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Abstract

The average convergence rate (ACR) measures how fast the approximation error of an evolutionary algorithm
converges to zero per generation. It is defined as the geometric average of the reduction rate of the approxi-
mation error over consecutive generations. This paper makes a theoretical analysis of the ACR in continuous
optimization. The obtained results are summarized as follows. According to the limit property, the ACR
is classified into two categories: (1) linear ACR whose limit inferior value is larger than a positive and (2)
sublinear ACR whose value converges to zero. Then, it is proven that the ACR is linear for evolutionary
programming using positive landscape-adaptive mutation, but sublinear for that using landscape-invariant
or zero landscape-adaptive mutation. The relationship between the ACR and the decision space dimension
is also classified into two categories: (1) polynomial ACR whose value is larger than the reciprocal of a
polynomial function of the dimension for any generation, and (2) exponential ACR whose value is less than
the reciprocal of an exponential function of the dimension for an exponential long period. It is proven that
for easy problems such as linear functions, the ACR of the (141) adaptive random univariate search is
polynomial. But for hard functions such as the deceptive function, the ACR of both the (141) adaptive
random univariate search and evolutionary programming is exponential.

Keywords: Evolutionary algorithm, Continuous optimization, Convergence rate, Markov chain,
Approximation error

1. Introduction

In both empirical and theoretical studies of evolutionary algorithms (EAs), a fundamental question is:
how fast does an EA converge to the optimal solution of an optimization problem? In discrete optimization,
this can be measured by computational time, by either the hitting time (the number of generations) or
running time (the number of fitness evaluations) when an EA first finds an optimal solution [1]. In continuous
optimization, however, computational time often is infinite because for many optimization problems, the
number of optimal solutions is finite. So, computational time has to be modified to the time when EAs
reach an e-neighbor around the optimal solutions [2, 3, 4].

The convergence rate is an alternative way to evaluate the performance of EAs in continuous optimization.
It quantifies how fast an EA converges to the optimal solution set per generation in the decision space. So far,
numerous theoretical work has been reported to discuss the convergence rate from different perspectives [5,
6, 7, 8,9, 10, 11].
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Because of the equivalence of convergence in decision space and that in the objective space, it is rational
to investigate how fast the approximation error converges to zero in the objective space. The convergence
rate discussed in this paper is defined in the objective space in terms of the approximation error. Denote the
expected fitness value of the ¢** generation population as f; and the approximation error as e; = |f; — f*|
where f* represents the optimal fitness. The geometric convergence rate e; < epct can be obtained from
the one-step convergence rate (CR): e;/e;—1 under the condition e;/e;—1 < ¢ [6, 12]. But unfortunately,
randomness in EAs results in the oscillation of e;/e;—1, which in turn hinders its practical application in
computer experiments. Instead, the geometric average of e;/e;_1 over consecutive ¢ generations is proposed
as the average convergence rate (ACR) [13]: ACR; = 1 — (e;/eo)™/t. A major advantage of ACR; is that it
is more stable than e;/e;_1 in computer simulation.

The ACR has been adopted as a practical metric of the convergence speed of EAs in continuous opti-
mization [14, 15, 16, 17]. Although some theoretical results have been obtained for the ACR in discrete
optimization [13], there is no analysis of the ACR in continuous optimization. The current paper aims to
extend the study from discrete optimization to continuous optimization and to answer the following research
questions: When does the ACR converge to zero? When not? What is the relationship between the ACR
and the decision space dimension?

The paper is organized as follows: Section 2 reviews the related work. Section 3 presents an empirical
study of the ACR. Section 4 provides a general theoretical study of the ACR. Section 5 analyses the ACR
of evolutionary programming. Section 6 investigates the relation between the ACR and decision space
dimension. Finally, Section 7 concludes the paper.

2. Brief Literature Review of Convergence Rate

The convergence rate of EAs has been investigated from different perspectives and in varied terms. He,
Kang and Ding [7, 18] studied the convergence in distribution by considering sequence {|| pu; — 7 ||,t =
1,2,...} where p; is the probability distribution of the t*h generation population X; and 7 a stationary
probability distribution. Based on the Doeblin condition, they obtained an upper bound (1 — §)'~! on
| g — 7 || for some 6 € (0,1). He and Yu [8] derived lower and upper bounds on 1 — p1,(X5) where p;(S5)
denotes the probability of X; entering in a §-neighbor of X* where X* denotes the set of optimal solutions.

Rudolph [5] compared Gaussian and Cauchy mutation for minimization of the sphere function in terms of
the rate of local convergence, E[min{|| X;11 |2 / || X: ||?, 1} | X;], where || - || denotes the Euclidean norm.
He proved that the rate is identical for Gaussian and spherical Cauchy distributions, whereas nonspherical
Cauchy mutations lead to slower local convergence. Rudolph [6] also proved under the condition e;/e;—1 <
¢ < 1, the sequence {e;} converges in mean geometrically fast to 0, that is, g*e; = o(1) for some ¢ > 1. For
a superset of the class of quadratic functions, sharp bounds on the convergence rate are obtained.

Semenov and Terkel [19] studied the convergence velocity of a simple EA with self-adaptation using
a stochastic Lyapunov function and martingale theory. They proved that the velocity is asymptotically
exponential |z;| < exp(—at) on the class of unimodal functions with the aid of Monte Carlo simulation.

Beyer [20] developed a systematic theory of evolutionary strategies (ES) based on the progress rate and
quality gain. The progress rate measures the distance change to the optimal solution in one generation,
E[| X¢—X* || = || X¢—1—X* ||]. The quality gain is the fitness change in one generation, E[f(X;)— f(X:_1)],
where f(X) is the fitness mean of individuals in population X. Beyer et al. [21, 22] analyzed dynamics of ES
with cumulative step size adaption and ES with self-adaption and multi-recombination on the ellipsoid model
and derived the quadratic progress rate. Akimoto et al.[23] investigated ES with weighted recombination on
general convex quadratic functions and derived the asymptotic quality gain. However, Auger and Hansen [24]
argued the limit of the predictions using the progress rate.

Auger and Hansen [25] developed the theory of ES from a new perspective using the stability of Markov
chains. Auger [9] investigated the (1, \)-SA-EA on the sphere function and proved the convergence of
(In || X ||)/t based on Foster-Lyapunov drift conditions. Jebalia et al. [26] investigated convergence rate of
the scale-invariant (141)-ES in minimizing the noisy sphere function and proved a log-linear convergence rate
in the sense that: (In || X ||)/t — ~ for some 7 as t — +o0. Auger and Hansen [10] further investigated the
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comparison-based step-size adaptive randomized search on scaling-invariant objective functions and proved
as t — +oo, In(|| X; || / || Xo [|t)/t = —CR for some positive CR. This log-linear convergence can be
regarded as an extension of the classical average rate of convergence in deterministic iterative methods [27].

The above convergence rates are ‘evaluated by Markov chain analysis, however, process is complicated
from theoretical and practical point of view’ [16]. Unlike them, the ACR has an attention to a close link with
the practice. Although optional to define convergence rate in various spaces, it is preferred in this paper to
investigate it in the objective space. With respect to many applications of EAs, their performance is often
evaluated by the approximation error of obtained solutions. Thus, the convergence rate of EAs is defined as
the average reduction rate of the approximation error over consecutive generations in the objective space [13].
For discrete optimization, it has been proved [13] that under particular initialization, the ACR is equal to the
spectral radius of a matrix corresponding to transition probabilities within non-optimal solutions and under
random initialization (all solutions can be chosen into the initial population with a positive probability),
the ACR converges to this spectral radius. However, there is no similar analysis for the ACR in continuous
optimization.

