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AOCTIUKEHHSI EGEKTUBHOCTI AJI'OPUTMIB HABYAHHA
MOAN®IKOBAHOI HEUPOHHOI MEPEXI EJIMAHA

Pestome.  OOIpyHMOBAHO — GUKOPUCMAHHSL  PEKYPEHMHOI  HEUpOHHOI Mepeodici  Onis  peanizayii
a0anmueHoO20 KepyBAHHA 8 HeNIHIlHUX 3AMKHeHUx OuHamiunux cucmemax. Ilposedeno awnaniz memoois, ujo
peanizyioms pisHi munu aneopummie Ona HAIAUMYBAHHA 6a2 Md 3MiujeHb HeUpoHis. 3 Memolo OYiHI8AHHS
ehexmusHOCMI GUKOPUCMAHHS NPOBEOEHO HAGYAHHS pekypenmHoi HM i3 3acmocysanusivm KilbKox 6udie
aneopummie 3 pisHUMU CROCOOAMU HABYAHHA, WO GIOPIZHAIOMbCA 3a UWBUOKOOIEID MA MIHIMATbHUM 3HAYEHHAM
ROMUIKYU HaBYaHHSA. 3anponoHo8aAHO CHOCIO BUHAYEHHA eheKMUBHO20 AneOPUMMY Ol HABYAHHS PEKYPEeHmMHOL
HM Enmana i3 000amkosumu 360pomHumMu 38 's13kamu, axuil gxmovae naguanua HM na mecmosiii mpackmopii i
nepegipky ii pobomu 0nst 6XIOHUX 3HAYEHb, WO He 6XO00UNU 8 HABYAlowy Nocnioogricme. [lopisusieHuil ananiz
epekmugHOCmi  GUKOPUCMAHHS — aleOpummy Ons HasyawHs pexkypeumuoi HM oae 3moey oyinumu
pesynremamusHicme pobomu pezynsimopa Ha cmaodii euxowanns Hasyanus HM. Ompumani pesynomamu
0ocniodiceHb  NOKA3anu  OOYIMbHICMb  GUKOPUCMANHHS  ANeOPUMMY  HAGYAHHS, WO GUKOPUCMOBYE Memoo
peaynspusayii ik HatleghekmuHiumul 3a MOYHICMIO HABYAHHSL.

Knrouoei cnoea: pexypenmua HellpoHHA Mepedrca, anzopummu Ha84aHHs.

M. Strembitskyy

INVESTIGATION OF THE LEARNING ALGORITHM EFFICIENCY
OF MODIFIED ELMAN NEURAL NETWORK

Summary. The fundamental property of neural networks (NN) is their ability to the learning, that
allows to use them successfully in control system by difficult dynamic object. The use of recurrent neural
network is reasonable for an implementation of the adaptive control in the nonlinear closed dynamical system.
However, the efficiency of the use of this structure needs the learning of the created NN and the choice of the
effective algorithm diminishes time that is spent for the selection of NN coefficients and makes the error between
an initial signal and a target vector minimal. Some types of algorithms which include methods for the learning of
the recurrent NN have been created and each of them is characterized by fast-acting, minimum value of error of
learning, but for the specific task the analysis of the efficiency of the application of these algorithms should be
conducted. The analysis of methods that realize different types of algorithms to arrange scales and
displacements of neurons has been conducted. As the quality of NN work will not depend on speed of learning,
and after learning the error will not reach a set value. The method of determination of the effective algorithm is
proposed to the learning of Elman recurrent NN with the additional reverse copulas that includes the learning of
NN on a test trajectory and verification of its work for the entrance values that weren’t in a teaching sequence.
In the research process the time of realization of the learning was taken into account and the control of the error
of the initial signal recreation was conducted too. The received values are shown in the comparative table and
are also depicted in the charts of dependence of an error, which appears after testing of studied NN with the use
of the offered algorithms. The comparative analysis of the efficiency of the use of algorithm for the learning of
recurrent NN gives us an opportunity to estimate the effectiveness of the work of regulator of the stage of an
implementation of NN learning. The received result of the research testifies reasonable use of the normalization
method as the most effective.

