
Chapter 17
Machine Learning

Xin Yao and Yong Liu

17.1 Introduction

Machine learning is a very active sub-field of artificial intelligence concerned with
the development of computational models of learning. Machine learning is inspired
by the work in several disciplines: cognitive sciences, computer science, statistics,
computational complexity, information theory, control theory, philosophy and biol-
ogy. Simply speaking, machine learning is learning by machine. From a computa-
tional point of view, machine learning refers to the ability of a machine to improve
its performance based on previous results. From a biological point of view, machine
learning is the study of how to create computers that will learn from experience
and modify their activity based on that learning as opposed to traditional computers
whose activity will not change unless the programmer explicitly changes it.

17.1.1 Learning Models

A machine learning model has two key components: a learning element and a perfor-
mance element, as shown in Fig. 17.1. The environment supplies some information
to the learning element. The learning element then uses the information to mod-
ify the performance element so that it can make better decisions. The performance
element selects actions to perform its task.
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Fig. 17.1 A machine learning model

A large variety of learning elements have been proposed by researchers in the
machine learning field. Based on the representation, there is symbolic and subsym-
bolic learning. Based on the algorithms, there are many different types of machine
learning, such as decision tree, inductive logic programming, Bayesian learning,
artificial neural networks, evolutionary learning and reinforcement learning. Based
on the feedback available, there are three different types of machine learning: super-
vised, unsupervised and reinforcement learning.

The problem of supervised learning involves learning a function from a set
of input–output examples. The general supervised learning model consists of two
components:

1. A probability space (E ,Pr) in which we associate each elementary event with
two random variables, the input pattern x and the desired output y, where E is
the event set, Pr is the probability distribution, x ∈ Rp, and y is a scalar. The as-
sumption that the output y is a scalar has been made merely to simplify exposition
of ideas without loss of generality.

2. A learning machine, capable of implementing a set of functions F(x,w),w ∈W ,
where W is a set of, in general, real-valued parameters.

The purpose of supervised learning is to find the function F(x,w) so that the
expected squared error

R(w) = E[(F(x,w)− y)2] (17.1)

is minimized, where E represents the expectation value over the probability space
(E ,Pr).

In unsupervised learning, there is no specific output supplied. In the context of
pattern classification, unsupervised learning learns to discover the statistical regular-
ities of the patterns in the input, form internal representations for encoding features
of the input, and thereby to create new classes automatically. In reinforcement learn-
ing, rather than being told what to do by a teacher, the learning of an input–output
mapping is performed through continued interaction with the environment in order
to minimize a scalar index of performance.

The environment can be either fully observable or partially observable. In the first
case, the machine can observe the effects of its action and hence can use supervised
learning methods to learn to predict them. In the second case, the immediate effects
might be invisible so that reinforcement learning or unsupervised learning should
be adopted.
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17.1.2 Learning Tasks and Issues in Machine Learning

Machine learning can be applied to tasks in many domains. This section presents
some important learning tasks and issues in machine learning.

17.1.2.1 Classification

A classification task in machine learning is to take each instance and assign it to a
particular class. For example, in an optical character recognition task, the machine is
required to scan an image of a character and output its classification. In the English
language recognition, the task involves learning the classification of the digits 0 . . .9
and the characters A . . .Z.

17.1.2.2 Regression, Interpolation and Density Estimation

In regression, the aim is to learn some functional description of data in order to pre-
dict values for new input. An example of learning a regression function is predicting
the future value of a share index in the stock market. In interpolation, the function
for certain ranges of input is known. The task is to decide the function for inter-
mediate ranges of input. In density estimation, the task is to estimate the density
or probability that a member of a certain category will be found to have particular
features.

17.1.2.3 Learning a Sequence of Actions

In robot learning and chess play learning, the task is to find the best strategies that
can choose the optimal actions. In an example of robot navigation, a robot is as-
signed a task to track a colored object within a limited number of actions while
avoiding obstacles and walls in an environment. There are obstacles of different
shapes in the environment enclosed by the walls. To perform its task, the robot must
learn the basic behavior of obstacle avoidance and moving to the target. It must also
learn to co-ordinate the behavior of obstacle avoidance and the behavior of moving
to the target to avoid becoming stuck due to repetition of an identical sensor–motion
sequence. In chess playing, machine must decide an action based on the state of the
board to move a piece in which the action will maximize its chance of winning the
game.

17.1.2.4 Data Mining

The problem of data mining is of searching for interesting patterns and impor-
tant regularities in large databases. Many learning methods have been developed



480 X. Yao and Y. Liu

for determining general descriptions of concepts from examples in the form of
relational data tables. Machine learning plays an important role in discovering and
presenting potentially useful information from data in a form which is easily com-
prehensible to humans.

17.1.2.5 Issues in Machine Learning

There are many issues that need to be solved in machine learning. For example,
which learning algorithm performs best for a particular learning task and repre-
sentation? How many training samples are sufficient? How fast can the learning
algorithms converge? When and how can prior knowledge be used in the learning
process? Can a machine learn in real-time or only via offline learning? How do
we choose from among multiple learning models that are all consistent with the
data? Among all these issues, generalization is a key issue for any learning system.
There are often two phases to design a learning system. The first phase is learning.
The second phase is a generalization test. The term generalization is borrowed from
psychology. In neural network learning, a model is said to generalize well when it
can produce correct input–output mapping for unseen test data that have not been
used in the learning phase.

17.1.3 Organization of the Chapter

The reminder of this chapter is organized as follows. Section 17.2 introduces a num-
ber of learning algorithms in order to give a breadth of coverage of machine learn-
ing. Section 17.3 addresses evolution and learning. Three levels of evolution can
be introduced in neural network learning: the evolution of weight, the evolution
of architectures and the evolution of learning rules. Section 17.5 points out some
promising areas in machine learning. Section 17.6 provides a guideline for imple-
menting machine learning algorithms. Section 17.7 concludes with a summary of
the chapter and a few remarks.

17.2 Overview of Learning Algorithms

This section explores the basic ideas and the principles of a number of learning
algorithms that are used for real-world applications.

17.2.1 Learning Decision Trees

The task of inductive learning is to find a function h that approximates f given a
collection of examples of f . The function h is called a hypothesis. An example is
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a pair (x, f (x)), where x is the input, and f (x) is the output of the function applied
to x. In decision-tree learning, hypotheses are represented by decision trees.

A decision tree is a diagram representing a classification system or a predictive
system. The structure of the system is a tree generated based on a sequence of sim-
ple questions. The answers to these questions trace a path down the tree. As a result,
a decision tree is a collection of hierarchical rules that segment the data into groups,
where a decision is made for each group. The hierarchy is called a tree, and each
segment is called a node. The original segment that contains the entire data set is
referred to as the root node of the tree. A node with all of its successors forms
a branch of the rode. The terminal nodes are called leaves that return a decision,
i.e. the predicted output value for the input. The output value can be either discrete
or continuous. A classification tree is used to learn a discrete-valued function, while
a regression tree is used to learn a continuous function. Most decision learning al-
gorithms are variations on a core algorithm that employs a top-down, greedy search
through the space of possible decision trees.

A very effective decision learning algorithm, called ID3, was developed by
Quinlan (1986). In ID3, classification trees are built by starting with the set of ex-
amples and an empty tree. An attribute test is chosen for the root of the tree, and
examples are partitioned into disjoint subsets depending on the outcome of the test.
The learning is then applied recursively to each of these disjoint subsets. The learn-
ing process stops when all the examples within a subset belong to the same class.
At this learning stage, a leaf node is created and labeled with the class.

The method used to choose the attribute test is designed to minimize the depth of
the final tree. The idea is to select the attribute that can lead to an exact classifica-
tion of examples as far as possible. In ID3, a statistical property, called information
gain, was introduced to measure how well a given attribute separates the examples
according to their target classification.

For decision-tree learning, a learned classification tree has to predict what the
correct classification is for a given example. Given a training set S, containing p
positive examples and n negative examples, the entropy of S to this Boolean classi-
fication is

E(S) =− p
p+n

log2
p

p+n
− n

p+n
log2

n
p+n

. (17.2)

In information theory, the entropy of S gives an estimate of the information con-
tained in a correct answer before any of the attributes have been tested. Information
theory measures information content in bits. After a test on a single attribute A, at-
tribute A divides the training set S into subsets Si, i = 1, . . . ,v, where A can have v
distinct values. The information gain G(S,A) of an attribute A, relative to a training
set S, is defined as

G(S,A) = E(S)−
v

∑
i=1

pi +ni

p+n
E(Si) (17.3)

where each subset Si has pi positive examples and ni negative examples. The second
term in (17.3) is the expected value of entropy after S is partitioned using attribute A.
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Married(Andrew, Sarah)Married(Diana, Charles) Married(Anne, Mark)

Married(Elizabeth, Philip)Married(Spencer, Kydd)

Edward

Married(George, Mum)

Margaret

Fig. 17.2 A typical family tree

The expected entropy is the sum of entropies of each subset Si, weighted by the
fraction of examples in Si. G(S,A) is therefore the expected reduction in entropy
caused by knowing the value of attribute A.

ID3 provides a simple and effective approach to decision-tree learning. How-
ever, for real-world applications, the algorithm needs to cope with problems such
as a noisy data set, missing attribute values and attributes with continuous values.
Dealing with these problems was studied with ID3’s successor C4.5 (Quinlan 1993).