3. Empirical Study of Average Convergence Rate

3.1. Definition of Average Convergence Rate

Consider a minimization problem:
Hlinf(X), X:('Tlv"' 7djd)€DCRd, (1)

where f(x) is a continuous function and D is the definition domain (called the decision space) and is bounded.
d is the dimension. Denote the minimal function value as f* := min{ f(x) | x € D} and the optimal solution
set as X* :={x e D] f(x) = f*}.

Algorithm 1 describe a general framework of EAs. In EAs, an individual is a single point (solution) x.
A population X is a union of finite individuals X = (x1,--- ,x,) where y is the population size. An optimal
population X satisfies X N X* # () and a non-optimal population X satisfies X N X* = (). Let S denote the
set of all populations and S* denote the set of optimal populations.

Algorithm 1 Evolutionary Algorithm

1: generation counter ¢ < 0;

2: X < initialize a population of individuals;

3: while the stopping criterion is not satisfied do

4:  Xyy1 < generate a population of individuals from X; subject to a conditional transition probability
Pr(Xiqq [ Xo, -+, X4);

5. t+t+1;

6: end while

Given an initial population Xy, the fitness of the population X; is f(X; | Xo) := min{f(x) | x € X;},
and its approzimation error is e(X; | Xo) = |f(X¢) — f*|. Thereafter, f(X; | Xo) and e(X; | Xo) are
denoted by f(X;) and e(X;) in short respectively. An EA using elitist selection always keeps the best found
individual, that is, e(X¢1+1) < e(X:). Let f; := E[E[f(X:)] | Xo] and e; := E[E[e(X:) | Xo]] denote the
expected values of the fitness and approximation error respectively. In computer simulation, f; is calculated
as the the average value over a number of runs.

An EA is called convergent in mean [6] if starting from any Xy, lim; 400 = 0. An EA is called
convergent almost surely [6] if starting from any X, the probability Pr(lim;, . e(X;) = 0) = 1. Given an
approximation error sequence {e;;t = 0,1,---}, its one-step convergence rate (CR) is the reduction rate of
the approximation error at at the " generation.

CR, = 1, tez*, 2)

€t—1

3
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where ZT denotes the set of positive integers. The average convergence rate for t generations (ACR) [13] is
defined by

o\ 1/t t 1/t
ACR, :=1— (é) =1- (H CRk> , tezt. (3)
k=1

In (3), the term (e;/eg)'/* represents a geometric average of the CR over ¢ consecutive generations. 1 —
(es/e0)*t normalizes the average between (—oo,1]. This rate can be regarded as the convergence speed
because the larger ACR, the faster convergence. A negative value of the ACR means the EA moves away
from the optimal point. ACR; = 1 when e; = 0 or equivalently the optimal solution is generated.

Similar to the convergence rate in deterministic iterative methods [27, Definition 3.1], the average con-
vergence rate of EAs can be defined in the logarithmic form [13].

€t

1
ACR; =~ In (4)

€0
However, this rate can be not adopted in computer simulation because its value is +oo if e; = 0.

Figure 1 compares the approximation error, CR and ACR through an example. Figure 1(a) shows e;
decreases as t, but it does not quantify the convergence speed. Figure 1(b) shows CR; oscillates significantly
as t. Figure 1(c) depicts that ACR; is more stable because it averages the CR values over consecutive
generations. The ACR increases from 0.2 to 04, then jumps to 1 when the optimal solution is found.

1.0 1.0
10-23 4
10-65 0.8 4 0.8
-109 |
10 0.6 1 _0.64
QT 107152 4 S §
107195 0.4 1 0.41
10—235 4
.24 24
10-261 | 0 0
T T T T T T T 0.0 T T 1 T T 0.0 T T T T T T
0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 0 250 500 750 1000 1250 1500
t t t

(a) (b) (©)

Figure 1: (a) e; converges to 0. (b) C'R; oscillates between 0 and 1. (c) ACR; is stable at a constant 0.4.

Note: A jump to 1 is observed in Figure 1(c). It means that the EA has found the optimal solution.
This phenomenon could happen in computer simulation because the number of runs is finite and the EA
may find the optimum in all runs. However, in theory, it never happens. e, is the expected value of e(X}).
For a randomized search algorithm, its error e; can be infinitely close to 0 but not equal to 0, thus, no jump
exists. This claim can be validated through increasing the number of runs.

There is an essential difference between the ACR and CR. Some sequence {CRy;t € Zt} oscillates,
but the sequence {ACRy;t € ZT} is still stable. A classical method in literature is to bound CR; such as
a < CRy < f8 for any t, and derive the geometric convergence rate as epa! < ey < eof3t [6]. But the lower
and upper bounds only provide a range of the convergence rate and are not sufficient for quantifying the
convergence rate. The ACR is the geometric average of the CR and its value is between « and 3.

a<minCR < ACR; < maxCRy < 3. (5)
k<t k<t

In practice, the calculation of ACR, is easy and it results in an exact expression e(t) = eg(ACR;)!. But
using C'R; only is difficult to obtain the same expression.
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In the above ACR definition, the optimal fitness value f* is required. In case of f* unknown, the
alternative average convergence rate is also introduced in [13].

1/7

ft-‘r‘r*ft , iftZﬂ (6)

ft - fth

where 7 is an appropriate and user-defined time interval. In computer simulation, it is necessary to set 7
to a large value because AC’R;r with a small 7 suffers big noise. A drawback of the value of the alternative
ACR is not available for t < 7.

ACR] :=1—

3.2. Empirical Study of ACR and Alternative ACR

Using the ACR or alternative ACR, it is convenient to quantify and visualize the convergence speed of
EAs. Let us show this claim through computer simulation.

For the purpose of illustration, consider (14+1) evolutionary programming (Algorithm 2) for minimizing
the 2-d sphere function as an example. The sphere function is a unimodal function which is often used as a
benchmark in EAs [28].

min fg(x) = 23 + 23, x € R (7)

The minimal point to this function is x* = (0,0) with f* = 0.

Evolutionary programming (EP) is a type of EAs which employs mutation and selection but without
recombination. (1+1) EP is equivalent to (1+1) evolutionary strategies (ES) without crossover. However, a
population-based ES employs a recommendation operator [29].

Algorithm 2 (1+1) Evolutionary Programming

1: generation counter ¢ < 0;

2: initialize an individual xq;

3: while the maximal number of generations is not reached do

4:  generate a new individual y; = x; + z; where z,; obeys a probability distribution (such as Gaussian,
Cauchy or Lévy) distribution;

5. select the best one from y; and x; as x¢41;

6 t+—t+1;

7: end while

A child y is generated by Gaussian mutation y = x + z, where z = (21, -, z4) obeys the Gaussian
probability distribution z; ~ A(0,0;). Two variants of Gaussian mutation are chosen with different settings
of o = (0-17"’ 7Ud)'

e Invariant Gaussian mutation: o is set to constants, that is, for any 4, o; is a constant. The (1+1)
EP using invariant Gaussian mutation is called the (1+1) invariant EP.

e Adaptive Gaussian mutation: o varies as x, that is, o is a function of x. The (1+1) EP using
adaptive Gaussian mutation is called the (1+1) adaptive EP.

