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The work contains selected results of resecarch on the application of quantum
computer science to a systemic evolutionary algorithm for the purpose of improving
accuracy of neural models in electrical engineering and electrical power engineering.
Artificial neural networks are used in neural modeling, which networks are designed
and taught models of systems using available numerical data. Parameters of neural
networks, and especially, elements of weight matrices, biases as well as parameters of
activation functions may be improved using evolutionary algorithms. It seems that
applying solutions offered by quantum computer science to systemic evolutionary
algorithm, and especially, as regards creation of quantum initial population, quantum
crossover and mutation operators as well as selection, considerably improves the
accuracy of modelling, which was verified in MATLAB and Simulink environment
using selected examples such as RP-02 robot’s arm movement, the development of the
Polish Electrical Power Exchange (polish: TGEE) system, etc.
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1. The possibility of quantum computing in modeling systems
1.1. Systemic Evolutionary Algorithm

At present, one of primary challenges in applied electrical engineering is the
problem of finding more accurate methods of modeling inspired by increasing
miniaturization of circuits and systems of control [3, 7, 13, 29, 49-50]. Among
promising methods used to improve parameters of models of systems in
clectrical engineering and electrical power engineering, apart from
identification and neural models [15, 25, 30-31, 37, 51-52], there are
evolutionary modeling methods such as genetic algorithms (GA) and
evolutionary algorithms (EA) [10, 17, 19, 23, 34-35, 38, 40-41, 44-45, 51].
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Due to the fact that better accuracy of systems models parameters may be
obtained by combining evolutionary methods and methods inspired by quantum
computer science [1-2, 9, 14, 18, 20-22, 24, 26, 32-33, 36, 39, 42-43], an
attempt was made at developing Quantum Evolutionary Algorithm (QEA) [32-
33, 38, 40, 42-43] based on the original Systemic Evolutionary Algorithm
(SEA) [34, 36, 39, 41, 44-45] using systems control and development theory
[16, 37, 46-48].

There are numerous approaches to evolutionary and genetic algorithms, i.a.,
methods based on classic genetic algorithm, evolutionary methods and
strategies, co—evolutionary methods, etc. [10, 17, 19, 23, 44]. The main
unsolved problem in genetic and evolutionary algorithms remains appropriate
generation of the Initial Population (IP), and resulting Parent Populations (PP),
as well as the problem of constructing Robustness Function (RF), often wrongly
brought down in literature of the subject to adaptation function on the grounds
of optimization methods [38, 40-41, 44-45].

In SEA algorithm, presented in work Systemic Evolutionary Algorithm in
Journal edited by Collegium Medicum entitled Bio—Algorithms and Med—
Systems [44], generation of the initial population, as the information about the
structure and parameters of the system model as well as Robustness Function
was defined in a systemic way, using the notion of systemic discrepancy
occurring between the average value of the population and the value of each
individual in each generation of the SEA [7, 13, 37, 46-48]. Basic operators
crossover, mutation and selection were defined on the grounds of systems
control and development theory [16, 37, 46—-48]. SAE algorithm was developed
and implemented using methods inspired by quantum computer science, which
allowed to obtain QEA [38, 40-41, 45].

Verification involving experiments was conducted using practical examples
such as PR-02 robot’s arm movement, development of TGEE, development of
electrical power system, etc. [32-33, 36, 39, 42-43] implemented in MATLAB
and Simulink environment.

