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Abstract

Bit-flip mutation is a common mutation operator for evolutionary algorithms applied
to optimize functions over binary strings. In this paper, we develop results from the
theory of landscapes and Krawtchouk polynomials to exactly compute the probability
distribution of fitness values of a binary string undergoing uniform bit-flip mutation.
We prove that this probability distribution can be expressed as a polynomial in p, the
probability of flipping each bit. We analyze these polynomials and provide closed-form
expressions for an easy linear problem (Onemax), and an NP-hard problem, MAX-SAT.
We also discuss a connection of the results with runtime analysis.
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1 Introduction

Evolutionary algorithms that operate on binary string representations commonly em-
ploy the bit-flip mutation operator. This operator acts independently on each bit in a
solution and changes the value of the bit (from 0 to 1 and vice versa) with probability
p, where p is a parameter of the operator. The most commonly recommended value for
this parameter is p = 1/n where 7 is the length of the binary string. For linear functions
optimized with a (1 + 1) EA, this rate is provably optimal (Witt, 2013). However, in the
general case, very little is currently understood about the mutation operator and its
influence on the optimization process.

In this paper we study the operator from the point of view of landscape theory. Using
this approach, we provide closed-form formulas for the fitness probability distribution
of the solutions obtained after the application of bit-flip mutation to a particular solution.
To the best of our knowledge, such general and closed-form formulas have not been
presented before. We can find, however, some works in which mathematical expressions
are provided for this probability distribution in the case of particular problems like
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Onemax (Garnier et al., 1999). In this paper we want to be more general and provide a
mathematical expression for the probability distribution that separates two elements:
the mathematical entity related to the problem F, and another one related to the operator
A. This approach yields a general framework that provides an expression that is valid
for any problem as far as we can provide the problem-dependent entity F.

Sutton etal. (2011b) and Chicano and Alba (2011) used landscape theory to provide a
closed-form formula for the expectation after a bit-flip mutation (we repeat this result in
Section 3.1). In this work we generalize these results and the one by Sutton et al. (2011a),
providing closed-form formulas to compute the fitness probability distribution. The
new result provides a deeper understanding of the behavior of the mutation operator.
We illustrate the approach by providing concrete expressions for the moments of the
probability distribution for two well-known problems: Onemax and MAX-SAT.

Many results coming from the field of fitness landscape analysis provide exact
results for the expected fitness of solutions undergoing uniform transformations by
evolutionary operators. However, they often cannot say anything about selection op-
erators because the framework does not easily handle the probability of obtaining an
improving mutation. This quantity is much harder to derive because it always depends
on some instance-dependent structure that is ignored in such analyses. In this paper, we
work out how to address the problem of selection by separating the instance-dependent
structure from the instance-independent structure. This separation allows us to derive
initial results on the probability of producing an improving offspring. As a consequence,
we illustrate a way to use the theory of landscapes to derive the expected runtime of a
(1 + A) EA without crossover on Onemax.

The remainder of the paper is organized as follows. In the next section the mathe-
matical tools required to understand the rest of the paper are presented. In Section 3 we
present our main contribution of this work: the landscape analysis of bit-flip mutation
and the closed-form formulas for the fitness probability distribution. Section 4 provides
particular results for two well-known problems in the domain of combinatorial opti-
mization: Onemax and MAX-SAT. Section 5 proves the connection between the results
in this paper and the runtime analysis of a (1 + 1) EA. Finally, Section 6 presents the
conclusions and future work.

2 Background

In this section we present some fundamental results of landscape theory. We will only
focus on the relevant information required to understand the rest of the paper. We refer
the reader interested in a deeper exposition of this topic to the survey by Reidys and
Stadler (2002).

A landscape for a combinatorial optimization problem is a triple (X, N, f), where X
is a finite or countable solution set, f : X — R defines the objective function and N is
a neighborhood function that maps any solution x € X to the set N(x) of points reachable
from x. If y € N(x) then y is a neighbor of x. The pair (X, N) is called configuration space
and can be represented using a graph G = (X, E) in which X is the set of vertices and a
directed edge (x, y) exists in E if y € N(x) (Biyikoglu et al., 2007). We can represent the
neighborhood operator by its adjacency matrix

1 ifye N(®X),
Aoy={o DIENE )
0 otherwise.

Any discrete function, f, defined over the set of candidate solutions can be charac-

terized as a vector in RI*I. Any |X| x | X| matrix can be interpreted as a linear map that
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acts on vectors in RI*!. For example, the adjacency matrix A acts on function f as follows

ZyeN(xl) f(y)

ZyEN(xz) f)
Af = : . 2)

yenti) S O)

The component x of this matrix-vector product can thus be written as:

AN = Y FO) ®)

YEN(x)

which is the sum of the function value of all the neighbors of x. In the case of binary
strings, the minimal-change neighborhood at a point x is the set of Hamming neighbors
of x. The Hamming neighborhood induces a regular, connected graph G = (X, E),
meaning that G is connected and |N(x)| = d > 0 for a constant d, for all x € X. When a
neighborhood is regular, the so-called Laplacian matrix is defined as A = A — dI. This
corresponds to the Laplacian of the graph G. Stadler (1995) defines the class of elementary
landscapes where the function fis an eigenvector (or eigenfunction) of the Laplacian up
to an additive constant. Formally, we have the following.

DEEINITION 1: Let (X, N, f) be a landscape and A be the Laplacian matrix of the configuration
space graph. The landscape is said to be elementary if there exists a constant b that we call the
offset, and an eigenvalue A of —A such that (—A)(f —b) = A(f —b).

We use eigenvalues of —A instead of A to have positive eigenvalues (Biyikoglu
et al., 2007). In connected neighborhoods such as the Hamming neighborhood, the
offset b is the average value of the function f evaluated over the entire search space:
b = f. In elementary landscapes, the average value f can usually be computed in a
very efficient way using the problem data. That is, it is not required to do a complete
enumeration over the search space. For a concrete example of the TSP the reader is
referred to Whitley et al. (2008).

Suppose (X, N, f) is elementary with eigenvalue A. For any scalars 2 and b, define
the function g : X — R as g(x) = af(x) + b. Clearly, (X, N, g) is also elementary with
the same eigenvalue A. Furthermore, in regular neighborhoods, if g is an eigenfunction
of —A with eigenvalue A then g is also an eigenfunction of A (the adjacency matrix of
the configuration space graph G) with eigenvalue d — A. The average value of the fitness
function in the neighborhood of a solution can be computed using the expression:

avgF ()} = T(A /(). @
YEN(x)

If (X, N, f)is elementary with eigenvalue A, then the average over the neighborhood is
computed as:

avg{f(y)} = avg {f(y) = f}+ f
yEN(x) YEN(x)
1

= A - P+ F= 20w - D+ T

= FW)+ 57— FO), ©
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which is sometimes referred to as Grover’s wave equation (Grover, 1992). In the previous
expression we used the fact that f — f is an eigenfunction of A with eigenvalue d — 1.

The wave equation makes it possible to compute the average value of the fitness
function f evaluated over all of the neighbors of x using only the value f(x). The
previous average can be interpreted as the expected value of the objective function
when a random neighbor of x is selected using a uniform distribution. This is exactly
the behavior of the so-called 1-bit-flip mutation (Garnier et al., 1999).

A landscape (X, N, f) is not always elementary, but even in this case it is possible
to characterize the function f as the sum of elementary landscapes, called elementary
components of the landscape. The interested reader can find examples of elementary
landscapes in Whitley et al. (2008) and Whitley and Sutton (2009), and can find more
on the elementary landscape decomposition in Chicano et al. (2011).

21 Binary Hypercube

The previous definitions are general concepts of landscape theory. Let us focus now
on the binary configuration spaces with the Hamming neighborhood, the so-called
binary hypercubes, which are the configuration spaces we need in the analysis of bit-flip
mutation. Let us first present the notation. In these spaces the solution set X is the set of
all binary strings of size n, formally, Z) = B". The solution set forms an Abelian group
with the componentwise sum in Z; (exclusive OR), denoted with @. Given an element
z € B", we will denote with |z| the number of ones of z. Given a set of binary strings
W and a binary string u we denote with W A u the set of binary strings that can be
computed as the bitwise AND of a string in W and u, thatis, W A u = {w A ulw € W}.
For example, B* A 0101 = {0000, 0001, 0100, 0101}. We will denote with i the binary
string with position i set to 1 (starting from the leftmost position) and the rest set to 0.
We omit the length of the string n in the notation, but it will be clear from the context.
For example, if we are considering binary strings in B* we have 1 = 1000 and 3 = 0010.

