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The problem of identification of inertia-free objects is being investigated. The overall pattern of the process investi-
gated is being described. As a research object, a stochastic inertia-free process of modeling has been chosen. A feature
of the process under consideration is the fact that unmanaged but controlled variables influence the process under
investigation. In addition, the process under investigation is affected by unmanaged and uncontrolled variables.

The levels of priori information has been briefly considered and characterized. For each level of priori information
the identification method has been described. Particular attention is paid to the levels of priori information under which
the identification task in a “broad” sense needs to be addressed.

As a method of identification, genetic programming is considered. Method of genetic programming has been chosen
as a research object since this method is more commonly used in the identification problem. Despite the frequency with
which this method is used, it is interesting to look at the results of this method under different conditions. As changing
conditions, the object’s complexity and the change in the volume of the training sample were used.

For the identification process, objects with different structures were selected. The dependence of the time of finding
the structure of the object on the size of the training sample was investigated. As shown by studies, there is no clear
correlation between the time of finding the structure of the object and the size of the training sample.

In addition, relationship between the time of the structure and the “complexity” of the object was investigated. As a
criterion of “complexity” of the object, the number of input variables was taken. The study showed correlation between
some values; with the increase in the number of input variables, the time of finding the structure of the process also
increased.
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HNCIIOJIb30BAHUE METOJ0OB 'EHETHYECKOI'O IPOTPAMMMUWPOBAHUS
JJIA 3AJAY TIEHTUOUKALIMA BE3BIHEPIIMOHHBIX CUCTEM
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Hccnedyemes npobrema udenmughuxayuu 6e3viHepyuonublx 00vexmos. Onucana odwas cxema ucciedyemozo npo-
yecca. B xauecmese ob6vexma ucciedosanus 6bll 63AM NPOYecc MOOEIUPOBAHUS CIMOXACMUYECKUM OE3bIHEPYUOHHBIM
npoyeccom. OcoOeHHOCbIO PACCMAMPUBAEMO20 NPOYECCad ABAEMC MOM (AKMm, 4Mo HA UCCeOYeMblll HPoYecc UmMerm
GIUSIHUE HEeYNpasisieMble, HO KOHMpOupyemvie nepemennvie. Taroice Ha ucciedyemulii Npoyecc 61Usom Heynpaeisie-
Mble U HEKOHMPOIUPYemble NePeMeHHbLe.

Kpamxo 6viiu paccmompenst u 0xapakxmepuzoeansl YposHU anpuopHol ungopmayuu. /s Kajxcoo2o yposHs anpuop-
HOU uHgopmayuu onucan cnocob uoenmugpuxayuu. Ocoboe GHUMAaHUe YOEIeHO YPOGHIM ANpUOPHOU uHGopmayuy, npu
KOMOPbIX HE0OX00UMO pewams 3a0ayy UOeHMUGUKayuu 6 WUpoKom cMuicie.

B xauecmee memooa uoenmughukayuu paccmMompeno 2eHemuieckoe npocpammuposanue. Memoo eenemuueckozo
npoSpamMmuposanus Obl 8bIOPaH 8 Kayecmee 00beKma UCCIe008aAHUs NO NPULUHE MO20, YMO OAHHbIL MemOo0 8ce yauje
ucnonvzyemcs 8 3adave udenmugurayuu. Hecmomps ma uwacmomy ucnonv3osanusi 0aHHO20 Memood, UHMEPECHO
noCMoOmpenms Ha pe3yibmamyvl pabomsl OAHHO20 Memood 6 PazIudHbIX YCl0susx. B kxauecmee mensowuxcs ycioguil
ObLI0 YCN0JICHeHUe 00beKkma u usmeHeHue oovema obyuaroueli blOOPKu.

/s npoyecca uoenmugurxayuu noodupanucy 0d6vekmvl ¢ paziuyHou cmpykmypou. Hccredosanace 3agucumocms
BPEMEHU HAXOJICOeHUSI CIMPYKMYpbl 00beKma om pazmepa obyuaroueti ebioopku. Kak noxasanu uccredoeanus, s6HoU
3A8UCUMOCTIU MeXHCOY BPeMEHeM HAXONCOeHUs CMPYKMypbl 00beKma u pasmepom obdyuarouell 8blO0pKU He HAbMo-
Oaemcs.
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Iomumo smoeo, Ovbiia UCCIEO08AHA 3ABUCUMOCHIL MENHCOY BPEMEHEM HAXOUCOEHUS CMPYKMYPbl OM CAOHCHOCIU
obvexkma. B kauecmse kpumepusi ciodjcHocmu 06vekma Oviio 835Mo KOIUYECmE0 6X00HbIX nepemenHuix. Mccnedoganue
NOKA3AN0, YMO MeHCOY OAHHbIMU BeTUHUHAMU eCb C853b: NPU VEeIUdeHUU KOAUYeCmB8d 8XOOHbIX NEePEMEHHbIX Y8el-
YUBANOCH U BPEMS HAXOICOCHUSL CMPYKMYPbL UCCAEDYeMO20 NPoyeccd.

