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Abstract. In this paper, a general framework of quantum-inspired multi-
objective evolutionary algorithms is proposed based on the basic principles of
quantum computing and general schemes of multi-objective evolutionary
algorithms. One of the sufficient convergence conditions to Pareto optimal set
is presented and proved under partially order set theory. Moreover, two
improved Q-gates are given as examples meeting this convergence condition.
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1 Introduction

Many optimization problems in scientific and engineering fields involve
simultaneously two or more objectives that are competing or in conflict with each
other frequently. They are known as multi-objective optimization problems (MOP).
Ordinary MOPs have a set of optimal solutions, which is called Pareto solutions set.
The plot of the objective functions whose vectors of the decision variables are in the
Pareto solutions set is called the Pareto front[1].

As evolutionary algorithms have more advantage in dealing with discontinuous and
concave Pareto fronts than traditional mathematical programming techniques, a large
number of multi-objective evolutionary algorithms (MOEA) have been proposed
during the last two decades, such as MOGA[2], NPGA[3], NSGA2[4], SPEA2[5] etc.
Some important theoretical work related to MOEA has been done. Rudolph has
investigated convergence properties of some MOEAs under partially ordered finite set
theory[6, 7]. Hanne presented an evolutionary algorithm for approximating the
efficient set of MOP [8].

Meanwhile, the quantum mechanical computational theory is attracting serious
attention, some quantum-inspired evolutionary algorithms (QEA) were proposed in[9-
11]. In last two years, some specific algorithms combining MOEA with QEA, which
are called quantum-inspired multi-objective evolutionary algorithms (QMOEA) in
this paper, were proposed[12, 13]. Those experiments results show better proximity
performance as well as diversity maintenance. However, few theoretical results on the
QMOEA have been done.
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In this paper, we will propose a general framework of QMOEA, and discuss its
sufficient convergence conditions to the Pareto optimal set and give several example
algorithms.

2 Preliminaries

MOP can be defined with a mathematical formulation as follows:

Optimum FO)=(fi(x), HX),.. fix)" st.x ES 2.1

where f: S — R%is a vector-valued objective function, x = [xl,xz,...,xk]T is the vector
of decision variables and the S is the feasible set, which is usually defined by some
constraint functions,

S={xe R*: ,(0)<O,h,(x)=0;i=12...p, j=12..4}- (2.2)

Without loss of generality, let “optimum” mean “minimum” here. We say that a
solution to a MOP is Pareto optimal if there exists no other feasible solution which
would decrease some criteria without causing a simultaneous increase in at least one
other criterion. The set comprising all of Pareto optimal solutions is just the Pareto
optimal set. Generally the image set of all feasible solutions in a MOP does not
constitute a totally ordered set, instead a partially ordered set. The theoretical
background on the partially ordered set in this paper roots in [6, 14].

Let F be a set., we can define a partial order relation “<” which is a reflexive,
antsymmetric and transitive relation on F, and a strict partial order relation “<” as an
antireflexive, asymmetric and transitive relation which may be obtained by the former
relation by setting x <y := (x <y) M (x #y).

Definition 2.1. Let F be some set. If the partial order relation “<” is valid on F then
the pair (F, <) is called a partially ordered set (or short: poset). If x < y for some x,
y€ F then x is said to dominate y. Distinct points x, y € F are said to be comparable
when x <y, y < x or x =y. Otherwise, x and y are incomparable which is denoted by
x Il y. If each pair of distinct points of a poset (F, <) is comparable then (F, <) is
called a totally ordered set or a chain. Dually, if each pair of distinct points of a poset
(F, <) are incomparable then (F, <) is termed an antichain. An element x*€ F is
called a minimal element of the poset (F, <) if there is no x€ F such that x < x*. The
set of all minimal elements, denoted M (F, <), is said to be complete [9, 21] if for
each x€ F there is at least one x*€ M(F, <) such that x* < x.