In computer simulation, set o; = 1 in the (1+1) invariant EP and o; = |z|; in the (141) adaptive EP. The
adaption is based on commonsense in the design of EAs: as x is close to the optimal solution 0, o is set to
a small value. This is equivalent to the practical strategy: as t increases, x; is close to the optimal solution,
then o is reduced. xg is randomly generated in [—20,20]?. Each algorithm runs 1,000 times independently
and f; is the average over the 1,000 runs. The maximum number of generations is 300. The time interval 7
for calculating the alternative ACR is chosen to be 50.

The first experiment is to compare the ACR and alternative ACR of the adaptive EP on the sphere
function. Trend plots of the ACR and alternative ACR are illustrated in Figure 2. Figure 2(a) shows that

5
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1.0 1.0
—— adaptive —— adaptive
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0.0
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Figure 2: (a) ACR; of the (141) adaptive EP on the sphere function.(b) ACRI

the ACR of the adaptive EP increases to a positive, while Figure 2(b) depicts similar tends of the alternative
ACR. But ACRI suffers a little bigger noise than AC'R; due to the introduction of the 7-th order difference.

The second experiment is to compare the ACR and alternative ACR of the invariant EP on the sphere
function. Trend plots of the ACR and alternative ACR are illustrated in figure 3. Figure 3(a) shows that
the ACR decreases as time, while Figure 3(b) depicts a similar tend for the alternative ACR.

1.0 1.0
—-—~- invariant —-—~- invariant
0.8 0.8
_ 0.6 1 .. 0.6
o o
] Q
<
0.4 4 < 0.4 4
0.21 0.21
oQb — 00 Trmmommeoeoe- T 00l————"p===cececaaa.
0 50 100 150 200 250 300 50 100 150 200 250

(a) (b)

Figure 3: (a) ACR; of the (141) invariant EP on the sphere function. (b) alternative ACRI.

The results reveal that the adaptive EP converges faster than the invariant EP. For the adaptive EP, its
ACR and alternative ACR both tend to a positive constant around 0.38 to 0.4. In general, an ACR is called
linear if it tends towards a positive. But for the invariant EP, its ACR and alternative ACR decreases to a
smaller constant and eventually towards 0. In general, an ACR is called sublinear if it converges to 0.

3.3. Comparison between ACR and CR

The ACR is more stable than the CR in numerical calculation. Let us show the claim through computer
simulation.

The first experiment is to compare the ACR and CR of the (141) adaptive EP on the sphere function.
Experimental setting is the same as that in the previous subsection. Figure 4 illustrates trend plots of the
ACR and CR. The CR fluctuates greatly between 0 and 1. It is impossible to quantify the convergence
speed using the CR. But the ACR clearly converges to a positive constant around 0.38.

The second experiment is to compare the ACR and CR of the (141) invariant EP on the sphere function.
Experimental setting is the same as that in the previous subsection. Figure 5 illustrates trend plots of the
ACR and CR. The figure shows that the CR converges to 1 and the ACR to 0. The difference is caused by
the normalization in the ACR to ensure the lower ACR, the slower convergence. Figure 5(b) reveals that
the convergence speed of the (141) invariant EP eventually decreases to 0.

6
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Figure 4: (a) CR of (1+1) adaptive EP oscillates significantly on the sphere function. (b) ACR is more stable.
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Figure 5: (a) CR of the (1+1) invariant EP on the sphere function. (b) ACR.

The experimental results confirm that the numerical calculation of the ACR is more stable than the CR.

3.4. Relationship between ACR and Decision Space Dimension

The ACR of EAs will decrease as the decision space dimension increases. Let us verify this claim through

computer simulation.

For the sake of illustration, consider a (1+1) random univariate search method (RUS), described in
Algorithm 3, as an example. This algorithm can be regarded as a parallel version of random local search
in discrete optimization because both make a random one-dimensional search at each generation. The RUS

using adaptive Gaussian mutation is called the adaptive RUS in short.

Algorithm 3 (1+1) Random Univariate Search

: 140

P gD

initialize a solution x¢g = (21, -+ ,2q) ;
while the maximal number of generations is not reached do
choose one index j € {1,---,d} at random, and generate a new solution by y; = x; + z; where
ze = (21, -+, 2d), 2; ~ N(0,0;) is a Gaussian random variable and z; = 0 for other ¢ # j; if y; is out

of the definition domain, let y; = x;
select the best one from y; and x; as X¢41;

6: t<+t+1;
7: end while

Two test functions are used in computer simulation. The functions are inspired from the OneMax
function and deceptive function in pseudo-Boolean function optimization. The OneMax function is the

7
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ecasiest to a (1+1) elitist EA and the deceptive function is the hardest [30]. A variant OneMax function in
continuous optimization is defined by

max fo(x) :=d — Z?zl z;, x€[0,1)% (8)

where x* = (0,---,0) and f* =d.
A deceptive function in continuous optimization is defined by

E (-i_lxi, if E (.i_lxi > 1/27 d
C —_— g e 071 . 9
IndeD(X) { 11 Zj Lz, i E;l LT < 1/2’ X e [ } ( )

The global optimum is x* = (0, - - ,0) and f* = d+ 1. The basin of attraction of x* is {x | Y0, z; < 1/2}.
The deceptive function (9) has a local optimum at (1,---,1).

In computer simulation, set o; = x; for the selected index j in the adaptive RUS. x¢ is chosen from
[0,1]¢ at random. The algorithm is run 2,000 times independently on each test function. f; is the average
over the 2,000 run. The maximum number of generations is 500.

The experiments is to compare the ACR between the variant OneMax function and deceptive function.
Trend plots of the ACR are illustrated in Figure 6. Figure 6(a) shows that the ACR on the variant OneMax
function converges to some positive constants over generations for d = 1,3,5. But Figure 6(b) depicts the
ACR on the deceptive function decreases quickly as the dimension d increases.

0.200 0.200
0.1751 0.175 1
0.150 1 0.150 1
0.125 A 0.125 A
S 0.100 4 g 0.100 A
< <
0.075 1 0.075 1
0.050 1 0.050 1
0.025 4 0.025 4
0.000 0.000

(a) (b)

Figure 6: (a) The ACR of adaptive RUS decays slowly as dimension d = 1, 3,5 on the variant OneMax function. (b) But it
decays quickly as dimension d = 1, 3,5 on the deceptive function.

The experimental results demonstrate that the ACR decreases as the dimension increases. For an easy
function like the OneMax function, the ACR decreases slowly as the dimension. In theory, it is expected
that this ACR is larger than the reciprocal of a polynomial function of d. But for a hard function like the
deceptive function, the ACR decreases quickly as the dimension increases. In theory, it is expected that this
ACR is less than the reciprocal of an exponential function of d.

4. General Theoretical Study of Average Convergence Rate

4.1. Advantage of ACR over CR

Computer simulation in Section 3.3 shows an advantage of the ACR over the CR, that is, when a CR
sequence oscillates, the ACR sequence is still stable. This subsection explains this difference.

The terms of linear, sub-linear or super-linear convergence has been used in describing the convergence
speed of an iterative sequence. In EAs, a sequence {CRy,t € Z*} converges linearly if lim;_, oo CR; = C < 1
or converges sublinearly if lim;_, ;o CR; = 1. Similarly, a sequence {ACR;,t € Z*} converges linearly if
lim¢ 400 ACR; = C' < 1 or converges sublinearly if lim;, oo ACR; = 1.
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From the definition

‘ 1/t
ACR, =1— <H CRk> , (10)

k=1

the linear convergence of the ACR can be derived from the linear convergence of the CR. But the inverse
does not hold. This is the main advantage of the ACR over the CR. Let us verify the claim using an example.

