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Abstract
The laboratory implementation of molecular optimal control has to overcome
the problem caused by the changing environmental parameters, such as the
temperature of the laser rod, the resonator parameters, the mechanical parameters of the laboratory equipment and other dependent parameters such
as the time delay between pulses or the pulse amplitudes. In this paper a
solution is proposed: instead of trying to set the parameter(s) with very high
precision, their changes are monitored and the control is adjusted to the current values. The optimization in the laboratory can then be run at several
values of the parameter(s) with an extended genetic algorithm (GA) which
is tailored to such parametric optimization. The extended GA does not presuppose, but can take advantage, and in fact, explores whether the mapping
from the parameter(s) to optimal control eld is continuous. Then the op-
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timization for the di erent values of the parameter(s) is done cooperatively
which reduces the optimization time. A further advantage of the method is
its full adaptiveness, i.e., in the best circumstances no information on the
system or laboratory equipment is required, only the success of the control
needs to be measured. The method is demonstrated on a model problem: a
pump-and-dump type model experiment on CsI.

I. INTRODUCTION
Optimal control of molecular processes with shaped ultrashort laser pulses is the focus
of much recent research interest (see, e.g., [1{53]).The problem has been investigated extensively through computer simulations, but only few experimental demonstrations have been
done [54,55]. One of the reasons that laboratory realization of molecular optimal control
is being cautiously approached is the sensitivity of the control to the optimized eld. The
rst attempts to design the appropriate control elds through computer simulations used a
model of the molecule being controlled, and similarly, the experimental conditions were only
modeled. The error introduced by the necessarily incomplete modeling and the imperfect
realization of the optimal eld is dicult to judge and little e ort was made in this direction.
This problem can be circumvented by the use of adaptive feedback optimal control
(AFOC) [22]. AFOC designs the optimal control eld in the laboratory, using the actual
laboratory equipment and the molecule itself. The general setup of AFOC is the following:
propose a control eld, apply that eld (in the laboratory) to the molecule, measure the
success of control, and use that measure to improve the control eld. The use of the laboratory equipment in the optimization process gets rid of most of the problems caused by
systematic errors. Moreover, as the method does not use computer simulations it can be
much faster than the conventional method which had to solve the Schrodinger equation of
the molecule being controlled numerically many times.
The choice of the optimization procedure used in AFOC has proven to be a key question.
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The quality of the control is often a very irregular function of the control parameters with a
large number of optima [56]. Optimization algorithms looking for the closest local optimum
are thus not well suited to AFOC of molecular systems; global search methods should be
used.
Despite its obvious advantages AFOC is not an answer to all issues. In particular, the
problem posed by instabilities in the laboratory equipment needs special care. Instabilities
over di erent time scales pose di erent problems. Long time scale instabilities, i.e., aging
phenomena, can be compensated by the adaptivity alone. Very fast changes constitute
a kind of noise, and with the proper choice of optimization algorithm some noise can be
allowed [52]. There is an intermediate region, which is too slow to be treated as noise, but
too fast to be compensated by the adaptivity alone. In the present paper we propose an
adaptive method which can handle the problem of fast and medium speed drifts, too.
There are many physical parameters which are easier to measure than to set with sucient precision. A typical example might be the temperature of the laser rod, the resonator
parameters, the mechanical parameters of the laboratory equipment and other dependent
parameters such as the time delay between pulses or the pulse amplitudes. A way of handling the drifts of such parameters is to measure them and adjust the control to their current
values. This requires, however, that the optimal control eld be known as a function of the
environmental parameters. In practice, this function has to be approximated in some way.
The most straightforward is to divide the input space (the space of the environmental variables) into small regions, and use the same control setting within each region (but possibly
di erent in the di erent regions).
A parametric optimization method based on the above setup must be composed of two
sub-systems: one performing the discretization (setting up the regions within which the
function is taken to be constant) and one nding the optimal values of the control parameters
within the regions. There are a number of algorithms which can perform the discretization
or the optimization. To have an ecient and exible approach we need a discretization
algorithm that is adaptive, i.e., that can set up the regions without any a-priori knowledge
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and can modify them if, possibly due to aging, the distribution of the input points changes.
Also, the optimization in the di erent regions should be done in a cooperative manner.
In most cases the optimal control settings are a continuous function of the environmental
variables, i.e., in regions close to each other the optimal control settings are likely to be
similar. The optimization can be speeded up if the algorithm can detect and exploit such
continuity.
In conclusion, we need a parametric optimization procedure which can adaptively discretize the input space and nd the optimal control settings, which uses a noise tolerant
global search method, and which can explore whether the optimal control eld is a continuous function of the environmental parameters and if so, can make use of it. In the following
section we describe such a method. This is followed by the description of a model experiment
used to demonstrate the algorithm in Sec. III. The results and their discussion are given in
Sec. IV, the conclusions are drawn in Sec. V.

