Convolutional
Neural Networks

CMPUT 366: Intelligent Systems



Logistics

¥ Midterm is nextMonday, March 15
¥ Exam delivered via eclass
¥ 24 hour window to take the exam
¥ There will be a review class this Friday

¥ More detalls about format, likely questions, etc.



Recap:.

Feedforward Neural Network
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¥ A neural network Is many units
composed together

¥ Feedforward neural network:
Units arranged intolayers

¥ Each layer takes outputs of
previous layer as Its inputs
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Recap: Training Neural Networks

¥ Specify aloss L and a set oftraining examples:

F = (X(l), y(l)), . (X(n), y(n))
Loss function!

¥ Tralning bygradient descent : (e.9., squared error)

1. Compute loss on training data:L(W, b) = | | (,sz)

I Prediction Target

2. Compute gradient of loss: I L(W, D)

3. Update parameters to make loss smaller:
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Recap: Automatic Differentiation

, Forward mode sweeps through the graph, computing§#/—= —— for each 5

¥ The numerator varies , and the denominator Is bxed

., Atthe end, we have computed §f= e for a single input x

¥ Backward mode does the opposite:

S,

For eachy, computes the local gradient § = —

$s5

¥ The numerator is bxed , and the denominator varies

¥

. Atthe end, we have computedX; = — for each input X

¥ Key point: The intermediate results are computechumerically at each step



| ecture Outline

1. Recap
2. Neural Networks for Image Recognition

3. Convolutional Neural Networks



Image Classibcation
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Problem: Recognize the handwritten digit from an image
¥ What are theinputs ?
¥ What are theoutputs ?

¥ What Is theloss?



Image Classibcation with
Neural Networks

How can we use aneural network to ‘ ‘ ‘
solve this problem? \\\" /‘\‘}2“/‘\"@
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¥ How to represent theinputs ?

¥ How to represent the outputs ?

¥ What Is theloss?



Image Recognition Issues

¥ For a large image, the number of ‘9"\ “
parameters will bevery large ‘\"A‘\\Q / N@
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¥ For 32x32 greyscale image, ‘\V
hidden layer of 512 units --
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hidden layer of 256 units, ) 0 &
10241512 + 5121256 + 256!10 | / \ /\ ©
= 657,920 weights (and 1802 offsets) »
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¥ Needs lots of data to train

¥ Want to generalize over transformations
of the Input




Convolutional Neural Networks

¥ Convolutional neural networks: a specialized!architecture for image recognition
¥ [ntroduce two new operations :

1. Convolutions

2. Pooling
¥ Efpcientlearning via:

1. Sparse interactions

2. Parameter sharing

3. Equivariant representations



Sparse Interactions
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Sparse Interactions
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Parameter Sharing

Traditional neural nets" @ @ @ @

learn a unique value "

for each connection @ @ é?) @
Convolutional neural nets" @ @ @ @

constrain multiple "
parameters to be equal 0



Equivariant Representations

¥ We want to be able to recognize
transformed versions of Inputs
we have seen before:

¥ Translation (moved) S

¥ Rotation

¥ Without having beentrained on
all transformed versions




Operation: Matrix Product

>
Recall that we can represent the Q\}Qgé\\}ﬁé\"“
activations In a neural network by a ‘;“,?!‘A%}i"’\"~
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o= G (Wh, + b
y = gy(\/\/(3)h2 + b(3))

(Image: Goodfellow 2016)



Operation: 2D Convolution

Convolution scans a small block of 1 E I\\ o] —
weights (called thekernel) over the HH

elements of the inputs, taking

welighted averages ¥ o
—»
¥ Note that input and output DA | | A I v
dimensionsneed not match
¥ Same weights used for very R B I E E
many combinations




Replace Matrix Multiplication by
Convolution

Main idea: Replace matrix multiplications with convolutions
¥ Sparsity: Inputs only combined withneighbours

¥ Parameter sharing: Same kernel used for entire input



Example: Edge Detection

(Image: Goodfellow 2016)



EfPclency of Convolution

Input size: 320 by 280
Kernel size: 2 by 1
Output size: 319 by 280

Dense matrix Sparse matrix Convolution

3197280320280 273197280 =

Stored [3oats

> 8e9 178,640
Float muls or > 1669 cc?r?\;gleutailcs)n 319*280*3 =
adds 267,960

(267,960)

(Goodfellow 2016)



Operation: Pooling

¥ Poolingsummarizes Its iInputs
Into a single value, e.q.,

¥ Mmax

OO

¥ average

¥ Max-pooling iIsparameter-free
(no bias or edge weights)



Example:
Translation Invariance




Typical Architecture

I -
Input ! * Convolution Pooling * Convolution Pooling Fully Outputs
e connected

convolution layer




Summary

¥ Classifying images with a standard feedforward network requires vast
guantities ofparameters (and hencedata)

¥ Convolutional networks addpooling and convolution
¥ Sparse connectivity
¥ Parameter sharing
¥ Translation equivariance

¥ Fewer parameters means far more=fpbcient to train



