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PixelRNN - Model

● Sequence of pixels
● Pixel is dependent on 

previous pixels



Image Generation
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PixelCNN
(Generation Process)
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Red Channel, 
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PixelCNN
(Training)
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Masks (subsequent layers)



PixelCNN Advantages/Disadvantages

● Fastest to train ● Smallest receptive field
● Does not use all available 

context



RNN Models



RNN Review

Sequence of data



RNN for Image Generation



LSTM Equations

Gates - Control how 
much information is 
allowed through

States - Hold 
information about all 
time steps up till 
now {0, i, …, i-1, i}



LSTM Equations
Like Convolutional LSTM -
replaced fully-connected 
layer with convolutional layer



Row LSTM
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Row LSTM



Input-to-State Component
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State-to-State Component



Combine State Components

+



Advantages and Disadvantages

Triangular receptive 
field

Does not use all 
available context

Compute the state for an 
entire row at once



Diagonal BiLSTM
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Finished State-to-State Component

+



Advantages

Global receptive field

Uses all available 
context

Compute the state for an entire 
diagonal at once



X 
(raw image)

h 
(hidden 
state)



Model Architectures



Multi-Scale PixelRNN
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Residual Connections
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Results



Ablation Results

In bits/dim

In bits/dim



CIFAR-10 Results
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CIFAR-10



ImageNet Results

In bits/dim



CIFAR-10 ImageNet



PixelRNN Multi-Scale Pixel RNN



Image Completions



Discrete Softmax Distribution



MNIST Results

In nats






