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i e +1: Introduction -: | P )
The methods of computer srmulatron have been proved as very powerful tools

focy g

for the exploratron of drfferent complex processes 1. They gain a consrderable at-
tentlon m recent years, when bemg used for adequate forecastmg of the behavxour of
explored systems under drfferent external or internal conditions. Classrcal approxrma-
.tion methods are generally used for the analysrs of well-known analytrcal expres-

srons whrch are far too srmple to descrlbe the real physxcal processes For the correct

mterpreta 1on of the experrmen \alp data computer srmulanon must ‘be mcluded inthe

process of data analysrs One of the forms of such applrcatlon is'a sSimulation-based

ﬁttmg (SBF ) [1]. The idea of SBF rs the approxrmatron of experlmental ‘data’by syn-

‘thetxc data obfdined via. srmulatxon modelmg In comparxson to standard: analytrcal

. data ﬁttmg techmques, SBF has the advantage that it fits. natural physrcal parameters

of the system itself and "’ glves a direct 1nsxght in how they affect the experlmental
“characteristics of the system. ‘

l Pan oen g ntl
l; o However, 1n some cases it is not necessary to operate. with a srmulatron model

(or a "whlte box model), whlch glves precise results but 1s far more computatlonally
expenswe than analytrcal approxrmatxon For example, in SBF only parameters of the
model are modified, when its structure holds constant. In such a case, it may be use-
ful to perform a "black box". modelmg, whlch still operates w1th real physrcal pa-
rameters but can be ‘performed much faster.'In the current work lit-is proposed to use

l ) artrﬁcral neural networks (ANNSs) [2] as "black box" srmulators of physical processes.
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I Two completely’ distinct cases are considered’ below the neural 51mu1atron of

‘ deterministic physical processes and ANN simulation of stochastlc ones.

2. Approximation of a deterministic process e
‘The global:scheme of ANN utilization-is:shown in fig. 1. Here ANN is applied

o - exactly in the same way as a simulation model: it transforms input parameters (7) into
- output valnes (8).‘ The training procedure is rather obvious: the representative training

o set (2, 3) is generated by a special algorithm (1) and the network can be trained on it
. by astandard "back-propagation error" method [2)...5: < oo e

.1, Generation of a T oot frainina |’ 3. Experimental system \ - : [T
representatrve - Input training "|__ or o 4, Qutpt;; train-
- training set i | [ - -PATAMEISTS - - | " }1s Simulation model - ©xing values -

* 5. Training """ *

7. Input #: IR 67 Antificial neural <
parametets | , network

Flg. 1 Standard scheme of ANN approxtmatzon of de'termmtsttc process..,

To generate a representatrve set of mput parameters a kmd of grld algorrthm can,

be used However in this case the sxze of a trammg set should be known well before
the trammg, “because grrd methods hamper the 1ncrease of parameter pomt (knots).
densrty Another algonthm was proposed in [3] and presented in ﬁg 2 The apphca—
tion' of’ the scheme grves a umform infi Il of the’ two-drmensronal parameter space

Furthermore the infill itself remains random and can easily be contmued

“1. Boundary knots gen-' L S ) ‘ ' |.~_T__~.___r...s__._:,,.
eratl()ﬂ a—l N—n ‘ i . 08 4 . B ; . l
¥ o et
2. New knot Wlth random otd a > % [L1 R S g S
coordinates is taken ' |~ mint )?"JN+1 - B o4
+ - TN e g x &
. pErRrere: LN e [ 0.2 e
3. Vector of distances {d} SR '
to N-1 knots is calculated [~ B T
a=a/1.0001 ' o ;A"' 5 N_N+1 ‘ . . . . } Pammeteft
if N<Nppax goto (2) L : .
B ‘else b ﬁmsh e t

“Fig. 2: Proposed algorithm of knot géhér‘atioﬁ (a) and the vesult for w=2'(b).
Where n- dimensionality of the parametric space; N ~ the number of “found knots.':;