Key words: recurrent neural network, learning algorithm.

Beryn. Heitponni mepexi (HM) 3HaxonsaTh Bce mupIe 3aCTOCYBaHHS B CHCTEMax
aJ[alITHBHOTO KEPYyBaHHS HENIHIWHUMHU JUHAMIYHHUMH 00 e€kTamu [1-3] sSK aabTepHaTHBA
tunoBuM PID koHTponepam uu meBHUM IM Moau(pikaiisiM, TakuM SK, «HeTiHiiHI» Pl
perynstopu [5], «Hewitki» PID perymstopu [2]. 30kpema YCHIITHO peali3yBaTd 3aKOHH
aJIalTUBHOTO KEpYBaHHS ISl CIELiaJbHOIO Kjacy HENIHIMHMX 3aMKHEHHX JIMHAMIYHUX
CHCTeM JIO3BOJISIIOTH PEKypeHTHi HelpoHHI Mepexi (recurrent neural network). Im
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IpUTaMaHHI yHIBEpCaJbHI alpOKCUMYIOUl BJIACTHBOCTI, BHCOKA MIBUJAKOMIS, 3JaTHICTH JI0
HaBYaHHS Ta y3araJbHEHHS B YMOBaX HEBH3HAYCHOCTEU, CTIMKICTh JI0 30BHIITHIX BUTIAJIKOBUX
30ypeHb. 3aBISKMA TapajeIbHOMY OIpallOBaHHIO iH(popMalii Ha BHYTPIIIHbOMY Ta
MDKHEHpOHHOMY piBHAX OaraTomapoBi HM moOpe amanrToBani 10 GopMmyBaHHS HeTiHIHHUX
3aKOHIB KE€pyBaHHS OaraTOBUMipHUMU 00’ €KTaMH.

BiamosigHO 10 iCHYIOUMX MOJeNiell aJanTHBHOTO HEWpokepyBaHHsS [4], HelipoHHa
Mepexa (HM) wmoxe Oe3nocepeHbO KepyBaTH JIMHAMIYHMM 00 €KTOM, BHUKOHYBaTH
JIoTIoMiXKHI (PyHKIT KepyBaHHS: (DiTbTpaifo, iIeHTH(IKaIio [S], MTPOrHO3yBaHHS TOIIO YH
(GYHKIIOHYBaTH y MOE€IHAHHI 3 TPAIUIIIHHUMHU KOHTPOJIEPAMHU.

AHaJi3 OCTAHHIX JOCTiKeHb | myoOsaikamiil. AHami3 myOmikamii [1-7] cBiguuTh
npo JouiibHICTh BuKopucTanHs PHM y cucremax kepyBaHHs HETIHIHHUMHU JUHAMIYHUMH
oO0'ektamn sk y pexmmi off-line, tak i B on-line. 3o0kpemMa TeopeTHYHi acHeKTH
¢yukmionyBanus PHK nocnimkeno B [3.,4], meski BapianTu iX peamizaiii BUkiagaeHo y [6,7].
[IpoGeMur CHHTE3y HEUPOMEPEKEBUX CHCTEM KepyBaHHS JIUHAMIYHAMH 0O0'€KTaMu
posrisinyTo B [2,4]. BoHM TicHO mOB'si3aHi 3 BHpIIIEHHSM (yHIaMEHTAIBHUX MpoOsieM
HEJTIHINHOI JWHAMIKH, TAKHMH, K ICHYBaHHS ONTHMAIBHUX HEJIHIHHUX 3aKOHIB KEPYBaHHS;
PO3B’sI3aHHS 3aJ]laui aJalTUBHOTO KEPyBaHHS B CHCTEMax 13 HENiHIHHOIO mapaMeTpu3alli€lo,
3a0e3MeueHHs TapaHTOBAHOT SIKOCTI MPOIIECiB KepyBaHHS.