It is convenient to characterize the neighborhood by a set of group elements § =
{51,582, ..., 54} that generate the entire group. Here S is called a generating set. The
neighborhood of a solution x is just the set N(x) =x @ § = {x @ s|s € S}. In the binary
hypercube, two solutions x and y are neighbors if one can be obtained from the other
by flipping a single bit, that is, if the Hamming distance between the solutions, |x @ y|,
is 1. Thus, the generating set is composed of every binary string with a single 1: §; =
{s e B" | |s|] =1}

We define the sphere of radius r around a solution x as the set of all solutions at
Hamming distance r from x (Sutton et al., 2010). We are also interested in these spheres
since the probability of reaching a solution i from a solution x using the bit-flip mutation
operator is the same for all the solutions in a sphere around x. Now we can observe
that the solutions in a sphere of radius 7 around x can be thought as the neighborhood
N, of x generated by an appropriate generating set S,. The generating set is com-
posed of all the solutions having exactly * ones: S, = {s € B" | |s| = r}. The notation S;
used before was selected to be a particular case of this more general neighborhood.
We will use the notation N,(x) = x @ S,. Another particular case is the one of Sy = {0}
that generates the identity neighborhood Ny(x) = {x}. Each neighborhood has its corre-
sponding adjacency matrix denoted with A®).

Let us consider the set of all the pseudo-Boolean functions defined over B", R¥".
We can think of one pseudo-Boolean function as an array of 2" real numbers, each one
being the function evaluation of a particular binary string of B”. Each pseudo-Boolean
function is, thus, a particular vector in a vector space with 2" dimensions. Let us define
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the dot product between two pseudo-Boolean functions as:

(f.8) =Y f(x)g(). 6)

xeB

Now we introduce a set of functions that will be relevant for our purposes in the
next sections: the Walsh functions (Walsh, 1923).

DEFINITION 2: The (non-normalized) Walsh function with parameter w € B" is a pseudo-Boolean
function defined over B" as:

V() = [J(=1) = (—~1)Zmw, -
i=1
where the subindex in w; and x; denotes the ith component of the binary strings w and x,
respectively.

We can observe that the Walsh functions map B” to the set {—1, 1}. We define the
order of a Walsh function v, as the value |w|. Some properties of the Walsh functions

are given in the following proposition. A proof of these properties can be found in Vose
(1999).

PROPOSITION 1: Let us consider the Walsh functions defined over B". The following identities
hold:

Yo =1, 8)
Vwer = Yu ¥, 9
Yu(x & y) = Y)Yy, (y), (10)
Vu(x) = Y (w), (11)
yo =1, (12)

2" ifw =0,
xe%l Yo(x) = 288" = 0 i;w L0 (13)
Yi(x) = (—1)% =1 — 2x;, (14)
(V. ¥) = 2"5,, (15)

where § denotes the Kronecker delta.

There exist 2" Walsh functions in B", and according to Equation (15) they are
orthogonal, so they form a basis of the set of pseudo-Boolean functions. Any arbitrary
pseudo-Boolean function f can be expressed as a weighted sum of Walsh functions. We
can represent f in the Walsh basis in the following way:

f@) =) awi(x), (16)

weB”

where the Walsh coefficients a,, are defined as:

ay = zln (Yrw, f)- (17)

The previous expression is called the Walsh expansion (or decomposition) of f. The
interested reader can refer to the text by Terras (1999) for a deeper treatment of Walsh
functions and their properties.
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The reason why Walsh functions are so important for the mutation analysis is
because they are eigenvectors of the adjacency matrices A" defined above, as the next
proposition proves.

PROPOSITION 2: In B", the Walsh function v, defined in Equation (7) is an eigenvector of the
adjacency matrix A" based on the generating set S, (sphere of radius r) with eigenvalue

wa(s) r\w|’ (18)

seS,

where IC(”) is the (r, j) element of the so-called nth order Krawtchouk matrix K™, defined as:

K = Z( v(2ZD)(). (19)

for 0 <r, j <n. Weassume in the previous expression that ( ) =0ifb>aorb <0.

PrOOF: The Walsh function ., is an eigenvector of AV if AV, = Ay, for some
constant A, which is the eigenvalue. Taking into account the definition of neighborhood
based on the generating set S, we can write:

(A9%) () = 3 puls @) = Y- bu()Wuls) = (Zm@)) Vo x),

sES, SES, SES,

where we used the property in Equation (10) and we can identify the eigenvalue with

the left-hand side of Equation (18). Let us now prove that this value is exactly Kk
Using the definition of S, we can write the series as:

D Yu(s) =Y Yuls) = (=D (20)

sES, seB” seBN
|s|=r |s|=r

r.wl®

and we can now change the index of the sum from s to [ = |w A s|. Written with the
new index we only need to count for each / how many binary strings s € S, have the
property that [w A s| =, that is:

D (=Dt = 3 (1) (s € B|ls| = r and |w A s| =1} . (21)
seBn 1=0

|s|=r

Now we can compute the cardinality of the inner set in Equation (21) using counting
arguments. We need to count how many ways we can distribute the r 1s in the string s
such that they coincide with the 1s of w in exactly I positions. In order to do this, first

let us put [ 1s in the positions where w has 1. We can do this in ( |l;)| ) different ways.
Now, let us put the remaining r — I 1s in the positions where w has 0. We can do this in
(nr—_l llul ) ways. Multiplying both numbers we have the desired cardinality:

(s € B"|ls| = r and [w A 5| = )] = ('7') (”r__"l“') . (22)

We should notice here that the cardinality is zero in some cases. This happens
when! > |w|,l > rorr —[ > n — |w|. However, in these cases we defined the binomial
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coefficient to be zero and we can keep the previous expression. If we use Equations (22)
and (21) and take into account the definition in Equation (19) we get Equation (18). O

In Equation (18) we can observe that the eigenvalue depends only on the order |w|
of the Walsh function. This means that there are at most n + 1 different eigenvalues in
the considered adjacency matrices. As a consequence, we can decompose any arbitrary
function f as a sum of n + 1 functions, called elementary components of f, where each one
is an eigenvector of all the adjacency matrices.

DEEINITION 3: Let f:B" — R be a pseudo-Boolean function with Walsh expansion f =
> wepn dwYrw, we define the order j elementary component of f as:

f[j] = Z Ay ww’ (23)

weB"
[w|=j

for 0 < j < n. As a consequence of the Walsh expansion of f we can write:
f=Y_fir (24)
j=0

According to Proposition 2 the elementary component fi; is an eigenvector of A"
with eigenvalue IC,("J)

2.2 Krawtchouk Matrices

Krawtchouk matrices play a relevant role in the mathematical developments of the next
sections. For this reason we present here some of their properties. The reader interested
in these matrices (also considered polynomials) can read Feinsilver and Kocik (2005).
The nth order Krawtchouk matrix is an (n + 1) x (n + 1) integer matrix with indices
between 0 and 7. In Equation (19) we provided an explicit definition of the elements of
a Krawtchouk matrix. But these elements can also be implicitly defined with the help
of the following generating function:

L+ (1 —x) =Y XK. (25)

r=0

From Equation (25) we deduce that IC o.; = 1. Observe that IC j is the constant
coefficient in the polynomial. Other properties of the Krawtchouk matrlces are presented
in the next proposition.

PROPOSITION 3: We have the following identities between the elements of the Krawtchouk
matrices:

K = (=K, (26)
(n) j 1-(n)
Kyl = (=K. (27)

Proor: With the help of the generating function in Equation (25) we can write:
Z( X KD = (14 (=)' (1 = (—x))]

= (L +x) (-2 = Zx"ci",l-f
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and identifying the coefficients of the first and last polynomials we have Equation (26).
In order to prove Equation (27) we can write:

i:xric(n) 1+ x)" J(l _ x)’ = (- 1)j(x + 1)11'j(x )
_ ( 1)/ n(1 + 1/x)” J(l _ 1/x J —(_ jxn Z(l/x)r (n)

= (=1 Y K = (—1)/ Zx K
r=0 =0
identifying again the coefficients of the first and last polynomials we have
(Equation (27)). (]

Krawtchouk matrices also appear when we sum Walsh functions. The following
proposition provides an important result in this line.

