






























































































































































sensitive to nonsynonymous subtree replacements. This can also be seen in Figure 3.3 

(c) that trees are growing larger during evolut ion. And this sensitivity only rebounds 

slightly during the two dominant tree propagation processes. As the complement 

number of sites in the entire population, N5 increases in general. The nonsynonymous 

substitution rate ka = Ma/ Na reflects the rate of adaptive evolution by amplifying 

the adaptive innovations divided by decreasing tree sensitivities, and k5 = Ms/ Ns 

provides the rate of the silent changes being generated and accepted. The rate of 

evolution Re, which is calculated as the ratio ka/ks in Figure 3.4 (d), shows the rate 

of innovating adaptation in this GP evolution. The evolution process under fitness 

development is well reflected by Re. 

In this GP evolutionary process, plotting the rate of evolution Reshows the adap­

tive substitutions and indicates the rate at which the evolutionary search proceeds. 

The value of Re is below 1.0 which accords well with the situation in natural evolution, 

meaning that most attempted random genet ic changes are deleterious and selection 

acts mainly to purify these harmful random changes. 

3.3.2.2 Comparisons with varying parameter setting 

Here, we compare Rein different configuration scenarios by varying such parameters 

as selection size, population size, mutation rate, and crossover rate, to study their 

effects on the rate of evolution and to verify the effectiveness of our approach. In each 

set of experiments, only the investigated parameter is changed and all others are held 

constant. The average fitness, ka, ks and Re are plotted with the average values of 

50 successful runs. The method exponentially weighted moving average is used here 

to smooth the curves (smoothing factor 0.1). 
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Tournament selection size 

We increase tournament selection size from 4 to 6 and to 8 (Figure 3.5). It is gen­

erally accepted that a larger tournament selection size generates greater survival 

pressure [24], and thus can maintain a better fitness in the population. It can be 

seen that the population under tournament selection size 8 has the best average fit­

ness. However, due to a higher selection pressure, fewer innovative individuals are 

accepted, so the population with tournament size 8 has the lowest nonsynonymous 

substitution rate ka. In contrast , relatively more silent changes are accepted with a 

larger tournament selection size. This also concurs with a recent prediction by Luke 

and Panait [108] that bloat of neutral code in GP is caused by the pressure of im­

proving fitness. Therefore, the rate of evolution Re decreases as the tournament size 

increases. These results show that higher selection pressure slows down the rate of 

accepting genetic variations. 

Population size 

We test the GP system with different population sizes 200, 2, 000 and 20,000 (Fig­

ure 3.6). Observe that a larger population is better at searching and maintaining the 

average fitness. All three nonsynonymous substitution rates ka with different pop­

ulation sizes are quite close, which indicates that, although larger populations offer 

a larger amount of adaptive individuals to be generated and accepted, their rates in 

this static symbolic regression problem are nearly the same as smaller populations. 

Further, a larger population accepts synonymous genetic changes at a slower rate, 

which is an expected result of a slower propagating speed of dominant individuals. It 
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Figure 3.5: Evolution with different tournament selection sizes. 

can be observed that a larger population has a slightly higher Re at the early stage of 

the search process but slows down when the target individual becomes dominant in 

the population. These differences are quite small, however, for this static optimiza-

tion problem. So we believe that, although a larger population offers more chances of 

innovating adaptation, under the same environment and selection pressure, a larger 

population does not have a real constant advantage in improving the rate of evolu-

tion. It can be seen further that the population with size 200 has the most drastically 

changing rates, accepting genetic changes at a fairly high rate even around generation 

50 (see also the average fitness chart). 
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Figure 3.6: Evolution with different population sizes. 

Mutation rate 

The mutation rate is set to 0.3, 0.6, and 0.9 when the crossover rate is fixed to 0.1 

(Figure 3. 7). In our simulations, we only collect successful runs which can reach the 

target function within 50 generations. A population with a higher mutation rate is 

more likely to succeed. We observed that the percentages of successful runs with 

mutation rates 0.3, 0.6, and 0.9 are 16%, 22%, and 30%. However, despite different 

success likelihoods, various mutation rates do not show considerable differences in the 

rate of improving the average fitness solving this problem. In our rate of evolution 

measurement, it can be observed that, a higher mutation rate results in a higher 
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Figure 3. 7: Evolution with different mutation rates. 

nonsynonymous substitution rate ka and a lower synonymous rate k8 , and thus, a 

higher evolution rate Re. These results show that a higher mutation rate can accel-

erate evolution but also brings in more noise at the end of evolution (Figure 3.7 (d)). 

Moreover, this simulation supports a general tendency of mutation to maintain high 

population diversity. 

Crossover rate 

In this set of simulations, we fix the mutation rate at 0.1 and increase the crossover 

rate from 0.3 to 0.6, and to 0.9. In Figure 3.8, similarly to varying mutation rates, we 
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Figure 3.8: Evolution with different crossover rates. 

50 

can see that investigating fitness development is not sufficient for drawing conclusions 

on the effectiveness of crossover with regard to rate of evolution. In our measurement, 

it is observed that a larger crossover rate provides more adaptive genetic changes, 

i.e., a greater ka, and consequently a higher rate of evolution Re. However, the 

differences between mutation and crossover operations are their effects on synonymous 

substit ut ion rate k5 • That is, increasing the crossover rate can result in a higher 

synonymous rate, which implies that crossover contributes more to neutral evolution 

than mutation. 
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3.4 Discussion 

In this chapter, we introduced the equivalent of the biological measurement of the 

nonsynonymous to synonymous substitution ratio ka/ ks into a GP system. The ex­

perimental applications show the ability of this measurement to capture the rate 

of generating efficient genetic variations in EC. Therefore, we believe that defining 

and measuring the rate of evolution as the rate of adaptation being generated and 

accepted, i.e., rate of genetic substitutions, can be very effective to capture an evolu­

tion process. By looking beyond fitness, this measurement provides observation into 

the level of evolution dynamics. 

Further, some observations show that in the truncation selection scheme tour­

nament size, mutation rate, and crossover rate are directly related to the rate of 

evolution, while population size has an indirect relation. These results suggest a non­

monotonic relationship between population size and rate of evolution. This finding 

motivates the next step investigation, the role of population size in rate of evolution. 
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Chapter 4 

Role of Population Size in Rate of 

Evolution 

The search process in EC systems is a simultaneous process of exploration in paral­

lel and exploitation in depth. Population size is a key factor to maintain population 

diversity in this process, and is thus critical for the performance of an EC method. Re­

cently, population size control has attracted increasing interest in the literature [105] . 

Population size control is non-trivial and challenging because it is often problem­

specific and the interaction among various EC parameters is not completely clear yet. 

In general, the literature on population size control has two main foci: i) initializing 

a proper population size a priori, and ii) adjusting population size during evolution. 

We focus on the latter. 

Population size adjustment is motivated by the observation that the required pop­

ulation size changes during different stages of evolution [10] . Such an adjustment is 

usually directed by a feedback loop. This feedback has been implemented through 
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the controlled persistence of individuals or through the measurement of fitness pro­

gression, both of which are able to reflect the process of evolution to some extent. 

In Biology, particularly in the study on population genetics, population size has 

been intensely studied regarding its role in the rate of evolution [131, 132]. It has 

been realized that the effect of population size on evolution acceleration is conditioned 

on the nature of selection at a particular moment rather than on a monotonic rela­

t ionship. Typically, under positive selection, i. e., selection mostly accepting adaptive 

phenotypes, a large population is favorable for rapid evolution. In contrast, under 

negative selection, i.e. , selection mostly eliminating deleterious phenotypes, a small 

population evolves faster. These two selection conditions can be reflected by the rate 

of genetic substitutions. 

Although this perspective is still under debate in the biological community, it 

is intriguing to study this relationship in EC systems. Thus, we investigate the 

interplay between population size and rate of evolution in an EC model and see how 

this originally biological notion translates to artificial systems [77] . 

4.1 Background and motivation 

In this section, we first briefly review studies on population size control in EC. Then, 

we discuss the relation between population size and the rate of evolution from both 

an EC and a biological point of view. 
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4.1.1 Population size control 

Research on population size control in EC originated from Genetic Algorithms (GAs). 

A number of theoretical contributions on analyzing population size initialization have 

been published based on Goldberg's seminal "components decomposition approach" 

and the notion of building blocks [59, 61]. The essence of these works is that population 

size should be init ialized according to t he "complexity" of a specific problem. That 

is, for a more difficult problem, more diversity of a population is required , and thus 

a larger population size should be initialized. 

Recently, it was realized that even for a given problem instance the required popu­

lation size can vary during the process of evolution. Therefore, besides a good initial 

population size, some empirical methods on adjust ing population size dynamically 

have been proposed. Arabas et al. [8] propose the Genetic Algorithm with Variable 

Population Size (GAVaPS) by regulat ing the age and lifetime of each individual. Pop­

ulation size fluctuates as a result of removing over-aged individuals and reproducing 

new ones. Back et al. [10] extend this lifetime notion in their Adaptive Population size 

Genetic Algorithm (APGA) to steady-state GAs. Fernandes and Rosa [46] propose the 

Self-Regulated Population size Evolutionary Algorithm (SRP-EA) to enhance APGA 

using a diversity-driven reproduction process. Alternatively, Harik and Lobo [67] in­

troduce parameter-less GA, where several populations with different sizes evolve in 

parallel, starting with small population sizes. By inspecting the average fitness of 

these populations, less fit undersized populations are replaced by larger ones. Eiben 

et al. [42] suggest to use the pace of fitness improvements as the signal to control 

population size in Population Resizing on Fitness Improvement GA (PRoFIGA). 
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In GP, determination of an ideal population size is of even greater significance. As 

with the GA, population size in GP is relevant to its capabilities in finding the target 

and to its computational efficiency. In particular, it is related to the phenomenon of 

bloat, i. e., the increasing size of program code in GP evolution without a corresponding 

improvement in fitness. Poli et al. [139] establish that smaller populations bloat at a 

slower rate than larger ones. Downing [37] investigates population size in relation to 

evolvability in GP. Thus, adjusting population size dynamically benefits GP in various 

ways. A theoretical analysis on population size in GP based on building blocks is 

conducted by Sastry et al. [153]. The empirical population size adjustment schemes 

for GAs can also be applied to GP. Moreover, some GP-specific techniques have been 

employed as well. For example, Wedge and Kell [179] propose the Genotype-Fitness 

Correlation as a landscape metric to predict ideal population sizes in different systems. 

