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Abstract

For complicated problems that cannot be solved in polynomial first hitting time (FHT)/running time(RT), a
remedy is to perform approximate FHT /TH analysis for given approximation ratio. However, approximate
FHT/RT analysis of randomized search heuristics (RSHs) is not flexible enough because polynomial FHT /RT
is not always available for any given approximation ratio. In this paper, the error analysis, which focuses on
estimation of the expected approximation error of RSHs, is proposed to accommodate the requirement of
flexible analysis. By diagonalizing one-step transition matrix of the Markov chain model, a tight estimation
of the expected approximation error can be obtained via estimation of the multi-step transition matrix.
For both uni- and multi-modal problems, error analysis leads to precise estimations of approximation error
instead of asymptotic results on fitness values, which demonstrates its competitiveness to FHT /RT analysis
as well as the fixed budget analysis.

Keywords: Expected Approximation Error, Fixed-Budget Analysis, Running Time Analysis, Random
Local Search, (1+1)EA, Knapsack Problem.

1. Introduction

Randomized search heuristics (RSHs), including evolutionary algorithms (EAs), particle swarm opti-
mization, ant colony optimization, etc., could be employed solving a wide variety of optimization problems.
However, their performances are significantly influenced by mathematical characteristics of the investigated
problems. Thus, one would compare performances of RSHs on various fitness landscapes prior to design of
individualized strategies for complicated optimization problems [1, 2, 3]. Considering that numerical simula-
tion is to some extent approximation of the underlying iteration mechanism, one could design individualized
strategies based on the results of theoretical study.

Theoretical analysis of RSHs was usually focused on estimation of the expected first hitting time (FHT)
or the expected running time (RT), which quantify the needed evaluation budget to hit the global optimal
solutions. A variety of theoretical routines were proposed for estimation of FHT/RT [4, 5, 6, 7, 8, 9], and
massive theoretical results have been reported in the past years [10, 11, 12, 13, 14, 15, 16]. Although popular
in theoretical study, FHT/RT analysis does not work well when RSHs are not anticipated to locate the
global optimal solutions in polynomial FHT /RHT. For this case, a remedy is to investigate the approximate
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FHT/RT by taking an approximation set as the hitting destination of consecutive iterations [17, 18, 19, 20,
21, 22, 23, 24, 25].

However, approximate FHT/RT analysis depends on preset values of the approximation ratio, which
are sometimes unavailable for achievement of polynomial FHT/RT. For this case, approximate FHT/RT
analysis are not flexible enough to accommodate the requirement of theoretical study. Inspired by the fact
that numerical performance of EAs is usually evaluated by qualities of solutions obtained with a given
budget, Jansen and Zarges proposed to estimate objective values by fixed-budget analysis [26]. Following
this theoretical routine, Jansen and Zarges performed a theoretical evaluation of immune-inspired hyper-
mutations [27], and Nallaperuma et al. analyzed performances of RSH on the traveling salesperson (TSP)
problem [28]. For given iteration budget ¢, fixed budget analysis generated bound estimations of fitness,
which was not general and sometimes invalid for a large t. Moreover, it was performed by analysis tricks
depending on properties of the investigated problems. Thus, general analysis frameworks were not easy to
be obtained and sometimes only asymptotic results could be obtained.

Similar to the analysis routine of deterministic iteration algorithms, expected approximation error of
RSHs can be estimated by evaluating the convergence rate (CR). Due to the stochastic iteration mechanism
of RSH, CR was defined as 711 = el /elt=1] where el is the expected approximation error at generation
t. By restricting the convergence rate under the condition 71 < X < 1, Rudolph [29] proved that the
sequence {em;t =0,1,---} converges in mean geometrically fast to 0. However, numerical simulation of rltl
is unstable. Thus, He and Lin [30] propose to investigate the average convergence rate (ACR) of binary-

coded RSHs, defined as RIl = 1— (em / e[o}) 1/t. They estimated the lower bound of RI* and proved that Rl
converges to an eigenvalue of the transition matrix if the initial population of EA is randomly initialized.
Recently, Chen and He [31, 32] performed an ACR analysis for continuous RSHs, which demonstrated a
significantly different performance of RSHs for continuous optimization problems.

Starting from 1l or R, it is straightforward to get an exact expression of the approximation error by

t
elt) = 1 T] r"hor et = €l0l(1 — R,
k=1

He et al. [33, 34] performed an unlimited budget analysis to get expected approximation error by estimating
one-step convergence rate ¥l for any ¢. However, tight evaluation of the convergence rate dependent on t
is a challenging task, while a general estimation of [} could lead to a very loose estimation of the expected
approximation error.

An alternative routine to compute the expected approximation error is to estimate the probability dis-
tribution via multiplication of transition matrices. He [35] proved if the transition matrix associated with
an EA is an upper triangular matrix with distinct diagonal entries, the relative error el!! could be expressed
as

L
M =S"A" Ve, (1)
k=1

where )\ are eigenvalues of the transition matrix and ¢ are coefficients. In accordance with this idea, He et
al. [36] proposed to compute ¢ and /\Z_1 by estimating ¢-th power of the transition matrix, and presented
several mathematical routines depending on the properties of transition matrices.

As suggested by He et al. [35, 36], we investigated performances of random local search (RLS) for the
case that the status transition matrices can be computationally diagonalized, and estimated the expected
approximation error for arbitrary iteration budget [37]. However, when the bitwise mutation is employed
in the (141) evolutionary algorithm ((1+1)EA), the transition matrix is a full upper triangular transition
matrix, the ¢-th power of which is theoretically feasible but computationally unavailable. In this study, we
try to address this issue by construction of auxiliary Markov models. For a searching process characterized
by a full upper triangular matrix (named as an elitist search), we construct an auxiliary bi-diagonal search
process that is modelled by a bi-diagonal transition matrix. While the bi-diagonal search converges slowly
than the elitist one, expected approximation error of the bi-diagonal search is an upper bound of that of the
elitist one. In this way, we get a general framework of error analysis that leads to an exact estimation of
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approximation error. Rest of this paper is organized as follows. In Section 2, we present the motivation to
perform error analysis, and some preliminaries for error analysis are given in Section 3. Then, we get several
theorems on the approximation error of RSHs in Section 4, and case studies are performed in Section 5 to
demonstrate feasibility and competitiveness of error analysis. Moreover, an instance of the knapsack problem
is further investigated in Section 6 to verify applicability of the error analysis on constrained optimization
problems. Finally, Section 7 concludes this paper.

2. Motivation to Perform Error Analysis

It is well-known that an algorithm could be efficient when it addresses a problem in polynomial FHT /RT.
In view of this idea, a variety of theoretical analyses revealed that RHSs can address some instances effi-
ciently [10, 11, 12, 13, 14, 15, 16]. Meanwhile, it is also demonstrated that some problems cannot be addressed
in polynomial FHT/RT. To take the second best, it is expected that an RSH can get approximate optima
in polynomial FHT /RT. In this way, approximate FHT /RT analyses are performed for given approximation
ratios [17, 18, 19, 20, 21, 22, 23, 24, 25]. However, approximate FHT/RT analysis is not flexible enough to
address some cases.

e When short of knowledge about mathematical properties of the investigated problems, for what ap-
proximation ratio can an RSH address the investigated problem in polynomial FHT /RT?

e If an approximation ratio cannot be achieved by an RSH in polynomial FHT/RT, what approximate
ratio can it attain?

e Furthermore, what approximation ratio/error can be achieved for any given iteration budget?

In numerical experiments, performances of RSHs are usually evaluated by expected fitness values (or
approximation errors, if the global optima are known). Inspired by this motivation, Jansen and Zarges
proposed to estimate expected objective values by fixed-budget analysis [26]. However, their work did
not provide theoretical results for any iteration budget, and the analyzing methods were not general but
problem-dependent. In this study, we try to propose a general framework of error analysis to get the
expected approximation error for any iteration budget. It is anticipated that results of error analysis can
further narrow the gap between theoretical study and algorithm implement.

3. Preliminaries
In this paper, we consider the maximization problem
max f(x), x=(z1,...,%,) € {0,1}". (2)

Denote its optimal solution and the corresponding objective value as x* and f*, respectively. Then, quality
of a solution x can be evaluated by its approximation error e(x) = | f(x) — f*|. In this study, an elitist RSH
described in Algorithm 1 is investigated. When the one-bit mutation is employed, it is called a random local
search (RLS); if the bitwise mutation is used, it is named as a (1+1)EA.