PROPOSITION 4: Let t € B" be a binary string and 0 < r < n. Then the following two identities
hold for the sum of Walsh functions:

Z ww(x) Ki‘t\)‘c)/\ﬂ (28)
D7 plx) =218, (29)
weB" At

PRrROOF: Given two binary strings x, t € B", let us denote with x|; the binary string of
length |#| composed of all the bits of x in the positions i where #; = 1. The string f acts as
a mask for x. This notation allows us to simplify the sums in Equations (28) and (29):

Z Vfw(x) = Z Vfwl,(x|t) = Z %(xh) = Z %(xh) = IC,(fltplc)/\t\

w‘eﬂ‘i‘:" At w‘su‘s" At ueBltl u ESr
wl=r wl=r Jul=r
by Equation (18), and
Doovu) = D0 YD) = D Wulxl) = ) v, () = 2"
weB” At weB” At ueBl! uehll
by Equation (13). O

3 Analysis of the Mutation Operator

The bit-flip mutation operator transforms an arbitrary element x € B" to y € B" by
changing the value of each bit of x with probability p. In the literature it is common to
use the value p = 1/n that, in expectation, changes one bit in each solution. However, if
0 < p < 1, the mutation operator can transform x into any element of the search space
with positive probability. In the following, we denote with M, (x) the random variable
on B" that represents the element in B" reached after applying the bit-flip mutation
operator with probability p to solution x.

LEMMA 1: Given two solutions x, y € B", the probability of obtaining y after a bit-flip mutation
over x is
Pr{M,(x) = y} = pP®(1 — py e, (30)
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PrOOEF: The solution y can only be obtained if all the bits that differ from the solution x
are mutated and the other ones are kept unchanged. Since the number of differing bits
is |x @ y| and each bit is individually changed with probability p we obtain the claimed
result. O

We are interested in f(M,(x)), the objective function value after the mutation of
a solution. This value is also a random variable and we want to analyze its probabil-
ity distribution. Given a particular search space, directly enumerating this distribution
by evaluating every solution is not tractable. However, the theory of landscapes pro-
vides tools for extracting information from this probability distribution in an efficient
way. This information arises from the moments of the probability distribution. In the
following sections we analyze these moments.

3.1 Expectation

Let us start by computing the expected value of f(M,(x)). The expected value is easy to
compute in the case of the elementary components of a function f. The result of the next
theorem was previously published by Chicano and Alba (2011). Sutton et al. (2011b)
also studied the expected value after mutation and found that it must be a polynomial
in p. We, however, present here the result and its proof because the notation is slightly
different from the one used in the previous works.

THEOREM 1: Let x € B" be a binary string, f : B" — R a function, fi;; its order j elementary
component and let us denote with M,(x) the random variable that represents the element in
B" reached after applying the bit-flip mutation operator with probability p to solution x. The
expected value of the random variable fj;)(M,(x)) is

E{fijj(Mp(x))} = (1= 2p) fij;(x) (31)
PROOF:
EUfip(Mpe)h = 3 fin(y) Pr{M,(x) = y}
yeB
= > AP - pye
yeB”
by Lemma 1

E{fij(Mp(x))} = Z Ffin)pEI A — pyre
r=0 yeN;(x)

dividing the search space

=

E{fin(Mp(x))} = (p'(l—p)"" > f[j](y))

r=0 YEN,(x)

by definition of N,

E{fijj(M(x))} = prd—pr’ (A(’)f[j]) (x)

r=0

by Proposition 2

E{fi;/(M,(x))) = (Z pr1— p)""ldf’}) fin(). (32)

r=0
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Using the generating function for Krawtchouk matrices as shown in Equation (25),
we can simplify the term within the parentheses in the following way:

. r n-r n n - p ' n
> oy K = = pr S () K
r=0

r=0

(1T N 1=2p\/
=1-p(—
1-p 1-p
=(1-2p). (33)
The previous development is valid if p < 1. In the case where p =1 we cannot
divide by 1 — p, but even in this case the final result holds. To prove this we just have

to consider that the term (1 — p)"™ is zero except for r = n and p” is always 1. Then we
can write

> A= py K = K = (-DIKG) = (- 2p), (34)
r=0

where we used Equation (27) and the fact that IC(()'?; = 1. We finally obtain the claimed
result for all the possible values of p. ' O

As a direct consequence of the previous theorem we can compute the expected
value of f(M,(x)) for an arbitrary function with the help of the decomposition of the
function into elementary components.

COROLLARY 1: Let x € B" be a binary string, f : B" — R a function and M, (x) the solution
reached after applying the bit-flip mutation operator with probability p to solution x. The expected
value of the random variable f(M,(x)) is
E{f(Mp(x)} = (1= 2p) fi;(x). (35)
j=0
where fi;) is the order j elementary component of f.

PROOF: We can write f as the sum of its elementary components as f = >_, fi;- Then,
we can compute the expected value as:

E{f(Mpx)} =Y E{fif(Mp(x)} =Y (1 —2p) fi;y(x). (36)
j=0 j=0
where we used the result of Theorem 1. O

3.2 Higher-Order Moments

Equation (35) can be used to compute the expected value of f(M,(x)). We may also use
it to extend to higher-order moments, as in the following theorem.

THEOREM 2: Let x € B" be a binary string, f : B" — R a function and M ,(x) the solution
reached after applying the bit-flip mutation operator with probability p to solution x. The mth
moment of the random variable f(M,(x)) is

ol f (Mp(x))} = (1= 2p) fl(x), (37)

j=0
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where {7}, is the order j elementary component of m1

PRrROOF: By definition, w.{ f(M,(x))} can be expressed as the expectation of the random
variable f"(M,(x)). Then, using Equation (35) we can write:
pn(f(Mp ()} = ELf" (M)} = Y (1= 2p) 7 (x). O
j=0

We define the Oth moment puo{ f(M,(x))} = 1. We can observe from Equation (37)
that all the higher-order moments are polynomials in p, just like the expectation (first-
order moment).

Let us now introduce some new notation. Let us denote with u{ f (M,(x))} the vector
of moments, that is, the mth component of this vector is the mth moment. We do not limit
the number of components of this vector; we can consider it as an infinite-dimensional
vector. Later we will see that only a finite number of elements of this vector would
be required for our purposes. We define the matrix function F(x) as F,, j(x) = 1 (x)
where 0 < j <nand m > 0. Let us also define the vector A(p) as A;(p) = (1 — 2p)’ for
0<j=n

Using the new notation we can write Equation (37) in vector form as:

pol f (M, () 10 .. 0 1
pa{f (M, (x))} fiox)  fru@x) oo fimx)
1-2p
s f (Mp(x))} far®) fm@) - )
: . . . 1 —=2py
or in more compact form:
uif(Mp(x))} = F(x)A(p), (38)

where F(x) and A(p) are multiplied using the matrix product. This new form of writing
Equation (37) has the property of expressing the vector of moments of f(M,(x)) as the
product of a matrix that depends on the objective function (and solution x) and a vector
that depends on the mutation operator and its parameter p. In some sense, we can claim
that Equation (38) decomposes the moments into a problem-dependent part, F(x), and
an operator-dependent part, A(p). This is the kind of equation we are looking for, since
it can be applied to different problems provided that the problem-dependent part for
each one is computed and we do not need to recompute the operator-dependent part.
In the same way, it can also be applied to any parameter of the operator (value of p)
without recomputing the problem-dependent part.

We should note here that the first column of matrix F(x) provides the statistical
moments of the fitness distribution in the whole search space considering a uniform
random distribution. Thus, F1 o(x) = fjoj(x) is the average value of the evaluation func-
tion in the search space, Fyo(x) = f[%](x) is the second-order moment, and so on. We
can prove this by setting p = 1/2 in Equation (38) because a probability of p = 1/2 for
bit-flip mutation is equivalent to a uniform random selection of a solution in the search
space. All the elements but the first in A(p) vanish and we get the claimed result.

