
DATA 442 / 610 Lecture 9

Image Data & Convolutional Neural 
Networks



Lecture 9 - Sep 30, 2026 Image Data & CNNs 

• Images vs. structured data 

• Why CNNs? 

• The discrete convolution in all its glory 

• CNN demo 

Relevant Reading: Deep Learning, Chapter 9

Outline
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Structured data follows a defined schema 

Well-suited to classical ML 

Features are precisely defined and 
consistent across data elements

Structured data
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Image data is an array of pixel values 

Image features are encoded within pixels 

Q: How can we efficiently identify features 
within high-dimensional unstructured 
image data? 

Image data
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Biological inspiration
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Image data is an array of pixel values 

Image features are encoded within pixels 

Q: How can we efficiently identify features 
within high-dimensional unstructured 
image data? 

A: Exploit grid geometry, sparse 
interactions, and parameter sharing

Image data
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CNN “grid” geometry

MLP “flattened” geometry
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MLP (fully-connected) layers connect 
neurons in one layer with all others in 
a subsequent layer 

Sparse connections reduce the 
number of trainable weights, making 
computation more efficient

Sparse connectivity
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MLP (fully-connected) layers learn 
unique weights for each input-output 
pair 

Parameter sharing uses the same 
weights at each input element, enabling 
feature identification anywhere

Parameter sharing
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Putting things together
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f(g(x)) = g(f(x)) f is equivariant to g

Parameter sharing
Sparse connectivity

+

This combination provides translation equivariance
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• The convolution of two functions  is 

 

• The discrete convolution is 

 

• For a kernel  of finite size (typical) 

f(x), w(x)

( f ⋆ w)(x) = ∫
∞

−∞
f(t) w(x − t) dt = ∫

∞

−∞
f(x − t) w(x) dt

z[i] =
∞

∑
j=−∞

x[i − j] w[ j]

w[ j]

z[i] =
K

∑
j=−K

x[i − j] w[ j]

Convolution
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Convolution
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( f ⋆ k)[i] =
K

∑
j=−K

f[i − j] k[ j]
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1-D discrete convolution:  

2-D discrete convolution:  

3-D discrete convolution:  

z[i] =
K

∑
j=−K

x[i − j] w[ j]

z[i, j] =
K

∑
k=−K

K

∑
ℓ=−K

x[i − k, j − ℓ] w[k, ℓ]

z[i, j, k] =
K

∑
ℓ=−K

K

∑
m=−K

K

∑
n=−K

x[i − ℓ, j − m, k − n] w[ℓ, m, n]

Convolution
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2-D discrete convolution:  

• Sparse connectivity: kernel  may be smaller than input 

• Parameter sharing: same kernel  is applied everywhere on the grid 

z[i, j] =
K

∑
k=−K

K

∑
ℓ=−K

x[i − k, j − ℓ] w[k, ℓ]

wK×K

wK×K

Convolution
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Convolution in images
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A feature map describes the similarity of a local pixel patch to some reference kernel 

(convolution is equivalent to a sliding window dot product)

Input image

(vertical edge filter)

3x3 kernel Feature map



Convolution in images
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Input image 3x3 kernels Feature maps Output

+
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Other useful things to know
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The size of an output is Nout = ⌊ Nin + 2 × pad − dilation × (kernel size − 1) − 1
stride

+ 1⌋

See: https://github.com/vdumoulin/
conv_arithmetic/blob/master/README.md 

Strided Convolution Padded Convolution Dilated ConvolutionConvolution

https://github.com/vdumoulin/conv_arithmetic/blob/master/README.md
https://github.com/vdumoulin/conv_arithmetic/blob/master/README.md
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Adding another dimension: features

18

Convolutional layers learn unique kernels between each feature map 

(Parameter sharing: a 1x1 kernel is the same as applying the same FC layer to each pixel)

RGB image

F[c, x, y] = b[c] +
C

∑
k=0

w[c, k] ⋆ I[k]
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Grouped convolution
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Grouped convolutions limit the connectivity between feature maps in each layer 

(sparse connectivity:  transforms each channel separately)groups = C

RGB image

F[c, x, y] = b[c] +
C

∑
k=0

w[c, k] ⋆ I[k]



Why convolution?
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Local Maximum Pooling
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Pooling allows a model to achieve translation invariance 

 Such models may detect a feature anywhere→
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Advantages of Max Pooling
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Pooling may enable learned invariances



Convolutional Neural Networks
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Check out the code! 
https://github.com/computerhistory/AlexNet-Source-Code 

Pooling for translation invariance

Nonlinearity for expressivity

Sparse connectivity + shared 
weights for translation 

equivariance

https://github.com/computerhistory/AlexNet-Source-Code


Lecture 9 - Sep 30, 2026 Image Data & CNNs 

Hands-on with CNN
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• Slides will be posted on the course website: https://colen-
teaching.github.io/DATA442-Fall-2026 

• Lab demos will also be posted 

• PS1 due October 2

That’s all!
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https://colen-teaching.github.io/DATA442-Fall-2026
https://colen-teaching.github.io/DATA442-Fall-2026