1.2. Potential of quantum computer science

Quantum computer science is considerably new and little known field of
science using Hilbert’s space, where enormous amounts of information may be
stored, not comparable with classic optic storage devices [6, 8, 11-12, 27, 29,
49]. One of basic terms connected with quantum computer science is state of
object in quantum sense, ¢.g. state of molecule described by its wave function,
which cannot be observed in the case of classic objects, but is processed and
passed between quantum systems in nature, which is not perceived by man —
a classic (deterministic) observer — [11-12, 27, 29].
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Elementary medium of quantum information is a qubit, also called
a quantum bit. A quantum bit has two pure states and an infinite number of
mixed states (intermediate values). Quantum information is described using
quantum numbers. State of a quantum number may be described in a two—
dimensional complex Hilbert’s space with an ortonormal base {|0>, [1>} using
vector [3, 6, 8, 27, 29, 49]:

1) = 0)+ A1), (M
where numbers « and S are complex numbers (so called modules of probability)
that fulfil for qubit the condition of superposition:

a’+p =1, 2
defining them as amplitudes of probability, with a certain state, in which any

qubit as a linear combination of vectors from a defined base [27, 29, 49]. In
vector notation, in accordance with Dirac notation, qubit is presented as a ket in

the form of:
=5 ®
Yol

where for qubit |0> the value a = 1, £ =0, and for qubit |1> value a =0, =1,
thus pure states for qubit are unequivocally specified. Therefore, a quantum bit
may be in a superposition of two base states, and while processing quantum
state in a superposition, all possible combinations of intermediate states are also
taken into consideration. E.g. for one qubit, whose base are two pure states,
their superposition that operates on both those states in the same time,
determines an infinite number of intermediate states. It means that it is
impossible to unequivocally specify the value of mixed state, but it is possible
to unequivocally speak about the module of probability, with which a mixed
state may be observed (pure states with probability amplitudes « and f).
Superposition occurs when pure states do not occur (@, f # 0) [12, 27, 29].
Determination of the method to obtain mixed states using classic computers is
connected with developing appropriate method using quantum function.
Similarly for a qubit', i.e. for a unit of quantum information, resulting from
a generalized notion of qubit, in which, d base states occur, i.¢. d states are in
superposition state, which may be written after work Informatyka kwantowa.
Wybrane obwody i algorytmy [Quantum computer science. Selected circuits
and algorithms] by M. Sawerwain and J. Wisniewska [27] in the following
way:

d
|‘}’>:Zai-|i> and Z|ai>2:], “4)
' i=1

" In English—language literature, qubit is defined as freedom level (degree), after work [27].
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where: a; — i—th base state of a qubit, [i> — computational base for a given
quantum register, with the standard base ranging from 0 to 2"-1, d — qubit
degree, i.e. the number of base vectors.

It is worth noting after work by K. Giaro and M. Kaminski that more than
one qubit is involved quantum computations. Thus, a notion of qudit register is
defined, i.e. Hilbert’s space vector H," with unit length, i.¢. the tensor product n
of the Hilbert’s space H, [6]. Quantum register that contains n qubits is obtained
using the operation of tensor product in the following form [27]:

|¥)=|¥,)®|¥)®..8¥, ). ®))
and the state of unknown quantum register may be written:
1 0 0 0
. 0 1 0 0 (6)

[7)=> 0 i) =ty | O |+0,-| O |+ | 1 |+ 4ex,, -

1 >
i=0

<

—_

0 0 0
if the normalization condition (superposition of states) is fulfilled, and the rule
of marking individual qubits is introduced, ¢.g. establishing that the first qubit
with the index equal zero is positioned on the left of the register, and the last
qubit on the right of the quantum register. Three types of operations may be
performed on the quantum register, namely, unitary operation (so called unitary
evolution), measurement operations and general operations. Unitary operation
involves multiplication of the initial state of the qubit s(0) by the unitary matrix
U, in order to obtain qubit state at moment t, i.€.:

s(t)=U, -s(0). (7
Quantum measurement involves applying a set of measurement operators {M;}
to a qubit s(t) in order to obtain the result of measurement operation of I type,

and the probability of obtaining the result 1 is equal:
p(i)={¥|-M;M,-|¥) ®)
with the state of the system being equal to W prior to performing the
measurement, and following the measurement, using the set of operators {M;},

it is equal:
wiy=——Ml¥) %) ©)
o[y |

General quantum operations (quantum channels) result from considering the
impact of the environment on quantum register, which is connected with the
course of unitary evolution, i.¢. irreversible revolution. In such a situation, basic
part of the system (system S°) is separated from the additional part of the system

2 System.
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(environment E’), which leads to the description of time evolution of the system
in the following way:

Pl =U-(p ®le,)e,)-U. (10)
where |e> is the initial state of the environment.