TWe use this notation instead of (™)) to simplify the expressions, but Ji}; should not be confused
with fj;; to the power of m.
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3.3 Computing the Matrix Function F

The computation of the matrix function F is not efficient in general. Sutton et al. (2012)
provide an algorithm to compute the Walsh decomposition of f”. Using this Walsh
decomposition it is possible to obtain the elementary components of f”, as required for
the computation of F(x). If the Walsh decomposition of fis:

f= Z ayVu,

weB”

then the Walsh decomposition of the mth power f™ is:

: " b i
Jt= (Z Cluﬂﬂw) = 5 Z (iOO.HOa 100, 10+ v i11“‘1> 1_[ ayy,

weB? wepn lw=m weB”

This procedure has the advantage that it is general and can be used with any
function defined over bitstrings. The drawback, however, is its inefficiency when m
is high. Thus, for each particular problem, we should analyze the objective function
in order to find an efficient way of evaluating the matrix function F in an arbitrary
solution x. In Section 4 we analyze two problems and provide an efficient computation
of this matrix function for these problems.

In some cases, the efficient (polynomial time) evaluation of F(x) can only be possible
if NP = P. This happens for example in the SAT problem as the following proposition
states.

PROPOSITION 5: Let us consider the SAT problem and an evaluation function f(x) that takes
value 1 if x € B" satisfies the propositional formula and 0 otherwise. If there exists a polynomial
time algorithm for computing fio; then NP = P.

ProoOF: The value fjo is the average value of the objective function in the whole search
space. Since f can only take values 0 and 1, if fig] > 0 then the formula is satisfiable.
Thus, if we find a polynomial time algorithm to evaluate fjg; we can solve the decision
problem in polynomial time. But, as SAT is NP-complete, then NP = P. ([

As a consequence of the previous proposition we cannot ensure that an efficient
evaluation of the matrix function F(x) exists in general. The complexity of computing
F(x) depends on the problem.

3.4 Fitness Probability Distribution

With the help of the moments vector u{f(M,(x))} we can compute the probability
distribution of the values of fin a mutated solution. In order to do this we proceed in
the same way as Sutton et al. (2011a).

Letus call & < & < --- < &, to the g possible values that the function f can take
in the search space. Since we are dealing with a finite search space, g is a finite number
(perhaps very large). We are interested in computing Pr{ f(M,(x)) = &} for 0 <i < q.
In order to simplify the notation in the following we define the vector of probabilities

n(f(My(x))) as mi(f(M(x))) = Pr{f(M,(x)) = &]}.

THEOREM 3: Let us consider the binary hypercube and let us denote with & the possible
values that the objective function f can take in the search space, where &; < &41for0 <i < g — 1.
Then, the vector of probabilities w( f(M,(x))) can be computed as:

x(f(My(x))= (V) F(x) Alp), (39)
———
problem-dependent
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where the matrix function F(x) is limited to the first q rows and V denotes the Vandermonde
matrix for the & values, that is, V; ; = &/ for 0 <i, j < gq.

PROOF: We can compute the mth moment u,, { f(M,(x))} using the following expression:

g—1
B L (Mp(x)} = > & Pr{f(M,(x)) = &]. (40)
i=0
We can write this in vector form as:
1 1 Pr{f(M,(x)) = &}
& & & || Prr00) = &)
m{f(Mp(x))} =
g7 g g0 ) \Pr{f(M,(x)) = 1)
= VIir(f(M,(x)). (41)
Using Equation (38) we can write:
r{f(Mp(x0))} = VIr(f(My(x)) = F(x)A(p), (42)

and solving m (f(M,(x))) we finally get Equation (39). The determinant of the Vander-
monde matrix is [ [y, _; _, (& — &) (Mirsky, 1955, pp. 17-18) and the matrix is nonsin-
gular if and only if all the &; values are different. This is our case, so the Vandermonde
matrices we use are invertible. O

Again we can observe that m(f(M,(x))) is the product of a term that is problem-
dependent and a vector that depends on the parameter of the mutation p. From
Equation (39) it is clear that each particular probability =;(f(M,(x))) is a polynomial
inp.

We can also compute the cumulative density function ITI( f (M ,(x))) defined by:

I (f (M,(x))) = Pr{f(M,(x)) < &} = Y 7;(f(M,(x))). (43)

j=0
We can write the previous equation in vector form as:

H(f(My(x)) = L m(f(M(x))). (44)
where L is the lower triangular matrix defined by

1 ifi>j,
"7 10 otherwise.

We can note again that each element of II(f(M,(x))) is a polynomial in p. The
component IT; ( f (M,(x))) is the probability of reaching a solution y with function value
f(y) < & after the mutation with parameter p. If x has function value f(x) = §;, then
1 — I0;( f (Mp(x))) is the probability of improving the function value of solution x in one
application of bit-flip mutation. For problems in which the matrix F can be efficiently
computed, the expression 1 — IT;( f (M, (x))) could be used as the base for a new mutation
operator that tries to maximize the probability of an improving move.
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4 Case Studies

In this section we present the elementary landscape decomposition of two well-known
problems and their powers (the F(x) matrix). With this decomposition we can compute
the probability distribution of any solution after mutation. We start by analyzing a
Onemax problem. In Section 4.2 we analyze MAX-SAT.

41 Onemax

Onemax is a linear pseudo-Boolean fitness function that is often used in the analysis of
evolutionary algorithms. In our case, we consider the sum of all order-1 Walsh functions,
which is related to Onemax by a simple linear transformation. That is:

f(x):ZlﬂL(x):n—Zin:n—2|x|. (45)
i=1 i=1

The objective function in Onemax is | x| (the number of ones in x € B"). Maximizing
the number of ones in x (original Onemax problem) is equivalent to minimizing f(x).
We should note here that f(x) can take values in the range [—n, n] by steps of 2. That is,
the range of fis the set {n — 2j|j € N, 0 < j < n}. Although we study here the function
f(x) defined in Equation (45) for the sake of simplicity, we will see at the end of this
section that the probability distribution after mutation of the regular Onemax function
is the same as f(x).

The following lemma provides intermediate results that will be useful in the search
for an expression for F(x).

LEMMA 2: The sum of all the Walsh functions with the same order is related to the Krawtchouk
matrices by means of the following identity:

DY) =K. (46)

weB"
|wl=p

PRrROOF: The claim follows immediately from Equation (28) whens =11...1. O

THEOREM 4: The matrix function F(x) for the objective function f(x) defined in Equation (45)
depends only on |x| and its elements satisfy the following identity:

Fm,j(x) —(") K;n‘)ﬂ s (47)
where K™ is the nth Krawtchouk matrix and E™ is the matrix defined as:
1 n
= (n) m y~(n)
20 = o > = 26" K (48)
k=0

PROOF: Let us write the Walsh decomposition of f ™. Given a binary string w € B", the
Walsh coefficient )" of f’" is

) = 2 Y Y W) = g Y Yule) (= 20"

xeB xeB

dividing the search space yields

alm = o Z(n —20)" Y (x) = o Z(n —2k" K =Y (49)

xeB"
|x|=k
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where we used the result of Lemma 2 and introduced the matrix £ to simplify the
notation. Now we can sum together all the Walsh functions of the same order j to find
the elementary component f7;:

Fo () = i) =Y alPy(x) = 253 vu(x) = KN, (50)

weB" weB”
lwl=j lwl=j

where we used Lemma 2 in the last step. O

In the following proposition we provide a property of the ) matrix that is useful
to simplify the computation of the matrix.

PrOPOSITION 6: All the elements E;’;) j in which m + j is odd are zero.

PrROOF: We can develop Equation (48) to write:
cl g Z (00 =207 + (0 = 20K )

changing k by n — k yields

1
=) _ . m 3~ (n) m 3-~(1n)
=0 = Z_kZ_o:((n 26K + (2K — YK )

1 “ n m~(n
= o =20 (K + (1K)
k=0
by Proposition 3 and Equation (27),

2'-”';)] — 2,, Z(n Zk)m( ﬂ) ( 1)”1+jlcl(:l}>

1 \ .
= on (1= 2" (14 (1)),

k=0

If m + j is odd, all the terms in the sum are zero and, thus, :,(Z ) ;=0 O

Theorem 4 claims that F depends only on |x| and not on the solution itself. As a
consequence, the vector of probabilities # ( f (M, (x))) depends only on |x|. But, according
to Equation (45), |x| is related to the fitness value of a solution by f(x) =n — 2|x|, and
the vector of probabilities = depends only on the fitness level of the solution we are
evaluating. We can then build a matrix, denoted w, where element w, ; is the probability
of generating a solution with fitness &; using bit-flip mutation from a solution with
fitness &;. This matrix depends on p (probability of mutation), but we omit p in the
notation to make it simpler. The expression for @w; ; can be obtained using simple
counting arguments, without the need of the mathematical framework developed in
Section 3. However, in the next theorem we provide an expression for this matrix using
our mathematical framework. The purpose of this result is twofold: it proves that w; ;
can be computed using our framework and, to the best of our knowledge, it provides a
previously unknown expression for w; ; involving Krawtchouk matrices.