Tomassini et al. [170] design a dynamic population size GP using fitness progression 

as a signal to delete over-sized and worse-fit individuals or to insert mutated best-fit 

individuals with certain criteria. 

4.1.2 Population size and rate of evolution 

In EC, the "goal" of evolution is very specific: to find the fit test solution to a given 

problem. In this sense, as long as an EC population is able to find solut ions, a 

small size is favored because of a small overhead. Thus, computer scientists have 

been seeking intelligent population size control schemes to strike a balance between 

exploration and exploitation during the search process. 

In Biology, population geneticists have been identifying the effect of population 
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size on the rate of molecular evolution, i.e., the rate of genetic substitutions. The 

Nearly Neutral Theory of molecular evolution by Ohta [131 , 132] is regarded as one of 

the most important principles for modern molecular evolution research. This theory 

defines both slightly deleterious and slightly advantageous mutations as nearly neutral 

mutations. It extends an earlier insight of Fisher [47] that the probability of a mutant 

being selected will be low if the outcome of this mutation on phenotypes is far­

reaching. The theory predicts that most substitutions are neutral or nearly neutral 

in molecular evolution. These nearly neutral mutations would be able to generate 

adaptation at a later time under certain genetic or environmental changes. Thus, 

they play an important role for providing variation potential. 

In this theory, population size can influence the rate of molecular evolution by its 

effects on the chance of accepting a nearly neutral genetic change through statistical 

laws. That is, the chance of a random mutant being fixed by selection is less within a 

larger population. When the majority of mutations are deleterious, a smaller popu­

lation can evolve faster because more nearly neutral changes are introduced into the 

population. In contrast, when mutations are mostly advantageous, evolution is faster 

in a larger population. When most mutations are neutral, t he rate of evolution is 

nearly independent of the population size. 

These predictions have been extensively tested and discussed in the biological com­

munity. Below are some examples where both increasing and decreasing population 

size may accelerate evolution, depending on the link to environments. Gillespie [56] 

examines the relation between population size and the rate of genetic substitutions 

via computer simulation of several well-known biological models. While verifying 

such a relation, he suggests the relation can sometimes be blurred by the extreme 
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complexity of natural systems. With population size fluctuation being one of these 

complicating factors, he further emphasizes the necessity of studying such fluctuation 

in population genetics. Woolfit and Bromham [183] compare genetic sequences be­

tween island endemic species and closely related mainland species. This is an example 

where decreasing population size can accelerate evolution. In a study on the recent 

rapid molecular evolution in human genomes, Hawks et al. [70] hypothesize that the 

current dramatically growing human population may be the major driving force of 

new adaptive evolution. They indicate that a growing population size can provide 

the potential for rapid adaptive innovations if a population is highly adapted to the 

current environment. 

4.2 Adjusting population size during evolution 

We propose to apply the ideas from population genetics to a G P system. It is gen­

erally assumed that the fitness of new offspring generated by mutation or crossover 

in each generation approximately follows a Gaussian distribution. According to the 

Central Limit Theorem, the average fitness among a larger population has a smaller 

variance [131] (Figures 4.1 and 4.2). 

We use the selection favoring degree Sr to denote the degree of new offspring being 

favored by selection. A positive value of Sr of an offspring implies that it is likely to 

be accepted, and a negative value of Sr means that it will most likely be rejected by 

selection. Further, if the majority of offspring have positive Sr, selection is referred to 

as positive (Figure 4.1). In contrast, the selection is negative when Sr < 0 for most 

offspring (Figure 4.2). From the figures, we observe that, under positive selection, 
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Figure 4.1: Positive selection in different sized populations. 
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Figure 4.2: Negative selection in different sized populations. 

increasing population size can accelerate the rate of genetic substitutions, while under 

negative selection decreasing population size can allow more genetic substitutions. 

Selection acting positively or negatively may vary during different stages of an 

evolutionary process in GP, and the rate of genetic substitutions reflects this vary­

ing selection pressure. Therefore, adjusting population size according to the rate of 
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genetic substitutions is expected to compensate for the selection pressure. Thus, evo­

lution can be guided away from stagnation and, further, can achieve better fitness 

progression. A slightly revised measurement ka/ ks ratio for the rate of genetic substi­

tutions is described briefly next, followed by our proposed population size adjustment 

approach. 

4 .2.1 Adjustment indicator: rate of evolut ion 

We slightly revise the ka/ ks ratio proposed in the previous chapter, to measure the 

rate of genetic substitutions. We aim to simplify the calculation of this ratio since 

the original method is considered time-consuming. 

From one generation to the next, Na denotes the number of all attempted non­

synonymous genetic changes, and Ma counts the number of accepted nonsynonymous 

genetic changes. A sampled semantic test set different from the training set is fed 

to an individual before and after a genetic change to test whether this change is 

nonsynonymous or synonymous. For instance, if a parent and its offspring have the 

same output for all sampled semantic test cases, t he genetic change generating this 

offspring from the parent is regarded as synonymous. Otherwise, the change is con­

sidered nonsynonymous. 

Thus, ka = Mal Na measures the rate of accepting nonsynonymous genetic changes. 

The synonymous substitution rate ks can be defined similarly by dividing the number 

of accepted synonymous genetic changes Ms by the number of attempted synonymous 

genetic changes N 5 • The ratio ka/ ks measures the rate of adaptive (since they are 

accepted) genetic substitutions relative to a background silent genetic substitution 
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rate. The case ka/ ks = 1 corresponds to the situation where nonsynonymous genetic 

changes are selected at the same rate as neutral changes. When ka/ ks > 1, selection is 

positive because a larger portion of nonsynonymous changes are favored by selection. 

In contrast, negative selection is reflected by the case ka/ ks < 1. 

4.2.2 Adaptive population s ize approach 

Next, an adaptive population size scheme is proposed using the ka/ ks ratio defined 

above. We adopt truncation selection such t hat population size adjustment can be 

achieved easily without duplication or generating random individuals. Typically, at 

generation t, t he current population produces an offspring population of the same 

size via genetic variations including crossover and mutation. Parents and offspring 

will compete through tournament selection to yield the next generation, and the 

population size Psize(t + 1) will be adjusted according to the currently observed rate 

of genetic substitutions ( ka/ ks) ( t) . Thus, t he adaptive population size is regulated in 

each generation in an attempt to maintain a stable ratio of genetic substitutions as 

follows: 

• If (ka/ks)(t) > 1 (positive selection), we increase the population size propor­

t ional to the changes of the rate of genetic substitutions such t hat, 

Psize(t + 1) = Psize(t) X (1 + !(ka/ks)(t)- (ka/ks)(t- 1)1). 

• If (ka/ks)(t) = 1 (neutral selection), we keep the same population size, 

Psize(t + 1) = Psize(t) . 
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• If (ka/ks)(t) < 1 (negative selection), when (ka/ks)(t) is increasing, we increase 

the population size to suppress further deleterious genetic substitut ions, and 

when (ka/ks)(t) is decreasing, we decrease the population size to encourage 

more genetic substitutions. That is, 

Psize(t + 1) = Psize (t) X (1 + (ka/ks)(t)- (ka/ks)(t- 1)). 

Note that we do not limit the population size by an upper bound. However, a 

lower bound on population size will be established in applications. 

4.3 Simulation with tree-based GP 

We expect that dynamic adjustment of population size according to the measured 

ka/ ks ratio can maintain a fairly stable rate of genetic substitutions. Since evolu­

tion seems to be better guided this way, the performance of a GP system in fitness 

progression should improve as well. This is verified through simulations and compar­

isons to fixed-size populations. A tree structure is adopted to encode GP individuals 

here. The test benchmark will be introduced next, followed by our discussion of 

experimental results. 

4.3.1 Test suite: Mackey-Glass time series 

We use the Mackey-Glass chaotic time series prediction as our benchmark problem. 

The Mackey-Glass time series prediction is a difficult modeling problem in machine 

learning and in GP [129]. It predicts future values of a time series based on its 

historical values. GP is trained using these historical data. The series is generated 
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Figure 4.3: Mackey-Glass time series. 

using the following recursive function [184], 

ax Xt-r 
Xt+l=Xt-bXXt + ( )lO' 

1 + Xt-T 

where x0 = 1, and the parameters are set to 

a= 0.2, b = 0.1, T = 17. 

Figure 4.3 depicts a plot of this function. We use the first 1,001 points as t he 

training set. This problem is considered a difficult one because it does not have a 

closed-form solut ion. Thus, it will take GP a long time to converge. 

Empirically, a population size between 500 and 1,000 is suitable for this type of 

problem. Here we conduct experiments in three scenarios. Two of the scenarios have 

fixed-size populations of 500 and 1,000, the third has an adaptive populat ion size 

(APS) using our dynamic adjustment approach. It starts with an initial population 

size of 1,000 and a lower limit of 300. The GP configuration is as shown in Table 4. 1. 
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Table 4.1: Tree-Based GP configuration for the Mackey-Glass time series. 

Population size 500/1,000/ APS(Adaptive Population Size) 

Tree initialization Ramped-Half-and-Half with limit 6 

Function set +, -, x, and protective/ 

Terminal variable set x 1 , x2 , . . . , and x17 , variable Xi denotes the 

previous point i t ime steps ago 

Terminal constant set Random ephemeral numbers equally dis-

tributed in [-1 , 1] with granularity 0.01 

Crossover rate 0.9 

Mutation rate 0.1 

Maximum mutation subtree depth 4 

Crossover and mutation method Subtree replacement 

Maximum tree depth 100 

Training set Points from 0 to 1,000 time steps 

Fitness function Root Mean Square (RMS) error 

Selection Tournament with size 4 

Sampled sematic test set 20 cases such that x{ = ( i + j - 2) X 0. 04 

(1 ~ i ~ 17, 1 ~ j ~ 20), 0 ~ x{ ~ 1.4 

Maximum number of evaluations 100,000 

Note that we adopt the number of function evaluations as a control metric although 

it operates in a generational mode. This allows a fair comparison among different 

scenarios. 
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Figure 4.4: An example GP run with adaptive population size. 