Algorithm 1 Elitist Randomized Search Heuristics

1: counter t = 0;

2: randomly initialize a solution Xg;

3: while the stopping criterion is not satisfied do

4:  generate a new candidate solution y; from x; by mutation;

5. set individual x;41 =y if f(y¢) > f(x¢); otherwise, let X411 = Xy;
6: t=1t+ ].;

7: end while
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The population sequence {x;,t =0,1,...} of RLS/(14+1)EA can be modelled as a Homogeneous Markov
Chain (HMC). We can classify the solution set into L + 1 mutually disjoint subset Xy, X1, ..., XL, where
solutions in AX; have identical approximation error e; satisfying

O=e<e1 <---<ep. (3)

If x € A}, it is at the status i. Status 0, consisting of globally optimal solutions, is called the optimal status,
and other statuses are non-optimal statuses. Then, {x;,t =0,1,...} is a discrete HMC with L + 1 available
statuses, and the transition probability matrix is R = (i ;) (z41)x(L+1), Where

Tij = PI‘{XH_l S Xi|Xt S Xj}, Z,j =0,...,L.

Denote the error vector of available statuses as & = (eo, . .., er) !. Initialization of solutions xo generates
an initial status distribution pl% = (pg)], p[lo], ey p[LO])’ . After ¢t generations, we get the status distribution

bl = (oh)p), .oy = R,

and the expected approximation error can be computed by

el = @R'pl. (4)
When the elitist selection is employed, the transition matrix Riis upper triangular, and it can be partitioned
as
)
where ro = (r9,1,70,2,.--,70,1.), 0 = (0,...,0),
1,1 T1,L
R = : (6)
TL,.L

The following lemma leads to a simplified formula of the expected approximation error.

Lemma 1 Let & = (eg,€1,...,e1) and v = (vg,v1,...,vr)" be non-negative vectors. If eg = 0, it holds that
&RV =€eRlv, ,VteZ',
where e = (e, ..., er), v.= (vis...,v.), R and R confirmed by (5) and (6), respectively.

Proof The proof is trivial since

t
FR'V = (0.¢) ( (1) If‘g > (vo,v')" = (0,¢€) ( (1) f:t ) (vo,v') =eRlv, Vtezt.

d
Let R be the transition submatrix of non-optimal statuses, and denote the approximation error of non-
optimal statuses as

e=(e1,...,er),
where 0 < e; < €41, Vi = 1,...,L — 1. By Lemma 1 one can get the expected approximation error by
substituting r with the initial distribution of non-optimal statuses
0 0
pl% =", pp)).
That is,
el = &'Rpl¥. (7)

1To avoid confusion with the matrix power, the transpose operation is denoted in this paper by ’ instead of 7.

4
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4. General Framework of Error Analysis

4.1. Theoretical Routine of Error Analysis

Formula (7) reveal that the key step for evaluation of the expected approximation error is computation
of R!. If R is diagonal, we know R! is a diagonal matrix whose diagonal items are the t-th power of diagonal
items of R. If R is not diagonal, we can get the analytic expression of R! by similarity diagonalization.

Definition 1 A matriz R is diagonalizable, if there exists an invertible matriz P and a diagonal matriz
A = diag{)\1, ..., \n} such that
A =P~ 'RP. (8)

The following proposition provides a sufficient condition for a matrix to be diagonalizable.
Lemma 2 [38] An L x L matriz with L distinct eigenvalues is diagonalizable.

Because eigenvalues of a upper triangular matrix are its diagonal elements, R can be diagonalized if it
has L distinct diagonal elements [38]. Then, formula (8) implies

R = PAP!,
and it holds
R'= (PAP!)--- (PAP") = PA'P .

Estimation of expected approximation error is hence reduced to derivation of the transformation matrix P.
To address this issue, the generated searching processes are classified into three categories via the transition
submatrix of non-optimal statuses.

1. Diagonal Search: If the transition submatrix is a diagonal matrix
Rp =diag{ri1,r22,...,r0,L}, (9)

an RSH generates a diagonal search.
2. Bi-Diagonal Search: If the transition submatrix is a bi-diagonal matrix

Ti,1 T1,2
22 T23
Rpp = , (10)
TL-1,L—1 TL-1,

TL,L

an RSH generates a bi-diagonal search.
3. Elisit Search: If the transition submatrix is an upper triangular matrix

11 Ti2 T1,3 T1,L

T2,2 T23 e T2 L
"L-1,L.—-1 TL-1,L

TL,L

an RSH generates an elitist search.

Definition of status implies that an elitist RSH generates an elitist search. While an RSH generates a
diagonal search, computation of the ¢-th power of the transition submatrix is a trivial task because Rp
is diagonal; For the submatrix Rpp of a bi-diagonal search, we can also derive the analytic forms of the
transformation matrix P and its inverse P!, and then get the analytic form of the t-th power. However,
it is difficult to get the analytic expression of the t-th power for a general upper-triangular matrix. For this
case, we would construct an auxiliary bi-diagonal search that converges more slowly than the elitist one,
and consequently, an upper bound is available for the expected approximation error of an elitist search.

5
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4.2. Expected Approximation Error of a Diagonal Search

(1]

The expected approximation error e, of a diagonal search is confirmed by the following theorem.

Theorem 1 For a diagonal search generated by an RSH, it holds

[t] Z i, zezp£0] .

Proof Note that
Rp, = (diag{rl,l’ 2,2 7rL,L})t = diag{rila 7’5’2, sy ri,L}'

Then, Lemma 1 implies that

6[13] =eRp'p =¢ (dz’ag{r’{yl, Té,za 7”L L} p[o Z T3 lengo]_

4.3. Ezxpected Approximation Error of a Bi-Diagonal Search

Expected approximation error of a bi-diagonal search can be computed via diagonalization of the tran-
sition submatrix of non-optimal statuses. If R is an upper triangular matrix with L distinct eigenvalues, it
can be diagonalized as follows.

Lemma 3 [38] If an L x L matriz A has L distinct eigenvalues A1, Aa,...,\r, it can be diagonalized as
A=P'AP. (12)
Here, A = diag{\1,..., A}, P=(p1,...,PL). P: is the corresponding eigenvector of \; satisfying
Ap; =X \p;, 1=1,...,L.
Recall that equation (12) is equivalent to A = PAP~!. Then,

A= (PAP ™)) = (PAP7!) .- (PAP™!) = PA'P !, (13)

t

which can be confirmed by computing the transformation matrix P and its inverse P~!. Consequently, we
get the following result on the analytic expression of Rl .

Lemma 4 [f the bi-diagonal matrix Rpp has L distinct diagonal elements, it holds

Rip = Z)\tqu]’

where

j=1 j-1 !
pj:<H I ,1,0,...,0), (14)

it T9d T TRk S5 Tad T Tk T3 — Ti=14-1
/ Tj,5+1 pas Tk—1,k & Tk—1,k
q; = 07"'70’1’7"___;“, —, r--—;" e 771___7’“ (15)
Jsd JHLIHL iy T k.k kejt1 DI k,k
j=1...,L.
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Proof If Rpp has L distinct diagonal elements, it has L distinct eigenvalues
XNi="mig, t=1,...,L.
Then, Lemma 3 applies and Rpp can be diagonalized as
P 'RppP = A = diag{\1, do, ..., A1}, (16)

where P = (p1,...,pPL),
Rppp; = Ajp;j, pj #0, j=1,...,L. (17)
Denote p; = (p1,,--.,pr,;)"- Equation (17) indicates that
TiiPig + TiiePit1y = T5Pig, =1L =12 ...
TL,LPL,j = TjjPL.j-

Note that r;; # r;; when ¢ # j. Thus, for the eigenvalue \; we can obtain an corresponding eigenvector
p; = (p1,j,---,pr1,;) confirmed by

0, ifi > j;
1, if 1 = 7;

DPij = j—1 ]:1,2,,L
TRkt e

sy Tad T Thok

That is,

/

Jj—1 j—1
Thkk+1 The,k+1 Tj—1,5 .
pj=<|| : ” AU ___] J ,1,0,...,0), j=1... L.

) )
o1 T T Thik o Tig T TRk Tjj —Ti-1j-1

Denote Q = P~ = (qi,...,qz)’, where q; = (¢1,4,.-.,qr,;)’- Because Q is the inverse matrix of P,

it is upper triangular, and its diagonal elements are inverses of the corresponding diagonal elements of P.
Thus,

Qj,j:]w j:].,,L (].8)

By equation (16) we know
(Rizpai,---,Rgpar) = QRep = AQ = (\iqy,...,Arqr),

which menas
Ti14i,j—1+7§5%; = Tii%j, t=1,...,L, j=1,... L.