THEOREM 5: Given the objective function defined in Equation (45) over B", the probability of
reaching a solution with fitness &; = 2 j — n when bit-flip mutation with probability p is applied
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to a solution with fitness & = 2i — n is given by:

@i =) Ky -2p/K]. (51)
1=0
where 0 <i,j <n.

PrOOF: First, we will express the matrix E™ as a product of two other matrices.
=0 = L3 20k replacing k by n — &
E. = z—nZ(n —2k)°Ky,; replacing k by n —
k=0

1g () () 1g o)
=5 2k —n )clcnnk] 2nZ§k’Cn”kl zz—nZVk,Clelfj
k=0 k=0

1

2/1
where we used the Vandermonde matrix and we introduced a new matrix K. This
is the Krawtchouk matrix of order n in which the rows are reversed. Then, we have
2 = 271y KM, Let us now define the vector K" . as the jth column of the nth order
Krawtchouk matrix. We can write the matrix function F (x) defined in Equation (50) in
a compact way as:

—(VTK®™) (52)

c,j’

F(x) = E® diag(K", ), (53)
where the function diag () maps a vector into a matrix having the vector in the diagonal.
If we introduce this compact expression of F(x) in Equation (39) we obtain:

2 (f (M) = (V) F)A(p) = (V) E® diag(K), ) A(p)
1

- ~ . n 1. n s
=5(V") 'WTR® diag(K) ) A(p) = 7K ) diag(KV)) A(p)

]‘ % n
= 5 KO (Ap) o KT, (54)

where the symbol o denotes the Hadamard product? of matrices and we used the fact
that diag (A) B = A o B.
According to the definition of w, it must be related to & by the following equation:

w;; =u;(f(My(x)) foranyxsuchthat f(x)=§&. (55)

Since & =2i—n, f(x)=n—-2|x|=§& if and only if |[x|=n—i, and using
Equation (54) we have:

w;; =n;(f(M,(x)) foranyux with|x|=n—i

9| —

(ROAP) o KL)); = 5 Z RN (A(p) 0 KO,

1 n n 1 n n
= 2_” ()Al(p)lcl(rzl = 2,, ZICI(I )/lAl(p)ICI(n)l
=0 =0

2The Hadamard product of two matrices with the same dimension is the element wise product of
the matrices.
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by Proposition 3
= Z’C‘”’< D' A(p)KL), = ZIC“”A ()KL, (56)
and we get Equation (51) just considering that A;(p) = (1 — 2p)". O

In the following proposition we provide two properties of the w matrix that are
useful to reduce the computational complexity.

PROPOSITION 7: The matrix w has the following properties:

()= ()

@ y-in-j = @i (58)
where 0 < i, j <n.

PrOOEF: The first property is a consequence of an analogous property of the Krawtchouk
matrices: (’]1 K = (" )K" (Terras, 1999, p. 179). We can write:

n 1 n n 1 n n n
(3)wer = St (7) it = 5 X (7) imons

1 n\ o m _ (n
= VKO PED = (") @ .
2n 1=0 (J) Li HP)K J .

The second property is a consequence of Proposition 3:

1 n 1 \ .
@uin] = Z KAL) = 5 > (DK AP (1K
=0 1=0

ZIC MK =@ . O

At this point we can discuss the utility of the @ matrix. We can see @ as a practical
substitute for all the probability vectors & (M, ( f(x))) in the case of the objective function
f(x) defined in Equation (45). In general, the components of the previous vector depend
on the solution x. However, in the particular case of the Onemax-related function in
Equation (45), the components depend only on the fitness level & the solution has.
This way, we can forget the concrete solution x and focus only on the fitness levels &;.
Furthermore, the number of fitness levels is n + 1 and the complexity of computing any
element of w using Equation (51) is O(n), where we assume that the Krawtchouk matrix
K™ is precomputed.’® This means that we can compute the probabilities of reaching any
fitness level from any other one after bit-flip mutation in O(n3). That is, we obtain
in polynomial time a practical piece of information that summarizes the behavior of
bit-flip mutation in this problem. We will see in Section 5 how this information can be
used.

SKrawtchouk matrix K" can be precomputed in O(n®) using Proposition 2.1 of Feinsilver and Kocik
(2005).
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We derived the w matrix for only one objective function. Now we wonder whether
similar @ matrices can be derived for other objective functions. The answer to this
question is not easy in general, but the next results give a first answer along this line.
Let us first formally define the property that allows one to compute a matrix such
as w.

DEFINITION 4: Let f(x) be an objective function and let us call &) < & < --- < &,-1 to the
different values it can take. We say that the function f has a fitness-dependent distribution for a
unary operator if the probability distribution of the objective value after applying the operator
to any solution does only depend on the objective value of the initial solution. In formal terms,
if U(x) € B" is a random variable that represents the application of the unary U operator to x,
we have

Vx,y e B", f(x) = f(y) = Pr{f(U(x)) = &} = Pr{f(U(y) = &}, (59)
for all the possible & ; values. If this happens, then we can define a matrix w whose elements are:
w;; =Prif(U(x) =§&;|f(x)=§&}. (60)

There is a trivial family of functions having fitness-dependent distributions for any
unary operator. It is the family of injective functions. In these functions each particu-
lar solution has a unique image and the fitness-dependency condition trivially holds.
However, the probability matrix in this case has size 2" x 2" (the size of the search space
squared), which makes this treatment impractical. Even simple linear pseudo-Boolean
functions (such as BINVAL) can have this property. The next theorem claims that the
property of having a fitness-dependent distribution can be kept even after some simple
manipulations of the fitness function.

THEOREM 6: Let g(x) be an objective function having a fitness-dependent distribution for the
unary operator U and let us call w'® the associated probability matrix, where we used the name
of the function as superindex. Then, the function f(x), which is a composition of g(x) with
another function, also has a fitness-dependent distribution for U under the following conditions:

o When f(x) = h(g(x)) for h, a strictly increasing function. The probability matrix does
not change: w') = w'®.

o When f(x) = h(g(x)) for h, a strictly decreasing function. The probability matrix flips

. () (8)
its rows and columns: w;'; = @ ;. gy

o When f(x) = g(x @ u) foru € B" and U commutewith the @ operator: PriU(x ® u) =
y} = Pr{U(x) ® u = y}Vx, u € B". The probability matrix does not change: w/) =
w .

ProOF: First, we can observe that in the three cases the number of values that f can

take is the same as the number of values that g can take, | f(B")| = |g(B")| = g. Then, let

us denote with £ < & <... < 5;5_')1 these values for the g function. We will use the

notation “g‘i(f ) to refer to the corresponding values of f.
Let us start with the first case: f(x) = h(g(x)) and h strictly increasing. In this

case él.(f ) = h(sl.(g)) for all 0 <i < ¢. And the property of having a fitness-dependent
distribution trivially holds for f since if f(x) = f(y) then g(x) = g(y) and consequently
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Pr{g(U(x)) = £} = Pr{g(U(y)) = £}, which implies Pr{ f (U (x)) = &} = Pr{f(U(y))
= gj‘.f ). Regarding the probability matrix we have:
w!) =Pr{f(U) =" f(x) = £
by definition of f
@) = Pr{h(s(U(x)) = h(E¥) h(g(x)) = h(£*))
since h is strictly monotonic
w{!) =Pr{gU(x) =¥ 1g(x) = £} == ¥). (61)

In the second case, in which f(x) = h(g(x)) for &, a strictly decreasing function, we
can prove that f has a fitness-dependent distribution with an argument similar to the

first case. However, the probability matrix is different due to the change in the order of

(8)

(¢-1)-1)- Thus, the elements

the values &i(f ) Since his strictly decreasing, we have Ei(f = h
of the probability matrix are given by:

w() =Pr{fU) =1 (x) = ")
by definition of f
@) = Pr{n(s(U() = h(E, ) 1h(g() = h(EZ,))
h strictly monotonic
o) = Prig(U(x)) = &2, 1g(x) = £ Y =a& i (62)
iJ (g=1)-j (g=1)-i (g=Vi(g=1)~J
Finally, let us prove the last case. The values that the function takes do not change,
thatis: £/ = £ 1f f(x) = f(y) then g(x @ u) = g(y & u), whichimplies Pr{g(U (x & u)) =
S;g)} =Pr{g(U(y ®u)) = é;’j(.g)} by hypothesis. But if U commutes with @ then we have:
PrigUx @u) = &9} =Pr{gU) ®u) =¥} =Pr{f(UR) =&}, (63)

where we used the definition f(x) = g(x @ u) in the last step and the fact that Ei(f ) = éi(g).