BaxmBoro € mpobiema HaBYaHHSI PEKypPEHTHHX HEHPOHHUX Mepex i (opMyBaHHS

JUTSL HEX aJIeKBaTHOI iH(opMarii (3a3Buyail TpeHyBaJIbHO-HABYAILHOT i TECTOBO-KOHTPOJIBHOL
MHOKHHH €KCIIEPUMEHTAIbHUX 3HAUEHB ).
SxicTh mpollecy HaBYaHHS BU3HAYAE€ HE JIMINE TOIOJIOTISA HEHpOHHOI Mepexi (KUTbKICTh
HEHpOHiB, IMapiB, BXOAIB Ta BUXOJIB), ajie i BIAMOBIAHUI aJrOpUTM HaBYAHHS — CYKYIHICTb
MIPaBHII, 32 IKAMH KOPUTYIOTH (HAJIaIITOBYIOTH) BaroBi koedirieaTn HM Tak, mo0 moMuika
BUXIJJHOTO CUTHAJTY BiTHOCHO 3aJJaHUX I[IJTbOBUX 3HAYEHH OyJia MiHIMAIBHOIO.

Merta poGoTH TONIATaE y JOCHIDKCHHI Ha e(eKTHBHICTh aJlfOPUTMIB HaBUaAHHS
pexypentHoi HM 3 HemniHifiHOIO (yHKII€IO akTUBalli HEWPOHIB, a TaKOX MOPIBHSHHS iX
IIBUAKOTIT JUTS Pi3HUX 3HAYEHBb (DYHKITIOHAIA TTIOMHUJIKH.

006’exkToM pocaimxenHs: € anroputMu HaByaHHs PHM Enmana, npusnauenoi st
ineHTHdIKAIT JMHAMIYHOTO 00’ €KTa B KOHTYpI CUCTEMH KepyBaHHS.

IuBepcHe y3aranbHeHe HelpokepyBaHHs (generalized inverse neurocontrol) mnependauae
TpeHYBaHHSI MepeXi B peXXuMi off-line Ha MHOXMHI €KCIIEPIMEHTAILHUX JaHUX HaBYAILHOL
BUOIpKH, 5Ky (HOPMYIOTH SK CYKYIHICTh B3a€EMOBIINOBITHUX BXIJHUX CHUTHAJIB KE€pyBaHH:I
(X TpaBWIIO BHUIIAQJKOBUX) Ta BIJMOBLIHMX iM BHXIJHHX CHTHAIIB — BITYKIB 00’€KTa
KepyBaHHS. Y Tpolleci HaBYaHHS MepeXka IMITye BUXIJIHUH CHUTHaJl pealbHOro 00’€KTa,
IIYKAfO4Yd HaWKpally arpoKCHMAIliF0 HEeBiTOMOI (YHKINI, IO ONMHCYye JAWHAMIKY 00’ €KTa.
XapakTepHOIO OCOOJHMBICTIO TMPOILIECY HABYaHHS «3 yuuTenem» (supervised learning) e
3BOPOTHUU 3B 130K (feedback connection), SKuii peai3oBaHO SK JTOJJATKOBUH BXiJI MEPEKi.
HaBuanus muaamivanx PHM B ocHOBHOMY 3IiHCHIOIOTH METOJOM 3BOPOTHOTO HMOIIMPEHHS
noMmTke [4]. OfHAaK Takui IMiIXiQ MOXe 3alHATH 3HAYHY KUTBKICTH €IOX JJIS IPOBEJICHHS
HaBYaHHS.

ANTOPUTMH Ha OCHOBI CHpPSDKEHUX TPaieHTIB [6] peami3yloTh IMOIMIYK MiHIMyMY
¢dyHKIIOHAaTA TOXUOKM B3JI0BXK CIPSDKEHUX HANPSMKIB, 10 TapaHTye IIBUIILY 301KHICTB,
HIDK Yy BHITQJIKy QITOPUTMIB Ha OCHOBI KJIACHYHOTO TPATIEHTHOTO CIycKy. Kpok 3MiHM
BaroBUX KOE(QIII€HTIB MOCTYHNOBO 3MEHIIYEThCS B Mipy 3MEHIICHHS HOMHJIKH IIIbOBOL
GYHKITII.