1.3. Attempts at implementation of EA inspired by methods
of quantum computer science

One of the first attempts at implementation of Evolutionary Algorithms (EA)
inspired by methods of quantum computer science was a work by Naranyan &
More published in 1996 [15], in which a new EA was implemented based on
quantum computations logic, based on the concept of existence, so called
parallel universes (worlds). The proposed method was verified based on the
example of the solution of the so called travelling salesman problem. Each
universe was represented by its own population of chromosomes, and cach
chromosome by two—dimensional matrix, with one row representing a route and
a letter representing cities, with the assumption that no route defined in the way
described above repeats.

Crossover involved determination of a new generation of chromosomes by
selecting individual genes from different universes, and if the letter repeated
a jump to the next not-repeating generation was made. It was not proved for
this model that quasi—quantum approach used in EA is better than the classic
evolutionary algorithm, and a method of representation of individual
chromosomes, and thereby alternative universes using quantum—evolutionary
approach, using quantum gates was not indicated, with obtaining improvement
in accuracy of the travelling salesman problem being solved.

Another work, in which results related to the implementation of QEA using
a quantum computer, was a work by K. Han & J. Kim published in 2000 [6], in
which a quantum-evolutionary solution was shown using so called discrete
packpack problem as an example. It was assumed that qubits represent base
states of a chromosome, and the register represents superposition of states of
individual qubits. The process of the model’s parameters refinement was
implemented using rotation gates. Neither crossover algorithm nor mutation
algorithm was used in this method, which, obviously, limited the possibilities of
finding a robust solution. A problem connected with the implementation of the
above mentioned algorithm was lack of possibility to measure the quantum state
that immediately changed at the time of reading, which made it impossible to
use it for reliable measurements of current quantum states. Therefore, indirect
methods were used to for the purpose of measurements.

3 .
Environment.

284



J. Tchorzewski / Systemic Evolutionary Algorithm inspired ...

In literature of the subject, numerous similar attempts to find quantum—
evolutionary algorithms for solving various computational problems can be
found, e.g. works [1, 5, 9-12, 22] concerning evolutionary solutions inspired by
quantum computer science. However, they all lack a solution that would
improve the accuracy of modelling and solve the problem of quantum
computations, especially, as regards obtaining and using mixed numbers in
computations, in the appropriate way. They also include works published by the
author [32, 36].

2. Quantum Evolutionary Algorithm
2.1. The Essence of QEA

Quantum evolutionary algorithm is best constructed based on the SEA
algorithm, by supplementing the methods used with methods inspired by
quantum computer science. A basic flowchart for Systemic Evolutionary
Algorithm was adopted, in which the initial population, robustness function as
well as crossover, mutation and selection methods were defined based on
quantum computer science (Fig. 1) [ [38, 41, 44]. As a result, quantum
calculations were also conducted using quantum computer science, which
required specific quantization of numbers written in a decimal system, i.c.
conversion of decimal numbers into quantum numbers. For obvious reasons,
quantum numbers were converted back into binary numbers and then to decimal
numbers, when calculations were completed. Thus, both quantization and
dequantization processes requires choosing a certain method of conduct for the
conversion of a binary number into a quantum number and vice versa.

