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Idea of Pooling: Smoothing Filters

The output of convolution can be jittering which can come from spatial
correlation: Pooling acts as a filter by sliding over the extracted features and
pooling out a function of each subpart

® Pooling can reduce the jittering behavior
® |t can mix extracted features and potentially improve shift-invariance

Shift-Invariance

shift-invariance refers to robustness against simple geometric transform of input

+ How do we do the pooling?

- There are several pooling techniques but popular ones are max- and
mean-pooling
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Max-Pooling

For max-pooling, we use a filter of size L x L and slide over the feature map
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In each window, we pool the maximum
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Attention

In max-pooling, we also track index of maximizer: we need it in backpropagation

Applied Deep Learning Chapter 4: Convolutional NNs © A. Bereyhi 2024 - 2026 3/12



Max Pooling: Numerical Example
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Mean-Pooling

In mean-pooling, we again use an L x L filter and slide over the feature map
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In each window, we pool the average
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We can look at mean-pooling as a convolution with uniform kernel
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Mean-Pooling: Numerical Example
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Mean-Pooling: Numerical Example
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Mmean-pooling = convolution with uniform kernel
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Advanced Pooling: Use a General Function

We could in general replace max or mean operator with a general function
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We can even replace it with a small NN!
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Pooling with Stride

Similar to convolution, we can apply pooling with stride
e We usually do not use fractional stride with pooling

L, Upsampling the input, only adds zeros
L, Extra zeros usually do not make any gain: think of max-pooling for instance

¢ |nteger stride can be seen as downsampling

L, We apply pooling with unit stride
L, We down-sample output with sampling factor = stride

¢ |n practice, we often leave integer strides for pooling layer

L, We apply convolution with unit stride
L, If we need to down-sample, we do it later in the pooling layer
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Pooling: Few Remarks

+ Do we always pool after convolution?

- Not really! In many architectures pooling is applied every couple of
convolutional layers

It is worth noting that

¢ |n many architectures pooling is applied every couple of convolutional
layers

L, We apply multiple convolutional layers
L, We then apply a pooling layer with stride

® Most poolings have no learnable parameters; thus, they are cheap
L, Max and mean-pooling have no weights

® Filter size for pooling can be different from the convolutional layers
L, They are typically in the same range
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Output FNN: Flattening

Let’s recall our simple CNN
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Convolution Pooling Flattenina Fully-Connected

Once we are over with convolution and pooling we flatten final feature tensor

Flattening

In flattening, we sort all entries of the feature tensor into a vector
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Flattening

Last Convolution/Poolina

Say we have a feature tensor with K channels
L, each channel isan N x M map after last convolution or pooling

We then have an input to the FNN with N M K entries

After flattening everything goes as before through the fully-connected FNN
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