AJNTOpUTMH, HAa OCHOBI METOJly CIpPSDKEHHX TpaJi€HTIB, peali3yloTh Ha KOXKHiM iTepariil
poIlelypy OJHOBUMIpHOTO momyKy. [Iporenypa oO4YucieHp 3a MM aJTOPUTMOM BUMArae
3HAYHUX 3aTpaT, OCKUIBLKY Ha KOXKHIN iTepallii mopa3y BUPaXOBYETHCS PEaKIIisl MEPEKi.
AJTOPHUTM 3aIporoHOBaHUN MoJUTepoM MEHII pecypCcoeMHHU. BiH MO€mHYyeE 1/1et0 MEeTOomy
CHPSDKEHUX TPAJIEHTIB 3 KBa3iH IOTOHIBCHBKMMHU MeToamMHu [3].
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XKonen i3 3a3HauCHHMX AITOPHUTMIB, Ha JKallb, HE yCyBa€ MpOOJieMy MepeHaBYAHHS
PHM, - He3HauHa MOMWJIKA HAa HABYAIBHIN BHOIPII 3HAYHO 3pOCTAE JUIS JAHHWX TECTYHOUOl
BUOIPKH.

OcoOnuBicTio HaB4aHHS PHM, sKy BUKOpPHCTOBYIOTH s imeHTH(iKarmii [3]
JTMHAMIYHOI 00’€KTa, € HANAIITYBAaHHs apaMeTpiB HEHpPOHIB 3a pe3yJbTaTaMH IOPiBHSHHS
CHTHANIB 00’€KTa ) Ta MOJeNi y 3 MiHIMI3alli€r0 KBaApaTHUHOro (HyHKI[IOHATA TOMUIIKA

J, =& (k)= M{ [3(k) - 5T’ } (1)

Ha puc.1 HaBeseHO cXeMy CHHTE30BaHOI peKypeHTHOI HelpoHHOI Mepexi Enmvana 3
JIOJATKOBMMHU 3BOPOTHUMH 3B’SI3KaMM, Ha SIKId NPOBOAMIIOCS TECTYBAaHHS 1AeHTHQiKaril
napaMeTpiB JIMHaAMIYHUX 00 €KTiB KepyBaHHs. OCKIJIBKM MOJENb 00’€KTa IPYHTYEThCS Ha
Y3rOJUKCHHI TIOCTIOBHOCTEH BXIJIHUX 1 BHXIJHHX CHTHAJIB, TO 3aBJaHHsA HaBuaHHs PHM
MOJIATAE Y BIATBOPEHHI 3B’ 3Ky IIUX MOCIIIIOBHOCTEH 13 33]JaHOI0 TOYHICTIO.

Pucynok 1. CtpykTypa HelipoHHoi Mepexi Enmana (#a puc. nocmasumu nozuyii 1,2,3)

Figure 1. Structure of Elman neural networks

Oco6muBicTio gociipkyBanoi PHM Enmana (puc.1) € muHamMigHi 3BOPOTHI 3B’ SI3KH Y
IPOMIKHOMY IIapi Mepexi.

Torooriss Mepesxi: BXiHHIA IIap HEWPOHIB, TPHU BXOAHW: | — BXIiTHWHN cHUTHAI, 2 —
BUXIIHUI CHUTHAI i3 Mepexi uepe3 OJUHMYHY JIiHIIO 3aTPUMKH, 3 — BHUXIJHMHA CHUTHAN 13
Mepeki 4epe3 TMOABIHHY JIHIIO 3aTpUMKH. [IpOMDKHHN IHap OXOIUICHUH JIOKaJIhHHM
3BOPOTHHM 3B’S3KOM i3 9aCOBOIO 3aTPHMKOIO Z ', Ma€ CHIMOIanbHy (QYHKIMO aKTHBAIil 3
BHCOKHAM KOC(]II[IEHTOM ITiICHJICHHS CUTHAIIB HU3BKOTO piBHS [7]. BUXigHWIA 1map MicTHTH
OJIMH HeWpoH U oauH BUXiA, (yHKIiS axkTuBamii — miHidHA. KinbkicTe HEHpOHIB I
MIPUXOBAHOTO mapy — 14.