2.2, Quantum Initial Population

An introductory issue related to the SEA algorithm is an issue of analytic,
neural or identification modelling for the purpose of obtaining a model of any
system. The obtained model has a certain structure and parameters of the
highest attainable accuracy. It is convenient to change the values of ¢.g. model
parameters, let the model be a model of robot PR-02 [28, 33], in the form of
decimal numbers into binary numbers, and assume that bits 0 and 1 are pure
states, with the assumption that a quantum number obtained from a binary
number represents pure states. The problem of computational complexity
appears when mixed states of a quantum number are determined, even using
one—cubit register. Quantum numbers may then be expressed using dependence
(1), with the assumption that superposition occurs. It is important to determine
the module of probability of occurrence of |0> and |1> based on the rule of
superposition, i.¢. with the assumption of critical state described by the
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equilibrium state, ¢.g. assuming that o = . Hence, from the superposition rule
described by interdependence (2) a limit between two areas of both pure states

is obtained with the value a = £ =0.71.
( stART )
# \

l Initiation of quanrum

Beginning Population

A

Quantum selection

of chromosomes Assessment of quantum robustness
of individuals represented
i by chromosomes

Using quantum genetic
operators (crossover

and mutation}
¢ Stop condition

Printing a robust
quantum individual

A

( STOP )

Fig. 1. A general flowchart of QEA. Source: Own elaboration based on [37, 44]

Creating of a new guantum
parent population

To determine mixed states, it is necessary to perform sampling from the
interval (0.71-1) for the pure state |1> z, and from the same interval (0.71-1)
for the pure state |0>, thus obtaining a mixed state with the domination of pure
state |0> for the value of pure state equal |0>, i.e. sampling from o from the
interval 0.71 < « < 1 and sampling B from the interval 0 < £ < 0.71. Similarly,
for the value of the pure state equal |I>, a mixed state |M1> ought to be
obtained with the domination of |1>, i.e. § is sampled from the interval 0.71 <f
<1 and a is sampled from the interval 0 < a<0.71. In the above mentioned way,
an unequivocal, though random method of determining mixed states for classic
computer.
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Further, it is worth noticing that due to the fact that, an infinite number of
mixed states may occur in each qubit (a register that is a matrix), (let us assume
that in this case infinity is limited by the amount of computational data ¢.g.
1,000), the number of occurrences of [0> in 1 000 cases is sampled for a pure
state |0>, and the number of occurrences |1> is calculated based on the rule of
superposition. Similarly, the number of occurrences |1> in 1000 cases is
sampled for a pure state |1> and a number of occurrences 0> is calculated based
on the rule of superposition (¢’ + £ = 1). In this way, pairs of mixed numbers
are obtained, which are further used for narrowing areas of occurrence of mixed
states of quantum numbers.

2.3. An example of determination of a mixed state

Let us sample a number of occurrences |0> in 1 000 states of a quantum
number from the interval of values 0.71 <= « <=1, obtaining ¢.g. « = 0.8, ¢.g.
for a pure state |0>, followed by determination of /5 based on superposition rule,
and simultaneously, a number of occurrences of state [1> in 1 000 states of
quantum number, but from the interval of values 0 <= beta <= 0.71, obtaining
¢.g. f=0.2, and « is calculated based on superposition rule for pure state |1>.

Thus, the algorithm for determination of mixed states is as follows:

I variant:
Let a = 0.8, based on superposition rule £ is determined in the following way:
(0.8 +5° =1, (11)
thus f = 0.6, and a mixed quantum number is equal:
N, =0.8:[0)+0.6:[1). (12)
IT variant:
Let = 0.2, based on superposition rule a is determined:
(a)* +(02)° =1, (13)
thus « = 0.98, and a mixed quantum number is equal:
N, =0.98:[0)+0.2:|1). (14)

In this way, two mixed quantum numbers may be obtained, and in the same
way, limits of variability of « and f can be determined from the dependence
(12) and (14). In the discussed example, module o is determined from the
interval below for the dominant state |0>:

0.80< a <0.98, (15)
and module £ is determined based on superposition rule for a pure state |1>.
Similarly, for the prevailing state |1> module £ is determined from the interval:

0.20< 4 <0.60, (16)
and module o is determined based on superposition rule for a pure state |0>.
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2.4. QEA for the improvement of parameters of the neural model
of PR—02 robot’s arm movement