If the poset (F, <) is finite then the completeness of M (F, <) is guaranteed [6]. Let
f: X — F be a mapping from some set X to the poset (F, <). For some A S X the set M;
(A, <) = {a€ A: fla)€ M( flA), <)} contains those elements from A whose images are
minimal elements in the image space f(A) = {fla): a€ A}. In order to clarify the
notion of “stochastic convergence to the set of minimal elements” we need measures
on the distances between finite point sets. Here the first measure is characterized as
follows: If A and B are subset of a finite ground set X then d(A,B) = 1AUBI - 14N Bl is

a metric on the power set of X. the second measure uses quantity 0B(A) =IAl - 1AN B
counting the number of elements that are in set A but not in set B.
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Definition 2.2. Let A, be a solutions set of a MOA at iteration t >0 and F, = f{A,) its
associated image set, F~ denotes the set of minimal elements. The algorithm is said to
converge with probability 1 to the entire set of minimal elements if

d(F, F*) — 0 with probability I as t — . (2.3)

And the algorithm is said to converge with probability 1 to the set of minimal
elements if

O F;) — 0 with probability 1 as t — . 2.4)
Needless to say, d(F, F')—0 implies op«(F,) — 0.

3 The Basic Principles and the General Framework of Quantum-
Inspired Multi-Objective Evolutionary Algorithms

A few researchers have proposed some QMOEAs that are mainly based on a
particular MOEAs, such as Kim, Kim and Han’s QMEA based on the NSGA?2 in [13]
and Meshoul, Mahdi and Batouche’s algorithm based on SPEA2 in [12]. Here we
present a new general QMOEA framework, which is based on the basic principles of
QEA and the general schemes of MOEA.

3.1 The Basic Principles of Quantum-Inspired Evolutionary Algorithm

A. Q-bits’ Chromosome Representation and Q-individual

The individuals’ chromosomes in QEA utilize Q-bits representation which is a kind of

probabilistic representation. Q-bit (or qubit) is abstraction of quantum bit. It is the

smallest unit of information in QEA, which is defined with a pair of numbers (a, f)

[15]. Consequently, an individual’s chromosome ¢ can be defined as m Q-bits string
a, .

(5Bl
T BB |8,

2 _ 1,i = 1,2,...m - In this paper we call this kind of individual as

where ‘ai‘z +8,
Q-individual. This quantum representation mechanism has the advantage to represent

a linear superposition of states. All possible combinations of decision variables values
can be derived from a single Q-individual.

B. Q-population and observing population

For more diversity, QEA maintains a population of Q-individuals, called Q-
population in this paper, using Q(f)={q,.q-,...q,’} at each generation t of the
evolutionary iterative process where n is the size of population and ¢/ is a Q-
individual defined as above text.

A quantum operator called observing is applied in order to obtain feasible solutions
in QEA. This operator makes a population of binary solutions, P(f)={x,’x.,...x,'},
which is called observing population in the present paper. Each component x; ,
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j=1,2,...n is a length m binary string which is formed by selecting either 0 or 1 for
each bit by using the probability either‘ai ‘2 or ‘ B, *, k=1,2,...m of g, respectively.

C. Updating Q-individual and Q-gate

In QEA process Q-individuals can be updated by applying a variety of Q-gate
operators, by which the updated Q-bit with a new pair of number (a’, f’) should

satisfy the normalization condition, |, " ‘2 + ‘ B’ ‘2 = 1. The rotation gate acting on a

single Q-bit is the basic Q-gate in QEA as follows:

R(AG) = (COS(AH) —sin(AG)j

sin(Af@) cos(AB)

where A6 is a rotation angle toward either O or 1 state depending on its objective sign.
As the rotation gate is applied, a correlative binary individual to each Q-individual,
which is called an objective solution, is often appointed in advance. The objective
sign to each bit of a Q-individual is defined as the corresponding bit of the correlative
objective binary individual, respectively. After the rotation gate R(A6) acting on a Q-
bit (a, /), the updated Q-bit (a’, B’) satisty (o', ') = R(A6)-(a. )" - Here Af should
be designed in compliance with the application problem and each Q-bit possibly
matches with different angles. Several rotation gate strategies have been given, here
we use the A strategy in [10].