The first decision-tree learning system, called the Elementary Perceiver and
Memorizer, was proposed by Feigenbaum (1961). It was studied as a cognitive-
simulation model of human concept learning. The concept learning system devel-
oped by Hunt et al. (1966) used a heuristic look-ahead method to grow decision
trees. ID3 (Quinlan 1986) introduced the information content as a heuristic search.
The classification and regression tree system is a widely used statistical procedure
for producing classification and regression (Breiman et al. 1984). Many practical
issues of decision-tree induction can be found in C4.5, a decision-tree learning
package by Quinlan (1993).

The advantages of decision-tree learning are its comprehensibility, fast classifi-
cation and mature technology. However, by using only one attribute at each internal
node, decision-tree learning can construct monothetic trees, which are limited to
axis-parallel partitions of the instance space, rather than polythetic trees. Polythetic
trees can use more than two attributes at each internal node, but are expensive to in-
duce. The next section will introduce inductive logic programming, which combines
inductive learning with the power of first-order representations.

17.2.2 Inductive Logic Programming

Inductive logic programming is a combination of knowledge-based inductive learn-
ing and logic programming (Russell and Norvig 2002). A general knowledge-based
inductive learning is a kind of algorithm that satisfies the entailment constraint

Background∧Hypothesis∧Descriptions |= Classifications, (17.4)

where Descriptions denote the conjunction of all the example classifications, and
Classifications denote the conjunction of all the example classifications. Given the
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Background knowledge and examples described by Descriptions and Classifications,
the induction problem of knowledge-based inductive learning is to solve the entail-
ment constraint (17.4) for the unknown Hypothesis.

In order to see how the background knowledge can be combined with the new
hypothesis to explain examples, consider a problem of learning family relationships
from examples in an extended family tree given in Fig. 17.2 (Russell and Norvig
2002).

The descriptions will be in the terms of Mother, Father, and Married relations
and Male and Female properties, such as Father(Philip, Charles), Mother(Mum,
Margaret), Married(Diana, Charles), Male(Philip), Female(Beatrice). Classifica-
tions depend on the target concept being learned. For learning the target concept of
Grandfather, the complete set of Classifications contains 20× 20 = 400 conjuncts
of the form

Grandparent(Mum, Charles) Grandparent(Elizabeth, Beatrice) · · ·
¬Grandparent(Mum, Harry) ¬Grandparent(Spencer, Peter) · · · .

Without the background knowledge, inductive learning can find a possible
Hypothesis:

Grandparent(x,y) ⇔ [∃ z Mother(x,z)∧Mother(z,y)]

∨ [∃ z Mother(x,z)∧Father(z,y)]

∨ [∃ z Father(x,z)∧Mother(z,y)]

∨ [∃ z Father(x,z)∧Father(z,y)]. (17.5)

With the help of the background knowledge represented by the sentence

Parent(x,y)⇔ [Mother(x,y)∨Father(x,y)]. (17.6)

Hypothesis can be simply defined by

Grandparent(x,y)⇔ [∃z Parent(x,z)∧Parent(z,y)]. (17.7)

By using background knowledge, we can reduce the size of hypotheses greatly.
There are two basic approaches to inductive logic programming: the top-down

learning of refining a very general rule and the bottom-up learning of inverting
the deductive process. A top-down approach will typically begin with a general
clause and search the clause by adding literals so that only positive examples are
entailed. First-order inductive learning (Quinlan 1990) is such a top-down induction
algorithm.

Suppose the task is to learn a definition of Grandfather(x,y) predicate in the fam-
ily tree shown in Fig. 17.2. Examples can be divided into positive and negative ones
as in decision-tree learning: 12 positive examples are

〈George, Charles〉,〈George, Anne〉,〈George, Andrew〉, . . .

and 388 negative examples are
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〈George, Spencer〉,〈George, Kydd〉,〈George, Elizabeth〉, . . . .
First-order inductive learning constructs a set of clauses that must classify the

positive examples while ruling out the negative examples. First-order inductive
learning starts with the initial clause with Grandfather(x,y) as the head, and an
empty body

⇒ Grandfather(x,y). (17.8)

All examples are classified as positive by this clause. To specialize it, first-order
inductive learning adds literals one at a time to the clause body. Look at two clauses
constructed by such addition:

Parent(x,z)⇒ Grandfather(x,y) (17.9)

Father(x,z)⇒ Grandfather(x,y). (17.10)

Although both clauses agree with all of 12 positive examples, the first allows both
fathers and mothers to be grandfathers and makes larger misclassification on nega-
tive examples. The second clause is chosen to be further specialized. By adding the
single literal Parent(z,y), first-order inductive learning can find

Father(x,z)∧Parent(z,y)⇒ Grandfather(x,y), (17.11)

which successfully classifies all the examples. This example gives a simple explana-
tion how first-order inductive learning works. In real applications, first-order induc-
tive learning generally has to search through a large number of unsuccessful clauses
before finding the correct one.

Whereas first-order inductive learning (Quinlan 1990) is a top-down approach,
Cigol (logic, spelled backwards), which Muggleton and Buntine (1988) devel-
oped for inductive logic programming, worked bottom-up. Cigol incorporated a
slightly incomplete version of inverse resolution and was capable of generating
new predicates. A hybrid (top-down and bottom-up) approach was chosen in Progol
(Muggleton 1995) that inverse entailment and had been applied to a number of prac-
tical problems. A large collection of papers on inductive logic programming can be
found in Lavrač and Džeroski (1994).

Inductive logic programming provides a practical approach to the general know-
ledge-based inductive learning problem. Its strengths lie in its firm theoretical foun-
dations, richer hypothesis representation language, and explicit use of background
knowledge. The limitations of inductive logic programming are its weak numeric
representations and large search spaces.

17.2.3 Bayesian Learning

In practice, there are cases when more than one hypothesis satisfy a given task.
Because it is not certain how those hypotheses perform on unseen data, it is hard to
choose the best hypothesis. Bayesian learning gives a probabilistic framework for
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x1 x2 x3 xn

C

Fig. 17.3 The naive Bayes model

justification. By calculating explicit probabilities for hypotheses, Bayesian learning
provides a useful perspective for understanding many learning algorithms that do
not explicitly manipulate probabilities.

Let D represent all the data, and H the set of all the hypotheses hi. The probability
of each hypothesis with observed d can be calculated by Bayes’ rule:

P(hi | d) = αP(d | hi)P(hi), (17.12)

where P(hi) is the prior probability, P(d | hi) denotes the probability of observed d
given hi, and P(hi | d) is the posterior probability of hi.

A practical Bayesian learning used in machine learning is the naive Bayes model
shown in Fig. 17.3, where each instance x is described by a conjunction of attribute
values 〈x1,x2, . . . ,xn〉. In this model, the class variable C is the root, and the attribute
values x are leaves.

According to (17.12), the probability of each class from a set of S is given by

P(C | x1,x2, . . . ,xn) = αP(x1,x2, . . . ,xn |C)P(C). (17.13)

In the naive Bayes model, a simplified assumption is made that the attributes are
conditionally independent of each other given the class. That is, the probability of
the observed conjunction x1,x2, . . . ,xn is just the product of probabilities for the
individual attributes:

P(x1,x2, . . . ,xn |C) = ∏
i

P(xi |C). (17.14)

From (17.13) and (17.14), the naive Bayes model makes the prediction by choosing
the most likely class:

CNB = argmaxC∈SP(C)∏
i

P(xi |C), (17.15)

where CNB denotes output class by the naive Bayes model.
Consider a medical diagnosis problem with three possible diagnoses (well, cold,

allergy) based on three symptoms (sneeze, cough, fever). In this example, there are
three attributes in which x1 can be sneeze or not sneeze, x2 cough or not cough, and
x3 fever or not fever, and three classes: well, cold and allergy. The probabilities for
the three attributes and three prior class probabilities are given in Table 17.1.
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Table 17.1 An example for the naive Bayes model

Diagnosis Well Cold Allergy
P(C) 0.9 0.05 0.05
P(sneeze |C) 0.1 0.9 0.9
P(cough |C) 0.1 0.8 0.7
P(fever |C) 0.01 0.7 0.4

Given a new x = 〈sneeze, cough, not fever〉, which class of diagnoses is it mostly
like to be? First, the posterior probability P(well | sneeze, cough, not fever) of well,
cold and allergy are calculated by the product of P(sneeze | well), P(cough | well),
P(not fever | well), and P(well):

P(well | sneeze, cough, not fever) = 0.1×0.1× (1−0.01)×0.9

= 0.00891. (17.16)

Similarly we can obtain the posterior probability of cold:

P(cold | sneeze, cough, not fever) = 0.216 (17.17)

and the posterior probability of allergy:

P(allergy | sneeze, cough, not fever) = 0.378. (17.18)

Finally, we compare three posterior probabilities and generate output class allergy
because the probability of allergy for the data x = 〈sneeze, cough, not fever〉 is the
largest one.

The naive Bayes model has been compared with C4.5 on 28 benchmark tasks
(Domingos and Pazzani 1996). The results show that the naive Bayes model per-
forms surprisingly well in a wide range of applications. Except for a few domains
where the naive Bayes model performs poorly, it is comparable to or better than
C4.5.

This section just uses the naive Bayes model to introduce the idea of Bayesian
learning. Heckerman (1998) gives an excellent introduction on general learning with
Bayesian networks. Bayesian learning has had successful applications in pattern
recognition and information retrieval. Algorithms based on Bayesian learning won
the 1997 and 2001 KDD Cup data mining competitions (Elkan 1997; Cheng et al.
2002). Experimental comparisons between Bayesian learning, decision-tree learn-
ing and other algorithms have been made on a wide range of applications (Michie
et al. 1994).