Combining it with equation (18), we know

q; =05 t=1,...,5—1;
G =1 t=7;
' J - J = 17 . 7L
_ k—1,k . s
Qi,j = AL e i=j+1,...,L,
=1
Then, rows of Q are depicted by
r A . r
o J,j+1 k—1.k k—1,k .
q]— 0’...70717f7 H77...’ 7 7]—1...,L.
Tig = T+l Ziny T~ Thik ki1 90 T Thik
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Finally, from (13) we conclude that

L
RE’D = PAtP_l = PAtQ = (p17 et pL)dlag{)‘ﬁv [RRX} )‘E}(qh e qL)/ = Z)‘Equ;
j=1

Now, we get the theorem on the expected approximation error of a bi-diagonal search.

Theorem 2 The expected approximation error of a bi-diagonal search is

L
eip = DN e'py) (ajp),

j=1
where p; and q; are confirmed by (14) and (15), respectively.
Proof Applying Lemmas 1 and 4, we know

L L
ey =eRyppl” =¢ [ Y Npid; | pl% =D N(e'p)) (q}p[ol) :
j=1 j=1

4.4. Expected Approximation Error of an Elitist Search

Although feasible for the bi-diagonal matrix, it is difficult to get a general result for the exact expression
of t-th power of upper triangular matrices. So, we would like to estimate not the precise expression but an
upper bound of the approximation error of an elitist search. This idea could be realized by constructing an
auxiliary bi-diagonal search that converges more slowly than the elitist one. Construction of the auxiliary
search is based on the sufficient condition presented in the following lemma.

Lemma 5 [36] Provided that transition matrices R = (Ts,4)(L+1)x (L+1) and S = (8i,4)(L+1)x(L+1) are upper
triangular. If

5.5 = Tjjs v (19)
Zolri; = s15) >0, Vi <j, (20)
S (5101 — s15) >0, Vi<j—1, (21)
it holds _ _
TR! <TS!, VteZ',
where
1 ... 1
T= :
1

Construct an auxiliary search characterized by S, and partitioned it as

S $0,0 So
Where So — (5071, ey xO,L),
S1,1 ... S1,L
S = o . (23)
SL,L

We get the following theorem that can be utilized to estimate upper bounds of expected approximation
errors.
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Theorem 3 Denote the approzimation error vector as € = (eg,€’)’ = (eo,e1,...,er), andlet ¥ = (vo, V') =
(vo,v1,...,vL)", where v; > 0,i=0,1,..., L. If transition matrices R and S satisfy conditions (19)-(21),
1t holds

eRlv < €'Stv,
where R and S are the transition submatrices confirmed by (6) and (23), respectively.
Proof Since
JR'v-§8v =& (R -8')F

=(eg,e1 — €0,-..,e —er—1)T (f{t — St) v

<(eo,e1 — €0, ---,€, — €r_1) (Tﬁt — Tgt) V.
Lemma 5 implies that TR?! — TS? is a negative matrix. Recall that the approximation vector satisfies

eo =05e; <ejy1, ©1=0,...,L—1.

Then, we get a nonnegative vector

A& = (eg,e1 — €0,---,€L = ¢cp-1),
and it holds
& = (A&)'T.
Consequently, _ p _ _
&RV = (A8)TR'V < (A&)'TS'v = &'S'v.
Applying Lemma 1 we conclude that e'Riv < e/Stv. O

Substituting v in Theorem 3 by the initial distribution vector ql% of non-optimal statuses, we can get
a general method for upper bound estimation of expected approximation errors. To make this estimation
practical, one can construct an auxiliary search that is bi-diagonal.

5. Case Study

To validate feasibility of the error analysis routines proposed in Section 4, several case studies are
performed for the RLS and the (1+1)EA.

Problem 1 (OneMax)
max f(x) = in, x = (z1,...,2,) € {0,1}".
i=1

Problem 2 (Peak)

max f(x) = [[2i, x=(21,...,2) € {0,1}".
=1

Problem 3 (Deceptive Problem)

n n
in, ifoi>n—1,
max f(x) = =t " = x=(21,...,2,) € {0,1}".
n—1-— Zmi, otherwise.
i=1
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5.1. The OneMax Problem

Objective value of the OneMax problem is total amount of 1-bits in the bit-string x, and the approxi-
mation error is number of 0-bits. Thus, the approximation error vector is

&= (eo,€) = (0,1,2,...,n)" (24)

The solution space can be divided into n+1 statuses labeled by approximation errors. Random initialization
generates the initial distribution denoted as

Bl = (", p' Oy = (CLj2n, C2j2n, . Cn2my (25)
Then, the expected approximation error of RLS is given by the following theorem.
Theorem 4 The expected approzimation error of RLS for the OneMaz problem is 5 (1 — %)t

Proof Combining the one-bit mutation with the elitist selection, RLS transfers from status j to j — 1
with probability j/n, and keeps its status unchanged with probability 1 = j/n. Thus, application of RLS
on the OneMax problem generates a bi-diagonal search. The transition submatrix of non-optimal statuses
is

1-1/n  2/n
1-2/n 3/n
R = (rij)nxn = : .. (26)
1/n 1
0
Then, Theorem 2 implies that
n n
el = ¢R'pY = ' | 5" Xpya | p = SN (e'py) (apl”) (27)
j=1 j=1

where \; = r;;, p; and q; are defined by (14) and (15), respectively. By computation in Appendix A, we
get the expression of €'p; and qu[o] presented by (A.3) and (A.4). Substituting (24), (25), (A.3) and (A.4)
to (27), we know
¢
3 (€) (p) = @puiaip) = 5 (1-1)
d

The same results about performance of RLS on the OneMax problem have also been reported in [26, 33].
Jansen and Zarges get this results by the law of total probability [26], and He et al. get it with the help of
the constant convergence rate [33].

Since the local search strategy of RLS generates a bi-diagonal search with a simple transition matrix,
we can get the exact expression of expected approximation error. While the (14+1)EA is investigated, the
analyzing process presented in [26] could be complicated. However, estimation of expected approximation
error for the (14+1)EA can be obtained by application of the analysis framework proposed in Section 4.

Theorem 5 The expected approzimation error of (1+1)EA for the OneMax problem satisfies

Proof Since the bitwise mutation can locate any solution with a positive probability, the (14+1)EA applied
to OneMax generates an elitist search with 7; ; > 0,V0 <4 < j < L. Thus, we estimate the upper bound of
its approximation error by constructing an auxiliary bi-diagonal search.

10
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The auxiliary bi-diagonal search is obtained by considering a special case that only one ‘0’ in x is flip
to ‘1’. While x is at the status j, it leads to decrease of approximation error and the status transition from
Jj to j — 1, and the probability is Z (1 — %)n_l. Then, we get a lower bound of the transition probability

j 1 n—1
Tj_ld‘zﬁ(l_E) B jzl,...,n.

Ti-14"

For the elitist search generated by (1+1)EA, we get an auxiliary bi-diagonal search with probability transition
matrix

S = (5ij)ii=0,...n

1 %(11 n % :71 1 2 1 1

1—+(1—)" 21—
1-2(1— 1)t

n

Slw
—
I

|=
~—
3
|
—

n

=1 X 1 - 1 —
e Ut~ A ) i
1—(1-—2)nt

n

It is trivial to verify that R and S satisfy conditions (19)-(21); and the result of Theorem 3 holds.
Combining Theorems 2 and 3 we know

n
el <&@8pl = e's'pl” = 37 M (e'p;) (q}p“”) ; (28)
j=1
where
j 1 n—1
Aj=1-2(1-= , 29
A=t (20)
= s = s s ’
ke, k1 kyk41 i—1,j
pi=(]] 1 = 1,0,...,0] , (30)
ooy i = Skok s S5~ Skk 85,4 — 8j—1,j-1
S it S . S
j,J+1 k—1,k k—1,k
q; = 07...,0,1,751‘;3" —, e 11 — (31)
4,3 JHLIL D 90 k,k k—jt1 00 kk

j = 1...,n. Similar to computation of p; and q;- in Appendix A, we know that the values of p; and q;
defined by (30) and (31) are confirmed by (A.1) and (A.2), respectively. Thus, the expression of €'p; and
q}p[o] are presented by (A.3) and (A.4), too. Submitting (24), (25), (29), (A.3) and (A.4) to (28) we get
the results that

t
u n 1 ! n 1\
<3N (ep) (ap) = A(ep)(aipl”) = <1 -+(1-3) ) <3(-a)-
j=1

To demonstrate how tight the estimated upper bound is, we perform numerical comparison between the
simulation results and the estimated bound, where the simulated approximation errors for the 10-, 20-,...,90-
D OneMax problems are averaged for 1000 independent runs. As illustrated in Figure 1, the estimated upper
bound is very tight for low-dimensional OneMax problems, and the difference between simulation results
and the estimated upper bound increases slowly with increase of the problem dimension.

