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hitting time is one of the most important theoretical issues of evolutionary algorithms,
since it implies the average computational time complexity. In this paper, we establish
a bridge between the expected first hitting time and another important theoretical

Keywords: issue, i.e., convergence rate. Through this bridge, we propose a new general approach to
Evolutionary algorithms estimating the expected first hitting time. Using this approach, we analyze EAs with
Expected first hitting time different configurations, including three mutation operators, with/without population, a
Convergence rate recombination operator and a time variant mutation operator, on a hard problem. The
Computational complexity results show that the proposed approach is helpful for analyzing a broad range of

evolutionary algorithms. Moreover, we give an explanation of what makes a problem hard
to EAs, and based on the recognition, we prove the hardness of a general problem.
© 2008 Published by Elsevier B.V.

1. Introduction

Evolutionary algorithms (EAs) are a kind of optimization technique, inspired by the natural evolution process. Despite
many different implementations [1], e.g., genetic algorithm, genetic programming and evolutionary strategies, traditional evolu-
tionary algorithms can be summarized below by four steps:

) Generate an initial population of random solutions;

) Reproduce new solutions based on the current population;
) Remove relatively poor solutions in the population;

4) Repeat from Step 2 until a stop criterion is satisfied.

(1
2
3
(

In the evolutionary process, a population of randomly initialized solutions is maintained and evolved. Mutation and re-
combination are two popular operators for reproduction in Step 2. A fitness function is employed to guide Step 3. The
evolutionary repetition stops when, e.g., an optimal solution is found or time runs out.

EAs solve problems in straightforward ways and do not require, for example, continuous or differentiable functions or
inversable matrices. So, EAs have been applied to bioinformatics [17], circuit design [3], data mining [9], information retrieval
[4], etc. Despite the remarkable success achieved by EAs on practice problems, EAs are often criticized for the lack of a solid
theoretical foundation. Actually, such a theoretical foundation is very desired in order to gain deep understanding of the
strength and weakness of current EAs and thus develop better EAs.
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The first hitting time of EAs is the time that, in a run, EAs find an optimal solution for the first time, and the expected first
hitting time (EFHT) is the average time that EAs require to find an optimal solution, which implies the average computational
time complexity of EAs. It is evident that the EFHT is one of the most important theoretical issues of EAs.

Many papers have been devoted to the analysis of simple EAs. The (1 + 1)-EA, i.e., EA without population, has been
studied on the long path problem [22], the OneMax problem [23], the uni-model functions [5,7] and linear functions [6,7].
Another EA without population has been studied on the OneMax problem [10]. More details can be found in Beyer et al.’s
survey [2]. Owing to these efforts, several theoretical properties of EAs become more clear. In these works, however, ad
hoc approaches were used to analyze simple EAs on simple problems, yet a general approach that can be used to analyze
wider kinds of EAs to gain deeper insights is more desired. Recently, several works [13-15] have been devoted to developing
general analysis approaches, which are summarized in the latest survey [19].

He and Yao [13,15] have developed a general approach to analyzing a wide class of EAs based on drift analysis [11], which
is a significant advance. Intuitively, if we know the length of the whole path toward the optimum and the length of the
drift of the EA at each step, we can estimate the EFHT by dividing the path length by the step drift. However, no practical
measure of these quantities is known.

He and Yao [14] have developed another framework based on the analytical solution of EFHT to analyze and compare
EAs. Under this framework, two hard problem classes (i.e., problems that can only be solved in exponential time), the
‘wide gap’ problem class and the ‘long path’ problem class, were identified. Since the analytical framework is derived from
homogeneous Markov chain models, only EAs with static reproduction operators can be analyzed, although EAs with time-
variant operators or adaptive operators are very popular and powerful [8].

The convergence rate is another important theoretical issue of EAs, which implies how close the current state is to the
optimal area at each step. The convergence issue has been studied for years [12,16,21,23,25]. He and Yu [16] did a thorough
study based on the minorization method [20].

In this paper, we present the first study on the relationship between the EFHT and the convergence rate, and establish
a bridge between them. Through this bridge, we propose a new general approach to estimating the expected first hitting
time. In contrast to previous researches where easy problems (i.e., problems that can be solved in polynomial time) [6,
15,23] were studied, we use the proposed approach to analyze EAs on a hard problem. The analyzed EAs involve various
configurations, including three mutation operators, with/without population, a recombination operator and a time variant
mutation operator. The results show that the proposed approach is helpful for analyzing a broad range of EAs. Moreover,
we give an explanation of what makes a problem hard to an EA, and based on the recognition, we prove the hardness of a
general problem.

The rest of this paper is organized as follows. In Section 2, we briefly review some related work and introduce how to
model EAs using Markov chains. In Section 3, we introduce a new approach to estimating the EFHT, which is the main result
of this paper. In Section 4, we analyze several EAs on a hard problem using the proposed approach, which is followed by
discussions in Section 5. Finally, in Section 6, we conclude the paper.

2. Modeling EAs using Markov chain

EAs evolve solutions from generation to generation. Each generation stochastically depends on the previous one, except
the initial generation which is randomly generated. This conditional independence can be modeled natually by Markov chains
[12-14,18,24,25].

Combinatorial optimization problems are among the most common problems in practice, whose solutions can be repre-
sented by a sequence of symbols. In this paper, we use EAs to tackle them. To model this kind of EAs, we construct Markov
chains with discrete state space. The key to construct such a Markov chain is to bijectively map the populations of an EA
to the states of the Markov chain. A popular mapping [12,16,25] enables one state of the Markov chain to correspond to
one possible population of the EA. Suppose an EA encodes a solution in a vector of length L, each component of the vector
is drawn from an alphabet set B, and each population contains M solutions. Let S denote the solution space. There are
|S| = |B|* number of different solutions. Let X denote the population space. There are |X| = (Mﬂﬁ'Lq) number of different
possible populations [25]. A Markov chain which models the EA is constructed by taking X as the state space, i.e., a chain
{&),5 is built where & € X.

A population is called an optimal population if it contains at least one optimal solution. Let X* (€ X) denote the set of all
optimal populations. The goal of EAs is to reach X* from an initial population. Thus, the process of an EA which seeks X*
can be analyzed by studying the corresponding Markov chain [12,16].

In the rest of this section, we introduce several notations and definitions. Given a Markov chain {ét}:fg(ét € X) and a
target subspace X* C X, let u¢ (t=0,1,...) denote the probability of & being in X*, i.e.,

pe= ) Pl=x). (1)

xeX*
Definition 1 (Convergence). Given a Markov chain {Ef}f;o(‘)’ (& € X) and a target subspace X* C X, {St}:fg is said to converge
to X* if
lim ur=1. (2)

t—-+o00
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In [16], convergence rate is measured by 1 — i, at step t, which is equivalent to that used in [25]. Therefore, we also use
1 — ¢ as the measure of convergence rate in this paper.

Definition 2 (Convergence rate). Given a Markov chain {ét}:fg (& € X) and a target subspace X* C X, the convergence rate
to X* at time t is 1 — fu¢.

Definition 3 (Absorbing Markov chain). Given a Markov chain {5[};"3(& € X) and a target subspace X* C X, {gt}j:g is said to
be an absorbing chain, if

Vee(0,1,...):  P(&y1 ¢ X*| & € X*) =0. (3)

We use absorbing Markov chains to model all the EAs studied in this paper, because absorbing Markov chains have good
theoretical properties and can be practically achieved. An EA can be modeled by an absorbing Markov chain if it never
loses an optimal solution once found. Actually, most EAs for real problems satisfy this condition because, if an optimal
solution can be identified, the EA will stop when it finds them; otherwise, when optimal solutions cannot be identified,
the commonly used strategy of keeping the best-so-far solution in every generation can make the condition be satisfied.
Moreover, EAs that can be modeled by absorbing Markov chains converge to optimal solutions with certain operators [16],
which is a desirable property in practice.