17.2.4 Reinforcement Learning

Reinforcement learning concerns learning how to map situations to actions so as
to maximize a numerical reward signal (Sutton and Barto 1998). Unlike supervised
learning, the machine is not told which actions to take but has to discover which
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actions yield the most reward by trying them. In the most practical cases, actions
may affect both the immediate reward and the next situation and thus all subse-
quent rewards. Trial-and-error search and delayed reward are the two most impor-
tant unique characteristics of reinforcement learning.

A central and novel idea of reinforcement learning is temporal-difference learn-
ing (Sutton and Barto 1998). Temporal-difference learning is a combination of
Monte Carlo ideas and dynamic programming ideas. Like Monte Carlo methods,
temporal-difference learning methods can learn directly from the raw experience
without a model of the environment’s dynamics. Like dynamic programming meth-
ods, temporal-difference learning methods update estimates based in part on other
learned estimates, without waiting for a final outcome. Temporal-difference learn-
ing works because it is possible to make local improvements. At every point in the
state space, the Markov property allows actions to be chosen based only on knowl-
edge about the current state and the states reachable by taking the actions available
at that state.

Temporal-difference learning methods fall into two classes: on-policy and off-
policy (Sutton and Barto 1998). One of the most important breakthroughs in re-
inforcement learning was the development of an off-policy temporal-difference
learning control algorithm known as Q-learning. The learned action-value function
Q(s,a) directly approximates the optimal action-value function, independent of the
policy being followed. The major steps of Q-learning are (Sutton and Barto 1998):

1. Initialize Q(s,a) values arbitrarily.
2. Initialize the environment.
3. Choose action a using the policy derived from Q(s,a) (e.g., ε-greedy).
4. Take action a; Observe reward r and the next state s′.
5. Update the Q(s,a) as follows:

Q(s,a)← Q(s,a)+α[r+ γmax
a′

Q(s′,a′)−Q(s,a)]. (17.19)

6. Let s← s′. Go to the next step if the state s is a terminal state. Otherwise, go to
Step 3.

7. Repeat Steps 2–6 for a certain number of episodes.

The Sarsa learning algorithm is an on-policy temporal-difference learning method
in which the action-value function Q is updated after every transition from a nonter-
minal state. The major steps of Sarsa learning are (Sutton and Barto 1998):

1. Initialize Q(s,a) values arbitrarily.
2. Initialize the environment.
3. Choose action a using the policy derived from Q(s,a) (e.g., ε-greedy).
4. Take action a; Observe reward r and the next state s′; Choose the next action a′

using the policy derived from Q (e.g. ε-greedy).
5. Update the Q(s,a) as follows:

Q(s,a)← Q(s,a)+α[r+ γQ(s′,a′)−Q(s,a)]. (17.20)
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6. Let s ← s′ and a ← a′. Go to the next step if the state s is a terminal state.
Otherwise, go to Step 3.

7. Repeat Steps 2–6 for a certain number of episodes.

Sutton and Barto assessed a Sarsa learning example (Sutton and Barto 1998).
The results showed that the online performance of Q-learning is worse than that of
Sarsa learning.

The strengths of reinforcement learning come from its firm theoretical founda-
tion, its ability to solve broad tasks, and its easy usage of background knowledge.
Work in reinforcement learning dates back to the earliest days of machine learn-
ing when Turing proposed the reinforcement learning approach (Turing 1950), and
Samuel developed his famous checkers learning program that contained most of the
modern ideas of reinforcement learning, including temporal differencing and func-
tion approximation (Samuel 1959). Three threads contributed towards the modern
field of reinforcement learning. The first thread is about learning by trial and error
and had its origin in the psychology of animal learning, which led to the popu-
larity of reinforcement learning in the early 1980s. The second thread arose from
the problem of optimal control and its solution using value functions and dynamic
programming. The third thread concerns temporal-difference methods. The survey
by Kaelbling et al. (1996) provides a good starting point in the literature. The text
Reinforcement Learning: An Introduction by Sutton and Barto, two of the field’s
pioneers, shows architectures and algorithms of reinforcement learning in the con-
text of learning, planning and acting (Sutton and Barto 1998).

17.2.5 Neural Networks

Artificial neural networks, commonly referred to as neural networks, try to simulate
biological brains. However, neural networks have been simplified greatly from bi-
ological brains. A neural network is a parallel computational system consisting of
many processing elements connected with each other in a certain way in order to
perform a task. Neural networks have gained popularity because they are adaptive,
robust, fault tolerant, noise tolerant, and massively parallel.

Among the many tasks that neural networks perform, the most important one is
learning. A neural network can improve its performance via learning. Perceptron
learning is one of the earliest learnings developed for neural networks (Rosenblatt
1962). Perceptrons are often used to refer to feed-forward neural networks consist-
ing of McCulloch–Pitts (MP) neurons (McCulloch and Pitts 1943):

yi = sgn

(
∑

j
wi jx j−θi

)
(17.21)

where the wi j are called weights (synapses) and θ is the threshold. The x j and yi are
input and output. The signum function sgn(x) is defined as
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Fig. 17.4 Nonlinear model of a neuron

sgn(x) =

{
1, if x≥ 0
0, otherwise.

(17.22)

It is also known as the threshold function or Heaviside function and is described in
Fig. 17.4.

After presenting each example to a perceptron that has one layer of neurons,
perceptron learning adjusts the weights until the weights converge (i.e. Δw j(t) = 0):

w j(t +1) = w j(t)+Δw j(t), (17.23)

where
Δw j(t) = η(yp−Op)xp

j , (17.24)

where η is the learning rate, xp
j is the jth input of the pth example, yp is the target

(desired) output of the pth example, and Op is the actual output of the pth example:

Op = sgn

(
∑

j
w jx

p
j −θ

)
. (17.25)

The convergence theorem of perceptron learning states that if there exists a set of
weights for a perceptron which solves a problem correctly, the perceptron learning
rule will find them in a finite number of iterations (Rosenblatt 1962). If a problem
is linearly separable, then the perceptron learning rule will find a set of weights in a
finite number of iterations that solves the problem correctly. A pair of linearly sepa-
rable patterns means that the patterns to be classified must be sufficiently separated
from each other to ensure that the decision surface consists of a hyperplane.

The perceptron learning rule, Δw j(t) = η(yp−Op)xp
j , is related to the Hebbian

learning rule (Hebb 1949). Hebb’s postulate of learning (Hebb 1949) states that

When an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes
part in firing it, some growth process or metabolic changes take place in one or both cells
such that A’s efficiency as one of the cells firing B, is increased.

In other words, if two neurons on either side of a synapse (connection) are
activated simultaneously (i.e. synchronously), then the strength of that synapse is
selectively increased. If two neurons on either side of a synapse are activated asyn-
chronously, then that synapse is selectively weakened or eliminated.
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It is clear from perceptron learning that the algorithm tries to minimize the
difference between the actual and desired output. We can define an error function to
represent such a difference:

E(w) =
1
2 ∑

p
(yp−Op)2 (17.26)

or

E(w) =
1

2N ∑
p
(yp−Op)2 , (17.27)

where N is the number of patterns. The second error function above is called the
mean square error. Learning minimizes this error by adjusting weights w.

One advantage of introducing the error function is that it can be used for any type
of transfer function, discrete or continuous. The aim of learning is to adjust w such
that the error E is minimized, i.e. the network output is as close to the desired output
as possible. There exist mathematical tools and algorithms which tell us how to
minimize the error function E, such as the gradient descent algorithm which is based
on partial derivatives. Given a set of training examples, {(xp

1 , . . . ,x
p
m;yp

1 , . . . ,y
p
n
)}p,

the gradient descent learning algorithm can be summarized as follows:

1. Construct a neural network with m inputs and n outputs.
2. Select learning rate η and the gain parameter a.
3. Generate initial weights at random in a small range, e.g. [−0.5,0.5]. Note that

thresholds are regarded as weights here.
4. While the neural network has not converged do: For each training example p,

(a) Compute Op
i . (Op

i = f (ui))
(b) Compute δp

i =
(
yp

i −Op
i

)
f ′(ui), where f ′(ui) = a f (ui)(1− f (ui)) if the

transfer function is

f (ui) =
1

1+ exp(−aui)
, (17.28)

where a is a parameter determined by the user.
(c) Compute Δwi j = ηδp

i xp
i .

(d) Update wi j for all i, j. (All weights will be updated.)

There are two modes of the gradient descent learning algorithm. One is the se-
quential mode of training which is also known as online, pattern or stochastic mode.
In this mode, weights are updated after the presentation of each example. The other
is the batch mode of training in which weights are updated only after the complete
presentation of all examples in the training set, i.e. only after each epoch.

The idea of the gradient descent learning algorithm for a single-layer neural
network can be generalized to find weights for multilayer neural networks. Mul-
tilayer feedforward neural networks can solve nonlinear problems. In fact, there are
mathematical theorems which show that multilayer feedforward neural networks
can approximate any input–output mapping. The backpropagation algorithm can be
used to train multilayer feedforward neural networks (Rumelhart et al. 1986). Its
forward pass propagates the activation values from input to output. Its backward
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pass propagates the errors from output to input. Backpropagation is still a gradient
descent algorithm. It uses gradient information to figure out how the weights should
be adjusted so that the output error can be reduced. Mathematically, backpropaga-
tion uses the chain rule to figure out how to change weights in order to minimize the
error.