4.3.2 Results 

We have run GP 200 times for each scenario. Before we present statistical results, 

we look into the details of a "typical" execution of the APS scenario (Figure 4.4). 

This particular population evolves for 147 generations before it reaches the 100,000 

function evaluation number limit. In the figure , we plot (a) best fitness, (b) ka/ ks 

ratio, (c) average tree size, and (d) population size over generations. 

We observe that the ka/ ks ratio stays well under 1, which implies that selection 

is negative over time. This concurs with the general understanding that attempted 

random genetic changes are mostly deleterious and with the property of the ka/ ks ratio 
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Figure 4.5: Correlations between population size and ka/ ks ratio. 

in Biology [187]. The population size drops from an initial 1,000 to approximately 

700 after 20 generations, and stabilizes at 650-700 afterwards. Also notice that, 

as evolution progresses, the best fitness improves but at a slower rate, and average 

tree size increases, which is expected for tree G P. Normally, bloat would slow down 

the rate of genetic substitutions due to the introduction of redundant substructures. 

However, this is successfully alleviated by adjusting the population size to stimulate 

evolution so that there is a steady ka/ ks ratio. This is verified by our next study of 

the interaction between the ka/ ks ratio and population size. 

In Figure 4.5, we depict the response of the ka/ ks ratio change to population 

size adjustment, derived from the data recorded from 200 runs of the APS scheme. 

Using the recorded population size and the ka/ ks ratio of each run, we quantify the 

correlation between the way they change over generations using a sequence of 1 's and 

-1 's. For a generation compared to the previous, if both population size and the 

ka/ ks ratio increase, or if both population size and the ka/ ks ratio decrease, we have a 

1. Otherwise, we have a - 1. Therefore, the number of 1 's in the produced sequence 
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records the number of occurrences where the change of the ka/ ks ratio positively 

correlates to that of the population size; while -1 's indicate negative correlation. 

We define the response coefficient C as C = (2n- l)/l, where n is the number 

of 1 's in the sequence and l is the sequence length. Thus, if a run has C = 0, its 

ka/ ks ratio is independent of the change of population size. Alternatively, a positive 

value of C indicates a positive correlation between the changes of the ka/ ks rat io and 

that of the population size. On the other hand, a negative value of C suggests a 

negative correlation. The figure presents the coefficients for all the 200 simulation 

runs. Clearly, they are all well below the level of 0. This is indeed our intention of 

dynamically adjusting population size to stabilize the rate of genetic substitution as 

stated in Section 4.2.2. 

Our next observation is that fitness progression can also be accelerated by our 

population size adjustment scheme. Here, we adopt the three most commonly used 

metrics to measure the performance of an EC model. They are mean best fitness, 

success rate, and average number of evaluations to a solution. 

Table 4.2: Best fitness (X w-3) comparison with different sized po pulations. 

Mean Standard Deviation Median 95% Confiden ce Interval 

Psize 500 13.980 6.941 12.36 [13.153, 1 4.806] 

Psize 1000 12.902 5.406 12.98 [12.195, 1 3.610] 

APS 12.053 4.750 11.56 [11.226, 1 2.888] 

Table 4.2 presents the mean best fitness and standard deviation over 200 runs 

for the three scenarios of fixed population size 500, 1,000, and APS. Clearly, APS 
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Figure 4.6: Solution quality and computation costs comparisons. 

achieves an even better fitness than maintaining 1,000 individuals but its population 

size is mostly between 500 and 1,000. 

The cumulative success rates of these three groups are depicted in Figure 4.6(a) . 

We focus on the best fitness of a run once it terminates. The figure plots the per-

centage of the total 200 runs of each scenario that yield a better fitness than a given 
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threshold between 0.01 and 0.035. Apparently, APS has the highest percentage for 

all of the cases, which indicates its superiority over fixed population size strategies. 

Figure 4.6(b) reveals a dual measure for the three scenarios. In this chart, we compare 

the average number of evaluations needed for a simulation run to achieve fitness levels 

of 0.01, 0.15, and 0.02. For a given fitness level, APS always incurs less computation 

overhead, and this difference becomes greater as the fitness requirement gets higher. 

4.4 Discussion 

The role of population size for rate of evolution in a GP system is investigated in 

this chapter. We transferred an idea from population genetics that population size 

has varying effects on the rate of evolution under differing selection regimes. The 

measurement ka/ ks ratio was revised and adopted as an indicator for population 

size adjustment. We proposed and tested that dynamically adjusting population 

size can effectively stabilize the rate of genetic substitutions even during late stages 

of an evolutionary process. It has been further verified that this strategy can also 

successfully accelerate the rate of fitness progression. 

The adjustment of population size is indeed an operation to vary the selection 

pressure on accepting neutral or nearly neutral genetic changes. When the evolution 

of a system is stagnant, encouraging neutrality exploration can be an effective way 

to provide variation potential since the search space is enlarged. We also believe that 

neutrality contributes a great deal in evolvability. This perspective will be studied in 

the next chapter. 
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Chapter 5 

Neutrality and Variability: Two 

Sides of Evolvability 

It would be overly optimistic to expect a formula to describe evolvability mathemati­

cally, due to the complexity of organisms, t he dynamics of populations, and the influ­

ence of the environment. The most striking feature of evolvability is its capability to 

generate adaptive phenotypic variation from random genetic changes. Neutrality and 

variability are the two sides of evolvability important in controlling random genetic 

changes. 

Genet ic changes do not necessarily result in any observable phenotypic variation. 

This "neutrality" has two functions , i) it improves a system's robustness against 

deleterious genetic changes, and ii) it provides variation potential through exploiting 

neutral networks [15, 40]. In contrast, "variability" generates observable phenotypic 

variations for adaptation to the environment. These two sides of evolvability may 

appear contradictory at first sight. However, t hey closely cooperate to facilitate 
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evolution. Moreover, it is the environment that dictates which side dominates at 

which stage of an evolutionary process. 

In this chapter, we investigate evolvability as the exploration of its two sides, neu­

trality and variability, under various environmental scenarios. The rate of evolution 

measurement ka/ ks is adopted as a very important index to observe the temporal 

aspect of this progress. Since the GP system is chosen in our simulated studies in 

previous chapters, we stick to GP as our test case but adopt the linear-coded GP 

representation here, focusing on a polynomial symbolic regression problem. 

5.1 Evolvability and environment 

It has been well accepted that evolution can be understood in general with three 

fundamental elements: variation, selection and inheritance. It is impossible to study 

a system's evolutionary capability without consideration of its environment. The 

detection and investigation of evolvability are non-trivial and intriguing problems. 

Phenotypic fitness is directly observable and serves as a selection criterion. How­

ever, as a potential to generate better fitness and a capability for adaptive evolution, 

evolvability is more difficult to observe and to select for. Therefore, some empirical 

methods have been proposed in the literature to investigate evolvability "indirectly" 

in various environments. 

Orr [133] analyzes the acceptance of mutations in a system moving toward a sta­

tionary optimum, and suggests that the effects of accepted mutations are decreasing. 

That is, towards a fixed target, rapid phenotypic variation can be observed at the 

beginning, but the rate of observable adaptive evolution will slow down later on. 
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Further, Collins et al. [30] study adaptive walks in dynamic environments, and re­

port that the rate of environmental change has a systematic effect on adaptive walks. 

Gradual changes allow more small-effect genetic substitutions than sudden changes, 

and favor more robust individuals that do not behave poorly in any intermediate envi­

ronment. Thus, a large drop in fitness almost never happens in a gradually changing 

environment. Earl and Deem [39] suggest that evolvability can be selected for by 

varying the environment. By observing genetic changes in protein evolution, they 

find that rapid or dramatic environmental changes generate strong selection pressure 

for evolvability. Thus, high evolvability can be detected and favored by such selection 

pressure. Meyer et al. [118] state that fluctuating environments can drive populations 

towards the edge of a neutral network. Kashtan et al. [85, 136] report that varying 

environments, especially in a mode that prefers modular changes, can facilitate rapid 

adaptive phenotypic variations. 

In the GP literat ure, evolvability has also emerged as a very important research 

topic. Ebner et al. [40] incorporate redundant mapping from genotype to phenotype 

in evolutionary computation models as a form of neutrality and show how neutral 

networks can influence evolvability. Further, Banzhaf and Leier [15] examine the 

behavior of an evolutionary search process in neutral networks using Linear GP for 

a stationary Boolean search problem. Belle and Ackley [23] design a dynamic envi­

ronment exploiting modularity among varying goals, and argue that enhancing the 

search modularity in a changing environment can increase a GP system's evolvabil­

ity. Yu [188] reports that GP populations exhibit various program distributions under 

different environmental variation rates. 

Inspired by those interesting discoveries from Biology and motivated by the im-
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portance of studying evolvability in GP, we are interested in observing those biological 

discoveries on GP to see if similar findings can hold in our computation system re­

garding those general principles of evolution. 

We focus on the influence of the environment on the two sides of evolvability, 

neutrality and variability [76]. Variation is the driving force of evolution. However, 

most random genetic variations are well known to be deleterious. Evolutionary sys­

tems exploit neutrality and variability, as two opposite strategies, to control random 

genetic changes in different situations. The core of evolvability is to generate adap­

tive variations at the phenotypic level from random genetic changes. Therefore, we 

believe that the cooperation of persistence and sensitivity to random genetic changes 

contributes substantially to evolvability, and the dominance of either side is driven 

by the environment. It is hypothesized that evolvability of a computational evolu­

tionary system can also have different exhibitions exploring its two sides in various 

environments. 

5.2 Methods 

Two methods, with one emphasizing the temporal aspect and the other emphasizing 

the spatial aspects of evolvability, are adopted. The nonsynonymous to synonymous 

substitution ratio ka/ ks captures how neutrality and variability interplay with each 

other with time. The neutral networks depict which side of these two dominates at 

particular points of time, that is, for all the individuals in a GP population at a 

certain generation, whether they are very robust or very sensitive to genetic changes. 
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5.2.1 The ka/ ks ratio for Linear GP 

As introduced in previous chapters, in the ka/ks ratio measurement, ka describes 

the rate of nonsynonymous substitutions and ks measures the rate of synonymous 

substitutions. This measurement practically captures how the relative importance of 

either neutrality or variability changes with time. 

