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Abstract Evolutionary computation has experienced a tremendous growth in the last decade in both theoretical analyses
and industrial applications. Its scope has evolved beyond its original meaning of “biological evolution” toward a wide variety
of nature inspired computational algorithms and techniques, including evolutionary, neural, ecological, social and economical
computation, etc., in a unified framework. Many research topics in evolutionary computation nowadays are not necessarily
“evolutionary”. This paper provides an overview of some recent advances in evolutionary computation that have been made
in CERCIA at the University of Birmingham, UK. It covers a wide range of topics in optimization, learning and design
using evolutionary approaches and techniques, and theoretical results in the computational time complexity of evolutionary

algorithms. Some issues related to future development of evolutionary computation are also discussed.
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1 Introduction

Evolutionary computation (EC) is the study of com-
putational systems which use ideas and get inspirations
from nature evolution and adaptation. It is a fast grow-
ing interdisciplinary research field in which a variety of
techniques and methods are studied for dealing with
large, complex, and dynamic problems. The primary
aims of EC are to understand the mechanism of such
computational systems and to design highly robust, flex-
ible, and efficient algorithms for solving real-world prob-
lems that are generally very difficult for conventional
computing methods.

EC was originally divided into four branches!~l:
evolution strategy (ES), evolutionary programming
(EP), genetic algorithm (GA), and genetic program-
ming (GP). However, such classification does not cap-
ture the essence of EC. Here we divide it into the fol-
lowing four areas: evolutionary optimization, evolution-
ary learning, evolutionary design and theoretical foun-
dation, which we will discuss in this paper. Nowadays,
all the approaches used in EC employ a population-
based search engine with perturbation (e.g., crossover
and mutation) and acceptation (selection and reproduc-
tion) to find better solutions. Compared to conventional
optimization and artificial intelligence methods, the ma-
jor advantages of EC approaches includel”: conceptual
and computational simplicity, broad applicability, ex-
cellent real-world problem solvers, potential to use do-
main knowledge and hybridize with other methods, par-
allelism, robust to dynamic environments, capability for
self-optimization, able to solve problems with no known
solutions, etc. There are also some other advantages

evolutionary computation, neural network ensemble, prisoner’s dilemma, real-world application, computational

with EC approaches, e.g., no need for analytic expres-
sion of the problem, no need for derivative, etc.

The advantages of EC approaches make them ex-
tremely suitable for the problems with dynamically
changing environment and multiobjective optimization
requirement. If a problem’s environment is constantly
changing and makes the current best solution unac-
ceptable, there might be another solution in the pop-
ulation which fits the current environment better. In
other words, using an evolutionary algorithm (EA)
in a dynamic environment can avoid “having all eggs
in one basket”. In multiobjective optimization prob-
lems, we need to find a set of Pareto-optimal solu-
tions which make compromises among different objec-
tives from which a human expert can make a choice.
In this situation, EAs have the advantage of yielding
a whole set of potential solutions, which are all opti-
mal in a sense. Therefore, with the successful applica-
tions of EAs in more and more areas, particularly to
problems which are intractable with traditional meth-
ods, EC approaches will attract increasing interest from
both academia and industrial society.

The research of EC in the School of Computer Sci-
ence at The University of Birmingham has a long his-
tory. Composed of over 50 people and publishing more
than 100 papers in refereed international journals and
leading international conferences every year, the Natu-
ral Computation Research Group was established within
the School and is one of the strongest in the world in evo-
lutionary computation. A research centre, the Centre of
Excellence for Research in Computational Intelligence
and Applications (CERCIA) in the School is dedicated

to conducting the world-class research in Computational
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Intelligence and helping industry and businesses becom-
ing more globally competitive through innovations. This
paper provides an overview of some recent advances
in evolutionary computation that have been made in
CERCIA. It covers various topics regarding evolution-
ary learning, design, optimization, and theory. The EC
topics covered in this paper include evolutionary pro-
gramming, neural network ensemble, co-evolution, mul-
tiobjective optimization, and game theory. Due to space
constraints, many important topics cannot be discussed
here. Interested readers are recommended to visit our
website on http://www.cercia.ac.uk.

2 Unified Generate-and-Test Framework

Evolutionary algorithms (EAs) can be described un-
der the unified generate-and-test framework shown
in Fig.18l. The advantage of introducing EAs as a
type of generate-and-test search algorithms is that EAs
and other search algorithms, such as simulated anneal-
ing (SA), Monte Carlo (MC) method, tabu search (TS),
and hill-climbing, etc., can be classified under the same
framework and the relationships among them are clearer
and thus easier to be explored and understood. We
can see that under this framework, different search algo-
rithms investigated in artificial intelligence, operations
research, computer science, and evolutionary computa-
tion can be expressed in exactly the same way and this
facilitates cross-fertilization among these algorithms.

1. Generate the initial solution at random and denote
it as the current solution;

2. Generate the next solution from the current one
by perturbation;

3. Test whether the newly generated solution is
acceptable;
(a) Accepted it as the current solution if yes;
(b) Keep the current solution unchanged otherwise.

4. Goto Step 2 if the current solution is not
satisfactory, stop otherwise.

Fig.1. Framework of generate-and-test methods[8].

It is obvious that all the four branches of the evo-
lutionary computation can be comprised in this frame-
work. Hill-climbing algorithms can be described in this
framework with different deterministic or stochastic per-
turbation strategies. They all require that the accepted
new solution be no worse than the current one. SA
and MC methods usually use a stochastic perturbation
and do not have such a requirement. They regard a
worse solution to be acceptable within a certain proba-
bility. The difference among different SAs, e.g., classical
SAP! fast SA[Y] very fast SA['] and a new SA!2] lies
mainly in the different ways of perturbations, i.e., meth-
ods of generating the next solution. In TS, however,
both deterministic or stochastic perturbation strategies
are adopted for generating new solutions but a tabu list
needs to be introduced in the acceptance of new solu-
tion to prevent the algorithm from deterministic cycle
among solutions already visited[!3]. All the algorithms
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and techniques described in this paper can be classified
under this framework as well.

3 Improving Evolutionary Programming

EP has been applied with success to many function
and combinatorial optimization problems4~16, Op-
timization by EP can be summarized into two major
steps:

1) mutate the solutions in the current population,

and

2) select the individuals for the next generation from

the mutated and the current solutions.

These two steps are a population-based version of
the above generate-and-test method, where mutation
generates new solutions (offspring) and selection tests
which newly generated solutions should survive to the
next generation. Our improvement of EP has been done
in the following two aspects.

3.1 Fast Evolutionary Programming/!7:18:20]

One disadvantage with conventional EP is its slow
convergence to an optimal or near-optimal solution. We
found one of the reasons is that conventional EP usually
uses Gaussian mutation, with which the search step is
sometimes not large enough for the individual to jump
out of local optimum. Nevertheless, a large search step
size may not be beneficial at all if the current search
point is already very close to the global optimum. To
address this problem, we have made a theoretical anal-
ysis for the first time on the relationship between the
distance to the global optimum and the search step size,
and the relationship between the search step size and the
probability of finding a near (global) optimum. Based on
such analyses, a fast evolutionary programming (FEP)
with Cauchy mutation was proposed and tested with a
wide range of benchmark problems!'7:18],

To show when and why a large search step size is ben-
eficial, take Gaussian mutation as an example. Gaussian
density function f¢ with expectation 0 (implying the

current search point locating at 0), and variance o2 is
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The probability of generating a point in the neigh-
borhood of the global optimum z* is given by:
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where € > 0 is the neighborhood size and o is often
regarded as the step size of the Gaussian mutation.
The derivative of this probability 2 P%(lz—z*| < ¢)
can be used to evaluate the impact of ¢ on PY(|Jz—z*| <
e). To do this, according to the mean value theorem for
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definite integrals!*®!, there exists a § (0 < § < 2&) such
that
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For Cauchy distribution with scale parameter ¢ > 0,
the density function is
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Similar analysis yields:
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We can see from the above analyses that a large step
size is beneficial (i.e., increases the probability of finding
a near-optimal solution) only when the distance between
the neighborhood of z* and the current search point (at
0) is larger than the step size, or else a large step size
may be detrimental to finding a near-optimal solution.
The above analyses also show the rates of probability in-
crease/decrease by deriving the explicit expressions for
2 PC%(Jlz —z*| <€) and ZP%(jz —z*| < e).