Consider a network with M layers m = 1,2, . . . ,M and use V m
i to represent the

output of the ith unit in the mth layer. V 0
i = xi is the ith input. Backpropagation can

be described as follows:

1. Initialize the weights to small random values.
2. Choose a pattern and apply it to the input layer so that V 0

i = xp
i .

3. Propagate the signal forwards through the network using

V m
i = f (um

i ) = f

(
∑

j
wm

i jV
m−1
j

)
(17.29)

for each i and m until the final outputs V M
i have all been calculated.

4. Compute the deltas for the output layer:

δM
i = f ′(uM

i )(yp
i −V M

i ). (17.30)

5. Compute the deltas for the preceding layers by propagating errors backwards:

δm−1
i = f ′(um−1

i )∑
j

wm
i jδ

m
j (17.31)

for m = M,M−1, . . . ,2.
6. Update the weights according to

wnew
i j = wold

i j +Δwi j, (17.32)

where
Δwi j = ηδm

i V m−1
j . (17.33)

7. Goto step 2 and repeat for the next pattern. The algorithm stops when no weight
changes were made for a complete epoch or the maximum number of iterations
has been reached.

The study of neural networks started with the work of MP neuron models pro-
posed by McCulloch and Pitts (1943). The Hebbian learning rule was studied by
Hebb (1949). Rosenblatt (1962) proposed perceptrons and proved the perceptron
convergence theory. After Minsky and Papert’s book (Minsky and Papert 1969)
which showed the limitation of single-layer perceptrons, the field of neural net-
works was almost deserted during the 1970s. Then Hopfield published a series
of papers on Hopfield networks that used the idea of an energy function to for-
mulate a new way of understanding the computation performed by recurrent net-
works with symmetric synaptic connections (Hopfield 1982; Hopfield and Tank
1985). The two-volume “bible” Parallel Distributed Processing: Explorations in
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the Microstructures of Cognition, edited by Rumelhart and McClelland attracted a
great deal of attention (Rumelhart and McClelland 1986). In the mid-1980s, the field
of neural networks really took off.

Neural networks have been applied to solve a wide range of problems such as
pattern recognition and classification, time-series prediction, function approxima-
tion, system identification, and control. Neural network applications often include
two phases. The first phase is learning. The task performed by a neural network is
often represented as a set of examples. The neural network is expected to learn more
general concepts from these examples. The steps involved include:

1. Select a neural network architecture, where the number of input and output nodes
are determined by the task. Hidden nodes and network connectivity need to be
designed mostly by trial and error.

2. Train the network using a suitable training algorithm.

The second phase is a generalization test. After the neural network is trained, it will
be tested with new (never seen before) examples to see how well it generalizes.

17.2.6 Evolutionary Learning

Evolutionary learning includes many topics, such as learning classifier systems,
evolutionary neural networks, evolutionary fuzzy logic systems, co-evolutionary
learning and self-adaptive systems. The primary goal of evolutionary learning is
the same as that of machine learning in general. Evolutionary learning can be re-
garded as the evolutionary computation approach to machine learning. It has been
used in the framework of supervised learning, reinforcement learning and unsuper-
vised learning, although it appears to be most promising as a reinforcement learn-
ing method. Evolutionary computation encompasses major branches, i.e. evolution
strategies, evolutionary programming, genetic algorithms and genetic programming,
due largely to historical reasons. At the philosophical level, they differ mainly in the
level at which they simulate evolution. At the algorithmic level, they differ mainly
in their representations of potential solutions and their operators used to modify the
solutions. From a computational point of view, representation and search are two
key issues.

Evolution strategies were first proposed by Rechenberg and Schwefel in the
mid-1960s for numerical optimization. Real-valued vectors are used to represent
individuals. Evolution strategies use both recombination and self-adaptive muta-
tions. The original evolution strategy did not use populations. A population was
introduced into evolution strategies later (Schwefel 1981, 1995).

Evolutionary programming was first proposed by Fogel et al. in the mid-1960s
for simulating intelligence (Fogel et al. 1966). Finite-state machines were used to
represent individuals, although real-valued vectors have always been used in nu-
merical optimization. Search operators (mutations only) are applied to the phe-
notypic representation of individuals. There is no recombination in evolutionary
programming. Tournament selection is often used in evolutionary programming.
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Genetic algorithms and genetic programming are introduced in Chaps. 4 and 5
of this book, respectively. Although genetic algorithms, evolutionary programming,
evolution strategies and genetic programming are different, they are all variants of
population-based generate-and-test algorithms:

Generate: Mutate and/or recombine individuals in a population.
Test: Select the next generation from the parents and offsprings.

They share more similarities than differences. A better and more general term to use
is evolutionary algorithms. All evolutionary algorithms have two prominent fea-
tures which distinguish themselves from other search algorithms. First, they are all
population-based. Secondly, there are communications and information exchange
among individuals in a population. Such communications and information exchange
are the result of selection and/or recombination in evolutionary algorithms. A gen-
eral framework of evolutionary algorithms can be summarized as follows:

1. Generate the initial population P(0) at random, and set i← 0;
2. Repeat

(a) Evaluate the fitness of each individual in P(i);
(b) Select parents from P(i) based on their fitness in P(i);
(c) Generate offspring from the parents using crossover and mutation to form

P(i+1);
(d) i← i+1;

3. Until halting criteria are satisfied

where the search operators are also called genetic operators for genetic algorithms.
They are used to generate offspring (new individuals) from parents (existing indi-
viduals).

Learning classifier systems, also known as classifier systems, are probably the
oldest and best known evolutionary learning systems, although they did not work
very well in their classical form. Some of the recent systems have improved this sit-
uation. Due to its historical importance, a brief introduction to the classical learning
classifier systems will be introduced here.

Learning classifier systems are a particular class of message-passing, rule-based
systems. They can also be regarded as a type of adaptive expert system that uses a
knowledge base of production rules in a low-level syntax that can be manipulated by
a genetic algorithm. In a classifier system, each low-level rule is called a classifier.
A general operational cycle for the classifier system is as follows:

1. Allow the detectors (input interface) to code the current environment status and
place the resulting messages on the message list.

2. Determine the set of classifiers that are matched by the current messages.
3. Resolve conflicts caused by limited message list size or contradictory actions.
4. Remove those messages which match the conditions of firing classifier from the

message list.
5. Add the messages suggested by the firing messages to the list.
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6. Allow the effectors (output interface) that are matched by the current message
list to take actions in the environment.

7. If a payoff signal is received from the environment, assign credit to the classifiers.
8. Goto Step 1.

A genetic algorithm is used in classifier systems to discover new classifiers by
crossover and mutation. The strength of a classifier updated by the credit assign-
ment scheme is used as its fitness. A classifier’s strength is based on its average
usefulness in the context in which it has been tried previously. Credit assignment
is a very difficult task because credit must be assigned to early-acting classifiers
that set the stage for a sequence of actions leading to a favorable situation. The most
well known credit assignment is the bucket brigade algorithm which uses metaphors
from economics.

For a classifier called middleman, its suppliers are those classifiers that have
sent messages satisfying its conditions, and its consumers are those classifiers that
have conditions satisfied by its message and have won their competition in turn.
When a classifier wins in competition, its bid is actually apportioned to its suppliers,
increasing their strengths by the amounts apportioned to them. At the same time,
because the bid is treated as a payment for the right to post a message, the strength
of the winning classifier is reduced by the amount of its bid. Should the classifier bid
but not win, its strength remains unchanged and its suppliers receive no payment.
Winning classifiers can recoup their payments from either winning consumers or
the environment payoff.

The genetic algorithm is only applied to the classifiers after certain number of op-
erational cycles in order to approximate strengths better. There are two approaches
to classifier systems; the Michigan approach and the Pitt approach. For the Michigan
approach, each individual in a population is a rule. The whole population represents
a complete classifier system. For the Pitt approach, each individual in a population
represents a complete classifier system. The whole population includes a number of
competing classifier systems.

17.3 Learning and Evolution

Learning and evolution are two fundamental forms of adaptation. There has been
a great interest in combining learning and evolution with neural networks in recent
years.

17.3.1 Evolutionary Neural Networks

Evolutionary neural networks refer to a special class of neural networks in which
evolution is another fundamental form of adaptation in addition to learning (Yao
1991, 1993a, 1994, 1995). Evolutionary algorithms are used to perform various
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tasks, such as connection weight training, architecture design, learning rule adap-
tation, input feature selection, connection weight initialization and rule extraction
from neural networks. One distinct feature of evolutionary neural networks is their
adaptability to a dynamic environment. In other words, evolutionary neural net-
works can adapt to an environment as well as to changes in the environment. The
two forms of adaptation, i.e., evolution and learning in evolutionary neural net-
works, make their adaptation to a dynamic environment much more effective and
efficient. In a broader sense, evolutionary neural networks can be regarded as a gen-
eral framework for adaptive systems, i.e. systems that can change their architectures
and learning rules appropriately without human intervention.

Evolution has been introduced into neural networks at roughly three different
levels:

• Connection weights
• Architectures and
• Learning rules.

17.3.1.1 The Evolution of Connection Weights

The evolution of connection weights introduces an adaptive and global approach
to training, especially in the reinforcement learning and recurrent network learning
paradigm where gradient-based training algorithms often experience great difficul-
ties.

