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Recap: Variational Autoencoders
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• Generative model                                      . Learn                       , where


• Estimate the MLE using the ELBO:


• Modeling choices: prior       , likelihood             , and proposal             .
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Recap: The Gaussian VAE
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• Use a prior 


• Gaussian likelihood 


• Decoder                             


• Gaussian posterior approximation                                                  


• Encoder 


• How to parameterize the neural networks? What is the structure of the data? 
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Image Modeling
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• Represent an image    as a tensor 


• For R/G/B images, C = 3; for grayscale C = 1.


• Normalize color intensities 


• Color intensities at position (i,j) constitute a pixel.


• Can discretize intensity values, e.g. 8-bit. color.
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Convolutional Networks
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• A convolutional layer is a family of functions 


• A convolutional neural network (convnet, CNN) is a stack of blocks:


• Compare this spatial transformation to the sequential transformer model.


• 2-d spatial structure isn’t so important: generalizes to 1-d or 3-d convnet.

Lecture 7
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Convolutional Layer
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• A convolutional layer is a family of functions 


• If                          then                  where 


• And the Pad function is defined by

Lecture 7
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Convolutional Layer
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Dumoulin and Visin, 2019

• Visualizing application of a filter        to a 
single input channel 


• Zero-padding ensures that the output    
has the same dimensions as the input    . 


• Compare this spatial transformation to the 
sequential transformer model.


• Easy generalization to 1-d or 3-d convnet.

Wc
<latexit sha1_base64="+0ZKZvpIYoCvfPLSoJosJAbXUeo="></latexit><latexit sha1_base64="+0ZKZvpIYoCvfPLSoJosJAbXUeo="></latexit><latexit sha1_base64="+0ZKZvpIYoCvfPLSoJosJAbXUeo="></latexit><latexit sha1_base64="+0ZKZvpIYoCvfPLSoJosJAbXUeo="></latexit>

xc.
<latexit sha1_base64="aRWYrfOBL5aA0qa73ScHyrSs04U="></latexit><latexit sha1_base64="aRWYrfOBL5aA0qa73ScHyrSs04U="></latexit><latexit sha1_base64="aRWYrfOBL5aA0qa73ScHyrSs04U="></latexit><latexit sha1_base64="aRWYrfOBL5aA0qa73ScHyrSs04U="></latexit>

z
<latexit sha1_base64="SV1QUzaKmcrfjZwt/di37LzZPTs="></latexit><latexit sha1_base64="SV1QUzaKmcrfjZwt/di37LzZPTs="></latexit><latexit sha1_base64="SV1QUzaKmcrfjZwt/di37LzZPTs="></latexit><latexit sha1_base64="SV1QUzaKmcrfjZwt/di37LzZPTs="></latexit>

x
<latexit sha1_base64="CZyRYBxnphislubSXC0fuRSPWCk="></latexit><latexit sha1_base64="CZyRYBxnphislubSXC0fuRSPWCk="></latexit><latexit sha1_base64="CZyRYBxnphislubSXC0fuRSPWCk="></latexit><latexit sha1_base64="CZyRYBxnphislubSXC0fuRSPWCk="></latexit>



Deep Residual Convnets

CSE 599I: Generative Models University of Washington

• A residual convolutional block is a family 


• If                        then                  where 

Lecture 7

f✓(x) = z
<latexit sha1_base64="kq8GIDkvg2WkX9wbvS8JFy5Ju6I="></latexit><latexit sha1_base64="kq8GIDkvg2WkX9wbvS8JFy5Ju6I="></latexit><latexit sha1_base64="kq8GIDkvg2WkX9wbvS8JFy5Ju6I="></latexit><latexit sha1_base64="kq8GIDkvg2WkX9wbvS8JFy5Ju6I="></latexit>

f✓ : RCin⇥d⇥d ! RCout⇥d⇥d.
<latexit sha1_base64="ncQDpMThCrVb3pTLfD0tgXS/O6Y="></latexit><latexit sha1_base64="ncQDpMThCrVb3pTLfD0tgXS/O6Y="></latexit><latexit sha1_base64="ncQDpMThCrVb3pTLfD0tgXS/O6Y="></latexit><latexit sha1_base64="ncQDpMThCrVb3pTLfD0tgXS/O6Y="></latexit>

x 2 RC⇥d⇥d
<latexit sha1_base64="1/sxxHbaZQwoL/tjoiUq+m+/dKo="></latexit><latexit sha1_base64="1/sxxHbaZQwoL/tjoiUq+m+/dKo="></latexit><latexit sha1_base64="1/sxxHbaZQwoL/tjoiUq+m+/dKo="></latexit><latexit sha1_base64="1/sxxHbaZQwoL/tjoiUq+m+/dKo="></latexit>

