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Building Blocks Propagation in Quantum-Inspired
Genetic Algorithm

1. Introduction

This paper presents an analysis of building blocks propagation in Quantum-Inspired
Genetic Algorithm[8],which belongs to a new class of metaheuristics drawing their inspira-
tion from both biological evolution and unitary evolution of quantum systems. The ex-
pected number of quantum chromosomes matching a schema has been analyzed and a ran-
dom variable corresponding to this issue has been introduced. The results have been com-
pared with Simple Genetic Algorithm. Also, it has been presented how selected binary
quantum chromosomes cover a domain of one-dimensional fitness function.

The quantum-inspired genetic algorithms are located in the intersection of two sub-
fields of computer science: quantum computing and evolutionary computing. Quantum
computing is a new branch of computer science concerning applications of unique quantum
mechanical effects to solving computational problems[16]. By application of such unique
quantum mechanical phenomena it is possible to solve selected computational problems
extremely efficiently. Contrary to “true” quantum algorithms (e.g. Grover’s search algo-
rithm[5] or Shor’s factorization algorithm[17]), the considered algorithms do not require
a functional quantum computer for their efficient implementation. Instead, the algorithms
exploit additional level of randomness inspired by concepts and principles drawn from
quantum mechanical systems, such as qubits or superposition of states. The first proposal of
evolutionary algorithm based on the concepts and principles of quantum computing was
presented in [15] and this area is still intensively studied nowadays. To simplify the nota-
tion, the algorithms will be denoted henceforth in this paper as quantum genetic algorithms.
No real quantum-level hardware is required for their efficient implementation, however,
a possibility of potential implementation of the algorithms on a quantum computer is quite
probable in the future.

Recent years have witness successful applications of quantum-inspired evolutionary
algorithms in variety of different areas, including image processing[11,18], flow shop
scheduling problems[6,7,19], network design problems[20,21], thermal unit commit-
ment[10], power system optimization[1] and many others. Consequently, it has been dem-
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onstrated that quantum-inspired genetic algorithms are capable to outperform classical
metaheuristics for a wide range of problems.

Research in the area of quantum genetic algorithms has been started in late 1990s and
the algorithms are intensively studied nowadays. However, the theoretical aspect of the
algorithms has not been studied with due attention. Strong theoretical foundations of an
evolutionary algorithm play a substantial role in its possible applications. The theoretical
analysis allows explaining why and how the evolutionary algorithm works. Also, it can be
helpful in tuning parameters of the algorithm and identifying the problems in which the
algorithm performs best. It makes research on theoretical aspects of quantum evolutionary
algorithms highly justified. One possible approach to theoretical analysis of classical ge-
netic algorithms is the Holland’s schema theorem[9]. According to this theory, in Simple
Genetic Algorithm short, low order, above average schemata receive exponentially increas-
ing trials in subsequent generations and below average schemata receive exponentially de-
creasing trials. However, it has not been verified yet if the advantage of the quantum ge-
netic algorithms over classical genetic algorithms has its origins in better building blocks
propagation. These deficiencies in the significant, theoretical aspect of the quantum-
inspired genetic algorithms were the main motivation of this article. The aim of this article
was to improve the theoretical foundations of the algorithms by creating a new method of
analysis. The proposed method allows comparing how building blocks propagate in quan-
tum-inspired genetic algorithms in comparison to classical genetic algorithms.

This paper is organized as follows. In section 2 the Quantum-Inspired Genetic Algo-
rithm has been presented. In section 3 schemata for binary quantum chromosomes have
been considered and a random variable has been introduced, corresponding to the number
of binary quantum chromosomes matching the given schema in a quantum population. It is
the main contribution of this paper. In section 4 conditions of conducted numerical experi-
ment have been described. In the experiment a comparison of Simple Genetic Algorithm
and Quantum-Inspired Genetic Algorithm for selected test problem has been presented. In
section 5 an analysis of building block propagation in the test case has been performed and
the results have been presented. In section 6 the results have been discussed and it has been
presented how selected binary quantum chromosomes ‘“cover” adomain of one-
dimensional fitness function. In section 7 the article has been briefly summarized and con-
clusions have been drawn.

2. Quantum-Inspired Genetic Algorithm

The Quantum-Inspired Genetic Algorithms (QIGA) has been proposed in [8] and the
algorithm has been briefly presented in this section. In the algorithm a novel representation
of solutions is employed. Genes are modelled upon the concept of qubits, which brings an
additional element of randomness and a “new dimension” into the algorithm. The qubit is
a basic unit of quantum information. It is a normalised vector in a two dimensional vector
space spanned by the base vectors |o> and |1> , as given in equation (1):



)= alo)+ ) @

p2l=1.