Quantum Evolutionary Algorithm was used, i.a., for the improvement of
parameters of PR—02 robot’s arm movement, taking basic assumptions of
evolutionary algorithm [44] as an example, which was supplemented with
elements of quantum computer science. Four parameters of PR-02 robot were
distinguished in the model [28,33],1.¢.:

0; — angle of rotation of the whole platform of PR-02 robot (values from the

interval —300°- 0°),

Az — height of mounting of PR—02 robot’s arm platform (values from the interval

0-0.200 m),
A3 — length of PR-02 robot’s arm reach (values from the interval 0.376 — 0.676 m),
0, — angle of rotation of the end of robot’s arm (values from the interval
0° — 360°) — this element may make a full rotation around its own axis but
does not have impact on the position of the end of the robot’s arm.

By changing the four parameters D-H described above, one may directly
control the movement of PR-02 robot’s arm by lifting the main arm at the
maximum height of 0.200 m, performing incomplete rotation around its own
axis — up to 300°, pulling out the robot’s arm at the length of 0.300 m,
performing full rotation around the axis of arm’s end.

QEA algorithm consists of the following basic steps:

1) Fetching four parameters [&), 4,, 435, ©,] as elements of analytic model of the
movement of PR-02 robot’s arm’s end, being input quantities (control) of
the artificial neural network (ANN), i.e. parameters controlling a neural
model of the PR-02 robot.

2) Generating initial population (IP) for the determined interval of accuracy of
the parameters of the model.

3) Determination of values of individual chromosomes based on robustness
(adaptation) function using Euclidean distance of output parameters (x, v, z)
ANN.

4) Performing selection of individuals, e.g. by applying tournament selection
method for further processing using adaptation function (best adapted
individuals are those whose point is located closest to the mean distance of
all points.

5) Using genetic operators (¢.g. single—point crossover, mutation connected
with changing the value of the gene by one order of magnitude).

Robustness (Adaptation) function is the Euclidean distance, and takes the
following form:

A=Y -F+ F-P'+ Z-2) (17)
where: A — distance between the location of a given point representing a certain
chromosome and a point being a mean value of all points (chromosomes),
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X — the value of component X, Y — the value of component Y, Z — the value of
component Z, x,y,Z —means of respective components.

As a result, a chromosome with better parameters may be generated in each
successive epoch. Iterations are repeated until the assumed improvement
regarding the location of the point of PR-02 robot’s arm is obtained, followed
by the correction of the location of the next point performed in the same way.
Quantum computer science was used in computations.

3. Analysis of possibilities of impelentation of QEA

Analysis of possibilities of implementation of QEA was performed from the
viewpoint of solutions supplied by MATLAB and Simulink environment using
Matlab language, System Optimization Toolbox and m-files. Special attention
was drawn to the structure of QEA, in which quantum information is processed.
A number of notions, necessary for the appropriate implementation of QEA
were defined, and a method of performing quantum calculations, and their
realization using quantum gates and circuits was shown based on concrete
numeric examples. The elaboration of the above fundamentals of quantum
computer science involved, i.a., the possibilities of implementation of QEA for
the improvement of parameters of the model of PR-02 robot’s movement
published in works [32-33] and attempts at the implementation of the model for
the improvement of TGEE model published in works [35-36]. Possibilitics of
improvement of parameters of ANN, including the values of weights in both
layers result from the increase of the degree of accuracy of the problem being
solved, in accordance with the increased precision inspired by methods of
quantum computer science and mechanics.