Definition 4 (Expected first hitting time, EFHT). Given a Markov chain {E[};L:"g (& € X) and a target subspace X* C X, let a
random variable 7 denote the events

T=0: & € X*,
T=1&eX" AgEX (1=0),
T=25eX " AgeX (Vie{0,1}),

T=t&eX AE¢XT (Vie{0,1,...,t—1}),....

The mathematical expectation of 7, E[7], is called the expected first hitting time (EFHT) of the Markov chain.

This definition of EFHT is equivalent to those used in [13,14]. The EFHT of an EA is the average time in which it finds an
optimal solution, which is its average computational time complexity.

Markov chains model the essential of the corresponding EA processes, thus the convergence, convergence rate and EFHT
of EAs can be obtained by analyzing the corresponding Markov chains. So, in the rest of the paper, we do not distinguish
the convergence, convergence rate and EFHT of EAs and those of the corresponding Markov chains.

3. Deriving expected first hitting time from convergence rate
The convergence rate has been studied for many years [12,25] and recently a general bound has been developed in [16]

through the minorization condition method [20]. Since we focus on using EAs to solve combinatorial optimization problems
in this paper, a discrete space version of Theorem 4 in [16] is proven below.

Lemma 1. Given an absorbing Markov chain {Et}:;"g (& € X) and a target subspace X* C X, if two sequences {ozt}:; og and {ﬁt}fzog
satisfy

+o0
[[a-an=0 (4)
=0
and
P(& =
ﬁr?ZP(EtHEX*@t:X)l(E%MX) > o, (5)

XgX*
then the chain converges to X* and the convergence rate is bounded by

t—1 t—1

A—po)[[A—ad=1—pe > —po) [ [ - 80 (6)

i=0 i=0
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Proof. From Eqgs. (1) and (3), it follows that

e — 1=y P(E& € X* | &1 =x)P (&1 =x).
X¢X*

and by applying Eq. (5) we get

(1 = pe—oe—1 < e — pe—1 < (1 = pe—1)fr—-1,
A =pe—D)A—o—1) 21— pe 2 (1 = pe—1)(1 = Br—1),
by applying this inequality recursively, we have

t—1 t—1

A-po[Ja-anz1-pzd-pa[Ja-p). ©

i=0 i=0

Lemma 1 implies that as far as the probability of an EA ‘jumping’ into the set of optimal solutions can be estimated
for each step, the bounds of its convergence rate can be derived. The only requirement is that the EA can be modeled by
an absorbing Markov chain, i.e., the EA satisfies Eq. (3). As mentioned before, most EAs used in real problems meet this
requirement.

In Definition 4, the EFHT is the mathematical expectation of the random variable t. Meanwhile, the probability distribu-
tion of T is the probability of an optimal solution being found before step t (t =0, 1,...). Thus, as long as the EA can be
modeled by an absorbing Markov chain, it holds that

fesr —pe= ) PEp1=x— ) PE=x)

xeX* xeX*
=P(r=t+1).
This implies that the probability distribution of 7 is equal to u;, which is one minus the convergence rate. So, the conver-
gence rate and the EFHT are two sides of a coin.

Meanwhile, the bounds of the probability distribution and bounds of the expectation of the same random variable have
a relationship shown in Lemma 2.

Lemma 2. Let u and v denote two discrete random variables that are nonnegative integers with limited expectation, and D, (-) and
D, (-) denote their distribution functions, respectively, i.e.,

t
Du)=Pu<t)=) Pu=i).
i=0

t
Dy()=P(v<t)=) P(v=i).

i=0
If Dy(t) > D, (t) (Vt =0,1,...), then the expectations of the random variables satisfy
E[u] < E[v], (7)

where Elul =3, _q tPu=0t)and E[vl=3}_o, tP(v=0).

Proof. Since D, is the distribution of u,

+00
E[u]=0-Dy(0) + Y t(Dy(t) — Dy(t — 1))
t=1
+00 +00
=22 (Du® = Dut = 1))
i=1 t=i
+o00

+00
= g(&iﬂ‘m Du® = Du(®) = Y (1= Du(),

i=0

and same for v. Thus,
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+o0 +00
Efu] —E[v]=_(1—Dy(i)) = > _(1—Dy(D)
i=0 i=0
+00
= (Dv(i) — Dy (1))
i=0
<0. m]

Since one minus the convergence rate is the probability distribution of 7, and the EFHT is the expectation of t, Lemma 2
reveals that the lower/upper bounds of the EFHT can be derived from the upper/lower bounds of the convergence rate.
Thus, based on Lemmas 1 and 2, a pair of general bounds of the EFHT in Theorem 1 can be obtained.

Theorem 1. Given an absorbing Markov chain {st}t*jg (& € X) and a target subspace X* C X, if two sequences {at}f:"g and {ﬁt}j:g
satisfy

+00
[[a-an=0 8)
t=0

and
P& =x)

B> Plem € X & =x)—

X¢X*

= o, 9)

then the chain converges and, starting from non-optimal solutions, the EFHT is bounded by

+o00 t—2
Elr]<ao+ Yt [ [ —ar) (10)
t=2 i=0
and
+00 t—2
Elt]>Bo+ Yt [ [(1— B (11)
t=2 i=0

Proof. Applying Lemma 1 with Eq. (9), we have

t—1

1= < (1= po) [T —a).
i=0

Considering that u; expresses the distribution of 7, i.e., it = D, (t), we can get the lower bound of D (t) as
o t=0,
1-(1—p) I —a) t=1,2,....

Imagine a virtual random variable 1 whose distribution equals the lower bound of D;. The expectation of 7 is

D:(t) > {

+00 t—2 t—1
Bl =0-po+1-[1 = (1 —ao)(1 — o) — o] + Y t- [(1 —po) [Ja - -1 -po[]a —oz,-)i|

t=2 i=0 i=0
B +00 t—2 T
=lao+ ) teet [ —a) |(1 = pro).
L t=2 i=0 4

Since D¢ (t) > Dy(t), according to Lemma 2, E[t] < E[#]. Thus, the upper bound of the EFHT is

r +00 -2 ]
E[t] < | oo+ ) toeo [ [(1 =) |1 = o).
L t=2 i=0 .

Note that the EA is assumed to start from non-optimal solutions, i.e., o =0.
The lower bound of the EFHT can be derived similarly. O

Two points in Theorem 1 remain to be clarified. Firstly, ‘starting from non-optimal solutions’ is just a theoretical assump-
tion that is used to make the result easy to read. Practically, for the problems where EAs are applied, the probability of a
randomly generated solution being optimal is exponentially small. In such case, this assumption will not affect the result of
the asymptotic analysis. Secondly, Theorem 1 is written in a compact form, i.e., we will have both lower and upper bounds
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of the EFHT if we have both 8; and «; in Eq. (9). Actually, it is also applicable when we only have one of them. We will
have a lower bound of the EFHT if we have §;, and we will have an upper bound of the EFHT if we have o;.

The bounds of EFHT, i.e., Egs. (10) and (11), have an intuitive explanation. The part o;_q ]‘[5;3(1 — ;) (or replacing o
by ) indicates the probability of the event that the EA finds an optimal solution at the tth step, but does not find it at any
earlier step.

Theorem 1 shows that we can have bounds of the EFHT from the bounds of the formula

P =
Y Pl e Xt g =9 Y,

(12)
XEX* He

The first part of the formula P(&41 € X* | & = x) is the probability of the EA ‘jumping’ into an optimal population, which

we call as success probability. The second part P fz‘) is a normalized distribution over non-optimal states. As long as these

two parts are estimated, the bounds of the EFHT can be derived. The more accurate the estimated probability, the tighter
the derived bounds.

4. Case study on a hard problem

In this section, we will prove that the Trap problem is hard (i.e., can only be solved in exponential time) for several EAs,
using our proposed approach. The Trap problem is defined below.

Definition 5 (Trap problem). Given a set of n positive values, i.e., W = {w;}{_,, and a capacity value c, to find x* from

n
X* = argmax E Wi - X
xe{0,1}" i—1

n
s.t. wa <X < C,
i=1

where wi =wy=---=wp_1 > 1, wnz(Z?;ll wi)+1 and c = wy,.