Moreover NOT gate and H, gate are other two operator. The function of the former
is to exchange the probabilities of ‘0’ state and ‘1 state in the Q-bit. It can be defined
as a transformation matrix N = [0 lj. The latter is extended from the rotation gate

1 0

and was proposed by Han and Kim in [11]. If acted by H, gate, a Q-bit (a, ) would

be updated as (o, ') = H, (. B.A8), Where for (o" 8" = R(A6)(cr. B)'

i o' <o and |51 then (o', ) =[sen(a’)Ve.sen(8)Vi=e) -
b)if |o'|* > 1- ¢ and \ﬁ"\z < ¢ then (¢, B =(sgn(@)-V1=2,5en(8)-Ve) 5

¢) otherwise (o', 8') =(a". ") -
Here 0 < ¢ << 1.

3.2 The General Framework of Quantum-Inspired Multi-Objective
Evolutionary Algorithms

The algorithms for MOP have two main goals in the iterative process: making current
solutions as close as possible to the Pareto front and as diverse as possible. A number
of good techniques have been used in order to improve MOEAs, some of them are so
successful that they have become general schemes, such as nondominated rank
sorting and selection, maintaining solutions diversity and reserving elitism solutions
as an external population etc[16]. Integrating the basic principle of QEA and general
schemes of MOEA, we propose a general framework of quantum-inspired multi-
objective evolutionary algorithms as follows:
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The Procedure of the QMOEAs’ Basic Framework

Begin
t<—0
i) Initialize Q(r)
i)  AO={},Cn={}

iii)  While (not termination condition) do

t—t+1
iv) Make P(t) by observing the state of Q(t-1)
V) Evolve P(7) \\ Sometimes this step can be omitted.
vi) Make C(f) = M{ P(¥) Uce1,<) W\ Normally this step is eliminated.
vii) Rebuild the archive set A(t);

\\ Here A(t) CM{ P(¢) UA(-1), <) and maximize the diversity of
those chosen elements in A(¢).
viii) Make Q(f) by updating Q(#-1) on Q-gates
End
End

i) ~ ii) First the two external archive set A(f), C(¢) and the Q-population Q(¢) are
initialized. Set A(0) = ¢ , C(0) = ¢ . Make Q(0) = {qjo, j=1,2,...n}, where each
Q-bitin qjo have the identical probability of ‘0’ state and ‘1’ state. In other word,
each Q-bit of ¢ can be presented as [ 11 j

V22

iii) Until the termination condition is satisfied, the QMOEA is running in the while
loop.

iv) Binary solutions in P(f) are formed by observing the state of Q(f) as above
subsection.

v) P(f) can evolve by using some evolutionary operations, such as simple genetic
algorithm, evolutionary strategy etc. In fact, this step is not indispensable; it
may be omitted in some QMOEAs.

vi) According to the definition of C(f) = M(P() U C(@-1)), C@) consists of all
nondominated solutions in U' P(z,) - Here some efficient techniques can be
=1

used, such as the fast nondominated sorting method which was proposed in
NSGAZ2 [4]. Since the size of C(¢) will continually grow along with the iteration
cycles and may be too huge, this step usually is not adopted in practice.

vii) As A(t) C ML P(1) U A@-1), <), all elements of A(f) are the nondominated
solutions in U' P(1,)- Unlike C(r), A(?) is the archive set, its size is usually
=1

changeless. In order to maximize its diversity, some techniques can be used such
as crowding-distance [4], clustering [17] etc.

viii) In this step, Q-individuals in Q(¢) are updated by applying Q-gates, such as the
rotation gate, NOT gate and H, gate. When the rotation gate are applied, a
correlative solution to each Q-individual, which is called a objective solution, is
often selected from A(#). Then the objective sign to each bit of a Q-individual is
defined as the corresponding bit of the correlative objective solution,
respectively.
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4 On the Convergence Properties of QMOEA

4.1 One of the Sufficient Convergence Conditions to QMOEA

According to those definitions of MOP and partially ordered set in section 2, we look
upon the image space of MOP, ((S), <), as a partially ordered set. The set M(f(S),<), a
subset of (f(S),<), denotes the Pareto optimal set of the MOP. By the construction of
the basic framework, A(f) is the archives solutions set. Thus we can define the concept
on convergence to the Pareto optimal set as follows.