II. THE ALGORITHM
There are several optimization methods which have been used to drive AFOC. Recent
studies have used, e.g., genetic algorithm (GA, [22]) and simulated annealing (SA, [28]).
They are both global search methods but the GA was found to tolerate noise better [52].
The parametric optimization algorithm used in this study is the genetic algorithm with
migration (GAM, [57,58]). In the following we brie y describe the two constituent parts
of GAM: the GA and the so called Kohonen network [59,60] and the GAM itself. A more
detailed description of the algorithm can be found in the Appendix.
The GA [61{63] is a biologically inspired heuristic which maintains a \population": a
number of so called individuals, i.e., possible solutions of the control problem. The ow of
the algorithm is the following. The individuals are initialized either randomly or with bias
if prior knowledge is available. The quality of control coded by each individual is tested by
performing it, then the population is updated with the help of so called \genetic operators".
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The optimization then continues with testing the new \generation", until a suciently good
solution is found.
The other component of the GAM is the Kohonen network [59]. The Kohonen network
contains a number of units (called neurons), arranged on a d dimensional lattice, where d
is usually the number of environmental parameters. Each unit stores a reference point from
the input space, i.e., the space of the environmental parameter(s). At the beginning the
reference points are chosen randomly. During optimization sample points from the input
space are presented to the network. When an input is presented to the network it activates
the neuron whose reference point lies closest to the input; activation in our case means that
the optimization procedure associated with that neuron will be active. At the same time
the network adjusts itself: the reference point of each neuron moves closer to the presented
point. The amplitude of the move made by the neurons is a decreasing function of their
distance from the active neuron.
The GAM contains a Kohonen network performing the discretization of the input space.
Each neuron of the network is associated with a GA procedure; the population of each GA
procedure is called a \subpopulation" and the word population is reserved for all the individuals from all the subpopulations. The cooperativeness of GAM is expressed by genetic
operator migration occasionally exchanging a pair of individuals at neighboring subpopulations.
The migration shows advantageous properties in many respects. Most importantly, a
good solution found by a GA procedure can spread by migrating from one site to the other
as long as it is successful in the new site; this increases the speed of optimization signi cantly,
both directly and by allowing smaller subpopulations. Another bene t of migration is that
it reduces the uctuation of the optimal solution considerably.
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FIG. 1. Upper and ground state potentials of CsI along with a schematic representation of the
wave function evolution under the e ect of the optimized control elds for the minimal (a), and
intermediate (b) and the maximal (c) value of the time delay ( ). Curves 1{4 show the probability
density on the ground state before the pump pulse (1), the probability density on the upper surface
after the pumping (2) and at the peak of the dumping pulse (3), and probability density on the
ground surface after the dumping pulse (4). The arrows show the ow of time, and the packet (4)
is at the same total time in all the cases.

III. THE MODEL EXPERIMENT
In the following we apply the above approach to the optimal control of CsI. The control
task is a pump-and-dump type experiment: the population is rst transferred to the excited
dissociative state and after a delay it is dumped back to the electronic ground state. Fig. 1
show the concept of the fragmentation experiment. The molecule is modeled by taking into
account two electronic states (BO surfaces).

Although the focus of this paper is the use of parametric optimization it may be worth
noting that the above setup easily lends itself to laboratory implementation. The initial
excitation can be done with a doubled green (i.e., UV) pulse and the dumping can be
achieved by a chirped green pulse. The success of the control can be determined: either of
the fragments can be easily detected. Finally, the experiment can be run in a cold molecular
beam.
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The pump and dump pulses are optimized separately. The pump pulse was optimized
as in [45] leading to 95% inversion. The objective of this optimization was

I1 =

Z1

0

j

Z t1
2
E 2(t)dt:
u (x; t1)j dx ? s

t0

(1)

s

Es (t) was chosen as a sine squared electric eld of a given pulse duration, s:
Es (t) = E0p sin2(t=s) [a1 cos(!s t) + a2 sin(!s t)] :

(2)

The parameters optimized in the SA procedure were E0p , a1, a2 and !s . The pulse duration
was chosen to be 20 fs and s was 0.05. The result of the optimization was !s = 30507 cm?1
and E0p = 0:0252 Eh =(ea0) = 1:296  1010 V/m corresponding to a maximum intensity I =
"0c(E0p)2 = 45 TW=cm2.
The dumping was optimized by GAM, assuming either the time delay or the amplitude
drifting and thus using it as the environmental parameter.
The objective of the optimization was set to

I=

Z1

0

j

Z tf
2
E 2 (t)dt:
g (x; tf )j dx ? 