Observation of the qubit | ) yields a value 0 with probability |a|2 and value 1 with
probability |,B|2 . With some simplifications (imaginary part omitted) a state of qubit can be
illustrated by a normalized vector on the two-dimensional space as in figure 1. Entire solu-

tions are represented as binary quantum chromosomes, encoded as:
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where each column corresponds to binary quantum gene |‘~P )1 ..... |‘~P )m . Hence, a state
of quantum population Q={q1,q>,...,.an} can be simply illustrated by a matrix of vectors,
which has been presented in figure 2. Each row in figure 2 corresponds to binary quantum
chromosome, as in (2).
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Fig. 1. Geometric illustration of binary quantum gene, represented as qubit with its imaginary part
omitted. Along with increase of the angle between the vector |W> and the horizontal axis, the prob-
ability of observing value 1 grows.

During a phenotype creation states of all genes in quantum chromosomes are ob-
served, i.e. the search space is sampled with respect to the probability distribution encoded
in the quantum chromosomes. The mapping between binary quantum gene |\F> and prob-
ability distribution is given as: Pr1y (€0 = lor |2 ;P ) = |ﬁ|2 . Obviously,
Pr‘w>({0,1}) =1.



IV N VN L binary quantum gene
[./ — ~ N J / l) binary quantum chromosome
quantum
population A B N T
A A
I~~~ N 7 7 A\
schema 1 % 0 * * * %

Fig. 2. Illustration of binary quantum population. Each arrow represent a state of a quantum
gene.

The full pseudocode of Quantum-Inspired Genetic Algorithms[8] is given in figure 3.
In the beginning of the algorithm the genes of all individuals in the quantum population
Q(0) are initialized with linear superposition (@ o>+ @|1>) This is equivalent to uniform
distribution of sampling the search space. The evaluation of individual’s fitness in the algo-
rithm is performed by observation of Q yielding P. In this step the search space is sampled
with respect to the probability distributions encoded by quantum individuals Q(t). The ge-
netic operators applied in the algorithm are based on quantum rotation gates, which rotate
state vectors in the quantum gene state space. The quantum gate U (&) rotates the state of
quantum gene |T ) by the angle 6. Thus, states of quantum genes are updated according to

the following principle of quantum computing:
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where:
6 — angle of rotation in the qubit state space
t - iteration number

In recent years several extensions of the algorithm have been proposed. The proposal
of other quantum genetic algorithms include GAQPR[2], vVQEA[3] and NQEA[13].



procedure QIGA
begin
t<—0
initialize Q(0)
make P(0) by observing Q(0)
evaluate P(0)
store the best solution among P(0)
while not termination-criterion do
te—t+1
make P(t) by observing Q(t-1) population
evaluate P(t)
update Q(t) using quantum gates U(6)
store the best solution among P(t)
end while
end

Fig. 3. Pseudocode of Quantum-Inspired Genetic Algorithm

3. Schemata and Binary Quantum Chromosomes

In this section a concept of schema for binary quantum chromosomes has been dis-
cussed. Let S denote a schema of length m, i.e. a word over the ternary alphabet {0, 1, *},
where the wildcard * denotes an arbitrary element of the alleles set G = {0, 1}. Also, let
Pr, = F; — [0,1]denote a probability distribution encoded in the binary quantum gene

lo >g= al0)+ plL). Let q = g10,...gm denote a binary quantum chromosome of m genes.

For the beginning of our reasoning let us consider the situation when the binary quan-
tum chromosome ¢:g,gs; matches the schema S = 10*. It happens when value 1 is observed
in g1, value 0 is observed in g, and observation of gz can yield an arbitrary value, respec-
tively. Because of random nature of genes in QIGA, a quantum chromosome matches
a schema with certain probability. Since quantum genes in quantum-inspired genetic algo-
rithms are independent, i.e. they are modelling two-level isolated quantum systems, the
probability that the binary quantum chromosome ¢ matches the schema S is a product of
probabilities that observations of consequent genes yielded values corresponding to the
elements of the S schema. In other words, the probability M(q,S) that the binary quantum
chromosome q matches S is given by the formula®:

! Also, assume that * = {0,1}. Then: pr () =Pr{ 0,1} =1
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where:
S — schema of m elements
q - binary quantum chromosome of m elements
S[i] - element of the S schema at the position i.