One way to overcome gradient-descent-based training algorithms’ shortcomings
is to adopt evolutionary neural networks, i.e. to formulate the training process as the
evolution of connection weights in the environment determined by the architecture
and the learning task. Evolutionary algorithms can then be used effectively in the
evolution to find a near-optimal set of connection weights globally without comput-
ing gradient information. The fitness of a neural network can be defined according
to different needs. Two important factors which often appear in the fitness (or er-
ror) function are the error between target and actual outputs and the complexity of
the neural network. Unlike in the gradient-descent-based case, the fitness (or error)
function does not have to be differentiable or even continuous since evolutionary al-
gorithms do not depend on gradient information. Because evolutionary algorithms
can treat large, complex, nondifferentiable and multimodal spaces, which are the
typical case in the real world, considerable research and application has been con-
ducted on the evolution of connection weights.

The evolutionary approach to weight training in neural networks consists of two
major phases. The first phase is to decide the representation of connection weights,
i.e. whether it is to be in the form of binary strings or not. The second one is the
evolutionary process simulated by an evolutionary algorithm, in which search oper-
ators such as crossover and mutation have to be decided on in conjunction with the
representation scheme. Different representations and search operators can lead to
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quite different training performance. A typical cycle of the evolution of connection
weights is shown as follows (Yao 1999):

1. Decode each individual (genotype) in the current generation into a set of
connection weights and construct a corresponding neural network with weights.

2. Evaluate each neural network by computing its total mean square error between
actual and target outputs. Other error functions can also be used. The fitness
of an individual is determined by the error. The higher the error, the lower the
fitness. The optimal mapping from the error to the fitness is a problem dependent.
A regularization term may be included in the fitness function to penalize large
weights.

3. Select parents for reproduction based on their fitness.
4. Apply genetic operators, such as crossover and/or mutation, to parents to gener-

ate offspring, which form the next generation.

The evolution stops when the fitness is greater than a predefined value (i.e. the train-
ing error is smaller than a certain value) or the population has converged.

17.3.1.2 The Evolution of Architectures

The evolution of architectures enables neural networks to adapt their topologies to
different tasks without human intervention and thus provides an approach to auto-
matic neural network design as both neural network connection weights and struc-
tures can be evolved.

Architecture design is crucial in the successful application of neural networks be-
cause the architecture has significant impact on a network’s information processing
capabilities. Given a learning task, a neural network with only a few connections
and linear nodes may not be able to perform the task at all due to its limited capabil-
ity, while a neural network with a large number of connections and nonlinear nodes
may overfit noise in the training data and fail to have good generalization ability.

Currently, architecture design is still very much a human expert’s job. It depends
heavily on expert experience and a tedious trial-and-error process. There is no sys-
tematic way to design a near-optimal architecture for a given task automatically.
Design of the optimal architecture for a neural network can be formulated as a
search problem in the architecture space where each point represents an architecture.
Given some performance (optimality) criteria, e.g. lowest training error, lowest net-
work complexity, etc., about architectures, the performance level of all architectures
forms a discrete surface in the space. The optimal architecture design is equivalent
to finding the highest point on this surface.

Similar to the evolution of connection weights, two major phases involved in the
evolution of architectures are the genotype representation scheme of architectures
and the evolutionary algorithm used to evolve neural network architectures. One of
the key issues in encoding neural network architectures is to decide how much infor-
mation about an architecture should be encoded in the chromosome. At one extreme,
all the details, i.e. every connection and node of an architecture, can be specified
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by the chromosome. This kind of representation scheme is called direct encoding.
At the other extreme, only the most important parameters of an architecture, such
as the number of hidden layers and hidden nodes in each layer, are encoded. Other
details about the architecture are left to the training process to decide. This kind
of representation scheme is called indirect encoding. After a representation scheme
has been chosen, the evolution of architectures can progress according to the cycle
as follows (Yao 1999):

1. Decode each individual in the current generation into an architecture. If the in-
direct encoding scheme is used, further detail of the architecture is specified by
some developmental rules or a training process.

2. Train each neural network with the decoded architecture by a pre-defined learn-
ing rule (some parameters of the learning rule could be learned during training)
starting from different sets of random initial weights and, if any, learning param-
eters.

3. Compute the fitness of each individual (encoded architecture) according to the
above training result and other performance criteria such as the complexity of
the architecture.

4. Select parents from the population based on their fitness.
5. Apply genetic operators to the parents and generate offspring which form the

next generation.

The cycle stops when a satisfactory neural network is found.
An automatic system, EPNet (Yao and Liu 1997, 1998), based on evolution-

ary programming has been developed for simultaneous evolution of neural network
architectures and connection weights. EPNet relies on a number of mutation op-
erators to modify architectures and weights. Behavioral (i.e. functional) evolution,
rather than genetic evolution, is emphasized in EPNet. A number of techniques were
adopted to maintain the behavioral link between a parent and its offspring (Yao and
Liu 1997). Figure 17.5 shows the main structure of EPNet.

EPNet uses rank-based selection (Yao 1993b) and five mutations: hybrid train-
ing, node deletion, connection deletion, connection addition and node addition (Yao
and Liu 1997). EPNet uses a hybrid algorithm to train the neural network for a fixed
number of epochs. Such training does not guarantee the convergence of neural net-
work learning. Hence the training is partial. The other four mutations are used to
grow and prune hidden nodes and connections.

The five mutations are attempted sequentially. If one mutation leads to a better
offspring, it is regarded as successful. No further mutation will be applied. Other-
wise the next mutation is attempted. The motivation behind ordering mutations is
to encourage the evolution of compact neural networks without sacrificing gener-
alization. A validation set is used in EPNet to measure the fitness of an individual,
and another validation set to stop training in the final step. EPNet has been tested
extensively on a number of benchmark problems, and very compact neural networks
with good generalization ability have been evolved (Yao and Liu 1997).
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Fig. 17.5 The main structure of EPNet

17.3.2 The Evolution of Learning Rules

The evolution of learning rules can be regarded as a process of learning to learn in
neural networks where the adaptation of learning rules is achieved through evolu-
tion. It can also be regarded as an adaptive process of automatic discovery of novel
learning rules.

The relationship between evolution and learning is extremely complex. Various
models have been proposed, but most of them deal with the issue of how learn-
ing can guide evolution and the relationship between the evolution of architectures
and that of connection weights (Yao 1999). Research into the evolution of learning
rules is still in its early stages. This research is important not only in providing
an automatic way of optimizing learning rules and in modeling the relationship
between learning and evolution, but also in modeling the creative process since
newly evolved learning rules can deal with a complex and dynamic environment.
This research will help us to understand better how creativity can emerge in artifi-
cial systems, like neural networks, and how to model the creative process in biolog-
ical systems. A typical cycle of the evolution of learning rules can be described as
follows (Yao 1999):
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THE EVOLUTION OF LEARNING RULES

evaluation of learning rules

reproduction of learning rules

THE EVOLUTION OF ARCHITECTURES

evaluation of architectures

reproduction of architectures
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evaluation of weights

reproduction of weights

TASKS

Fig. 17.6 A general framework for evolutionary neural networks

1. Decode each individual in the current generation into a learning rule.
2. Construct a set of neural networks with randomly generated architectures and

initial weights, and train them using the decoded learning rules.
3. Calculate the fitness of each individual (encoded learning rule) according to the

average training results.
4. Select parents from the current generation according to their fitness.
5. Apply search operators to parents to generate offspring which form the next

generation.

The iteration stops when the population converges or a predefined maximum number
of iterations has been reached.

17.3.3 A General Framework for Evolutionary Neural Networks

Figure 17.6 illustrates a general framework for evolutionary neural networks (Yao
1999). The evolution of connection weights proceeds at the lowest level on the
fastest time scale in an environment determined by an architecture, a learning rule,
and learning tasks. There are, however, two alternatives to decide the level of the evo-
lution of architectures and that of learning rules: either the evolution of architectures
is at the highest level and that of learning rules at the lower level or vice versa. The
lower the level of evolution, the faster the time scale.
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17.4 Ensemble Learning

17.4.1 Bias–Variance Trade-Off

In order to minimize R(w) in Eq. (17.1) with an unknown probability distribution
Pr, a training set D = {(x(1),y(1)), . . . ,(x(N),y(N))} is selected and the function
F(x,w) is chosen to minimize ΣN

i=1E[(F(x(i),w)− y(i))2]. Thus, the training set
leads to a function F(x,w) that depends on D. To be explicit about dependence on
the training set D, we rewrite the function F(x,w) as F(x,D).

The training set D can be chosen randomly using (E ,Pr) by choosing N indepen-
dent samples from E . This can be described by a new probability space (E (N),Pr(N))
which consists of all the training sets D of given size N. Let ED denote expectation
over this space. Let E with no subscript denote the expectation over (E ,Pr). Since
the function F(x,D) is dependent on D, it differs from term to term in the sum for
ED. Consider the mean-squared error of the function F(x,D), which is defined by

ED[(F(x,D)− y)2].

Taking expectations with respect to the training set D, we obtain the well-known
separation of the mean-squared error (Geman et al. 1992)

ED[(F(x,D)− y)2] = ED[F(x,D)2]−2yED[F(x,D)]+ y2

= (ED[F(x,D)]− y)2

+ED[F(x,D)2]− (ED[F(x,D)])2

= (ED[F(x,D)]− y)2

+varD(F(x,D)), (17.34)

where we have made use of the fact that y has constant expectation with respect to
D, and variance definition

varD(F(x,D)) = ED[(F(x,D)−ED[F(x,D)])2]

= ED[F(x,D)2]− (ED[F(x,D)])2. (17.35)

The first term (ED [F(x,D)]−y)2 in the right-hand side of Eq. (17.34) represents
the bias of the approximating function F(x,D). The bias measures how much the
average function value at x deviates from y. The second term varD (F(x,D)) rep-
resents the variance of the approximating function F(x,D). The variance measures
how much the function values at x vary from one training set to another.