Based on the above results, we proposed a simple
yet effective evolutionary optimization algorithm—FEP
with Cauchy mutation and achieved better results for
most of the benchmark problems we tested!”). The
reason why FEP performs better than conventional EP
(CEP) is that the initial population is generally far away
from the global optimum on average and Cauchy muta-
tion is more likely to generate larger jumps than Gaus-
sian mutation. FEP would be less effective than CEP
when the search point is near the small neighborhood
of the global optimum. Based on this observation, we
analyzed the impact of search step size on search effi-
ciency and proposed an improved FEP (IFEP) in which
two individuals were generated for each parent, one by
Cauchy mutation and the other by Gaussian. The bet-
ter one is then chosen as the offspring'”. Simulations
showed that IFEP is robust and performs at least as well
as the better one of FEP and CEP for most benchmark
problems.
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In [20], we generalized this idea by proposing a mu-
tation operator based on Lévy probability distribution
since Cauchy distribution is only a special case of Lévy
distribution. One of the characteristics with Lévy distri-
bution is its power law in the tail region. The power law
implies that there is no characteristic length scale and
is the milestone of fractal structure. Moreover, by ad-
justing this distribution’s parameters, the shape of the
probability density can be changed, which in turn yields
continuously adjustable variation in the mutation. This
gives us an ideal opportunity for designing adaptive mu-
tations and, therefore, is also more general and flexible
than Cauchy mutation. Experimental results showed
that the adaptive Lévy EP (LEP) performed well on
the benchmark functions tested.

Inspired by the game theory, an alternative approach
to designing a mixed mutation strategy in EP was pre-
sented in [21]. The central topic of game theory is the in-
teractions and strategies among a group of players?2:23].
So in this strategy, individuals in EP are regarded as
players in a game. Each individual chooses a muta-
tion strategy from its strategy set, consisted of either
Gaussian, Cauchy, Lévy or other probability distribu-
tions, based on a selection probability and then gener-
ates an offspring by the selected strategy. They play a
two-player game in pairs iteratively until some stopping
criterion is satisfied.

It is obvious that this mixture strategy will solve
problems more efficiently than conventional EP, which
usually uses a single mutation strategy, since none of
the single mutation operators can solve all problems ef-
ficiently no matter how powerful it is. This paper has
confirmed this point. Experimental results on the seven
test functions demonstrated that the mixed mutation
had achieved the same or nearly same performance as
the best of Cauchy and Gaussian mutations over all test
functions, and even better in some cases. If only a sin-
gle mutation strategy is applied, neither Gaussian nor
Cauchy mutation can solve all these test functions effi-
ciently.

3.2 Parallel Evolutionary Programming!/26-27]
When EPs are applied to very hard and big problems,
they usually need a long time to find adequate solutions.
For these situations, apart from making efforts to design
a faster EP, dividing a large task into a few smaller and
easier ones and running a number of EPs simultaneously
in multiple processors to solve each of them is also a
good idea. This divide-and-conquer approach has been
applied to GAs and EPs in many different ways with suc-
cessful parallel implementations!?*=27]. For GAs, there
are mainly three types of parallel implementation sce-
narios: 1) global single-population master-slave GAs,
2) single-population fine-grained GAs, and 3) multiple-
population coarse-grained GAs?®/. We have proposed
a number of parallel EP implementation scenarios for
training artificial neural networks (ANNs)[26:27],



ANNSs have provided an important classification tool
for knowledge discovery in databases (KDD). Feed-
forward neural networks using a back-propagation train-
ing algorithm for weight adjustment are common but
usually very time-consuming, particularly when large
datasets are involved. Furthermore, determining the
best ANN structure for a particular task is also a dif-
ficult art, with no hard and fast rules. Therefore, we
proposed an EP approach, the EPNet, to train ANNS,
which dynamically modified not only weights but also
ANN structures to obtain a best ANN model for the
tasks at hand[®]. Since EPNet is only a serial algo-
rithm, later, we developed a few parallel versions for
i£[26,27]

In [26], we presented two parallel structures for the
EPNet algorithm: population parallelism and individ-
ual parallelism. Population parallelism takes advantage
of the independence of each individual in the ANN pop-
ulation to train different individuals concurrently. Indi-
vidual parallelism takes advantage of the independence
of the nodes within an ANN. The connection weights
between different node pairs can be altered simulta-
neously. Two parallel models, the farmer/worker and
farmer/worker/helper architectures, were implemented.
In these models, a farmer is responsible for both gener-
ating a new ANN population in each run and dividing
the population amongst the workers. The farmer must
also ensure that the global population remains consis-
tent. Each workeris assigned a sub-population of ANNS,
and performs the EPNet algorithm on that population.
Helpers add an extra level of individual parallelism by
assisting workers performing specific tasks.

In the farmer/worker model, the farmer generates
a global population, which is then divided into sev-
eral subpopulations. Each worker is assigned a subpop-
ulation to perform the EPNet algorithm and ensures
that Selection, Mutation, Replacement, and Comple-
tion Testing are performed on its sub-population. On
completion of a run, the workers transfer their subpop-
ulations to the farmer.

The farmer/worker model only utilizes population
parallelism but not individual parallelism. So we pro-
posed a farmer/worker/helper model in the same paper
to take advantage of both population and individual par-
allelisms. In this model, a farmer and worker perform
similar tasks but workers are assigned a group of helpers.
Helpers conduct initial training of the entire population
and any modified random search training performed on
any individual. The latter is performed at individual
parallelism level.

Simulation results indicated that our parallel models
are feasible and efficient in training ANNs. The helpers
are particularly useful in supporting modified random
search, the most time-consuming component of EPNet.
Therefore, this architecture is a better option in terms
of accuracy and time performance.

In [27], a different model was proposed in which all
nodes start with different initial subpopulations. Thus,
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they will search different regions of the search space.
Moreover, this model only transfers a small portion of
individuals among processing nodes, not the entire pop-
ulation. Simulation results showed that the parallel
version is not only faster than the serial version, but
also more reliably in finding optimal solutions. We also
showed that if the workload increases, the parallel per-
formance in terms of the speedup factor will also im-
prove. For the evolution of neural networks, we found
that parallel EP outperforms the serial version in terms
of both the reliability in finding the solutions and the ex-
ecution time. Furthermore, synchronous migration also
improves the rate of finding the optimal solutions.

4 Evolving Neural Network Ensembles

Many real-world problems are too large and too com-
plex for a single monolithic system to solve alone. It
has been shown from both natural and artificial exam-
ples that an integrated system consisting of several sub-
systems can reduce its total complexity while solving
a difficult problem satisfactorily. The success of neu-
ral network ensembles (NNEs) in improving a system’s
generalization ability is a typical one[29].

NNEs adopt the divide-and-conquer strategy. In-
stead of using a single network, an NNE combines a
set of NNs that learns to subdivide a task and thereby
tackle it more efficiently and elegantly. An NNE offers
several advantages over a monolithic NN. First, it can
deal with more complex tasks than any of its compo-
nents (i.e., individual NNs in the ensemble). Second, it
can make an overall system easier to be understood and
modified. Finally, it is more robust than a monolithic
NN and can show graceful performance degradation in
situations where only a subset of NNs in the ensemble
is performing correctly.

Given the advantages of NNEs and the complex-
ity of the problems to be investigated, it is clear that
NNE method is and will be an important and pervasive
problem-solving technique. However, designing an NNE
is generally a very difficult task. In order to improve its
design, we have made a number of significant progresses
in recently years.

