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Abstract
Genetic algorithm (GA) inspired by the biological world is a general search and optimization method.
It was first proposed by Holland in 1975. GA has been applied to many scientific areas especially in
engineering optimization problems. It is also used in solving of quantum mechanical problems. In
this study, we have applied this method to different realistic quantum mechanical problems of both
self-consistent and non-self-consistent type. The results obtained are compared with the results of other
methods and it is seen that the GA can be a very powerful alternative to some other traditional techniques
such as variational method.
Key Words: genetic algorithm, quantum dot, heterojunction.

1.

Introduction

The recent developments in the fabrication technology have given an opportunity to confine the electrons
in two-, one- and zero-dimensional semiconductor structures [1, 2]. Semiconductor quantum nanostructures
(quantum wells, wires or dots) have found various application areas especially as electronic devices such as
single electron transistor, quantum well and quantum dot infrared photo detector (QWIP and QDIP) [3, 4, 5].
Therefore, these structures have been intensively studied both theoretically and experimentally in condensed
matter physics [5, 6, 7]. Many analytical and numerical studies on energy levels and other physical properties
of quantum dots (QDs) have been reported [6–10]. Different techniques and approximations had been used
in these studies including variational method, perturbation method, matrix diagonalization, Monte Carlo
etc. Each one of these techniques has their own advantages and disadvantages.
For example, the traditional variational method has the advantage of being simple and straightforward,
hence, it is one of the most frequently used techniques. However, the chosen trial wave function must be
well suited for describing the system under consideration. If the wave function is not properly chosen, the
results may be far from the exact ones.
In addition to these techniques, recently, an optimization method, namely the genetic algorithm, has
begun to be used in computations of the electronic structures [11, 12, 13]. Genetic algorithm (GA) has
been applied to many scientific areas and engineering optimization and improvement problems since it
was proposed by Holland [14]. Bennett and Shapiro [15] have applied the GA to the ground states of
simple random Ising-spin systems. Kim et al. [16] have presented a parameter optimization technique for
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GaAs/AlGaAs multiple quantum well avalanche photodiodes by GA. Chaudbury and Bhattacharyya [17],
and Nakanishi and Sugawara [18] have numerically solved the Schrödinger equation by GA. Grigorenko and
Garcia have used this method to calculate the ground state of one and two particle quantum systems [19, 20],
also, they performed a calculation of the partition function using quantum GA [21]. A new approach for
solving the Schrödinger equation based on GA and artificial neural network (ANN) has been presented by
Sugawara [22]. Chakraborti et al. [23] have used GA to determine the ground state structures of a number
of Si-H clusters. Şahin et al. [24] have applied it to the determination of mass transfer coefficients in
crystal growth. GA was applied to a non-linear fitting problem by Brunetti [25]. Liu et al. [26] have used
evolutionary algorithm to calculate the ground state energy of double-electron atoms. Erkoç et al. [27] have
applied it to geometry optimization of microclusters.
The quantum mechanical application of GA, is usually called quantum genetic algorithm (QGA) and
is generally limited only to textbook problems [17, 19, 20, 22, 28]. QGA involves the minimization of the
total energy just like in conventional variational method but, it has a probabilistic nature. When it is used
in wave function optimization, the wave function in the QGA is not constrained by a prescribed analytical
form and it gives results much better than conventional variational method. Application of QGA is not
complicated, and it can be applied to any problem stated on a variational basis. The choice of the initial
population is not very important, the system under consideration need not be represented very well by the
initial population. Especially, after a few tens of generations, the method converges to a wave function, which
quite satisfactorily describes the system under consideration. This fast initial convergence of the method
is used in some hybrid methods [29] for the determination of sufficiently good initial guesses. However,
starting out with a population describing the system very well, of course, decreases the time required for the
convergence.
In this study, the application areas of this method have been extended to realistic quantum mechanical
systems. For this purpose, we have taken into consideration different low dimensional systems, e.g. hydrogenic donor impurity in a spherical quantum dot, modulation doped heterojunction and many-electron
quantum dot.
The main purpose of this study is to extend the application area of genetic algorithm in to the analysis
of quantum mechanical problems and to evaluate the effect of some details on the efficiency of the method.

2.

Details of Genetic Algorithm

In spite of the fact that quantum mechanical applications of GA method is based essentially on energy
minimization as other variational procedures, it exhibits some important differences. These differences can
be summarized as follows: (i) GA employs the coding of any parameter (or parameter set), not parameters
themselves, (ii) it starts from any initial population of possible solution, not from a single value or analytical
expression, (iii) it uses some fitness (or objective) information in procedure, not any derivative or auxiliary
knowledge, and (iv) it follows the probabilistic rules, instead of the deterministic ones. (v) in the QGA
method all the parameters can be changed simultaneously, so that a faster convergence can be obtained
especially for the variational problems with many parameters [30, 31].
There are two main variants of the quantum mechanical application of GA: first, parameter optimization
and the second wave function optimization. Let φ(α1 , α2 ,..., αn ) be a trial wave function with the parameters
αi for a parameter optimization problem, then the initial population is formed by choosing random values
of the parameters αi . These parameters are then substituted into the analytical expression of the trial wave
function. Each set of parameters is called an individual, and the total number of individuals is named as
the population size. If the QGA is to be used for wave function optimization then the wave function is
discretized on a mesh, and the numerical values of these wave functions at the mesh points makes up an
individual. An analytical expression and some set of randomly chosen parameters,αi , might be used for
setting up the initial population. However all subsequent calculations are performed over the values of the
wave functions at the mesh points. Therefore, the solution is not restricted by the analytical form used to
set up the initial population.
Each wave function (individual) in this initial population is normalized by the relation
φn = An φ̃n ,
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where φn and φ̃n are the normalized and unnormalized wave functions respectively. The normalization
constant of the individual, An , is obtained from,
Z
D
E
hφn |φn i = A2n φ̃n φ̃n = A2n φ̃∗n φ̃n d3 r = 1.