Definition 4.1. Let F* = M(f(S),<) and A(t) be the archives solutions set of QMOEA.
The QMOEA is said to converge with probability 1 to the Pareto optimal set if
or(f(A(t))) — O with probability I as t — . 4.1)

Proposition 1. One of sufficient conditions by whose the QMOEA converges with
probability 1 to its Pareto optimal set is that the set sequence {C()} satisfy
d(f(C(1)), F') — 0 with probability 1 as t — . 4.2)

where F* = M(f(S),<) is the minimal elements set of the image set f(.S).

Proof: Since c(ry=M ,(P()UC(t-1),r >0 and C(0) =@, Ar)cM,(POUAI-1)1>0
and A(0) = ¢, we can attain A(r) ¢ C(r)and f(A(1)) € f(C(1)) -
Let So=f{C(1)) — flA()). We can conclude that
d(f(C@),F)=|[f(COUF’|-[f(CannF’|

=|FAD)=|F AN F |+, UF'|-| F(Cann F|
=5, (FAON+[S, UF'|=|fcann F'|

26, (f(AD))-
Since Sp(fIA(F))) < d((C(t)), F), it is clear that if d({C(®t)), F) — 0 with
probability 1 as t — o then dp«(f{A(t))) — 0 with probability 1 as t — . Considering
the definition (4.1), we have proved this proposition. ]

Proposition 2. Let S be a feasible solution set of MOP, s€ S be an arbitrary from
feasible solution. If the probability P(s€ P(#)) is independent each other for different ¢
and there exists a real number &),0<gy<1, which satisfies P(s€ P(t)) > g, for all s€ S,
all > 0, then d({C(r)), F") — 0O with probability 1 as t — o, where F* = M(f(S),S) is
the minimal elements set of the image set f(.S).

Proof: 1In one ‘while loop’ of the basic framework the P(f) maybe be changed in v)
step. For avoiding the different understanding, the P(f) always denotes its final result
in v) step in following text.

First, we describe d(f{C(r)), F') — O with probability 1 as t — o with a
mathematical limit language as follows:

Ve € RO<ég <<1,3AN, e Nsuch that pd(f(C@t)),F')=0)>1-¢ forallt>Np.

Second, we consider the preconditions that can guarantee d(f(C(t)),F )=0. The

poset f(S) is complete since the feasible set S and its image poset f{(S) are finite. Let x
be an arbitrary element of f{S) — F*. There exists at least an element y€ F* and y
dominate x. By the definitions of C(¢), It is guaranteed that if y€ f(C(#)) then x



On the Convergence Properties of Quantum-Inspired MOEAs 251

€ f(C(r)) is impossible for all ¢ > #,. Further, if F C f(C(ty)) implies that any element
of A(S) — F* will not stay in f{C(¢)) for all 7 > #,. In other words, Fc [(C(ty)) implies
AS) - F*)ﬂf(C(t))z ¢ for all ¢ > 5. Since f{C(?)) is a subset of f(S), we can affirm that
if Fc f(C(ty)) and (AS) - F*)ﬂf(C(t))= ¢ then F'= AC(1)). Hence, it is clear that if
F'SRC) then 45y, ') =|cpur|-|scapnr|=o for all 1 to.

Third, we estimate the probability that all element of F " enter into AC(?) in KxI
iterations beginning from f#,, p(p* c f(C@, + le))), as follows. By construction of the

basic QMOEA framework and those definitions of C(t), it is guaranteed the image set
AC(p)) is the minimal set of the union set Uf FP@))- As soon as an element of F*

has entered f{P(#y)) then it will be saved in f{C(#y)) and then it will stay in f{C(?)), t >
to, forever.