As a consequence we have Pr{f(U(x)) = éj(-f)} =Pr{f(U(y)) = é;‘f)} and f has a
fitness-dependent distribution for U. The elements of the probability matrix are:

) = Pr{ (U () = £V f(x) = £)
by definition of f
ol = Pr{gU@ @w) = £ ls(x @ 1) = £}
by commutation of U and &
ol =PrlsWe o) =&l o) = £} = ) (64
]

The only condition imposed on the unary operator in the previous theorem is the
commutation with @. Fortunately, the bit-flip mutation operator commutes with @.
Furthermore, we provide in the next proposition a result that generalizes that of the
mutation operator.
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PROPOSITION 8: If a unary operator U has the property Pr{U(x) = y} = f(x @ y) for a real
function f then it commutes with the @ operation.

PrOOF: For any x, u, y € B" we can write:
PriU(x®u)=y} = fx®du®y)=Pr{Ux) =u® y} =Pr{U(x) ®u =y}, (65)
and we have the commutation property. O

The bit-flip mutation satisfies the hypothesis of the previous proposition, as
Lemma 1 states. Now, we can combine the results of Theorem 6 and Proposition 8
to provide a concrete result for the Onemax-related functions.

PROPOSITION 9: All the objective functions of the form
8(x) = h(lx ® ul), (66)

where h is a strictly monotonic function have a fitness-dependent distribution for the bit-flip
mutation operator and the probability matrix is the one defined in Equation (51).

PrOOF: First, we observe that in the case of the sum of order-1 Walsh functions shown
in Equation (45) the probability matrix w (/) does not change even in the case in which
we compose the functions with a strictly decreasing function, since ¢ =n+1 and
W ,-in-; = W; ; according to Proposition 7. Then, based on the results of Theorem 6 and
Proposition 8 we only need to express g(x) as a strictly monotonic function of the
objective function f defined in Equation (45). This expression is:
n—f@®w)

(67)

g(x):h(|x®u|)=h< >

O

A direct consequence of the previous result is that even though we focused in
this section on the objective function defined in Equation (45) instead of the Onemax
objective function, the probability matrix @ is valid also for the original Onemax func-
tion. Furthermore, it is also valid for any strictly monotonic function composed of the
Onemax function.

42 MAX-SAT

The MAX-SAT problem is a well-known NP-hard problem related to the satisfiability of
Boolean formulas. An instance of this problem is composed of a set of clauses C. A clause
is a disjunction of literals, each one being a decision variable x; or a negated decision
variable ;. The MAX-SAT problem consists of finding an assignment of Boolean values
to the literals in such a way that the number of satisfied clauses is a maximum. Let us
assume that there exist n Boolean decision variables. For each clause ¢ € C we define
the vectors v(c) € B" and u(c) € B" as follows (Sutton et al., 2009):

1 if x; appears (negated or not) in ¢,
u(e) = { ppears (neg : (69)
0 otherwise,
1 if x; appears negated in c,
i () = PP & 69)
0 otherwise.

We will omit the argument of the vectors (the clause) when there is no confusion.
According to this definition u A v = u. We should note here that the previous notation
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allows us to express the empty clause, [J, with v = u = 0. But it is not possible to express
the top clause T. We will need a special treatment of the top clause in the following.
The objective function of MAX-SAT is defined as

flx) = ch(x); where

ceC

1 if c is satisfied with assignment x,

fe(x) = { (70)

0 otherwise.

A clause c is satisfied with x if at least one of the literals is true (we assume the
usual identity true = 1 and false = 0). Using the vectors v(c) and u(c) we can say that c
is satisfied by x if (* A u) v (x Av AU) # 0.

Sutton et al. (2009) provide the Walsh decomposition for the MAX-SAT problem.
Let the function f; evaluate one clause ¢ € C. The Walsh coefficients for f. are:

0 if wAD#D0,
aw=11-5 ifw=0, (71)
27—}‘ Y, (u) otherwise.

If the clause c is T then the only nonzero Walsh coefficient is ag = 1.
For the sake of simplicity in the mathematical development, instead of using f. in
the following, it is better to use g.(x) = 1 — f.(x). The Walsh coefficients for g. are:

0 ifc=TorwAv#0,
! (72)
s7¥w(u) otherwise.

We will also focus on the fitness function g(x) defined as:
g(x) =Y gx)=m— f(x). (73)
ceC

Maximizing f(x) is equivalent to minimizing g(x).
The following lemma provides the elementary landscape decomposition of g..

LEMMA 3: The jth elementary component of g. is

1
T (Jv(e)l)
gelji(x) = (1 — 34 )Z‘U(C)l ’Cj,\(xe;u(c))/\v(c)l' (74)
Proor: With the help of Equation (72) we can write
1
gc,[j](x) = Z” awl[fw(x) = (1 - ‘SLT) nZ mww(u(c))ww(x)
v "
by Equation (9)
1
gerjl(0) = (1=07) 3 sovnx & u(©)

weB Av(c)
[wl=j

by Equation (28)

1 .
_ T (1))
gernn(¥) = (1-4.) )] K jeuten - (75)
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The next two lemmas provide intermediate results related to the g. functions that
are required in the proof of the main theorem in this section.

LEMMA 4: The mth power of g. for m > 0 is:
gl (x) = ge(x). (76)
PrOOF: The function g. takes only values 0 and 1. If m > 0 we have g7 (x) = g.(x). O

(&

LEMMA 5: Given a family of clauses ¢ € C, the product of functions g. is:

[ =gyc), (77)

ceC

where \/ C is the disjunction of the family of clauses. For the previous expression to be trie even
in the case in which the family of clauses is empty we define go(x) = 1.

PrOOEF: The function g is 0 when the clause c is satisfied. Thus, a product of g. functions
will be 0 when any of the clauses is satisfied and 1 if none of the clauses is. This
behavior is the same as the function g associated with the disjunction of the clauses.
This disjunction is also another clause. O

The following theorem provides the expression for the matrix function F(x) for g(x)
defined in Equation (73).

THEOREM 7: The matrix function F(x) for the objective function g(x) defined in Equation (73)
is:

1 (v W)
Fuui ) = 3 sz CnwK saucy womoy wr (78)
S
where the X matrix is defined by the following recurrence equations:
Yo0=0, (79)

. k—1 k
Yoi =K"= (7 ) - (80)
=0

PROOF: Let us number the clauses in C from 1 to & and let us denote with ¢; the jth
clause. We can write g"(x) as

h " ho
gm(x) = Z gc.,- (X) = Z (ll l‘2 m lh) 1_[ gle ()C)
= s 12,0 n, i1

i1+ Fip=m
by Lemma 4
h
> Tl
= - - 8¢, (%)

L . (llalZa“'alh> X /

i1+ip+-+ip=m _/‘:10
removing the indices that are zero we can write the sum in an alternative way

= Z Z (il,iz,...,iw>cl;[l/gc(x)

WCC iq+ig+tijw =m

109, >0
= E Yo, wi 1_[ 8e(x)
wee cew
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by Lemma 5
=Y Yowgyw), (81)
wce
where we defined Y, ; as

nm
Tm'kz Z (l'l,l'z,...,l'k>. (82)

i Fig+tig=m
120 e >0

Using Equations (81) and (74) we obtain Equation (78).

