJyXikDNSIdekSmqEkj55JM/kxXgyXo03431amjNmPbvkF4yPb+SXnrs=</latexit><latexit sha1_base64="yU7M/pBgkA2keVi1P2KVcvaSzH8=">AAACFHicbVDLSgNBEJyNr7i+oh69LAYhioRdEfQY1IMXMYJ5QDaE3klvMmT2wcysJCz5BY/qx3gTr979Fi/OJjlotGCgqOru6S4v5kwq2/40cguLS8sr+VVzbX1jc6uwvVOXUSIo1mjEI9H0QCJnIdYUUxybsUAIPI4Nb3CZ+Y0HFJJF4b0axdgOoBcyn1FQmRSXhoedQtEu2xNYf4kzI0UyQ7VT+HK7EU0CDBXlIGXLsWPVTkEoRjmOTTeRGAMdQA9bmoYQoGynk13H1oFWupYfCf1CZU3Unx0pBFKOAk9XBqD6ct7LxP+8VqL883bKwjhRGNLpR37CLRVZ2eFWlwmkio80ASqY3tWifRBAlY7HNN0r1McIvNGDb2MUoCJxlLogegEMx/q4nnucMZ2WM5/NX1I/KTt22bk7LVYuZrnlyR7ZJyXikDNSIdekSmqEkj55JM/kxXgyXo03431amjNmPbvkF4yPb+SXnrs=</latexit>

G
<latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit>

Source: Isola, Freeman, Torralba
30



Gaussian noise
z ⇠ N (~0, 1)

z ⇠ N (~0, 1)

Synthesized 
image

x
<latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit>

Deep generative models as distribution transformers 

G
<latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit>

Source: Isola, Freeman, Torralba
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Gaussian noise Synthesized 
imagez ⇠ N (~0, 1)

x
<latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit>

z ⇠ N (~0, 1)

G
<latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit>

Deep generative models as distribution transformers 

Source: Isola, Freeman, Torralba
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Generative Adversarial Networks (GANs)

Gaussian noise Synthesized 
imagez ⇠ N (~0, 1)

x
<latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit><latexit sha1_base64="u0TP99AqUs8pXuYNN5ubzVOLxhc=">AAACEXicbVDLSgNBEJyNrxhfUY9eFoMgImFXBD0G9eBFTMA8ILuE3kknGTL7YGZWEpZ8gUf1Y7yJV7/Ab/HibLIHTSwYKKq6e7rLiziTyrK+jNzS8srqWn69sLG5tb1T3N1ryDAWFOs05KFoeSCRswDriimOrUgg+B7Hpje8Tv3mIwrJwuBBjSN0fegHrMcoKC3VRp1iySpbU5iLxM5IiWSodorfTjeksY+BohykbNtWpNwEhGKU46TgxBIjoEPoY1vTAHyUbjJddGIeaaVr9kKhX6DMqfq7IwFfyrHv6Uof1EDOe6n4n9eOVe/STVgQxQoDOvuoF3NThWZ6tdllAqniY02ACqZ3NekABFClsykUnBvUxwi804PvIxSgQnGSOCD6Powm+ri+c5oynZY9n80iaZyVbats185Llasstzw5IIfkmNjkglTILamSOqEEyRN5Ia/Gs/FmvBsfs9KckfXskz8wPn8AL9ad3A==</latexit>

z ⇠ N (~0, 1)

G
<latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit><latexit sha1_base64="Ow7uqA1ls4Q1KLCUAAZcMur92mw=">AAACEXicbVDLSgNBEJyNr7i+oh69LAZBRMKuCHoMKuhFTMA8IBtC76Q3GTL7YGZWDEu+wKP6Md7Eq1/gt3hxNslBEwsGiqrunu7yYs6ksu0vI7ewuLS8kl8119Y3NrcK2zt1GSWCYo1GPBJNDyRyFmJNMcWxGQuEwOPY8AaXmd94QCFZFN6rYYztAHoh8xkFpaXqdadQtEv2GNY8caakSKaodArfbjeiSYChohykbDl2rNopCMUox5HpJhJjoAPoYUvTEAKU7XS86Mg60ErX8iOhX6issfq7I4VAymHg6coAVF/Oepn4n9dKlH/eTlkYJwpDOvnIT7ilIiu72uoygVTxoSZABdO7WrQPAqjS2Zime4X6GIG3evBdjAJUJI5SF0QvgMeRPq7nHmdMp+XMZjNP6iclxy451dNi+WKaW57skX1ySBxyRsrkhlRIjVCC5Im8kFfj2Xgz3o2PSWnOmPbskj8wPn8A3aqdqw==</latexit>

Source: Isola, Freeman, Torralba
33



Generator

G

[Goodfellow et al., 2014]

z

G tries to synthesize fake images that fool D

D tries to identify the fakes

Discriminator

D

real or fake?