HaBuanuss PHM BuKOHY€TBCS 3riiHO 3 3arajbHUM aJITOPUTMOM, HaBeJeHUM Ha puc.2. [lani
HaBYAJIbHOT BHOIPKH TIOJAIOTHCA Ha BXij Ta BuUXig PHM; BCTaHOBIIOIOTHCS IMOYATKOBI
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3HAYEHHs Bar 1 3MILIEHb I KOKHOTO 13 HEHPOHIB MepexKi; 3a7atoThes IIbOBI (YHKIT, Ha
OCHOBI SIKMX BH3HAYA€THCS OMIIIKA HAaBUYAHHS U1 KOPUTYBAHHSI ITOIABIIOTO X0y IPOLeCy
HaBYaHHS.

basa Mepexa
OaHunx HaBYyeHa

Bunbip BuKOpUCTaHHS PospaxyHok
npvknaay——| HM =" nommnku

MNigHanawTyBaHHSA
L A y A —

Bar mepexi

PucyHok 2. AnroputM HaBuaHHsS 3 yUUTENIEM
Figure 2. Algorithm for training of teacher performance

Icaye kinmpka MertoniB HaBYaHHS HM, OCHOBOIO SKHX € BHU3HAYCHHS EKCTPEMYMY
¢GyHKIIT KUTBKOX 3MIHHHX 3a TpajiieHTOM (yHKIIOHaJa TOMUJIKH BiIHOCHO IapaMeTpiB, LIO0
HaJIAIITOBYIOTHCSL:

Xin =X, —.g;, ()

ne X, — BeKTOp mapamerTpiB, ¢, — HapaMeTp IIBUAKOCTI HaBYaHHS; g, — TPaJi€HT
¢dyHKITIOHAJIA, IKUH BiIIOBIIa€ iTeparlii 3 HOMEpoM k .

[IpoGnema peamizarii oOUYHCITIOBANBHOI cXeMH (2) Tojsrae y BIajioMy BHOOpI
napaMeTpiB IBUAKOCTI HABUaHHS (, , SIKi BU3HAYAIOTh 301KHICTH IPOIIECY HABYAHHSI.
JIst aIrOpUTMIB CHIPSIKEHUX TPAII€HTIB MONTYK MIHIMYMY 3TIHCHIOETHCS B3JIOBXK CHPSDKEHUX
HATPSMKIB, 110 3a0e3Medye MBHUAITY 301KHICTh, HIK METOJ] HAUIIIBHJIIIOTO ciycky. Hampsim
HOBOTO PYXy BH3HAUAIOTh SIK KOMOIHAI[IFO HAMPSIMKY HAHIIBUIIIOTO CIIYCKY i MOMEPETHBOTO

HaIlpsIMKY, TOMY HOBC 3HAQYCHHS BCKTOPA HAJIAIITOBYBAHOI'O IMapaMCTpa X ++1 BU3HAYAECTHCA

TakK:
X =X+ py, (3)

Je p, — HalpsiM pyxy.
Jlnist MeToniB, sIKi BPaXOBYIOTh 3HAYEHHS IHIIUX MOXiJHUX (YHKIIOHAJTA MOMMUIIKA
(Meton HeroToHA), KpOK iTepallii BH3HAYAIOTH 3a (OPMYIIOF0

Xk+1=Xk_Hk_1gk> 4)

ne X, — BEKTOp 3HaueHb mapameTpiB Ha k-ii iTepauii; H — MaTpHis YaCTHHHUX ITOXiTHUAX
JPYToro MopsaKy IineoBoi Qyskmii, abo matpums ['ecce; g, — BekTop rpajiieHTa Ha K-if
iTepartii.

