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adaptive landscape, 16

aesthetic selection, 217
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algorithmic space, 92
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anytime behaviour, 42

arithmetic recombination, 65

attractors, 238

automatically defined function (ADF),
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average number of evaluations to a
solution, 126, 153

Baldwin effect, 172
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distributional, 234
operator, 234
positional, 234
binary representation, 51
black box algorithms, 244
blend recombination, 65, 66
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Boltzmann selection, 142
building block hypothesis, 104, 235
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candidate solution, 29
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cellular EA; 98
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chromosome, 29
closure property, 76
coevolution, 223
competitive, 226
cooperative, 224
partners, 225
combinatorial optimisation, 47, 204
competitive coevolution, 226
constraint, 6
constraint handling
direct, 204
indirect, 204
constraint satisfaction problem (CSP),
7
cooling schedule, 142
cooperative coevolution, 224
correlated mutation, 60
corridor model, 243
crossing-over, 18
crossover, 32, 50
n-point, 53
cycle, 73
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one-point, 52
order, 72
partially mapped (PMX), 70
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uniform, 53
crossover rate, 50
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deception, 235

decoding, 29

deterministic crowding, 94
differential evolution (DE), 110
differential mutation, 110
diffusion model EA, 97
diploid, 18

discrete recombination, 65
distributed EA, 98
distributional bias, 54
diversity, 31

dominance, 196
dynamical systems, 238

edge crossover, 72
effectiveness, 152
efficiency, 152
elitism, 89, 199
embryogeny, 220
encoding, 29
endosymbiosis, 225
environmental selection, 33
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estimation of distribution algorithm
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evaluation function, 30
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evolution strategy (ES), 14, 101
evolutionary algorithm (EA), 14, 26,
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hybrid, 168
instance, 121
multiobjective, 195
evolutionary computing (EC), 14
evolutionary programming (EP), 14,
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evolutionary robotics (ER), 245
exploitation, 42
exploration, 42

feasible region, 204

fitness
function, 30
sharing, 92

surrogate, 218
function set, 75
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Gaussian mutation, 57

gene, 17, 29

generational gap, 80

generational model, 79

generative and developmental systems,
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genetic algorithm (GA), 14, 99

genetic code, 19

genetic drift, 17, 91

genetic programming (GP), 14, 104

genotype, 17

genotype space, 29

genotypes, 29

global optimisation, 46

global optimum, 16, 47

global recombination, 102

Gray coding, 51

greedy ascent, 170

haploid, 18
hill climbers, 47
hitchhiking, 236

implicit parallelism, 232

individual, 29

infeasible region, 204

infinite population models, 239

initialisation, 34

ramped half-and-half, 105

injection island models, 97

integer-based representation, 54

interactive evolution, 215

interactive evolutionary algorithm
(IEA), 215

intermediate recombination, 65

island model, 95

iterated density estimation algorithm,
116

iterated prisoner’s dilemma, 226

learning classifier system (LCS), 107
learning rate, 59
local optimum, 16, 47
local recombination, 102
local search, 47, 170
depth, 170
locus, 29

macroscopic approach, 241



Markov chain, 239
mass mutation, 174
match set, 108
mate selection, 31
mating pool, 79
mean best fitness, 126, 151
meiosis, 18
memes, 168
memetic algorithm, 169
meta-EP, 104
Metropolis criterion, 142
Michigan-style LCS, 108
microscopic approach, 241
migration, 96
mixing
matrix, 238
panmictic, 91
mixing time, 242
model
fitting, 114
generational, 79
sampling, 114
selection, 114
steady state, 79
modelling, 3
multimodal, 16
multiobjective problems, 195
multiparent recombination, 50
mutation, 31, 49, 52, 55, 56, 69
bit-flipping, 52
correlated, 60
creep, 55
Gaussian, 57
insert, 69
integer, 55
inversion, 69
permutation, 69
random resetting, 55
real-valued, 56
scramble, 69
self-adaptive, 57
swap, 69
tree-based, 77
uncorrelated, 58, 60
uniform, 57
mutation rate, 35
mutation step size, 57
mutualism, 224
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nondominated solution, 196
nonstationary, 185
numeric, 120

objective function, 6
offline evolution, 248
offspring, 31
online evolution, 249
ontogenesis, 18
operator bias, 234
optimisation, 2
optimisation problem
combinatorial, 9
constrained, 7
free, 7
numerical, 9
optimum
global, 16
local, 16
order crossover, 72
ordinal attributes, 55

panmictic, 91
parallel EA; 95
coarse grain, 95
fine grain, 97
parameter, 119
numeric, 120
scope, 138
symbolic, 120
value, 120
parameter control, 136, 137
adaptive, 137
deterministic, 136
self-adaptive, 137
parasitism, 224
parent, 31
parent selection, 31, 80
large populations, 86
Pareto set, 197
parsimony pressure, 107
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partnering strategies, 225

permutation-based representation, 67

perturbation vector, 110
phenotype, 17, 29
phenotype space, 29
Pittsburgh-style LCS, 110
pivot rule, 170
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pleitropy, 17

polygeny, 17

population, 30

positional bias, 54

predation, 224

premature convergence, 42, 81
problem size, 9

progress rate, 243

quality gain, 243

R-meta-EP, 104
real-valued representation, 56
reality gap, 253
recombination, 32, 50
arithmetic, 65
blend, 66
discrete, 102
floating-point representation, 65
global, 102
integer, 56
intermediate, 102
local, 102
multiparent, 50
permutation representation, 70
simple, 65
tree-based, 78
uniform arithmetic, 65
replacement, 33
(L4 X)), 89
age-based, 88
elitist, 89
fitness-based, 88
generational, 88
genitor, 88
worst, 88
representation, 29, 49, 75
binary, 51
Gray coding, 51
integer-based, 54
permutation-based, 67
real-valued, 56
tree-based, 75
reproduction
asexual, 20
sexual, 20
robot controller, 247
robustness, 126
roulette wheel, 83

round-robin tournament, 89
Royal Road functions, 236
running-time, 10

s-expressions, 75
scalarisation, 196
schema, 232
defining length, 232
fitness, 233
instance, 232
order, 232
schema theorem, 233
scope, 138
search space, 6
seeding, 173
selection
aesthetic, 217
Boltzmann, 142
fitness proportional, 80
model, 114
natural, 15
over-selection, 87, 107
pressure, 81, 90
ranking, 81
roulette wheel, 83
stochastic universal sampling (SUS),
84
subjective, 217
tournament, 84
truncation, 89
uniform, 86
selection matrix, 238
selection pressure, 81
selective initialisation, 173
self-adaptation, 57, 101
sensors, 247
sigma scaling, 81
simulated annealing (SA), 47, 142
simulation, 5
space
algorithmic, 92
genotype, 92
phenotype, 92
sphere model, 243
statistical mechanics, 241
steady-state model, 79
steepest ascent, 170
step size, 57
stochastic universal sampling (SUS), 84
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subjective selection, 217 tournament
success rate, 126, 151 round-robin, 89
surrogate fitness function, 218 tournament size, 85
survival of the fittest, 16 transition matrix, 239
survivor selection, 33
(1, A), 89 uniform arithmetic recombination, 65
genetic algorithms, 87 uniform mutation, 57
symbiosis, 224 unimodal, 16
symbolic, 120 utility, 122
system identification, 3 utility landscape, 122
tabu search, 180 value, 120
takeover time, 90, 102 variation operators, 31
terminal set, 75
termination condition, 34 Walsh functions, 236

testing, 122 windowing, 81
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