Trap problem has one optimal solution x* = (000...01). A solution is a feasible solution if it satisfies the constraint,
otherwise it is an infeasible solution.

We try to tackle the Trap problem using several EAs which are configured commonly as below. The Reproduction will be
implemented by concrete operators later.

e Encoding: Each solution is encoded by a string with n binary bits, where the ith bit is 1 if w; is included and 0
otherwise.

e [nitial: Randomly generate a population of M solutions encoded by binary strings.

e Reproduction: Generate M new solutions from the current population.

e Selection: Select the best M solutions among the current population and the reproduced solutions, which is also called
plus-selection, to form the population of the next generation. The selected M solutions are with the best fitness value
(according to the definition below).

e Fitness: The fitness of a solution x = (x1x2...X;,) is defined as

n
Fitness(x) = 6 Z WiX; — C, (13)
i=1
where 9 =1 when x is a feasible solution, i.e, Y i ;wix; <c, and § = 0 otherwise. The fitness function is to be

maximized, and the larger the fitness is, the better the solution is. Here, the maximum fitness value is zero.
e Stop criterion: If the largest fitness value in population is zero, stop and output the solution with the maximum fitness.

To implement the Reproduction operator, we use several popular operators, listed below.

Mutation#1 (bitwise mutation with constant probability): Independently flip each bit of each solution with an constant
probability p, € (0, 0.5].

Mutation#2 (bitwise mutation with probability 1/n): Independently flip each bit of each solution with probability p, = %
This may be the most commonly used mutation operator.

Mutation#3 (one-bit mutation): Randomly flip one bit of each solution.

Mutation#4 (time-variant mutation): Independently flip each bit of each solution with probability (0.5 — d)e~t + d, where
de (0,0.5]and t=0,1,....

Recombination (one-point crossover): Exchange the leading o bits of randomly selected two solutions, where o is drawn
randomly from {1,2,...,n—1}.
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Mutation#1 seems like a special case of Mutation#2. However, there is a significant difference, that is, the mutation prob-
ability of Mutation#2 is adapted to the problem size while that of Mutation#1 is a constant. So, the asymptotic behaviors,
as n — o0, of the two are different.

To focus on the order of the asymptotic complexity of EFHT of EAs, we use the §2(-) representation. For two functions
f() and g(-), we write f(n) = $2(g(n)) to represent that g(n) is an asymptotic lower bound of f(n), if and only if

lim m >0
n—-+o0 g(n)

)

and meanwhile, we write g(n) = O (f(n)).
4.1. Static mutation without population

First, we show how the three static mutation operators, Mutations #1, #2 and #3, perform on the Trap problem, with
population size 1, that is, (1 4+ 1)-EA. Since a population is equal to a solution, the population state space is equal to the
solution state space, i.e, X =S.

Proposition 1. Solving the Trap problem using the EA with Reproduction implemented by Mutation#1 (bitwise mutation with constant
probability) and with a population size 1, i.e. (1 + 1)-EA, if starting from non-optimal populations, the EFHT is bounded by

E[t] = 22(6™), (14)

where = (1 — pm)~! € (1, 2] is a constant and n is the problem size.

To prove this proposition, we need to find an upper bound of formula (12) applying Theorem 1. We first investigate the
part of success probability of formula (12), P (&1 € X* | & = x). Assuming a solution has k bits different from the optimal
solution, the probability of the solution being mutated to be the optimal solution is p’,‘n(l — pm)™ ¥ using Mutation#1. So
the maximum probability of a solution being mutated to be the optimal solution is pm(1 — pi)™~!, which means that there
is only one bit difference. Therefore, we have P(£,1 € X* | & =X) < pm(1 — pm)"~ L. Then, by applying Theorem 1 with this
upper bound, we get this proposition.

Proof. Since P(£41 € X* | & =%) < pm(1 — pm)"~ 1, we have
P =x)
1—
P =x)
1

Y P(es1 € X* & =x)

XEX*

<Y pm(1—pp)" T —T——
XEX* Mt

— pn(1 = pyy—! e PE=%)
1—pue

=pm(1 —pm)™'. %% by Eq. (1)
Let Bt = pm(1 — pm)™~!, by Theorem 1,
+00 t—2 1 1 n—1 1
E[r])ﬂo+2tﬂt_1 1_[(1 —ﬂi)z_( ) — g1

t— o Pm \1—pm DPm

Considering that p,, is a constant, E[t]= £2(0"). O

Proposition 2. Solving the Trap problem using the EA with Reproduction implemented by Mutation#2 (bitwise mutation with proba-
bility 1/n) and with a population size 1, i.e. (1 + 1)-EA, if starting from non-optimal populations, the EFHT is bounded by

E[t]=2(2"), (15)

where n is the problem size.

If we follow the idea in the proof of Proposition 1 to obtain an upper bound of success probability, i.e., P(§+1 € X* |
& =x) < 1/(en), we can only obtain an §2(n) lower bound for the EFHT, which is too loose.

To get a tighter bound, we take two steps. First, we show that formula (12) is 0(1/2") at the beginning, i.e., t = 0.
Second, we show that formula (12) decreases as t increases. So O(1/2") is an upper bound of formula (12). By applying
Theorem 1 we get Proposition 1.

There is a trick for calculating formula (12). We divide the state space into subspaces, in which states share some
common properties, and treat each subspace as a whole. We first divide the state space into n+ 1 subspaces {X;}}_,, where
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X; contains all the solutions that have exactly i identical bits with the optimal solution, so that the solutions in each
subspace have the same probability of being mutated to be the optimal solution. By this division, the success probability at
t =0 is calculated. We then divide the state space into the optimal space X*, the feasible space Xr and the infeasible space
Xj, according to whether solutions satisfy the constraint, and combine this division with the previous one. By this division,
we find that formula (12) decreases as t increases.

Proof. Let

Xi={xe X ||x—x|u=n—i},

where | - ||g is Hamming distance and x* is the optimal solution, which means solutions in X; have i bits identical with the
optimal solution, and that X = Ji_, X;, [Xi| = (}), and X, = X*.
Then, by applying Mutation#2, we calculate the success probability

. 1 n—i 1 i
Vxe Xi: P(&1eX |§t:x):(ﬁ> (1——).

n

At t =0, we have

Y Pl e X1 g=x) =Y

gxe 1— 1o
= Z P(& € X* | & =x)P(§o =x) %% by assumption 1o =0
X¢X*

n—1 n
=) > (PG eX [o=xPE=») *%by X=[Xi
i=0 xeX; i=0
—nf: ATER R CTIA UL Vi PEp=x) = —
T i/\n n) on PPV TR0 =X =0

i=0
n—1\"\ 1
= ]— —
n 2n
e—11

e on
Let X = X* U Xf U X;, where X* contains the optimal solutions, Xg contains all non-optimal feasible solutions whose
last bit is 0, and X; contains all the infeasible solutions whose last bit is 1. Denote

X =Xin Xg.
According to the fitness function, we have

Vxoe X5, xieXE, . xno1eXE | x e Xy
F&) > fxo) > f(x1) >+ > f(xa—1) > f(x)

and due to the selection behavior, i.e., the solutions with the largest fitness will be selected, we have

Vi,qn—12=j>q>0):

P(&r1€X] |&€Xy)=0,  P(Ey1€X|& €Xp)=0,
PEr1€X] 16 €X)  PoeX))
P X! |&eX) PlEoeXh)

where the last equation is by that, since every infeasible solution has the same lowest fitness, there is no selection pressure
on the leading n — 1 bits when the solution is infeasible, and thus each of the leading n — 1 bits has probability 0.5 to be
either zero or one.