Let us consider an example which is (1+1) EP (Algorithm 4) combining Cauchy and Gaussian mutation
together. Because Cauchy and Gaussian mutation operators have different probability density functions
(PDFs), combination of them could result in faster convergence [31, 32, 33, 34].

Algorithm 4 (1+1) Evolutionary Programming

: generation counter ¢ < 0;

. initialize an individual xq;

: while the maximal number of generations is not reached do

generate a new individual by Gaussian mutation y; = x;+2; where z; obeys a probability distribution;
if y; is beyond the definition domain D, let y; = xy;

select the best one from y; and x; as X¢41;

o t—t+ 1,

7: end while

W N

@ @

Two mutation operators are alternately used in this (141) EP, that is, Cauchy mutation is applied when
t is an odd number and Gaussian mutation is applied when ¢ is an even number. Thus, z; obeys Cauchy or
Gaussian probability distribution, PDFs of which are p. = m and p, = \/%e_g, respectively.

The (1+41) EP is used to minimize a JUMP function which is a typical multi-modal problem. This
function is similar to the JUMP function in pseudo-Boolean optimization [35]. The the optimal solution set
is {z; |z| < 1}.

0 if |z| < 1,
fil@)=1¢ 4—Jz| ifl<|z] <2, (11)
|z otherwise.

For the sake of analysis, assume that the initial point xg = 2. After t(¢ > 1) iterations, z; either jump to
the flat {|z| < 1} or stay at |x| = 2. Thus, the reduction rate of expected error is (without loss of generality,
let z; =2 or |z¢| < 1)

i1 _ Ele(zg1)|xe = 2] Pr(zy = 2) + 0 - Pr(|x¢] < 1)
et 2-Pr(xy =2) +0-Pr(|lz:] < 1)

= %E[e($t+1)‘xt = 2] (12)

Moreover, the conditional expectation of error change is for Cauchy mutation,

! 1 1

Ele(z:) — e(m1)|xe = 2] :/_1(2 — O)EW(M = % (arctan3 - %) , (13)

and for Gaussian mutation,

1

Ble(wn) — elxip)ln =2 = [ 2= 0)—=e

where ®(-) is cumulative distribution function (CDF) of the standard Gaussian distribution. From (12),
(13) and (14) we know that for any integer k > 1

S dr—4 (@(1) - %) , (14)

Cha= 2 =0, =2 (o) - ).

€2k—1

9
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and

e 3 1
CRokt1 = RCLaR - Cp := - — — arctan 3.
€2k 4 ™

Since Cy # Cp, the sequence {C'R;} oscillates and does not converge.
However, from

1— (C,Cy)'2, if t = 2k,
ACR, = k=1,2,...
1 — (CaC)Y2(Cy OV, if t =2k + 1,

we get ACR;, — 1 — (C,Cy)'/? as t — +o00, that is, the sequence {ACR;} is convergent.

The above example shows that the CR sequence could oscillate and not converge in some adaptive
EAs. However, the ACR sequence converges thanks to the average of the CR for consecutive generations.
Furthermore, for analyzing the ACR, it is necessary to consider the multi-step error change beyond the
one-step error change.

4.2. Assumptions in the Theoretical Study

In order to make a theoretical analysis, EAs under investigation are assumed to satisfy several conditions.

1.

(Supermartingale). The expected approximation error does not increase. For any non-optimal X and
any ¢,
Ele(Xi41) | Xo, -, X¢] <e(Xy). (15)

The sequence {e;;t =0,1,---} is a monotonically decreasing function of ¢. This condition is different
from elitism in EAs which requires e(Xy11) < e(Xy). A direct consequence from this condition is
ACR; € ]0,1].
(Markov chain). The state of X;;1 depends on X; only. For any X, and any ¢, the transition
probability

Pr(Xet1 | Xo, -, Xi) = Pr(Xeq1 | Xo). (16)

(Stochastic algorithm). Starting from any non-optimal X, for any ¢, it holds
PI‘(Xt ﬂX*) <17 (273 >0 (17)

If Pr(X; N X*) = 1, an EA reaches the optimal set at the t*" generation with probability 1. Tt
degenerates to a deterministic-like algorithm which is not discussed in this paper.
(Normal reduction). The reduction rate of the approximation error satisfies

lim ( e )Ut_l. (18)

t—+oo \ €41

The condition is mild. If lim,_, ;o (es/e;—1)Y* < ¢ < 1, then for a large t, e;/e;_1 < c¢!. For example,

let ¢ = 0.9 and t = 1000, we have ejggg < 1.75 x 107%0eggq. This rapid reduction rate is almost
impossible in normal EAs.

Many EAs satisfy the above four conditions. By default, they are always assumed to be true in the theoretical
study in this paper.

Markov chains associated with EAs can be classified into homogeneous and inhomogeneous, depending
on whether genetic operators (mutation, crossover and selection) change over time [8]. This paper focuses
on EAs which are modeled by homogeneous Markov chains as below.

1. The population sequence {Xy;¢t = 0,1,---} is a homogeneous Markov chain, that is, for any ¢, any X

and any subset A C S, the transition probability
Pr(Xi11 € Al Xy = X) = P(X; A). (19)
Transition probabilities do not change over time.

10
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2. A population subsequence {X,,t =0,1,---} (where k € ZT) is a homogeneous Markov chain. Tran-
sition probabilities follow a periodic change over generations. Let YV; = X,;.

Pr(Yiy €AY = X) = PI(X; 4), (20)
PI'(Xt+1 S A | Xt = X) 7é PI'(Xt+2 S A | Xt+1 = X) (21)

The original population sequence {X;;t =0,1,---} is an inhomogeneous Markov chain.

The current paper will not discuss other types of EAs whose genetic operators change over time. The
analysis of theses EAs needs further understanding of inhomogeneous genetic operators and advanced tools
from inhomogeneous Markov chains or stochastic processes. This topic is left for future research.

4.83. Linear and Sublinear ACR

Computer simulation in Section 3.2 demonstrates different trend plots of the ACR for the (1+1) invariant
EP and (141) adaptive EP. The ACR sequence has different limit properties. In practice, it is required that
e¢ converges to 0 but there is no need for ACR; to converge as t — oo. Thus, the limit superior and limit
inferior [36] of the sequence {ACR;}, defined as (22) and (23) respectively, are introduced to describe the
limit property.

fllgloo ACRy : 71121{’;{521;115){ACPS is>th:t >0} (22)
lim ACR; :=sup{inf{ACRs:s>1t}:t>0}, (23)
t—+o0 t>0 s>t

where inf is the abbreviation of mathematical infimum and sup the abbreviation of supremum. An example of
the limit superior and inferior is illustrated in Figure 7. Consider the sequence R; = 0.1 cos(t) x (exp(—0.1¢)+
0.1) where t = 0,1,2,---. Although the sequence does not converge, its limit superior (—0.1) and inferior
(—0.1) still exist.

1.0 —=-limit superior
— -~ limit inferior

0.51 R

0.01

-0.5

-1.01 /

T T
0 20 40 60 80 100

Figure 7: The limit superior and inferior of the sequence R; = cos(¢)(0.1 + exp(—0.1¢t)).

Existing theoretical results [37, 38, 10] show that the convergence rate of EAs in continuous optimization
is up to linear. Similarly, the ACR of EAs can be classified into two categories via its limit property.

e The ACR is linear, if its limit inferior is a positive, that is, lim, ,, . ACR; = C > 0. In this case, the
approximation error reduces geometrically fast to 0. For example, the ACR in Figure 2 is linear.

e The ACR is sublinear, if it asymptotically reduces to zero as t — +o00, that is, lim;— 4 oo ACR; = 0. In
this case the approximation error converges slowly to 0. For example, the ACR in Figure 3 is sublinear.