For example, let us consider the binary quantum chromosome g = ¢i0,03 =
10 (4[0) + @|1>) and its match to the five schemata: ***, *0*, 10*, **0 and 1*1. The sche-
mata and probabilities of matches have been presented in table 1. The chromosome
g matches the schema S; = *** regardless of the values observed in quantum genes g:9,gs,
therefore the probability M(q,S,) equals 1, according with (4). Also, it is unconditional that
10 (& 0) + @|1>) matches *0* and 10*, therefore M(q,S,) = 1 and M(q,Ss) = 1. The chromo-
some ¢ matches the schema **0, if and onl izf the value 0 are observed in quantum gene gs.
The probability of such event is given by é| , therefore M(g,S,)= . Finally, the quantum
chromosome matches the schema 1*1, if value 1 is observed in genes g; and gs. The prob-
ability of this event is M(q,85)21~‘@‘ _a,

4

Table 1
1 0 %‘0>+ §‘1> M(qu)
Sl * * * 1
S, * 0 * 1
S3 1 0 * 1
S, * * 0 %
S 1 * 1 %

The matches of binary quantum chromosome g = 919293 = 10 (+ o) + @h)) for five different schemata. The prob-
ability M(q, S,) that g matches S, = *0* equals 1. The probability M(q, Ss ) that g matches Ss = 1*1 equals < etc.

Next, let us introduce a random variable L corresponding to the number of quantum
chromosomes matching the schema S in a quantum population Q = {g;, g>, ... , Qn }- TO
shorten the notation, let us denote the probabilities that the schema S has been or has not
been matched, respectively, in an observation of quantum chromosome g; as D;* = M(qj;, S)
and D; = (1 - M(q;, S)).

Now, let us calculate the expected number of binary quantum chromosomes matching
the schema S in the quantum population Q. Based on the definition of the expected value of
a random variable:




E(L)=0-[D, D, -...-D,]

+1-[p, D, D,+D,D -...D +..+DD D]
________ (oo
elements
1
+2.[p/D,-..-D,+D,/D,-... D, +...+D, D p!]
N
{2 ]elements
+ ..
+N-[p;D;-..-D!]
where:
N - size of population
D;* - probability that the schema S has been matched in observation of g;
Di -~ probability that the schema S has not been matched in observation of g;

Consequent lines of the equation (5) correspond to the products of possible numbers of
matches and their probabilities. For example, D, D, -... - D is the probability that no ele-
ment in the quantum population Q matches the schema. The expression in the second line
of the equation (5) is the probability that exactly one (either one) chromosome matched the
schema etc. The number of w-element subsets of an N—element set equals to (! ), therefore
in consequent lines of the equation (") elements are added. This allows us to rewrite the
equation (5) more concisely, in a manner which is much easier to implement in a program-
ming language:
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where:
N size of population
2N set of all subsets of the {1, ..., N} set
{x e2"Y:|x|=w} -  setofall w-element subsets of the {1,...,N} set

2 Keep in mind that an empty product (product over an empty set) equals 1



The equation (6) presents directly how to compute the expected value E(L) in four
loops of programming language, regardless of the population size and the length of chro-
mosomes. The first sum in (6) is taken over all the possible numbers of matches {0, ..., N}.
The second sum is taken over the w-element subsets of the {1, 2, ..., N} set. Products in the
equation (6) correspond to the probability that the given combination matches or does not
match, respectively. In the second line of (6), Di" and D; have been replaced with
M (q;.s) and (1- M (q,,s)) . Consequently, (6) holds for the number of binary quantum
chromosomes matching the schema S in the quantum population Q = {q, ..., gn}. To cal-
culate the variance V(L) we shall use the following basic properties of a random variable:

V(L) = E(L*) - (E(L)®
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The expected value of L is expressed as:
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Consequently, the variance of the number of quantum chromosomes matching the
S schema can be calculated with the formula:
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4. Numerical Experiment

In this section we shall compare building blocks propagation on selected test problem.
For our analysis let us consider the following optimization problem. Let f :[0,200 ]+ %
denote an objective function, created by a cubic B-splines interpolation for the following
knots: {(0, 0), (10, 20), (20, 40), (30, 10), (40, 25), (56, 33), (60, 80), (65, 45), (80, 60), (90,
20), (100, 0), (120, 20), (150, 40), (180, 20), (200, 0)}. The landscape of the objective func-
tion and the interpolation knots have been presented in figure 4.