G(z)
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[Goodfellow et al., 2014]
Source: Isola, Freeman, Torralba 36



G tries to synthesize fake images that fool the best D:
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[Goodfellow et al., 2014]
Source: Isola, Freeman, Torralba 37



• Training: iterate between training D and G with backprop. 
• Global optimum when G reproduces data distribution.

Training

G tries to synthesize fake images that fool D

D tries to identify the fakes

real or fake?

DG

z

G(z)
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[Goodfellow et al., 2014]
Source: Isola, Freeman, Torralba 38



Proof. The training criterion for the discriminator D, given any generator G, is to maximize the
quantity V (G,D)

V (G,D) =

Z

x
pdata(x) log(D(x))dx+

Z

z
pz(z) log(1�D(g(z)))dz

=

Z

x
pdata(x) log(D(x)) + pg(x) log(1�D(x))dx (3)

For any (a, b) 2 R2 \ {0, 0}, the function y ! a log(y) + b log(1 � y) achieves its maximum in
[0, 1] at a

a+b . The discriminator does not need to be defined outside of Supp(pdata) [ Supp(pg),
concluding the proof.

Note that the training objective for D can be interpreted as maximizing the log-likelihood for es-
timating the conditional probability P (Y = y|x), where Y indicates whether x comes from pdata
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where KL is the Kullback–Leibler divergence. We recognize in the previous expression the Jensen–
Shannon divergence between the model’s distribution and the data generating process:

C(G) = � log(4) + 2 · JSD (pdata kpg ) (6)
Since the Jensen–Shannon divergence between two distributions is always non-negative, and zero
iff they are equal, we have shown that C⇤ = � log(4) is the global minimum of C(G) and that the
only solution is pg = pdata, i.e., the generative model perfectly replicating the data distribution.

4.2 Convergence of Algorithm 1

Proposition 2. If G and D have enough capacity, and at each step of Algorithm 1, the discriminator
is allowed to reach its optimum given G, and pg is updated so as to improve the criterion
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then pg converges to pdata

Proof. Consider V (G,D) = U(pg, D) as a function of pg as done in the above criterion. Note
that U(pg, D) is convex in pg . The subderivatives of a supremum of convex functions include the
derivative of the function at the point where the maximum is attained. In other words, if f(x) =
sup↵2A f↵(x) and f↵(x) is convex in x for every ↵, then @f�(x) 2 @f if � = arg sup↵2A f↵(x).
This is equivalent to computing a gradient descent update for pg at the optimal D given the cor-
responding G. supD U(pg, D) is convex in pg with a unique global optima as proven in Thm 1,
therefore with sufficiently small updates of pg , pg converges to px, concluding the proof.

In practice, adversarial nets represent a limited family of pg distributions via the function G(z; ✓g),
and we optimize ✓g rather than pg itself, so the proofs do not apply. However, the excellent perfor-
mance of multilayer perceptrons in practice suggests that they are a reasonable model to use despite
their lack of theoretical guarantees.
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where KL is the Kullback–Leibler divergence. We recognize in the previous expression the Jensen–
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where KL is the Kullback–Leibler divergence. We recognize in the previous expression the Jensen–
Shannon divergence between the model’s distribution and the data generating process:
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Since the Jensen–Shannon divergence between two distributions is always non-negative, and zero
iff they are equal, we have shown that C⇤ = � log(4) is the global minimum of C(G) and that the
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In practice, adversarial nets represent a limited family of pg distributions via the function G(z; ✓g),
and we optimize ✓g rather than pg itself, so the proofs do not apply. However, the excellent perfor-
mance of multilayer perceptrons in practice suggests that they are a reasonable model to use despite
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Samples from BigGAN 
[Brock et al. 2018]

More here: https://arxiv.org/pdf/1809.11096.pdf

Source: Isola, Freeman, Torralba

40

https://arxiv.org/pdf/1809.11096.pdf


Latent space 
(Gaussian)

Data space 
(Natural image manifold)
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[BigGAN, Brock et al. 2018]
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image spacelatent space

Generative models organize the manifold of natural images

Source: Isola, Freeman, Torralba42



What has driven GAN progress?

Source: Isola, Freeman, Torralba
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Better objectives? Optimization?

[“Are all GANs Created Equal?”, Lucic*, Kurach*, et al. 2018]

Source: Isola, Freeman, Torralba
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More data?
BigGAN [Brock et al. 2018]ACGAN [Odena et al. 2016]

Both trained on Imagenet
Source: Isola, Freeman, Torralba
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Architectures
DCGAN 

[Radford, Metz, Chintala 2016]
StyleGAN 

[Karras, Laine, Aila 2019]

Source: Isola, Freeman, Torralba

46



Architectures
DCGAN 

[Radford, Metz, Chintala 2016]
StyleGAN 

[Karras, Laine, Aila 2019]

Source: Isola, Freeman, Torralba
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Map2Sat

n o
,

n o
,

x y
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Generator

Gx G(x)

Source: Isola, Freeman, Torralba49



G tries to synthesize fake images that fool D

D tries to identify the fakes

Generator Discriminator

DGx G(x)

real or fake?
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DGx

Ex,y[ ]argmax
D

logD(G(x))

fake (0.9)

G(x)

+ log(1�D(y))

real (0.1)

Dy

Source: Isola, Freeman, Torralba51



min

G tries to synthesize fake images that fool D:

logD(G(x))Ex,y[ + log(1�D(y)) ]

real or fake?

