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Abstract . A major objective in this paper is the applica tion of highly efficient
cc nnectio ul s t architectures Cor fast and robust learning of dyn amic relations used
ill 1"01JOt contro l at the e xecuti ve hi erarchical level. T wo types o f neural network
contro l s t ruct u res are considered : a s ingle- layer neural network and a multilayer
p erceptrou. The proposed connection is t learning models are applied as a Iorm o f
intelli gent Ieedforward ro bot control in the frame of decentralized control algor jtluu
with feed back-error learning m ethod . T he final result o f this a p proach is a trniueble
r ob ot controller wit h e xcellent lea r ning propert ies. Efficiency and verifi cat ion of the
proposed algorit.luus through sin mla t .ion e xamples o f robot trajectory tracking is
shown .

1. INTRODUCTION

The powerful development of fl exible mannfacturing systems with high and
com plex demands for all com ponents of the production proces s , leads toward the
design of intell igent m anipulati on robots [I , 2). We can define these robots as au­
tono mous machines capa ble of learning , making decisions, fault tolerance, ana lysis,
etc . Being robus t and adaptive to internal and ex ternal disturbances , problems as
com pensa ting for uncertainties , diagnosing failures , identifying failed components ,
and recovering from errors can be successfully tackled by using these machines.
Such robots a lso , can perform anthropomorphic tasks in a n unfamiliar of familiar
working env ironment. T here has been a significa nt effo rt in making rob ot more
intelligent by integrating advanced sensor sys tems such as vision , tactile sensing ,
etc . But , one of th e maj or and ultimate ste ps in robotic research is the formula­
t ion and developmen t of intelligent control a lgorithms whi ch can fur ther improve
t he performance of roboti c systems, using contro l st ra tegies generated by human
intelligen t fun ctions such as percep ti on , association, reasoning , genera lizat ion or
learning.

The basic problems for the classic model-based control of manipula t ion robots
a re the state variables-dependen cy of the robot dy namic model , the expressive



D. ~1. l\:at ic , ~I.I\. . Vukobre tovic

co u p ling IH' t. ween robot su bsyste ms , cop ing with s tr uc tu re d a nd u nst ru ctu red u n­

cerrai m.ies and I ime-dependency of ro bo t pa ra ruete rs . It is known t hat. no ne o f
ti lt' classic robot COlit rolle rs ca nno t provide d es ir able solut ions 1. 0 t.li r-se problems,
I ll ' c all s~ tradit iona l contro l laws are, ill most cases , based a ll models with in conr­
pl l'te iu form nt ion and parti ally known o r inaccurately dt·fined parruueters . Also ,
the class ic a lgorit lu us a re ext rem ely sens iti ve to the lark o f senso r information and
uu plau ued events a lld unfamiliar s it. ua t io us in the robot working e u vi ron men t , The
ro bot pe rforruau ce is not ab le t.o capt ure and ut ili ze past ex per ien ce a nd avail abl e

human ex per t ise, All p revio usly iueu t ioned fa ct s a n d ex a m p les p rovide a m ot iva­
t iou for roboti c iutelligeut cout rol a nd em phasize t he necessi ty t ha t ellicient robot ic
iutel lige ut cont rol ruus t be haspd 01 1 lea rn ing , ge uerul izatio n a nd self-o rga n izing ca­

pahil it. ies.

T he classi c adapt.i ve a n d lion -adaptive co ntrol al gor ithrus com prise robot. CO Il­

Irol pro blem dur in g ex ec u t io n o f s ing le robot trajectories without co nsid ering repet­
it.i ve mo t ion . 1I t.'IICl't ill te r rus of learniug , a huost all rnauipul at.ion robo ts a re m emo­
ryl ess, III t hi s way, tit" previously a cq uire d ex pe r ience about dynami c robot 1II0 dl'l
a n d cont rol a lgori t luus is not a p p lied ill robot. co nt rol synthesis. It. is expec ted
th at. usi ng a trai ning p rocess whi ch repeats a cant rol tas k a n d records tile resul ts
acc um ula ted ill t he ent ire pro cess would stead ily improve the perforrn nuce . Also ,
s t a te varia bles-dep endency o f robot dy na m ics may be so lved hy learn ing and stor­
ing t he solu t ion. while t ime-dependency of robot parnmeters requires an Oil- line
lea rn in g a p p roa ch . If learning co nt ro l al gorithm o nce learned some m ovement , it.
co u ld co ntrol qui te diflcr cut am] faster m ovement usin g genera liznt.ion properties
o f learn in g a lgo rit h m . hen ce , OIl P o f the primary goa ls ill intelligent co n trol of m a­

nipu la ti on robots is th e additio n of learning a n d gcnc ra lizot. io n ca pa b ilit ies to the
classic lion-adaptive a n d adnpt.ive cont ro l a lgo ri t h ms .

