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Lecture 4

Convolutional Neural 
Networks

CMSC 475/675 Neural Networks

Some slides from Andrej Karpathy (Stanford), Suren Jayasuriya (ASU)



Recap: Artificial Neural Networks:  What’s wrong on this slide?
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Should be minus
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Recall:  Tumor Classification

• Setting: 

o physician extracts a sample of fluid from tumor

o Stains the cell  creates a “slide”

o Computes features for each cell such as
 
area, perimeter, concavity, texture etc.

• Want:

o A system that can process the “features” and 
predict whether the tumor is benign or malignant

example from Zico Kolter

USING MACHINE LEARNING TO DIAGNOSE WHETHER A TUMOR IS BENIGN OR MALIGNANT
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Convolutional Neural Networks



Prerequisite:  

What is a convolution?



Convolution



Convolution for 1D discrete signals
Definition of filtering as convolution:



1D Convolution. Example





1D Convolution. Example

“Box” Filter that causes “Blur” or “Smoothing”



Convolution for 2D discrete signals
Definition of filtering as convolution:

filtered image input imagefilter

notice the flip



Convolution for 2D discrete signals
Definition of filtering as convolution:

filtered image input imagefilter

If the filter                 is non-zero only within                               , 
then 

notice the flip

The kernel we saw earlier is the 3x3 matrix representation of                .  



An image is a matrix of pixels



Point Processing vs Image Filtering





Point Processing vs Image Filtering



Image Filtering
is

Convolution



Image Convolution Examples



Image Convolution Examples
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Image Convolution Examples
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Practice with linear filters
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Source: D. Lowe



Practice with linear filters
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Original Filtered 
(no change)

Source: D. Lowe



Practice with linear filters
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Practice with linear filters
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Original Shifted left
By 1 pixel

Source: D. Lowe



Practice with linear filters

Original
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(Note that filter sums to 1)

Source: D. Lowe



Practice with linear filters

Original
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Sharpening filter
- Accentuates differences with local 
average

Source: D. Lowe



Sharpening

Source: D. Lowe



Ok now we know what a Convolution is.

Next:
Convolutional  Neural  Networks



Photo credit: Fredo Durand





BirdClassifier



Classifier Bird
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Sky



Sky Sky Sky Sky Sky Sky Sky Bird

Sky Sky Sky Sky Sky Sky Sky Sky
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sky sky sky sky sky sky sky bird

sky sky sky sky sky sky sky sky

sky sky sky sky sky sky sky sky

bird bird bird bird sky bird sky sky

sky sky sky bird bird sky sky sky

CNN

Problem:

What if objects don’t fit neatly into these patches? 

How to increase the resolution of the output map?



Smaller patches increase resolution
but not easy to recognize content in small each patch

Instead: we will use large but overlapping patches



Skyf

Skyf

Birdf

Birdf

What’s the object class of the center pixel?



Skyf

Skyf

Birdf

Birdf

What’s the object class of the center pixel?

{

{

{

…

Bird

Sky

Training data

Bird }

}

}



(Colors represent one-hot codes)

This problem is called semantic segmentation

CNN

…



Skyf

Skyf

Birdf

Birdf

What’s the object class of the center pixel?

Translation invariance: process 
each patch in the same way.

An equivariant mapping:
f (translate(x)) = t r a n s l a t e ( f (x))

f



W

W

W

W computes a weighted sum of all pixels in the patch

W is a convolutional kernel applied to the full image!



Convolution

filter

Linear, shift-invariant transformation



Fully-connected network

Fully-connected (fc) layer

W

b g(z)



b

Locally connected network

g(z)

Often, we assume output is a
local function of input.

If we use the same weights 
(weight sharing) to compute 
each local function, we get a 
convolutional neural network.



Conv layer

Convolutional neural network

g(z)

z = w x + b

Often, we assume output is a
local function of input.

If we use the same weights 
(weight sharing) to compute 
each local function, we get a 
convolutional neural network.



Weight sharing

Conv layer

g(z)

z = w x + b

Often, we assume output is a
local function of input.

If we use the same weights 
(weight sharing) to compute 
each local function, we get a 
convolutional neural network.



(Fully-connected) linear layer
xout = W x i n + b
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Convolutional layer
xout = w x i n + b



e.g., pixel image

• Constrained linear layer

• Fewer parameters —> easier to learn, less overfitting

y



y



y
Conv layers can be applied to arbitrarily-sized inputs 

(generalizes beyond the training data due to an architectural structure!)