The ACR can be estimated using one-step transition or multi-step probability transition. Given an error
sequence {e;,t =0,1,---}, the one-step error change at the tth generation is Ae; := e, — ey1- It is similar
to the quality gain [20] but the latter is defined on the fitness mean of individuals in a population f: rather
than the error mean e;. The rate of one-step error change is Aey/e;. Given a positive integer k, the k-step
error change at the t*" generation is AWe, = ¢, — errr- The rate of k-step error change is A(")et/et.

11
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Theorem 1. (1) For the error sequence {e;;t = 0,1,---}, if there exist a positive integer k and 0 < C < 1,

the rate of k-step error change satisfies

) Ae,
lim

t—+oo €t

=1-C>0,
then the ACR is linear, that is, limy_, oo ACRy =1 — cl/s > 0.
(2) For the error sequence {e;;t =0,1,---}, if

. Aey
lim —
t—+oo e

then the ACR is sublinear, that is, lim;_, .o ACR; = 0.

:07

(24)

(25)

Proof. (1) While the rate of x-step error change converges to a positive value, there are two different cases

to be discussed for the number of iteration ¢.

1. If t = mk for an integer m > 0, we have

mk . 1/mk m A(”)e 1/(mk)
ACanzl_(He k1> :1_[1_[(1_(11)”)} )
k=

k1 -1 €(l—-1)r

Note that m tends to +oo when ¢ — +oco. Then, from (24) and (26) we know
lim ACRp,. =1—CY".

m—+oo

2. If t = mk + k for integers m, k such that m > 0, 0 < k < k, we know

fans gy W il AR e B 1/(mr+k)
AORW_l_(H ) —1—[11(1— <>)(>}

1 Gk-1 =1 €l-1)r Cmk

From (24) we know that lim; o, <% = C, which implies that there exists ¢y > 0 such that

€t

e C
RS 2 V>t
€t 2
Then, monotonicity of e; says that Img > 0,
C e e
—<M§M§1, VYm > mo,
2 €me Em

and we conclude that

e 1/(mr+k)
lim (M> =1, VO<k<Hr.

m——+0o0 Cmk

Combining (24), (28) and (29) we know

m A(“’)e 1/(mr+k)
lim ACRyir = lim {1- {H (1—“””)} —1-CYn.

m—+o0 m——+o0 =1 €(l-1)r

From (27) and (30), we conclude that lim; o, ACR; =1 — C/*.
(2) When lim, , ,  Aet/e; = 0, from the ACR definition, we know lim;_, oo ACR; = 0.

(28)

To derive the linear ACR sequence, Condition (24) requires the rate of k-step error change larger than a
positive. This condition is weaker than the rate of the one-step error change larger than zero. But to derive
the sublinear convergence of the ACR sequence, Condition (25) requires the rate of one-step error change

to converge to 0 too.

12
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4.4. Link between ACR and Alternative ACR

Computation simulation in Section 3.2 shows the ACR and alternative ACR have similar behaviors.
There is a link between the ACR and alternative ACR. Under some conditions, their limits are identical.

Theorem 2. For the error sequence {e:}, if for a positive integer k and 0 < C < 1,

AWe,
lim

=1-C >0,
t——4o0 et

and in the definition of the alternative ACR, choose T to a multiple of k,

lim ACR, = lim ACRI.
—+o0

t—+4o0

Proof. Since 7 is a multiple of k, we have 7 = m& for a positive integer m. Then,

e —e 1/7
lim ACR] =1— lim <¢)

t—+o00 t=+oo \ 7 — €¢

=1-— lim
t——+4o0

X
€t—r €t €t—r

e (et Crry [ Cr ey 1/7.
| |

Since

1r m A 1/(mk)
lim ( c > = 1im (][ (17 M) =V~
t—+oo \ €4+ k—+oco Ckt+(I-1)r

e e 1/7 e 1/7
lim (‘f t“) = lim (17 t”) = (1 — ™)L/ (mw),
t—+o00 € t— 400 et

e e 1/7 e 1/7
lim <g> = lim (1— ‘H) = (1 — ML/ (me),
t—+o0 [ k—+o00 ey

we know that
lim ACR! =1-CY*.

t—+4o00

It has been proved in Theorem 1 that

. 1/t
0 11 Ck _1_ 1/

(577
k:lkl

and thus, we get that limy— oo ACR; = limy—, 4 o ACRI =1-—CY»,

(31)

O

The above theorem proves that the limit of AC'R; is identical to the limit of AC’R;r . If the f* value is

unknown, AC’R;r can be used as a replacement, of ACR;.

5. Theoretical Analysis of Evolutionary Programming

5.1. Landscape-invariant and Landscape-adaptive Mutation

In Section 3.2, it is observed that the ACR of invariant EP tends to zero, while the ACR of adaptive EP
tends to a positive constant. This section analyzes general EP (Algorithm 5) using landscape-invariant or
landscape-adaptive mutation. We only consider genetic operators which are unchanged over time or have

periodic change. So, the population sequence or a subsequence is a homogeneous Markov chain.

13
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Algorithm 5 Evolutionary Programming

: counter t < 0;

: initialize p individuals Xo = (%1, -+ ,Xp);

: while the stopping criterion is not satisfied do

generate Y; = (y1,--- ,y,) by mutation Y; = X; + Z; where Z; = (z1,--- ,2,) is p random variables;
if y; is out of the definition domain D, let y; = x;;

evaluate each individual’s fitness in population X; U Yy;

X1 < select p individuals from X; U Y;, where the best individual is always selected;

counter ¢ <t + 1;

: end while

W N

N> %

Mutation Y = X + Z can be characterized by probability transition. Given a population X € § and a
subset A C S, the transition probability kernel P,(X;.A4) [39] is defined as

Py(X; A) = /A Py (X: Y)Y,

where py(X;Y) is the probability density function depicting the mutation transition from X to Y. Further-
more, the x-step kernel is defined as

PO (X5 A) = / P Xy = Y | X, = X)aY.
YeA

In this paper, we assume it is continuous and bounded.
Generally, mutation operators can be classified into two categories.

e Landscape-invariant mutation: mutation Y = X + 7 is called landscape-invariant if Z is a random
variable vector whose joint probability density function py(0; Z) is independent on X. For simplicity,
denote py(0;Z) as p.(Z). EP using invariant mutation is named invariant EP. For example, the
Gaussian mutation using invariant ¢ in Section 3.2 belongs to invariant mutation.

e Landscape-adaptive mutation: if the probability density function of Z varies on X, mutation
Y = X + Z is called landscape-adaptive. EP using adaptive mutation is named adaptive EP. For
example, the Gaussian mutation using adaptive ¢ in Section 3.2 is adaptive mutation.

Given a contraction factor p € (0,1] and a population X, the population set S can be divided into two
disjoint subsets:

S(X,p) ={Y €8le(Y) < pe(X)}, S(X,p) =S\ S(X,p). (32)
The set S(X, p) is named as a p-promising region. When p = 1, the set S(X, 1) is called a promising region.

5.2. Analysis of Landscape-invariant EP

For EP using landscape-invariant mutation, we prove that its ACR converges to 0. First we demonstrate
that the infinum of the transition probability to the promising region is zero under a mild condition.