4.1 Negative Correlation Ensemble
Learning!?6—39

The idea of ensemble learning can be traced back
to as early as 1958031, Since early 1990’s, algorithms
based on similar ideas have been developed in many
different but related forms, such as NNEs[31:32  mix-
tures of experts3334  and various boosting and bag-
ging methods/®/. However, all of these algorithms rely
on some manual design, such as predefining the num-
ber of individual NNs and/or dividing the training data
according to human experience and prior knowledge.
While manual design and a fixed ensemble architec-
ture may be appropriate when experienced human ex-



Xin Yao et al.: Recent Advances in Evolutionary Computation

perts have sufficient prior knowledge of the problem to
be solved, it is certainly not the best method for very
complex real-world problems where we cannot gain such
prior knowledge. In these cases, tedious trial-and-error
processes were often involved.

In order to automatically design NNEs without rely-
ing on human experts, we developed an evolutionary en-
semble with negative correlation learning (EENCL)[3]
based on negative correlation learning!®” 3% and evolu-
tionary learningl?8:2940], The main advantage of nega-
tive correlation learning is that it encourages different
individual NNs to learn different aspects of the training
data so that the ensemble can learn the whole dataset
better. It does not require any manual division of the
training data to produce different training sets for differ-
ent individual NNs in an ensemble. Specifically, EENCL
differs from previous approaches in three major aspects.

Firstly, EENCL emphasizes specialization and coop-
eration among individual NNs in the ensemble where
negative correlation learningl37—3% is used to encourage
the formation of different species. But most previous ap-
proaches did not acknowledge or exploit the correlation
information among individual NNs as a driving force to
control the problem-solving process. In those methods,
individual NNs were often trained independently or se-
quentially.

Secondly, EENCL uses unique error functions to
learn and combine these NNs as a synthesized system,
which provides an opportunity for different NNs to inter-
act with each other and to specialize. The strength pa-
rameter in EENCL provides a convenient way to balance
the bias-variance-covariance trade-offs. On the contrary,
most previous approaches separated the design process
into two stages: generating individual NNs and then
combining them. They did not exploit the possible in-
teractions among individual NNs until the combination
stage. There was no feedback from the combination
stage to the NN design stage. In this way, some of the in-
dependently designed individual NNs would contribute
very little to the whole system.

Thirdly, in EENCL, the number of NNs in the en-
semble is not predefined but determined by the number
of species, which are formed automatically through evo-
lution. Nevertheless, in most previous approaches, the
number of NNs in the ensemble was often predefined
and fixed, usually manually through a trial-and-error
process. Since the number of NNs in the ensemble was
not optimized in those approaches, it may result in too
many or too few NNs in the ensemble.

There are two levels of adaptation in EENCL: neg-
ative correlation at individual level and evolutionary
learning based on EP at population level. EP is used to
search for a population with diverse individual NNs that
work together to solve a problem. Fitness sharingl*!]
and negative correlation learning are used to encourage
the formation of diversified species. A negative correla-
tion penalty term among individual NNs is introduced
to the error function of each NN to ensure that all the
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networks are trained simultaneously and interactively
on the same data set. Each NN in the ensemble can be
trained by a specific learning algorithm.

The effectiveness of EENCL was verified by compar-
ing it with other 23 algorithms used in Michie et al.[#2!.
Experiments were conducted on both the Australian
credit card assessment problem and the diabetes prob-
lem obtained from the UCI machine learning benchmark
repository[*3l. Simulation results showed that EENCL
is able to achieve the generalization performance compa-
rable to or better than the best of 23 algorithms tested
in [29] for both problems.

4.2 Constructive Learning of NNEs[44:4]

Although EENCL is very effective in generating di-
versified individual NNs to form an NNE, the structure
of individual NNs in the ensemble, e.g., the number of
hidden nodes, is pre-designated manually and fixed dur-
ing the training process, which sometimes does not suit
complex learning task. In order to overcome this draw-
back, we proposed a constructive NN ensemble (CNNE)
learning algorithm for training NNEs cooperatively[*4.
CNNE combines ensemble architecture design with co-
operative training of individual NNs in an ensemble. It
automatically determines not only the number of NNs
in an ensemble, but also the number of hidden nodes
in individual NNs via an incremental training algorithm
based on negative correlation learning37—391.

CNNE starts with a minimal ensemble architecture
consisting of two individual NNs with only one hidden
node in each NN. All individual NNs in the ensemble
are first partially trained on the training dataset using
negative correlation learning. If the ensemble error E on
the validation dataset is acceptable (e.g., smaller than a
pre-designated number), stop the training process. Oth-
erwise, check if the criteria for halting network construc-
tion and node addition for each NN are satisfied or not.
If they are satisfied, it is assumed that the labeled NNs
are not sufficiently trained, so further train those NNs.
Otherwise, add one new NN to the ensemble or one new
hidden node to each NN that satisfies the criterion for
node addition and continue training. The idea behind
CNNE is that it tries to minimize the ensemble error
first by training, then by adding an appropriate hidden
node to the existing NNs, and lastly by adding a new NN
to the ensemble. With this method, we can obtain an
optimal ensemble architecture with each individual NN
in the ensemble having the minimal number of hidden
nodes.

In comparison with other ensemble training algo-
rithms, the major advantages of CNNE include: 1) au-
tomatic design of ensemble architectures; 2) maintaining
of both diversity and accuracy among individual NNs in
an ensemble; 3) a good generalization ability of con-
structively learned ensembles; and 4) minimizing the
training time since we do not over-train any NN in the
ensemble, nor do we add any superfluous NN to the en-
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semble.

CNNE has been tested extensively on many bench-
mark problems, including Australian credit card assess-
ment, breast cancer, diabetes, glass, heart disease, let-
ter recognition, soybean, and Mackey-Glass chaotic time
series prediction problems. In terms of generalization
ability, experimental results showed clearly that CNNE
is better than other ensemble and nonensemble learning
algorithms.

We have also proposed an improved CNNE (IC-
NNE) which improves the original CNNE in the follow-
ing aspects(*]. First, we used a single NN but not two
minimal individual NNs to construct an initial ensemble
since the best structure is often problem-dependent and
sometimes, a single NN can solve the problem very well
so we do not need two NNs to form an ensemble. Second,
we modified the stopping criteria to ensure that each NN
in the ensemble can be trained sufficiently. Third, we
adopted the cross-entropy error function since it is bet-
ter for our medical diagnosis problems. Simulations on
three medical diagnosis problems showed that ICNNE
algorithm achieves similar or better results than CNNE.

4.3 Ensemble Learning via Multiobjective
Approaches!*8—50,53]

In order for an NNE to generalize properly, two fac-
tors are considered vital. One is the diversity and the
other is the accuracy of the networks that comprise the
ensemble. According to Brown et al[*6], if two neural
networks make different errors on the same data points,
they are said to be diverse while accuracy could be de-
fined as the degree of a network (ensemble member) per-
forming better than random guessing on a new input.
Since a population is bound to have at least as much
information as any single individual*”, we need ensem-
bles for better generalization. But given the fact that
similar members would preclude the need for ensem-
bles, members have to be diverse. The more diverse the
members are, the more well spread will their outputs be
around the target value, which results in the expected
(mean) value of the member outputs being closer to the
target value. On the other hand, in order for an en-
semble to generalize well, the member networks, apart
from being diverse, should also be accurate. But these
two objectives often conflict with each other. Hence, a
multiobjective optimization based approach is suitable
for making trade-offs between these two objectives.

Based on the above observation, we proposed the
DIVerse and ACcurate Ensemble (DIVACE) learning al-
gorithm to construct an ensemble that searches for the
optimum point on the diversity-accuracy curvel48=50]
DIVACE takes in ideas from the memetic Pareto ar-
tificial neural network (MPANN)PYU and the negative
correlation learning (NCL) algorithms!37~3%, MPANN
is used for the evolutionary process and the negative
correlation penalty function of NCL is used as one of
the objectives for the multiobjective problem for keep-
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ing diversity. The two objectives on which to optimize
the performance of the ensemble are accuracy and di-
versity.

