
Non-symbolic Machine Learning
Neural network basics

ÅRussell and Norvig, Section 20.5



Overview: aims

Åhave some idea of what neural networks are 
good at

Åknow what a neuron / unit is and how it can be 
formalised mathematically

Åunderstand how and what a single-layer neural 
network computes, and how it stores information



Overview: topics

ÅNeural networks applications

ÅBrief history

ÅUnits

ÅNetwork

ÅDecision boundaries

ÅLearning in neural networks



Neural networks

ÅComputational models, 
consisting of simple processing 
elements, for representing and 
learning functions and 
procedures from examples

ÅCrude mathematical 
descriptions of biological neural 
circuitry and functionality

ÅTools for modelling cognitive 
phenomena

ÅTools for statistical classification 
and regression applications



Reading text aloud: NETtalk

C H A DESH ET TAC

A NEURAL 

NETWORK
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Reading handwritten zip-codes



Driving a vehicle: NavLab/ALVINN



The brain



Rat hippocampal neurons

©QBM Cell Science.



Pyramidal and other neurons

©HPC@EPFL



The neuron



Brain as a computational engine

Personal Computer (2007) Human Brain

Computational units 1 CPU, 3x108 transistors 

(Intel Core 2 Duo) 

1011 neurons

Storage units 1010 bits RAM, 1012 bits disk 1011 neurons

Cycle time 3x10-10 seconds 10-3 seconds

Bandwidth 1010 bits / second 1014 bits / second

Neurons and their signals are more complex than 
bits and logic gates, but how much more is 
arguable. However, it is clear that computers are 
closing the gap in performance.



Spot of History

ÅThis first artificial neuron was invented by 
Warren McCulloch and Walter Pitts in 1943

ÅThey were colleagues of Norbert Wiener 
(invented ñCyberneticsò), John von Neumann 
(helped invent modern computer architecture) 
and Claude Shannon (information theory)

ÅTheir neuron takes input values (on artificial 
dendrites), multiplies by a weight (synaptic 
strength), processes these weighted inputs in a 
cell, and produces a 1 or 0 signal along the 
output (artificial axon)



Summary so far

ÅApplications of Neural Networks

ÅHistory of Neural Networks



Task

ÅClassification

ÅRegression

ÅBoth are possible for Neural Networks

ÅClassification is the focus of this lecture
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The unit: weighting input (1)

public double sum(double[] x, double[] w, double bias){

double sum=bias; 

for (int i= 0; i<x.length; i++)

sum+=x[i]*w[i];

return sum;

}
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The unit: weighting input (2)
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The unit: forming output: 
threshold (1)

public double outputFunction (double net) {

// threshold function

return (net>= 0. 0?1. 0: 0. 0);

}
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The unit: forming output: 
threshold (2)
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The unit: forming output: 
sigmoid (1)

public double outputFunction(double net) {

// a sigmoid function

return 1. 0/( 1. 0+Math.exp( - net));

}
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The unit: forming output:  
sigmoid (2)
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What can a unit compute?

ÅRegression
ïE.g. continuous output

ÅClassification
ïE.g. logic functions (AND, OR, NOT etc.)



Logic functions
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Logic functions: OR (1)
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Logic functions: OR (2)
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What a network ñcomputesò?

A network with two inputs:
x1 and x2

and one output:
0 or 1

Assume bias ȁ= 0 for now.