(2)

For each individual (wave function) in this population the expectation value of the energy is determined
from
D

Z

E

En [φ] = φn Ĥ φn =

φ∗n Ĥφn d3 r.

(3)

Here, the index n identifies the individual. QGA starts out with a population of possible solutions of the
problem under consideration and then proceeds with three basic operations: i) copying or reproduction, ii)
crossover, iii) mutation. A probability of occurrence is chosen for each one of these operations. In practice,
generally, a high crossover probability is chosen so that the variety in the population is increased. On
the other hand, the mutation probability is chosen to be small. If a high mutation probability is chosen,
the convergence slows down and the fluctuations increases. Production of better new generations is the
main objective of all the genetic operations. To guide the genetic operations to produce better generations,
a fitness value is defined for each individual and the genetic operations are performed according to these
fitness values. Fitness value of an individual can be regarded as the probability of survival for that individual
(or its genetic code). In most quantum mechanical applications the objective is to reach to the minimum
energy, therefore the individuals with lower energy should have higher fitness values and the individuals with
higher energy should have lower fitness values. There are many possible choices for evaluation of the fitness
values. Inspired by the Boltzmann factor in the statistical mechanics, here we use the following expression
for fitness values
µi =

exp (−β (Ei − Eort ))
NP
pop

,

(i = 1, 2, 3..., Npop).

(4)

exp (−β (Ei − Eort ))

i=1

fitness of the i’th individual, Npop is the size of the population, β is an arbitrary constant,
Here, µi is theP
1
and Eort = Npop
Ei is the average energy expectation value for the population. It is clear from Eq. (4)
P
that
µi = 1, so that µi can be regarded as probability for the survival of the i’th individual.

2.1.

Copying

Following the determination of fitness values for each individual, Npop individuals are drawn from the
population to produce the new generation. Each individual have a chance of winning proportional to its
fitness value, and one individual can be drawn more than once. Therefore, some individuals may appear
more than once in the new generation while some of them do not appear at all. Thus the new generation is
dominated by individuals having higher fitness values, however even the individual with smallest fitness value
have a chance of surviving. The individuals chosen in this way are used as parents of the new generation,
other genetic operations are performed on these chosen individuals.
Different selection schemes can be used for the copy process for example roulette wheel selection, tournament selection, ranking selection etc. [32-35].

2.2.

Crossover

The crossover occurring in the nature can be defined as an exchange of genes between two chromosomes.
The purpose of this operation is to produce better individuals using the existing ones. In order to do this,
two individuals are randomly chosen from the population, then each one of these two individuals are divided
into two parts by cutting at a random position, then the parts are interchanged between the individuals.
This process is schematically shown in Figure 1.
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1. new individual

1. individual

2. individual

2. new individual

Figure 1. Schematic representation of crossover operation.

In the parameter optimization, the cross over operation is, generally, performed over the binary codes of
the numerical values of the parameters. Representations of such a crossover operation with one and two cut
points are shown in Figure 2.
It is much easier to work with the numerical values of the wave functions in the wave function optimization. Let us consider, randomly chosen two wave functions φ1 (x) and φ2 (x). If we were to obtain two new
wave functions by crossing these wave functions, then the new wave functions are defined in terms of the old
ones by
φ̃01 (x) = φ1 (x) St (x) + φ2 (x) (1 − St (x)) ,
(5)
φ̃02 (x) = φ2 (x) St (x) + φ1 (x) (1 − St (x)) ,
Note that, in this operation the new wave functions are weighted averages of the older ones, and the
function St(x) determines the contribution of each one of the old wave functions. The shape of the function
St(x) is very important, it should have a smooth shape because discontinuities or very sharp changes in
either the wave functions or in its derivatives are physically unacceptable. In this study we have used the
following step function with a smooth transition for the crossover operations [19, 36]



x − x0
1
1 + tanh
St (x) =
2
c2

.

(6)

where, x0 is a random position within the limits of the system, and c is a number determining the sharpness
of the step function. Smooth step function St(x) is shown in Figure 3 for three different values of c when
x0 = 1.0. It is clear from the figure that the sharpness of the step function increases with decreasing values
of c.

1. individual 0 0 0 0 1 0 1 1 = 11

0 0 0 1 0 1 0 1 = 21

1. new individual

2. individual 0 1 0 1 0 1 0 1 = 85

0 1 0 0 1 0 1 1 = 75

2. new individual

1. individual 0 0 0 0 1 0 1 1 = 11

0 0 0 1 0 0 1 1 = 19

1. new individual

2. individual 0 1 0 1 0 1 0 1 = 85

0 1 0 0 1 1 0 1 = 77

2. new individual

Figure 2. Representation of the single and two points crossover in binary code.
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Figure 3. Smooth step function for three different values of c.