Objective 1—Accuracy. Given a training set T with
N patterns. For each network k in the ensemble,

N
1 . .
Minimize: Accuracy, = N Z(ﬁc - 01)27 (10)

=1

where o' is the desired output and f; the posterior prob-
ability of the class (classification task) or the observed
output (regression task) for training sample 7.

Objective 2—Diversity. From NCL, the negative
correlation penalty function was used as the second ob-
jective to optimize the ensemble performance.

Let N be the number of training patterns and let
there be M members in the ensemble, for each member
k, the following term gives an indication of how different
it is from other members.

N M
Minimize: Diversity, = Z(f,é ) Z (f; -1,
i=1 j#k,j=1
(11)

where f* is the ensemble output for training sample 3.
From the information theoretic point of view, mutual
information is a measure of the correlation between two
random variables. A link between the diversity term,
(11), and mutual information was shown in [52]. Min-
imization of mutual information between variables ex-
tracted by two neural networks can be regarded as a
condition to ensure that they are different. It has been
shown that NCL, due to the use of the penalty func-
tion, can minimize mutual information amongst ensem-
ble members[*8:52] Hence it is used as the diversity term
in DIVACE. But DIVACE is in no way limited to the use
of any particular diversity and accuracy measures. The
idea is to address the diversity-accuracy trade-off in a
multiobjective evolutionary setup. In fact, we also pro-
posed another diversity measure—pairwise failure cred-
iting (PFC) in [50].

Experiments on both the Australian credit card as-
sessment problem and the diabetes problem obtained
from the UCI machine learning benchmark repository!4?!
were compared with the MPANNDBY and EENCL[S!
based on evolutionary ensemble and 21 other algorithms
based on statistics, decision trees, rule methods, and
neural networks described in [42]. Simulation results
showed that both variants of DIVACE, using NCL and
PFC as penalty function, are able to achieve competitive
and mostly better generalization performance than the
best of the other algorithms tested for both problems.

Latter, we tried to incorporate as much information
about the diversity enforcement in ensembles as possi-
ble into this algorithm so as to develop a framework
which may be used as an ensemble learning algorithm
generating engine. As a result, an evolutionary frame-
work that uses a myriad of diversity enforcement ideas
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rolled into one multi-level ensemble learning strategy
where individual predictors are generated automatically
by successively competing and co-operating with each
other. In order to prove the effectiveness/validity of
this framework, a new algorithm, called DIVACE-II, was
proposed to model this framework. Details about this
algorithm can be found in [53]. Detailed experiments
with DIVACE-II showed that the framework is indeed
valid. It is able to outperform most of the algorithms
it is compared with. This indicates that the idea of en-
forcing diversity at multiple levels (which is modeled by
this framework) is a good one. The framework can be
used to generate diverse hybrid ensembles that general-
ize well.

5 Evolutionary Multiobjective Optimizations

Multiobjective optimization (MOO) is no doubt a
very important topic for both scientists and engineers
because of the multiobjective nature of most real-world
problems. The purpose of MOO is to find a set of the
so-called Pareto optimal solutions from which the (hu-
man) decision maker can choose ideal ones. EAs seem
particularly desirable to MOO problems because they
deal simultaneously with a set of possible solutions (the
population) which allows to find an entire set of Pareto
optimal solutions in a single run of the algorithm, in-
stead of having to perform a series of separate runs as
in the case of the traditional mathematical programming
techniques. Additionally, EAs are less susceptible to the
shape or continuity of the Pareto front, whereas these
two issues are a real concern for mathematical program-
ming techniques!®. In this section we will review some
of the work we have done in improving MOO algorithms.

5.1 Scalability Issues in Multiobjective
Optimizations!°®!

Most of the previous evolutionary MOO (EMOO)
algorithms are mainly applied to two to three objec-
tives. In order to establish their superiority over clas-
sical methods and demonstrate their abilities for con-
vergence and maintenance of diversity, these algorithms
need to be tested on higher number of objectives. There-
fore, in [55], we extended some of the recent-proposed
algorithms, i.e., NSGA-II (Non-dominated Sorting Ge-
netic Algorithm-II°!), SPEA2 (Strength Pareto Evo-
lutionary Algorithm 21°71), PESA (Pareto Enveloped-
based Selection Algorithm!5®! ), to the test problems with
up to 8 objectives. These algorithms were compared
on the basis of 1) their ability to converge to Pareto
front, 2) diversity of obtained non-dominated solutions,
and 3) their running time. Four scalable test problems
(DTLZ1, 2, 3 and 60°°!) are used for this comparative
study.

Experimental results clearly showed that conclusions
drawn from 2 or 3 objectives cannot be generalized to
a higher number of objectives. More work need to be
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done to fully understand the behavior of EMOO prob-
lems on different numbers of objectives. For the three
performance metrics used, we found that if an algorithm
is good in terms of converging to the Pareto front, it
would lack good diversity maintenance. We also found
that different algorithms have different scalabilities in
terms of the performance metrics chosen. The running
time increases with the increase of the number of objec-
tives but the increasing speed is different for different
algorithms. Sometimes, one algorithm is running faster
than another for small number of objectives but it would
be slower than the later if the number of objectives in-
creased. Therefore, in terms of running times, different
algorithms would suit different numbers of objectives.

5.2 e-Elimination Diversity Algorithm for
Multiobjective Optimizations[6:6!]

In EMOO algorithms, keeping the diversity of a pop-
ulation is very important in finding the Pareto front.
So in [60] we proposed a new diversity-preserving al-
gorithm, the e-elimination diversity algorithm to en-
hance the performance of NSGA-II*] in terms of diver-
sity of population and Pareto fronts. In this algorithm,
we used the e-elimination diversity approach to replace
the crowding distance assignment approach in NSGAII.
All the clones and/or e-similar individuals based on Eu-
clidean norm of two vectors are recognized and simply
eliminated from the current population. Based on a pre-
defined value of € as the elimination threshold (¢ = 0.001
was used), all the individuals in a front within this
limit of a particular individual are eliminated. Such
e-similarity exists in both the objectives space and the
space of the associated design variables, which ensures
that very different individuals in the space of design vari-
ables having e-similarity in the space of objectives will
not be eliminated from the population. The clones or
e-similar individuals are replaced from the population
with the same number of new randomly generated in-
dividuals. Meanwhile, this will additionally help to ex-
plore the search space of the given multiobjective prob-
lem more efficiently.

The proposed e-elimination diversity algorithm was
used to the optimization of turbojet engines. Four
conflicting thermodynamic optimization objectives were
considered in the process: specific thrust (ST), thrust-
specific fuel consumption (TSFC), propulsive efficiency
(np), and thermal efficiency (n;). Different pairs of these
objective functions, i.e., n; and 7,, TSFC and ST, were
selected for two-objective optimization processes and
these objectives are also considered for a four-objective
optimization problem. An optimal set of design vari-
ables in turbojet engines, namely, the input flight Mach
number M, the pressure ratio of the compressor 7., and
the turbine inlet temperature Ty; were obtained. We
found that the results of four-objective optimization can
include those of two-objective optimization and, there-
fore, provide more choices for optimal design of ther-
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modynamic cycle of ideal turbojet engines. Some inter-
esting and important relationships among optimal ob-
jective functions and decision variables involved in the
thermodynamic cycle of turbojet engines were also dis-
covered consequently. Comparison to NSGA-II demon-
strated the superiority of the new algorithm in preserv-
ing the diversity of non-dominated individuals and the
quality of Pareto fronts in both two-objective and 4-
objective optimization problems.

The best Pareto front obtained from the 4-objective
optimization problems is a data table representing data
pairs of non-dominated vectors of design variables,
which are Mach number and pressure ratio, and the
corresponding objective functions. So in another work
EAs and singular value decomposition were employed
simultaneously for optimal design of both connectivity
configuration and the values of coefficients, respectively,
involved in group method of data handling (GMDH)-
type neural networks which were used for the inverse
modelling of the input-output data table obtained as the
best Pareto front/®. Two different polynomial relations
among the four thermo-mechanical objectives and both
Mach number and pressure ratio were searched using
that Pareto front. The results were very promising and
showed that such important relationships may exist and
could be discovered using both multiobjective EAs and
evolutionarily designed GMDH-type neural networks.