Five views on convolutional layers
1. Equivariant with translation

2. Patch processing

3. Image filter

4. Parameter sharing

5. A way to process variable-sized tensors

f (translate(x)) = t r a n s l a t e ( f (x))
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What will the output size be?

You will need to make some 
assumptions …





Consider a second filter …



What will the output size be if 
we have 6 filters?





Input features A bank of 2 filters
2-dimensional output

feature maps





































Feature maps

• Each layer can be thought of as a set of C feature maps aka channels
• Each feature map is an NxM image

Input

conv1 (after first conv layer)

conv2 (after second conv layer)



How many parameters does each filter have?

(a) 9 (b) 27 (c) 96 (d) 864

…

…

Filter Bank with 
3x3 filters

128

3 96

128

128

Knowledge Check …



96

How many filters are in the bank?

(a) 3 (b) 27 (c) 96 (d) can’t say

…

…

Filter Bank with 
3x3 filters

128

3

128

128

Knowledge Check …



R

G

B

Input image (RGB)
[H x W x 3]

…

3
ch
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…

…

Layer 2 feature maps
[H/8 x W/8 x C2]

C 2
ch

an
ne

ls

Layer 2 
filters

(4x zoom)

… …

… ……

C2 filters

C 1
ch
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ne

ls

…

Layer 1 feature maps

Layer 1 
filters

(4x zoom)

R

G

B

C1 filters

…
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[H/4 x W/4 x C1]



Pooling

Filter Pool

y

⌃

b h





Pooling — Why?

Pooling across spatial locations achieves 
stability w.r.t. small translations:



Pooling — Why?

Pooling across spatial locations achieves 
stability w.r.t. small translations:

large response 
regardless of exact 
position of edge



Pooling — Why?

Pooling across spatial locations achieves 
stability w.r.t. small translations:



Pooling across channels — Why?
Pooling across feature channels (filter outputs) 
can achieve other kinds of invariances:

large response 
for any edge, 

regardless of its 
orientation

…



Pooling  vs  Downsampling



Computation in a neural net

…

f (x) = f L ( . . . f2(f1(x)))

“heron”



…

Computation in a neural net

f (x) = f L ( . . . f2(f1(x)))

“heron”



Filter Pool and downsample

g(z)b

Downsampling



Downsampling

Filter Downsample

g(z)b



Dilated Convolutions

Allows increasing the receptive field 
of the convolutional layer

Useful for looking at larger spatial 
context without looking at every pixel



Transposed Convolution

The transposed convolution a.k.a 

- deconvolution layer
- fractionally strided convolution



Transposed Conv   vs.   Dilated Conv



1x1 convolution

How is this not just multiplication?

Multiplications followed by a RELU 
activation

Good for dimensionality reduction, 
efficient storage



Used in GoogleNet as Inception Layers

Used in GoogleNet in the 
Inception architecture

Able to get large layer network by 
doing this 

Task: Object classification











alexnet

vgg16

resnet18



Layer Visualizations





Training ConvNets





























Common Architectures



VGG

• Simonyan and Zisserman, 
“Very Deep Convolutional 
Networks for Large-Scale 
Image Recognition”

• Used to be very common 
(before ResNets)



ResNet
• He, Kaiming; Zhang, Xiangyu; Ren, Shaoqing; 

Sun, Jian (2016). "Deep Residual Learning for 
Image Recognition" (PDF). Proc. Computer 
Vision and Pattern Recognition (CVPR), IEEE.

• Deep networks with more layers does not always 
mean better performance (vanishing gradient 
problem)

• Residual blocks = has skip connections 

• Skipped layers train faster at the beginning, then 
later are filled out 

http://openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf
http://openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf


Autoencoder

• Can be done with either fully connected 
or convolutional layers

• Idea is to reduce the input to a bottleneck 
or latent code, then reconstruct it again

• Sometimes can be used to train a feature 
extractor by enforcing the output = 
input, and then use the first part of the 
network as a feature extractor



U-Net

• Common architecture for image 
reconstruction tasks

• Features skip connections and 
transposed convolutions (up-conv)
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Image-to-image
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Skip connection



conv relu conv softmax

Image-to-image



U-net

Skip connection



Convolutions in time

time
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