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Machine Learning II:
Neural Networks

Section 20.5
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Neural learning
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signal transmission

McCulloch & Pitts
(1943) model:
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Perceptron

« Single layer, no feedback (feed-forward)
* n inputs, one output (per unit)
» Can compute Boolean functions: AND, OR, NOT

» What is the hypothesis space of a perceptron?

H = {linear separators}
A perceptron can represent linearly separable functions only
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Perceptron learning

« Learning = optimization in weight space

+ Given a (linearly separable) data set, minimize a
measure of error in perceptron output by adjusting its
weights

« Classical measure of error: sum of squared errors
E =% Error’ =% (d—y)’> where d = desired output

supervised learning (labelled examples provided)
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Perceptron learning rule

+ Sigmoid units (training example 7):
w;=w;+a(d, - y,.)x].g'(E WeX,)
k=0
* Threshold units:

w=w;+ald;-y)x;
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Classification problem:
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XOR

+ Not linearly separable

» But “composed of” linearly separable functions:
XOR(a,b) = AND(OR(a,b), NAND(a,b))
» Can we combine perceptrons to solve XOR?
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Multilayer feed-forward nets

+ Sigmoid units

Outputs of layer 7 are inputs into layer i+/

+ Last layer: output units, middle layers: hidden
units (because no supervised signal/desired output
for them is available)

* How to learn the weights?

Back-propagation of error
* Modified error: A, = Error, x g'(in;)
* Output layer update: w, <= w, +ay A,

* Units in hidden layers share some responsibility
for output error, so divide delta values according
to connection strength

A= g'(inj)zwiin
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Back-propagation algorithm

+ For each training example
1. compute delta values for output nodes, using
observed error
2. starting with output layer, repeat for each layer
moving backwards towards the inputs:
« Propagate delta values back to the previous layer
+ Update the weights between two layers

Error vs. overfitting

+ What is the hypothesis space of a multilayer
feedforward neural network?

It depends on the network structure (number of
nodes, number of hidden layers)

» Networks with many hidden units could memorize
the entire training data set and not generalize well
to inputs that have not been seen before
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Avoiding overfitting

+ Try several network structure and keep the one
that generalizes best
cross-validation

* Need three data sets:
training set
validation set (for cross-validation)
— test set (for evaluation)

« How well the network learned should be measured
with the test set (not the training set)

Wed, Nov 10, 2008 COMP 131 Lecture 16 12




Features

» How can we combine the simple weight update
rule of a perceptron with non-linear separation
capabilities?

+ Use feature spaces, e.g. x/, x2, xIx2 for XOR
« Potential for extremely high-dimensional spaces
and overfitting

to find out how to avoid that, take a machine learning
class
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