(3)

t1

The rst term describes the real objective, the second term limits the electric eld energy
used in the optimization procedure. In the equation g denotes the electronic ground state
wave function and E (t) is the dump electric eld. Parameters t1 and tf denote the end of
the pumping pulse and the target time, respectively. The balance of the two terms may be
tuned with the help of the penalty factor: higher  values correspond to a \stricter policy"
on the use of electric eld energy.
To facilitate the successful optimization the possible control pulses should be coded in a
way that is (i) experimentally realizable and (ii) compact, i.e., a small number of parameters
suces. Recent studies [28,64,65] suggest that the chirp expansion is such a coding scheme.
The chirp expression of an electric eld is
( r Z


"

1
X
E (t) = < A 2 exp i!t ? 4 (! ? !0)2 ? iz
k=0

7

(k )

k!
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#

)

d! :

(4)

The above expression re ects a possible experimental realization of the pulse: it can be
achieved by propagating a Gaussian pulse of the form
n

o

E0d (t) = < A exp(?t2= + i!0t) ;

(5)

through a medium with a frequency dependent propagation factor (e.g., an optical ber)
of length z. In both equations < denotes the real part of the complex number. The chirp
expansion, in principle, is a full expansion, i.e., if one can adjust the Taylor coecients (k) of
the propagation factor as desired then any pulse can be realized. Present day experimental
possibilities limit the expansion to the rst few terms, but some examples suggest that
even three terms give substantial exibility [28]. The zeroth and rst derivatives of the
propagation factor (i.e., (0) and (1)) give a phase factor and a group delay, the second
( (2)) causes a linear shift in the central frequency and the third ( (3)) gives rise to some
beating in the pulse. The optimization was run to nd the optimal values for the central
frequency (!0), the second and third order chirp (z (2) and z (3)), and the amplitude (A)
or the time delay (z (1)) of the pulse, as the zeroth derivative gives only a phase factor.
It should be noted that chirp control can be easily made adaptive through on-line control,
since the elements one controls are the positions and directions of prisms and gratings [66].
It should be understood that there is nothing special about the chirp expansion that
makes it especially suitable for GAM. There are other schemes, such as pulse shaping with
a many-element liquid crystal phase modulator [67], which are just as good as the chirp
expansion in laboratory AFOC. However, they involve the optimization of many more parameters and present day computational power is insucient for the simulations: even the
studies reported here took several days on an IBM-RS550 machine.

IV. RESULTS AND DISCUSSION
The time dependent Schrodinger equation was solved numerically by a split operator (SPO) method [68,69] that uses the grid method and fast Fourier transformation
8

TABLE I. Parameters of potentials and grid used in the simulation of CsI dynamics [70].
Ground potential

Excited potential

Vg = ae? r ? rE?hr
a = 131:569 Eh
= 1:370 42 a?0 1
r1 = 0:893 631 a0

Vu = e?d(r?re ) Eh ? (r?Cr ) + V1
d = 2:571 02 a?0 1
re = 4:20 a0
C6 = 10:0 Eha60
r2 = 1:889 72 a0
V1 = ?0:029 399 21 Eh

1

Other parameters
6
6
2

Dipole moment:  = 0:3 ea0
Mass of Cs atom: mCs = 132:909 amu
Mass of I atom: mI = 126:904 amu
Number of grid points: N = 256 { 1024
Spacing of grid points: r = 0:016 5 a0