11
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Figure 1: Comparison between the estimated upper bound and simulation results on expected approximation error of (1+1)EA
solving the 10-, 20-,...,90-D OneMax problems.

5.2. The Peak Problem

Landscape of the Peak problem consists of a summit value 1 at x* = (1,...,1) and a platform of value 0
for all other solutions. By defining the status index 7 as the total amount of 0-bits in a solution x, we know
&=(0,1,...,1). Correspondingly, the initial distribution is pl°! = (C9/2", C} /2", C2 /2", ... ,C"/2™) .

Theorem 6 For RLS on the Peak problem,

t
q n+1l n 1
el =1 o +27(1—g> .

Proof When the RLS is applied to the Peak problem, the one-bit mutation generates status transitions
with probability

1/n, i=0,j=1;

1—1/n, i=j=1,
B Bt i=j#1;

0, otherwise.

Thus, we get the diagonal transition submatrix of non-optimal statuses:

1
R = diag <1—7,1,.‘.,1>.
n

Applying Theorem 1 we know that

n n t
C ci n+l n 1
[t _ o'Ripl0l — ot o _ = “n _ A I
e =e'R'p —Zleﬂ“m-pz— (1 n) 222 on +2n 1 n '
i=
|
Since the error vector of non-optimal statuses is e = (1,...,1)’, the obtained expected approximation

error is equal to the probability to stay at non-optimal statuses. The optimal solution is achievable if and
only if the initial solution is located at statuses 0 and 1. On the contrary, it cannot jump out of the fitness
platform if the initial solution is not located adjacent to the global optimal solution. Thus, the probability
to stay at non-optimal statuses would not converge to zero when ¢t — oo, and its global convergence to the
optimal solution cannot be guaranteed.

12
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Theorem 7 For (1+1)EA applied to the Peak problem,

i n]t i
() ()]
n—1 n 2n

Proof When the (14+1)EA is employed to solve the Peak problem, the transition probability

n

el =30

i=1

(U/ny(1=1/n)",  i=0,j#0;

1, i=j=0,
B RV IR Vi o A PR T

0, otherwise.

Then, it holds that

(s (B @ D ()

Applying Theorem 1, we know

) ot ) t
n n 1 7 1 n— Cz n 1 (2 1 n Cz
[t]7§:.?,.7§: _ (= _ = 7"72’ _ _ = Zn

‘ ik |:1 <n> (1 n> :| n |:1 (n— 1> (1 n) :| on

i=1 i=1

d

Investigation on this case shows that error analysis can also work well when landscapes of problems have

a platform. Because the transition submatrix is diagonal, computation of the expected approximation error
is a trivial task that can be implemented easily.

5.8. The Deceptive Problem

According to definition of the Deceptive problem, we can get the following mapping from the total
amount of 1-bits to the fitness and approximation error of x.

x| : 0 1 n—1 n
! ! R

f(x) n—1 n-—2 0 n (32)
! ! 1

e(x) : 1 2 n 0

Then, the feasible solution set could be divided into n + 1 subsets, where |x| = 0 corresponds to the locally
optimal state. The initial approximation error and the initial distribution are presented as follows.

&=(0,e) =(0,1,2,...,n), (33)
on ! cr 00 1 cn-1 !
S0l — ([ Zn 0]} — (Zn Zn “n n
p (Qn)p > <2n)2n72n?"'7 271 > . (34)

Because RLS employing a local search cannot escape from absorbing region of the local optimal solu-
tion, the expected approximation error cannot converge to 0 when the random initialization is employed.
Accordingly, we get the following results on expected approximation error.

Theorem 8 For RLS applied to the Deceptive problem,

el — (1= 1 +(ﬁ_ n) 1_lt
- on—1 92 on—1 n :

13
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Proof For RLS applied to the Deceptive problem, we have

1 1/n
1-1/n 2/n
R = (Tz‘,j)nxn . (35)
2/n (n—1)/n
0
Then, Theorem 2 implies that
el = R'P = 37N (e'py) (ap”) (36)
j=1

where \; = r;;, p; and q; are defined by (14) and (15), respectively. According to the derivation in
Appendix B, we know the analytic expressions of ep; and q}p[o] are confirmed by (B.1), (B.2) and (B.3).
Thus,

1 n n 1\’
e = X (epr)(aip) + N (e'pa)(ap”) = <1 - 2n—1) ANz -7) (1 - g) :

O

Furthermore, we would like to investigate the convergence performance of (14+1)EA on the Deceptive

problem. To estimate the expected approximation error of (1+1)EA on the Deceptive problem, we need the
result presented in the following lemma.

Lemma 6 Consider a Markov chain model of Algorithm 1 whose transition matriz can be partitioned as
= (R ¢l
R= < 0 rp ) (37)

Correspondingly, denote
g=(&e), B =", p).

Then, it holds for the expected approzimation error that
el = &R +p[L]ZTk &RI1Fkp []—f—pf]eLrtL’L.

Proof By (37), we know

, A RO\ o N REOR O\ o
gt = @ (50 ) 0y = @en (58 )0l

TL,L TLL

where #l] = 7171 ok JRITIRRY. Thus,

t—1
el — g RiplO) +P[LO] @3l + errt 1) = Rpl ‘*‘P[LO] er’Lé/Rt—l—kf.[l] +p[L]eL7'L ..
k=0

Then, we can get an estimation about upper bound of the expected approximation error.

Theorem 9 The expected approzimation error of (1+1)EA for the Deceptive problem is bounded by

2 1\"1" n n en? 11" n? 1"
Mo (p-ntl ey (L LN R Y R
¢ —< o T o ) Tt en| o e

14
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Proof DPartition the transition matrix as

R— ( Rl > (38)

0 run
where R = (74,5)i,5=01,....ns = (To,nsT1,ms - - - s Tn—1,n) . Denote
é= (60,...,(3”,1), = (0,...771—1)/,
ol (0 o Y _(Ch G Gy ity
P =Py s---3Ppn_1 - 271,’271,’277,""’ on .

Then, Lemma 6 implies that

t—1
= SRIB) 4 pIE 4 et ) = ORPO 0 kSR et (0)
k=0

While the bitwise mutation is implemented, probability to flip j bits is (%)J (1 — %)n_j, and that to flip
one of j bits is C} (%) (1 — %)nil. The mapping illustrated in (32) indicates that

1 n+l—j 1 j—1
T07j=<*> (1—*) N j=1,...,n—1,
n n

. -1
j—1 1\" .
7']‘_17]‘27(1—%> 5 ]:2,...,n—1.