For all k € {0,1,....,n — 1}, denoting Xa, = ULOXiF and Xp, = U?;k]“ xF, at time t =0, for all ke {0,1,...,n—1},
there exists na, ¢, 9g,.t, NF,c and 0y such that

vj.q:

> P(&p1 € X* | & =X)P(& =X) = na,. Pt € Xay).

xeXAk

D P(E € X* & =X)P(E =X =g, (P& € Xp,),

XEXBk
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> P(y1 € X | & =X)P(E =X) =0 P(E € Xp),

xeXFf
D P(&r1 € X* | & =X)P(& =%) = 01 P& € X)).
xeXy

On the relationship between 74, ¢ and ng, ¢, it holds that

nAk,[ < an,ta

by P (&1 € X* | & € Xa,) < P(Ers1 € X* | & € X{) < P(6r41 € X* | & € Xp)).
On the relationship between 74, and 7y, it holds that at t =0,

NA,0 < 11,0,
by, first, na,,0 < 7,0, which is by nr0="na4,,0 P(EOGXF; + 18,0 gggi;';; and 14,0 < 18,0, and second, nf o < 11,0, Which is
by Vx1,x2 € X: P(§ =x1) = P(§o =x2) and

erxF P(&1eX* & =x) - erx, P eX* & =x)

P(&o € XF) P& € X))

And for t > 0,

NAg.t <11,0,

by that, since

P(Ep1 € Xa) =PE €Xa)+ Y PlE1€Xa l&=0PE=x— Y P(&1 € X UXp UX[|&=x)P&=x)

xeXp, UX| xeXa,
=PEeXa)+ Y PlErieXal&=x)PE=x— Y Pl eX |&=x)PE=x
xeXp, UX; xeXay,

%% by P(§t+1 € Xp UXi|é € XAk) =0
> (1= P61 € X" |5 € X)) PG € Xa) + D P61 € Xa | & =2) P& =)

xeX

%% by —P (£ € X* | & € Xa) = —P (41 € X* | & € X[)
t

P(80 € Xa) [ (1 PGiv1 € X" & € X))

i=0

t
- Z( 3" P(gir1 € X, | & =X) PG —x>) (]‘[(1 ~ P(Ej41 € X* | §j € x,f)))

xeX j=i

t

=P € Xa) [[(1 - PEis1 € X* |5 € XD))
i=0

t t
+ 3 P(Ei1 € Xa, 1§ € X1)P(&i € xn(]'[(l ~ P e X* g€ x{))),
i=0

j=i

and similarly,

t
P(E41 € Xg,) < P(§0 € Xp,) [ [(1 = P(Eip1 € X* & € X))
i=0

t t
+) P(siy1€Xp, |G €XI)P (& € X1)<1_[(1 —PEj1eX|&je X,f))),
i=0 j=i
and
Py €Xfl& €X)  PEoeX])
P eXs & eX) PEoeX))

we thus have
P(&t11 € Xa,) - P € Xa,)
P(&41€Xp,) ~ P(o€Xp,)’

Vk:
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since P(§41 € X* | & € Xa,) < P(&t41 € X* | & € Xp,), by enumerating k, we have

erxAk P(&r1 € X | & =x)P (& = %) erxAk P eX* & =x)PE =x)
P(& € Xay) = P(& € Xa,) ’

which is n4,,¢ < 14,0, and by 14,0 < 11,0, it holds na, ¢ < ;0.
Then, we have
P(i1eXp) PG €Xa) = Diex, Plrr1 € X" & =P E =%
T—pepr 1= e = Yex, Uxpux, PEe1 €XF |G =XPE =X)
_ (1 — a0 PGt € Xa,)
1= e — Nac P& € Xa) — 1Bt P& € XBy) — 1P (& € X))
- (T —na.0) PG € Xa)
1— e —na P& € Xa,) —Nae PG € X,) — N4 e PG € X))
%% DY Nat < NB.t> NAt <MNr1,0 and 1y =150
_ (A =na, P& € Xa)
T (A=A, — )

_ P& eXp)
T—pe
. PEpelU o xE)  PeelUl o xD) . I
whichis Vn—1>k > 0: t+11—m+10 > = 1_M[0 by writing back X4, = (Ji_ X[ So, we have
P& =x)
Y P(EeXT & =x)fi—
XEX* He
P( Pi=x
=ZP(&+1€X*|& PE=» +Z §t+l€X*|Et=X)1i4
XeXF xeX a
P& = P(§0 =X)
<) PEeX | fo=x) " +Z (&1 € X" 160 =x)————
xeXF K xeX| Ho

P eUio X)) _ PG e UL XD
1— fhet1 ~ 1— e

k k
%% P<st+1 € X |steUx,F> <P(st+1 ex*|steUx,-F)

i=0 i=0
. P(Eo =X)
=Y PEreX lfo=0)—"—
XEX* Mo
e—l 1
e 2

%% by both that Vn — 1>k > 0: and

Let B = ==, by Theorem 1,

e
E[t] > —2”
that is, E[t]=2@2". O
Proposition 3. Solving the Trap problem using the EA with Reproduction implemented by Mutation#3 (one-bit mutation) and with a
population size 1, i.e. (1 + 1)-EA, if starting from non-optimal populations, the EFHT is bounded by

E[r]= 22", (16)

where n is the problem size.

We can follow the idea of the proof to Proposition 2. First, at t = 0, formula (12) is calculated to be O(1/2"). Then we
find that formula (12) reduces as t increases, which leads to an upper bound O (1/2") of formula (12). By Theorem 1, the
EFHT has a lower bound $§2(1/2"). The difference to the proof of Proposition 2 is that the solution space is divided into

subspaces in a different way, according to the characteristic of Mutation#3. To arrive at the proof, we divide the state space
into subspaces, in each subspace solutions have the same Hamming distance to the optimal solution. By this division, we
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find that only the solutions, which have only one bit different from the optimal solution, have non-zero probability of being
mutated to be the optimal solution. Thus, formula (12) is calculated.

Proof. Let
Xi={xeX| |x—x"|p=n—i},

where | - ||y is Hamming distance and x* is the optimal solution, such that X =, X;, |Xi| = (’;’) and X, = X*.
Then, by applying Mutation#3, the success probability is

‘l . .
. ifi=n—-1
Vx € Xj: P(§t+1eX*|§[:x):{“’ . n‘ ’
0, otherwise.

Noticing that X,_; contains the one feasible solution, which has the lowest fitness among feasible solutions, and n — 1
infeasible solutions, which has the lowest fitness among all solutions, we have

P(&41 € Xn1 1 & € X — Xnm1 — X*) < P(6t41 € X — Xn1 — X | & € Xn—1).
At t =0, we have

. PGo=Y)
X;(;P(Elex [f0=%) 7=~

P =
= Y PEeX|&= x)](éo—ﬂx) %% by subspace dividing
— Mo

xeXn_q
11’(50 oo
=2 - %% by P(Ev1 € X" | & € Xno1) = —
xeXn_q
in 1 [Xn—1] 1
= T one %% by P (&0 € Xn—1) = o T om

At time t + 1, on the relationship between w; and w11, we have

Mepr = e + P(Eey1 € X[ & € X — Xn1 — X*) + P(541 € X | & € Xn—1)
= e + P (&1 € X* | & € Xn1).
%% by P(&41 € X* & € X — Xno1 — X*) =0

On the relationship between P (& € Xp—1) and P(&+1 € Xp—1), we have

P(&ry1 € Xn—1) =P(& € Xn—1) + P (&1 € Xa—1 | & € X — Xp1 — X¥)

— P(&+1 € X" | & € Xn—1) = P(E41 € X = Xn1 — X" | & € Xn1)
< P(& € Xn—1) — P(5e41 € X™ | & € Xn—1).
%% by P(E41 € Xno1 | & € X — Xno1 = X*) < P(E41 € X — X1 — X* | & € Xn—1)

Considering the above two relationships together, we have

P(&41 € Xn—1) - P(& € Xn—1) — P(§r41 € X | & € Xn—1)

1= fea 1— e — Prt1 € X* | & € Xn—1)
P(& € Xn—
< PGi e Xn-1) %% by Vt: 1 — jue > P(& € Xp_1) = 0.
1—pue
Therefore,
P& =x)
Z P(§t+1 e X* |Et=X)ft7
xEX* — Mt
P P € Xi P(& € Xi
< Z P(e € X* | =x) L0 =X (éo %% by (6t+1 € Xi) < (6 € Xi)
oy — Mo 1— et 1— e
1
= 2_n,
So, let B = 2,,, by Theorem 1, the EFHT is lower bounded
E[r]>2",

that is, E[t]=2@2". O
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4.2. Static mutation with population

Now we study how the three static mutation operators perform with population size larger than 1. Specifically, let us
consider the case where the population size is equal to the problem size n, i.e. (n + n)-EA, which is a practical strategy. In
this case, the population state space consists of solution state spaces, which means a population x € X contains n solutions
from solution space S.