B cepenosumii MATLAB mis nasuanas PHM Enmana peaitizoBaHo Taki alropuTMH,
M0 BiAPI3HSIOTHCS CIIOCOOOM HaJAIITYBAaHHS Bar Ta 3MileHb HEHPOHIB:

- QITOPUTMH 332 MeToJIoM rpajieHTHoro cimycky: TRAINGD (Ha ocHOBI KOpeKIIii Bar i
3MillleHb HEWpOHIB 1 3MeHmeHHs QyHkmioHana nomuikn), TRAINGDX (sxuit
BpaxoBye modarkoBuii MoMmeHT), TRAINGDA (3 MoxuBicTIO BHOOPY IIBHAKOCTI
HajamtyBaHHS Mepexi), TRAINGDM (anroput™ rpaJieHTHOTO CIYCKY 31 30ypeHHsM);

- aNnropuT™Mu 3a MertojaoM crpspbkeHux rpanieHtiB: TRAINCGF (peanizye wmeton
Oieryepa-Pisca), TRAINSCG (00’eqHye METON  CHPSOKCHHX — TPAIEHTIB 3
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KBa3iH IOTOHIBCBKUMHM METOJAMHU 1 YaCTKOBO BHMKOPHCTOBYE MiJXiJl, peasli3oBaHUH B
anroputmi JleBenbepra-MapkBapaTa);

- AITOPUTMHU, IO  peali3yloTh mpouneaypy  perymspusanii:  TRAINBR (i3
BHKOpHCTaHHSIM TpaBui baiiecca i anroput™m JleBenOepra-Mapkpapia).

Jlns cunte3oBanoi PHM HeoOxiHO BU3HAUMTH ONTUMAIBHUM aJrOPUTM HaBYAHHS
3a KpUTEPIEM JTOCSTHEHHS MIHIMAJIBHOI MOMUJIKKA Oe3 mepeHaBuaHHs. st mboro cTBopeHa
iMiTariiHa MoJenb, B SKii micis HaBuaHHS cuHTe30BaHOi PHM 11 BuXim MOpiBHIOETHCS 3
BHXOJIOM HEJIIHIMHOTO JUHAMIYHOTO 00 ’€KTy TpH MOJadyl Ha HHUX OJIHAKOBUX TECTOBHX
curHamis (puc.3).

PesyabTaTn TecTyBaHHsi HaB4YajibHHX ajaroputMmiB s PHM  Eamana.
TecTyBaHHS HaBUAJIBHHX MPOIEAYP BHKOHYBAJIOCh Ha  iJeHTHQIKAMIKHIA  Mozei
JTUHAMIYHOTO 00’ €KTa, SIK TIOKa3aHo Ha puc.3.

o 1

=
E—[H Unit Delayl
Step

=k vl

NH_Elmana

0.2652+0.25+1

Transfer Fen

Manual Switch1

Repeating
Sequence
Stair

inp UnitDelays  out Unit Delayg  out 4

PucyHok 3. Inentudikanii Moneni tTuHaMiuHOTO 00’ €KTa

Figure 3. Identification model of dynamic object

[lopiBHSUIBHI pe3y/bTaTH HaBYAHHS 32 PI3HUMHU aJITOPUTMaMH HaBeeHo y Tabu.1 Ta Ha puc.4.