The optimization problem is given as: find x"e[0,200], such that
X" = arg max g 00 f(X) - The objective function has a global maximum at x* = 60.488,
where f(x') = 80.834. Natural binary coding has been used and the length of chromosomes
in both compared algorithms has been set to 20 genes, which results in 0.0001 precision for
the considered domain. The binary string which encodes the best possible solution is
01001101011011001110.
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Fig. 4. Landscape of the test function

In the experiment two algorithms have been compared for the test problem: Simple
Genetic Algorithm and Quantum-Inspired Genetic Algorithm. The algorithms were imple-
mented in the Python programming language. The implementations were in no way opti-
mized to reduce real time of execution, as it is clearly not relevant to the subject of this pa-



per. Therefore, the exact information on the execution time was not collected in the ex-
periment. Similarly, no efforts have been taken to perform an accurate computational com-
plexity comparison of the algorithms which is also outside the scope of this study.

The algorithms were started with highly typical parameters given in the litera-
ture[4,8,9,14]. The population size was set to 10 individuals. The termination criterion was
simply the maximum number of generations: 160. The fitness function corresponds directly
to the objective function. Neither scaling nor any other modification of the fitness value has
been applied. In Simple Genetic Algorithm one-point crossover has been used. The prob-
ability of crossover was P.=0.9. Uniform mutation has been applied and the probability of
mutation was P,=0.005, which results in mutation of one gene in the population per one
generation on average. Fitness-proportionate (roulette wheel) selection method has been
applied.

In Quantum-Inspired Genetic Algorithm parameters given originally in [8] have been
used. The crucial parameters of this algorithm are rotation angles given in so-called lookup
table. The rotation angles were also taken directly from [8]. Despite the rotation angles
were initially adapted for the other type of problem (i.e. combinatorial optimization) the
algorithm performs also very well on the numerical optimization. The lookup table is the
only special parameter for the QIGA algorithm, apart from the number of chromosomes
and their length.

Assuming that the global optimum of our test functions is known, we can select
a building block (a short, low order, high fitness schema) and test its propagation in con-
secutive generations. Such methodology has been already used in the past years for analysis
of several evolutionary algorithms[12]. In our experiment, schemata of maximum defining
length 4 and maximum order 5 have been considered as possible building blocks. Selected
best schemata and their fitness are given in table 2. Average fitness of all 2°° chromosomes
is 25.068. For further analysis the schema Q10Q1********x*x*x** has heen selected as
a building block.

Table 2
Selected best schemata and their fitness for the test problem

schema fitness value
QOO e e dedededededede e 67.878
QLH QLo sesedesesdedesesodede s 57.797
OO N R 56.992
010%1*" 51.361
QDL R ek 44.988

e 010 Rl I e S S A 43.133



5. Results

In figure 5, efficiency comparison of the algorithms has been presented. The fitness of
the best (maximum) individuals in populations of consecutive generations has been consid-
ered. The plot has been created for an average over 10 runs of the algorithms. In 50 genera-
tions the Quantum-Inspired Genetic Algorithms always found the optimum solution. It is
straightforward to notice that Quantum-Inspired Genetic Algorithm outperforms the classi-
cal Simple Genetic Algorithm for this test problem easily. For this very simple test prob-
lem, the poor results of Simple Genetic Algorithm in this case arise from relatively small
size of population (10 individuals), no elitism, fitness-proportionate selection method and
no scaling of the fitness value.
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Fig. 5. Efficiency comparison of two algorithms for the test problem

Figure 6 presents the building block propagation comparison for the selected building
block 010Q1*******x**x*xx*x The plot has been created for an average over 10 runs of
the algorithms. In 80 generations of the Simple Genetic Algorithm approximately four
chromosomes containing the building block have evolved. This is subject to the Holland’s
schema theorem [9], which gives the lower bound of the propagation in Simple Genetic
Algorithm. The number of approximately four chromosomes containing the building block
remained stable in subsequent generations, fluctuating slightly.
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Fig. 6. Building block propagation comparison in QIGA and SGA

Results for Quantum-Inspired Genetic algorithm has been depicted in figure 6 as a re-
gion representing expected number and variance of chromosomes containing the considered
building block. The expected number and the variance have been calculated with equations
(6) and (8). The actual number of the building blocks observed in consequent generations of
populations in Quantum-Inspired Genetic Algorithm has been also presented in figure 6.
The actual propagation verifies that the formulas (6) and (8) have been devised correctly. In
80 generations of the Quantum-Inspired Genetic Algorithm approximately 8 chromosomes
matching the schema have evolved. The variance of this value is about 2 in that generation.
Therefore, it outperforms the Simple Genetic Algorithm even in a bad case. In subsequent
generations the expected number levelled off and it reached approximately 9 chromosomes
in 160 generation. At the same time the variance has been decreasing progressively as the
quantum population converged to the optimum solution and the uncertainty in quantum
chromosomes has been reduced. Moreover, it is easy to notice in figure 6 a monotonous
regularity of building block propagation in Quantum-Inspired Genetic Algorithms com-
pared to Simple Genetic Algorithm.