6 Evolutionary Iterated Prisoner’s Dilemma

In a world torn by conflict, there is a keen interest in
understanding how mutually beneficial cooperation can
emerge spontaneously, with no higher authority than the
rule of the jungle. Iterated Prisoner’s Dilemma (IPD) is
the classic example of a “non-zero sum” game to inves-
tigate such phenomenon in economics, political science,
evolutionary biology, game theory, and artificial intelli-
gence.

In its basic form, the IPD is a two-player game where
each player has two choices, cooperate (C) or defect (D)
with the following payoff matrix[¢?!:

C D
C | RR | S\T
D | T\S | P\P

where T > R and P > S (Defection always pays more),
R > P (Mutual cooperation beats mutual defection),
and R > (S + T)/2 (Alternating does not pay).

Robert Axelrod first imposed a co-evolutionary dy-
namic based on a population of trial strategies playing
against each other to gain insight into why mutual co-
operation does or does not emerge in IPD3!. In this
approach, a computer maintains a population of trial
strategies. The strategy’s fitness is evaluated by its
peers in the same population and an evaluation func-
tion judges the quality of each trial strategy in the pop-
ulation. The fitness is its average payoff from playing
all the other strategies in the same evolving population.
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As the population improves, its members become more
challenging and the evaluation function more discerning.
The aim is to set up an escalating arms race of innova-
tion. The results showed that mutual cooperation can
come to dominate, even without any central authority
to enforce the cooperation.

In this Section we will present some of our work in
2-player and N-player IPD.

6.1 2-Player Iterated Prisoner’s Dilemmal®467]

We considered the intermediate choices between full
cooperation and full defection and examined why in-
termediate choices make full cooperation less likely in
[64]. This question is relevant to the National Missile
Defense, which (its opponents claim) would allow inter-
mediate choices between full peace and all-out war, and
thus make a partial nuclear war more likely.

Earlier research found that intermediate choices
tended to prevent full cooperation6%¢. But they did
not explain why. We considered an 8 x 8 payoff matrix
in which each player has eight evenly discretized choices
of cooperative level as intermediate payoffs. The IPD
strategy was represented by a three-layer feed-forward
neural network with 10 hidden nodes.

Experiments on the two-choice game showed that if
the initial population consisted of only defect strategy,
it took some time for mutation to produce some suit-
ably cooperative invaders although it would eventually
lead the whole population toward cooperation. There-
fore, once behavioral diversity disappears, there is little
variation for natural selection to increase cooperation.
Increasing cooperation is rare, if the whole population
is cooperating at a lower level. Mutation is a slow sub-
stitute for behavioral diversity.

When intermediate choice is used, full mutual coop-
eration is less likely. The question is, if a population
can usually increase its degree of cooperation from the
bottom level, why does not it keep increasing? Why not
ratchet all the way up early in the run, and stay up?

Our experiments showed that mutation did eventu-
ally produce an invader strategy that can cooperate at
the next highest level. But behavioral diversity disap-
peared very quickly so that the 8-choice game took quite
a long time to move up to the next level. The reason is
that although payoff rises to a certain level by making
use of the initial diversity, once that diversity dyes out
it would be stuck at that level for a long period, until
mutation eventually produces a suitable invader.

We also found that more phenotypic diversity (by
raising the mutation rate) makes mutual cooperation
more likely in the 8-choice IPD. But for a pseudo-
continuous IPD, where each player has 1024 choices,
even with higher mutation rate, mutual defection is the
most likely outcome because a small population simply
cannot sample so many possible outcomes.

In short, introducing intermediate choices has the ef-
fect of adding obstacles to any change, either for better
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or worse. Applying this observation to the National Mis-
sile Defense system suggests that introducing a missile
defense during happy times may act as an obstacle to
any deterioration in the diplomatic climate. However,
introducing one during a period of tension may act as
one more block to improving relations. Therefore, the
addition of intermediate choices is not, by itself, going
to make conflict more likely.

However, real world dilemmas rarely involve perfect
interactions without mistakes (noise). So in [67] we in-
vestigated a more realistic situation by considering the
IPD game with both intermediate choices and noise.
Rather than using a tournament study of fixed strate-
gies, we employed a population-based co-evolutionary
neural network system to play the game. The evolu-
tionary behavior of the co-evolving neural networks in
learning to play the extended IPD game was discussed
in detail. We found that noise has a negative impact on
the evolution of cooperation, but could improve, surpris-
ingly, the evolutionary stability. Our study showed that
although the extended IPD game is more complicated,
observations made from previous studies that extended
IPD with intermediate choices and noise separately still
hold.

Experiments showed that when noise was added to
an IPD game with 4 choices, the evolution towards coop-
eration was less likely compared to noiseless case. How-
ever, with respect to the evolutionary behavior of co-
evolving neural networks’ population, different noise lev-
els has different effects. At low noise levels, the present
of noise actually caused instability to the evolution, with
violent fluctuations between full cooperation and full
defection. For higher noise levels, evolutionary stabil-
ity was observed although the evolution tends towards
defection play. For a population evolving at a certain
cooperation level, it is resistant to invading strategies
playing at lower cooperation levels. The population,
however, could be invaded by strategies with higher co-
operating play which in turn are vulnerable to defecting
strategies. Our observations suggested that although
generosity is the better response, it is difficult for indi-
viduals to discover and to maintain it at face value.

6.2 N-Player Iterated Prisoner’s Dilemmal™~74

The N-player iterated prisoner’s dilemma (NIPD)
game can be defined by the following three
properties©8]: 1) each player faces two choices between
cooperation (C) and defection (D); 2) the D option is
dominant for each player, i.e., each player is better off
choosing D than C no matter how many of the other
players choose C; 3) the dominant D strategies intersect
in a deficient equilibrium. In particular, the outcome
if all players choose their non-dominant C strategies is
preferable from every player’s point of view to the one
in which everyone chooses D, but no one is motivated
to deviate unilaterally from D.

The NIPD has much richer behavior than the 2IPD.
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There are a lot of ways to study various issues in the
NIPD. Glance and Huberman have used tools from sta-
tistical physics to analyze the NIPD and presented an
excellent discussion about the sudden emergence of co-
operation in a group where mistakes are allowed[®?].
They also studied the relationship between the group
size and the evolution of cooperation. Albin has used
cellular automata to model each player in the NIPDI[7.
Each player directly interacts only with his/her neigh-
bors who are a subset of the n players. We also have
investigated various aspects of this problem.

In [71] we showed two theoretical results about the
evolutionarily stable strategy (ESS) in the NIPD. As-
suming that no individual makes mistakes in the NIPD,
we showed that no finite mixture of pure strategies can
be evolutionarily stable if the probability of further in-
teractions is sufficiently high.

We mathematically showed that every finite history
of interactions among n players occurs with positive
probability in any evolutionarily stable mixture of pure
strategies in the infinite NIPD where the probability of
further interaction is sufficiently high. As a result, no
finite mixture of pure strategies in the infinite NIPD can
be evolutionarily stable.

We also investigated a more realistic model of the
NIPD where mistakes were allowed. An individual who
intended to cooperate might defect and vice versa. As-
suming that there is a positive probability of both types
of mistakes (D for C or C for D) on every turn regardless
of the node in the game tree and the probability is inde-
pendent of players, we showed that there exists an ESS
which can resist invasion of any finite mixture of other
distinct strategies provided these invading strategies are
sufficiently rare. ALLD (always defect) was shown to be
such an ESS.