for computing the Laplacian operator. All calculations were carried out using atomic
units and are mostly reported in terms of Eh = 219 474:64 cm?1 , h =Eh = 0:024 188 8 fs,
a0 = 5:291 77  10?11 m and Eh =(ea0) = 5:142 21  1011 V/m.
Parameters for the CsI BO surfaces and the numerical algorithm are given in table I. The
initial ground vibrational state for the CsI dynamics was found by the method of Koslo and
Tal-Ezer [71] through integration of the time dependent Schrodinger equation in imaginary
time.
The GAM was used to perform the optimization of the CsI molecule with either the time
delay (z (1)) or the amplitude (A) taken as drifting. In the following we give the outcome of
the optimization and a discussion of the results. The values of the parameters characterizing
the GAM are shown in Table II, and the penalty factor for the electric eld () was 0:01.
First the time delay was taken as drifting. The GAM was used to optimize the amplitude,
the central frequency, and the second and third order chirp, and the result is plotted in
Fig. 2. The optimization was conducted with and without the migration present. It is well
pronounced in the gures that the migration leads to enhanced performance. With migration
the algorithm dumped practically the total population; less than 4% of the population
remained on the excited surface. In the same number of trials without migration, even the
best control solution failed to dump 15% of the population. It should be noted that the
9

TABLE II. Parameters concerning GAM and discretization. The exact meaning of the parameters are given in the Appendix. If two values are given separated by a slash then the rst is for
the time delay, the second for the amplitude discretized optimization.
Initial width of Gaussian (i )

1.0

Final width of Gaussian (f )

0.001

Initial learning rate ("i )

0.1

Final learning rate ("f )

0.1

Number of discretization steps (Sd )

40 000

Number of best individuals o spring ( )

2.5

Probability of cross over (px)

0.7

Probability of mutation (pmut )

0.01/0.001

Probability of migration (pmig )

0.01

Number of subpopulations (Ns )

20

Number of individuals per subpopulation

5

p

FWHM of pulse in equation (5) ( 4 ln 2  ) [fs]

20

Range in which the time delay (z (1)) varied [fs]
Range in which the amplitude (A) varied [Eh =(ea0)]
Range in which the second order chirp (z (2)) varied [(h=Eh )2]
Range in which the third order chirp (z (3)) varied [(h=Eh )3]
Range in which the central frequency (!0 ) varied [Eh =h]
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FIG. 2. The performance of the optimization with the time delay taken as drifting, without
(a) and with (b) migration. The gures show the best, average and worst performance obtained
in each generation averaged along the subpopulations. The parameters being optimized were the
amplitude, the second and third order chirp and the central frequency. The e ect of migration is
well pronounced in the gures.

population remaining on the excited surface can be further decreased by allowing larger
amplitudes.
A typical optimal pulse is shown in Fig. 3 along with its Husimi transform. The Husimi
transform of the electric eld is de ned as

G(!; t) /

Z1
e?i!(t ?t)e? (t ?t)2 E (t0)dt0;
0

?1

0

(6)

where characterizes the neness of the transformation, here it is chosen as 2  10?6 au.
Both plots reveal the signi cant presence of chirp. The central frequency of the pulse is
increasing in time (blue chirp), despite the fact that the di erence between the potential
surfaces is decreasing with increasing nuclear separation distance. This is characteristic of
the strong eld optimization of population inversion: the strong pulse keeps the upper and
lower state wave functions in a narrow region for ecient population transfer. For weak
elds the chirp is red [45]. This e ect, known as laser induced avoided crossing, has been
extensively studied [72].
A note should be made on the parameters of the GAM. The number of individuals in
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FIG. 3. A typical optimal pulse (a) and its Husimi transform (b).
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each subpopulation was fairly low (5). This was possible because the problem domain was
relatively easy for the GA. To compensate for this low number of individuals a high level
of mutation (pmut = 0:01) was used. In general larger subpopulations must be used, which
in turn allows a smaller level of mutation to be applied. In practice all these parameters
should be tuned to give the best performance.
The optimal solutions found by the GAM are listed in Table III. The e ect of migration is well pronounced: solutions, or parts of the solutions are shared by subpopulations
corresponding to similar values of the time delay. In some cases very di erent solutions are
found by close subpopulations. This re ects that the problem is easy for the GA as multiple
solutions with similar tness exist.
The optimization was repeated with the amplitude drifting, optimizing the time delay,
the central frequency, and the second and third order chirp. The results concerning the
role of mutation are similar (see Fig. 4). The overall performance is lower, however. This
can be understood by noticing that the inversion favors high amplitude. Some inversion
can be achieved with lower amplitude as well, but not as high as with high amplitude (see
Fig. 5). The performance plotted in Fig. 4 is the average for all amplitudes which explains
its relatively low level.