Let K = IF*|. Without loss of generality, we can assume that all elements of IF*| are
label as {s;, $,,..., sg}. Taking into account that the probability P(s€ P(f)) is
independent each other for different 7, we can decompose these probability
expressions in following inequations. Since there exists a real number &;,0<g)<1,
which satisfies P(s € P(t)) > g for all s €S8, all t > 0, we can estimate the probability
that an element s, j = 1,2,...,K, enter into f{C(?)) in [ iterations beginning from ¢, as
follows:

Pls, e F(Ct, +D)fs, & £(CG1,)
=1-Pls, & f(Ct, +D)fs, & F(C1,))
=1-P((s; ¢ f(C(tO)))and(sj e f(P@t,+ 1)))and(sj ¢ f(P(t, +2)))
and...and(s; & f(P(t,+1))))
=1-Pls, & £(C@y))- Pls, & F(Pt, +1)- Pls, & f(Pt, +2))- ... Pls, & f(PG, +1)))
21-(1-¢,)"
where [ and 7, are arbitrary nature number.
Further, we can estimate the probability that all element of F " enter into AC(?) in
Kxl iterations beginning from 7, as follows:
P(F" < f(C(t, + K xI))
= P((s, € P(ty+1))and(s, € P(t, +2l))and ...and(s, € P(t, + K X1)))
> P(s, € P4, +D))fs, & P(,))- Pls, € P(t, +2D)s, & P(t, +1)))
o Plsg € Plty+ KxD)|s, & Pty + (K ~1)x1)))
>(1-(1-g)"H*>

where [ and #, are arbitrary nature number.
Finally, we can sum up the proof by a fit N, for arbitrary ¢, as follows.

Let N, =logl """ . Ve, e RO<g, <<1, We set N, 2K -N, +1and N e N . Let 1= 1
and t > N,. With all the above conclusions we can conclude as follows:
Pld(f(C@).F")=0)
>P(F c f(Cty+K-N)))
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2(1-(1-¢g)")"

=1l-¢g-

Summing up: Ve,,e € R0<é,, <<1, 3N, e N such that (j_q_g y)" >1-¢ for all ¢
>N, i.e. it is true that d(f(C(7)), F*) — 0 with probability 1 as t — oo. |

Considering the proposition 1 and proposition 2, we can immediately conclude the
theorem 1 as follows, whose proof is omitted.

Theorem 1 (Sufficient Convergence Condition). Let S be a feasible solution set of
MOP. One of the sufficient conditions by whose this QMOEA converges with
probability 1 to its Pareto optimal set is that there exists a real number &y,0<gy<1,
which satisfies P(s € P(1)) > gy for all s €S, r> 0 and P(s € P(¢)) is independent from
each other for different 7.

Remark 1. From theorem 1, we obtain a sufficient convergence condition of
QMOEA to the Pareto optimal set. However, it is not indispensable. We can give an
example which does not satisfy this sufficient condition but converge to its Pareto
optimal set.

4.2 On the Convergence Property of QMOEA with H, Gate

The first example algorithm meeting the convergence condition is the MOEA with H,
gate. The H, gate is firstly proposed by Kim and Han in [11] and we have simply
described it in subsection (3.1). The procedure of this algorithm is similar with that
basic framework but the step v) and vi) are eliminated and the H, gate is adopted in
step viii).

The Procedure of the QMOEA with H, Gate

Begin
t<—0
i)  Initialize Q(7)
i) A ={}
iii)  While (not termination condition) do
t—t+1
iv) Make P(¢) by observing the state of Q(z-1)
V) Rebuild the archive set A(t);

\\ Here A(t) CM{ P(t) UA@#-1), <) and maximize the diversity of
those chosen elements in A (7).
vi) Make Q(¢) by updating Q(#-1) on H, gate
End
End

Theorem 2. The QMOEA with H, gate which is defined above converges with
probability 1 to its Pareto optimal set.

Proof: Taking into account the definition of H, gate, we can conclude
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t

2
a ;,

s

W<ex<l

2
<1—¢ Where

B

o' o' <ot

,vqr‘: Jjl Jm c Q(t)’g_‘ajk
/ [ﬁ;l LB
j=12,..n,k=12,...mt>0, 0<e<<1.