For the searching process characterized by R, we construct an auxiliary bi-diagonal search characterized by
the transition matrix

1) G G
R TIE T
21—
e e e

It is trivial to check that R and S satisfied conditions (19)-(21). Then, by Theorem 3 we know
‘pl (41)

’

é’st_l_kf‘[l], (42)

/

)

(e}

1-k

/Rtf)[()]
"Rt~ 1]

AN
o

>
IN

Furthermore, denote

R = (Ti,j)i,jzl,...,nfla

s=(1,...,n—1Y, (43)
oo 1 cn—2 ’

~[0] _ n n n

P”—(Tn’?ﬂ'“’ . ) , (44)

f‘[l] = (rl,n7" . 771n—1,n)/7 (45)
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and let

S =(8i,5)i,j=1,....n1
1= (&) La—4)nt
I—(H)"—+(1 =4t

- (46)
”—’2(1 _ l)n—l
n
- @ -l - e
By equation (39), we know
t—1
el = @RIpIO+pl1 > "k &RITITHRRN 4 plle !
k=0
t—1
< &'§'pl0 4 plol Zr’i &SIkl 4 plole, | (by (41) and (42))
=0
—1
= &'8'pl +p[r?] rnmé’St_l_kf'[l] +p7[$]enr27n (by Lemma 1)
k=0
n—1 t—1 n—1
R DT PURSE) SN S Sy ) EURST g gy
j=1 k=0 j=1
n—1
= 2_X(@Ep)(@;p") + ) erw Z X @) @) + pllenr, o, (47)
j=1
where .
1\" j-1 1\""
Nj=sp=1—(- 1—— 48
J = S5 <n> n < n) ) (48)
i1 fs =1 Si1. /
B, = Lllia N kbl I=Li 1.0,...,0) . (49)
o S0 Skik o 84— Skok 84,4~ 8j-1,4-1
s Jj+2 s . n—1 Sho1h
- jj+1 k—1, -1,
=001, —ELE SkELh ) (50)
9,3 T Sl L Ziy S5d T Skik ki1 593 T Skik
j =1...,n—1. According to the derivation in Appendix C, we know the analytic expressions of ép; and

q;pl” are conﬁrmed by (C.1), (C.2) and (C.3). Substituting (48), (C.1), (C.2) and (C.3) to (47) we know

2 t—1
e <N ON@EB)@B) + YDk ATE )@Y + pllenr
j=1 j=1k=0
2 ¢ [0] [0] n -+ ]. 1 n-l )\tl )\t
</ = </ =
S;AJ(epJ)(qp )+pn 1 n (]‘_ﬁ> <1]:L(1 i)n—l + 1(1_31)71 >+e"rnn
n+1\ ., (m ny\., en?, , . n?,
S 1-— on )\1+ (5—27) )\2+27()\1+A2)+277'n’n
n+1 en? " n n  en? 11" n? 1"
< _ -t _ (2 o0 _ = M I
(e ) -G G ) o]
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Figure 2: Comparison between the estimated upper bound and simulation results on expected approximation error of (1+1)EA
solving the 10-, 20-,..., 90-D Deceptive problems.

Table 1: Running Time (RT) and Approximation Error (AE) of Randomized Search Heuristics on Investigated Problems

; Problem
Index | Algorithm OneMax Pouk Decoptive
RT RLS nlogn — 0.1159...n £ o(n)[39] = oo
(1+1)EA (1 — o(1))en log n[40] Q ((n/2)™)[5] o(n™)[41]
n 1\t ndl n 1)t 1 n n 1)\t
RLS 3(0-%) - Tt (1-3) (1*2n_1>+ 7*27;_1)(1*;)
. _ nd1l en? _(1\n]t
AE (inBA g(l_i)t 3 {1_(%)1‘(1_ ;)n]tgil 1- S :W ) 1 (n)z} +
en . "n— n t t
7 (g-grr g )& vy -]

Tightness of the estimated upper bound is again evaluated by comparison with simulation results illus-
trated in Figure 2. It is demoustrated that the error analysis method generates a tight upper bound for the
approximation error of (1+1)EA solving the deceptive problem.

5.4. Competitiveness of Error Analysis to RT FEstimation

Although there are a variety of publications regarding RT of RSHs for the OneMax problem, the Peak
problem and thé Deceptive problem, we only collect in Tab. 1 the state-of-the-art results about RLS and
(I+1)EA. As is well-known, RLS and (14+1)EA can address the OneMax problem in RT of ©(nlogn), and
RTs of (14+1)EA rise exponentially with increase of the problem size of the Peak problem and the Deceptive
problem. Because RLS cannot converge globally to the optimal solutions of the Peak problem and the
Deceptive problem, the expected RTs are equal to infinity.

In principle, the result of error analysis is incomparable to that of RT analysis, because they are performed
based on evaluation metrics that focus on different aspects of RSHs. However, error analysis leads to
concrete estimation of approximation error, which could be much more informative. Recall that error
analysis generates concrete estimation of the expected approximation error. There is no doubt that we can
transform them into simple asymptotic results to validate the connection between approximation error and
the problem dimension. Furthermore, estimation of the success probability can also been obtained via the
concrete estimation of approximation error.
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5.4.1. Asymptotic Analysis of Approximation Error
Considering that the polynomial iteration budget is available, we set t = an®(a > 0,k € Z%). Then,

k
the approximation error of RLS on the OneMax problem is e/l = 2 (1 — 1) "and it holds that el!l <

n
5 (2“)_nk 1, n > 2. That is, the asymptotic expected approximation error is (’)(nc”k_l) for some constant
€ (0,1). Similarly, the asymptotic expected approximation error of (14+1)EA for the OneMax problem is
O(ne™ ") with the iteration budget ¢ = an®, (a > 0,k € Z1), where ¢ € (0,1).
For the (1+1)EA applied to the Peak problem, a general result on the lower bound of e[l can be obtained
by considering that

1\’ " 1 1\"" 17
1- 1— - >|1- 1—— >{1-—— | .
n-—1 n n—1 n 2(n—1)
Then, if the iteration budget is t = an®, (a > 0,k € ZT), the asymptotic-approximation error is Q(c"kA)7
where ¢ € (0,1).

5.4.2. Estimation of the Hitting Probability
Based on the analytic expression of the expected approximation error, a rough estimation of the proba-
bility to hit a given fitness level can be obtained via the Markoy inequality [42]

Pr{e(t) > ¢} < #7 (51)

where e(t) = e(x¢).
Take as an example the case that the (14+1)EA is-applied to.the OneMax problem. Considering that the

expected RT is (1 — o(1))enlogn, we set t = aenlogn(a > 0). Formula (51) implies that
1

% aenlogn 1
P 1 g =1 — — ST
r{e(aenlogn) >'1} < 9 < en) S gpae 1 a(m)’

en—1

en—1
where a(n) = e — (1 + L ) . Then, from the fact that lim, ., a(n) = 0 we conclude that the
probability to get the optimal solution of the OneMax problem is 1 — O (= ).

nae—1

Furthermore, we can get concrete estimation of the success probability. Because

1 en—1
=e— (1 -2
aln) =e < + p— 1) <e—2,

it holds that

>1} < L !
- }— onae—l—a(n) < onla—1+1/e)e’

Pr{e(aenlogn)

which converges to zero while 1 — a < % Thus, (14+1)EA would get the global optimal solution of the
OneMax problem with an overwhelming probability if one sets ¢t > (1 — é) enlogn. This result presents a
concrete threshold value of the iteration budget, which is more instructive for implement of RSHs than the
results of RT analysis.

6. Error Analysis of the Knapsack Problem

In this section, we demonstrate the feasibility of error analysis for constrained optimization problems by
investigating the knapsack problem

max  f(x) =Y pii,
i=1

n
st > wipy <W, 2 € {0,1}i=1,...,n.
i=1
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Table 2: Parameters of the knapsack problem (a € (0,1), an € ZT).

x X1 X9 X3
I L2y ...y Tan Tan+ls---:Tn
Ttem ¢ 1 2,...,an an+1,...,n
Profit p; n 1 %
Weight w; n ﬁ n
P-Wratio - | 1 an 5
Capacity W n

An instance of the knapsack problem with parameters listed in Tab. 2 was proposed by He et. al [43],
who showed that an (N 4 1)EA cannot obtain an a-approximate solution in polynomial FHT/RT. Global
optimal solution of the investigated knapsack problem is x; = (1,0,...,0) with f(x}) = n, and x} =
(0,1,...,1,0,...0) is the local optimal solution with f(x;) = an — 1. Since the penalty method would
introduce an penalty parameter that functions on the fitness value of solutions, we employ a ratio-greedy
repair mechanism to transform infeasible solutions into feasible ones. If an infeasible solution is generated, we
sort all items according to the profit-to-weight(P-W) ratio, and items with small P-W ratio are successively
removed from the knapsack until a feasible solution is achieved:

Denote a solution of the knapsack problem as x = (x1,...,%,), where z; € {0,1},i=1,...,n. If item ¢
is put into the knapsack, the corresponding binary variable z; is set as ‘1’. According to the P-W ratios of
items(variables), we can partition the solution vector x into three sub-vectors.

e x; = (z1), which corresponds to the first item with the P-W ratio 1. The solution X, = (x1,X2,X3) =

(1,0,0) represents the best packing solution that only contains the first item.

® Xy = (Zg,...,%Tan), where variables correspond to the 2* — an'* items with the P-W ratio an.
The sum total of weights of all these items is 1 — ﬁ, and the total profit is an — 1. That is,
x; = (x1,X2,%3) = (0,1,0) is a local optimal solution with f(x}) = an — 1.