Choosing the St function as a constant random value in the range (0,1) is another method for the
realization of crossover operation. This kind of cross over would not cause any discontinuities when the
original wave functions are smooth.
Two randomly chosen wave functions are shown in Figure 4. New wave functions, obtained from these
by a sharp and a smooth step function are shown in Figure 5 a and b respectively. Note that, the new wave
functions in Figure 5 a shows a sharp increase or decrease which is physically unacceptable, whereas the
wave functions in Figure 5 b displays a smooth behavior.

2.3.

Mutation

Sometimes, the search process might fall into local minima, i.e. all the individuals of a generation might
be in the valley of the same minima. Such a local minima and a global minima are seen in Figure 6. In
this case, it is impossible to get out of this valley with only crossover operations. Mutation operations are
used to get away from such local minima. In contrast with the crossover operation, mutation operation is
performed on only one individual. When the binary coding is employed, mutation operation corresponds to
reversing the value of a bit (chromosome) from 1 to 0 ( or from 0 to 1).
Wave function optimization is quite different from the parameter optimizations. Care should be taken
in the application of mutation: changing the value of the wave function arbitrarily at one mesh point would
result in discontinuities, which are physically unacceptable. A Gaussian distribution can be used as the
mutation function to prevent such a situation [19]
!
− (x − x0 )2
,
(7)
FM (x) = A exp
δ2
where, A is the amplitude of the mutation, and δ is an arbitrary number determining the width of the
mutation and x0 is a position within the definition range of the problem. However, δ value should not be
very small, otherwise the mutation corresponds to a very sharp spike over the wave function. If we add the
mutation function to a randomly chosen wave function we obtain
φ̃01 (x) = φ1 (x) + FM (x) .

(8)

The solid line in Figure 7 shows a wave function corresponding to the solution of the Schrödinger’s
equation for an electron in an infinitely deep spherical well. Other two lines shows the cases after the
application of mutations with two different amplitudes. Also Figure 8 shows the same wave function after
the application of mutations with two different widths. It is clear from both figures that very large amplitudes
and very small widths result in physically unacceptable wave functions.
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Figure 4. Randomly chosen two wave functions.

Furthermore, constant amplitude mutations are also employed by adding a constant small number to the
wave function at every space point. Another approach is to decrease the amplitude of the mutations as the
generations go by. Such variable mutation intensity is seen in Eq. (9) [35]


d
(9)
∆ = 1 − C (1−iter/maxit) ,
where C is a number between 0 and 1, iter is the number of current generation, maxit is maximum number
of generations for the mutation to be applied and d is a parameter to be adjusted. As seen in Figure 9, it
is clear that the amplitude of the mutation decreases and it reaches to zero when the number of generation
reaches to maxit.
All details of the genetic operations (copy, crossover and mutation) can be found in Refs. [11–13, 30–36].

3.

Applications of the QGA and the results

In this section, applications of quantum genetic algorithm to different problems are presented. The first
application is a hydrogenic impurity problem and the next application is an analysis of a modulation doped
heterojunction. The third and the last application is self-consistent determination of the energy level of an
N-electron quantum dot.

3.1.

Energy Levels of a Hydrogenic Impurity in a Quantum Dot

The Hamiltonian for a spherical quantum dot with an on center hydrogenic impurity for ` = 0 is
Ĥ = −

h̄2 1 ∂
2m r 2 ∂r


r2

∂
∂r


−

e2
+ V (r)
4πε0 r

(10)

where m is the electronic mass, e is the electronic charge, ε0 is the electrical permittivity and V (r) is the
confining potential defined by

V (r) =
258
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.
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Figure 5. Wave functions after the crossover operation by using the smooth step function. a) for c=0.1, b) for c=0.8

In this study we have considered an infinitely deep quantum dot, therefore, apart from the confining
potential the model is equivalent to a hydrogen atom. The problem is to find the energy eigenvalues, En ,
and the corresponding wave functions, φn , of the Hamiltonian i.e. solving the eigenvalue equation
(Ĥ − En )φn = 0,

(12)

under proper boundary conditions. Our purpose is to compare the QGA with the variational method thus
we have chosen such a simple problem where both of the methods can easily be applied. In all our subsequent
calculations we have used the atomic units where m = e = h̄=1. The trial wave function for this system is

φ(r) =

exp (−λr) ,
A sin(kr)
r
0,

r≤R
,
r>R

(13)

and it satisfies the required boundary conditions [37]. Where, A is the normalization constant, k = π/R and
λ is the variational parameter. The normalization constant A can be determined for any λ from the relation
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Figure 6. Local and global minima of any function.
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Figure 7. The effect of the mutation amplitude on the wave function.

Z

φ∗ (r) φ (r) d3 r = 1,

(14)

We have determined the ground state energy of the hydrogenic impurity with three different methods:
first, traditional variational method, second QGA with parameter optimization and QGA with wave function
optimization.

3.1.1.