We can consider each population as a set of solutions without order. Denoting ‘(- --)’ as a solution and ‘{---} as a popula-
tion set, the two populations, which consist of the same solutions with different orders, are equal, e.g., {(001), (011), (110)} =
{(110), (011), (001)}. By this consideration, there are |X|= (2"+n”_1) number of population states [25]. But if we generate
a population by generating each bit of each solution independently from an uniform distribution, we will have differ-
ent probabilities to choose different states, e.g., P({(001), (001), (001)}) = 0.5° but P({(001), (011), (110)}) = 6 x 0.5°.
Meanwhile, we can equivalently consider each population as an ordered set of solutions. Denoting ‘[---] as a popu-
lation with order, the two populations, which consist of the same solutions with different orders are unequal, e.g.,
[(001), (011), (110)] # [(110), (011), (001)]. By this consideration, there are |X| = 2"*" number of different population states,
and the probability of randomly generating every population is exactly 1/|X|. We use the second consideration in the
follows, such that the calculation will be simple.

Proposition 4. Solving the Trap problem using the EA with Reproduction implemented by Mutation#1 (bitwise mutation with constant
probability) and with a population size equals to the problem size, i.e. (n + n)-EA, if starting from non-optimal populations, the EFHT
is bounded by

911
E[t]:!?(—), (17)
n
where 6 = (1 — pyy)~! € (1, 2] is a constant and n is the problem size.
The proof of this proposition is the same as of Proposition 1, except that the state level is upgraded to the population
states. We know that the maximum probability of a solution being mutated to be the optimal solution by Mutation#1 is
pm(1 — pm)™1, which leads to that the maximum probability of a population being mutated to be an optimal population is

1— (1 — pm(1 — pm)"~H™. Therefore, we can have an upper bound of formula (12). By Theorem 1, we get this proposition.

Proof. Since P(§41 € X* | & =% <1— (1 —pmn(1 —pn)™ ", we have

P =

3 P eX*|st=x)y
xeX* — Mt
~1PE=%

<D pm(1—pn)" =T
X;X* 1_11/{

n L P& =
(1= (1= (1 = py1y") 22 PE =)

T— e
=1—(1—pm(1—pm)"")" %% by Eq. (1)
~npm(1 = pm)™ 1. %% asymptotically equal
Let fr =npm(1 — pm)"~!, by Theorem 1,

400 t—2 11 1 n—1 on
E[t]> B0+ Y thi— 1— ‘=——( ) = )
Po ;ﬁug =1 —

Considering that pp, is a constant, E[7] = .Q(en—"). O
Proposition 5. Solving the Trap problem using the EA with Reproduction implemented by Mutation#2 (bitwise mutation with proba-

bility 1/n) and with a population size equals to the problem size, i.e. (n + n)-EA, if starting from non-optimal populations, the EFHT is
bounded by

21’1
E[r]:sz<—2), (18)
n
where n is the problem size.

Following the proof of Proposition 2, we divide the population state space X = {0, 1}™*" into n + 1 subspaces {X;}}_,

where X, contains all optimal populations, X; (i € {0,...,n — 1}) contains non-optimal populations, and the solution with
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the worst fitness in each X; has i identical bits with the optimal solution. By doing so, the state subspaces hold the same
properties as those in the proof of Proposition 2, which leads to the calculation of formula (12). The only difference from the
proof of Proposition 2 is that the upper bound of formula (12) is calculated at the population level but not at the solution

level, which results in O(g—i). Therefore a lower bound .Q(i—g) is obtained by Theorem 1.
Proof. Let
Xi= {xe X| min|s —s*|lg =n —i},
SeEX

where || - |y is Hamming distance, x denotes a population, s denotes a solution, and s* is the optimal solution.
Denote
Xi={xeXi|Vsex: |s—s*|y=n—i}.

By applying Mutation#2, the success probability is

vxe Xt P(&41€ X | & =x) < P(§41 € X* | & € Xi)

%% by considering the worst population in the subspace X;

1 n—i 1 ixn
() ()
n n
1 n—i 1 i
~ n(—) (1 - E) . %% asymptotically equal

n

Because all the solutions in every population of subspace X; have at most i bits identical to the optimal solution, and there
is at least one solution holding the exact i bits of that, we have the probability at the initialization that

resen=()-(()2) (L ()%) ()

j=0

At t =0, we have

P& =
> P(s1eX* g =x)y
XEX* —Ho
=Y P(1eX*|&=x)P(&=X) %% by assumption 1o =0
X¢X*
n—1 n
=Y D (P(EreX* l5=x)PG=x) %%by X=JX;
i=0 xeX; i=0

Fel (-0
el ()

e—1n?
e 21
Let the solution space S be divided into three subspaces S = S* U Sg U S|, where S* contains the optimal solution, Sf

contains all the non-optimal feasible solutions whose last bit is 0, and S; contains all the infeasible solutions whose last bit
is 1. Denote

Xp={xeX|Vsex:seSk}, Xi=X—Xp—X*

and then denote
xF=xinxp,  XF=XinXp.

According to the selection behavior, i.e., the solutions with the largest fitness will be selected, we have
Viqn—1>j>2q>0): P(s1eX] & eX;)=0,  P(&41€Xi|&€Xp)=0,

P(§1 € X]F 6 € X)) Poe XJE)

PG eXf & eX) PEeX)

vj.q:
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where the last equation is by that, since every infeasible solution has the same lowest fitness, there is no selection pressure
on the leading n — 1 bits when there is at least one solution in the current population is infeasible, and thus each of the
leading n — 1 bits has probability 0.5 to be either zero or one.

For all ke {0,1,...,n— 1}, denoting Xa, = U?:o XF and Xp, = U':;,:H XF, at time 0, for all k€ {0, 1,...,n— 1}, there
exists Na,.¢, NMB,.¢» NF,t and 1 ¢ such that

> P(&1 € X* | & =X)P(& =X) = na,. P&t € Xay),

xeXAk

> P(&r1 € X* | & =X)P(6 =x) =15, P (& € Xp,).

xeng

> P(fir1 € X | & =X) P& =x) =nF. Pt € Xp),

xeXF
D P(Er1 € XF & =x)P(E =% =n1P(& € X)).
xeX

On the relationship between 74, ¢ and ng, ¢, it holds that
NAg.t < NByts
by P(&41 € X* | & € Xp,) < P(&41 € X* | & € Xp,), which is by
P(£41 € X* | & € Xa,) < P(E41 € X* | & € X[)
according to the definition of X, and
P(€s1 € X & € X{) < P(e41 € X" | & € Xp,)

when n — +o0.
On the relationship between 14, and 7, it holds that at t =0,

NA;.0 <110,

L P(&geX P(&oeX o
by, first, na,.0 < 1F.0, Which is by ng.0 =1na,.0 P(égle;; + 18,0 ngix‘;; and na,.0 < g0, and second, NF o < 71,0, which is

by

Y PELEXT160=%) Yoy, PE1 € X" [60=2)

Vx1,% € X: P =x1)=P(y=x2) and P < Xp) < P XD

And for t > 0,

NAg.t < 11,0,
by that, since

PErp1 €Xa) =PE eXa)+ Y Py € Xa l&=0PE =0~ Y P(&s1 € X" UXp UX; | & =X)P(E =2

xeXBkUXI xeXAk
=PEeXa)+ Y. PEreXal&=x0PE=x— Y PEneX [&=x)PE=X)
xeXBkUXI xeXAk

%% by P(&41€ Xp, UX| | & € Xa) =0
>(1=P(E1 eX* & e X{))PE € Xa)+ Y PErs1 € Xa, | & =2)P (& =X)
xXeX)
%% by —P(§+1 € X* | & € Xa) = =P (541 € X* | & € X[)
t