In another work, we investigated the localization is-
sue in the NIPD game and the impact of local inter-
action on genetically evolved strategies for the NIPD
gamel”73] Localization in the NIPD game restricts
the opponents of a player to be selected only from his
neighborhood. This restriction will understandably in-
fluence how the player interacts with others and what
fitness he is going to get. Such restriction also influ-
ences evolutionary learning of game-playing strategies
because fit strategies will reproduce and propagate in
the population. The fittest strategies without localiza-
tion may not be fit at all with localization. Although
strategies learned with localization would be less robust
than those without it since players have less exposure
to a wide range of different opponents, the NIPD game
with localization is more realistic in the real world. It
would be interesting to know what difference between
the two models is.

Our studies showed that localization and payoff func-
tion have a dramatic impact on evolved strategies and
their generalization ability. Localization encourages co-
operative coalition. The more localized the interaction
is, the easier it is to evolve cooperation. But a larger
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difference between the payoffs for defection and cooper-
ation will make non-cooperative move more attractive
and hence make a cooperative coalition smaller. We
found that history length (the number of the most recent
rules stored in a lookup table, see [74]) plays an impor-
tant role if neighborhood size is sufficiently large. When
history length is short, such cooperation could be rather
short and unstable. A longer history length makes co-
operation more stable but the cooperation takes longer
time to emerge.

We also found that the number of players in the
NIPD game is not an important parameter when local-
ization is introduced and the neighborhood size is suf-
ficiently small. Localization has a negative impact on
the generalization ability of evolved strategies because
they are not exposed to a diverse and hostile environ-
ment. They perform well against players of their kind,
i.e., cooperators, but poorly against defectors. As a re-
sult, strategies lose their competitiveness against a wide
range of different opponent strategies.

7 Real-World Applications

One of the most important features of EC is its ca-
pability of solving real-world problems. Compared to
traditional approaches, there are many unique advan-
tages in using EC approaches to real-world problems as
was mentioned in the first section of this paper. In this
section we will present some of the work done in this
centre in applying EC approaches to real-world prob-
lems.

7.1 Constraint Handling!">""!

An issue that is immediately encountered in applying
EC approaches to real-world problems is how to han-
dle constraints to the problem. A common way is to
apply a penalty function to bias the search toward a
feasible solution. However, it is very difficult to strike
the right balance between objective and penalty func-
tions. Therefore, we introduced a novel approach to
balancing objective and penalty functions stochastically,
i.e., stochastic ranking, for constraint handling!™!. This
was based on the observation that the penalty function
method, in essence, changes the fitness landscape, which
in turn influences the selection outcomes since this is
the only place when fitness values are used for most
EAs. Hence, by changing the selection scheme, we could
achieve the same effect as modifying the fitness function.
This is exactly what stochastic ranking does.

This technique does not introduce any a priori
knowledge about the problem since it does not use any
penalty coefficient in a penalty function. In this algo-
rithm we introduced a probability Py which only uses
the objective function for comparisons in ranking in the
infeasible regions of the search space. That is, given any
pair of two adjacent individuals, the probability of com-
paring them (in order to determine which one is fitter)
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according to the objective function is 1 if both individu-
als are feasible; otherwise, it is P¢. The balance between
the objective and penalty functions is achieved through
a ranking procedure based on the stochastic bubble-sort
algorithm![™]. The procedure provides a convenient way
of balancing the dominance in a ranked set. In the
bubble-sort-like procedure, A individuals are ranked by
comparing adjacent individuals in at least A swaps. The
procedure is halted when no change in the rank ordering
occurs within a complete swap.

Stochastic ranking has been tested on a set of 13
benchmark problems!”™.  Experimental results sug-
gested that a value of 0.4 < Py < 0.5 would be ap-
propriate for many constrained optimization problems.
This indicates that a minor bias toward the dominance
of the penalty function encourages the evolution of fea-
sible solutions while still maintaining infeasible regions
as potential “bridges” to move among feasible regions
in the whole search space. Compared with the dynamic
penalty method!™! we found that this new approach
performed better in most cases.

In another work we treated the constraint handling
as a multiobjective optimization problem. We analyzed
and explained in depth why and when the multiobjective
approach to constraint handling is expected to work or
faill™”, Two multiobjective approaches were presented
in this work: one is solely based on constraint violations
in determining the Pareto fronts but the other also in-
cludes the objective function. We found that the former
is more likely to locate feasible solutions than the latter.
However, in general, finding feasible solutions using the
multiobjective technique is difficult since most of the
time is spent on searching infeasible regions. The use
of a nondominated rank removes the need for setting
a search bias. But it does not eliminate the need for
having a bias in order to locate feasible solutions.

Extensive experimental studies have been carried
out. We found that the assumption of using the penalty
function to bias the search toward the feasible region is
a good idea for the 13 test functions but a bad idea for
our artificial test function. These results give us some
insights into when the penalty function can be expected
to work in practice. Our results revealed that the un-
biased multiobjective approach to constraint handling
may not be as effective as one may have assumed.

7.2 Optimization of Telecommunication
Networks!78:79,8590]

The rapid advances in telecommunication networks
and technologies, as well as their applications, have
given rise to a massive number of design and optimiza-
tion problems, difficult to be solved by traditional meth-
ods. EC approaches are appealing alternatives, as they
have provided very good results in tackling these prob-
lems. We have done a lot of work in the optimal de-
sign of various telecommunication networks using EC
approaches.
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We have investigated the terminal assignment (TA)
problem in a telecommunication network with a novel
hybrid Hopfield network (HNN) GA approach and a
tabu search approachl™7! ~ TA is important in in-
creasing the telecommunication networks’ capacity and
reducing the cost of it. It is an NP-complete combi-
natorial optimization problem in which terminals hav-
ing a known requirement of capacity have to be as-
signed to given concentrators with a given maximum
capacity®°=82]. The objective of the TA is to minimize
link cost to form a network by connecting a given set of
terminals to a given collection of concentrators.

In [78], we focused on TA instances where only the
cost function of entire feasible solutions can be calcu-
lated and the cost of a single assignment cannot be
known in advance. We presented a novel hybrid Hopfield
network (HNN) GA in which the problem’s constraints
were managed by the HNN and the quality of the solu-
tion obtained was improved by the GA. The use of the
HNN reduces the search space of the GA to only the
feasible solutions. The performance of our hybrid al-
gorithm was evaluated in several test TA problems and
compared with the GA proposed in [81] with very good
results in all test instances considered.

This approach has also been applied to a prob-
lem directly related to TA, the task assignment
problem!®3 and FPGA segmented channel routing prob-
lems (FSCRPs)®4, in order to show the effectiveness of
this approach to other problems. We showed that our
algorithm is able to obtain very good results for these
problems, outperforming the others GAs within a rea-
sonable computation time.

In [79] we proposed a two-objective model of the TA
problem. The two objectives considered in this research
were the cost of each terminal assigned to a concentrator
and the balance of terminals distributed among concen-
trators. We presented a tabu search approach to solv-
ing two extremes of this TA problem, i.e., the cost-first
and the balance-first cases, respectively. Simulations
showed that the minimal cost and the best balance of
this problem cannot be reached simultaneously. When
the balance-first approach was applied, the cost was 10
to 75 percent higher than the cost-first approach. If
the cost-first approach was used, the balance was about
20 to 50 percent higher than the balance-first approach.
But the other objective could always reach its optimum.

Comparing our approach with the existing two ap-
proaches which used genetic®) and greedy®! algo-
rithms, we found that for small and medium sized prob-
lems our approach is able to find good solutions with
much less effort; for large sized problems, our approach
achieved the best results, although consuming longer
time. Hence, the comprehensive performance of our ap-
proach is better than the previous two.

We have also done a lot of work in traffic grooming
in WDM optical networks87—29!., We proposed a GA
approach to the grooming of traffic in WDM ring net-
works with static and dynamic traffic requirements in
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[85, 86]. The technique of traffic splitting in grooming
was analyzed in detail and incorporated with GA ap-
proach to solving strictly and rearrangeably grooming
of traffic in WDM ring networks with dynamic traffic
requirements®”88. The lower bound on the number of
ADMs in WDM rings with nonuniform traffic demands
was analyzed in detail in [89]. Finally, a comprehen-
sive, thorough, and up-to-date review of EC approaches
to the grooming of both static and dynamic traffic in
WDM optical networks was provided in [90].