Variational Method

The variational method is based on minimization of energy. Using the wave function defined in Eq. (13)
an energy expectation value can be determined for each value of the variational parameter λ. The wave
function with the λ value which minimizes the energy is accepted as the solution of the problem and the
corresponding energy is accepted as the ground state energy. It is clear that this method is limited to the
wave function space determined by the analytical form given in Eq. (13).
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Figure 8. The effect of the mutation width, δ, on the wave function.

3.1.2.

Quantum Genetic Algorithm method

The QGA method described above is also based on the minimization of energy. In this study we have used
two different forms of QGA. The first form is based on parameter optimization, and the second one on the
wave function optimization. Both forms have some common properties.
In the first step, one creates an initial population of possible solutions of the problem. For this purpose,
random values of the parameter λ are chosen for each individual in the population. Then each individual
in this initial population is normalized by Eq. (14) and the energy expectation value is calculated from the
relation
Ei =< φ∗i |Ĥ|φi >,

i = 1, 2, ..., Npop

(15)

In this study, we have chosen Npop =100. The fitness values are evaluated from Eq. (4) using these energy
expectation values. Then the copying operation is performed on the population.
3.1.3.

QGA with Parameter Optimization

In this approach, the individuals are represented by the variational parameter λ, and the binary code of
this parameter is used as the genetic code. Following the application of copying operation, the crossover
and mutation operations are performed on this parameter as described above for parameter optimization.
Crossover and mutation operations are separately performed with a predefined probability, therefore some
individuals are subjected to both operations, while some individuals are subjected to just one operation or
no operations all. We show a sample crossover operation in the following
λ1 : 10101111 = 0.68359375

λ01 : 10101010 = 0.66406250,

λ2 : 10010010 = 0.57031250

λ02 : 10010111 = 0.58984375,

here two new individuals, λ01 , λ02 , are derived from two existing individuals λ1 , λ2 . Also a mutation operation
is shown below
λ1 : 10101111 = 0.68359375

λ01 : 10111111 = 0.74609375.

After these genetic operations, a new population is obtained and this new population is again normalized.
Of course this approach also cannot change the analytical form of the trial wave function it can only
numerically determine the best λ value.
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ŞAHİN, ATAV, TOMAK

Figure 9. Variation of the mutation intensity with the generations.

3.1.4.

QGA Based on Wave Function Optimization

In this approach, the wave function itself is considered as the genetic code representing the individual,
instead of the parameter λ in Eq. (13). The main difference here is that the wave function is discretized on
a space mesh with equal intervals of h. There are n mesh points and the wave function of the individual
is represented by n values corresponding to these mesh points. Therefore, the wave functions of all the
individuals in the population are represented by an array φi,j (i = 1...Npop, j = 1...n). This population
is normalized according to Eq. (14) with numerical integration. Expectation values of total energy are
determined for each individual. These energy values are used to determine the fitness values and to apply
the copying process as described above in Section 2.
The crossover and mutation operations are applied randomly to these individuals with a predetermined
probability. In this study, we have chosen the probability of crossover as 0.95 and probability of mutation
0.05. The crossover and mutation operations are performed numerically at each mesh point employing
Eqs. (5),(6) and Eqs. (7), (8) respectively. The amplitude of the mutations is decreased according to Eq. (9).
The new generation is normalized after all these genetic operations.
In this study, we have not considered any specific material therefore we have used the numerical constants
representing hydrogen atom, i.e. effective Bohr radius a0 =0.529 Å, and effective Rydberg energy Ry =13.6
eV.

3.2.

Results and Discussion

The results obtained from the calculations are presented comparatively in Table 1 along with the exact
results. The first column in Table 1 corresponds to the radius of the well, i.e. the confining potential, other
columns are the energies obtained from (a) exact calculation [38, 39], (b) variational calculation [38], (c)
QGA based on parameter optimization and (d) QGA based on wave function optimization.
As can be seen from the table total energy of the electron in its ground state are positive for small
confining radii, this means that dominant influence on the motion of the electron is due to the walls and
therefore the electron has a very high kinetic energy. In this case electron does not feel the effect of the
impurity. However as the radius increase, the influence of the confining walls diminishes and the motion of
the electron is dominated by the impurity, the electron becomes bounded to the impurity when the radius is
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Table 1. Ground state energies of a hydrogenic impurity in spherical quantum dot of infinite depth with a radius
(R). (a) exact calculation [38, 39] (b) variational calculation [38], (c) QGA based on parameter optimization and (d)
QGA based on wave function optimization.

R (a0 )
0.5
1.0
1.2
1.6
1.8
2.0
2.4
2.8
3.0
3.2
3.6
3.8
4.0
5.0
6.0
7.0

Energya
29.4959
4.7480
2.5386
0.5426
0.0651
-0.2500
-0.6128
-0.7933
-0.8479
-0.8878
-0.9387
-0.9547
-0.9665
-0.9928
-0.9985
-0.9997

Energyb
29.5241
4.7768
2.5675
0.5715
0.0938
-0.2216
-0.5854
-0.7675
-0.8231
-0.8641
-0.9175
-0.9349
-0.9481
-0.9811
-0.9918
-0.9958

Energyc
29.5241
4.7767
2.5674
0.5714
0.0938
-0.2216
-0.5854
-0.7676
-0.8231
-0.8640
-0.9175
-0.9348
-0.9481
-0.9811
-0.9917
-0.9958