V. CONCLUSION
The laboratory implementation of optimal control of molecular processes had, and probably still has, to overcome a number of problems posed by the systematic and random errors
present in the laboratory. The idea of AFOC answered many of them, most notably the
problem of systematic errors and aging. In [52] it was shown that the problem caused by
fast random errors can be overcome by using GA. This is explained by the \integrative"
nature of the GA: instead of making sharp decisions it gives preferences to certain regions
of the search space. The long decision process means that the error is practically averaged
out.
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TABLE III. The optimal solutions for the time delay discretized optimization.

z (1) [fs] A [Eh=(ea0 )]

1 (2) [103 (h=Eh )2]
2z

1 z (3) [106 (h=Eh )3]
6

!0 [Eh=h]

objective

333

0.0304

241

4.1

0.0733

0.82

334

0.0291

241

5.7

0.0733

0.82

342

0.0316

469

?15.1

0.0732

0.90

346

0.0320

469

11.6

0.0735

0.90

347

0.0320

469

10.0

0.0735

0.91

353

0.0316

398

7.3

0.0723

0.90

358

0.0310

398

7.3

0.0731

0.91

362

0.0313

402

26.1

0.0730

0.91

363

0.0313

402

26.1

0.0730

0.91

367

0.0310

402

28.0

0.0712

0.91

374

0.0297

488

0.0699

0.89

375

0.0305

488

0.0699

0.90

381

0.0321

437

0.0686

0.91

386

0.0320

441

?8.8
?8.8
?8.8
?2.9

0.0691

0.92

386

0.0305

382

3.7

0.0707

0.91

393

0.0305

445

28.8

0.0699

0.91

395

0.0305

347

15.1

0.0693

0.91

398

0.0305

367

5.7

0.0698

0.91

406

0.0265

292

8.8

0.0668

0.88

409

0.0297

292

8.8

0.0668

0.90
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FIG. 4. The performance of the optimization with the amplitude taken as drifting, without
(a) and with (b) migration. The gures show the best, average and worst performance obtained
in each generation averaged along the subpopulations. The parameters being optimized were the
time delay, the second and third order chirp and the central frequency.
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FIG. 5. The objective of the best solution as a function of the amplitude. It is well pronounced
that inversion favors the higher amplitudes. The gure shows how the discretization points are
placed: the Kohonen algorithm has indeed found a reasonably good distribution of the reference
points.
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In this paper we went a step further by examining how longer time scale random errors
can be overcome. The paper introduced parametric optimization as a possible solution.
Instead of trying to set the environmental parameters with high precision we suggested to
measure them and use a matching optimal control. To nd the optimal control settings for
the di erent values of the environmental parameters parametric optimization is needed.
The GAM is a parametric optimization method. We have shown that it can be successfully used for molecular control applications. The demonstration used a pump-and-dump
type model experiment on CsI. The results show the feasibility of such parametric optimization and demonstrate well the speed of GAM.
This paper suggests that the noise and medium speed drifting parameters inevitably
present in the laboratory can be overcome by the GAM procedure. At the same time both
components of GAM, the Kohonen network and the GA subsystems retain adaptivity and
thus overcome long time scale changes, i.e., the aging of the laboratory components.
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APPENDIX
In Sec. II we gave a brief description of the GAM. In the following we describe the
algorithm in more detail.
As already described in Sec. II, the GA maintains a \population": a number of so called
individuals, i.e., possible solutions of the control problem. The individuals are tested by
evaluating the control coded by them, and using this knowledge the population is updated
with the help of the so called genetic operators.
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In most cases the GA works on bit strings as they facilitate a straightforward expression
of the genetic operators. The bit strings have to be mapped onto the problem domain one
is using. In function optimization, or in optimal control, where the goal is to nd the best
values of some parameters, it is usually done by cutting the string into as many parts as the
number of variables, and then interpreting each part as a xed point number. For example,
if we have two variables, both in the range [0; 1], then the bit string \0010101101001010"
would be interpreted as (0.168, 0.290).
When forming a new generation a mating pool is lled with individuals from the previous
generation which are manipulated by the genetic operators; the individuals thus formed
constitute the members of the new generation. Operator selection is used rst to ll the
pool. It serves to give individuals, and through them regions of the search space, of better
quality more weight in the search. It is implemented by choosing individuals into the pool in
proportion to their tness. Then cross over is applied to combine partial solutions contained
in di erent individuals to produce tter individuals than either of the \parents". It can be
implemented by cutting the pair of individuals at the same position and then interchanging
the half strings (this is called single-point cross over). Generally cross over is not applied
to all individuals: pairs of individuals undergo cross over with probability px. Mutation is
used to maintain a level of diversity in the population by ipping each bit with probability
pmut .
Let us give an example how the genetic operators work. Suppose we want to cross over
strings \0010101101001010" and \0101001001010010". First a cutting site is chosen: let us
suppose that it is the fourth position. The result of the cross over is then a new pair of
strings, namely \0010001001010010" and \0101101101001010". Mutating these strings we
get, supposing that positions 2 and 11 in the rst string and position 5 in the second string
were chosen for ipping, is \0110001001110010" and \0101001101001010".
The tness that the selection operator uses can either be the measured success of the
control or some function thereof. In practice it is usual to use a linear function of the
measured value. The parameters of the function are chosen so that the expected number of
17