7.3 Unconventional Circuit Design!®1 3

EC approaches have been used in a large variety of
design domains, from aircraft engineering to analogue
filters. Many of these approaches use measures to im-
prove the variety of solutions in the population. We
have combined clustering and Pareto optimization in a
single evolutionary design algorithm!®1],

The objective of this was to prevent the system from
converging prematurely to a local minimum and to en-
courage a number of different designs that meet the de-
sign criteria. Our approach was demonstrated in the
domain of digital filter design. Using a polar coordi-
nate based pole-zero representation, two different low-
pass filter design problems were explored. The results
have been compared to designs created by a human ex-
pert using conventional design process, which demon-
strated that the evolutionary process is able to create
designs that are competitive to those created by a hu-
man expert®!. We also found that each evolutionary
run can produce a number of different designs with sim-
ilar fitness values, but very different characteristics.

But for many complex design problems, EC ap-
proaches are usually very time-consuming so that their
use is not practical even with high-speed computers. Di-
vide and conquer based methods sometimes improve the
situation, but in most cases the biggest speed improve-
ment can be gained by adding domain knowledge. Com-
bining evolutionary methods with conventional design
methods is one way of doing this. In [92], we used a dig-
ital filter design problem to show how a conventionally
derived design can be further improved by evolutionary
calibration. Our experimental results showed that the
evolutionary calibration algorithm is able to consistently
improve the original designs by a considerable margin.

In [93], we showed how artificial evolution can be
used to improve the fault-tolerance of electronic circuits.
Evolution is also able to create sets of different circuits
that, when combined into an ensemble of circuits, have
reduced correlation in their fault pattern, and therefore
improved fault tolerance. An important part of the al-
gorithm used to create the circuits was a measure of
the correlation between the fault patterns of different
circuits. Using this measure in the fitness, the circuits
evolved towards different, highly fault-tolerant circuits.
The measure also proves very useful for fitness sharing

purposes. We have evolved a number of circuits for a
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simple 2 times 3 multiplier problem, and used these to
demonstrate the performance under different simulated
fault models.

7.4 Dynamic Salting Route Optimization[®

On marginal winter nights, highway authorities face
a difficult decision as to whether or not to salt the road
network. The consequences of making a wrong decision
are serious, as an untreated network is a major hazard
and unnecessary salting causes extra financial and envi-
ronmental costs. With limited resources and treatment
time constraints and relatively large number of salting
routes, it is imperative that salting routes are planned
in advance for efficient and effective operation. This has
traditionally been a manual task and is heavily reliant on
local knowledge and experience. Currently, a “static,”
often paper based, approach is used to optimize salting
routes within the given constraints to enable effective
use of resources (i.e., treatment vehicles, personnel and
de-icing chemical material). The aim is to maintain safe
road conditions, whilst minimizing financial and envi-
ronmental costs[®4.

In [95], a new salting route optimization system was
proposed which combines EC with the neXt generation
Road Weather Information Systems (XRWIS). XRWIS
is a new intuitive route based high resolution forecast
system which provides the highway engineer with road
surface temperature and condition across the road net-
work over a 24-hour period®!. ECs are used to optimize
a series of salting routes for winter gritting by consid-
ering XRWIS temperature data along with treatment
vehicle and road network constraints. This synergy real-
izes daily dynamic routing and it will yield considerable
benefits for areas with a marginal ice problem.

The prototype system was constructed and exam-
ined on two typical marginal nights. The resultant salt-
ing routes showed that ECs have the ability to optimize
a series of salting routes for winter gritting and elucidate
the effectiveness of the proposed method.

7.5 Modeling of Elliptical Galaxies!®"%8

A reasonably good description of the luminosity pro-
files of galaxies can serve as a guide towards understand-
ing the process of galaxy formation and evolution. Tra-
ditionally, a radial brightness profile model of a galaxy
is built by means of fitting parameters for a functional
form assumed beforehand. As a result, such a model
depends crucially on the assumed functional form. Lim-
itations of traditional approaches include: a) an exact
mathematical function form must be given before apply-
ing any fitting algorithms; b) the commonly used fitting
algorithm like non-linear reduced 2 tends to be sensi-
tive to initial values provided and more likely culminates
in wrong local minima, resulting in unsatisfactory fits.

In [97] we proposed an EC approach that enables
one to build profile models from data directly without
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assuming a functional form in advance. This approach
consists of two major steps that serve two goals. The
first applies the GP technique to find a promising func-
tional form, whereas the second takes advantage of the
power of GP to fit parameters for functional forms found
at the first step. The main novelty of this approach lies
in the fact that the whole procedure of modeling profiles
is a data-driven process without assuming a functional
form beforehand. This bottom up process is particularly
useful when one faces a large number of galaxy profiles
without any prior knowledge of them. It allows one to
find a good functional form first and then to fit para-
meters for the functions in order to build reasonably
good galaxy profile models.

The proposed evolutionary approach has been ap-
plied to modeling 18 elliptical galaxies profiles. Two
major different mathematical function forms were found
at the first step. Through a generalization process,
three parameters were introduced into each function.
Parameter fittings by EP using two different hit crite-
ria were carried out at its second step. Experimental
results demonstrated that a good mathematical form
plays a more important part in finding good descrip-
tions of galaxy profiles. On the other hand, a smaller
hit criterion is preferable to use in order to guide EP to
achieve better models.

In [98], we first gave a review of how GP and EP
techniques had been applied to the analysis of elliptical
galaxies. Then the effectiveness of a maximum likeli-
hood based fitness function was asserted and applied to
the parameter fitting using EP. A maximum likelihood
based function was found to show consistent and signif-
icant improvement over a hit-based fitness function for
modeling the profiles of elliptical galaxies. It was as-
serted that such a function would potentially improve
the quality of the model produced by symbolic regres-
sion using GP.

8 Computation Time of Evolutionary
Algorithms

In EAs, computation time is used to reveal the num-
ber of expected generations needed to reach an opti-
mal solution!®®1%9  which is an important issue in the
theoretical analysis of EAs. However, few results exist
on this topic91~193] and most of the tools used before
are somewhat ad hoc. Obviously, it is important to de-
velop a systematic theoretical tool investigating into the
computation time and time complexity of EAs so that
insights can be gained into them.

This section summarizes some of our recent work
on this research issuel!%=197 Two techniques for esti-
mating the computation time of EAs, analytic approach
Analytic tech-
niques, coming from the passage time theory for Markov
chains[98:199] " are very useful in establishing a generic
framework for studying EA’s computation time. An ini-
tial attempt in analyzing EAs appeared in [110, 111],

and drift analysis, are discussed here.
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and further study has been carried out in [105, 106].
Drift analysis, based on martingale theory, draws pro-
perties of a stochastic process from its mean drift. In
early days, it was used to study the properties of gen-
eral Markov chain[112:113] estimate the time complexity
of simulated annealing algorithms/*'4 and establish the
convergence conditions of non-elitist EAs. Recently we

applied this technique to the analysis of EAs[104107]

8.1 Drift Analysis of Computation Time[104107]

Almost all analyses of time complexity of EAs have
been conducted for (14+1) EAs before. Theoretical re-
sults on the average computation time of population-
based EAs are few. However, since the vast majority of
applications of EAs use a population size greater than
one, it is important to understand in depth what the real
utility of population is in terms of the time complexity of
EAs, when applied to combinatorial optimization prob-
lems. We have compared (1+1) EAs and (N + N) EAs
theoretically by deriving their first hitting time on the
same problems. It was shown that a population can have
a dramatic impact on EA’s average computation time,
changing an exponential time to a polynomial time (in
the input size) in some cases. It was also shown that the
first hitting probability can be improved by introducing
a population. However, our results did not imply that
population-based EAs will always be better than (1+1)
EAs for all possible problems.