Energyd
29.4984
4.7517
2.5401
0.5445
0.0662
-0.2489
-0.6116
-0.7915
-0.8446
-0.8855
-0.9361
-0.9540
-0.9641
-0.9922
-0.9966
-0.9992

approximately equal to 2.0a0 . As the radius is increased further the energy of the ground state approaches
to that of free hydrogen i.e. –1.0 Rydberg, indicating that the electron does not feel the potential wall.
These qualitative results are the same for all of the methods.
The results of the variational method and the QGA based on parameter optimization are very close
to each other. In this case, especially when there is only one variational parameter, employing the QGA
has no advantage at all, and it just makes the solution more complex. However, the QGA based on wave
function optimization produce results very close to the exact ones, and the results significantly differ from the
variational method. This demonstrates the power of the QGA and its superiority over traditional variational
method. Also, one may conclude that the choice of the genetic code representing the individual is extremely
important in QGA applications.
Figures 10 and 11 show the wave functions obtained from variational method and the QGA with wave
function optimization for R = 1.0a0 and R = 7.0a0 respectively. There is a significant difference between
the two wave functions, especially near the center of the dot. The analytical form of the wave function in
the variational method is restricted, whereas there is no restriction on the form of the wave function in QGA
with the wave function optimization. The value of the wave function can be adjusted at each mesh point as
needed. This flexibility constitutes the basis for the superiority of the QGA method.
The convergence time of the QGA depends, generally, on the complexity of the problem under consideration. However, as seen from Figure 12, 15 to 20 generations are sufficient for the convergence of the solution
to the problem considered here, and these results were repeatable with different initial populations.

3.3.

Self-consistent electronic structure calculation of semiconductor heterojunction

In this application of GA, we have investigated the ground state energy level of electrons in modulation
doped GaAs/AlxGa1−xAs heterojunctions. For this purpose, Schrödinger and Poisson equations are solved
self consistently using quantum genetic algorithm (QGA). Thus, we have found the potential profile, the
ground state subband energy and their corresponding envelope functions. Other properties of this structure
were presented in Ref. [11, 30].
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Figure 10. Wave function obtained from both variational and genetic algorithm for Rdot = 1.0a0 .

The two-dimensional electron gas (2DEG) of a modulation-doped GaAs/Ga1−xAlx As heterostructure is
readily formed in electronic devices such as high electron mobility transistor (HEMT) and quantum well
infrared photodetector (QWIP) [3, 39–42]. Studies of the energy levels, electron mobility, optical and other
physical properties of 2DEG using analytical and numerical approaches have been reported in numerous
studies [43–50].
As well known, to determine the energy levels and charge transfer in a single heterojunction, coupled
Poisson and Schrödinger equations have to be solved with self-consistently,

−


h̄2 ∂ 1 ∂
+ Vb (z) − eVH (z) ψi (z) = Ei ψi (z),
2 ∂z m(z) ∂z
"
#
4πe X
d2 VH (z)
+
−
2
=
ni ψi (z) − ND + NA ,
dz 2
κ(z) i

(16)

(17)

where VH (z) is the Hartree potential, Vb (z) is the barrier potential, ni is the areal concentration of electrons
+
and NA− are the ionized donor and acceptor concentration respectively, κ(z) and
in the ith subband, ND
m(z) are the position-dependent static dielectric constant and effective mass respectively.
The Schrödinger equation is solved by GA method and the Hartree potential arising from electron-electron
interaction is calculated from Eq. (17) by finite difference iteration method [11].
At finite temperature T, the chemical potential of the electrons µ and the quantities ni , Ei , mi are
related by:
ni = mi




µ − Ei
kB T
,
ln
1
+
exp
kB T
πh̄2

(18)

where kB is the Boltzmann constant. At T = 0 K, this equation reduces to
ni =

mi
(µ − Ei ) Θ (µ − Ei ) ,
πh̄2

(19)

where Θ is the step function. The above set of equations needs to be completed by boundary conditions.
1 ∂ψi
The bound state envelope function ψi (z) should go to zero while z → ±∞ and m(z)
∂z should be continuous
everywhere. As for the Poisson equation, it is required that the heterojunction be in electrical equilibrium,
namely
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Figure 11. Same as Figure 10 but for Rdot = 7.0a0 .

X
i

Z∞
ni +


+
(z) dz = 0.
NA− (z) − ND

(20)

−∞

In addition, the heterojunction is in thermodynamical equilibrium. This condition requires the chemical
potential to be constant in the both regions. The full formulation of this problem is found in Ref. [11, 30,
51, 52].
In this study, we have used modified Fang-Howard [47, 51] trial wave function, which allows penetration
into the barrier region and obeys the boundary condition mentioned in section 2. This wave function is

z≤0
 A exp (αk z/2)
,
(21)
ψk (z) =

z≥0
B (z + z0) exp (−βk z/2)
with random values for αk > 0 and βk > 0. A and B are normalization constants and they determined
numerically by means of
Z∞

ψk∗ (z)ψk (z)dz = 1.