Accordingly, Eq. (17.34) states that the expected mean-square value consists of
the sum of two terms: bias and variance. Note that neither is negative. To achieve
good performance, both the bias and the variance of the approximating function
F(x,D) should be small.

If an allowed function F(x,D) is too simple, it will not be capable of capturing
some of the aspects of the data. In particular, for a particular pair (x,y), there may
be a general tendency to overestimate or a general tendency to underestimate. Both
tendencies will make bias large. On the other hand, if an allowed function F(x,D)
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is too complex, it may be able to implement numerous solutions that are consistent
with the training data, but most of these are likely to be poor approximations to data
different from the training data. In other words, for any particular pair (x,y), a wide
range of values of F(x,D), i.e. a large variance, may be obtained as the training set
D varies.

There is usually a trade-off between bias and variance in the case of a training set
with finite size (Geman et al. 1992): attempts to decrease bias by introducing more
parameters often tend to increase variance; attempts to reduce variance by reducing
parameters often tend to increase bias.

17.4.1.1 Bias–Variance–Covariance Trade-Off

There are many approaches to dealing with the bias–variance trade-off in neural
network field. Given the training data set D = {(x(1),y(1)), . . . ,(x(N),y(N))}, this
section considers estimating y by forming a neural network ensemble whose out-
put is a simple averaging of outputs Fi(x,D) of a set of neural networks. All the
individual networks in the ensemble are trained on the same training data set D:

F(x,D) =
1
M

ΣM
i=1Fi(x,D), (17.36)

where M is the number of individual networks in the neural network ensemble.
Taking expectations with respect to the training set D, the expected mean-squared
error of the neural network ensemble can be written in terms of individual network
output:

ED
[
(F(x,D)− y)2]= ED

[(
1
M

ΣM
i=1Fi(x,D)− y

)2
]
. (17.37)

By use of Eq. (17.34), the right-hand side in (17.37) can be written as

ED

[(
1
M

ΣM
i=1Fi(x,D)− y

)2
]
=

(
ED

[
1
M

ΣM
i=1Fi(x,D)

]
− y

)2

+varD

(
1
M

ΣM
i=1Fi(x,D)

)
, (17.38)

where the first term in the right-hand side of (17.38) is the bias of the neural network
ensemble, and the second term is the variance of the neural network ensemble. The
variance of the neural network ensemble may be expressed as the sum of two terms:

varD

(
1
M

ΣM
i=1Fi(x,D)

)
= ED

[(
1
M

ΣM
i=1Fi(x,D)−ED

[
1
M

ΣM
i=1Fi(x,D)

])2
]

= ED

[
1

M2

(
ΣM

i=1 (Fi(x,D)−ED[Fi(x,D)])
)2
]
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= ED

[ 1
M2

(
ΣM

i=1(Fi(x,D)−ED[Fi(x,D)])

(ΣM
j=1(Fj(x,D)−ED[Fj(x,D)]

)]
= ED

[
1

M2 ΣM
i=1(Fi(x,D)−ED[Fi(x,D)])2

]

+ED

[ 1
M2 ΣM

i=1ΣM
j=1, j 
=i(Fi(x,D)−ED[Fi(x,D)])

(Fj(x,D)−ED[Fj(x,D)])
]
, (17.39)

where the first term in the right-hand side of (17.39) is the weighted average of
variance among the individual neural networks and the second term is the weighted
average covariance among the different neural networks in the ensemble.

Similar to the bias–variance trade-off for a single neural network, there is a bias–
variance–covariance trade-off for neural network ensembles. If the individual neural
network Fi are highly positively correlated, for example Fi = F, i = 1, . . . ,M, there
is no reduction in the variance of ensemble in this case. If the individual neural net-
work Fi is uncorrelated, the weighted-average covariance among the different neural
networks is reduced to zero, and the variance of ensemble can be seen to decay at 1

M .
Both theoretical and experimental results (Clemen and Winkler 1985; Perrone and
Cooper 1993) have indicated that when individual neural networks in an ensem-
ble are unbiased, average procedures are most effective in combining them when
errors in the individual neural networks are negatively correlated and moderately
effective when the errors are uncorrelated. There is little to be gained from average
procedures when the errors are positively correlated.

There are a number of methods of learning neural network ensembles. To sum-
marize, there are three approaches: independent learning, sequential learning and
simultaneous learning.

17.4.1.2 Independent Learning Methods

It is clear that there is no advantage of combining a set of identical neural networks.
In order to create a set of neural networks which are as uncorrelated as possible, a
number of methods have been proposed to train a set of neural networks indepen-
dently by varying initial random weights, the architectures, the learning algorithm
used, and the data (Hansen and Salamon 1990; Sarkar 1996; Rogova 1994; Battiti
and Colla 1994; Kim et al. 1995).

Experimental results have showed that neural networks obtained from a given
neural network architecture for different initial random weights often correctly rec-
ognize different subsets of a given test set (Hansen and Salamon 1990; Sarkar 1996).
As argued by Hansen and Salamon (1990), because each neural network makes gen-
eralization errors on different subsets of the input space, the collective decision pro-
duced by the ensemble is less likely to be in error than the decision made by any of
the individual neural networks.
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Currently, the commonest methods for the creation of ensembles are those which
involve altering the training data, such as cross-validation (Krogh and Vedelsby
1995), bootstrapping (Raviv and Intrator 1996) and different input features (Rogova
1994; Battiti and Colla 1994).

Cross-validation is a method of estimating prediction error in its original form
(Stone 1974). The procedure of m-fold cross-validation is as follows:

1. Split the data into m roughly equal-sized parts.
2. For the ith part, fit the model to the other (m−1) parts of the data, and calculate

the prediction error of fitted model when predicting the ith part of the data.
3. Do the above for i = 1, . . . ,m, and combine the m estimates of prediction error.

Cross-validation can be used to create a set of neural networks. Split the data
into m roughly equal-sized parts, and train each neural network on the different
parts independently. As indicated by Meir (1995), when the data set is small and
noisy, such independence will help to reduce the correlation among the m neural
networks more drastically than in the case where each neural network is trained on
the full data.

When a larger set of independent neural networks is needed, splitting the training
data into non-overlapping parts may cause each data part to be too small to train
each neural network if no more data are available. In this case, data reuse methods,
such as bootstrap (Efron and Tibshirani 1993), can help. Bootstrap was introduced in
1979 as a computer-based method for estimating the standard error of a statistic s(x)
(Efron and Tibshirani 1993). Breiman (1996) used the idea of bootstrap in bagging
predictors. In bagging predictors, a training set containing N patterns is perturbed
by sampling with replacement N times from the training set. The perturbed data
set may contain repeats. This procedure can be repeated several times to create a
number of different, although overlapping, data sets.

Although an ensemble primarily combines a set of neural networks with same
architectures, it has been observed that classifiers based on different classifiers and
features are frequently complementary to one another (Rogova 1994; Battiti and
Colla 1994). Rogova (1994) proposed to combine several different neural network
classifiers. For instance, three different neural network classifiers were used in Ro-
gova’s experiment on data of hand-printed digits (Rogova 1994).

17.4.1.3 Sequential Learning Methods

Most independent learning methods emphasize independence among individual neu-
ral networks in an ensemble. One of the disadvantages of such a method is the loss
of interaction between the individual neural networks during learning. There is no
consideration of whether what one individual learns has already been learned by
other individuals. The errors of independently trained neural networks may still be
positively correlated. It has been found that the combined results are weakened if
the errors of individual neural networks are positively correlated (Clemen and Win-
kler 1985; Perrone and Cooper 1993). In order to decorrelate the individual neural
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networks, sequential learning methods train a set of networks in a particular order
(Drucker et al. 1993; Opitz and Shavlik 1996; Rosen 1996). Drucker et al. (1993)
suggested training the neural networks using the boosting algorithm.

The boosting algorithm was originally proposed by Schapire (1990). Schapire
proved that it is theoretically possible to convert a weak learning algorithm that
performs only slightly better than random guessing into one that achieves arbitrary
accuracy. The proof presented by Schapire (1990) is constructive. The construction
uses filtering to modify the distribution of examples in such a way as to force the
weak learning algorithm to focus on the harder-to-learn parts of the distribution.

The boosting algorithm trains a set of learning machines sequentially on data that
have been filtered by the previously trained learning machines (Schapire 1990). As
indicated by Drucker et al. (1994), the original boosting procedure is as follows.
The first machine is trained with N1 patterns randomly chosen from the available
training data. After the first machine has been trained, a second training set with
N1 patterns is randomly selected on which the first machine would have 50% error
rate. That is, there are 50% of patterns in the training set which the first machine
misclassifies. Once the second machine has been trained with the second training
set, another set of training patters are filtered through the first and second machines.
Add the patterns on which the two machines disagree into the third training set for
the third machine until there are total of N1 patterns in it. Then the third machine is
trained. During testing, each testing pattern is classified using the following voting
scheme: if the first two machines agree, take their answer as the output; otherwise,
assign the label as classified by the third machine.