We slightly adapt the ka/ks ratio measurement for Linear GP. Note that there 

can be variants in defining nonsynonymous and synonymous genetic changes. For a 

strict analogy to biological systems, which often have no easily measurable fitness , 

the effects of a genetic change would refer to the influence on its phenotype. However, 

in a GP system, fitness is explicitly defined and is in most cases the only criterion for 

selection. Therefore, we make the simplifying assumption that a GP genetic change is 

nonsynonymous (synonymous resp.) if it changes (maintains resp.) the fitness of an 

individual. Other parts of the definition of the ka/ ks ratio stay the same as previously 

described. 

5.2.2 Neutral networks 

In genotype space, a neutral network is usually defined as a set of genotypes that 

map to the same phenotype [15, 40, 118, 176]. Each genotype corresponds to one 

vertex in the neutral networks. A genotype G1 is linked to another genotype G2 

if G2 can be obtained from G1 via a one-step mutation. Note that these links are 

usually bidirectional due to the reversibility of mutation. Further, a link can exist 

both within and across neutral networks. We say that a genotype is a "neighbor" 

of G1 if it is linked with G1 . In addition, it is a "neutral neighbor" if it belongs 
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Figure 5.1: An example of neutral networks. 

to the same neutral network as G1 . Otherwise, it is a "non-neutral neighbor". For 

a given genotype, we follow Wagner [176] in defining its variability as the fraction 

of non-neutral neighbors among all of its neighbors. This quantifies the likelihood 

that a mutation from a given genotype leads to a phenotypic change. Again, as a 

simplification in this contribution, we assume that two genotypes are in the same 

neutral network if they have the same fitness, instead of looking at their phenotypes. 

Figure 5.1 depicts a simple example of three genotype neutral networks. Black 

lines show the connection within a neutral network, and grey lines mark the connec­

tion among different neutral networks. Genotypes with high variability are positioned 

near the edge of a neutral network, and genotypes more robust against genetic changes 

are placed close to the center of this network. Therefore, the distribution of individ­

uals in neutral networks can reflect the relative importance of either neutrality or 

variability of a population at a given point in time. 

For simple problems, all reachable genotypes can be exhaustively enumerated. 

However, the genotype space grows exponentially with the complexity of a problem. 

Thus, we need to sample the genotype space to obtain an approximation for complex 
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problems. That is, for a given genotype, we sample a sufficiently large number of its 

neighbors to estimate its variability. This is t he approach we will adopt here. 

5.3 Simulated studies with Linear GP 

We use Linear Genetic Programming in our experiments. We choose Linear GP over 

the more commonly studied Tree GP because Linear GP seems to have a better 

resemblance to biological systems. Moreover, we would like to study a different rep­

resentation since we have tested the ka/ k5 ratio on a tree-based G P system previously. 

We design a set of varying environmental scenarios, and measure the ka/ k5 ratio and 

the variability of genotypes in neutral networks in order to investigate evolvability in 

different environmental situations. 

5.3.1 Test case: polynomial regression 

Our benchmark is the polynomial symbolic regression problem Cz:::::r=l xi, for some n). 

Note that there can be similar patterns within this polynomial. For example, when 

n = 4, x4 + x3 + x2 + x = x(x + 1)(x2 + 1) = x2(x2 + 1) + x(x2 + 1). Also, if 

we increase n, we can design moving targets based on this expression. Here, only 

mutation is used for genetic changes. Each mutation can take two forms. A micro­

mutation limits the change to one element of a specific instruction, i.e., the return 

register, the operator, or one of the two operand registers. A macro-mutation inserts 

a randomly generated instruction into the program or deletes one instruction, either 

at a random location. In particular, t he mutation rate of a program is 1, with half 

of the likelihood happening at the micro level and half at t he macro level. When a 
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Table 5.1: Liner G P configuration for polynomial regression. 

Population size 1000 

Initial program length 5- 15 

Maximum program length 200 

Number of input register 1 

Number of calculation register 3+1 

Constants 1,2, ... ,9 

Operator set +, -, x, protective -;-

Mutation rate 1 

Sample set 100 cases in [-1: 1] 

Fitness function Mean error 

Truncation selection Tournament with size 6 

Maximum generations 500 

Neutral network space 1000 sampled neighbors 

program adopts a macro-mutation, the instruction insertion and deletion occur with 

equal probability. We employ a truncation selection scheme where both parent and 

offspring populations will compete to form the next generation. The configuration is 

specified in Table 5.1. 

5.3.2 Varying environmental scenarios 

Here, in the context of a Linear GP system with symbolic regression, we define its 

environment as the target polynomial expression. In this sense, typical environmental 
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scenarios include i) random evolution, where no specific evolution target is defined, 

ii) fixed target evolution, and iii) moving target evolution. In the following, we study 

the effects of these scenarios on Linear G P. 

5.3.2.1 Random evolution (RE) 

We implement random evolution by applying random selection when forming a new 

generation. We plot various measurements of the process in Figure 5.2. In Fig­

ure 5.2(a), we plot the average program length over time and observe that there is 

no general trend of length. This is distinct from normal Linear GP, where average 

program length increases. All other metrics in this figure, however, indicate a fair 

level of stability (Figure 5.2(b)-(f)). In Figure 5.2(b), the system presents a consis­

tent 20-80 split among the 1000 total mutations between the nonsynonymous (Na) 

and synonymous (Ns) changes. The accepted nonsynonymous (Ma) and synonymous 

(Ms) substitutions remain at half of the level (Figure 5.2(c)) because a new genera­

tion always starts with the combination of all parents and offspring and half of them 

survive at random. This means that the ka and k5 rates are both approximately 0.5 

(Figure 5.2(d) and (e)), with ka having slightly higher variance. This further implies 

that the ka/ks ratio stays at around 1, i.e., the neutrality and variability apply equal 

influence in a random evolution system. 

In addition to observing the system as it progresses, we are also interested in 

the variability of all the individuals at time snapshots. In particular, we plot our 

measures at the beginning and end of the evolution in Figure 5.5(a). In the figure, 

each snapshot corresponds to one plotting. Numbers in the parentheses represent a 

typical generation. We sort the individuals according to their degree of variability 
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Figure 5.2: A typical single run of random evolution. 
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for better readability. Apparently, the random evolution process does not alter the 

variability composition of the population. 

5.3.2.2 Fixed target (FT) evolution 

In this experiment, we start out with a simple fixed target of x2 + x. The evolution 

quickly leads the first individual to optimum at generation 5 and the entire system 

converges to this optimum at generation 10. After this, the average program length 

keeps increasing (Figure 5.3(a)), which builds more and more redundancy into in­

dividual programs. Figure 5.3(b) records the number of nonsynonymous mutations 

Na and that of the synonymous mutations N5 at each generation. These two metrics 

start with a 20-80 split as with the previous scenario because of the randomness of 

the initial population composition. As the system progresses towards the optimum 

and converges (up to generation 10), Na increases as a large number of the muta­

tions are nonsynonymous. After this point, Na decreases and approaches 0 due to 

the increasing robustness in the population. N5 follows the complementary trend in 

this process. As in Figure 5.3(c), the system starts to completely reject nonsynony­

mous changes ( Ma) after the convergence to the opt imum because any such change 

is deleterious and is not favored by selection. During the process, Ms remains at 

about half of the level of N 5 because of the half-half composition of a new genera­

tion before selection. The nonsynonymous substitution rate ka (Figure 5.3( d)) has a 

positive value until convergence, indicating no phenotypic evolution occurs after this 

point. The synonymous substitution rate ks (Figure 5.3(e)) suggests a very active 

background evolution before system convergence, which stabilizes at approximately 

0.5 afterwards. As a result, the ka/ks is always less than 1, and has a positive value 
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Figure 5.3: A typical single run of fixed target evolution on x 2 + x. 
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until the system converges. This is the result of the majority of random mutations 

being deleterious, which is a recognized phenomenon in both biological and artificial 

evolutionary systems. 

We next zoom in to the results of quartic polynomial regression ( x4 + x3 + x2 + x). 

Compared to the simpler target of x 2 + x, the evolution here takes a longer time 

to complete, but the general trend of these two runs is the same. The quartic case 

provides more abundant information to study the process of locating various local 

and global optima. Here, we plot only the first 200 generations during evolution (Fig­

ure 5.4). The best fitness and average fitness are plotted in Figure 5.4(a), where the 

fittest individual hits the global optimum at generation 117 and the fitness converges 

at generation 123. Notice that there is approximately 5 generations of lag between 

hitting a local or global optimum and assembling the population to that point. Fig­

ure 5.4(b) plots the number of individuals that have the same fitness as the fittest 

individual over time. Observe that there are 4 periods of frequent replacement of 

the fittest individual, i.e., generations 10-15, 70-75, 85-90, and 110-120. As with the 

previous scenario, we also plot the mutations (Figure 5.4(c)), accepted substitutions 

(Figure 5.4(d)), and their relative rates (Figure 5.4(e)). In all these measurements, we 

observe whenever there is frequent replacement of the fittest individual, the system 

is actively yielding and accepting phenotypic variations. Note that the rate of ks re­

mains at approximately a constant level regardless of the system dynamics. However, 

ka faithfully captures the rate at which the system makes observable improvements. 

Thus, the ratio of ka to ks also provides a reliable measurement of evolution rate. 

Consequently, all of the metrics shown in Figure 5.4 verify that alternation of the 

dominance of neutrality and variability is a driving force for evolution throughout 
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Figure 5.4: A typical single run of fixed target evolution on x4 + x 3 + x2 + x for the 

first 200 generations. 
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Figure 5.5: Variability measurements in random evolution and fixed target evolut ion. 

time. In addition, the observat ions we have made here coincide with biological evo-

lution in that i) most random mutations are deleterious so that the ka/ ks rat io is 

mostly less than 1, and ii) this ratio generally decreases as fitness improvements 

become finer-grained [133] . 