® X3 = (Tant1,---,Tn), variables in which correspond to the last n — an items with the P-W ratio #

Recall that all items corresponding to x; and x3 have a weight n, and the total weight of items in xo
is1— (Tln A solution x = (%1, %9, x3) is feasible if and only if at most one of sub-vectors x;, X2 and x3 is

non-zero.

o If |x1| = |x2| = |%3| = 0, x represents an empty knapsack with f(x) = 0.
o If [xi| = 1, [xo| = [x3] = 0, we get the global optimal solution xj with f(x}) = n.

o If [xo > 1, [x1] = |x3| = 0, we have f(x) = |x2].

o If [x3| = 1, [x1]| = [x2| = 0, we have f(x) = 1.

If a generated solution x = (X1, X2, X3) contains more than one non-zero sub-vectors, it is infeasible and
the ratio-greedy strategy is triggered to generate a feasible one. According to the values of P-W ratio, the
repair strategy would first remove items represented by x3, then flip variables in x; to zero. If an infeasible
solution is in the form of x = (0,0, x3) with |x3| > 2, the repair strategy would randomly delete redundant
items until only one variable in x3 is ‘1’.

Accordingly, we get an + 2 statuses of feasible solutions labelled as 0,1,...,an + 1. We get the fitness
vector

. 1 !
f= (f07f17"~7f04n+1)/: (n,an—l,...,Lg,O) ]

2A vector y is non-zero means there exists at least one non-zero component in it, i.e., [y| > 0.
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and the corresponding error vector is
1 !
é=(eo,e) = (e0,---,€ant1) = (O,n— (an—1),...,n—1,n — f,n) . (53)
n

6.1. Random Initialization and Initial Probability Distribution
Random initialization generates the initial distribution as follows.
1. If x; = 1 and |x3| = 0, the global solution x* = (1,0, ...,0) is obtained. Then, the initial solution is
located at status 0 with probability pg)] = 2%"
2. If an — 1 > |xo| > 1, it generates feasible solutions x = (0, x2,0), no matter what the sub-vectors
x; and x3 are. For this case, a feasible solution with f(x) = |x2| = ¢ is generated with probability

én_l(%)’(%)‘m‘l‘i, i=an—1,...,1. Thus, we get the sub-vector of approximation error

e1 = (e1,. s ean_1)=(n—(an—1),n— (an—2),...,n— 1),

and the corresponding distribution sub-vector is

[0] [0] [0] [0] 1\t 1\t 1y an-1\’
P = (pl D2 >-~~7pan—1), N (Cg:ll:ll <§) 7057?:12 (5) 7"-7C¢in—1 (5) ) .

3. If |x1] = 0, |x2] = 0 and |x3| > 1, the ratio-greedy strategy randomly delete redundant items repre-
sented by x3 until only one is remained. Consequently, the approximation error of feasible solutions
isn— %, and we get the corresponding probability

n—an T n—i an
; 1 1 1 1
o _ E y - —(z _ =
ben = i—=1 C:L_an (2> (2> B (2> 27’1,.
im
4. If x = (x1,%x2,%x3) = (0,...,0), it generates a solution whose approximation error is n, and the

corresponding probability is pgj}1 1=

In conclusion, we get the initial status distribution

an—1 an—1 an 4
o] _ (0 oo ol v (1 an1 (1 1 1 1 11
p[ ] - (pO ﬂpl 7pan+1)/ _ <2an’COtTL—1 <§) 7...,Can_1 (5 5 5 - 27721 .

For non-optimal statuses,

an—1 an—1 an /
_ (01 (0] _ [ a1 (1 1 1 11
P = pl ) = (Can—l <§> vy Cana <§) ) (5 “ g | (54)

6.2. Ezpected Approzimation Error of RSHs
6.2.1. Expected Approximation Error of RLS
Assisted by the ratio-greedy repair strategy, RLS generates status transitions detailed as follows.

1. Status transition from an + 1 to 0, an — 1 or an. When the one-bit mutation is performed on
x = (0,...,0), it generates a solution y with better fitness, which is accepted by the elitist selection.
Consequently, the solution status transfers from an+1 to 0, an—1 or an. The corresponding transition
probabilities px_,, are detailed in Tab. 3 as Case 1.

2. Status transition from an to 0 or an — 1. While the one-bit mutation is performed on a feasible
solution x = (0,0,x3) with |[x3| = 1, any flip of x3 from ‘0’ to ‘1’ generates an infeasible solution, and
the greedy-repair strategy would convert it to another solution at status an, which would not result
in status transition. If one bit in x; or x5 is flipped to ‘1’, the repair strategy will keep it and flip the
‘1’ in x3 to ‘0’, which results in the status transition from an to 0 or an — 1. This case is labeled in
Tab. 3 as Case 2.
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Table 3: Status transitions and the corresponding probabilities generated by RLS.

Case 1 Case 2 Case 3
Status an +1 an k,(k=2,...,an—1)
x | f(x) 0 % an—k,(k=an—1,...,2)
e(x) n n—1 l1-an+k
Status an an—1 0 |an—1 0 k—1
y fy) 1 1 n 1 n an—k+1
ely) |[n—-1 n-1 0] n-1 0 (lI-an+k-1
n—an an—1 1 an—1 1 k=1
Px—y n n n n n n
3. Status transition from k£ to kK — 1, k = 2,...,an — 1. While the present solution is at status k,
k=2,...,an — 1, the corresponding solution is x = (0,x2,0) with |xo| = an — k. Then, a candidate

solution is accepted if and only if it is generated by flipping another ‘0’ in x5 to ‘1’. The status
transition is denoted as Case 3 in Tab. 3.

4. If the present solution is at status 1, the one-bit mutation cannot generate a better solution any more.
Then, the iteration process would stagnate at the local optima.

According to the results presented in Tab. 3, we get the transition matrix

. R &Y
R=(5 %) (59)
where
U = (roantts s Pnanst) = (1/n,0,...,0,a — 1/n,1 — ), (56)
10 0 0 0 1
1
i € 0 0 0
1-1
R:(é Ilf{): : : : (57)
a—% 0 0
1—(a=2) a—2 0
l—(a—2) a-1
1-—a

Then, we can get tight upper and lower bounds for the expected approximation error of RLS.

Theorem 10 For RLS on the Knapsack problem, the expected approximation error is bounded by

1 1 an —2 N 11
- 11— - 1-= — (1-a)
(n—an+ ){ gan—1 2n}+ 4 < n) * o 2179
1 1 an —1 NN n+11
<ell < (n— 1l-—+= 1—-— —(1—a).
<e"<(n—an+1) gan T o | T - + on 2Dm( a)

Proof By Lemma 6, we know

eltl — é/Rtf)[o] +p[OEJlL+1é/Rt71f,[1]’
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where R is given by equation (57),

/
&= (e, - an) = <O n—(om—l),...,n—l,n—l> , (58)

n

an—1 an—1 an !
~ 0 an— 1 L 1 1
p[O]:(p[]’”.’pg)ll) — (20”1’ on- 11(2) ,...,C(lm,l (5) ,<§> —2,1) ) (59)

Then, Lemma 4 and Theorem 2 imply that

=¥ | L Np | B + Pon ZV "By |
= ZAE &'B;) (&) + P DA @) (@) (60)
j=1
where _—
1 l—- , j=1..,an—1
Aj =T = " (61)
1-7 ]
b ] P CYTL,
n
b 1 ,
&= (e1,...,an) = (nf(omfl),...,nfl,nf ;) , (62)
or 1 an—1 1 an—1 1 an 1 /
f)[O] = (p[l] p[o?gz) (Cgs:ll <§> P ‘7001471—1 <§> ) <§> - 2") 9 (63)
F[l] = (r170n+1’ s 77"fl,0m+1), = (03 e 707 o — 1/na 1- a)/7 (64)

j—1 j—1 !
pj:<H I ,1,0,...,0), (65)

o1 Mg STk oy Tig T Thk Tjj = Tj—1,5-1
Tj,+1 e Tk—1,k = Tk—1,k
q;=1{0,. ’QLﬁ’ ﬁ’“" — (66)
3.7 j+1,5+1 k—j41 7,7 k.k k=j41 74,5 Tkk
j=1...,an

By derivation presented in Appendix D, we get the expressions of components in (60). Substituting (61),
(D.1), (D.2), (D.3), (D.4), (D.5) and (D.6) to (60), we know that

=X @) (Marp” + ol diF ) + 25 @B2) (hedp” + ol )
A (@ Ban) (Nanln D + P 1) (67)

which is bounded by

1 1] an-2 IS I | ]
1 1], an—1 IR |
t t
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d

Note that formula (67) presents a general expression dependent on any initial distribution. Because the
Knapsack problem has a local absorbing region where individuals cannot jump out, the first eigenvalue A; is
sure to be equal to 1, and (67) implies that el] converges to 0 if and only if (&'p;) ()\161’1}')[0] —ﬁ—pg],]lﬂc'l’lf'[l])

equals to 0, which is further equivalent to the statement that both pl® and pﬂ 41 are equal to zero. This

statement means that any initial strategy that does not generate the global optimal solution with probability
1 cannot guarantee convergence of the RLS to the global optimal solution.