Kniouegvie cnosa: besvinepyuonnvlil 06veKm, 2eHemuyeckoe npoepamMmuposanue, uOeHmupurayus.

Introduction. The identification of many stochastic
objects is often limited to the identification of static systems.
The most common pattern of the discrete-continuous
process is shown in fig. 1 [1-4].

A is unknown object’s operator, m is the vector of
the object’s output variables; LTI) is the vector of the
object’s input variables; m is the vector of the object’s

controlled but unmeasurable input variables; m is the

vector of the object’s and controlled but unmeasurable
input variables; &(f) is the random action,

o' (t):i=1,2, ..., k are the variables in the process; (7) is

the continuous time; H", H", H*, H*, H?, H®
measuring devices; ,, u,, X,, ®, are measures of p(z),
u(®), x@), o@); @), h"@, @), h°@F) are the
random effects.

Levels of a priori information. Let’s consider the
different levels of priori information [5-7]:

1. Systems with parametric uncertainty. Parametric
level of priori information assumes that there is a para-
metric structure with unknown parameters. Iterative prob-
abilistic procedures are used for parameter estimation.
The problem of identification in the narrow sense is
solved in this case;

2. Systems with nonparametric uncertainty. A nonpara-
metric level of priori information does not have the para-
metric structure, but it has some qualitative information
about the process. For example it has uniqueness, or am-
biguity of its characteristics, linearity for dynamic proc-
esses or the nature of its nonlinearity. Nonparametric
statistics methods are used to solve problems of identifi-
cation at this level (it is identification in a “broad” sense);

3. Systems with parametric and nonparametric uncer-
tainty. System that does not correspond to any types
described above is very important from the practical point
of view. For example, for individual characteristics of
a multiply connected process, on the basis of physico-
chemical laws, energy laws, the law of mass conservation,
balance relationships, parametric patterns can be derived.
However, for others it is not possible.

Thus, we are in a situation where the task of identifi-
cation is formulated in terms of both parametric and non-
parametric priori information. Then the models are an
interconnected system of parametric and non-parametric
ratios.

Genetic programming. Genetic programming algo-
rithm is based on the same optimization algorithm [8—13].

This algorithm is applied when parametric structure
of process is not known, but there is a sample where

(#;,x;),i=1..n, i is the vector of the object’s input

1
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variables, x; is the object’s output variables, » is number

of sample units.

Genetic programming reconstructs parametric struc-
ture, describing the process based on the available sample.

Since genetic programming is based on the optimiza-
tion method (genetic algorithm), the process of finding
the most optimal structure is iterative. The criterions of
optimality are mean error, mean-square error, mean rela-
tive error and other characteristics that reflect structure
accurateness.

The process of genetic programming is divided into
the following stages [14; 15]:

1) the first genetic trees are created randomly;

2) receiving descendants from trees, obtaining descen-
dants, can be performed using the following actions:

— Replication;

— Reproduction;

— Mutation;

3) the trees that least satisfy the conditions of the
optimum are destroyed;

4) verification of compliance with the conditions.

It is noticeable that the genetic programming process
is very similar to genetic algorithms.

Let’s describe central concepts of the genetic pro-
gramming:

The concept of “genetic tree” is used as a description
of the structure of an object in genetic programming.
A genetic tree is a connected graph, where nodes represent
actions, and finite elements (leaves) are variables (fig. 2).

We suggest the genetic tree of the following expres-
sion, as an example:

Sox, x2) = x1%(x2 = 7) * (2/sin(xy)).

The restoration of the structure from the represented
tree begins with the leaves.

It is also important to describe the terms replication,
reproduction and mutation.

Replication is the action towards the tree that results
in an exact copy of the parent tree (fig. 3).

Reproduction is receiving descendants by replacing
the branches of parent trees with each other (fig. 4).

Mutation is receiving a descendant by changing the
parent tree branch to randomly created one (fig. 5).

The last step in genetic programming is verification of
result.

If the verification confirms to the conditions, then the
researcher uses the resulting tree for object modeling.

If the conditions have not been achieved, the genetic
programming process is repeated, beginning with step 2.

Computational experiment. Object modeling proc-
ess is demonstrated in different conditions. In the process
of computational experiments, the relationship between
the dimension of the process under investigation and the
speed of finding the parametric structure using genetic
programming will be demonstrated.
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For genetic programming, the following settings have
been introduced:

— the number of trees = 10;

— prediction: average forecast error < 0.1;

— the maximum recovery time = 240 second.

The maximum time given for recovery is necessary to
accelerate the experiment.