He et. al., CVPR 2016

(C = 64, k = 3)
Transformation Weights

u0
c,i,j =

CX

c0=1

hW 1
c,c0 ,Pad(x)i:i+k,j:j+ki, W 1 2 RC⇥C⇥k⇥k,

u = ReLU (BatchNorm(u0; �1,�1)) , �1,�1 2 RC ,

z0c,i,j =
CX

c0=1

hW 2
c,c0 ,Pad(u)i:i+k,j:j+ki, W 2 2 RC⇥C⇥k⇥k.

z = ReLU (x+ BatchNorm(z0); �2,�2) , �2,�2 2 RC.
<latexit sha1_base64="6PLetIZGX9wKWwkWptFa1JSU0Eo="></latexit><latexit sha1_base64="6PLetIZGX9wKWwkWptFa1JSU0Eo="></latexit><latexit sha1_base64="6PLetIZGX9wKWwkWptFa1JSU0Eo="></latexit><latexit sha1_base64="6PLetIZGX9wKWwkWptFa1JSU0Eo="></latexit>



Batch Normalization
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Transformation Weights

Lecture 7

• Normalize activations of a batch to have learned mean    and variance    .


• Applied per-batch. Compute mean, variance of full dataset after training.

�
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A Modern Convnet Block
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• If                        then                  where 

Lecture 7
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u = ReLU (BatchNorm(u0; �1,�1)) , �1,�1 2 RD,

v0
c,i,j =

DX

c0=1

hW 2
c,c0 ,Pad(u)i:i+k,j:j+ki, W 2 2 RD⇥D⇥k⇥k,

v = ReLU (BatchNorm(v0; �1,�1)) , �2,�2 2 RD,

z0c,i,j =
DX

c0=1

hW 3
c,c0 ,Pad(v)i:i+1,j:j+1i, W 3 2 RD⇥C⇥1⇥1.

z = ReLU (x+ BatchNorm(z0); �3,�3) , �2,�2 2 RC .
<latexit sha1_base64="midS4JEhKW+hDOOxYh3wIL5RkNY="></latexit><latexit sha1_base64="midS4JEhKW+hDOOxYh3wIL5RkNY="></latexit><latexit sha1_base64="midS4JEhKW+hDOOxYh3wIL5RkNY="></latexit><latexit sha1_base64="midS4JEhKW+hDOOxYh3wIL5RkNY="></latexit>



5-Minute Break
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Convnet Hyper-Parameters
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• Capacity of the network C.


• Inner convolutional capacity D.


• Convolution kernel size k.


• Depth of the convolution stack L.


• Size of a minibatch B (possible interaction with BatchNorm).


• All the usual hyper-parameters: dropout, l2, learning rates, initialization…



Parameterizing the VAE: Decoder
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• Gaussian likelihood                          


• Let                                 be a linear function. 


• Let                                           be a convnet.


• Let                                                    be a 1x1 convolutional layer.


• Let                                  be a linear function (or just a constant). 


• Define                                              and 

p✓(x|z) = N (x; g✓(z),�
2
✓(z)I).

<latexit sha1_base64="0XOfPMbwjpqT0x9wP7y5+YOs+0Q="></latexit><latexit sha1_base64="0XOfPMbwjpqT0x9wP7y5+YOs+0Q="></latexit><latexit sha1_base64="0XOfPMbwjpqT0x9wP7y5+YOs+0Q="></latexit><latexit sha1_base64="0XOfPMbwjpqT0x9wP7y5+YOs+0Q="></latexit>

fin : Z ! RC⇥d⇥d
<latexit sha1_base64="IqSWMzL+xKTO2FxQaymgO1l+R6g="></latexit><latexit sha1_base64="IqSWMzL+xKTO2FxQaymgO1l+R6g="></latexit><latexit sha1_base64="IqSWMzL+xKTO2FxQaymgO1l+R6g="></latexit><latexit sha1_base64="IqSWMzL+xKTO2FxQaymgO1l+R6g="></latexit>

h✓ : RC⇥d⇥d ! RC⇥d⇥d
<latexit sha1_base64="gT+/xLz5ImM/ryIPeW8QZXXcdP0="></latexit><latexit sha1_base64="gT+/xLz5ImM/ryIPeW8QZXXcdP0="></latexit><latexit sha1_base64="gT+/xLz5ImM/ryIPeW8QZXXcdP0="></latexit><latexit sha1_base64="gT+/xLz5ImM/ryIPeW8QZXXcdP0="></latexit>

fmean : RC⇥d⇥d ! RCout⇥d⇥d
<latexit sha1_base64="olh242PQwDVnTOXxEzuIA5aYzPA="></latexit><latexit sha1_base64="olh242PQwDVnTOXxEzuIA5aYzPA="></latexit><latexit sha1_base64="olh242PQwDVnTOXxEzuIA5aYzPA="></latexit><latexit sha1_base64="olh242PQwDVnTOXxEzuIA5aYzPA="></latexit>

fvar : RC⇥d⇥d ! R
<latexit sha1_base64="/Q4fvrgqXgcNpeUZN4n84or5KSs="></latexit><latexit sha1_base64="/Q4fvrgqXgcNpeUZN4n84or5KSs="></latexit><latexit sha1_base64="/Q4fvrgqXgcNpeUZN4n84or5KSs="></latexit><latexit sha1_base64="/Q4fvrgqXgcNpeUZN4n84or5KSs="></latexit>