ÅWeight values are 
coefficients in a 
function

ÅConsider a 
classification problem: 
which group does a 
new point belong to ?
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Decision boundaries (1)

ÅDecision boundary 
separates those input 
values that produce a 1 
from those that 
produce 0

ÅIt is the task of any 
classifier to partition 
the input space into 
classes via decision 
boundaries.
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Decision boundaries (2)

ÅThe decision boundary 
contains all the values 
of the vector x for 
which this sum = 0

ÅFor these weights, it is 
zero when 
x1w1+ x2w2= 0

ÅHere, that's x1-2x2= 0, 

ie: the line x2= 0.5x1 

(red line)
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ÅFor a threshold unit, 
the decision boundary 
contains all the values 
for which net = 0

ÅIf bias = 0, the 
decision boundary 
must pass through the 
origin

ÅThe bias value frees 
the decision boundary 
from crossing the 
origin
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Decision boundaries (4)

ÅWhat if the samples 
are distributed 
differentlyé?

y

x1

x2

w1

w2

f

ɓ



Decision boundaries (5)

ÅThe bias value frees 
the decision boundary 
from crossing the 
origin

ÅAllows the threshold 
unit to realize any 
linear separator
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Decision boundary: OR
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Logic functions: AND (1)
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Logic functions: AND (2)
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Decision boundary: AND
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Logic functions: NOR
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Decision boundary: NOR
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Logic functions: NAND
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Decision boundary: NAND
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Decision boundary: XOR

ÅWhen inputs are not 
linearly separable, 
what can be done?

ÅExample: XOR 
problem: 

y = XOR(x
1
, x

2
).

ÅSingle layer networks 
can only represent 
linearly separable 
functions



Making a network

double[][] weights; // all weights

double[] biases;    // all biases

double[] network(double[] x) {

double[] y=new double[weights.length];

for (int k= 0; k<weights.length; k++) {

y[k]=outputFunction(sum(x, weights[k], biases[k]));

return y;

}

Here, really just k separate 
neurons, each with one 
output, which each use the 
same set of inputs.
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Summary so far

ÅUnits (inputs and outputs)

ÅDecision boundaries

ÅLogic functions



Learning in neural networks

ÅSingle-layer networks

ÅOutputs:

ïBinary output: function = threshold

ïContinuous output: threshold = sigmoid



Notation: counts and indices
ÅTextbook is not consistent: uses n for both 

number of inputs and number of training 

patterns.

ÅEarlier slides not all consistent either.

ÅHereon in slides, will use:

ïObservations/patterns: i=1,..,n.

ïTraining patterns: i=1,..,n
tr

ïTest patterns: i=1,..,n
te

ÅIf using all observations for training, n
tr

= n. If test 

set is a subset of the observations, n
tr

+ n
te

= n.

ï Inputs/attributes: j=1,..,p.

ïOutputs/responses: k=1,..,m.

ïHidden units: q=1,..,l. (that's a lowercase L).



Notation: data and network output (1)

ÅObservations/patterns: 

ïinput: xi = {xij}, i = pattern #, j = input #

ïcorrect output: yi = {yik}, i = pattern #, k = output #

ÅNeural network:

ïhidden unit value: hi = {hiq}, i = pattern #, q = hidden 

unit #

ïoutput unit value: oi = {oik}, i = pattern #, k = output #

ïAlso sometimes write oik as f
network,k

(xi) to indicate 

that the neural network output is a function of the 

input.



Notation: data and network output (2)

ïweight on connection from jth input to qth hidden unit: wjq

ïweight on connection from qth hidden unit to kth output 

unit: wqk

ïweighted input (activation) for qth hidden unit in response 

to ith input pattern: 

ïweighted input (activation) for kth output unit in response 

to ith input pattern: 

ïg(x) unit activation function, e.g. sigmoid
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Bias weights

ÅRather than use separate notation for bias weights, we 

use w0b for the bias weight on a hidden layer unit and w0c

for the bias weight on an output unit.

ÅTo make this work, we assume that there is an extra input 

xi0 and an extra hidden unit hi0, both of which are 

permanently fixed at +1.



Learning in neural networks

ÅFollowing:

a demonstration of finding suitable weights 

for a single threshold neuron, from the 

perspective of the decision boundary in 

the input space.

ÅWe want to automate this process.
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Learning in Neural Networks

ÅFor a single layer feedforward neural 
network, learning can be seen as shifting 
the decision boundary until the training set 
examples are classified correctly

ÅDecision boundary is shifted by changing 
the weights (including the bias)