6.2.2. Ezpected Approzimation Error of (1+1)EA
Denote p; ; as the probability to transfer from status j to status i. When the bitwise mutation is
employed, p; ; is estimated as follows.

e While status j transfers to status 0, j =1,...,an + 1,

1 an+1—j 1 Jj—1
(f) (1—7> , J=1,..,an—1,
n n
~ 1 1 an—1
Po,; = E (1 - E) ) .] = an, (68)
1 1 an—1
E(lfﬁ> ; ;j=an+1.

e The probability to transfer from status j to status ¢ (1 <i < j) is

L 1 Jj—t 1 (an=1)=~(j—1)
C]J-:i<f> (1—7> , j=1,...,an—1,
n n

S i 1 an—i 1 i—1 ) . 60
Pig =\ Cona b, 1*; ) j=an,an+ 1,1 <i<an—1, (69)

1 on 1 n
(1—7> —<1—7> , ,J=an+1,i=an.
n n

Note that we get identical lower bounds of p; an and p; ant1 for 1 <i < an — 1. Because the difference
between e, and eqpnyq 18 %7 an infinitesimal that could be ignored, we combine statuses an and an + 1
together as the an-th status. Taking n as the approximation error of the newly defined status an, we get
the error vector

&r = (€0, s €an-1,eant1) = (0,n—(an —1),...,n —1,n)". (70)

Correspondingly, the initial distribution is
0 0 0 0 1 1 an—1 1 an—1 1 an\ ’
f’gz] = (p([)], e 7p£1’17,—1’p[a0’l]’1, +p[on]1+1)/ = (chggzll <§> 7"')001[7171 <§> ) <§> ) - (M)

Let R = (7i;)ij=01,. .an be the transition matrix regarding the redefined individual statuses. Be-
cause approximation error of the combined status is taken as the bigger one of two combined statuses, the
approximation error is bounded from above by

el = &Pipl < & RB. (72)

In the following, we get the upper bound of el!l by estimating é’Rf{tf)Bg].
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Theorem 11 The expected approzimation error of (1+1)EA for the Knapsack problem is bounded by

el < [(1 —an+1+ W (1 — (- %)an—lﬂ - (%)an}t
e =1 L e NS OB (S )

=) e (1)

n

Proof DPartition the transition matrix as

VS e )
R = 73
( 0 Tan,an ( )
where R = (Ti,j)anxany 7‘7.] = 07 17 e an — 17 i‘[l] = (TO,OLTM Tlans -+« rOt’l’L—l,Dtn)l' When the present status

is an, the status would keep unchanged if the first an bits are not flipped from ‘0’ to ‘1’. That is,

Famon = (1 - 1) (74)

n

By substituting (70) and (71) to (72), Lemma 6 implies that

-1
o Atal 0 o Al 1—ka 0
el < &R + (0l +p% ) S BT 4 0l 19 Yean 1 s (75)
k=0
where
ér= (0, - ean-1) = O.n—(an—1),...,n—1)",

0] 0] 0] 1 1 an—1 1 an—1\ "'
pY = ,-..manl)':(WOss-% (3) o ch(3) )

Furthermore, denote

er=(e15. - an1) =m—(an—1),...,n—1), (76)

0] (ol ol 1 an—1 1 an—1\ "’
Pr =1 Pan-1) = (cz,?‘% (5) vooes Can (5) ) , (77)
r[l] = (rl,any e 7Tan—1,an)/a (78)

and construct an auxiliary transition matrix

& 1 s .
S = (sij)anxan = < 0 'S >, 1,7 =0,1,...,o0n —1, (79)
where
(OROREON
s = . | T sy | T 5
n n n
S= (Si,j)i,j=1,...,o¢n—1

I Y (R S : :

O R (RS e 0 0
sy ; (50)

1 (L)a" an—;(l _ l)an—z an—2 N 1 an—2
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It is trivial to check that matrices R and S satisfy conditions (19)-(21). By applying Theorem 3 and Lemma
1, (75) implies that

1
e[t] S é S [0] + (p[O] E)(z)v]z-kl) Tc]zn,ané/RStilikf‘[ ] ( 4[3?7]1 +P¢[)¢ll+1)€an+17’;n an

-
|

- o
Ll

0
=Sl + 0l +pl ) Sk kST 1 () ) eantarh an (81)

0

x~
Il

Furthermore, by applying Lemma 4 we conclude that

an—1 t—1 an—1
0 0 k —1—k
el < 37 N (€ep) (Pl + (P i) Do rhan D0 AT ey (r)
j=1 k=0 j=1
0
+ (pz[)?'!z +p[alL+1)60m+1T¢t)m,an7 (82)
where
1 an ] 1 1 an=2
Aj=sj,=1—|— —— (1= = , 83
j=ni=1-(3) -2 (k2 (53)
= s S /
ko k41 ko k41 j—1,5
p; = ] ,1,0,...,0] (84)
i Sid Sk o Sig T Sk Sjj T Sj—lj-1
Si s j+2 s n s
d;=(0,...,01, — 2 Rk, oLk (85)
85,5 TSIl Ty S0 T Skik ki1 593 T Skik
j=1...,an—1. According to the derivation presented in Appendix E, we know the expression of €;p;,

q; pER] and q;-rm are confirmed by (E.1), (E.2) and (E.3). Substituting (74), (83), (E.1), (E.2) and (E.3) to
(82) we conclude that

Ml < (n—an+1) (1= 5) [T = ()™ +(an = 1) (3 - 5ebr) L= ()™ =2 0= 1)
ot 1 = DTS - ™ - G
Hon- DL - D™ [1- @) = 2= T T e - ) e (-
< (e ) (1= geber) [1= ()] + lon = 1) (3= =) [1 - ()" =2 (1= )™
e fi-0- 0" (e - e R - @ - pa -0
Fn=3) gk (1= 3™
< (- an+ 14 gy (1 1= ™) - (™)'

R S - - )T - @) - R - DT

T

As illustrated in Figure 3, it is showed that the estimated upper bound for the Knapsack problem is
tight, too. Although global exploration ability can be achieved by the bitwise mutation, the (1+1)EA always
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Figure 3: Comparison between the estimated upper bound and simulation results on expected approximation error of (1+1)EA
solving the 10-, 20-,...,90-D Knapsack problems(a = 0.5).

focuses on local exploitation. Then, to jump from it to the global optimal solution is a difficult task because

the transition probability is (%)an As a consequence, the upper bound of e is dominated by the first

item, which is of the order [1 - (%)a"]t

Generally, the expected approximation error converges very slowly to 0 as ¢ — oo. However, we can
excavate more information from the results of error analysis. For instance, consider a scalable case that «
varies with n such that an = k, 1 < k < n. Then, the asymptotic expected approximation error would be

O(n) while the iteration budget is £ = an*. Furthermore, for given iteration budget ¢ = an' with [ > k, the
asymptotic expected approximation error is O(nc"lik), 0<c< 1.

7. Conclusions and Discussions

In order to bridge the gap between theories and applications of RSH, this paper is dedicated to analyze
elitist RSH by estimating the expected approximation error. According to the distribution of non-zero
elements in the transition matrix of Markov chain, searching processes of elitist RSH are classified into three
categories, and we propose a general framework for estimation of approximation error, named as the error
analysis.

The error analysis can be applied to an RSH that is modeled by an upper triangular transition matrix.
By computing the ¢-th power of the transition probability matrix, we can obtain general results on expected
approximation error regarding any iteration ¢. Tricks of error analysis are definition of statues, diagonal-
ization of upper triangular matrices and multiplication of block matrices. With help of these mathematical
techniques, the error analysis can be applied easily to elitist RHS for uni- and multi-modal problems, which
demonstrates the universality of error analysis. Meanwhile, the obtained results are concrete expressions of
approximation error, which is much more precise than the asymptotic results of fixed-budget analysis.