Lemma 1. If the number of optimal solutions is finite, then the transition probability of the landscape-
invariant EP to the promising region satisfies

inf{P,(X,S(X,1)); X ¢ S*} = 0. (33)

Proof. In order to prove (33), it is sufficient to prove lim.(x)_o Py(X, S(X,1)) = 0. That is, Ve > 0,35 > 0,
VX € A(S*,9)\ S* (where the set A(S*,0) = {X;e(X) < 6}), it holds

Py(X,8(X,1)) <e. (34)
14
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For a Lebesgue-measurable set A C S, let m(A) denote its Lebesgue measure. Because p,(Z) is contin-
uous and bounded, the probability of X + Z falling in a small area is small for a fixed X. That is, Ve > 0,
38" > 0 (set 0’ =¢/supp.(Z)), it holds VA C S: m(A) < ¢ and VX € S,

PriX+ZecA)= / p:(X + 2)dZ < e. (35)
Z:X+ZeA

Because the number of optimal solutions is finite (then m(S*) = 0) and f is continuous, for the set
A(S8*,9), we can choose ¢ sufficiently small so that m(A(S*,4)) < ¢'.

Because f is continuous, we may set ¢ sufficiently small so that VX € A(S*,§) and Y ¢ A(S*,9): f(X) <
F(Y). This implies that S(X,1) C A(S*,0). According to (35) and m(A(S*,9)) < ¢, VX € A(S*,0) \ S*,
we have

Pr(X + Z € A(8*,9)) <.
Because S(X, 1) C A(S*,6), we have

P,(X,S(X,1)) <Pr(X + Z € A(S*,6)) < &.
Then we get (34), and the proof is completed. O
The theorem below analyzes the limit property of invariant EP.

Theorem 3. If the number of optimal solutions is finite and the invariant EP using elitist selection converges
in mean, then starting from any Xo, limy_, oo ACR; = 0.

Proof. According to Theorem 1, it is sufficient to prove lim; o Aer/er—1 = 0. That is Ve > 0,3ty > 0,
Yt > to,
Aey < gey. (36)

From (34) in Lemma 1, we know Ve > 0,30 > 0, let A(S*,6) = {X;e(X) < d}. ThenVX € A(S*,6)\S*,
it holds
Py(X,S(X,1)) <e. (37)

Since the sequence {e;;t =0,1,---} converges to 0, EP converges almost surely to 0, that is,

Pr(tilg}w e(Xy)=0)=1.

Denote
& ={weS] tii?ooe(Xt(w)) =0}, Sa={weS| tiigloo e(X¢(w)) # 0}

It is obvious that
Pr(w € &) =0, (38)

and for the given § > 0, Itg > 0, then Vi > tg, it holds
e(Xi(w)) <9, YweS:.

From (37) we know
Py(X,8(X(w),1)) <e, YweS.

Then we obtain
Ele(Xt(w)) — e(Xis1(w)) | Xe(w)] < ee(Xi(w)), Vw € Si. (39)

While Yw € Ss, we know there exists a positive B:

Ele(Xi(w)) = e(Xia(w)) | Xi(w)] < B. (40)

15



0 JO0 Ul b WDN K-

Combining (38), (39) and (40) together, we get
Aey :/ Ele(Xi(w)) — e(Xig1(w)) | Xi(w)] Pr(dw) +/ Ele(Xi(w)) — e(Xig1(w)) | Xi(w)] Pr(dw)
S1 Sa

§€/ e(Xt(w)) Pr(dw) + B - 0 < eey.
S1

So (36) is true, and we complete the proof. O

Theorem 3 states that for the invariant elitist EP, ACR; — 0 as t — +o0o. This means that landscape-
invariant mutation is less efficient in continuous optimization. This phenomenon can be explained by the
lazy convergence for general Markov search [40]. As the population approaches the optimum, the probability
of generating a better state from one step to another goes to zero. This causes the slow convergence.

Note: Theorem 3 does not hold if the number of the optimal set X* is not finite, for example, the Jump
function (11) in Section 4.1.

5.8. Analysis of Landscape-adaptive EP

Landscape-adaptive mutation can be further split into two categories according to the probability of
locating promising regions.

e Zero landscape-adaptive mutation: adaptive mutation Y = X+ 7 is called zero landscape-adaptive
if the transition probability to the promising region satisfies

inf{Py(X;S(X,1)); X ¢ S*} =0. (41)
e Positive landscape-adaptive mutation: adaptive mutation Y = X + Z is called positive landscape-
adaptive if Ip € (0, 1), the transition probability to the p-promising region satisfies
C, = inf{P{"(X;S(X,p)); X ¢ S*} > 0. (42)
for some positive integer .

Thus, landscape-adaptive EP can be classified into two categories: the zero landscape-adaptive EP employing
zero landscape-adaptive mutation and the positive landscape-adaptive EP with positive landscape-adaptive
mutation. Theorems 4 and 5 analyze the limit property of the ACR of the two types of EP.

Theorem 4. If the number of optimal solutions is finite and the zero landscape-adaptive EP using elitist
selection converges in mean, then starting from some Xo, the ACR satisfies limy_, 1 oo ACRy = 0.

Proof. For zero landscape-adaptive mutation, (41) implies that there exists a subsequence {X } such that
limy 400 Py(Xy, S(Xy, 1)) = 0. Similar to the proof of Theorem 3, we know that lim;—, ., ACRy =0. O

Theorem 4 states that for the zero landscape-adaptive elitist EP, its ACR tends to 0 when starting from
some initial population. Thus, zero landscape-adaptive mutation is not always efficient. It is different from
Theorem 3 which holds for any initial non-optimal population.

Theorem 5. If the number of optimal solutions is finite and the positive landscape-adaptive EP using
elitist selection converges in mean, then starting from any non-optimal population Xy, the ACR satisfies
himt_)+ooACRt20>O

Proof. Let us estimate the lower bound of the ACR limit. From (32), we know that for any k£ > 0,
S(Xk, p) ={Y € S [e(Y) < pe(Xy)}.
It follows that S(Xy, p) C S(Xk,1), and for any Y € S(Xy, p),
f(Xk) = F(V) = (1= p)(F(Xk) = [7). (43)
16
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So we get for k consecutive steps that

> [ (00— S (Kue = Y | X0 = XY
S(Xk,p)

> sx )(1 —0) (F(Xp) = 1) P Xy = Y | Xy = X)dY  (from (43))
>(1—p)Cpe(Xy). (from (42)) )

Then

> =(1-9)C,. (45)
€L (%

It holds that

1/t
lim ACR, = lim [1— (ﬁ> } — lim 1-(
t——+o00 t—+o00 €0 t——+o00

Let C' = (1 —p)C, > 0. We complete the proof. O

Theorem 5 proves that positive landscape-adaptive mutation is efficient because it results in a positive
lower bound of the ACR. Theorems 3 to 5 confirms the different behaviors between the landscape-adaptive
EP and landscape-invariant EP. To design an efficient EA, mutation should be positive landscape-adaptive.

5.4. Case Study of Landscape-invariant and Landscape-adaptive EP

This section makes a case study of EP using landscape-adaptive and landscape-invariant mutation.
Consider the following minimization problem:

min f4(x) = [|x[|ec = max{]a:], 2]}, x = (21,22) € R®. (46)

It is optimized by (1 + 1) EP using mutation y = x + zI', where z is a random vector subject to a uniform
distribution U ([—1,1] x [~1,1]). I' = diag{~1, 72} represents the step sizes along x and =, axes respectively.
Denote the individual at the #*" generation as x; = (x1,22). Due to symmetry of the landscape, we can
postulate without loss of generality that z1 > 5. Then, [|x¢|c0 = 1.