G
arg

DGx G(x)

Source: Isola, Freeman, Torralba52



G tries to synthesize fake images that fool the best D:

logD(G(x))Ex,y[ + log(1�D(y))

real or fake?

DGx G(x)

argmin
G

max
D

]

Source: Isola, Freeman, Torralba53



D
Loss Function 

G’s perspective: D is a loss function. 

Rather than being hand-designed, it is learned and 
highly structured.

Gx G(x)

Source: Isola, Freeman, Torralba54



real or fake?

DGx G(x)

logD(G(x))Ex,y[ + log(1�D(y))argmin
G

max
D

]

Source: Isola, Freeman, Torralba55



real!

DGx G(x)

logD(G(x))Ex,y[ + log(1�D(y))argmin
G

max
D

]

Source: Isola, Freeman, Torralba56



real or fake pair ?

D

argmin
G

max
D

logD(G(x)) + log(1�D(y))Ex,y[ ]

Gx G(x)

Source: Isola, Freeman, Torralba57



argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

real or fake pair ?

D

Gx G(x)

Source: Isola, Freeman, Torralba58



argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

D

Gx G(x)

fake pair

Source: Isola, Freeman, Torralba59



argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

D

Gx G(x)

real pair

Source: Isola, Freeman, Torralba60



D

Gx G(x)

argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

real or fake pair ?

Source: Isola, Freeman, Torralba61



Training Details: Loss function
Conditional GAN 

Source: Isola, Freeman, Torralba
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Training Details: Loss function
Conditional GAN 

Stable training + fast convergence
[c.f. Pathak et al. CVPR 2016]

Gx G(x) y

-

Source: Isola, Freeman, Torralba
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Input Output Groundtruth

Data from 
[maps.google.com]

Source: Isola, Freeman, Torralba
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Input Output Groundtruth

Data from [maps.google.com]
Source: Isola, Freeman, Torralba
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http://maps.google.com


Input Unstructured prediction (L1)

Source: Isola, Freeman, Torralba
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Structured Prediction (cGAN)Input

Source: Isola, Freeman, Torralba
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Training data

n o
,

n o
,

n o
,

…

x y

[HED, Xie & Tu, 2015]

G
x G(x)

x
G

G(x)

Source: Isola, Freeman, Torralba
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#edges2cats [Chris Hesse]

Source: Isola, Freeman, Torralba
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Source: Isola, Freeman, Torralba
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Ivy Tasi @ivymyt

Vitaly Vidmirov @vvid

Source: Isola, Freeman, Torralba
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[“GauGAN”, Park et al., CVPR 2019]
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[“GauGAN”, Park et al., CVPR 2019]
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Unpaired data

   

Paired data

 

Handling unpaired data

Source: Isola, Freeman, Torralba
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D

Gx G(x)

argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

real or fake pair ?

Source: Isola, Freeman, Torralba75



real or fake pair ?

D

Gx G(x)

No input-output pairs!

argmin
G

max
D

Ex,y[ ]logD(x, G(x)) + log(1�D(x,y))

Source: Isola, Freeman, Torralba
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real or fake?

DGx G(x)

argmin
G

max
D

logD(G(x)) + log(1�D(y))Ex,y[ ]

Usually loss functions check if output matches a target instance 

GAN loss checks if output is part of an admissible set

Source: Isola, Freeman, Torralba
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Real!
Gx G(x) D

Source: Isola, Freeman, Torralba78



Gx G(x) D

Real too!

Nothing to force output to correspond to input

Source: Isola, Freeman, Torralba79



   

[Zhu*, Park* et al. 2017], [Yi et al. 2017], [Kim et al. 2017]

CycleGAN

Source: Isola, Freeman, Torralba
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CycleGAN

Source: Isola, Freeman, Torralba
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Cycle Consistency Loss
    

 

Source: Isola, Freeman, Torralba82



         

Cycle Consistency Loss

   

Source: Isola, Freeman, Torralba83



Source: Isola, Freeman, Torralba84



Source: Isola, Freeman, Torralba85



Cezanne Ukiyo-eMonetInput Van Gogh
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Gaussian Target distribution

Y

z

GANs

Source: Isola, Freeman, Torralba
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Horses Zebras

X
Y

CycleGAN

Source: Isola, Freeman, Torralba
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What would it look like if…?

Source: Isola, Freeman, Torralba
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What would it look like if…?

[Hoffman et al, 2018]

Sim “Real”
[Wolterink et al, 2017]

MRI CT

Source: Isola, Freeman, Torralba
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