According to the observing operator, if we define the function observing(a, f) as

one observing operator to Q-bit (a, £5), it can only get either 1 or 0. We can estimate

the probability of the observing result to a Q-bit O(;k R ﬁ;k ) as follows:

2
P(Observing((x;k By = O): ay| 2e.

. 2
P(observlng(a;k ,ﬁ;,() = 1) = ‘,/)’;k

Let us now consider the probability P(s€ P(¢)), s €S, t > 0. On the assumption that

s is an arbitrary element in S, s can be expressed as a binary string {s's>...s" }, where

55 is either 0 or 1, k = 1,2,...,m. Further we can conclude the probability of the
observing result to a Q-individual g;"

=€

P(observing(q})) = 5) = HP(observing(qi.,() =s)ze” »j=12,.n,1t>0. Thus we

k=1

can conclude that P(s€ P(r)) Z P(observing(q})) =s) 2 €" -

Moreover, Considering the construction of the algorithm, it is guaranteed that
P(s€ P(¢)) is independent each other for different 7.
From the theorem 1, we can conclude the theorem 2. n

4.3 On the Convergence Property of QMOEA Rotation Gate and N, Gate

The second example is the MOEA with the rotation gate and the N, gate. We have
described the rotation gate and NOT gate in subsection (3.1). The N, gate is a
modified NOT gate which is proposed in this paper. In fact its function is to exchange
Q-bit’s parameters with the probability . Its transformation matrix can be defined as
follows:
N;: N,= (0 1] with probability €; Ngz[1 O] with probability 1-¢, where O<e<<]1.

1 0 01

The simplified procedure of this algorithm is similar with that basic framework but
the step v) and vi) are eliminated and the rotation gate and the N, gate are adopted in
step viii).

The Procedure of the QMOEA with Rotation Gate and NOT Gate with
Probability

Begin
t<—0
i) Initialize Q(r)
i) A ={}
iii)  While (not termination condition) do
t—t+1

iv) Make P(f) by observing the state of Q(z-1)
V) Rebuild the archive set A(t);
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\\ Here A(t) CM{ P(t) UA@-1), <) and maximize the diversity of
those chosen elements in A (7).
vi) Make Q(¢) by updating Q(#-1) on rotation gate
vii) Update Q(¢) on the N, gate
End
End

Theorem 3. The QMOEA with the rotation gate and the N, gate which is defined
above converges with probability 1 to its Pareto optimal set.

Proof: First we let the Q(¢) in vi) step of the algorithm above as follows:
0 =1{gjj=12...,n}and , _ [a’ ;m},»o.

Ll |
’ ﬂ,‘lﬁ}w‘ﬂ,’m
Then let us consider the N, gate. After updated by N, gate, each Q-bit in g has
been exchanged its parameters with the probability ¢. According to the observing
operator in iv) step of the algorithm, the probability of the observing result to kth Q-
bit g of g;’ can be expressed as follows:
Plobserving(q',) =0)=(1-¢) T P P

Jk

B

2
+&

t
o,

t
2 ji

B

. 2 2 2
Plobserving (¢!,) =1)=elerl,| + (1~ &) =(1-2¢) te-

Since O<e<<1, we can conclude
P(observing(q}k) = 0) >¢ and P(observing (g5%)= 1)2 e k=12,..m.
Let us now consider the probability P(s€ P(t)), s€ S, t > 0. On the assumption that
s is an arbitrary element in S, s can be expressed as a binary string {s's>...s" }, where
55 is either 0 or 1, k = 1,2,...,m. Further we can conclude the probability of the
observing result to a Q-individual g;"

P(observing(q;)) = 5) = HP(observing(q;.k) =sF)>e” Jj=1.2,.n,1>0.

k=1

Thus we can conclude P(s€ P(t)) > P(observing (q;, N=s5) 2€&".

Moreover, Considering the construction of the algorithm, it is guaranteed that
P(s€ P(¢)) is independent each other for different 7.
From the theorem 1, we can conclude the theorem 3. n

5 Conclusions

In this article we have presented a general framework for quantum-inspired
multiobjective evolutionary algorithms. Roughly speaking, this is an integration of the
basic principles of quantum computing and general schemes of MOEA, such as Q-bit
individual presentation, observing operator, Q-gate updating operator, external
archive set, nondominated sorting, diversity preserving etc. We give one of sufficient
convergence conditions for the basic framework and its proof bases on the partial set
theory and probability theory. Then we present two algorithms those satisfy this
convergence condition. One is with H, Gate and another is with the rotation gate and
NOT gate with probability. These theoretical characters may be useful for designing
QMOEAs.
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Despite of these theoretical features on convergence, we need numerical results

with these QMOEAs. Furthermore, efficiency and diversity are also significant to
multiobjective optimization algorithms besides the convergence. These issues should
be subject of future work.