Scenario 1: T is constant. In this case, the uniform mutation is landscape-invariant. Theorem 3
implies that ACR; converge to 0 when ¢t — +o0.

We first validate that this landscape-invariant (14+1) EP converges in probability. Let x; = (z1, 22), set

1= lz1l, 2 = |wal.
V0 < 0 < min{v1,72}, denote

Rs = [—9,0] x [-6,4].
The elitist selection confirms that

2

Vit e ZT.
4v172

Pr(xi11 € Rs|x: € Rs) < Pr(xy ¢ Rs|x0 ¢ Rs) =

17
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Thus,
Pr(x¢41 ¢ Rs) = Pr(xe41 € Rslxt ¢ Rs) Pr(x: ¢ Rs)

5 52 1 0)
< Pr(x; ¢ Rs) <--- < Pr(x*™ ¢ R
74}/1’}/2 ( t 5) - - <4y1’72> ( 5)

and we know
lim Pr(x¢y1 ¢ Rs) = 0. (47)
t—o0

That is, this landscape-invariant (1+1) EP converges in probability.
From (47) we know Ve; > 0, there exists ¢y > 0 such that

PI‘(Xt ¢R5) <ep, t>1p. (48)
Meanwhile,
1
Ble(xe) — e(xis)lxe = orvna)] = [ (o = max(lul el s
S(x¢,1) TV172
2 T1 Y1 [1.1]3
%W/%U;@1WMM}M ful (19)

By setting e = -2, (48) and (49) imply that

Ae; = E[Ele(xy) — e(x¢41)|%¢ = (m17372)]]

[t
X ERs 27172 xt¢Rs 27172 P,

<§E[e( x¢)| + MeEle(xy)],

[x1]?
27172

where M = max{ } Hence, limy_y o 2% < Since € is arbitrarily small, we can conclude that

3
et 2°

o\ 1/t
hm ACR; =1 — hm (—t) =0.
€0

Scenario 2: T is adaptive to the landscape. We consider an adaptive mutation strategy which
dynamically adjusts the step size as below. Let x; = (z1, z2),

0.1|z;|, 2mk <t < (2m+ 1)k, .
%i(t) = il ( ) mezti=1,2, (50)
0.2|z;], 2(m+ 1Dk <t < (2m+ 2)k,
where £ is a positive integer.
Because 7‘1 (i |) is bounded from below by 0.1, we have
i {P, (X5 S(X,1)); X ¢ 8} > 0. (51)

Thus, the above strategy is positive landscape-adaptive. According to Thereom 5, there exists some positive
C such that limy_, .o ACR; > C. Now let us deduce the lower and upper bounds on the limit of ACR;. Set

0.1, 2mk <t < (2m+ 1)k;
)\—{ ( ) meZi=1,2.

0.2, 2(m+1)k <t<(2m+2)x,

The analysis is split into two different cases.

18
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1. While 0 < (1 4 M)z < 21, we discuss two cases: (1 4+ A)zo < (1 — A)zg and (1 — N)zy < (1 4+ N)zo.
(a) If (14 Nae < (1 — Nz, we know

Ele(xt) — e(x¢+1)[x: = (21, 22)] =/ (z1 — max{|y1], [y2(})dy1dy2

S(xe,1) 1172

1 €1 (1+)\)(E2 )\
R EC N ('Tl - yl)dyZ dyl = - T1-
ANz 22 /(1—/\)1-1 /(1—A)z-2 4

Aet 1
= =\ 2
o 1 (52)

Then,

(b) If (1 = X)z1 < (1 + A)za, we know

Ele(x) — e(x¢41)x¢ = (21, 22)] :/ ! (z1 — max{|y1], |y2|})dy1dya

S(xe,1) M2

1 /ml /(1+A)9¢2 ) A
< (v7” —y1)dy2 | dyy = — 21,
AX2zq 29 (1-XA)z1 { (1=X)z2 ' O
and

1
Ele(x: — e(x¢41)|%¢] = (21, 2 :/
le(xe — elxt1)lxi] 122 S(xe,1) 47172

1 z1 (1=N)zy 1
> —y1)dy2 | dy1 = = A(1 — N)xy.
T AN T Ty /(1_,\)g51 /(1—A)a;2 (1 —y)dya | dyr = GAQL = N

Aer

€t

(z1 — max{|y1], [y2]})dy1dy2

Then,

ar(A) < < bi(A), (53)

where

a()) = ém SN, b)) = i

2. While (1 + Xz > x1 > x9, we know

Ele(x:) — e(x41)lxe] = (21, 22)] :/ " (e — max{lyn . Iyl } s de

S(xe,1) 4M172

oo L
= (z1 — max{[y1], [y2})dy2 | dya
AN22172 J(1-a)m, [ (1=\)zs

G- g - 50N

TUNz10 |2 6

I 1 1 T 1
oo Za-n.
4 [(2 6)\)352 5 A)}

Then,
1 1
EAxl < Ele(xt) — e(x¢41)|xt] = (21, 22)] < 6)\(5 - Nz1,

and it holds
az(A) £ — < by(N), (54)

€t
where

A b\ = ém ~).
19
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In summary, (52), (53) and (54) imply
1
min{g)\(l —A), =A< —<

Since

The ACR is bounded by
1 1 1
mm{g)\(l —A), E)x} < ACR; < 6)x(5 - ).

Set A = 0.1 or A = 0.2. Thus, the ACR of the landscape-adaptive EP bounded by

1 4
— < < —.
190 = ACH < 5 (55)

6. Relationship between ACR and Decision Space Dimension

6.1. Polynomial ACR versus FEzponential ACR

In Section 3.4, computer simulation demonstrates that the ACR decrease as the the decision space
dimension increases. In theory, Teytaud and Selly [37] discussed the convergence by the logarithm of the
distance to the optimum and proved a linear convergence with constant in [1—O(1/d), 1] for the comparison-
based algorithms. In general, the relationship between the ACR and decision space dimension can be
studied similar to the time complexity. Recall in the theory of time complexity, the runtime of algorithms is
often classified into two categories: exponential runtime and polynomial runtime as the problem input size.
Similarly, the ACR of EAs can be classified into polynomial and exponential categories as follows.

e Polynomial ACR: starting from any Xy, for any ¢, AC'R; is not less than a reciprocal of a polynomial
function of d, that is
Ja>1,¥t>0: ACR, =Q (d™%), (56)

where  is under Bachmann-Landau notation. (56) means AC R, reduces slowly as d increases.

e Exponential ACR: starting from some X, for a period as long as an exponential function of d,
ACR; is not more than a reciprocal of an exponential function of d, that is

Ja>1,b>1,vt= Q%) : ACR, = O (a™?). (57)
where O is under Bachmann-Landau notation. (57) means AC'R; reduces quickly as d increases.

According to the definition, a polynomial ACR is a linear ACR. However, an exponential ACR could be
either a sublinear or linear ACR. For example, an exponential ACR such that lim;_, ; oo ACR:(d) = exp(—d)
is still a linear ACR.

The theorem below provides sufficient conditions of determining whether an ACR is polynomial and
exponential.

Theorem 6. (1) If starting from any Xo, for any t > 0, some a > 1 and k > 0, the rate of k-step error
change satisfies

ARe,

€t

=Qd™ ). (58)
then starting from any Xo, for anyt > 0, ACR; = Q (d*”’/"’) .

20



0 JO0 Ul b WDN K-

(2) If starting from some Xo, for some t = O(b%) where b > 1, some a > 1 and and k > 0, the rate of
error change satisfies

A(”)et

€t

—0(a ). (59)

then starting from the above Xg, for some t = O(b%), ACR; = O (a*d/") .