The structure will be restored for the following func-

tions: f{lx) =x, +x, + 5, X 6(0_,3), X, e(O_,3) We will

check the dependence of the time of finding the structure
from the value of the training sample for this example.
The dependence of the time of finding the structure
from the value of the training sample example is not
observed (fig. 6). This can be explained by the fact that

this algorithm more depends on “successfulness” of the
original tree choice.

It is worth mentioning that during experiments the
genetic algorithm was completely restored, resulting in:
flx) = (x + 5) + x;, where the restored structure does not
copy the original, for example: f{x) = x; + x; + cos(x;) +

+ x, + 3 + sin(x;), however, when x, € (@) , X, € (0_,3),

structure is close to the original.

The structure will be restored for the following func-
tions: f{x) = sin(x;)*x; + 6*cos(xy), x, € (0_,3) , X, € (@) .
We will check the dependence of the time of finding the

structure on the value of the training sample for this
example.
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Fig. 1. Common pattern of the discrete-continuous process

Puc. 1. OGmas cxema uccieayeMoro npouecca

Fig. 2. Genetic tree example

Puc. 2. Ilpumep reHeTUYECKOTO JepeBa
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Generation ¢

Fig. 3. Replication’s example

Puc. 3. Ilpumep peruukanuu

Generation ¢ + 1
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Generation ¢
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Generation ¢ + 1

X1

Fig. 4. Reproduction’s example

Puc. 4. Ilpumep pa3MHOXKEHUS
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Generation ¢

Generation ¢ + 1

Fig. 5. Mutation’s example

Puc. 5. Ilpumep mytanuu

The dependence of the time of finding the structure on
the value of the training sample example is not observed
either (fig. 7).

The genetic algorithm restore the function: flix) =
= cos(x) + cos(xy) + cos(xy) + cos(xy) + cos(xy) +
+ cos(xy) + (xi*sin(x;)), but the restored structure does
not copy the original, for example: f{x) = ((3*x;)/4) +

+ cos(x;)*6, but, when x, € (0_,3) , Xy € (0_,3), this struc-

ture is close to the original.

When comparing fig. 6 and fig. 7, we can see that the
average time to restore the structure is greater in example 2.
It’s the reason to suppose that the time of modeling
depends on the “complexity” of the modeling object.
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Then more units (nodes and leaves) the genetic tree
requires to restore the parametric form of the original
function, the more “complicated” this function is. The
value of input parameters also has dependence on the
“complexity”.

In the next experiment, we restore the function with 5

input variables: fix) =x; +x; +x3 + x4 T x5, X, € (0,3) ,

X, € (0_,3) Let’s check the dependence of the modeling

time on the value of the training sample.

As can be seen from fig. 8, there is no dependence of
the time of finding the structure on the size of the training
sample.
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The genetic algorithm restores the function: flx) =
= (x5 + x3) + (x; + (x4 T xp)), but the restored structure
does not copy the original, for example: (x; + (5 +
+(((xs/4) * x3) + ((11/(5 — x2)) * (x4 = sin(x; + x5)))))), but,

when xle(@), xze(O_,3), this structure is close

to the original.

Genetic programming's working time

Genetic programming's working time

The modeling time depends on the ‘“complexity”
of the modeling function shown in the fig. 9. You can see
that in some cases the modeling process is fast. This
happens in those cases when the algorithm choses the
close to the desired function original tree.

As we can see in fig. 9, there is strong correlation
between the modeling’s time and the value of input
variables.
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Fig. 6. Dependence of the time of finding the structure from the value of the training sample, example 1

Puc. 6. 3aBUCHMOCTS BPEMEHU HAXOXKICHHS CTPYKTYPBI OT BEJIMYNHBI 00y4aromell BEIOOpKH, mpumep 1
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Fig. 7. Dependence of the time of finding the structure on the value of the training sample, example 2

Puc. 7. 3aBHCUMOCTb BPEMEHHU HAXOXKJICHHUS CTPYKTYPhI OT BEJIMYUHBI 00y4aroliel BBIOOPKH, pumMep 2
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Fig. 8. Dependence of the time of finding the structure on the value of the training sample, example 3

Puc. 8. 3aBuCHMOCTE BpeMEHU HaXOXKICHHS CTPYKTYPHI OT BEJIMYUHBI 00y4Jaromel BIOOpKH, mpumep 3
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Fig. 9. Dependence of the time of finding the structure on the number of input variables, example 4
Puc. 9. 3aBucHMOCTh BpEMEHHU HAXOXKACHHS CTPYKTYPBI OT KOJIMUECTBA BXOJHBIX IEPEMEHHBIX, IpuMep 4

Conclusion. The method of genetic programming for  Science of the Russian Federation during the implementa-
finding the parametric structure of the inertial-free object  tion of the comprehensive project for the creation of high-
has been presented. It has been shown that the time of tech production, contract No. 03.G25.31.0279.
finding the parametric structure depends on train sample
value. Also, the time of finding the parametric structure
is dependent on the number of input variables.
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