(22)

−∞

We have chosen population number (npop) as 100. A normalized random population of wave functions
(individuals) is created for random values of αk and βk (k = 1 . . . npop) using Eqs. (21), and (22) and assigned
to two dimensional vector arrays as an initial generation. Expectation value of energy is determined from
this generation by means of Eq. (15). Fitness values are created using these energy values by Eq. (4).
The crossover operation is performed numerically at each mesh point employing Eq. (5). St in Eq. (5)
is a smooth step function (i.e. Eq.(6)) or its value can be randomly selected from a uniform distribution
between (0,1). At each step of GA iteration, type of crossover process(namely the selection of the smooth
step function or a random real number) is randomly determined. In this problem, we have seen that this
crossover scheme is more efficient and the probability of both crossover types has been chosen as 0.50.
In mutation operation, random values were assigned to α and β parameters in Eq. (21). In this way,
a ψM (z) mutation function was constructed and function was added to another randomly chosen ψk (z)
function to create a new parent function as
ψk0 (z) = ψk (z) + CψM (z),

(23)
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Figure 12. Evolution of energy eigenvalue of donor impurity for Rdot = 1.0a0 .

where C is the amplitude of mutation function.
During all of the GA iteration, copy or reproduction, crossover and mutation operations were randomly
performed over the individuals. After the application of the genetic operations, obtained new populations
were normalized.
Our algorithm may be summarized briefly as follows:
• i) Firstly, initial population is created and normalized.
• ii) The expectation values of energy are determined for each individual in the barrier potential. Hartree
potential initially is taken as zero.
• iii) Fitness values are computed with these energy eigenvalues and the best fitness determined.
• iv) A new generation is created from old one with genetic operations (copy or reproduction, crossover
and mutation operations) and then normalized.
• v) Poisson’s equation is solved using the wave function which corresponds to the best fitness
• vi) Hartree potential calculated is added to the barrier potential and returned back to step ii.
This process is repeated until sufficient convergence is obtained.
3.3.1.

Results and Discussion

The parameters used in this study are listed in Ref. [11]. In Figure 13, the calculated self-consistent Hartree
potential VH , ground state subband energy and Fermi energy level are shown. In the inset, tunneling electron
concentrations Ns determined self-consistently is shown. In this calculation, the exchange and correlation
energies are not considered. Also the ground state subband wave function, which is determined by QGA, is
given in this figure.
In Figure 14, the evolution of energy eigenvalue with the number of iterations is plotted. As seen from
this figure, the variation of the energy eigenvalue with iteration shows initially an oscillatory behavior, then
it converges to a constant value after nearly 60 iterations. The reason for this oscillation is the fact that the
best fitness is not carried to the new generation because of the self-consistent procedure.
Figure 15 shows the evolution of the concentration of 2DEG versus the number of iterations. Here the
oscillatory behavior is similar to Figure 14. These oscillations are due to the electrical and thermodynamical
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Figure 13. The calculated self-consistent potential, the ground subband, Fermi energy and envelope function.




  




















     

Figure 14. The evolution of the energy eigenvalue with the generations.
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Figure 15. The evolution of 2DEG concentration with the generations.

nonequilibrium. After some 50 iterations, system reaches to the electrical equilibria and the oscillations
vanish.
All results are in agreement with the literature [51, 52]. As shown in the results, QGA method is quite
efficient for the self-consistent heterojunction problem. So, this method can be applied to the calculation of
the electronic structure of quantum nanostructures.

3.4.

Self-consistent electronic structure calculations of a quantum dot with
many electrons

In this application of GA, we have calculated energy levels of an N-electron quantum dot. Simultaneous
solutions of the coupled Schrödinger and Poisson equation have been realized by GA in the Hartree approximation and the results obtained were compared with the matrix diagonalization ones. We have determined
some physical properties of the system taken into consideration such as single particle energy levels, total
energy, etc. Also the applicability of QGA to many-electron quantum systems was checked and evaluated
its effectiveness [13, 30].
In this study, we have considered a spherically symmetric quantum dot (QD), where the dot consists of
GaAs and the surrounding bulk matter consists of AlGaAs. The difference between the band gaps of these
semiconductor materials forms a confining potential, V0 , for the electrons inside the dot.
Schrödinger’s equation for N interacting electrons confined in such a potential is
Ĥψ (r1 , r2, .., rN ) = Eψ (r1 , r2 , .., rN )

(24)

For the system under consideration, we can write the N-particle Hamiltonian in the effective mass approximation as
Ĥ =

N
X

−

i=1

h̄2 ~
∇
2




N
N
1 ~
1
1X X
+ V0 ,
∇
+
∗
m
2
ε |~ri − ~rj |
i=1

(25)

j=1
i 6= j

where ε is the relative dielectric coefficient. For a spherically symmetrical confining potential V0 (r), single
particle Schrödinger equation for our system in the Hartree approach

−
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h̄2 ~
∇
2



1
∗
m (r)




2
~ + ` (` + 1) h̄ + V0 (r) − eVH (r) Ri (r) = εi Ri (r)
∇
2m∗ (r) r 2

(26)
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where h̄ is reduced Planck’s constant, m∗ (r) is effective mass, ` is angular momentum quantum number,
V0 (r) is the confining potential, e is the electron charge. VH (r) is the Coulomb potential due to the electronelectron interaction and is determined from the Poisson equation


2 d
d2
+
dr 2 r dr


VH (r) =

4πe
n (r)
ε (r)

(27)

where ε(r) is the dielectric coefficient depending on the position and n(r) is the charge density. The charge
density inside the QD is,
n (r) = −

N
X

2

|ψi | .