In terms of system variability (Figure 5.5(b)), we are interested in four points 

of time during the evolutionary process. That is, at the very beginning, when the 

fittest individual hits the optimum, when the system converges, and at the end. We 
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observe that the initial population possesses the same high diversity in variability 

as in random evolution (Figure 5.5(a)). As the system evolves, the population has 

a high overall level of variability but less in diverse. When the system converges 

to the optimal fitness and the population starts to possess approximately the same 

genotypic structure, both the variability and diversity decrease, but the system is 

still fairly sensitive to mutations. As the evolution progresses to the end of the run 

and more redundancy accumulates, the entire population has very low variability 

eventually. 

In both the temporal and spatial sense, when a system has a specific target 

posed by the environment, the coordination between neutrality and variability be-

haves rather differently from void environmental influences. 

5.3.2 .3 Moving target (MT) evolution 

We design a moving target by increasing the degree n of the polynomial 2:::~1 xi pe-

riodically. Thanks to the similarity among these targets, there is a good amount 

of inherent modularity in these environmental changes [85]. In the following experi-

ments, we study how the system responds to such modular changes. At the outset , 

the system evolves towards the polynomial x2 + x, but we change the target to a 

higher degree every c generations, called the switching period. Specifically, the target 

is a function of time (or generation) t , 

Lt/cJ +2 
T(t) = L xi. 

i= l 

(5.1) 

Here, we change the target polynomial every 100 generations (c = 100), and then 

allow our Linear G P system to evolve for 500 generations. The target polynomial will 

105 



"' "' Q) 
c 

.<:: 

"' c 
0 

~ 
:l 
E 

0.5 

0.4 

0.3 

0.2 

0.1 

0 
0 100 

(a) Fitness development 

200 

best fitnes~ -­
ave~age fitnes~ -------

300 400 
generation 

(b) Number of best fit individuals 

500 

1000 n----rn-r--.....,...--TITT"'--,-,--,..,--y---, 

800 

600 

400 

200 11111 1111 -

0 L---~--~--~~~~L 
0 1 00 200 300 400 500 

generation 

(c) Attempted nonsynonymous and synonymous mutations 

1000 .---.---.---.---.----, 

600 

400 

200 

0'----..__ __ ..__ __ ..__ __ J.._ _ __l 

0 100 200 300 400 500 
generation 

"' c 
0 

~ 
:l 
E 

400 

300 

200 

100 

0 
0 100 200 300 400 500 

generation 

(e) Nonsynonymous and synonymous substitution rates 

0.8 .---....----.-----.---y-----, 

0.4 

generation 

0.8 

0.6 

0.4 

0.2 

0 ~~ .1 ~ 
0 100 200 300 400 500 

generation 

Figure 5.6: A typical single run of moving target evolution. 
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increase its degree from 2 to 6. As the polynomial degree increases, the target takes 

a more complex form. However, since the target changes in a modular way, there can 

be many reusable patterns from previous target polynomials, and the search process 

is expected to learn from history. 

Figure 5.6 depicts the metrics we looked into in previous scenarios. Each time the 

target is switched, we see that the fitness worsens (Figure 5.6( a)) and the replacement 

of the fittest individual happens frequently (Figure 5.6(b)). This is similar to the fixed 

target scenarios, where individuals are becoming sensitive to mutations whenever the 

system is frequently replacing its currently fittest individual (Figure 5.6( c) (d)). It is 

interesting to see from the chart for the nonsynonymous and synonymous substitution 

rates (Figure 5.6(e)) that, despite the periodic target switching, the synonymous rate 

ks still stays fairly stable. This indicates that neutral genetic changes take place and 

are accepted at a stable rate during the entire evolutionary process, but phenotypic 

variations can only be observed when the system adapts to its new environment. 

Again, this results from the close cooperation of neutrality and variability, as two sides 

of evolvability harnessing random genetic changes to generate adaptive phenotypic 

variations. 

Moreover, carefully designed modular target switching is expected to accelerate 

evolution. We present three typical runs in Figure 5.7 to investigate this. For each 

case, we plot fitness development and the ka/ks ratio. In case 1, the system cannot 

reach the target in any period before the target moves. As discussed previously, in 

this case the system is changing very actively. In case 2, the system only finds and 

converges to the target for the first two periods. In case 3, the system successfully 

reaches the target by the end of each period. In all of these cases, we observe that , 
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when the target is moved before the system finds and converges to it, the fitness 

changes are smaller at the target switching point and the ka/ k5 ratio is higher at 

these points. In contrast, the system is slower to respond to a target change if it 

has found and converged to a target previously. In terms of neutral networks, as 

the system finds and converges to a target, the individuals of the system "settle 

to the center" of the neutral network, and the system becomes more robust. Thus, 

phenotypic variations start slowly once it is exposed to new environmental challenges. 

In this case, the individuals need to first move to the edge of the neutral network, 

i.e., to "pull" the system out of stagnation, before adapting to this new environment. 

Another observation is that the polynomial target changing in a modular way can 

improve search efficiency. That is, an evolutionary system can find an ultimate target 

by following a series of intermediate goals faster than by trying to find it directly. This 

also suggests some interesting future research on problem modularity and evolvability. 

5.4 Discuss ion 

The most important feature of evolvability is its capability to generate adaptive phe­

notypic variations from random genetic changes. Neutrality and variability are the 

two sides of evolvability controlling random genetic variations. The environment plays 

an important role in evolvability to determine which of these two sides is dominant. 

In this chapter, we employed a Linear GP system as a case study to examine the 

behavior of evolvability in various environmental situations, by using two tools that 

can capture evolvability in the temporal and spatial senses. We observed that an 

evolutionary system actively generates phenotypic variation only when it is adapting 
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to a new environmental challenge. However, this adaptivity is not coming out of void 

but is the result of constant genetic variations in the background, with the majority 

being neutral. To cope with environmental fluctuations, a system can improve its 

phenotypic variation rate without changing its genetic variation rate. 

It is quite rewarding to observe behaviors similar to those seen in natural systems. 

This work also helps us attain a better understanding of the general principles of 

evolution, suitable to both natural and simulated computation systems. We also 

would like to highlight the following observations from this study. First, neutrality is 

very important. It provides not only the protective robustness in an evolutionary 

system, but also the future variation potential. Those neutral or nearly neutral 

variations contribute a great deal in the search process. They provide a hidden staging 

ground for future phenotypic changes. Second, a changing environment is crucial to 

studying evolvability. An evolutionary system does not have to make changes if it is 

highly adaptive to its current surrounding environment. The phenotypic evolution is 

only observable when this system is changing against certain environmental selection 

pressure. Therefore, high evolvability lies in the capability of adapting to a varying 

environment. Although we only adopted a simple environment changing scheme in 

this work, we speculate that the intensity, the rate, and the pattern of environmental 

changes can have considerable impact on evolvability. 
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Chapter 6 

Real-World Application 

Applying evolutionary algorithms to real-world problems is important to test an algo­

rithm's design and thus to impel the improvements of the algorithm to achieve better 

performance. In this chapter, a wireless network planning problem is adopted as our 

application. 

IEEE 802.16, also known as WiMAX, is a new wireless access technology for 

currently increasing demand of wireless high-speed broadband service. Efficient and 

effective deployment of such a network to service an area of users with certain traffic 

demands is an important network planning problem. This network planning can be 

formulated in a similar way as the unsplittable capacitated facility location problem. 

Different from traditional p-median or splittable capacitated facility location models, 

the unsplittable capacitated facility location problem is even harder. In addition, the 

limited communication range adds another layer of complexity. 

Here, we resort to an evolutionary approach in order to yield good approxima­

tion solutions. In our method, individual representation and genetic variation opera-
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tions are specifically designed to incorporate the features of this application problem. 

Moreover, the rate of evolution measurement proposed in Chapter 3 and the adaptive 

population size approach to enhance neutral search proposed in Chapter 4 are further 

tested on this particular application problem. 

6.1 Wireless network planning problem 

WiMAX (Worldwide Inter-operability for Microwave Access) is a telecommunication 

technology based on the IEEE 802.16 standard in order to provide broadband wire­

less networks at the metropolitan scale. It intends to replace the more expensive 

wireline-based access technologies such as TV cable and ADSL [43, 102]. As the 

standard evolves, WiMAX supports a variety of data transmission methods in the 

10-66 GHz and 2-11 GHz spectrums. It originated from the first 802.16 standard 

in 2002, also called WirelessMAN, where a cellular-like point-to-multipoint (PMP) 

operation is adopted. In the PMP mode, all communications are limited to be be­

tween a basestation (BS) and a subscriber station (SS). In an amendment in 2003, 

802.16a, a new operation mode of mesh was added to allow direct communication 

between SSs. In an later amendment in 2005, IEEE 802.16e added mobility extension 

to the previously fixed WiMAX. Currently, a new working group, 802.16j, is focusing 

on multi-hop extensions so that the network can operate in a mobile multi-hop relay 

(MMR) mode. With the relay stations (RSs) to help, the coverage of the BSs can be 

increased significantly, which alleviates the line-of-sight (LOS) problem further [55]. 
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6.1.1 Problem description 

Here we focus on the PMP mode of WiMAX, where there can be two types of entities 

to form the wireless component of the network, the BSs and SSs. The BSs form the 

infrastructure for the SSs. An SS is allowed to communicate to a BS directly if the 

channel quality is sufficient for the given data rate. A network planning problem in 

this case is an optimization problem to cover the SSs in a geographical area using 

a small number of BSs. The BSs can only be placed on a subset of pre-selected 

candidate sites. Typically, the locations of the SSs and their bandwidth requirements 

are given. In addition, the channel gains between the locations of the SSs and all BS 

candidate sites can also be obtained. Thus, for a given candidate site, the set of SSs 

that can be serviced by this site is known as well. Note that, in practice, since every 

BS has a capacity upper limit, it may not necessarily service all these SSs within 

range. We assume that there is no power control mechanism at either end of the 

channel. An example is provided in Figures 6.1 and 6.2. Figure 6.1 is an instance of 

11 users within the range of 6 candidate sites. Assuming that each candidate site can 

service up to 3 users . Thus, the diagram in Figure 6.2 is a solution of using 4 BSs to 

construct the infrastructure. In this particular example, this happens to be the only 

solution, but generally the number of solutions can be exponentially large. 