> P(o € Xa) [ [(1 = PGir1 e X* & € X))
i=0

t t
- Z( > P(6ir1 € Xa, |6 =X)P (& =x>) (1‘[(1 — P& e X g€ X,f)))

i=0 \xeX; j=i
t
=P eXa) [ [(1 - PGy e X* & € X))
i=0
t
+ > P(§iy1 € Xa, 16 € X)) P& € xo(]‘[a — P e X g€ xkF))),

t
i=0 j=i
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and similarly,

t

P(Erp1 € Xp,) < P60 € Xp) [ [(1 = PGy € X* | & € X))
i=0

t t
+ Y P(6ir1 € Xp, 1§ € X)) P(&i € x1)<1_[(1 — P(Ej41 € X* | §j € X,f))>,
i=0 j=i

PesrextigeX)  PEexh) P(&41€Xa,)  P(é0€Xa) .
— Vk: K k. * *
and P eXfaeX) = PaXD)’ we thus have Vk since P(&1€ X* | & € Xa,) <PEq1 € X* | & €

" PGir1eXp,) ~ PGoeXp)’
Xg,), by enumerating k, we have
Dwexy, PGt €XT1E =0PE =% Yyex, PE1€X"[&=2P &0 =%
<
P(& € Xap) P(&0 € Xa,)

i

which is na,.¢ < 14,0, and by 74,0 < 11,0, it holds na, ¢ < 7y 0.
Then, we have
Pl € Xa) _ P& € Xa) = 2xexy, PGt € X* 1§ =0)P(E =x)
1— et 1=l = P ovexy uxp,ux, PEer1 € X* [ & =0P (& =x)
(1 —=na,0)P & € Xa,)
1= e —na e PG € Xa) — 08yt P € X)) — N1t P (6 € X))
- (1 —na.0)PE € Xa,)
1— it —na e P& € Xa) — Nat P& € Xp) — na e P(6e € X)
%% DY Nae.t < NB.t> NAt <M1,0 and 0yt =150
(=4, PG € Xa)
A =na.0d = fo)

_ PG eXa)
T—pe
k F k F
whichisVn—1>k>0: P(E”]lfﬂutio XD P(&el!;j[" X by writing back X, = Ui'(:o XF. So, we have
P =x)
Z P(&+1 € X" | & =X)]i7
xX¢X* 122
(S P(& =x)
=Y Pl € X & =x)—>— +Z $t+1eX*|Et=x)1i—
xeXF xeX| Mt
P( P(&g=x)
<) PE X bo=x)—7"—— EO +Z SleX*lrEo:x)]éE—
XEXF xeX| Mo

P e Uo X)) _ Pl e Uto XD
1— e - 1— e

k n—1
%% and P<sm € X* |steUxf> <P(§t+1 ex*l&e | X,-F>

%% by both that vn —1 >k > 0:

i=0 i=k+1
P& =x)
= P($1€X*|$0=X)1_7
XEX* Mo
_e—1n?
T e on

that is, E[t] = Q(ﬁ—l). O
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Proposition 6. Solving the Trap problem using the EA with Reproduction implemented by Mutation#3 (one-bit mutation) and with a
population size equals to the problem size, i.e. (n + n)-EA, if starting from non-optimal populations, the EFHT is bounded by

211
IE[r]:.Q(—z), (19)
n
where n is the problem size.

As in the proof of Proposition 5, we can divide the population state space X = {0, 1}™" into n + 1 subspaces {X;}]_,

where X, contains all the optimal populations, and X; (i € {0,...,n — 1}) contains non-optimal populations, among which
the solution with the worst fitness in the population has n —i bits different from the optimal solution. By doing so, the state
subspaces hold the same properties as those in the proof of Proposition 2, which leads to the calculation of formula (12).
The only difference from the proof of Proposition 2 is that the upper bound of formula (12) is calculated at the population

level but not at the solution level, which results in O(g—,zl). Therefore a lower bound Q(ﬁ—;) is obtained by Theorem 1.

Proof. Let
X; = {xeX | min||s — s*||y =n—i},
sex
where | - || is Hamming distance, x denotes a population, s denotes a solution, and s* is the optimal solution.
By applying the one-bit mutation, the success probability is

<1-@a-=hHm Xn—1.
P(§t+]€X*|§t=X){ ( n) X € Xp—1
=0, xeX—Xp_1 — X*,

by considering that only populations in X;_1 have chance to mutate to be optimal, and that the best case that all solutions
in X,—1 have only 1 bit different from the optimal solution. Since there are n solutions that have one bit different from the
optimal solution, the probability of being in X,_1 at initialization is

P(Eo € Xp 1) =1— (1—2"—”) .

Noticing that X,_1 consists of populations that contain either the feasible solution that has the lowest fitness among feasible
solutions, or n — 1 infeasible solutions that are with the lowest fitness among all solutions, we have

P(&+1 € Xn—11& € X — Xn1 = X*) < P(Er41 € X — Xn—1 — X" [ & € Xn—1).

At t =0, we have

N P(§=x)
P X =X)—
E (51 € X" | & =%) .

XEX* T-n
= Z P(& € X*|&=x)P(§o=%x) %% by assumption fo =0
X¢X*
= Y P(&1eX" £ =X)P(E =X
xeXp_1

%% by P(&41€ X & €X—Xpo1 —X*)=0

(=)0 (-5))

n2
z—n.

At time t + 1, on the relationship between w; and w:41, we have

pe =+ Yy PEm X &E=0)PE =0+ Y P& eX* |&=x)PE=x)

xe(X—Xp_1—X*) xeXn_1
=pe+ Y Plen € X & =x)PE=x)
xeXn_1

%% by P(£1€ X* & € X — Xn_1 — X*) =0.

On the relationship between P (& € Xp,—1) and P(&+1 € Xp—1), we have
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P(&t+1 € Xn—1) = P(§c € Xn—1) + Z P(&t+1 € Xn—1 1 & =X)P (5 =%)
xeX—Xp_1—X*

— Y PEneX | &=0)PE) — Y P(E1€X—Xp1— X |&=X)PE =2

XeXn_1 xeXn_1
<PEe€Xp1)— Y P(areX'|&=X)P&)
xeXn—1
%% by P(E41 € Xn—1 |6 € X — Xno1 = X*) < P(E41 € X — X1 — X* | & € Xn—1).

Considering the above two relationships together, we have

P € Xno1) _ P& € Xn—1) = Xxex, , PGrr1 € X" [ & =%)P (&)
1— et T— e =3 ex,  PGErr1 € X* & =) P (& =x)
_ PGie Xu1)

X

%% by Vt:1— e > P& € Xn—1) 20

T— e
Therefore, we have

P& =x)

Z P(&1 e X™ | & =x)1517

XgX* Mt
P(& = P X P ex.

<Zp(s1ex*|g0:X)M g py PG € Xomt) PG € Xoo)
XEX* 1= 1o 1— e 1— e
n2

So, let B = g—i by Theorem 1, the EFHT is lower bounded

on
E[t] > 2

that is, E[7] = 2(%). O
4.3. Mutation and recombination with population

We implement the Reproduction by a mutation operator and a recombination operator together as follows, where ét’Y’H
and ?;[CH are defined as the sets of solutions produced by mutation and recombination from &, respectively:

. the population & contains n solutions,
. apply the mutation on &; to produce another n solutions E[’f"H,

. apply the recombination on & to produce n more solutions étcﬂ,
. choose the best n solutions from & UEM, UES, ;.

AW N -

Considering the fitness function of the Trap problem, when the last bit of a solution is 1, it is either the optimal solution
or a solution with the worst fitness. We can divide the solution space S into Sr and S;, where the last bit of solutions in
Sk is 0, and the last bit of solutions in S; is 1. This separation is helpful for our analysis on recombination. We first give a
lemma, based on which the lower bounds of three EAs are then derived.