The problem of mixed numbers was described, i.a., in work [32], where
a method of obtaining quantum numbers was proposed. By applying the above
mentioned method of obtaining mixed quantum numbers and fundamentals of
Quantum Evolutionary Algorithm, a method of performing quantum
calculations using classic computers was developed, which involves the
following basic steps:

1) changing a real number (values of weights of the ANN) written in
a decimal system into a binary number,

2) assuming that a binary value 1 is a pure state |1> of a quantum number,
and a binary value O is a pure state |0> of a quantum number,

3) determining a mixed state using the method described in point Il for
cach single qubit, or for a qubit representing all pure states of a real
number based on the binary number,

4) generating a structure of a model of chromosomes for the initial
population (IP) that consists of a pair of chromosomes, one of which
represents the lower limit and another one the upper limit of individual
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mixed numbers (structure composed of two two—dimensional
chromosomes with the number of qubits corresponding to the length of
a binary number corresponding to the real number being the value of the
weight),

5) generating IP in the number of chromosomes appropriate for the task
being solved by random selection of values of genes representing weights
from the intervals represented by the lower limit and the upper limit of
each mixed number,

6) determination of a quantum value of each chromosome by using a model
of the ANN system — dependence (1),

7) sorting and coupling chromosomes according to their values (phenotype),

8) crossing—over coupled chromosomes with probability py,

9) performing mutation within IP with probability p,,

10) determination of robustness as a discrepancy between a quantum value of
cach chromosome from the population and mean value of all
chromosomes and using it in the process of selection of chromosomes for
further processing,

11) performing selection according to the adopted method of selection
adjusted to quantum calculations,

12)  repeating the computational process until the value of discrepancy (of
robustness function) is smaller than the assumed degree of accuracy of
the system model determined by the distance of the obtained solution
from the mean solution.

Example 2. Determination of quantum numbers

Let us determine a quantum value of the adder net; with 24 — inputs signals
as a subsystem of ANN (u; ... uy4, here: volume of ee in individual hours of the
24 hour day), one output signal (v, here: average price of energy ee sold) and
Wi ... Wiaa— weights of layer L1 connected with neuron 1.

Step 1. Conversion of values written in decimal system for input u; and
weight wy ; (here: for hour 0-1), and for the first training pair (here: 1** January
2015) into binary numbers (a rule was adopted that the dimension of the state
vector in Hilbert’s space is equal to the dimension of weights values) [5,37],
where:
decimal values are equal: ud;=0.03435, wd, ;=0.287526,
and binary numbers are equal: ub;=[0.000010001101],
wby;=[0.010011100001], respectively,

Step 2. Conversion of values written in binary system for input u; and
weight w1 (here: for hour 0-1), and for the first training pair (here: 1** January
2015) into values in the quantum system a rule was adopted that the dimension
of the state vector in Hilbert’s space is equal to the dimension of weights
values) respective:
binary values are aqual: ub;=[0.000010001101] and wb; ;=[0.010011100001],
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and quantum values ar¢ aqual (assuming the weight of the added value,
simplified recording to two decimal places and omitted part of the overall
responsibility for rotation):
{0.87 1 077 098 067 074 089 085 04 037 077 0.44}
1 >

049 0 064 020 074 0.67 046 053 099 093 064 0.90

(18)

/1 01 1 0 1 049 051 048 060 0.62 0.51

Step 3. Determination of quantum value for the adder for neuron 1 of hidden
layer in accordance with model (1) obtaining ¢.g. for input 1 (assuming the
binary reference system positions quantum number resulting from individual
qubits):

{0 1 0 01 0 051 049 052 040 0.38 0.49}
wky, = .

L 0,076504 0,001753
net, ,(u) = >
’ 0,376192 0,124301 (19)
and for all 24 inputs:
0.0646 0.7992
netl1 ()= . (20)
0.0902 0.7260

Therefore, after elimination of the integer part of the value of elements
responsible for the rotation, one may observe that respective individual
elements of the matrix in the expression (20) are equal:

a0 = 0.0646, o,,= 0.7992, B10,=0.0902, B,3,=0.7260. 2n

Step 4. Determination of quantum value for the output of neuron 1 of the

hidden layer by substituting the expression (14) to the dependence (1):

1 1

1 1

‘ yl >= f(| nel;’l >) = 5 11]]0.0646 0.7992 = ’2'H0>-‘lm1> llm2r>J , (22)
- {0“0.0902 0.7260} I+e