References

1.
2.

10.

11.

12.

13.

14.

15.

16.

17.

Ehrgott, M. : Multicriteria Optimization. second edition ed. Springer(2005)

Fonseca, C. M., Flemingz, P. J.:Genetic Algorithms for Multiobjective Optimization:
Formulation, Discussion and Generalization. in the Fifth International Conference on
Genetic Algorithms. San Mateo: Morgan Kauffman Publishers(1993)

Horn, J., Nafpliotis, N., Goldberg, D.E.: A Niched Pareto Genetic Algorithm for
Multiobjective Optimization. in the First IEEE Conference on Evolutionary Computation,
IEEE World Congress on Computational Intelligence. Piscataway,New Jersey: IEEE
Service Center(1994)

Deb, K., et al.: A Fast and Elitist Multiobjective Genetic Algorithm: NSGA-II. IEEE
Transactions on Evolutionary Computation,Vol. 6,No. 2, (2002)182-197

. Zitzler, E., Laumanns, M., Thiele, L.:SPEA2: Improving the Strength Pareto Evolutionary

Algorithm in Technical Report. Vol. 103, (2001), Computer Engineering and
Communication Networks Lab (TIK), Swiss Federal Institute of Technology (ETH) Zurich
Rudolph, G., Agapie, A. :Convergence Properties of Some Multi-Objective Evolutionary
Algorithms. in the 2000 Congress on Evolutionary Computation (CEC 2000). Piscataway
(NJ): IEEE Press(2000)

Rudolph, G. :Evolutionary Search under Partially Ordered Fitness Sets. in the International
NAISO Congress on Information Science Innovations (ISI 2001).Millet/Sliedrecht: ICSC
Academic Press(2001)

Hanne, T. :A Multiobjective Evolutionary Algorithm for Approximating the Efficient Set.
European Journal of Operational Research, Vol. 176, (2007)1723-1734

. Narayanan, A., Moore, M.:Quantum-inspired Genetic Algorithms. IEEE International

Conference on Evolutionary Computation, Vol. 20, No. 22, (1996)61-66

Han, K. H., Kim, J. H.: Genetic Quantum Algorithm and its Application to Combinatorial
Optimization Problem. in IEEE International Conference on Evolutionary
Computation,San Diego, USA(2000)

Han, K. H., et al. :Parallel Quantum-inspired Genetic Algorithm for Combinatorial
Optimization Problem. IEEE, (2001)1422-1429

Meshoul, S., Mahdi, K., Batouche, M. A.: Quantum Inspired Evolutionary Framework for
Multi-objective Optimization. in Progress in Artificial Intelligence, Proceedings(2005)
Kim, Y., Kim, J. H., Han, K. H.: Quantum-inspired Multiobjective Evolutionary
Algorithm for Multiobjective 0/1 Knapsack Problems. in 2006 IEEE Congress on
Evolutionary Computation. Vancouver, Canada: IEEE Press(2006)

Rudolph, G.: Evolutionary Search for Minimal Elements in Partially Ordered Finite Sets.
in the 7th Annual Conference on Evolutionary Programming. Berlin: Springer(1998)
Vedral, V. ,Plenio, M.B. :Basic of Quantum Computation. Progress in Quantum
Electronics, Vol. 22, (1998)1-39

Coello, C.A.C.:Evolutionary Multi-objective Optimization: a Historical View of the Field.
IEEE Computational Intelligence Magzine. Vol. 1,No. 1, (2006)28-36

Mostaghim, S., Teich, J.: The Role of e-dominance In Multi Objective Particle Swarm
Optimization Methods,. in the 2003 Congress on Evolutionary Computation. Canberra,
Australia: IEEE Press(2003)




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Europe ISO Coated FOGRA27)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