Lemma 3. Solving the Trap problem by the EA with population size equals to the problem size, i.e. (n + n)-EA. Let ® : X — Z be a

function that cuts off the last bit of all solutions in the population from X, and Z is another population space Z = {0, 1}*®=1 where

each population contains n solutions of n — 1 bits long. Then, as long as there is at least one solution in the current population &; is
from S;, we have

vZcCZ: P 7) = 12!

CZ: P(PE)eZ)= Zr

This lemma tells that how the leading n — 1 bits of solutions in the population distribute, given that there is at least one
solution whose last bit is 1. To prove the lemma, first, we find that, by initialization, each of the leading n — 1 bits of every
solution has probability 0.5 to be either zero or one. Second, we notice that applying of the mutation and the recombination
operators does not change that distribution. Finally, the selection does not change the distribution of those n — 1 bits so far
as at least one solution from S; remains in the population after the selection operation. Thus, the lemma is proved.
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Proof. At t =0, we have

vZCZ: P 7 — 12
cZ: (¢(§o)62)—m,

due to random initialization.
At time t + 1, the mutation operators and the recombination operator are all symmetric, i.e.,

{ PEM =yl&=x)=PEM =x|& =1y,
PER =yl&=0=PE" =xI&=y).

where ét’Y’H and ét’il denote the populations of & after the mutation and the recombination operators, respectively.
By applying an arbitrary symmetric operator, i.e., one for which it holds P(§;+1 =y | & =%) = P(§41 =% | & = y) for
arbitrary x € X and y € X, we have

Vy: PE =y)—PGo=y)
= Y PE=ylo=0PE=x—- )Y PE=xlb=yPE=))

xeX—{y} xeX—{y}
= Z Pér1=ylé=x(PE =x —PGo=1y))
xeX—{y}

%%6by PE1=yléo=x)=PE1=x|&=1Y)

1 1
= P = = — - —
E &=yl X)<|X‘ le)

xeX—{y}
=0.

Therefore, we have

1X| c o Xl
= —, P 5;‘ eX)=—
IX| (& <X) IX|

for the mutation operators and the recombination operator, respectively. This leads to

vXcX: P& eX)

vZzcz: P(e(g))ez)= %

by noticing the universal quantifier V.
The Selection operation generates &1 by choosing the best n solutions from & U éﬂl u st’ir Since there is at least one
solution from &; survives in &1, we have

VseSp: P(seéyrlsegUeM ugl ) =1,

P(2(sr)e2) =

by considering that every solution in Sr has a better fitness value than all the non-optimal solutions in S;. Since all the
non-optimal solutions in S; have the same fitness values, they have the same probability to survive in &1, i.e.,

Vs1,52 €St P(s1 € |s1 €& UM UER ) =P(sae&pn Isa e UM UER ).
Therefore,

5 o 1Z]

VZeZ: P(q)(gm)ez)_m. O

Proposition 7. Solving the Trap problem using the EA with a population size equals to the problem size, i.e. (n + n)-EA, if starting from
non-optimal populations,

(a) if the Reproduction is implemented by Mutation#1 (bitwise mutation with constant probability) and Recombination, the EFHT is
bounded by

E[t] =9(§> (20)
n

(b) if the Reproduction is implemented by Mutation#2 (bitwise mutation with probability 1/n) and Recombination, the EFHT is
bounded by

E[t] :9(%) (21)
n
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(c) if the Reproduction is implemented by Mutation#3 (one-bit mutation) and Recombination, the EFHT is bounded by
2n
E[r]:.Q(—3>, (22)
n
where n is the problem size.

To prove the proposition, we first notice that the recombination operator could not generate the optimal solution from
a population that does not contain any solutions from S;, which derives an upper bound for when the recombination has
non-zero success probability. Then we find that the probability of being in populations that contain solutions from Sy is
decreasing. Thus we get an upper bound of formula (12), which leads to the proposition.

Proof. Considering that the mutation and recombination are applied independently and the Selection operation does not
generate new solutions, we have

P& =
ZP(E[.{_]GX*lEt:X)y
X¢X* Mt
P = P& =
ZZP(EﬂlEXH&:x)M"_Zp(gt’ilexﬂéc:x)y,
x¢X* — Mt EX* — It

where St"i] is the population reproduced from &1 with only mutation, and st'fH is that with only recombination.
Let

Xp={xe X|Vsex:seSF},
X;=X— Xg — X*,
X ={xe X/ | P(Eh, € X" 1 & =x)>0}.

Then, we have

vt P41 € Xi |6 € Xp) =0,
ve: P(ER, e X*|& e XF) =0,

by considering the behavior of the selection and the recombination.

When &; € Xf, we have exactly the same results as with using mutation operators only, since the recombination is not
useful.

When &; € Xj, for the mutation operators we have

npm(1 — pm)"~', for Mutation#1,

P& = ,
Z P(EM, e X* & :X)y <<t g—ﬁ for Mutation#2,
X¢X* Mt

'\élzw ®

s for Mutation#3.

For the recombination operator, we have

P =
Y PR e x5 ==Y

XX 1_M[
P& =
= Z P(ER, e x* & :x)y %% by the definition of X
xeX? ‘
P(D () = P(x)(1 — pr)
<P PEh exTE =
xeXF ‘

%% by optimistic assumption that the last bits of all solutions in x are all 1
<Y P(@E)=d®) %xby P(E%, e X* & =x)<1
xeXP
=P(®() € (@@ | xeX[})
_ Hewlxe X[}
4

where @ (-) and Z are defined in Lemma 3.

, %% by Lemma 3
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By the definition of X, every population in X f should contain at least one solution whose leading d bits are the same
as those of the optimal solution, and at least one solution whose tailing n — 1 — d bits are the same as those of the optimal
solution. Thus we have

O N O RN ORONES S

Then, we get

. P& =x) n*(n—2)
ZP(S&IEX |§t:x) 1:114 S on+1

xeXj

Therefore, for Mutation#1,

n%(n—2)

<pm(1 = pm)"! 4+

D Plas e Xt & =x)

xeX

P& =x)
1-—

Let B =npm(1 —pm)" 1 + M, the EFHT is obtained,

n+1

. nPa-=2)\! 2"
E[r]:(npm(l—pm)” 1+W) :.Q(n—3).
For Mutation#2,
P& =x) e—1n> n*(n—2)
c _
ZP(§t+1€X*|§f—x) 1— S e 2_n+ ont1

xeX

Let B = ¢ 4 -2 the EFHT is obtained,

e on+1

_— e—1n2 n’(n—2) *1_9 "
=\ T =\ )

For Mutation#3,

P& =x) _n* ni(n—2)
P(eS e X & =X)—— " < "
Z (Sf+1 | & ) 1— e on + on+1

xeX

2 . .
Let B = g—i + 022 the EFHT is obtained,

on+1

2 n2m-2)\"" i

4.4. Time variant mutation

Proposition 8. Solving the Trap problem using the EA with Reproduction implemented by Mutation#4 and with a population size 1,
i.e. (1 + 1)-EA, if starting from non-optimal population, the EFHT is bounded by

E[t]= (") (23)
where 6 € (1, 2] is a constant and n is the problem size.

Since we model the evolution process by a non-homogeneous Markov chain, we can easily model the time-variant mu-
tation, and simply reduce it to a homogeneous Markov chain to prove the proposition following the proof of Proposition 1.

Proof. Applying Mutation#4, for x such that ||x — x*||g =k, we have

P(Er1 € X* & =x) = (05—d)e ' +d)"(1—05—de "t —d)" ™.

Since (0.5 —d)e~! +d € (0, 0.5], we have
P(Es1 € X* & € X — X*) < ((0.5—dye " +d)(1— (0.5 —dye " —d)" .