(28)

i=1
∗
(θ, ϕ)Y`m (θ, ϕ). The spherical harmonics are
Noting that ψi = Ri (r)Y`m (θ,ϕ), we have |ψi |2 = |Ri |2 Y`m
normalized and have the property [53],

X̀

∗
Y`m
(θ, ϕ) Y`m (θ, ϕ) =

m=−`

2 (2` + 1)
.
4π

(29)

Details of the distribution of the charge to the atomic shells were explained in Ref. [30, 13].
In order to determine the single particle energy levels Eqs. (26), (27) and (28) should be solved selfconsistently. The electrons move in an electric field, however, this electric field depends on the charge density
and this in turn is determined by the wave function itself. Consequently, the solution of the Schrödinger
equation must be consistent with the potential field induced by its own charge distribution.
In this application of the method wave functions are considered as the individuals on which the genetic
operations are to be applied. Although the initial population is not very important having a good initial
population may speed up the convergence. Therefore, considering the penetration into the barrier region,
initial population is formed from the Gaussian like functions

Rk,`(r) = Ak r ` exp −αk r Mk ,

(30)

where, the index k points to the individual in the population (k = 1 . . . npop ), Ak is the normalization factor
of the individual, ` is the orbital angular momentum quantum number, αk is a random number between
(0, Rmax ) and Mk is an integer between 2 and 4.
The normalization factor Ak is determined numerically from the normalization condition
R
Zmax

|Rk,` (r)|2 r 2 dr = 1.

(31)

0

The initial population is generated from Eq. (30) for random values of αk and Mk . Population number
is chosen as npop =100. Each individual consists of two such wave functions, one for the s-shell with `=0 and
another one for the p-shell with `=1. This population is stored in a four dimensional array and normalized
according to Eq. (31). Thus, we have obtained a pool of probable solutions to the problem. Single particle
energies are determined from
D
E
(32)
εk,` = Rk,` (r) Ĥ Rk,` (r)
for each individual (or the wave function pair) in this pool.
Using the single particle energies of each individual, the total energy of the system is determined for each
individual, i.e.
Z
X
1
R∗k,` (r) VH (r) Rk,` (r) r 2 dr.
εk,` −
(33)
Ek =
2
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ŞAHİN, ATAV, TOMAK




GRW




























Figure 16. Effect of the smooth step crossover on the wave function.

The aim of QGA is to minimize this total energy. For this purpose, standard genetic processes explained
above are used. Fitness values were produced using the total energy in the Eq. (4). Using these fitness values
as probabilities a new generation is formed from randomly chosen individuals with the copy operation.
In the crossover operation, the expression defined in Eq. (5) was employed using random number chosen
uniformly from the interval (0,1) for St. In this problem, if the smooth step function is used for the St, a
falling down is to be on the wave function as seen in Figure 16.
In the mutation, an individual is chosen from the current generation, then this is changed as
R01,` = R1,` + ∆BRM (r)

(34)

where B is a random number in the interval (0,1), ∆ is the mutation intensity and it changes from generation
to generation as explained in section 2.3, Eq. (8). We have chosen d=0.4 in Eq. (8). RM (r) of Eq. (34) is
the mutation function, and the expression in Eq. (30) is used for RM (r).
All genetic operations (copy, crossover and mutation) are performed randomly and the new generation,
obtained by application of these genetic operations, is normalized.
Derivatives are evaluated on a mesh with a 5-point method, and Simpson’s method is utilized for integral evaluations. In order to determine the Hartree potential VH (r) electron density corresponding to the
individual with the best fitness is used in Eqs. (27) and (28).
The algorithm can be summarized as follows:
• i) Generate an initial population and normalize each individual in this population.
• ii) Evaluate the single particle energies considering the confining potential V0 . In the first iteration
step VH (r) is taken as zero.
• iii) Obtain total energy values for each individual and use these energy values to determine fitness
values of each individual.
• iv) Find the best individuals
• v) New generation is created from the current generation through the genetic operations.
• vi) Wave functions of the best individual are used to determine the charge density inside the dot and
Poisson’s equation is solved to find Hartree potential VH (r).
• vii) Hartree potential is combined with the confining potential and go back to step ii.
This loop is continued until sufficiently good convergence is obtained.
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3.4.1.