�✓(z) = fvar � h✓ � fin(z).
<latexit sha1_base64="0IqqcktbP4pj+oNBobINY0MQyVU="></latexit><latexit sha1_base64="0IqqcktbP4pj+oNBobINY0MQyVU="></latexit><latexit sha1_base64="0IqqcktbP4pj+oNBobINY0MQyVU="></latexit><latexit sha1_base64="0IqqcktbP4pj+oNBobINY0MQyVU="></latexit>

g✓(z) = fmean � h✓ � fin(z)
<latexit sha1_base64="63WYYZSdWn9I0s4lRLQgVdXa9/c="></latexit><latexit sha1_base64="63WYYZSdWn9I0s4lRLQgVdXa9/c="></latexit><latexit sha1_base64="63WYYZSdWn9I0s4lRLQgVdXa9/c="></latexit><latexit sha1_base64="63WYYZSdWn9I0s4lRLQgVdXa9/c="></latexit>



Parameterizing the VAE: Encoder
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• Gaussian posterior approximation                          


• Let                                             be a 1x1 convolution layer.


• Let                                           be a convnet.


• Let                                     be a linear function.


• Let                                          be a linear function. 


• Define                                               and 

fin : RCin⇥d⇥d ! RC⇥d⇥d
<latexit sha1_base64="Fw6E7TDdPTDPJabNY8qQKJssJ+Y="></latexit><latexit sha1_base64="Fw6E7TDdPTDPJabNY8qQKJssJ+Y="></latexit><latexit sha1_base64="Fw6E7TDdPTDPJabNY8qQKJssJ+Y="></latexit><latexit sha1_base64="Fw6E7TDdPTDPJabNY8qQKJssJ+Y="></latexit>

h' : RC⇥d⇥d ! RC⇥d⇥d
<latexit sha1_base64="wHcBRACi4ugcWi7ZffBnDWxAWZk="></latexit><latexit sha1_base64="wHcBRACi4ugcWi7ZffBnDWxAWZk="></latexit><latexit sha1_base64="wHcBRACi4ugcWi7ZffBnDWxAWZk="></latexit><latexit sha1_base64="wHcBRACi4ugcWi7ZffBnDWxAWZk="></latexit>

fmean : RC⇥d⇥d ! Z
<latexit sha1_base64="1xuXs8AY+iBp8gFycZlx6E9yrzw="></latexit><latexit sha1_base64="1xuXs8AY+iBp8gFycZlx6E9yrzw="></latexit><latexit sha1_base64="1xuXs8AY+iBp8gFycZlx6E9yrzw="></latexit><latexit sha1_base64="1xuXs8AY+iBp8gFycZlx6E9yrzw="></latexit>

fvar : RC⇥d⇥d ! Z ⇥ Z
<latexit sha1_base64="AYTIcHGflEGostsX7iYNPZJOe9U="></latexit><latexit sha1_base64="AYTIcHGflEGostsX7iYNPZJOe9U="></latexit><latexit sha1_base64="AYTIcHGflEGostsX7iYNPZJOe9U="></latexit><latexit sha1_base64="AYTIcHGflEGostsX7iYNPZJOe9U="></latexit>

q'(z|x) = N (z; f'(x),⌃'(x)).
<latexit sha1_base64="8g2XnTkpE/Sn23XIsYuRWAWTHUk="></latexit><latexit sha1_base64="8g2XnTkpE/Sn23XIsYuRWAWTHUk="></latexit><latexit sha1_base64="8g2XnTkpE/Sn23XIsYuRWAWTHUk="></latexit><latexit sha1_base64="8g2XnTkpE/Sn23XIsYuRWAWTHUk="></latexit>

f'(x) = fmean � h' � fin(x)
<latexit sha1_base64="OFAsc9yMmJZzyQSJg4SVUSW7IS8="></latexit><latexit sha1_base64="OFAsc9yMmJZzyQSJg4SVUSW7IS8="></latexit><latexit sha1_base64="OFAsc9yMmJZzyQSJg4SVUSW7IS8="></latexit><latexit sha1_base64="OFAsc9yMmJZzyQSJg4SVUSW7IS8="></latexit>

⌃1/2
' (x) = fvar � h✓ � fin(x).

<latexit sha1_base64="lPxfkoO4u1GO7EFNT/VYEWiHjxs="></latexit><latexit sha1_base64="lPxfkoO4u1GO7EFNT/VYEWiHjxs="></latexit><latexit sha1_base64="lPxfkoO4u1GO7EFNT/VYEWiHjxs="></latexit><latexit sha1_base64="lPxfkoO4u1GO7EFNT/VYEWiHjxs="></latexit>



VAE Training
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