\
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The application of the scheme gives a_ uniform infill of thetwo-dimensional
parameter space Furthermore the_ infill 1tself remains random and can easrly be

contmued P

The ANN approxrmatlon of a determmrsttc process ‘was’ apphed to study the
resonance energy transfer [4] in complex membrane-protem systems and gave the in-
crease of the SBF. speed by the factor of 10“ [3] :

w3, Approxrmanon of a 'stochastic | process

To srmulate a stochastlc processes two approach can ‘be proposed The first one

1s to use a stochastrc ANN (for example, Boltzmann machme) However thxs area
of ANN is’ not completely studied. yet and there are’ unsolved problems in network
structure determmatron and- trammg Another approach is applrcatron of standard
feed—forward networks with slight modrﬁca’nons To utrhze a deterministic network

for generatlon of a random srgnal one should put mto lt a source of randomness For-

tunately, it 15 possrble to do wrthout srgmﬁcant structural changes - the random sig-

‘ nal can'be | glven mto ANN mputs ln fact such a network operates as an abstract

4

vfunctron which transfers the set of umform random values {x,}cR to arbrtrary drs-

’ trrbuted {yj}cY{

BN

Vot

1. Input trammg ) 2 Expenmental system * 3. Output training . .
- parameters pr | random vector y1(t)

SR P N )

N L T SRS L2 Calculation of sta-
S , © tistical .
et : : : parameters of yy

9. Calculatron of sta-

3 r B . - ‘ ;

) Pl S RIS o : + tistical
. R 6 Stochastic trammg I \parameters Of Yarn-
B REARE - ‘procedure” " B ‘f
-~ {'5: Uniform random | | 7. Anificial neural N\ | 8. Output Vector N
-.|.~number generator | | ; .. network'..' / T (B

Fig., 3. Tral’ning of ANI V for the a})pr'oximatibﬁ of stochastic signal.
It should be noted, that standard "back-propagatron error”. ‘methods are.not’ ap-

plrcable 1o tram ANN in this case. We propose the scheme shown in fi ig. 3. Each

J
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: «training pair.is presented by a vector of input paramétgré pr(l)anda sufﬁci‘ent,ly/lo,ng A
output random signal y(?) (3). From y,({) several statistical paramet_ef; a'rey (:alvcbull;d’tegih:\ i
: :mean;, standard: deviation,: estimation .of . probability: density, «minimale and. xﬁa’ximal
: -values.r-—-l.)_uring‘ training;. parameters: pr:(1)-together with-a set:of :random -vectors
- (DR (5) are g\chn‘to:ANN which produce a sufficiently long random vector yq,,;;(t).
- For it the sarﬁe statistical pérametefs are caiculated (9). The weighted comparison of *
/(4) and (9) gives the error of ANN. The’ANN Wéight coefficients can be modified it-
4 eratively using one of standard stochastic training'algorithm 7] RESIE S wrge i ‘
»To test this methodology the 'random Signél given by-eq. 1:was successfully.gen-
erated by a 3 layer, perceptron with 4x4x1 neurons.. - ' ,
y(t) pi-n (t) +pz, ceal)

where p;, p» — constant parameters, n(t) Gaussxan stochastnc sxgnal Wlth m=0, o=l '

Two uniformly distributed random signals were taken as: {x,} 4 R
The .proposed approach-is: applicable. only. for 8- corrclated stochastlc S|gnals
Special transformations (convolution, sum) or ANN with feedback should be used.
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HPMMEHEHI/IE MO}IEJ]EM HE‘IETKOI‘O BI:IBOIIA
B MEJUIMHCKOI1 JUATHOCTHKE
CmmoyMsz CA] Hpou;emco IOA EI’YHP EA Mzmcx

HEUYETKHX MHO)KCCTB Ha npumepe IIHa[‘HOCTPlKH pa3mm;{ SaGOHCBaHHH

“B'KkauecTe 3a60EBANMA PACCMOTPHM puMep u3. [3] '~ xpoxmqecxuﬁ nueno-
| - HedpHT, KOT/IA ‘COCTORHME TIOYCK HE HapYIIEHO, B c*ra;muoﬁocqpeﬂm; OcHoRREIE

napaMeTpanu; fio KOTOPEIM' MOKIIO' CyHTE O PasBiTHU HaHHOro 3360jiesanns; cy-