Results and Discussion

The material parameters used in this problem are listed in Refs. [13, 30]. Simultaneous solution of coupled
Poisson and Schrödinger equations were obtained with both matrix diagonalization (MD) and QGA. Figure 17 shows the total energy of the electron cloud inside the dot. Solid symbols correspond to the results
obtained from QGA and open symbols correspond to the results of MD. Absolute value of the energy difference between the two methods is of the same order of magnitude, however as the total energy is much larger
the relative magnitude of the difference gets smaller. As a result, in Figure 17 the symbols representing the
results of the two methods completely overlap and the difference is almost indistinguishable.
Figure 18 shows the electron density inside the dot for various numbers of contained electrons for Rdot =
1.0a∗0 . It can be seen that the electrons penetrate into the barrier, and as expected this penetration increases
as the number of electrons inside the dot increases. Again the solid and open symbols correspond to QGA
and MD, respectively. It appears that there exists a considerable difference in electron densities between

























 

Figure 17. The total energy of the electron gas inside the dot.
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Figure 18. The electron density of electron gas inside the dot for Rdot = 1.0a∗0 .
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the methods and this difference increases with the increasing number of electrons. However, this difference
does not show itself on the single particle and total energies. QGA is based on the energy minimization, and
this insensitivity of the energy to the changes in the electron density (or the shape of the wave functions) is
the basic reason of the discrepancy in the electron density. This could be a major drawback for the QGA.
Therefore it might be concluded that QGA is more appropriate when one is mainly interested in energy level
structure. Also, in cases where the total energy significantly depends on the electron distribution (or the
shape of the wave functions) QGA is expected to give better results for the electron distribution as well.
It is also interesting to compare the numerical efforts of the two methods. In QGA one only has to
evaluate the fitnesses (energy expectation values) for each individual and this is accomplished by integration
over the grid. If the grid has N mesh points, required numerical effort is proportional to N . MD is on the
other hand requires evaluation of the eigenvalues and eigenvectors of an N × N matrix, and the numerical
effort required for this operation is proportional to N 3 . QGA may be relatively slower when the number of
mesh points is smaller, however as the number of mesh points increases QGA becomes more favorable. The
linear increase in the numerical effort makes QGA applicable on even a moderate PC to the cases with much
larger number of mesh points. Especially, problems in more than one-dimension would require so many mesh
points, and even for a two dimensional problem MD would require a large mainframe.
In Figure 19, we display the CPU times used by two methods. The CPU times are obtained on a PC
with a PIII-667 MHz CPU and 128 MB of RAM. In most cases, sufficient convergence obtained after a few
hundred generations of QGA. Therefore, CPU times for 500 and 1000 generations are displayed in Figure 19.
On the other hand, MD method has converged after 15-20 iterations, so we have displayed the CPU times
for 20 iterations. It can be clearly seen in Figure 19 that the numerical effort of QGA linearly and that of
MD cubically depends on the number of mesh points.
It is important to address the effects of the number of generations and the number of individuals in the
population. We have taken a five-electron dot as a sample case. We have repeated the calculations with 25
different seeds for the random number generator for npop =50, 100 and 150. In Figure 20(a), variation of the
total energy (averaged over 25 different seeds) with number of generations is shown. As expected, npop =50
has a slower convergence, however npop =100 and npop =150 have similar convergence behavior. The diversity
and chances for the existence of a good individual increase as the number of individuals in the population
increases. However, this increase in the variety saturates at a sufficiently large npop , and by increasing npop
beyond this point we do not gain much.
One may conclude by comparing the cases for npop =100 and npop =150 in Figure 20(a) that the case
with larger npop converges faster. This is true in terms of the number of generations. However, what really
matters is the total computational effort needed to obtain a sufficient convergence. Here, the computational
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Figure 19. Comparison of CPU times required for different number of mesh points.
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Figure 20. a) Evolution of total energy for a five-electron quantum dot with number of generations for different
population sizes. (b) Evolution of total energy for a five-electron quantum dot with computational effort for different
population sizes.

effort is proportional to npop times the number of generations. We show the average value of the total energy
against the computational effort in Figure 20(b) where it can be seen that all cases with npop =50, 100 and
150 have similar convergence behavior. We see that their convergence rates for the cases for npop =100 and
npop =150 are almost the same and the differences between them can be accounted for in terms of the effects
of the initial population. Thus, in terms of total computational effort increasing the population size does
not contribute much to the acceleration of the convergence.
As a result, increasing the population size beyond some value contributes neither to the diversity in the
initial population nor to the acceleration of the convergence. One should therefore use a sufficiently large
population to enhance the diversity in the initial population however increasing the population beyond some
saturation value does not contribute much to the efficiency of the QGA. For the problem considered in this
study npop =100 would be an appropriate choice.
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4.

Conclusion

We have calculated the electronic structure of three different structures, hydrogenic donor impurity in
a spherical quantum dot, modulation doped heterojunction and a many-electron spherical quantum dot.
In the self-consistent calculation, second and third problems, we have formulated the problem under the
Hartree approximation. In the calculations, we use quantum variational method, genetic algorithm and
matrix diagonalization techniques and solve the Poisson and Schrödinger equations self-consistently. All of
the results indicate that the QGA is quite efficient for the analysis of realistic self-consistent or non-selfconsistent quantum mechanical problems.
In addition, extension of the QGA method to 2-dimensional systems is not very hard [20] and can easily
be implemented on even a small PC. Therefore, it seems that QGA may be a powerful alternative to other
methods currently used for the analysis of self-consistent quantum mechanical problems.
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[27] Ş. Erkoç, K. Leblebicioglu, and U. Halici, Mater. Manuf. Proces., 18,(2003), 329.
[28] R. Saha, P. Chaudhury, S. P. Bhattacharyya, Phys. Lett. A, 291, (2001), 397.
[29] C. T. Hsiao, G. Chahine, and N. Gumerov, J. Comp. Phys., 173, (2001), 433.
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