Taoauns 1
[TopiBHSHHS pe3ybTaTiB HABUAHHS
Table 1
Comparison of learning results
PesynbTatu
Pe3ynbTaTi HaBYUaHHS Ha PesynbTatn
. TIOBTOPHOT'O HAaBYaHHA
No Hassa TECTOBUU CUT'HAIT o TECTYBaHHA
Ha KOHTpOJ’ILHI/II/I CHUTHaJl
3/m NrOpUTMY
Yac Enox Momuika Yac Enox Momiika Max, CKB,
HaBY. u u (%) (%)
1 TRAINCGF 00:10 103 1,49x1 0° 00:43 471 7,55){10'7 571 372
2 | TRAINSCG 1:52 1259 | 2,06x107 | 2:43 | 1831 | 1,92x107 325 269
3 TRAINGDM 3:35 5000 6,34)410'3 3:32 5000 1 l,lxlO’3 334 248
6 TRAINGDX 2:42 5000 1,1 1x10? 2:42 5000 6,08)(10‘5 241 119
5 TRAINGDA 2:59 5000 85,5)410'5 2:57 5000 3,03){10’3 348,9 98
4 | TRAINGD 3:41 5000 2x10™ 3:33 | 5000 | 4,5x107 270 96
7 | TRAINBR 13:44 | 2457 1x10° 1:31 | 270 | 9,97x107 4,7 1,2

o
TRAINCGF  TRAINSCG  TRAINGDM  TRAINGNX — TRAINGDA TRAINGD TRAINBR
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PucyHok 4. CepeHbOKBaApaTHUHi 3HaYeHHA NOXUOKK HanamtyBaHHd HM Enmana
JUI Pi3HUX aJrOPUTMIB HABYAHHS

Figure 4. Mean error values for Elman neural networks for different learning algorithms

T T T T
03 ™ ----- BHXIA AHHAMIYHOrD 0B'ekTa 1 : ; : ; i BUXIA AHHaMivHOrD o ekTa
H | | Buxig HM Enuana H T | | | H By HM Enmana
/ \ - 08 e ‘ L 2

025 \ ; i : 0B / \
02 N S 2 / \ :

o1 T O
e e e s e b

Bwia, (8.0
o
o
—
swxin, (5.0

[t} 2 4 8 8 o 12 415 1} 2 4 [ 8 10 12 14 18 18 ]

nomunia, (8.0.)
nominKa (e.0.)

TN
g

6)

Pucynok 5. Buxin HM Enmana 11 cTymiH9acTOr0 BXiTHOTO CUTHAITY i IOXHOKA HOTO BiATBOpEHHS (a); BUXi[
IUTSI TAPMOHIYHOTO BXi/THOTO CUTHAJTY Ta MOXMOKa foro BiaTBopeHHs (0)

Figure 5. Output of Elman neural network for stepped input signal and the playback error (a) to output of
harmonic error signal and the feedback error (b)

BucnoBkn. JlocmimkeHO e(eKTHUBHICT, 3aCTOCYBAaHHS aITOPUTMIB HaBUaHHS
peKypeHTHOI HeWpoHHOI Mepeki Enmana s moOynoBw imiTarmiitHoi Mozeni 00’ekTa
kepyBaHHsL. [[opiBHSUTbHMIA aHAaITi3 JO3BOJISIE CTBEPKYBATH MIPO JIOLIbHICTh BUKOPHCTAHHS B
nmanoMmy Bunaaky anroputmy TRAINBR sk HaiieeKTHBHIMOro 3a KpPHTEPIEM JOCATHEHHS
MiHIMaJTbHAX MOMWIOK HaBuyaHHs. [1l070 IHIIMX pPO3TISHYTUX aJrOPUTMIB 3a METOJAMH
TPaIiEHTHOTO CITyCKY Ta CIPSDKEHO-TPATi€HTHHX, TO BOHU 3a0€3MeUyIOTh IIBHU/IIIEC HABUAHHS
Mepexi, OJHaK He TrapaHTYIOTh BiJITBOPEHHsS BUXIJIHOTO CHTHAIY BiJHOCHO BXIJHOTO i3
3aJIaHOI0 TOYHICTIO.

Conclusion. Effectiveness of learning algorithms for Elman recurrent neural was
investigated. The conclusion about appropriate usage of TRAINBR algorithm was arrived. As
for algorithms implemented the methods of gradient descent and conjugate gradient, initial
error value may be realized at less time learning but neural networks trained in that ways not
guarantee playback of the output signal relative to the input of the set up.
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