Drift analysis reduces the behavior of EAs in a higher
dimensional population space E to a supermartingale
on the one-dimensional space. This reduction is im-
plemented by introducing a distance function in the
population space. The analysis of the one-dimensional
random walk is much easier than that of the original
Markov chain. Two key points in drift analysis are: 1)
to define a good distance function; and 2) to estimate
the mean drift.

The basic idea behind the drift analyses is as follows.
The evolution of an EA population with multiple indi-
viduals is first modeled as a random sequence, e.g., a
Markov chain. Then the drift of this sequence to and
from the optimal solution is analyzed (assuming an op-
timization problem is considered). Various bounds on
the first hitting time are derived under different drift
conditions. Some drift conditions cause the random se-
quence to drift away from the optimal solution, while
others enable the sequence to drift toward the optimal
solution. Some general conditions for deriving the time
complexity of EAs, including conditions under which an
EA will take no more than polynomial time (in problem
size) to solve a problem and conditions under which an
EA will take at least exponential time to solve a prob-
lem were given in [104]. Some more results, both specific
and general, that were derived using the drift analysis
were showed in [107].

To demonstrate the effectiveness of our approach, we
have applied the general theoretical results to several
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well-known problems, including a classical combinato-
rial optimization problem—the subset sum problem. It
was shown that a certain family of subset sum problems
can be solved by an EA within polynomial time, while
other families of such problems will need at least expo-
nential time. Although the EAs used in our study do
not include all possible variations of EAs, they do repre-
sent a fairly large class of EAs with multiple individuals
using both crossover and mutation operators.

8.2 Analytical Estimation of Computation

Timel105:106]

There has been some work on the analysis
of time complexity of (1+1) EAs for some simple
functions%3, e.g., the ONE-MAX function!*15—118! the
linear function®!, and the unimodal function!119-120],
Few results were obtained using EAs with a population
size greater than onel'%4. Because (14+1) EAs do not
include recombination and population-based selection,
the results on (1+1) EAs cannot be generalized to EAs
with the population size greater than one. The study of
how a population may have an impact on an EA’s av-
erage computation time is expected to shed some light
on the real utility of population-based EAs in combina-
torial optimizations[®9:100],

In [105], we compared (1+1) and (N + N) EAs the-
oretically on two families of problems using the analyti-
cal approach to the passage time of Markov chains!*08].
Unlike drift analysis in [104], which estimates the first
hitting time from the drift of a Markov chain, these tech-
niques calculate the first hitting time of a Markov chain
directly from the transition matrix. The advantage of
such analytical approach is that an exact expression of
the first hitting time can be obtained for some EAs.
But such exact expressions are difficult, if not impossi-
ble, to derive from transition matrices if they are too
complex. We derived the first hitting time for (1+1)
and (N + N) EAs, respectively. Such results enable us
to observe when the time should be polynomial or ex-
ponential in input size.

In [106] a general framework was built for analyzing
the average hitting times of EAs based on their absorb-
ing Markov chain models. Such a framework can facili-
tate answering questions at two different levels. Firstly,
at the abstract level, it can help answering fundamental
questions about EAs, such as, what kind of problems
are easy (polynomial time) or hard (exponential time)
for EAs. It can facilitate comparing first hitting times
among different EAs so that insights can be gained into
what makes a problem hard for an EA. Secondly, at the
example level, the framework can facilitate the deriva-
tion of the average first hitting time or its bounds for a
given EA and problem.

This framework was established by first studying a
simple (1+1) EA and discussing what kind of problems
were difficult for it. Then by taking this simple EA as a
starting point, other more complex EAs were discussed,
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which were regarded as an improved models to the sim-
ple EA and should have some advantages over it.

In addition to the proposed general framework based
on the absorbing Markov chain model, several new re-
sults were obtained in [106]. First, the general ap-
proach was applied to analyzing different EAs by com-
paring their first hitting times, which had never been
done previously. Second, hard problems for EAs were
identified and grouped into two classes in theory, i.e.,
the “wide-gap” problem and the “long-path” problem.
Third, explicit expressions of first hitting times for sev-
eral (14+1) EAs were derived. Previously, except for
two simple cases given in [120] only bounds had been
known[®9-193] Finally, some special cases were stud-
ied under this framework: one was to generalize the
O(nlogn) result for the linear function to a more gen-
eral case and provide a new and more concise proof;
the other was to show that an EA with crossover can
solve a problem in polynomial time while the EA with-
out crossover cannot.

9 Concluding Remarks

Evolutionary computation is an important field
with many promising application areas. This pa-
per summarizes only some of the recent advances in
this field. There is a lot of work that has been
done within CERCIA that has not been included in
this paper, such as new EAs and their performance
analysis(121=127] " the application of EC approaches to
dynamic problems!!28=130]  EC applications in data
analysis and data mining!*31=134 and EC approaches
in other application areas!!3~142 In the future, more
work still needs to be done in order to develop more effi-
cient EC approaches, to use more mature and scientific
methods to analyzing the results and the approaches
themselves, and to let EC be accepted by industry and
businesses.

Our experiments show that the incorporation of do-
main knowledge with EAs can greatly improve the qual-
ity of solution. Therefore, designing hybrid algorithm
of EC with others, e.g., hill climbing, machine learn-
ing, symbolic systems etc., and within EC as well, and
working with domain experts are two ways to acquire
an efficient and effective EA that suits difficult tasks.
In the future, high-performance EAs must be a hybrid
one which can make best use of domain knowledge. It
is also important to know how to best incorporate these
knowledge into an EA. Much work needs to be done in
tackling problems that have not been solved by conven-
tional approaches but not just applying EC approaches
to existing ones only. The development of online evo-
lutionary systems where adaptation and evolution are
performed at the same time is important too. In ad-
dition, we need to know limitations of EC approaches
to the existing methods, to know when it is better to
use EC approaches and when to use conventional ones.
We also have to understand why and how a specific EC

J. Comput. Sci. & Technol., Jan. 2006, Vol.21, No.1

approach is (not) working well.

The balance between theoretical analysis and practi-
cal investigation is also an important issue. We need to
strengthen theoretical analysis in order to help us under-
standing the general behaviors of various EC approaches
because current theory is often only applicable to sim-
ple problems, but not for complex and large ones. On
the other hand, apart from conventional EC approaches,
more theoretical work needs to be done in understanding
the behaviors of MOEA’s, NNE’s, Co-EC, and EAs in
dynamic environment. Nevertheless, it is equally impor-
tant to gain insight into the general properties of EC by
simulations or practical investigation. In his book!'43],
after having made an extensive review and a valuable
discussion over a large range of issues in EC, Fogel con-
cluded that “although theory is always more informative
than anecdotal evidence, it appears that empirical trials
still hold the ability to persuade”. and “in some cases,
empirical trials can lead to a greater understanding and
theoretical derivations”'#3]. Therefore, we think that
theoretical analysis and practical investigation are two
essential ways to gain good insight into many important
issues in EC.

The ultimate goal of EC is its applicability to solv-
ing complex real-world problems. Bear in mind that
ES was first introduced because traditional approaches
could not solve the problem, the wind tunnel optimiza-
tion problem!!). We need put more effort to let EC be
well recognized and fully accepted by industrial soci-
ety. In this regard, it is important to include industrial
applications in the test suites, to establish solid pro-
totypes and excellent demonstration and visualization
systems to convince the industrial people that EC is
a good alternative to their existing approaches, and to
organize tutorials and workshops for industrial appli-
cations. Work also needs to be done to help people in
other communities to understand the importance of EC,
to fast define their problems, and to provide reasonable
answers to their meaningful problems. We also need
to provide students, researchers, and industrial people
with more interdisciplinary (including EC) learning and
training opportunities, to help small and mediate size
enterprises solving their problems with various EC ap-
proaches, and to create more career opportunities for
them. The extensive use of EC approaches in indus-
try and business will greatly benefit both industrial and
research communities.
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