Drucker et al. (1993) first used the idea of the boosting algorithm to improve
performance of neural networks on four databases of optical character recognition
problems. Drucker et al. (1994) compared the performance of the original version of
boosting to that of a single neural network for an optical character recognition prob-
lem. The results showed that a single network was best for small training set size
while for large training set size the original version of boosting was best. The ensem-
ble used by Drucker et al. (1994) only consists of three individual neural networks,
where the output of the ensemble is decided by adding of the outputs of the three
neural networks rather than voting them.

The boosting algorithm can help to reduce the covariance between the differ-
ent neural networks in an ensemble. A practical limitation of the original boosting
algorithm Drucker et al. (1994) is that with a finite number of training patterns, un-
less the first network has very poor performance, there may not be enough patterns
to generate a second or third training set. This limitation can be overcome by an-
other boosting algorithm called AdaBoost. AdaBoost was developed by Freund and
Schapire (1996) and analyzed theoretically by Schapire (1999). AdaBoost belongs
to boosting by resampling that allows the training data to be reused.

Different to the boosting algorithm, Rosen (1996) proposed a decorrelation neu-
ral network training algorithm in which individual neural networks are trained not
only to minimize the error between the target and its output, but also to decorrelate
the errors with those from previously trained neural networks.
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17.4.1.4 Simultaneous Learning Methods

Most of the independent training methods and sequential training methods follow
a two-stage design process: first generating individual neural networks, and then
combining them. The possible interactions between the individual neural networks
cannot be exploited until the integration stage. There is no feedback from the inte-
gration stage to the individual neural network design stage. It is possible that some
of the independently designed neural networks do not make much contribution to
the integrated system. In order to use the feedback from the integration, simultane-
ous training methods train a set of neural networks together. The mixtures-of-experts
(ME) architectures (Jacobs et al. 1991a,b; Jordan and Jacobs 1994) and negative cor-
relation learning (Liu and Yao 1998a,b, 1999a,b; Chandra and Yao 2006) are two
examples of simultaneous training methods.

The ME architecture is composed of multiple neural networks that combine as-
pects of competitive and associative learning (Jacobs et al. 1991a,b; Jordan and
Jacobs 1994). The ME architecture is based on the principle of divide and conquer,
in which a complex problem is decomposed into a set of simpler subproblems. It is
assumed that the data can be adequately summarized by a collection of functions,
each defined over a local region of the input space. The ME architecture adaptively
partitions the input space into possibly overlapping regions and allocates different
networks to summarize the data located in different regions. The ME architecture
consists of two types of neural networks: a gating neural network and a number
of expert neural networks. The ME architecture allows for all expert neural net-
works to look at the input and make their best guess. The gating neural network
uses the normalized exponential transformation to weight the outputs of the expert
neural networks to provide an overall best guess. All the parameter adjustments in
the expert neural networks and gating neural network are performed simultaneously.
Although the ME architecture can produce biased individual neural networks whose
estimates are negatively correlated (Jacobs 1997), it does not provide a convenient
way to balance the bias–variance–covariance trade-off.

17.4.1.5 Negative Correlation Learning

The idea of negative correlation learning is to introduce a correlation penalty term
into the error function of each individual network so that the individual network can
be trained simultaneously and interactively (Liu and Yao 1999a). Given the training
data set D = {(x(1),y(1)), . . . ,(x(N),y(N))}, we consider estimating y by forming
a neural network ensemble whose output is a simple averaging of outputs Fi of a set
of neural networks. All the individual networks in the ensemble are trained on the
same training data set D:

F(n) =
1
M

ΣM
i=1Fi(n), (17.40)
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where Fi(n) is the output of individual network i on the nth training pattern x(n),
F(n) is the output of the neural network ensemble on the nth training pattern, and
M is the number of individual networks in the neural network ensemble.

In negative correlation learning, the error function Ei for individual i on the train-
ing data set D = {(x(1),y(1)), . . . ,(x(N),y(N))} in negative correlation learning is
defined by

Ei =
1
N

ΣN
n=1Ei(n)

=
1
N

ΣN
n=1

[
1
2
(Fi(n)− y(n))2 +λpi(n)

]
, (17.41)

where N is the number of training patterns, Ei(n) is the value of the error function of
network i at presentation of the nth training pattern, and y(n) is the desired output of
the nth training pattern. The first term in the right-hand side of (17.41) is the mean-
squared error of individual network i. The second term pi is a correlation penalty
function. The purpose of minimizing pi is to negatively correlate each individual’s
error with errors for the rest of the ensemble. The parameter λ is used to adjust the
strength of the penalty.

The penalty function pi has the form

pi(n) =−1
2
(Fi(n)−F(n))2. (17.42)

The partial derivative of Ei with respect to the output of individual i on the nth
training pattern is

∂Ei(n)
∂Fi(n)

= Fi(n)− y(n)−λ(Fi(n)−F(n))

= (1−λ)(Fi(n)− y(n))+λ(F(n)− y(n)), (17.43)

where we have made use of the assumption that the output of ensemble F(n) has
constant value with respect to Fi(n). The value of parameter λ lies inside the range
0≤ λ≤ 1 so that both (1−λ) and λ have non-negative values.

Negative correlation learning has been analyzed in terms of mutual information
on a regression task in the different noise conditions (Liu et al. 2001). Unlike in-
dependent training which creates larger mutual information among the ensemble,
negative correlation learning can produce smaller mutual information among the
ensemble. Through minimization of mutual information, very competitive results
have been produced by negative correlation learning in comparison with indepen-
dent training.

The decision boundaries and the correct response sets constructed by negative
correlation learning and the independent training have been compared for two pat-
tern classification problems (Liu et al. 2002). The experimental results show that
negative correlation learning has a very good classification performance. In fact,
the decision boundary formed by negative correlation learning is nearly close to the



17 Machine Learning 507

optimum decision boundary generated by the Bayes classifier. Negative correlation
learning has also been applied in online learning and class imbalance learning
(Minku et al. 2010; Tang et al. 2009; Wang and Yao 2009a,b).

17.4.1.6 Evolutionary Neural Networks as Ensembles

Combining individual neural networks in a population into a neural network
ensemble has a close relationship to the design of neural network ensembles. The
population of neural networks can be regarded as an ensemble. The evolutionary
process can be regarded as a natural and automatic way to design neural network
ensembles.

Evolutionary ensembles with negative correlation learning (EENCL) were de-
veloped for automatically designing neural network ensembles (Liu et al. 2000).
EENCL are studied to address the following issues: exploitation of the interaction
between individual neural network design and combination and automatic determi-
nation of the number of individual neural networks. In EENCL, an evolutionary
algorithm based on evolutionary programming (Fogel 1995) is used to search for a
population of diverse individual neural networks that together solve a problem. To
maintain a diverse population, fitness sharing (Yao et al. 1996) and negative cor-
relation learning are used to encourage the formation of different species. In the
implementation of EENCL, each neural network in the ensemble is a feedforward
neural network with logistic transfer functions. The major steps of EENCL are as
follows:

1. Generate an initial population of M neural networks, and set k = 1. The number
of hidden nodes for each neural network, nh, is specified by the user. The random
initial weights are uniformly distributed inside a small range.

2. Train each neural network in the initial population on the training set for a certain
number of epochs using negative correlation learning. The number of epochs, ne,
is specified by the user.

3. Randomly choose a group of nb neural networks as parents to create nb offspring
neural networks by Gaussian mutation.

4. Add the nb offspring neural networks to the population and train the offspring
neural networks using negative correlation learning while the rest of the neural
networks’ weights are frozen.

5. Calculate the fitness of M + nb neural networks in the population and prune the
population to the M fittest neural networks.

6. Go to the next step if the maximum number of generations has been reached.
Otherwise, k = k+1 and go to Step 3.

7. Form species using the k-means algorithm.
8. Combine species to form the ensembles.

There are two levels of adaptation in EENCL: negative correlation learning at
the individual level and evolutionary learning based on evolutionary programm-
ing (Fogel 1995) at the population level. Negative correlation learning and fitness
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sharing have been used to encourage the formation of species in the population.
EENCL were tested on the Australian credit card assessment problem and the di-
abetes problem (Liu et al. 2000). Very competitive results have been produced by
EENCL in comparison with other algorithms (Liu et al. 2000). Three combination
methods have been investigated in EENCL, including simple averaging, majority
voting and winner-takes-all.

Besides the k-means algorithm, regularized learning and constructive learning
were also introduced in negative correlation learning for automatically determining
the size of the ensembles (Chen and Yao 2009; Islam et al. 2003; Chen and Yao
2010).

17.5 Promising Areas for Future Application

Six recent trends and directions in machine learning are summarized by Dietterich
(1997) and Langley (1996).

The first trend is in experimental studies of learning algorithms. Experimental
studies of learning algorithms have shifted from the early study of idealized, hand-
crafted examples to realistic learning tasks that involve hundreds and thousands of
cases. Besides robustness and the generality test of learning algorithms on a num-
ber of different data sets, comparisons between different learning algorithms on the
same task domains need to be done. It has been realized that some explicit methods
for evaluating different learning algorithms should be established, and the condi-
tions in which a learning algorithm will perform well should be identified in order
to make progress in machine learning.

The second trend is in theoretical analyses of learning processes. The main goal
of theoretical analysis is to find the inductive principle with the best generaliza-
tion, and then to develop learning algorithms with such inductive principle. Early
studies on the convergence of learning algorithms were important but showed little
insight into real learning problems. A major advance was due to the introduction
of the probably approximately correct model (Vapnik 1995). For the first time, this
model provided theoretical accuracy guarantees that were based on a finite number
of training samples. The resulting probably approximately correct model also served
the rigorous framework that addressed the concerns from real-world problems.