1+e
where:
Ly~ {ﬂ — the first mixed number (first quantum mixed number with the value
" LA] resulting from the synthetized value of the weights vector,
— the . seccond mixed number (second quantum mixed
I, = [az} =le, B] number with the value resulting from the
b synthetized value of the input vector,
Therefore, based on the dependence (21) and superposition rule, values of
both mixed numbers may be determined, whose respective values are equal:

Ly = | 0) + A1) = 0.7561/0) + 0.6544|1),

(23)
1, =, 0) + f,|1) = 0.0805]0) + 0.9968|1),
And the expression (22) may be transformed to the following form:
1 4)

|yl >= f(| net) >) = ’
R R e |

l+e
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where: ¢, and @, are rotation vectors of both modules in each mixed number.

The value of expression (24) is the input value to layer 2 of the ANN, which
may be written in the complex form, or in Dirac’s notation.

Example 3. Crossover

Two subsequent quantum parent chromosomes, ¢.g. for the weight between
net; and input u;:

. 1{10 1 0 0 1 0 0511 0499 0521 0401 0.389 0.491
“%LI"{O}{l 0 1 1 0 1 0499 0518 0487 0602 0.625 0.514}

(25)

Wi =1 |
M0l 001 1 0 1 0493 0511 0485 0604 0.621 0.519

Let us assume simple single—point crossover. An intersection point is
selected at random, and parts of the two chromosomes are exchanged in order to
obtain two descendant chromosomes (¢.g. using Fredkin’s gate, as a result of
which two successive bits at the output are changed if the first input bit is equal
1, which may be applicable to single cubits, such as:

L {1}{0 1 00 1 0 0511 0498 0525 0406 0.388 (1499}

) _{1}{0 1 0 01 0 0519 0498 0525 0406 0.388 0499}

M0 001 1 0 1 0499 0511 0485 0.604 0.621 0.519
(26)

Wi = O[T 0 1 1 0 1 0493 0518 0.487 0.602 0.625 0.514

Example 4. Mutation

Operator of quantum mutation changes quantum state |1> into |0> and vice
versa, and in the case of a mixed number it changes the amplitude connected
with |1> into the amplitude connected with |0> and vice versa (using quantum
gate NOT), ¢.g. as a result of mutation in the case of the first matrix of weights,
the following is obtained:
. {0 1 0 0 1 0 0511 0.498 0525 0.406 0.388 0.499} Q7)

w =
11 0 11 0 1 0499 0511 0485 0.604 0.621 0519

Example 5. Selection

Tournament selection method was adopted. A random selection of
n quantum chromosomes (individuals) without replacement from a Population
of Chromosomes (PCh), followed by selection of the best chromosome and
copying it to the parent population (PP), and after the operation of copying, all
selected chromosomes are returned to the PCh. Tournament is organized
S times in order to obtained a complete TP of the desired size. Assessment of
values of chromosomes is performed using robustness function determined as
a discrepancy between value yi(ch;)) and the mean vale of the selected

, {1}{0 1 00 1 0 0519 0499 0.521 0.401 0.389 0491}

* So called Pauli’s gate X, for which unitary matrix is equal:

X:ﬁ (ﬂ
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chromosomes (using Toffoli’s quantum gate and Fanout’s quantum gate for
quantum calculations).

Example 6. Stop condition for QEA

Quantum evolutionary algorithm stops when it reaches quantum discrepancy
below the pre—specified state of quantum discrepancy.

4. CONCLUSIONS

The Quantum Evolutionary Algorithm proposed in this work, which was
verified in practice using PR-02 robot movement as an example, implemented in
Matlab language, and verified in MATLAB and Simulink environment.

Improvement in parameters of PR-02 robot’s arm’s end movement was
obtained, thereby indicating the direction of improvement of accuracy of the
trajectory of the robot’s movement.

A model of Quantum Evolutionary Algorithm of PR-02 robot’s movement,
its implementation and the results obtained are presented in chapter “Studying
and implementation of QEA of the movement of PR—02 robot’s arm™ [32-33].
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