Thus,
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P& =X)
Py e X™ & =x)——
x%(:* 1— e
<(O5-diet+d)(1-©5—de )" 3 L l@r — a
- Mt

X¢X*
=((0.5—d)e—f+d)(1-—(().S—d)e—f—d)“‘l %% by Eq. (1)
<051 —d)™ 1. %% further relax
Therefore, B; = 0.5(1 — d)"~!, by Theorem 1, the EFHT is lower bounded

+00 t—2
Elt]> o+ Y the [ [ — B =20 —d) ™! =20""",
t=2 i=0

that is, E[t] = 2(©"). O
5. Discussion

In the previous section, we have proved that it needs exponential time to obtain the optimal solution to the Trap
problem using several variations of EAs. To arrive the proof of that the Trap problem is hard to be solved by the EA using
Mutation#1, we need only to bound the part of success probability of formula (12). In the same way, we can also prove
that any problem with exponential size of solution space, even easy problems such as the OneMax problem, is hard for
the EA using Mutation#1. This suggests that a non-adaptive mutation rate is not suitable for any problem which is with
exponential size of solution space, and in those cases an adaptive mutation rate is preferred.

From the proofs for EAs using Mutations #2, #3 and Recombination, we find a common trick. At first the success
probability at the initial step is exponentially small, then the EA goes toward a wrong direction which makes the success
probability even lower. To disclose what is behind this trick, we re-investigate formula (12), i.e.,

* — M_ * M R . M
X%(;P(Etﬂex | & =x) 1— —X;(;P(s egM Uel 15 =x) T

%% by that Selection does not generate solutions

)

where ét’Y'H and ét’il are the populations reproduced by mutation and recombination operators from &;, respectively, and s*
is the optimal solution.
The above formula consists of two parts. The success probability part

P(s e &M, UES & =x)

is determined by the Reproduction operators. Once the operators of the EA are fixed, the success probability is determined.
In other words, this part is at the algorithm side. The normalized distribution part Izﬁz‘)) is calculated by a recursive

equation

PEp1=x)=PE =%+ Z PGErri=x1&=y)PE=y) - Z PEr1=yl&=x)PE =%,

yEx* yEx*

in which, once the Reproduction operators have been fixed, the non-recursive terms P(§+1 =X |& =y) and P(§41 =Y |
& =x) are determined by how solutions are favored, which is dominated by the fitness. Considering that when we apply
an existing EA to tackle a problem, the Reproduction operator is fixed before we see the problem, while the fitness fully
depends on the problem. So, the normalized distribution part is at the problem side.

So, our explanation to the question that what makes a problem hard to an EA is, on such problem the EA will run in
a direction, which causes that the probability of being in good areas (i.e., having a large success probability) to decrease
while that of being in bad areas (i.e., having a small success probability) to increase. In other words, the algorithm side
mismatches the problem side.

Motivated by this recognition, we raise a question: how large is a problem class which, for any EA, contains at least one
problem instance that cannot be solved by the EA in polynomial time? The answer to this question implies a general bound
on the effectiveness of EAs.

At the first glance, this question seems related to the No Free Lunch theorem [26] which indicates that if all possible
problems are considered, and if every problem instance has equal chance to be encountered (which is arguable), any two
algorithms will have equal average performance. But note that the No Free Lunch theorem only considers whether one
algorithm is relatively better than another algorithm, and an algorithm performs poor on a problem does not mean other
algorithms will also perform poor on this problem. While, what we want to know is, whether there is some problem class
which is hard for all EAs, that is, for any EA the problem class contains at least one hard problem instance.

We find that, for any EAs there must exist a problem instance which is hard in an exponential size general problem.
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Definition 6 (General problem). A general problem with a solution space S and solution space size |S| is a finite set of
problem instances, where every function in a bijective function cluster 7:S — {1,2,...,|S|} corresponds to the fitness
function of a problem instance.

In other words, a general problem contains |S|! number of problem instances, each is a permutation of solutions. Thus,
every point in the solution space can be found as the optimal solution to an instance of the general problem.

We denote exp(n) as the exponential order of n, and poly(n) as the polynomial order of n, omitting the exact components
of that order.

Theorem 2. Given that

(a) a general problem with a solution space size no smaller than exp(n),
(b) an EA with a population size no larger than poly(n),
(c) every solution has an equal probability to appear in the initial population,

there exists at least one problem instance on which the EFHT of the EA is no smaller than exp(n)/ poly(n), where n is the problem size.

Proof. Denote Reprod(§;) as the solution set generated by Reproduction operators, of which the size is no more than
poly(n) (otherwise it already costs exp(n) time). Considering that |S| = exp(n) and population size is no more than poly(n),
the population state space |X| = exp(n)P°Y®™_ We have

> P(s € Reprod(&) | & = x) < [Reprod ()| < poly(n)
seS

= Y > P(seReprod(&) | & = x) < poly(n) exp(n)P*V™
seS xeX

- - 1
= FeS: Z P(3 e Reprod(&) | & = x) < poly(n) exp(n)P°V™ s

xeX

%% otherwise the sum over S will exceed poly(n) exp ()P ™

Let 5 denote the optimal solution s*.
At time t =0, we have

* P& =x)
P X1 £ = x) 0 =X
x;(:* (gl © %0 X) 1— o
= P(& =
= Z P(s* € Reprod(%o) | & = X)M
— Mo

X¢X*
%% by that the selection does not generate new solutions

=Y P(s* e Reprod(%o) | éo = x)

X¢X*

W %% by assumption o =0

1 1
exp(n) exp(n)Povm

< poly(n) exp(n)PoV™

_ poly(m)
exp(n) ’
At time t + 1, we sort all non-optimal population states into a sequence {x;} (x; ¢ X*), such that
P(&41 € X* | & =x;) < P(&41 € X* | & = Xi41).

Afterwards, we have

poly(n)
3 Ple €X' 16=X) = 3P €Reprod) =) < ol et
poly(n)

exp(n) '

= IeX: P(1eX¥|&=X)<

poly(n) exp(n)PoV®
exp(n)

%% otherwise the sum over X will exceed
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Therefore,

* . « _ poly(n)
P(%R =Xx"| & =x0) < P(gtR =x*|g =&)< exp(n) ’

by considering that xo has the lowest success probability.
Now, we choose a fitness function f(-) such that

f&) > fxo) >+ > f(x) > flxip1) > ...
Since the solutions with larger fitness values will have higher probability to survive from the selection, we have

P (&1 € {x0, ..., x¢}) P(& € {xo,...,x¢})

Vk: >
P(§r1 € X —{x0, ..., x} —{x*}) P& e X —{x0,..., %} — {x*})
o vk P(&t41 € {X0, .., Xk}) > P € {XOsu-»Xk})'
1= e 1— e
Then, we have
P& =x
Z P(&41€X* |Et:X)#
XX — Mt
P(& =x) oly(n)
< S P(EreX* 80 =2) fﬂ < ixy(n) ,
XEX* Mt p
which makes E[t] > sgﬁfgf) by Theorem 1. O

6. Conclusion

This paper extends our preliminary research [27]. We establish a bridge between two of the most important theoretical
issues of evolutionary algorithms (EAs), that is, the expected first hitting time (EFHT) and the convergence rate. With this
bridge, we propose a new approach for analyzing the EFHT of EAs. The proposed approach bases on non-homogeneous
Markov chains, and thus it is suitable for analyzing a broad range of EAs.

Using the proposed approach, we proved that a problem is hard (i.e., can only be solved in exponential time) for several
EAs under various settings, including three static mutation operators, with/without population, a recombination operator
and a time-variant mutation operator. It is noteworthy that the time-variant operator was hard to analyze before, while the
proposed approach is naturally useful for this situation.

We gave an explanation to the question that what makes a problem hard to EA, that is, the algorithm part and the
problem part mismatch. EAs are usually considered as general optimization approaches, or in other words, they are problem
independent. Thus, when the parameters of an EA are fixed, the EA may run toward a wrong direction on some problems,
which makes the problems hard for the EA. Based on this recognition, we proved that a general problem is hard if it has an
exponentially large state space.

In the future, we intend to extend our approach to optimization problems for real-valued functions.
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