The third trend is in applications of machine learning. Most recent successful
applications are in classification or prediction tasks. Machine learning has also been
applied in the areas of configuration and layout, planning and scheduling, and ex-
ecution and control. In order for machine learning to play a big role in solving
problems of interest to industry and commerce, many more applications need to be
undertaken.

The fourth trend is on new learning algorithms. Many new learning algorithms
have been studied in the past decade. For example, a support vector machine can
construct a hyperplane as the decision surface in such a way that the margin of sep-
aration between positive and negative examples is maximized. A boosting algorithm
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trains a set of classifiers on data sets with entirely different distributions, and
combines them in an elementary way to achieve near-optimal performance. The
boosting algorithm was originally proposed by Schapire (1990). Schapire proved
that it is theoretically possible to convert a weak learning algorithm that performs
only slightly better than random guessing into one that achieves arbitrary accuracy.
Boosting is a general method that can be used to improve the performance of any
learning algorithm. Another ensemble learning called bagging combines models
built on resamplings of data to yield superior models (Breiman 1996).

The fifth trend is in unified frameworks for machine learning. Machine learning
has been widely studied from a variety of backgrounds. The similarities between
the various approaches have often been overlooked while the differences between
them were emphasized. It is important to draw distinctions among different learn-
ing algorithms. However, an ultimate goal of machine learning is to study a unified
framework that can explain different learning processes in terms of common under-
lying mechanisms. One route to this goal is the study of hybrid learning systems
that incorporate aspects of different learning algorithms.

The sixth trend is in integrated cognitive architectures. It is related to the develop-
ment of integrated architectures for cognition. A common implementation in early
work was to design a separate system for each new task. These systems had little of
the nature of intelligent behavior, and posed limitations on work in other domains.
Now research has moved to the design of integrated architectures that make strong
assumptions about the control structures that can support intelligence. It is clear that
learning will continue to play an important role in the development of such cogni-
tive architectures when it is necessary to acquire knowledge from the environment
for long-term adaptive behavior.

These new areas will confront researchers with many more challenge problems,
and novel directions will surely emerge when the limitations of existing learning
algorithms are revealed.

17.6 Tricks of the Trade

Newcomers to the field of machine learning, applying a learning algorithm to a
given problem, are often not very clear about where to start to come up with a suc-
cessful implementation. The following step-by-step procedures provide a guideline
for implementing machine learning algorithms (Langley and Simon 1995).

17.6.1 Formulating the Problem

The first step is to formulate a given problem in terms of what can be dealt with by a
particular learning algorithm. Often, some real-world problems can be transformed
into simple classification tasks. For an example, the breast cancer diagnosis problem
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can be formulated as a classification task that classifies a tumor as either benign or
malignant based on cell descriptions gathered by microscopic examination. Strate-
gies such as divide-and-conquer can be used to decompose a complex task into a set
of subproblems more amenable to the chosen learning algorithm. The strengths and
limitations discussed in Sect. 17.2 provide a guideline for selecting an appropriate
learning algorithm. Additionally, based on the feedback available in the problem,
supervised learning can be chosen when specific output is supplied; unsupervised
should be adopted when there is no specific output; reinforcement learning can be
applied when the environment can be either fully observable or partially observable.

17.6.2 Choosing the Representation

The second step is to choose an appropriate representation for both the data and
knowledge to be learned. The representation is referred to the attributes or features
describing examples rather than the representational formalism, such as decision
trees or neural networks. In some real-world problems, there might be thousands of
potential features describing each input. Most learning algorithms do not scale well
when there are many features. Meanwhile, examples with many irrelevant and noisy
input features give little information from a statistical point of view. It is essential
to choose useful and important features to feed to the learning algorithms. There are
three main approaches for feature selection (Dietterich 1997). The first approach is
to select a subset of the features based on some initial analysis. The second approach
is to test different subsets of the features on the chosen learning algorithm and select
the subsets that generate the best performance. The third approach is to automate the
selection and weighting of features in the learning algorithm.

17.6.3 Collecting the Data

The third step is to collect data needed for the learning algorithm. In some
applications, this process may be straightforward, but in others it can be very diffi-
cult. Generally speaking, the quantity of the data is decided by the chosen learning
algorithm. Data preprocessing is often necessary in the learning process.

17.6.4 Conducting the Learning Process

Once the data are ready, the learning process can be started to find the best learning
model within a set of candidate model structures according to a certain criterion.
A standard tool in statistics known as cross-validation provides a good guiding cri-
terion. First the collected data are randomly partitioned into a training set and a
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test set. The training set is further divided into two disjoint subsets called estimation
subset and validation subset in which the estimation subset is used to induce the
learning model, and the validation subset is used to validate the model. It is possible
that the learned model may end up overfitting on the validation subset. Therefore,
the generalization performance of the learned model is measured on the test set
which is different from the validation subset. Some learning algorithms, such as in-
ductive logic programming, rely on the background knowledge available. How to
obtain such helpful background knowledge is an important issue that will affect the
outcome of those learning algorithms.

17.6.5 Analyzing and Evaluating the Learned Knowledge

Empirical comparisons have often been used to evaluate the predictive performance
of the various learning methods. The experiments can be conducted on simulated
data sets or a real-life data set, or both. The known best predictions on some simu-
lated data sets make it possible to compare the learned knowledge with the known
knowledge. Real-life data are helpful for evaluation of the robustness and generality
of different learning algorithms. Cross-validation is a method of estimating predic-
tion error in its original form (Stone 1974). The procedure of m-fold cross-validation
is as follows:

1. Split the data into m roughly equal-sized parts.
2. For the ith part, fit the model to the other (m−1) parts of the data, and calculate

the prediction error of fitted model when predicting the ith part of the data.
3. Do the above for i = 1, . . . ,m, and combine the m estimates of prediction error.

In addition to empirical comparisons, statistical learning theory can be used to an-
alyze the generalization ability of learning algorithms. Vapnik (1995) argued that
the Vapnik–Chervonenkis dimension of the set of functions (rather than number of
parameters) is responsible for the generalization ability of learning machines. This
opens remarkable opportunities to overcome the “curse of dimensionality”: to gen-
eralize well on the basis of a set of functions containing a huge number of parameters
but possessing a small Vapnik–Chervonenkis dimension.

17.7 Conclusions

This chapter has been primarily concerned with the core learning algorithms in-
cluding decision tree, inductive logic programming, Bayesian learning, neural net-
works, evolutionary learning and reinforcement learning. Inevitably, there are some
important learning algorithms that have not been covered. One important learning
algorithm dealing with imprecise and uncertain knowledge and data is fuzzy logic.
Imprecision is treated based on probability in statistical learning. In contrast, fuzzy
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logic is concerned with the use of fuzzy values that capture the meaning of words,
human reasoning and decision making. At the heart of fuzzy logic lies the concept
of a linguistic variable. The values of the linguistic variable are words rather than
numbers.

Generalization is one of key issues in machine learning. In neural network
learning, generalization was studied from the bias–variance trade-off point of view
(Geman et al. 1992). There is usually a trade-off between bias and variance in the
case of a training set with finite size: attempts to decrease bias by introducing more
parameters often tend to increase variance; attempts to reduce variance by reduc-
ing parameters often tend to increase bias. Besides the generalization issue, how to
scale up learning algorithms is another important issue. Dietterich (1997) reviewed
learning with a large training set and learning with many features. Even though
some learning techniques can solve very large problems with millions of training
examples in a reasonable amount of computer time, it is unclear whether they can
successfully be applied to those problems with billions of training examples.

This chapter has also been concerned with exploring the possible benefits arising
from combining learning with evolution with neural networks. Different learning al-
gorithms have their own strengths and weaknesses. Among all learning algorithms,
there is no clear winner in terms of the best learning algorithm. The best one is
always problem dependent. This is certainly true according to the no-free-lunch
theorem (Wolpert and Macready 1997). In general, hybrid algorithms tend to per-
form better than others for a large number of problems.

Sources of Additional Information

The literature on machine learning is rather large, and has been growing rapidly.

• Mitchell’s Machine Learning (Mitchell 1997) and Russell and Norvig’s Arti-
ficial Intelligence: A Modern Approach (Russell and Norvig 2002) give good
overviews of different types of learning algorithms.

• Machine Learning, volumes I–III, provide the early history of machine learning
development (Michalski et al. 1983, 1986; Kodratoff and Michalski 1990).

• Some important papers in machine learning are collected in Readings in Machine
Learning (Shavlik and Dietterich 1990).

• Current research in machine learning spreads out over a number of journals. Ma-
jor machine learning journals include Machine Learning, the Journal of Machine
Learning Research, IEEE Transactions on Neural Networks, IEEE Transactions
on Evolutionary Computation, and mainstream artificial intelligence journals.

• Machine learning is also covered by a number of conferences, such as the In-
ternational Conference on Machine Learning, the International Joint Conference
on Neural Networks, Congress on Evolutionary Computation, the IEEE Interna-
tional Conference on Fuzzy Systems, and the Conference on Neural Information
Processing Systems.
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• Mlnet Online Information Service (http://www.mlnet.org/) funded by the
European Commission is dedicated to the field of machine learning, knowledge
discovery, case-based reasoning, knowledge acquisition and data mining.

• Machine learning topics can also be found at the website of the American Asso-
ciation for Artificial Intelligence: www.aaai.org/Pathfinder/html/machine.html.
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