In order to complete the proof we only need to justify Equations (79) and (80) based
on the definition in Equation (82). In the following we will use the notation [k] to denote
the set of numbers from 1 to k. When m, k > 0 the sum of the multinomial coefficients

is:
= Y ("
11,02, ... Ik

i1tipt+-tik=m
which we can reorganize in the following way

=y > (il,iz,}.n.-,ill)

JCIk] iqtigttiy g =m
JEDiqig.eiyg)>0

=12:Z > (tl,iZ,’?-,m)

JE[k] iy tigtti) g =m

WI=E g ig,ni)g>0

=Xk:Z Z (il’jzj/’.i..Jl):iZ‘rm,l

[=1 JCIK] iq+ig+o+ip=m 1=1 J<lk
1=l iquigeniy>0 1I=l

= ]X;: (’;) Yo (83)

In order to extend the previous sum to the value / = 0 we can just define Y, 0 = 0 as
in Equation (79) and we obtain the recurrence Equation (80). Now we can observe that
Equation (80) is valid even in the case in which k = 0. O

By the definition of Y, ; in Equation (82) it is clear that Y,y =0 if k > m. As a
consequence, the sum in Equation (78) must consider only the subsets W of at most
m elements if we are interested in the elementary landscape decomposition of the mth
power of g(x). The computation of the v and u vectors in Equation (78) can be done
in O(nm) at most, since we have to explore up to n bits of up to m clauses (it can be
much less in practice if the number of literals per clause is low). Thus, the complexity
of computing the elementary components of g” (x) is O (nm|C|™), where we assume that
the matrices Y and K™ are precomputed.

5 Connection to Runtime Analysis

The results we present in this section represent, to the best of our knowledge, the
first connection between landscape theory and runtime analysis, and this is, in fact,
the reason why we think they are relevant. They are an application of the results of
Sections 3 and 4 to the computation of the first hitting time of a (1 + ) EA. The results
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Algorithm 1 Pseudocode of a (1 + A\) EA

1: x < RandomSolution();

2: while z is not a global optimum do
3: fori=1toAdo

4 Y My(z);

5 if f(y) > f(z) then
6: T4y

7: end if
8

9

end for
. end while

themselves are not new or significant for the runtime community. We use the Markov
chain framework by He and Yao (2003), which has important limitations when the
goal is to find asymptotic bounds for runtime. With this framework we are able to
compute exact expressions for the expected runtime as a function of p, the probability
of flipping a bit in the mutation, but we are not able to find asymptotic expressions
or make conclusions about the runtime when 7 is large, which is the main goal of the
runtime analysis community.

When one is interested in computing bounds for the runtime required by an evolu-
tionary algorithm to solve an optimization problem, it is quite common to analyze the
probability of improving a solution in one iteration of the algorithm. This is the way,
for example, in which an upper bound of O(nlogn) is derived for the Onemax problem
solved with a (1 + 1) EA using bit-flip with probability p = 1/n (Neumann and Witt,
2010, p. 39). These probabilities of improvement are not usually exactly computed, but
an asymptotic lower bound of the probability is used instead. Thus, an upper bound of
the expected runtime is derived instead of a precise expression.

In Section 3 we showed how we can compute the probability distribution of the
objective values after mutation. In Section 4 we found that for a family of functions that
includes Onemax, the probability distribution only depends on the value of the fitness
function in the current solution and, thus, we could define a matrix w, which summa-
rizes the behavior of the algorithm in one step. The question we want to answer in this
section is, can we use the w matrix to provide an expression of the expected runtime of an
evolutionary algorithm? In the next sections we will show how a precise expression for
the expected runtime of a (1 4 1) EA can be derived using the @ matrix. In Algorithm 1
we show the pseudocode of a (1+ 1) EA, where (abusing notation slightly) we use
M,(x) to denote a random solution that is the result of applying the bit-flip mutation
operator to x.

51 Runtime Analysis of (1 4+ A)-EAs

Based on the probability matrix @, that only assumes one single application of the
mutation operator, we can define a new probability matrix @ * related to the generation
of 1 offspring using bit-flip mutation and selecting the best one. This new probability

matrix must reduce to @ when A = 1. The element w 1s the probability of obtaining a
solution with fitness value &; after applying bit-flip mutation  times with probability p

to a solution with fitness value & and taking the offspring with the highest fitness. The

following proposition provides an expression for w( )
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PROPOSITION 10: The probability matrix w™ is defined as
A

A i1
W (Z Wi 1) - (Z wi,z) . (84)
=0

PrOOF: The element w( )is exactly the probability of obtaining at least one solution with
fitness value &; and no solution with a higher fitness value in the A trials. This is exactly
the probability of obtaining the A solutions with fitness value lower than or equal to
&; (first term) minus the probability of obtaining the solutions with fitness value lower
than &; (second term). O

We can observe in Equation (84) that @) = w. We must recall here that w® is a
polynomial in p because @ is also a polynomial in p. Now we analyze the runtime of
the (1 4 1) EA with the help of the Markov chain framework presented by He and Yao
(2003). The first step is to present the transition matrix (we assume maximization):

*)

W, if j > i,
A’ .
P =1 slowl) itim )
0 if j <1,

where 0 < i, j < ¢. If the probability p of flipping a bitis 0 < p < 1, then the previous
transition matrix will have only one absorbing state that corresponds to the solutions
with the highest fitness value &,-;.

Now we can use some results from the Markov chain theory (losifescu, 1980) to
compute the expected runtime of the (1 + A) EA. The P matrix can be written in the

form: IR
(0 1)’ (86)

where R is a column vector and T is a (¢ — 1) x (¢ — 1) submatrix with the transition
probabilities of the transient states in the Markov chain. The fundamental matrix is
N = (I — T)™!,and the expected runtime (number of iterations) of the (1 + A) EA starting
in a solution with fitness value & and 0 <i < ¢ — 1 is given by the ith component of
the vector of mean absorption times ¢;. This vector is computed as ¢t = N1. From a
computational point of view, the vector can be efficiently computed by solving the
following linear equation system:

(I-T)=1, (87)

since I — T is an upper triangular matrix, the system can be solved in O(g?). The
components of ¢ will be, in general, fractions of polynomials in p. The vector ¢ has only
g — 1 components indexed by number from 0 to ¢ — 2, but for the sake of completeness
we can extend it with an additional component ¢,-; = 0, which is the expected runtime
of the algorithm when the initial solution is the global optimum.

Assuming that the algorithm starts from a random solution, the expected runtime
is given by

11X
ﬂﬂ=§:ﬁém (88)
=0

where X is the set of solutions and X; is the set of solutions with fitness f(x) = &
The expected runtime in Equation (88) is not an approximation or bound, it is the
exact expression of the expected runtime as a function of p, the probability of flipping a
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bit. However, this expression will only be practical if: (1) we can define the w matrix for
the problem we are interested in, and (2) the evaluations of this matrix can be efficiently
done on a computer. These conditions limit the number of problems whose runtime
can be analyzed using this approach. However, we found in Section 4.1 that for any
monotonic function of Onemax we can efficiently construct and evaluate the w matrix.
In the next section we focus on Onemax.

5.2 Runtime of (1 4+ 1) EA for Onemax

The Onemax problem has been studied in the literature on runtime analysis many
times. Garnier et al. (1999) derived an expression for the transition probability matrix
of the (1 + 1) EA for the Onemax function that was later reported by He and Yao (2003).
Their expression is the same as Equation (85) for » = 1. Tight upper and lower bounds
have been derived for the (14 1) EA using different mutation rates. Recently, Witt
(2013) proved that the (1 + 1) EA optimizes all linear functions (including Onemax)
in expected time enInn + O(n), and the expected optimization time is polynomial as
long as p = O((logn)/n) and p = Q(1/poly(n)). Jansen et al. (2005) proved that using
a (14 i) EA the expected number of iterations after reaching the global optimum is
O(nlogn/x + n). Doerr and Kiinnemann (2013) extended this result to linear functions.
In summary, the Onemax problem is well known and the content of this section adds
not too much to the current knowledge on this problem. The goal of this section is, thus,
to obtain the same results from a different perspective, that of landscape analysis. The
advantage of this approach is that with an exact expression of the expected runtime
we can find a precise answer to some concrete questions for some particular instances.
The disadvantage is that the expression is quite complex to analyze and we need to use
numerical methods, so it is not easy to generalize the answers obtained.