o spring of the best individual is at most a given number ( ), usually two or three. This so
called linear scaling is applied in the present model.
The Kohonen network contains a number of units r (called neurons in this context),
r = 1; 2; : : :; Ns . Each unit stores a reference point xr from the input space, i.e., the space
of the environmental parameter(s). There is a metric  de ned among the neurons, which
is usually a d-dimensional Euclidean metric. The algorithm is most ecient if d is set to
the number of uncorrelated environmental parameters, but it is also possible to set it to the
total number of environmental parameters. The neurons are located on the lattice points
of a d-dimensional lattice of unit lattice constant. The metric  is used to de ne a nearest
neighbor relationship: two neurons are nearest neighbors if their distance is unity.
The network works as follows. At the beginning the reference points are chosen randomly.
During optimization sample points from the input space are presented to the network. When
an input x is presented to the network it activates the neuron whose reference point lies
closest to the input; activation in our case means that the optimization procedure associated
with that neuron will be active. At the same time the network adjusts itself: the reference
point of each neuron moves closer to the presented point. The amplitude of the move made
by neuron r is a decreasing function of its distance from the active neuron a:
xr ! xr + G[(r; a)](x ? xa );

(7)

where  is the overall learning rate and G carries the distance dependence. In our case G is
a Gaussian function:
"

#

2
x
G(x) = exp ? 22 ;

(8)

where  characterizes the cooperativeness of the network, i.e., it determines the range of the
neighbor training. Both  and  can depend on step number S (the number of input vectors
presented):
8 h iS=S
d
>
< i f

i
(S ) = >
:
f
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if S  Sd
otherwise,

(9)

where  denotes either  or , and Sd is the number of steps needed to train the network.
Note that the network remains adaptive forever: the speed of adaptivity is decreased only
to f .
The above learning rule assures that the discretization is optimal and topology conserving. Optimality means that the distribution of the reference points follows the distribution
of the samples presented to the network. Topology conserving means that neurons close to
each other with metric  will have reference points that are also close to each other. This
is important to make the optimization cooperative. Without conserving the topology it
would be dicult to know which optimization procedures correspond to similar values of
the environmental parameters.
We can now proceed with the description of the GAM. As explained in Sec. II it contains
a Kohonen network performing the discretization of the input space and each neuron of
the network is associated with a GA procedure. The migration operator, which expresses
the cooperativeness in GAM, is used when all of the GA procedures have lled their mating
pools. It is applied to each neighboring pair of subpopulations, exchanging each individual in
one pool with its corresponding pair in the other one with probability pmig . After processing
each pair of subpopulations the reproduction cycle continues in the usual way.
In application to molecular control this form of migration can be used if the changes of
the environmental parameters are of moderate time scale. If their value can change from one
experiment to the other then there is no guarantee that the individual tested is taken from
the correct subpopulation. This last problem can be solved by measuring the values of the
environmental parameters during the experiment and if they correspond to a di erent GA
procedure then discarding the result of the testing. However, the same measurement can be
used as the driving source of a new form of migration. This migration will be activated when
the measurement before and during the experiment correspond to a di erent subpopulation.
The individual is then exchanged with an individual from the subpopulation corresponding
to the measurement during the experiment. This ensures that the result of the experiment
is not wasted and that the individual will get an appropriate tness value.
19

There is a correspondence between the two forms of migration. The latter form, supposing only one environmental parameter with a Gaussian noise of 2 variance, corresponds to
the former with

pmig = 1 ? Erf



p
2





q

2  exp ? 22  ;

2

(10)

where 2 is the size of the discretization regions, and the approximation assumes that =
(i.e., pmig ) is small. If the migration level caused by the noise is insucient then the two
forms of migration can be combined; if it is too high, then some of the experiments have to
be discarded.
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