6.1.2 Problem formulation 

The network planning problem can be modeled as a minimization problem on a 

weighted graph G = (V, E). Specifically, there are two types of vertices in the graph, 

i.e., V =BUS, where B represents the candidate basestation sites and S represents 
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Figure 6.2: Example of a network planning for the network layout in Figure 6.1. 

the subscriber stations. For each s E S and b E B, there is an edge between them if 

the channel gain g(s, b) between sand b is greater than or equal to a given threshold b 

for data reception. Therefore, graph G in this case is a bi-partite graph, where there 

are no edges within B or S themselves. Every s E S is associated with a capacity 

requirement of bandwidth c8 • The candidate basestation sites each have a capacity 

114 



limit of C, which caps the total amount of bandwidth of its connected SSs. 

A feasible plan is a mapping M : S t---t B that satisfies the following constraints. 

1. For each s E S, 

g(s , M(s)) 2: 8. (6.1) 

2. We define the load of a BS b E B as 

l(b) = L C8 

M(s)= b,sES 

and enforce a capacity limit on it, i.e., 

l(b) :::; c. (6.2) 

The total infrastructure cost of the network lies in the number of BSs in use. 

Therefore, our goal is to minimize IM(S)I over all feasible plans. 

Network planning as an optimization problem, in different flavors, has attracted 

research interest recently. When a BS has a capacity limit, the problem is called 

capacitated; otherwise, it is uncapacitated. Amaldi et al. studied the problem in 

uncapacitated UMTS cellular networks by formulating the problem as an Integer 

Program (IP) [7]. It is assumed that the nodes are able to change their transmission 

power adaptively. Thus, the objective is to minimize the total cost of operating a 

number of BSs and of transporting data from the SSs at an appropriate power level 

for sufficient reception gain. To solve the NP-hard IP, they resorted to randomized 

greedy search and tabu search. In Yu et al. [190], a two-tier assignment variant is 

considered to model 802.16j MMR, and the RSs and BSs are uncapacitated. In their 

solution, a fixed number of BSs is considered so that the top-level assignment can be 
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treated by a p-median clustering. Generally, when an SS is allowed to be serviced only 

by one BS (or RS), we say the problem is unsplittable, as in the work discussed above. 

Alternatively, with more sophisticated scheduling and channel assignment, an SS may 

be serviced by multiple BSs (or RSs) equivalently. This is called splittable. In Lin 

et al. [104], a flow-based heuristic is devised to relax the capacitated IP formulation 

essentially to a splittable variant. This is a generalization of the problem of capacitated 

facility location [147], where an SS can be potentially serviced by all BSs with different 

transportation costs. The variant that we consider in this work is the more difficult 

unsplittable capacitated network planning problem, where a BS can only service the 

SSs within range. When user demands are not allowed to be split, flow-based solutions 

are not useful any more. 

From a broader context of combinatorial optimization, it is important to under­

stand that the network planning problem is considerably more difficult than the better 

studied bin-packing and p-median problems. Here, because each BS has a different set 

of users in range, they are not equivalent in terms of capability of servicing the users. 

This is distinctive from bin-packing where all bins are equal in pursuit of using a min­

imum number of them. Compared top-median, here we can use a varying number of 

BSs to satisfy the users rather than a fixed number p. In the EC community, there 

is an increasing need for customizing evolutionary methods to closely incorporate t he 

features of the combinatorial optimization problems [4, 32, 45, 117, 144] . 

116 



6.2 Evolutionary approach to network planning 

For constrained combinatorial optimization problems, genetic variation operations 

in evolutionary algorithms are usually destructive to invalidate an individual as a 

candidate solution. Simply applying general and conventional genetic operations 

without specific heuristics could not be able to exploit the automatic search power 

of evolutionary algorithms. There is an increasing need for customizing evolutionary 

methods to closely incorporate the feature of a problem. Furthermore, the rate of 

evolution measure ka/ ks ratio and the adaptive population size approach proposed in 

previous chapters are applied here. This helps to verify if an evolutionary algorithm 

can benefit from the central idea of this thesis, i.e. , enhancing neutral search in a 

system's evolvability, when working on a real world application. 

The framework of our evolutionary approach is described with a view on four 

specific aspects [78]. We start out with a description of how to represent a solution to 

the network planning problem using a two-tier genetic structure in order to encode 

the BS selection and SS assignment separately in Section 6.2.1. Next, we outline the 

iterative genetic operations applied to the population to approach the optimum in 

Section 6.2.2. Then, Section 6.2.3 explains the incorporation of our adaptive popula­

tion size scheme in this application. Note that the fitness of an individual is defined 

as the number of BSs in service. Thus, there can be many tied solutions with the 

same fitness but not necessarily the same set of activated BSs and associated SSs. 

Although this neutral diversity is not observable at the fitness level, it plays an im­

portant role in expanding the genotypic search space. The adaptive population size 

scheme allows a system to dynamically enhance neutral search during different stages 
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,---------------------------------------------------------------------------·--- ---

of the evolution by population size adjustment. Last, in Section 6.2.4, we explore 

evolutionary operations, including crossover, mutation and a repair heuristic, in the 

spirit of the network planning problem. 

6.2.1 Individual representation 

Given a set of subscriber stations S and a set of basestations B with their location 

information, we encode a mapping M from S to B as a two-tier chromosome. At 

the higher level, i.e., the BS activation level, we use an array of length m = /B / to 

represent the BSs. In addition, each locus i of this chromosome stands for a BS bi, 

referring to its service list containing all the SSs assigned to it. If there is no SS 

connected to a BS (i.e., this BS is not needed), its service list is 0. This is referred to 

as the SS assignment level. Such a two-tier representation is depicted in Figure 6.3. 

service list 1 service list 2 service list 3 service list m 

Figure 6.3: Two-tier chromosome representation. 

For a feasible solution, the total length of the service lists should add up to /S/ , 

and for each bi the total capacity demand in the list must not exceed the BS capacity. 

Our goal is to minimize the total number of loci referring to non-empty service lists. 

The division of information into two tiers separates the semantics embedded in an 
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individual. That is, the activation of a BS and the assignment of an SS to an acti­

vated BS are encoded in two separate domains. This allows us to control the genetic 

variations at these two levels independently, which turns out to be fairly powerful as 

indicated by our experiments. This two-tier genotype is distinctive from the most 

common representations of GA solutions to combinatorial optimization problems. In 

such works, the genotype usually takes a fixed form to resemble a biological gene 

sequence. In particular, a genotype would consist of IS! loci, each of which refers to 

the index of the BS servicing this SS. Alternatively, in the fixed-structure genotype 

camp, a genotype would represent a solution by an indicator matrix {0, 1}1Mi xiSI , 

where each column i (i = 1, 2, ... , IS!) contains exactly one 1 and !B! - 1 O's. One 

noticeable exception to this is the "multi-level encoding" in Meunier at al. [117]. In 

their model, the BS site activation, antenna type selection, and antenna configuration 

are encoded as three levels. However, t he separation in our model is based on a more 

inherent difference ofthe information embedded in a solution, i.e., site activation and 

user assignment. 

6.2.2 Evolution framework 

We evolve a population of individuals with adaptive size in the generational mode to 

approach the optimum. The process starts with randomly generating a population 

P0 of a given size. The value of !Po!, i.e., the initial population size, and those of 

other parameters will be detailed in Section 6.3. Next, each individual's fitness in 

this initial population is evaluated. Then, the process enters a generational iteration 

outlined as follows. 
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------------------------------------

1. Randomly pair up individuals of population Pt ( t = 0 at the start) ; 

2. Crossover each pair of individuals to generate IPtl offspring; 

3. Repair the offspring of previous step; 

4. Mutate the offspring; 

5. Repair the output of previous step; 

6. Evaluate the offspring; 

7. Calculate the next population size IPt+ll=J(IPt l) (see Section 6.2.3); 

8. Choose by truncation selection the next population Pt+1 from the competition 

pool consist of IPtl parent and IPtl offspring individuals according to their fitness; 

9. Go to Step 1 if termination condition is not met. 

The iterative process stops when the best fitness in the population has remained 

the same for s (stagnation threshold) individual evaluations. This termination con­

dition will signal if the evolutionary process stagnates. We measure how fast the 

algorithm leads the process to a possibly local optimum before stagnation by record­

ing the number of individual evaluations elapsed so far. 

6.2.3 Adaptive population size 

Similar to the adaptive population size approach we introduced in Chapter 4, the rate 

of evolution measure ka/ ks ratio is adopted as the adjustment indicator. From one 

generation to the next, Na denotes the number of attempted nonsynonymous changes 

and Ns for attempted synonymous changes. Specifically, for a crossover, if a valid 
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offspring alters its fitness from either parent, this crossover is regarded as a nonsyn­

onymous change. A mutation is regarded nonsynonymous if it changes the fitness of 

an individual. In evolutionary algorithms, not all genetic variations can be favored 

and accepted by selection. We use Ma and Ms to denote the number of accepted 

nonsynonymous and synonymous changes. Therefore, ka (ks resp.) is obtained by 

dividing the accepted nonsynonymous (synonymous resp.) genetic changes by the 

attempted nonsynonymous (synonymous resp.) genetic changes. 

With the ka/ ks ratio obtained from each generation, the population size adjust­

ment is performed as follows: 

• If (ka/ks)(t) > 1 (positive selection), we increase the population size propor­

tional to the change in the rate of genetic substitutions such that, 

• If (ka/ks)(t) = 1 (neutral selection), we keep the same population size, 

• If (ka/ks)(t) < 1 (negative selection), when (ka/ks)(t) is increasing, we increase 

the population size to suppress further deleterious genetic substitutions, and 

when (ka/ks)(t) is decreasing, we decrease the population size to encourage 

more genetic substitutions. That is, 

Note that, in the truncation selection scheme described in the previous section, 

the population size of a new generation is at most twice of its previous generation, 
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and an absolute upper and lower limit of the population size is enforced, as described 

in Section 6.3. 

