
CPEN 455: Deep Learning
Lecture 5.1: Convolutional Neural Networks I

Renjie Liao

University of British Columbia
2026 Winter Term 1

October 2, 2026



Outline

• Invariance & Equivariance
• Convolution

• 1D Convolution
• Matrix Multiplication Views
• Translation Equivariance
• 2D Convolution

• Convolution Variants
• Transposed Convolution
• Dilated Convolution
• Grouped Convolution
• Separable Convolution

• Pooling
• Example Architectures

2



Outline

• Invariance & Equivariance
• Convolution

• 1D Convolution
• Matrix Multiplication Views
• Translation Equivariance
• 2D Convolution

• Convolution Variants
• Transposed Convolution
• Dilated Convolution
• Grouped Convolution
• Separable Convolution

• Pooling
• Example Architectures

3



Invariance & Equivariance
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Invariance:

The output stays unchanged when the input is transformed.
Example: translating an object keeps its class label.



Invariance & Equivariance

We will see when convolution is translation equivariant.
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Invariance:

The output stays unchanged when the input is transformed.
Example: translating an object keeps its class label.

Equivariance:

Applying a transformation before or after the function gives the same result.
Here, f is the function and g is a transformation (e.g., translation).
Example: a translated image produces a translated segmentation map.
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1D (Discrete) Convolutions

Let us see what 1D (Discrete) Convolution looks like

1 4 0 2 1 3Input
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Cross-correlation (deep learning):

Convolution (reversed filter):

Reversing the filter changes the 
convention.

Learned filters give the same 
model class.



1D (Discrete) Convolutions

How can the output keep the input’s shape?
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1D (Discrete) Convolutions

How can the output keep the input’s shape?

1 4 0 2 1 3Input 0 0

Padding!
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1D (Discrete) Convolutions

How can we make the output smaller?
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1D (Discrete) Convolutions

How can we make the output smaller? Stride!
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1D (Discrete) Convolutions

How can we make the output smaller?
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Matrix Multiplication View I

1D convolution as matrix multiplication Filter => Toeplitz matrix (diagonal-
constant)
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Matrix Multiplication View I
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Matrix Multiplication View I

1D convolution as matrix multiplication
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Matrix Multiplication View I

1D convolution as matrix multiplication

Input

Filter ℎ! … … ℎ"

… 𝑥! … … 𝑥#0 …… 0

Filter => Toeplitz matrix (diagonal-
constant)

Very sparse when n >> m.
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Input
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Input
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Input
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Can be dense when n >> m.

Input

Filter ℎ! … … ℎ"

… 𝑥! … … 𝑥#0 …… 0
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Can be dense when n >> m.

Input

Filter ℎ! … … ℎ"

… 𝑥! … … 𝑥#0 …… 0

GPUs often use implicit GEMM [4].
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Matrix Multiplication View II

1D convolution as matrix multiplication Data => Toeplitz matrix (diagonal-
constant)

Can be dense when n >> m.

Input

Filter ℎ! … … ℎ"

… 𝑥! … … 𝑥#0 …… 0

GPUs often use implicit GEMM [4].

This view extends to 2D and higher dimensions.
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1D (Discrete) Convolutions

Matrix multiplication view (Filter => Toeplitz matrix) of 1D convolution:

A circulant matrix is a square Toeplitz matrix.

Circular padding

Image Credit: [1]
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Translation/Shift Operator

Image Credit: [1]
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Translation/Shift Operator

Image Credit: [1]

A shift is also a circulant matrix!
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Translation/Shift Equivariance

Image Credit: [1]

Matrix multiplication is non-commutative. But not for circulant matrices!
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Translation/Shift Equivariance

Image Credit: [1]

Matrix multiplication is non-commutative. But not for circulant matrices!

Circular convolution with stride 1 is equivariant to cyclic shifts.
Fixed zero-padding boundaries and stride > 1 require extra care.
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2D (Discrete) Convolution

Input

Let us see what convolution is in 2D
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2D (Discrete) Convolution

Input

Convolutional Filter

Let us see what convolution is in 2D
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2D (Discrete) Convolution

Input

Convolutional Filter

Let us see what convolution is in 2D

Sliding Window
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2D (Discrete) Convolution

Input

Convolutional Filter

Let us see what convolution is in 2D

Output
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2D (Discrete) Convolution

2D Convolution with Stride = 1

Image Credit: [2]
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2D (Discrete) Convolution

2D Convolution with Stride = 1, Half Padding

Image Credit: [2]
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2D (Discrete) Convolution

2D Convolution with Stride = 2, Half Padding

Image Credit: [2]
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2D (Discrete) Convolution

2D Convolution with multiple input channels

Image Credit: [3]
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2D (Discrete) Convolution

2D Convolution with multiple input channels

Image Credit: [3]
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2D (Discrete) Convolution

2D Convolution with multiple input channels
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2D (Discrete) Convolution

2D Convolution with multiple input channels

Image Credit: [3]
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2D (Discrete) Convolution

2D Convolution with multiple input channels

Image Credit: [3]
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2D (Discrete) Convolution

2D Convolution with multiple input channels and multiple filters

Image Credit: [3]
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2D (Discrete) Convolution
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Tensor shapes and shared parameters [5]

Input:

Kernel bank:

Output:

Image Credit: [3]



2D (Discrete) Convolution
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Tensor shapes and shared parameters [5]

Input:

Kernel bank:

Output:

Parameters, including one bias per filter:

Example:

Image Credit: [3]



2D (Discrete) Convolution
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A quick check: output shape and parameter count

For dilation 1, apply the 1D output-size formula along height and width [5].

Apply the same formula to the width; output channels equal the number of filters.

Input: 3 channels, 32 x 32 pixels. Use 16 filters of size 3 x 3,
stride 2, and padding 1. What are the output shape and parameter count?

Count the channels separately from the spatial output size.



2D (Discrete) Convolution

Let us see the effect of 2D convolution:

Image Credit: [3]
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Image Credit: [3]
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2D (Discrete) Convolution
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2D (Discrete) Convolution

Let us see the effect of 2D convolution:

Image Credit: [3]
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Questions?
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