
SHES 2402 ADAPTIVE SYSTEMS

WEEK 8: NEURAL NETWORKS (PART 1)

PRELIMINARIES

• The brain is a product of cumulatively, evolutionarily acquired traits that allows it to
function like a computing device. Pattern recognition is one of the most basic task that
a brain does. Knowing what can be eaten, and what animals are dangerous, definitely
confers a selective advantage to survival.

• Structurally, the brain consists of a network of massively connected neurons. The
connectivity of each neuron can be as high as 10000. It has been estimated that there
are approximately 1014 to 1015 interconnections in the human brain, resulting in its
having the following properties.

Properties Examples
1. Massive parallelism : Thoughts occur in fractions of a second

because computing tasks are parallelised.
2. Image recognition : A is your friend, B is your enemy.
3. Memory : You remember your teacher’s name.
4. Learning ability : Young primates copy tool-using

from their elders.
5. Computational ability : You can add 13 and 86 inside your head.
6. Generalisation ability : Fire is hot; anything that burns will also

be hot - stay away!
7. Adaptivity : If you keep repeating a task, you become

better at it.
8. Contextual information processing : We understand references made to certain

people in satirical writings.
9. Fault tolerance : People who have had a stroke can

still think, albeit at a slower pace.
10. Energy efficiency : You can still play sports after attending

this lecture.

Table 1. Properties of the human brain together with examples.

• These properties excite the computer science community. Current computing archi-
tecture is very strong in iterative procedures (humans can’t), but poor in many of the
aspects in Table 1. By studying how neurons are wired up, computer scientists may
be able to come up with more efficient designs for computing systems. On the other
hand, biologists might also benefit from insights in neural network research by moving
away from a purely descriptive approach to model-driven tests.

1



• We have already seen how evolutionary biology has stimulated the developement of
GA to solve practical problems, including using GA to do sequence alignment, which
is problem in molecular biology.

MODELS IN NEURAL NETWORKS

• The first, and simplest model used in neural network research is the McCulloch-Pitts
(MP) model. The MP model consists of a simple set of inputs (x1, x2, · · · , xn), with
corresponding weights (w1, w2, . . . , wn) connected to an artificial neuron. Note that
the weights can be positive (excitatory) or negative (inhibitory) The inputs are then
processed in the neuron according to the following decision rule:

If
∑n

i=1wixi ≥ θ, the neuron fires a signal downstream (+1) ;
If
∑n

i=1wixi < θ, the neuron is silent (0).

Here, θ is some threshold value.

• Mathematically, we can represent the decision rule (activator function) as the indicator
function

1

(
n∑

i=1

wixi ≥ θ

)
,

which takes value 1 when the condition given in the brackets is satisfied, and 0 oth-
erwise. Other alternatives for the activator function are possible. These include the
piecewise linear, Gaussian, or sigmoid functions. Figure 1 shows the graphs of com-
monly used activator functions.
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Figure 1. Four commonly used activator functions.
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• An example of the MP model with inputs and weights is given here (sketch in blank
spaces below).

• Clearly, any neuron model must be characterised by connections. If the connections
are simple (no loops), then the network is described as “feed-forward; if loops exist,
then it is a “feedback” network.

• Feed-forward networks such as single layer perceptrons, are simple but memoryless.
Their static nature means that they do not have the ability to learn. On the otherhand,
feedback networks are dynamic, as they can use output values to adjust the inputs,
allowing a certain degree of self-regulation without further interference from the user.
(Sketch examples of feed-forward and feedback networks in the blank spaces below)

• The Rosenblatt perceptron convergence theorem states that if a solution to a pattern
classification problem could be represented in the connection weights of a perceptron,
then the so-called delta rule (see below) is guaranteed to find such a set of connection
weights. However, this result is only true for linearly separable training sets.
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LEARNING IN NEURAL NETWORKS

• Neural network models attempting to mimic human intelligence do so by updating the
network architecture and connection weights in such a way that a task is performed
efficiently.

• Using available training sets, the network learns how to use the appropriate connection
weights to achieve a certain desired outcome. This is done by iteratively updating the
weights in the network, according to some particular learning paradigm. Three main
learning paradigms are usually employed: supervised, unsupervised, and hybrid.

• In supervised learning, we already have a set of correct answers from which to teach
the network the appropriate way of updating the weights so that for every input, the
correct answers are returned.

• In unsupervised learning, we explore the underlying structure in the data such as
similarity and correlation between objects of interest. Accordingly, we classify the
objects into categories using such information, typically using clustering algorithms.

• In hybrid learning, we combine supervised and unsupervised learning. Part of the
weights are updated using supervised learning, and the remainder using unsupervised
learning.

• There are three basic issues with learning from sample data: capacity, sample com-
plexity, and computational complexity.

• Capacity determines how many patterns can be stored; sample complexity determines
the number of training patterns required for training the network to perform a valid
generalisation; computational complexity determines the time needed for a learning
algorithm to obtain a valid solution from training patterns.

• Four learning rules are commonly used in neural network models: error-correction
(delta rule), Boltzmann, Hebbian, and competitive learning. We will only learn the
first one in this course.
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SHES 2402 ADAPTIVE SYSTEMS

WEEK 8: NEURAL NETWORKS (PART 2)

ERROR-CORRECTION (DELTA) LEARNING RULE

• Consider an indicator activator function. Let the error of some output unit j be value
ej = (tj − aj), where tj is the desired or target value of the output, and aj is actual
output. If ej = 0, no adjustments to connection weights are made; if ej = 1, the output
unit is wrong because it switches off when we want it to be switched on; if ej = −1, the
output unit is also wrong because it switches on when we want it to be switched off.
For the last two cases, we need to adjust the connection weights (increasing magnitude,
changing signs) to increase or decrease the net input to the output unit.

• The delta rule states that the change in the weight connecting input unit i to output
unit j should be

∆wij = η(tj − aj)ai,

where η is a learning rate between 0 and 1, and ai is the activity of input unit i.

• Example: Consider a perceptron with 2 input units receiving signals x1, x2 (sketch
below). Suppose we index the output unit as 3. With supervised learning, we know
what t3 should be, given x1, x2. The goal is to update the initial connection weights
(usually randomly determined) so that the perceptron can classify binary inputs ap-
propriately to its corresponding class (which is linearly separable). Using indicator
activator function, a1 and a2 are always 1, since they represent input from data. If
t3 = 1, and a3 = 0, then

∆w13 = ∆w23 = η.

It is easy to see that ∆wij is either η or −η in this case. We will look at a sample
calculation in the tutorial.

• An excellent demonstration of the perceptron as a classification tool can be found in
http://eecs.wsu.edu/∼cook/ai/lectures/applets/perceptron.
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HOPFIELD NETWORKS

• A Hopfield network is a network where every input is connected to all other inputs
(full connectivity; sketch below). For an N × N square, this means each cell in the
square is connected to every other N2 − 1 cells in the square. Hopfield networks are
useful in pattern recognition. It achieves this outcome via Hebbian learning.

• Hebbian (proposed by Donald Hebb) learning is an attempt to formalise the following
the phenomenon of synaptic plasticity: when neuron A excites neuron B repeatedly,
some growth process or metabolic change occurs in one or both neurons, leading to
increased efficiency in the firing rate of neuron A. This phenomenon is known as long-
term potentiation.

• To recognise patterns using a Hopfield network, we first optimise the connection weights
using a desired training set. If done properly, a Hopfield network will associate a given
pattern (usually a distorted form of one of the remembered patterns) with a memorised
pattern. Example: recognising hand-written letters using a computer or any simple
hand-held electronic device.

• The Hebbian learning rule is given by

∆wij = ηaiaj,

where η is the learning rate, as usual. Let us expose the network to P binary patterns

1πi,
2πi, . . . ,

Pπi,

where i indexes the input and output units, during a training phase. Hebbian learning
leads to connection weights

wij =
1

N

P∑
k=1

kπi
kπj,

where N is the number of neurons.

• An applet for demonstrating pattern recognition using a Hopfield network can be found
at http://lcn.epfl.ch/tutorial/english/hopfield/html/index.html.
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