Let us firststart by studying the (1 4+ 1) EA. Taking into account the w matrix defined
in Equation (51) for Onemax, the expected number of iterations can be exactly computed
as a function of p, the probability of flipping a bit. Just for illustration purposes, we
present the expressions of such expectation for n < 3:

1

E{t} = — forn =1, (89)

2p
7—5p

E{t} = forn =2, (90)

4p—-2)p—-1p
26p* — 115p% +202p% — 163p + 56

E(r)= ——F — P F 2P~ 0P T forn = 3. 1)

8(p—1)p(p —3p+3)(2p —3p+2)

We can observe how the expressions grow very fast as n increases. The factor
p(p —1) is always present in the denominator for n > 2, what means that when p
takes extreme values, p =0 or p =1, it is not possible to reach the global optimum
from any solution, since the algorithm will keep the same solution if p =0 or will
alternate between two solutions if p = 1. However, when n = 1 the probability p =1
is valid, and furthermore, it is optimal, because if the global solution is not present at
the beginning we can reach it by alternating the only bit we have. In Figure 1 we show
the expected runtime as a function of the probability of flipping a bit for n =1 to 7.
We can observe how the optimal probability (the one obtaining the minimum expected
runtime) decreases as 1 increases.

Having the exact expressions we can compute the optimal mutation probability for
each n by using classical optimization methods in one variable. In particular, forn =1
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Figure 1: Expected runtime of the (1 4- 1) EA for Onemax as a function of the probability
of flipping a bit. Each line corresponds to a different value of n from 1 to 7.

the optimal value is p = 1 as we previously saw and for n = 2 we have to solve a cubic
polynomial in order to obtain the exact expression. The result is:

1 2 /23 — 5471
L PR _ ~ 0.561215. 92
P2=3 23— 5421 2 2)

which is slightly higher than the recommended value p = 1/n. Observe, however,
that this result does not contradict the ones in Witt (2013), since Witt’s work provides
asymptotic expressions and discards low-order terms, while we are working here with
expressions for low n values. In accordance with Witt’s work, we would expect the
optimal probability of mutation p; to approximate the 1/n value, and this is what
happens. As we increase #, analytical responses for the optimal probability are not
possible and we have to apply numerical methods. In our case we used the Newton
method in order to find a root of the equation di—]{f} = 0. Some results up to n = 100 can
be found in Table 1. A fast observation of the results reveals that the optimal probability
is always a little bit higher than the recommended p = 1/n.

Before we go further, we could question the use of an approximate method (the
Newton method) over an exact expression to find the optimal probability for mutation.
In particular, as we get approximate values anyway, why not directly run the (1 + A) EA
enough times to get an accurate enough approximate value for the optimal probability?
Although in both cases we end with an approximated value, the approximation is
done at a different level and using the Newton method, we get higher accuracy in
less time. Let us explain this in detail. First, we have to say that given a probability
of bit-flip p the computation of the first-hitting time using Equation (88) is very fast
and the result we obtain is exact up to machine precision. If we want to obtain the
expected first-hitting time running the algorithm we need to run it several thousand
times to get a good confidence interval and the final approximation will be coarser
than using the exact formulas. Just as an illustration we ran the algorithm 1,000 times
for n =100, » =1, and p =0.01, and it took 193 s to find an expected runtime of
1058.60 £ 21.73 with 95% confidence. On the other hand the evaluation of the exact
expression was done in 0.837 s and an expected runtime of 1069.54 with 11 decimal
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Table 1: Optimal probability values for an (1 4 1) EA solving Onemax.

n 2 E{t} n 2 E{t}
1 1.00000 0.500 20 0.06133 127.453
2 0.56122 2.959 30 0.04046 222.079
3 0.38585 6.488 40 0.03009 325.900
4 0.29700 10.808 50 0.02391 436.580
5 0.24147 15.758 60 0.01981 552.734
6 0.20323 21.222 70 0.01690 673.445
7 0.17526 27.120 80 0.01473 798.059
8 0.15391 33.391 90 0.01304 926.088
9 0.13710 39.990 100 0.01170 1057.151

10 0.12352 46.882

precision was found.* Second, if we want to obtain the optimal probability for mutation
we have to apply anumerical method. Using the exact formulas, we applied the Newton
method and after several steps we obtained an approximated optimal probability p*.
In order to get an optimal mutation probability using the completely empirical approach
we need to again apply a numerical method such as the false position method (the
Newton method cannot be applied now because we cannot compute derivatives). In
order to evaluate each probability p we need to run the algorithm thousands of times
and, in the end we can only obtain an approximated value for the expected runtime.
As an illustration we can say that the execution of the Newton method for n = 100
stopped after 7.7 s, which is the time required to run the (1 + 1) EA algorithm around
40 times in our machine. However, with 40 independent runs, the precision of the
expected runtime is very low. In summary, the completely empirical method requires
much more time than the Newton method applied to the exact formulas for the same
precision.

From previous work we know that the optimal probability is in the form ¢/n for a
constant c. We can use the results obtained by numerical analysis to find the value of c
and check the dependency with 7. That is, using the optimal probability p; shown in
Table 1 we can compute ¢, = pjin in order to see what the value of ¢, is. In Figure 2 we
plot ¢, as a function of n. We can observe that the optimal probability is not p = ¢/n
for a fixed c. The value of the constant ¢, is higher than 1 and depends on n. This
is not a surprise, since the optimality of p = ¢/n has been proven in the asymptotic
sense and we are analyzing low values for n. However, we can observe a clear trend
¢, — 1 as n tends to co. The maximum value for ¢, is reached in n = 11 and the value
is ¢11 = 1.23559.

It is also well known that for this optimal probability the expected runtime is
©(nlogn). We can also check this using numerical analysis. We used the optimal ex-
pected runtime for this computation and found the best fit model including # and n log n
terms. The result is:

E{r} ~ —1.51165n 4 2.62161nlogn, (93)
where we can observe how the factor in front of the nlogn term is near ¢, which is the
theoretically predicted factor for ¢ = 1 and large values of n (Witt, 2013).

“The experiments were done in a MacBook Pro with an Intel Core i7 processor running at 2.8 GHz
and 4 GB of DDR3 RAM memory.
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Figure 2: The value of the constant ¢ in the optimal probability p = ¢/n for Onemax
instances from 2 to 100.
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Figure 3: The expected runtime of a (1 + 1) EA with p = 1/n and n = 50 for A = 1 to 50.

Let us now study the expected runtime for different values of A. In this case we fix
the size of the problem to n = 50 and we analyze the expected runtime using p = 1/n
for » =1 to 50. The results are shown in Figure 3 in both natural scale and log-log scale.

The log-log plot is almost a straight line, which suggests that we can express the
expected runtime as a potential function of A. The best linear regression model for the
log-log plot is:

log E{t} ~ 5.78452 — 0.7464121og A, (94)
or equivalently:
325.226
E{T} ~ 57aem2 (95)

However, we cannot compare this model with the result of Jansen et al. (2005) of
O(nlogn/x + n). Thus, we found the best fit model in the form E{t} = A + % and we
got:

424.99
E(r) ~ 111306 + ———. (96)
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The value of the constant A is small enough to say that the expected runtime is
approximately divided by A when we generate A offspring.

6 Conclusions

We analyzed the bit-flip mutation operator from the point of view of landscape theory. In
particular, we derived closed-form formulas for all the statistical moments of the fitness
distribution of a mutated solution. These moments can be expressed as a polynomial
in p, the probability of flipping a bit. Using the moments we derived an expression for
the probability mass function of the fitness value after applying bit-flip mutation to a
given solution. The expression takes an elegant matrix form in which we can distinguish
a problem-dependent part and an operator-dependent part. The problem-dependent
part can be obtained using the elementary landscape decomposition of the objective
function of the problem and their powers. The operator-dependent part depends only
on the probability p.

We also derived the problem-dependent part for two well-known problems: One-
max and MAX-SAT. In the first case, the problem-dependent part is especially simple
and efficient to compute. This allowed us to derive the exact expression for the runtime
of an (1 + A) EA for solving Onemax, finding a connection between landscape theory
and runtime analysis. Using this expression we obtained the optimal probability for
bit-flip mutation as a function of n, the number of bits.

It is possible to analyze other operators in the same way we did with bit-flip muta-
tion. Thus, we think that an interesting future line of research could be the application
of similar ideas to find the probability mass function of the distribution after the ap-
plication of several chained operators. In particular, recent developments in landscape
theory suggest that it is possible to analyze the fitness distribution of the offspring of
two parent solutions when uniform crossover is applied (Chicano et al., 2012), followed
by the bit-flip mutation operator (Chicano et al., 2014). These results together with the
connection between landscape theory and runtime analysis shown in this paper could
provide a natural way of introducing crossover in the runtime results.
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