6. Discussion

To illustrate the behaviour of quantum genetic algorithm in consequents generations
for the test problem, let us consider the quantum chromosome g = ¢10,93949s of five binary
guantum genes. The state of such quantum chromosome can be simply depicted by five
arrows, this notation has been already introduced in section 2 of this paper. Figure 7 pre-
sents an illustration of six different states of the q chromosome.
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Fig. 7. Hllustration of selected binary quantum chromosomes of 5 genes (diagonal arrows below the
plots) and corresponding probability distributions of probing the search space (comb plots).

In the beginning of the algorithm the quantum population is initialized by quantum
chromosomes which “cover” the whole search space with equal probability. In this situation



the algorithm performs a global search in the whole domain and it has been depicted in fig-
ure 7a, which presents the initial state of the quantum chromosome:

@h)) (L @h)) (L @h)) (L S2lo)+ @h)) Such state of the

) (&
guantum chromosome is similar to the schema ***** leildcards on all positions). Figures
7b and 7c illustrate probability distributions encoded by quantum chromosomes with no
uncertainty |nvoIved |n the f|rst quantum gene Fl ure 7b corresponds to quantum chromo-
some  [o) (o) + Lh)) (Efo) + Lp)) (o) + <)) (o) + Lh)). The probability
distribution of this chromosome covers the first haIf of the search space and it corresponds
to the schema 0****, Consequently, the algorithm samples only this region for such indi-
vidual. On the contrary, the quantum chromosome ) + L)) + )
L o)+ @h)) (o) + 72|1>) corresponds to the schema 1**** and to the probability dis-
tribution that covers only the second half of the search space. In this situation (figure 7¢)
only the second half of the search s Jpace is sampled by the algorithm. In figure 7d the binary
quantum chromosome  (=[o) + 1)) (£ @h)ﬁ (Lfo) + L2h)) (L|o) + ) ) has
been depicted (no uncertainty in the last gene). Such quantum chromosome corresponds to
the schema ****(Q. Assuming that all the elements of our search space can be enumerated
and therefore they create a sequence, such probability distribution samples only the odd
elements of the domaln Correrondlr}gly the blnary quantum  chromosome
+ 2 h)) (L2 ]o)+ L)) (L 2h) ( L)) 1) probes only the even ele-
ments of the domaln In consequent |terat|ons of the algorlthm the probability distribution
encoded in binary quantum chromosomes are adjusted to match the landscape of the fitness
function and eventually only regions of the highest fitness values are sampled by the algo-
rithm (figures 7e and 7f).

7. Conclusions

In this paper a method of building blocks propagation analysis in quantum genetic al-
gorithms has been presented. A random variable corresponding to the number of quantum
chromosomes matching a schema has been introduced. Basic measures of the random vari-
able have been calculated. The proposed method of analysis based on the introduced ran-
dom variable and its measures is the main contribution of this paper. The analysis has been
illustrated on the selected one-dimensional test function optimization problem. Building
block propagation in Simple Genetic Algorithm and Quantum-Inspired Genetic Algorithm
has been compared for selected test function in the numerical experiment. Quantum-
Inspired Genetic Algorithm outperformed Simple Genetic Algorithm for the considered test
problem. Much better propagation of building block has been observed in Quantum-
Inspired Genetic Algorithm.

Further research in the area of theoretical studies of the quantum genetic algorithms
includes a possible broad generalization of Holland’s schema theorem to the new class of
algorithms. First of all, the analysis performed in this paper should be extended for other
test problems, other building blocks and other quantum genetic algorithms (e.g. GAQPR,
NQEA). Moreover, it should be investigated how selected parameters of the algorithms
influence the building blocks propagation and its uncertainty.



8. References

(1]

(2]

(3]

[4]
(5]

(6]

[7]

(8]

[0l

Al-Othman, A.K., Al-Fares, F.S., EL-Nagger, K.M. Power System Security Con-
strained Economic Dispatch Using Real Coded Quantum Inspired Evolution Algo-
rithm. International Journal of Electrical, Computer, and Systems Engineering,
2007, volume 1, pages 4-10.