6.2.4 Evolutionary operations 

Crossover 

A crossover is applied to two parents, denoted by 

x = (x1, x2, ... , Xm) andy= (y1, Y2, ... , Ym), to obtain two children, x' = (x~, x~, ... , x~) 

andy'= (y~, y~, ... , y~). Crossover is a very important operation in evolutionary al-

gorithm design. The general form of crossover is to exchange certain portions of 

evolutionary individuals. It is non-trivial to design an efficient crossover operation 

since it has substantial effects on the performance of an algorithm. Here, we propose 

a Bi-polar Blend crossover that appropriately incorporates the feature of the network 

planning problem. 

The Bi-polar Blend crossover strives to move the SS assignment from less loaded 

BSs to more loaded ones so that some will eventually no longer be needed and can 

be de-activated. Such a crossover is a force to drive the activated BSs towards two 

extremes, either very heavily or very lightly loaded. Thus, more BSs are expected to 

be released. To do that, we define that x' inherits the greater load from its parents 

andy' inherits the less load. Specifically, for each locus i (1 :::; i :::; m), we define 

{ 

X · 
X~= l 

Yi otherwise, 
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and 

otherwise. 

Repair heuristic 

Note that an individual can become infeasible after the genetic variations. Therefore, 

we conduct the following greedy repair procedure upon a modified individual, denoted 

by x. For each s E S, we consider all BSs in x that service it, denoted by B. We first 

remove all overloaded elements in B, i.e., load greater than C. 

• If i3 =/=- 0, we keep the most loaded element in i3 and release the rest of i3. 

• Otherwise, i.e., s is not serviced by any BS, we search through all BSs within 

range to find t he best fit if any. Here, by best fit we mean, when s is added, the 

BS that has the least residual capacity. If such a best fit exists, sis added to its 

load. Note that the identification of such a BS may imply activating previously 

not-in-service candidate BS site. Otherwise, however, we claim that x cannot 

be repaired and the current iteration is aborted and the evolutionary process 

continues with the next iteration. 

This repair procedure is equally applicable to the output of both the crossover and 

mutation operations (next subsection) . Note that it also works in such a general 

trend to drive the activated BSs towards two extremes that more lightly loaded BSs 

can be released. 

123 



r----------------------------------------------------------------------------- - ----

Mutation 

An individual is subject to a point mutation at the BS activation level. Specifically, 

we select an activated BS uniformly at random and simply clear its service list. We 

adopt such a mutation scheme for the following reasons. 

• A mutation at the BS activation level, as opposed to the SS assignment level, 

yields sufficient genetic alteration for solution exploration. A mutation at the 

SS assignment level, in contrast, would yield a change which is usually too mild. 

• Selecting a BS as a unit of mutation confines the changes to one locus of the 

network. It is, therefore, very well modularized. 

• Random selection of an activated BS rather than deterministic, say the least 

loaded BS, is proved to be less directive and more effective in broadening the 

exploration space in our preliminary tests. 

As this mutation inevitably invalidates the solution, the subsequent repair procedure 

is also needed. 

6.3 Simulation 

We are interested in the effectiveness and efficiency of our evolutionary approach. For 

convenience we will refer to our algorithm as APS-GA (Adaptive Population Size -

Genetic Algorithm). Furthermore, to verify the capability of our adaptive population 

size scheme in improving the algorithm's performance, APS-GA is compared to a 

FPS-GA (Fixed Population Size - Genetic Algorithm). Computer simulations are 

designed for these purposes. 
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~--------------------------------------------------------------------------~~--~· 

6 .3.1 N etwork layouts 

Considering that the size and configuration of a network layout may affect the per-

formance of a network planning algorithm, we investigate two scenarios. 

Table 6.1: Network configurations. 

Parameters II Scenario 1 I Scenario 21 

SS capacity demand c8 1 1 

BS capacity limit C B 30 30 

SS number lSI 300 600 

BS site number IBI 30 60 

Equivalent coverage range g 0.2 0.15 

Table 6.1 presents the network configurations. The bandwidth demands of all SSs 

are assumed 1 unit and the capacity limit for all BSs is 30, i.e., at most 30 SSs can be 

connected to a given BS. The deployment area is a 1.0 x 1.0 2-dimensional space. We 

consider two network scenarios with 30 (300, resp.) and 60 (600, resp.) BS candidate 

sites (SSs, resp.). All these sites and nodes are distributed in the space uniformly at 

random. The channel gains are adjusted so that a BS always has approximately the 

same number of SSs in range. In all cases, we set the initial population size I Pol to 200 

and the termination stagnation threshold s to 10,000 (evolution is terminated if the 

best fitness of the population remains unchanged for 10,000 evaluations). Further, 

we limit the population size to between 100 and 500 when it is varied. 

For each scenario, two different layouts are generated, denoted by layout 1.1 and 

125 



0.8 

+ 

(a) Network layout 1.1 

+ 
+ + 

+ 

+ 
+ + 

0 

(b) Network layout 1.2 

+ 

0.8 
++ 

0.6 

+ + 0 
+ + + •• + 

+ * + + + + + + 

+ + 0 + 
.t + + 

+ .... o ........ + + 
+ 

0.4 Q. t 

+ 
+ 

+ 
+ 

0.4 
... + + + + + 

Po ++• 
+ + ~ + ..... Q .... . 

.... + ·.+at 
+ + 

+ 
+ 

+ 

+ + 

+ + + + 

.... 
+ 

b + + + + + ...... 
0 

+ + 
: + + + .... o .. !++ + + +. + •• + + + • ... + + + + 

• •• + + .... .... 
+ 
0 + 

t .... 
0.2 0.2 + + ..... 

+ 
+ 
+ 

+ 
+ 

• •o • • o • ......... 
+ + 0 + 

+ 

+ 
+ 0 + + + 0 

0 0 .2 0.4 0.6 0.8 

(c) Network layout 2.1 (d) Network layout 2.2 

0.8 

o.. • • .._. • o• ...... a. • .o ... o ;14' • 0 • • • ... ... • 
• • •• • • • •Y· • • • • • + • •• ..• to • "". •. • • • • • ~ • • 't ~ • • • • ... • 
+ + •• + + + _(.) + + q;~ + -1+ + •• 

•• + ..... ...~ + 
Qt';o:6\. 4 + + + •• •• •• • 

• r ... . ... (f• + o .: •• 
+ .# + + ..... + + + .j-+ .1. * + + .. e ... .... • ... 

+ *•.:· + + +~ :·\•*• + 
+ ~ .+ + ++ + *:<:> + + 0 + 

.. o ... + + + 0 + + tt it+ p :. 
-tt.: •.• :· + + • .... tt*;.• .... + 
•t o·· ...... !•. • • • • • • .... e : •• 

~.... +0 .... + 0 .... D'>++ + Q ..t 
•• ··~· + •• ,...,.~ .... rl.. • ... rJ>+., •• 

+ +t + ~ + .t + \.:.1 ....... ~ + 
+ -i\.+ ++ + + A .I + + + + :t;t....• + + ~ + +++ t.+? 
0 .... <±>··· '--1-. + •• .Q..t -\-*+ • + ++ .... it 

+ + + 0+ + ... • ..... ·~ + + + 
• •. ·: ·: ... • o t •• • ... • .o ..0 •• o• : t 
+ + t" •• + + + +* + 

0 ~~-·~·~~ .... _ .. _ .. __ ~0~· ~ .. _ .. ~ .. ~~,_0~· ~~·~+_ .. ~ .... L-~+ __ :~~ 

0.6 

0.4 

0.2 

0.8 

0.6 

0.4 

0.2 

0 
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 

Figure 6.4: Four network layouts in two different scenarios. 

1.2 (of scenario 1) and layout 2.1 and 2.2 (of scenario 2). Figure 6.4 shows those four 

network layouts. In the figures, crosses represent SSs and circles stand for candidate 

BS locations. 

6.3.2 Results 

For each network layout, 100 runs of APS-GA are recorded. The fitness of the best 

solutions (with the minimum usage of BSs) found for four network layouts are 16 
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(a) Planning solution to layout 1.1 (b) Planning solution to layout 1.2 
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Figure 6.5: Examples of best solutions to the four network layouts. 

(layout 1.1) , 15 (layout 1.2), 30 (layout 2.1), and 28 (layout 2.2) . These show that 

our method is fairly effective since about half of the candidate BSs can be retired and 

the average load of active BSs can be as high as 70% of the capacity limit. There 

also can be more than one best solution for each problem instance. 

Figure 6.5 shows four example best solutions generated by APS-GA. In the figures, 

solid circles represent the BSs in service, and the size of each solid circle indicates 

the load of the BS it represents. For instance, in Figure 6.5(a), the loads of 16 BSs 
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in service vary from 5 to 30. We not ice that the loads of the BSs do tend to the 

two extremes, which are expected as a result of our Bi-polar Blend crossover and its 

corresponding mutation operations. While some BSs are very lightly loaded, they are 

indispensable to service the entire network. 

Table 6.2: Results of APS-GA (average data over 100 runs). 

II Layout 1.1 I Layout 1.21 Layout 2.1 I Layout 2.21 

Mean of best fitness 16.0 15.9 30.3 29.1 

Mean of evaluations 1862 3450 5082 5315 

Median of evaluations 1810 3334 4947 4727 

95% confidence interval [1799,1925] [3176,3723] [4805,5360] [4889,5740] 

Mean of population size 310 346 234 250 

The statistics of 100 runs of APS-GA are shown in Table 6.2. We collect the mean 

best fitness achieved at the end of evolution. Recall that the evolution terminates 

when the best fitness of a population does not improve over 10,000 evaluations. Eval-

uations before stagnation are recorded as the computational cost for a population to 

reach its best solution. The means, medians, and the 95% confidence intervals of the 

number of individual evaluations are shown in the table. 

Further, APS-GA is compared t o a conventional FPS-GA that has the same oper-

ations and parameter configurations as APS-GA. Since the population size fluctuates 

in APS-GA, we average it during an entire evolutionary process over 100 runs for 

each problem instance (see the last row in Table 6.2). This average population size 

will be set as the default and fixed population size for the FPS-GA. Therefore, it is 
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Table 6.3: Results of FPS-GA (average data over 100 runs). 