Analysis of population-based EAs in the framework of error analysis is feasible if one can address how the
transition probability is influenced by population size. For the (14+A) EA that generates multiple offsprings
by one parent, it is feasible to estimate improvement of transition probability, and the challenge lies in
computation of the ¢-th power of transition matrix. However, to analyze (N+N)EA we must overcome the
difficulties in both estimation of transition probability and computation of the ¢-th power. There are some
other open questions in error analysis, including construction of Markov chain model, design of auxiliary
searches, and computation of combinatorics, etc. Moreover, this study is based on the precondition that the
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transition matrix is diagonalizable. Thus, our future work would focus on analysis of RSHs whose transition
matrix are not diagonalizable.

Appendix
Appendix A. Computation of e’p; and q’jp[o] in Proof of Theorem 4

Denote pj = (P14, --,Pn,j)s dj = (q1,5+- - - +Gn,j)’- By Lemma 4 we get the following results on p; ;.
1. If ¢ >, Pij =0

2. 1f’L=], pz"j = 1;

3. if i < j, equation (26) implies that

S Tk,k+1 i1 ktl L
Pij = — = n = (=1)7'CY, i=1,...,5— 1
2] grj,j_'rk,k g%_% J
Meanwhile, we can get the values of g¢; ;:
1. If ¢ <j, qij = 0;
2. lf’L:j, qi,j = ].,
3. if i > j, equation (26) implies that
o : Tk—1k : % - Cj i1
qi,j = H m— E_l_ i ,’L—]+ N D
k=j+1 "7 ’ k=j+1n  n
In summary,
. . . I
p = ((-17'CL (-1 72C%, . (-1)'C) 4 1,0,..,0) (A1)
q;.:(0,...,0,1,Cj+1,cjf+2,...,c,§), (A.2)
j=1...,n.
Combing (24) and (A.1) we know
v o o 1, ifj=1;
e'p; =) i(=1)77C) = 3 (-1 TCICT = { ’ | (A3)
J Ji-1 ; ;
p— = 0, if2<j<n.
Moreover, (25) and (A.2) imply that
- Ci 1 — n
=N ol =N coloil = - A4
q;p ; [ on on ; n~n—1 2 ( )

Appendix B. Computation of ¢'p; and q;.p[o] in Proof of Theorem 8

Denote p; = (P14, --,Pn,j) s 4j = (q1,5s- - - +Gn,j)’- Applying Lemma 4 we get the following results.

1. If ¢ >j,pm- =0
2. 1f’L=], pz"j = 1;
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3. if i < j, equation (35) implies that
j—1

Tk,k+1
=11

k= z‘T“ Th,k

k o
Hﬁ:(—l)“%‘;j, i=1,...,5—-Lj=1,...,n—1;
o k=i T n
=91 . . ,
n = (-1 ciTl—— i=1,...,j-1,j=n.
,};Iio-(l—%) DT O
Meanwhile, values of g; ; are as follows.
1. Ifi < 4, qi7j=0;
3. if i > j, equation (35) implies that
i
Tk—1k
Gij = _Tk=1lk
2, kgrl Tj,j — Thk
v k-1 .
H —1n]1:Clelv t=j+1 -1
S
ﬁ % n—1 :01—1 n—j _
e L A
That is,
) ) T
((—1)3—10;?,1,(—1)1—20;,1,..‘, ~Ci7210,.. o) , j<n
pj = .
1 1 .
(0" /Chr oy, ()" 22T Oy g =C8 )T Oy 1) G =
d;=(0,...,0,1,077 il ol c ;j j=1,...,n.
J J =P n— n+17.]

By equation (33), we know

J J
j—ivi—1 - d j—ivi—1, i
ep; =Y (1) 7'CiTji= o <§ (—1) cjia;)

=1 i=1 el
= d
= — _1)i-1-kok .k _ ¢ Y
» <:n (-1) Ciz ) T (z(x—1)71) .
k=0 =1 =
1, j=1,2
=10 s (B.1)
0, 7=3,....n—1,
epn:Z( )n ZCZ 11/(7‘L+1—l n+1)z nzcz 11/71+1—Z Z nlc;ll
i=1 i
- . T n—1
=(n+1) (Z(_l)n—i(j;‘_ll/ mn—l’m)] =(n+1) / (Z ) 1— lch _k> da::|
. ’ r=1 k=0 r=1
= U - x)n_ldx} =" (B.2)
0 =1 n

28



Journal Pre-proof

By equation (34), we know

n—1

o Cifl o n—j Onfl
G =) O S O T

i=
_ 1 ~ i1 i—j R R
oo ; GO =G | = 5 (27T —2). (B.3)

Appendix C. Estimation of &'p;, q;plol and (’1;1‘[1] in Proof of Theorem 9
Similar to computation in Appendix B, by (40) we know
. . . /
;= ((—1)1—105?_1,(—1)1—20}_1,...,—ngf, 1,0,...,0) Gi=1,...n—1
a = (0,...,0,1,055—1,05;11,...,03;;) L j=1,.... -1

Then, equation (43) implies that

I L 1 ] =1.2
ep.; = _]_ J*ZC”L_—I ; — ’ ) <y C.l
ep; ;( ) j—1% {O, j=3,...,n—1. ( )
Moreover, equation (44) implies
n—1 . p
il ! ,

& 50 — J=1%n _ Yn on—j+1 o
S ;CH gn = e ZTTT — (i 2), (C.2)

and by equation (45) we know

n—1

. j—1 -1

aFt => "0 i, < (L= o — )
—

AL () e () -

Appendix D. Computation of &p; and q;p[ol in Proof of Theorem 10

Derivation of ép; and (jjf)[o] is similar to that in Appendix B. By (57) we know

) ) , T
) ((—1)1*1019,1,(—1)]*20;,1,...,—c;:f,l,o,...,o) , j<an
Pi =
! _1yi-lot-1 ot 1202101 _oYU=bH-1,m1 1 r c
(-1 j—l/ j+1—17( ) j—1/ jH1—2>---» L / JH1—(j—1)> » J=an,
- i—1 ~j—1 i—1 i—1 an—j .
q;. = (07,,,707170]1 ,C;+1,...,Cin_270in_1m), j7=1,...,an.
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Then, equation (62) implies that

[el
holi

<

Il
Mh

J J
D/ (n— (an—1)) = (1 —a)n Y (-1 7'CI1 + 3 (1) Ciz]i
i=1 i=1 i=1
n—an+1, j7=1,
=<1, ji=2, (D.1)
0, 7=3,....,an—1;

&Pan = (1) (n— (an —))Ci, L /(an +1 1)

i=1
= (0t ) DL an 1= = 3O = U (D2)
By equation (63), we know that
an—1 i—1 .
C! ; an — 1 1
,,-[o]_ ci—1Xan=1 | ~i-1 J 1
; 1 an—1 FCanmi g T Qe o
1 1 an —j 1 1
— — ——=—|. j=1,... -1 D.
Com 1 |:2J_1 9an—1 + an+1 _j <2an 2n>:| J ) , an ’ ( 3)
1 1
g pl = L DA
UonP =500~ on (D.4)
Moreover, equation (64) implies that
1 1 oan—7j .
A Vo B e MRS I PR R P D,
( n) Cn72an+17j _qu = n C 1 J <an, ( 5)
&, ft=1-a. (D.6)
Appendix E. Computation of e} p;, qJ [ ! and q;.r[l] in Proof of Theorem 11
Similar computation in Appendix A, by (84) and (85) we know
. . /
Py = ((—1)J—1c;?_1, (—1))7%CL_,,. .., —CI72,1,0 o) ,
o~ (o,...,0,1,c;f Lerd ot 2) j=1,...,an—1.
Combining them with (76), (77) and (78), we know
j n—an+1, j=1;
eqrpj = Z(—l)j_iCJi»j(n —(an—1) =41, j=2; (E.1)
=1 0, j=3,...,an—1,
an—1 1 1
0 1 j—1
q;p[R] = Z C]Z; 105‘"112(”1 1= chznfl |:2]',1 - 20m71:| ) (EQ)
an—1 an—1

/1
qu[ 1 = E ’I"z an S E 1 Tz an < Oom 1( —To,an — Tom,an)

o, [ (- ;)“"‘1] (©3)
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