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The problem with fully connected networks
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How convolutions “simplify” deep networks

Convolutions combine two ideas that are well-suited to processing images 
1. Require that activations between layers occur only in a “local” manner, and 

treat hidden layers themselves as spatial images
2. Share weights across all spatial locations
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Advantages of convolutions
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Convolutions in image processing

Convolutions (typically with prespecified filters) are a common operation in many 
computer vision applications: convolution networks just move to learned filters
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Convolutions in deep networks
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Multi-channel convolutions in matrix-vector 
form

There is, in my view, a more intuitive way to think about multi-channel 
convolutions: they are a generalization of traditional convolutions with scalar 
multiplications replaced by matrix-vector products
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These are matrix-vector products
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Padding
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Strided Convolutions / Pooling

Challenge: Convolutions keep the same resolution of the input at each layer, 
don’t naively allow for representations at different “resolutions”

Solution #1: incorporate max or average pooling layers to aggregate information

Solution #2: slide convolutional filter over image in increments >1 (= stride)
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Grouped Convolutions

Challenge: for large numbers of input/output channels, filters can still have a large 
number of weights, can lead to overfitting + slow computation

Solution: Group together channels, so that groups of channels in output only 
depend on corresponding groups of channels in input (equivalently, enforce filter 
weight matrices to be block-diagonal)
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Dilations

Challenge: Convolutions each have a relatively small receptive field size

Solution: Dilate (spread out) convolution filter, so that it covers more of the image 
(see also: later architectures we will discuss, like self-attention layers); note that 
getting an image of the same size again requires adding more padding
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What is needed to differentiate convolution?
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Refresher on differentiating matrix 
multiplication
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Convolutions as matrix multiplication: 
Version 1
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The adjoint of a convolution
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Convolutions as matrix multiplication: 
Version 2
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