II Layout 1.1 I Layout 1.21 Layout 2.1 I Layout 2.2 

Mean of best fitness 16.0 16.1 30.2 29.1 

Mean of evaluations 2179 3736 5995 5609 

Median of evaluations 2170 3459 5732 5250 

95% confidence interval [2157,2201] [3510,3971] [5571,6419] [5199,6019] 

Fixed population size 310 346 234 250 

possible and fair to compare these two algorithms. 

Table 6.3 shows the results from 100 runs of the FPS-GA. It can be observed 

that the two algorithms perform equally well at achieving best solutions. However, 

APS-GA is noticeable more efficient since it always incurs smaller computational cost. 

These results further verify that the evolutionary approach we designed is effective 

at solving the wireless planning problem. Moreover, the adaptive population size 

scheme proposed in Chapter 4 has proved again to be able to improve an evolutionary 

algorithm's performance against the conventional fixed population size algorithms. 

6.4 Discussion 

The network planning for IEEE 802.16 networks is a constrained combinatorial op-

timization problem with NP-hardness. A novel evolutionary framework with our 

adaptive population size scheme is proposed to solve this problem in this chapter. 

It is known that standard GA operations are fairly destructive to constrained 

combinatorial optimization problem and often lead to invalid solutions [144]. To 
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alleviate this problem, we devise crossover and mutation operations specifically for 

the network planning problem. The result of our Bi-polar Blend crossover operation 

is that BSs are either heavily loaded or lightly load. With these two extremes, under­

utilized BSs can be deleted gradually. Moreover, we use a heuristic repair procedure 

to maintain the feasibility of a modified individual. Best fit is the strategy we have 

used, but we understand that they can be an array of different strategies for this. 

The effectiveness of our evolutionary operations has been verified through computer 

simulation using our approach to plan the wireless network with four different layouts. 

Another motivation is to verify if our adaptive population size scheme can improve 

an algorithm's performance in such a real world application. Recall that this adaptive 

population size is implemented according to the rate of a system accepting nonsyn­

onymous to synonymous genetic changes. The central idea of this thesis emphasizes 

the importance of enhancing neutral search during evolution. Note that in this net­

work planning problem, a considerable number of individuals in a population can 

have the same fitness. However, they do not necessarily have the same set of BSs in 

service and associated SSs. The adaptive population size scheme dynamically empha­

sizes the search with these "neutral" (no fitness improvement) individuals. Since the 

search space can be enlarged by those neutral explorations, our method is expected 

to benefit an evolutionary algorithm. This has already been tested in Chapter 4 on a 

time series prediction problem with GP, and is further confirmed in this chapter by 

a real world application with GA. 
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Chapter 7 

Concluding Remarks 

7.1 Summary 

The primary goal of this thesis was to transfer discoveries from Biology to the area 

of Evolutionary Computation. Evolvability and rate of evolution are the two foci 

therein. EC, as a heuristic search method, has seen profound developments in both 

theoretical improvements and application exploration since it was invented based on 

the general principles from natural evolution. Employing those basic principles from 

Biology enables EC to be a powerful tool to solve optimization problems from various 

application areas. It is believed that incorporating new discoveries from modern 

Biology into our current computation model design can potentially benefit EC to a 

great extent. 

The research on evolvability drives us to look into the fundamental rules in evo­

lution. In this thesis, we consider evolvability as a population property to coordinate 

various mechanisms and components to enable a system to be evolvable. Neutrality 
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and variability are the two opposite aspects of evolvability. As they closely cooper­

ate with each other, a system can be resilient to deleterious mutations and sensitive 

to make adaptive changes at the same time. Such a mechanism explains why an 

evolvable system can generate adaptive phenotypes from somewhat random genetic 

changes. When we observe an evolutionary system at two separate levels, genotype 

and phenotype, we can see that phenotypic changes only take place when a system is 

adapting to a certain environment. However, the genotypic level generates changes 

constantly in the background with the majority of them being neutral or nearly neu­

tral. They provide the necessary evolution fuel. 

These interesting discoveries are verified in GP systems, a branch of the EC family. 

This thesis contributes to the understanding of general evolution principles since com­

putation systems are artificial, and thus easy to control and track. Furthermore, with 

better understanding of evolvability, EC researchers can concentrate on enhancing 

this evolvability to improve computation models. 

We also present an example of employing some approaches and theories from Biol­

ogy to improve the performance of an EC algorithm. A rate of evolution measurement 

ka/ks ratio is adopted from molecular biology to GP. Biologists employ the metrics 

based on genetic activities to quantify the rate of evolution on protein-coded gene 

sequences, due to the infeasibility of defining fitness quantitatively in natural organ­

isms. Although we have explicitly defined fitness in EC, this ka/ k5 ratio suggests to us 

a different channel to observe an evolutionary process at a deeper level of evolution 

dynamics. As a potential to evolve, evolvability is also a "second order, effect of 

fitness. This ratio also provides a very useful tool to study evolvability. 

This thesis formulates the calculation of this ka/ k5 ratio in EC. Simulation shows 
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the effectiveness of this measurement in quantifying rate of evolution in GP. Further 

through the investigations on major configuration parameters, a non-monotonic rela­

tionship between population size and rate of evolution is reported. The Nearly Neutral 

Theory from population genetics is reviewed to explain the role of population size in 

rate of evolution. Inspired by this theory, we propose an adaptive population size ap­

proach which adjusts the size of a population dynamically during evolution according 

to the rate of evolution measurement ka/ ks ratio. This population size adjustment 

practically encourages neutrality exploration during stagnant periods of evolution. 

Experimental studies on a GP system endorse our observations as this adaptive pop­

ulation size approach can effectively improve its search performance compared to 

fixed-size populations. 

The rate of evolution measure ka/ ks ratio and the adaptive population size ap­

proach are further incorporated into a Genetic Algorithm ( G A), another branch of the 

EC family, to solve a real world application problem, the wireless network planning. 

Specific individual representation and evolutionary operations are designed for this 

particular problem, as well as employing the core idea of this thesis in action, i.e. , 

enhancing neutral search in evolution by varying the size of a population. Simulation 

results again verify the effectiveness of our methods to improve the performance of 

an EC system in the context of a real world application. 

7.2 Future research 

The ideas and methods proposed in this thesis can be further refined and explored as 

follows: 
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• The rate of evolution measure ka/ ks ratio in EC has shown to be very effective 

to reflect the rate of evolution, to design an adaptive population size scheme, 

and to investigate evolvability. Since this is a widely used tool in the biological 

literature already, further application of this measure in EC seems promising. 

• A formal and well accepted definition of evolvability and its quantification 

method have not been achieved at this point in the literature. This is a quite 

open research area and there are many possible directions in the near future. 

For instance, it has been pointed out that the organism-environment interaction 

is crucial for investigating evolvability. Therefore, analysis of dynamic environ­

ments with more complex changing patterns and intensity will be interesting. 

• As better understanding of evolvability is attained, we hope to improve the 

evolvability of computational evolution systems. Among the reviewed new bio­

logical developments related to evolvability in this thesis, epigenetic mechanisms 

are anticipated to play an important role in increasing the evolvability of EC 

algorithms. The reason is that the epigenetic regulation reveals a considerably 

complex and intelligent interactive system of gene expression in living organ­

isms. Such a complex system possesses a large amount of feedback information, 

from both the environmental challenges and the intrinsic interactions among 

various components inside an organism, in order to supervise its gene expres­

sion. These mechanisms, therefore, make living organisms very resilient and 

adaptive in evolution. However, this system is quite distinguishing from the 

unilateral control flow of common EC models, which is also the reason that it 

can inspire future innovation in algorithm design. 
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• Neutral and nearly neutral mutations that have little effect on phenotypes have 

received increasing interest in Biology. The importance of neutral search has 

also been revealed in EC that it in fact explores larger search spaces. This obser­

vation challenges the traditional belief that redundancy is hardly useful beyond 

providing certain protection against deleterious genetic changes. Therefore, 

neutrality is another promising future research direction. It will be very inter­

esting to monitor the process of individuals searching and moving in neutral 

networks. This may be a better explanation for why neutral search can benefit 

an EC algorithm. 

Recall that we stated at the beginning of this thesis that EC is an optimization 

approach inspired by mechanisms of natural evolution. It is important to incorporate 

new discoveries from natural evolution. The notions and ideas brought in this thesis 

focus on evolvability and rate of evolution. However, there are many other aspects 

that need to be explore in this light, which might be rewarding to algorithm design. 

From a methodological point of view, although this thesis show-cases an example 

that applying new discoveries from Biology is beneficial to EC, we should be aware 

that there are always limitations both in these discoveries themselves and their ap­

plications to EC. On one hand, we know that the study of biological systems has 

developed profoundly during the past decades. However, the core mechanisms of evo­

lution in living organisms are still far from being clearly understood. We are in the 

century that new discoveries and new ideas come up faster than ever before. This 

is both challenging and exciting for interdisciplinary research. For instance, related 

to the central idea of this thesis, current research by Kudla et al. [95] suggests that 

135 



mutations on synonymous sites of a gene sequence can influence the level of gene 

expression even though they do not alter the encoded protein. Some silent muta­

tions can affect the transcribed messenger RNA (mRNA) folding and its properties, 

which play an important role in shaping expression levels of genes. Therefore, those 

synonymous mutations somehow affect gene expression. This finding challenges the 

conventional definition of "synonymous" mutations which were regarded not func­

tional on the phenotype. In EC, current computational models barely follow a rough 

analogy to the much more complex living systems. Particulary, the role of mRNA in 

most EC algorithms is overlooked in most cases. Yet, this shows great potential for 

incorporating new biological discoveries to design more complex and intelligent algo­

rithms. Therefore, close investigation of the state-of-the-art in biological literature is 

crucial for EC research. On the other hand, not all biological notions and principles 

are suitable for EC models since these two systems are substantially different from 

each other. Therefore, significant endeavors are still needed to study the similarities 

and differences between them. More caution would be taken when transferring ideas 

and principles from Biology to EC. 
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