Proof. Denote t = mk + k, where m is a positive integer, k € {0,1,...,x — 1}. Because
t 1/t m—1 A(H) 1/(mr+k)
ACR, =1 — H Ck —1_ H(l,J)M :
k—1 €k—1 =0 €l Emk

from (58), we derive ACR; = Q(d~%/%). From (59), we have for some t = O(b%), ACR; = O(d~%/*). O

In the above theorem, two parameters a and b relies on problems and algorithms.

6.2. Polynomial ACR on Easy Problems

To exemplify a polynomial ACR on easy problems, consider the (1+1) adaptive RUS for minimizing the
linear function.
min f7,(x) = Z?:l ciwi, x=(v1,...,74) € [0,1]¢ C RL (60)

fr is a natural extension of linear functions from pseudo-Boolean function optimization [1] to continuous
optimization. The OneMax function (8) is a special instance of linear functions. Since the OneMax function
is easiest to the adaptive (1+1) EP, the ACR slowly decreases as d on the OneMax function. Let us make
a rigorous analysis of this claim on linear functions.

Let x; = x = (21,...,24) be a non-optimal solution. An offspring y is generated by search along a
randomly selected dimension j with probability 1/d. That is,

Y = (xlv"‘7mj71:yj7mj+17"’amd)7

where y; = x; + N'(0,0;). Thanks to elitist selection, y is accepted if and only if it satisfies y; < z;. It is
trivial to validate that the probability of hitting the promising region is

d ) (y—x)2 d
. N e, L T os( %
Pg(x,S(x,l))—; ijd/o e dy—d;<2 <1>< Uj)). (61)

Let o; such that ;/0; = Cy where Cy > 0. In this case, we prove that the Gaussian mutation is positive
landscape-adaptive, that is, 3C > 0, p € (0,1), Vx ¢ X*, Py(x;S(x,p)) > C.
Since z;/0; = Cy > 0, we have

P,(x;S(x,1)) = % — B(—Cy). (62)

Take P,(x,S(x,p)) as a function of p defined in the interval (0,1]. Obviously P,(x,S(x, p)) is continuous,
that is, V e > 0, 3p(e) € (0,1) such that

Py(x,8(x,p(€))) > Py(x,5(x,1)) —e. (63)

Let p = p(e) and C, = & — ®(—Cy) — ¢ for any given § — ®(—Cp) > > 0. (63) and (42) confirm that the
Gaussian mutation with z;/0; = Cj is positive landscape-adaptive. Then, Theorem 5 claims that the ACR

is not less than a positive,
1
ACRy 2 C = (1~ p(e))(; — 2(=Co) —¢). (64)
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However, the lower bound presented by (64) does not show how the ACR is connected to the dimension
d. In the following, we demonstrate a relationship between the ACR and decision space dimension.
Given a fixed j, for the Gaussian mutation with z;/c; = Cp, the error change is

2
1 i y — ;)2 o;c; -3k ajc; _ a3
W/o cj(xj—y)exp{—(Qazj)}dy—\/j#<1—e 2J2'>—\/]ﬁ<1—6 20). (65)
j J

Since j is chosen at random from {1,--- ,d}, the average error change over all j =1,--- ,d is

d d
1 ojc; = 1 g
Ae:fg ]J<1—677>:7(1—677>E cjTy.
" dZ Vo V2mdCy =

Then we know that the rate of error change is

Aey 1 1 <3 1
i s l—e 2 ) =0(5).
er d~arCy < c ) @

According to Theorem 6, AC'R; is the reciprocal of a polynomial function of d for any t¢.

6.3. Exponential ACR on Hard Problems

To exemplify an exponential ACR on hard problems, consider the (1+1) adaptive EP for minimizing
the deceptive function (9). Since the deceptive function is hard to the adaptive (1+1) EP, the ACR quickly
decreases as d on the deceptive function. Let us make a rigorous analysis of this claim.

Let x; = x be a non-optimal solution. By Gaussian mutation, an offspring y is generated by x as
yi = x; + N(0,0;) where ¢ = 1,---,d. Let 0; = x; where i = 1,--- ,d. We prove that this Gaussian
mutation is positive landscape-adaptive.

For the deceptive function, let (1+1) EP start from the local optimum (1,---,1). According to the
definition of the deceptive function (9), fp(y) < fp(x) if and only if Z?zl y; < 1/2. Thus, only an offspring
y with Zle yi; < 1/2 can be accepted, and the transition probability to the promising region is

Py(x,8(x, 1)) = / b (y)dy

> yi<1/2
1 >y —1)? }
X expq —="——"— > dy;...dy
/2 yi<ij2 (V2m)d { 2 b
1 > iy — 1)2} —d
< CXp{—Zi dyy...dyg < b7, (66)
/ye[o.,l/zld (v2m)d 2

for some b > 1.

The expected hitting time to the promising region is at least b%. We choose a constant ¢ € (0,1) such
that 1 < cb < b, then for ¢t < (cb)?, the event of x; leaving the local optimum happens with a probability at
most 1 — (1 — b‘d)<“b)d < c?. Thus e; = d — O(c?).

For any x; satisfying Zle x; < 1/2, its average error change is at most ¢?/2. For x; = (1,---,1), its
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average error change is

(d+1=) w)— i | px(¥)d,
/zy<1/2< H1=2 00 =3 ui | ey

i

/Z vis1/2 (1 ) Zy) (\/21?)d o {2@2_1)2} dyy . dya
{

i

oo (1 Zy) v
/ze[ 1/2,00¢ ( Z(1+Zi)> (\/%)d eXp{*Zé 3}d21...dzd

2
/ exp{—zjizz dzy...dzg
a€[- 1/201d 27r) 2
= (2(

®(-1/2))". (67)

Then, by setting a = 1/(®(0) — ®(—1/2)), we know that a > 1. Then the rate of error change is not more
than the reciprocal of an exponential function of d, that is

IA

IN

Ae; a4+ 0(c?)
et = d—0(ct) ~ (68)
According to Theorem 6, we conclude that ACR; is not more than the reciprocal of an exponential
function of d for ¢ < (cb)?. This theoretical result confirms ACR; decreases quickly as d on the deceptive
function.
For the (1+1) adaptive RUS on the deceptive function, it is trivial to prove that starting from the local
optimum xg = (1,---, 1), the algorithm cannot generate a better child y such that fp(y) < fp(1,---,1).
Thus, for any t, we have x; = xg and then ACR; = 0.

7. Conclusions

This paper conducts a theoretical analysis of the ACR of EAs in continuous optimization. According to
the limit property, the ACR is classified into two categories: (1) linear ACR whose limit inferior value is
larger than a positive and (2) sublinear ACR whose value converges to zero. Then, it is proven that for EP
using positive landscape-adaptive mutation, its ACR is linear. But for EP using landscape-invariant or zero
landscape-adaptive mutation, its ACR is sublinear.

The relation between the ACR and the decision space dimension is also classified into two categories:
(1) polynomial ACR whose value is larger than the reciprocal of a polynomial function of the dimension for
any generation, and (2) exponential ACR whose value is less than the reciprocal of an exponential function
of the dimension for an exponential long period. It is proven that for easy functions such as linear functions,
the ACR of the (141) adaptive RUS is polynomial. But for hard functions such as the deceptive function,
the ACR of both the (141) adaptive EP and RUS is exponential.

This paper does not discuss EAs whose genetic operators change over time. This topic will be left for
future research.
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