Bin, L., Junan, Y., and Zhenquan, Z.. GAQPR and its application in discovering
frequent structures in time series. In Proceedings of the 2003 IEEE International
Conference on Neural Networks & Signal Processing, volume 1, pages 399-403.

Defoin-Platel, M., Schliebs, S., and Kasabov, N. A versatile quantum-inspired
evolutionary algorithm. In Proceedings of the International Conference on Evolu-
tionary Computation (Singapore, September 25-28, 2007). CEC, volume 7, 2007.

Goldberg, D.E. Genetic Algorithms in Search and Optimization. Addison-Wesley,
1989.

Grover, L. K. A fast quantum mechanical algorithm for database search. Proceed-
ings of 28th Annual ACM Symposium on the Theory of Computing, 1996, p. 212-
220.

Gu, J., Gu, X. and Gu, M. A novel parallel quantum genetic algorithm for stochas-
tic job shop scheduling. Journal of Mathematical Analysis and Applications, vol-
ume 355, 2009, pages 63-81.

Gu, J., Gu, X. and Jiao, B. A quantum genetic based scheduling algorithm for sto-
chastic flow shop scheduling problem with random breakdown. Proceeding of the
17th IFAC world congress, 2008. p. 63-68.

Han, K.H. and Kim, J.H.. Genetic quantum algorithm and its application to com-
binatorial optimization problem. In Proceedings of the 2000 Congress on Evolu-
tionary computation, volume 2, pages 1354-1360. 2000.

Holland, J.H., Adaptation in natural and artificial systems. University of Michigan
Press, Ann Arbor, 1975.

[10]Jeong, Y., Park, J., Shin, J. and Lee, K. A thermal unit commitment approach us-

ing an improved quantum evolutionary algorithm. Electric Power Components and
Systems, volume 37, 2009, pages 770-786.

[11]Jopek L., Nowotniak R., Postolski M., L. Babout., Janaszewski M.: Zastosowanie

kwantowych algorytméw genetycznych do selekcji cech, Scient. Bulletin of Acad-
emy of Science and Technology, Automatics, in print 2010 (in polish).

[12] Kusztelak, G., Rudnicki, M., and Wiak, S.. Propagation of Building Blocks in SGA

and MPGA. Lecture notes in computer science, pages 438-443, 2004.

[13] Mahdabi, P., Abadi, M., and Jalili, S. A novel quantum-inspired evolutionary algo-

rithm for solving combinatorial optimization problems. In Proceedings of the 11th
Annual conference on Genetic and evolutionary computation, pages 1807-1808.
ACM, 2009.



[14] Michalewicz, Z., Genetic Algorithms + Data Structures = Evolution Programs,
Springer-Verlag, New York, 1999.

[15] Narayanan, A. and Moore, M. Quantum-inspired genetic algorithms. In Evolu-
tionary Computation, 1996., Proceedings of IEEE International Conference on,
pages 61-66, 1996.

[16] Nielsen, M. A., Chuang, I. Quantum computation and quantum information. Cam-
bridge University Press. 2000

[17] Shor, P. W. Algorithms for quantum computation: Discrete logarithms and factor-
ing. 35th Annual Symposium on Foundations of Computer Science, Santa Fe, NM,
USA, 1994, pages 124-134.

[18] Talbi, H., Batouche, M. and Draa, A. A Quantum-Inspired Evolutionary Algorithm
for Multiobjective Image Segmentation. International Journal of Mathematical,
Physical and Engineering Sciences, volume 1, 2007, pages 109-114.

[19]Wang, L., Wu, H., Tang, F. and Zheng, D. Z. A hybrid quantum-inspired genetic
algorithm for flow shop scheduling. Lecture Notes in Computer Science, volume
3645, 2005, page 636.

[20] Xing, H., Ji, Y., Bai, L., Liu, X., Qu, Z. and Wang, X. An adaptive-evolution-
based quantum-inspired evolutionary algorithm for QoS multicasting in
IP/DWDM networks. Computer Communications, volume 32, 2009, pages 1086-
1094.

[21] Xing, H., Liu, X., Jin, X., Bai, L. and Ji, Y. A multi-granularity evolution based
Quantum Genetic Algorithm for QoS multicast routing problem in WDM networks.
Computer Communications, volume 32, 2009, pages 386-393.

Recenzent:



