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2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?
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Image Credit: [1]

2D Convolution
(stride=1, padding=0) 

Shapes:
4x4 -> 2x2



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?
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Shapes:
4x4 -> 2x2

Shapes:
2x2 -> 4x4

2D Convolution
(stride=1, padding=0) 

Expanded-grid convolution
(stride=1, border=2)

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

2D example: a 3x3 kernel
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Shapes:
4x4 -> 2x2

Shapes:
2x2 -> 4x4

Adjoint: for real matrices, the transpose maps output-space
vectors back to input space using the same weights.
It generally does not recover the original input.

2D Convolution
(stride=1, padding=0) 

Expanded-grid convolution
(stride=1, border=2)

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

2D example: a 3x3 kernel
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Shapes:
4x4 -> 2x2

Shapes:
2x2 -> 4x4

• The transpose is the adjoint of the convolution matrix, not its inverse.
• Deconvolution solves an inverse problem, which may be ill-posed.

2D Convolution
(stride=1, padding=0) 

Expanded-grid convolution
(stride=1, border=2)

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

Another 2D example: a 3x3 kernel
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2D Convolution
(stride=2, padding=1) 

Shapes: 5x5 -> 3x3

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

Another 2D example: a 3x3 kernel
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2D Convolution
(stride=2, padding=1) 

Expanded-grid convolution
(stride=1, padding=1)

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 5x5

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

Another 2D example: a 3x3 kernel
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2D Convolution
(stride=2, padding=1) 

Expanded-grid convolution
(stride=1, padding=1)

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 5x5

Also called fractionally strided convolution!

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

Another 2D example: a 3x3 kernel
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2D Convolution
(stride=2, padding=1) 

Expanded-grid convolution
(stride=1, padding=1)

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 5x5

Efficient implementations need not materialize the inserted zeros.

Image Credit: [1]



2D Transposed Convolution

Convolution can reduce input size, e.g., with stride > 1. Can it also enlarge the input?

Yes, transposed convolution!

Another 2D example: a 3x3 kernel
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2D Convolution
(stride=2, padding=1) 

Expanded-grid convolution
(stride=1, padding=1)

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 5x5

Efficient implementations need not materialize the inserted zeros.
The Jacobian transpose maps vectors back to input space:

Filter -> Matrix

Image Credit: [1]
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2D Convolution
(stride=2, padding=1) 

Expanded-grid convolution
(stride=1, padding=1)

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 5x5

Efficient implementations need not materialize the inserted zeros.
The Jacobian transpose maps vectors back to input space:

PyTorch ConvTranspose2d: 
stride=2, padding=1 [14].
Stride 1 describes 
convolution on the expanded 
grid above.

Filter -> Matrix

Image Credit: [1]
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Transposed Convolution and Backpropagation

For a fixed filter, vectorized convolution is a linear map (bias omitted).

Let the scalar loss L depend on the convolution output.
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Transposed Convolution and Backpropagation

For a fixed filter, vectorized convolution is a linear map (bias omitted).

Let the scalar loss L depend on the convolution output.

Backpropagation applies the chain rule:

The input gradient is the transpose matrix times the upstream output gradient.
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Transposed Convolution and Backpropagation

For a fixed filter, vectorized convolution is a linear map (bias omitted).

Let the scalar loss L depend on the convolution output.

Backpropagation applies the chain rule:

The input gradient is the transpose matrix times the upstream output gradient.

Treat the backward-input computation as an operator on any output-space vector:

u can be any tensor with the forward output’s shape.
T(u) has the forward input’s shape; backprop uses the upstream gradient [14]. 18



Kernel size k=3, stride s=2, padding p=1, dilation d=1: forward inputs 5 or 6 give output 3.

2D Transposed Convolution
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2D Convolution
(stride=2, padding=1) 

Shapes: 5x5 -> 3x3 Shapes: 6x6 -> 3x3

Image Credit: [1]

Transpose:



Kernel size k=3, stride s=2, padding p=1, dilation d=1: forward inputs 5 or 6 give output 3.

2D Transposed Convolution

20

2D Convolution
(stride=2, padding=1) 

2D Transposed Convolution

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 6x6Shapes: 6x6 -> 3x3 Shapes: 3x3 -> 5x5

Image Credit: [1]

Transpose: output_padding o selects size; it does not append zeros [14].



Kernel size k=3, stride s=2, padding p=1, dilation d=1: forward inputs 5 or 6 give output 3.

2D Transposed Convolution

21

2D Convolution
(stride=2, padding=1) 

2D Transposed Convolution

Shapes: 5x5 -> 3x3 Shapes: 3x3 -> 6x6Shapes: 6x6 -> 3x3 Shapes: 3x3 -> 5x5

output padding=0 output padding=1

Image Credit: [1]

Transpose: output_padding o selects size; it does not append zeros [14].



Output Padding

Kernel size k=3, stride s=2, forward padding p=1.

Insert zeros between the input positions:
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Image Credit: [1]

Transpose input/output side lengths:

Forward convolution
5×5→3×3

Transposed convolution
3×3→5×5 (o=0)



Output Padding

Kernel size k=3, stride s=2, forward padding p=1.

Transpose input/output side lengths:

Insert zeros between the input positions:

q = number of border zeros per side of this grid.
Slide the length-3 kernel with stride 1:

The transpose output must match the original 5×5 input 
shape (o=0):
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Image Credit: [1]

Forward convolution
5×5→3×3

Transposed convolution
3×3→5×5 (o=0)



Output Padding

Kernel size k=3, stride s=2, forward padding p=1.

Transpose input/output side lengths:

Insert zeros between the input positions:

q = number of border zeros per side of this grid.
Slide the length-3 kernel with stride 1:

The transpose output must match the original 5×5 input 
shape (o=0):

p is the forward padding; q is the expanded-grid border.

24
Image Credit: [1]

Forward convolution
5×5→3×3

Transposed convolution
3×3→5×5 (o=0)



Output Padding

Kernel size k=3, stride s=2, forward padding p=1.

Insert zeros between the input positions:
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Image Credit: [1]

Transpose input/output side lengths:

Forward convolution
5×5→3×3

Transposed convolution
3×3→5×5 (o=0)

Expanded-grid count (o=0):

Original input size from forward convolution:

Equating the counts gives:



Output Padding

Kernel size k=3, stride s=2, forward padding p=1.

Insert zeros between the input positions:

Output size with output_padding o:

o=0 gives size 5; o=1 retains an extra bottom row/right column, giving size 6.
These coordinates contain computed values, rather than appended zeros [14]. 26

Image Credit: [1]

Transpose input/output side lengths:

Forward convolution
5×5→3×3

Transposed convolution
3×3→5×5 (o=0)

Expanded-grid count (o=0):

Original input size from forward convolution:

Equating the counts gives:



Take the API in PyTorch as an example

2D Transposed Convolution
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Image Credit: [14]

stride=2 inserts zeros 
between input elements in 
the expanded-grid view.



Take the API in PyTorch as an example

2D Transposed Convolution
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Image Credit: [14]

For the 3×3 kernel, 
padding=1 means one 
boundary zero on each side of 
the expanded grid.



Take the API in PyTorch as an example

2D Transposed Convolution

29
Image Credit: [14]

output_padding selects the 
output shape, not zero-valued 
output pixels.
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2D Dilated Convolution

Can we enlarge the receptive field without increasing the number of parameters?
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2D Dilated Convolution

Can we enlarge the receptive field without increasing the number of parameters?

Yes, dilated (atrous) convolution!
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2D Dilated Convolution

Can we enlarge the receptive field without increasing the number of parameters?

Yes, dilated (atrous) convolution!

Suppose we have a 2D convolution:

33
Image Credit: [1]

2D Convolution
(stride=1, padding=0) 



2D Dilated Convolution

Can we enlarge the receptive field without increasing the number of parameters?

Yes, dilated (atrous) convolution!

Suppose we have a 2D convolution:
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2D Convolution
(stride=1, padding=0) 

2D Dilated Convolution
(stride=1, padding=0, dilation=2) 

Image Credit: [1]



2D Dilated Convolution

Can we enlarge the receptive field without increasing the number of parameters?

Yes, dilated (atrous) convolution!

Suppose we have a 2D convolution:
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2D Convolution
(stride=1, padding=0) 

2D Dilated Convolution
(stride=1, padding=0, dilation=2) 

By using dilated kernels, we effectively increase the 
receptive field (the region of input that affects the output)!

Image Credit: [1]
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Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?
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Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?

Yes, grouped convolution!
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Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?

Yes, grouped convolution!

It was used in AlexNet [2]:

39
Image Credit: [2]



Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?

Yes, grouped convolution!

Suppose we have a convolution layer applied to input (shape H×𝑊×𝑐!):

40
Image Credit: [3]

We have 𝑐! filters with kernel size ℎ"×𝑤"×𝑐"



Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?

Yes, grouped convolution!

Now we switch to a grouped (# groups=2) convolution layer applied to the same input (shape H×𝑊×𝑐!):

41
Image Credit: [3]

With 2 groups, each filter sees half the input channels.
The weight count is half that of the dense layer (no biases).

2

2

2



Grouped Convolution

Can we maintain the same shaped input and output in convolution with fewer number of parameters?

Yes, grouped convolution!

Now we switch to a grouped (# groups=2) convolution layer applied to the same input (shape H×𝑊×𝑐!):

42
Image Credit: [3]

With 2 groups, each filter sees half the input channels.
The weight count is half that of the dense layer (no biases).
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Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?
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Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!
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Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

Let us look at a 3x3 convolutional kernel:
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Image Credit: [4]



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

Let us look at a 3x3 convolutional kernel:
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Image Credit: [4]



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

Let us look at a 3x3 convolutional kernel:
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Image Credit: [4]

Spatially separable kernels have 
rank one.
They cannot represent full-rank 
kernels.



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

In practice, we often use depthwise separable convolution:

49
Image Credit: [4]



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

In practice, we often use depthwise separable convolution:

50
Image Credit: [4]

• Depthwise spatial convolution



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

In practice, we often use depthwise separable convolution:
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Image Credit: [4]

• Depthwise spatial convolution

• Pointwise 1x1 convolution



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

In practice, we often use depthwise separable convolution:

52
Image Credit: [4]

• Depthwise spatial convolution

• Pointwise 1x1 convolution

It is a separable convolution: spatial × depth 
(channel)!



Separable Convolution

Can we keep the same input/output shapes with fewer convolution parameters?

Yes, grouped convolution & separable convolution!

In practice, we often use depthwise separable convolution:

53
Image Credit: [4]

• Depthwise spatial convolution

• Pointwise 1x1 convolution

It is a separable convolution: spatial × depth 
(channel)!

Spatial filtering and channel mixing use 
different sets of weights.



Convolution Parameter Counts

Compare a 3x3 kernel with 32 input channels and 64 output channels (no biases).

Operator Output channels Weights

Dense 64 18,432

Grouped (G = 4) 64 4,608

Depthwise only 32 288

Depthwise + pointwise 64 2,336

Depthwise filtering keeps channels separate. Pointwise convolution mixes them.
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Pooling

1 0

3 4

3 9

8 4

3 5

2 2

1 3

5 7

4

9

5

7

A similar idea as convolution except that you replace weighted sum operator with some pooling operator (e.g., 
max, mean)

2 X 2 Max Pooling with Stride 2

56
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A similar idea as convolution except that you replace weighted sum operator with some pooling operator (e.g., 
max, mean)

2 X 2 Max Pooling with Stride 2
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2 X 2 Mean Pooling with Stride 2
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Max/mean pooling is permutation invariant within each fixed window.
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LeNet

Image Credit: [5]

A LeNet-style digit classifier (illustrative variant):
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LeNet: Pooling and Shift Robustness

Image Credit: [6]

Local pooling can reduce sensitivity to small shifts, but does not guarantee shift invariance [15].
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Pooling illustration in a deeper CNN (not the LeNet architecture) [6].



LeNet: Pooling and Shift Robustness

Does local max pooling guarantee shift invariance [15]?

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

Pooled outputs

1 3
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LeNet: Pooling and Shift Robustness

Does local max pooling guarantee shift invariance [15]?

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

63

Shifted right by 1
(circular)



LeNet: Pooling and Shift Robustness

Does local max pooling guarantee shift invariance [15]?

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

3 2

64

Shifted right by 1
(circular)



LeNet: Pooling and Shift Robustness

Does local max pooling guarantee shift invariance [15]?

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

3 2

The outputs differ: local stride-2 pooling is not shift invariant.

65

Shifted right by 1
(circular)



LeNet: Pooling and Shift Robustness

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

3 2

66

Shifted right by 1
(circular)

3 1

Equivariance: does shifting commute with pooling [15]?

S₁ shifts an array one position to the right (circularly).

Shift the original pooled output right by 1:



LeNet: Pooling and Shift Robustness

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

3 2

67

Shifted right by 1
(circular)

3 1

Equivariance: does shifting commute with pooling [15]?

S₁ shifts an array one position to the right (circularly).

Shift the original pooled output right by 1:

Local max pooling with stride 2 is not equivariant to arbitrary shifts [15].

With circular boundaries, shifting the input by 2 shifts the pooled output by 1.



LeNet: Pooling and Shift Robustness

Does local max pooling guarantee shift invariance [15]?

Max pooling: window size 2, stride 2 (circular right shifts)

Original 0 1 2 3

3 0 1 2

Pooled outputs

1 3

3 2

The outputs differ: local stride-2 pooling is not shift invariant.

Global max is 3 for both. Global pooling ignores permutations of the whole feature map,
including shifts that only permute its spatial positions.

68

Shifted right by 1
(circular)



LeNet: Shift Robustness Demo

Image Credit: [7]

Yann LeCun’s LeNet Demo: 
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LeNet: Other Transformations

What about other transformations, e.g., scaling, 2D/3D rotations?

Vanilla CNNs do not have such properties. One can add data augmentation to make the model approximately 
have them.

One can also design CNN architectures, e.g., spherical CNNs (rotation equivariant), that are guaranteed to have 
such properties [9].

Image Credit: [8]
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Upsampling and Checkerboard Artifacts

Transposed convolution can create uneven overlap and checkerboard artifacts [16].

Transposed convolution Resize, then convolution

Uneven overlap occurs when kernel size is not divisible by stride.
Even overlap alone does not guarantee an artifact-free learned filter.

Image Credit: [16]
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U-Net

Image Credit: [10]

U-Net [10] is a popular fully-convolutional CNN architecture for pixel-level tasks like image segmentation.
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U-Net

Image Credit: [10]

U-Net [10] is a popular fully-convolutional CNN architecture for pixel-level tasks like image segmentation.

74

Transposed 
Convolution
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ResNet

Image Credit: [11]

ResNet [11] learns residual functions for image classification. Its backbone also supports detection and 
segmentation.
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ResNet

Image Credit: [11]

ResNet [11] learns residual functions for image classification. Its backbone also supports detection and 
segmentation.

77

Add the input to the learned residual.



ResNet

Image Credit: [11]

ResNet [11] learns residual functions for image classification. Its backbone also supports detection and 
segmentation.

78

Add the input to the learned residual.

Build deeper ones (e.g., ResNet-50, 
ResNet-101) by replacing it with the 

bottleneck structure!



ResNet

Image Credit: [11,12]

ResNet [11] learns residual functions for image classification. Its backbone also supports detection and 
segmentation.

79

Add the input to the learned residual.

Build deeper ones (e.g., ResNet-50, 
ResNet-101) by replacing it with the 

bottleneck structure!

ResNeXt [12] replaces it with 
aggregated transformations (similar to 
grouped convolution but with shared 

input)!
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MobileNet [13] is designed to be used in mobile applications, achieving good performances with fewer 
computations.

 

MobileNet

Image Credit: [13]
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MobileNet [13] is designed to be used in mobile applications, achieving good performances with fewer 
computations.

 

MobileNet

Image Credit: [13]
82

Replace the vanilla conv layer with 
depthwise separable convolutional 

layer
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ConvNeXt

ConvNeXt [17] combines familiar convolution operators with modern block design.

7x7 depthwise convolution

LayerNorm

Pointwise expansion and contraction

GELU and a residual connection

MobileNetV4 [18] also targets measured latency
on different mobile hardware.

Image Credit: [17]
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