The recent research reports a nd extens ive s imula tion stud ies ca rr ied a n t a ll
mod els conta ining ucural networks have demons trated a n ab ility to iden tify an d
cont rol sop h is t icated inan ipula tion robots [3- D). From a sys tems theore t. ic po in t
o f view 1 we ca n say t.hat in ult ilayer neura l networks used in ro bot co n t rol ill 1II0 St

cases rep resent, s ta t ic nonl inear Illappill gs as a s pec ia l part o f the pattern recogni ­
ti o n p ro b lem . III this case t.he patterns to he recognized a re th e s ig na ls o f "c ha nge"
th a t m ap ill "con t rol acti on" signa ls aim ing at. desired co nt ro l go a ls . The neural
ne two rk con t ro lle r s hould recog nize a nd iso late s ig na ls o f "c h a nge" in rea l-t.ime con­

ditions , a nd il~illg lea rning hy ex per ience a u.l genera lizu t.ion propert ies , to cont rol
eflicientl y syste m behavior . Through th e tru iu iug p rocess, the m odel uu ce r t aiut ies
are eliminated, and thus , a neural net work ser ves as com p-nsa t iou too l ill co nt rol
systems.

III t his pa per , o ur pur pose is p resenta tio n o f new robo t control lea rn ing algo­
rithms with fas t a nd ro bus t lear ni ng proper t ies usi ng s pec-i a l co n nect ion is t ( ne u ral
ne t wo rk ] a rch itec t ures . The m aj o r co ncern is t he flp plica li llll o f neural networks ill
robot co n t rol a t. exec u t ive hiera rchi ca l level ( 1I1lll iU II c() 1I11'ol pro blem) for learn ing

inverse dyna mi c m odel of ro bot. mech anism ill the cas e \\"11t' re exact robot dy nam ics
a re genera lly II Ilk 11 0\\'11 .
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I Also , OUt' o f t.he main ideas o f this paper is to accomplish coex istence of struc­
turcs that are developed for non-rcccurcut single-layer and muh.ilayer networks,
using th e frtuuework of a decentralized co nt ro l algorithm (a well-known classic ro­
bot cont ro l al gorithm) [3]. Several neural network models and learning schemes
were recently applied to learning of robot dynamics . aile main distinction between
these methods is ill the extent of the kn owled ge a bout dynamic models which is
used ill des ign pro cedures. Some methods (si ug lc- Iaye r neural net works } lise in
design procedure co m plete avai la ble information a bout robot model [7- 9] . At the
ot her s ide of dyn a mic co nnect ionist approaches are methods (m ult ilayer percep ­
trons ) that lise "black-box" approach in design of neural network algorithms for
robot dynamic cont ro l [-1- 6]. III this case neural networks ca ll be used as very
general coru pu tut.iou models .

The ot her iruportau t feat ures of this new proposed cont ro l st ruc t ure is fast
convergence properties due to fun ctional decomposition of system dynamics and
new learning rules based a ll recursive es t im at.ion methods, Using repetitive exec u­
tion of the working task and new leamiug a lgorit hms with feedback driving torque
error , redist.rihut.ion of feedforward and feedback control are accomplished, that
results in fast. system response and ellicient generalization . Training and learning
by proposed neural network architectures ca ll be accomplished using off-line and
on-liIll' ap proach. Elliciency of proposed lcaruing a lgor ithms will be shown using
data about ind ustrial robot Ui\IS-2 .

2. IWIlOT C:ONT IWL I'IWLlL Ei\l AND CONNECTIONIST SO LUT ION

III contoi u porn ry robot ic sys te ms , t here is a need for more fl ex ible and robus t
robot contro lle rs ill orde r to take fu ll adva ntage of t he inherent fl exibility and
versat.i lit.y of runuipu lat.ion robots. The di lli culti cs in solution of control problem
arise from various asp ects .

The o ne o f the IIi0St. import.ant problems is high nonlinearity with ex press ive
co uplings between subsyste ms . Based 0 11 well-kn own equat ions of rigid body me­
cha uics , a dynami c model of uranipulat ion robot ill the absence of Irict.ion and other
disturbances [deter m iuis t ic 1I10del ) ca ll he written as

or

p = J ('1 "j , ij ,0) = 1I ('1 ,0)ij +" ('I ,'i,0)

!' = J ( 'I , 'i , ij , EJ ) = II ('I, 0 Jij + I?C( 'I , 0 )'i + !I( '1 (0 )

( I )

(2)

where P Err" is the vector of driving torques of forces ; H ('1 ,0) : R " x 0 _ rr"X"
is the inerti al matrix of the system; " ('I, 'i,0 ) : R " x rr" x 0 - R " is the vector
wh ich includes Cent rifuga l, Coriolis and gravita t iona l effects; C ('1 , 0 ) : R " x 0 ­
R'' x R " x R " is the mat rix which includes Centrifuga l and Coriolis effects; !I('1 , 0 ) :
R'' x e -:. R " is th e gravitational vector ; e E R "t is th e system parameter vector ;
11 is th e 1I11111hcr o f c! l'!!rC'p o f freedom ; ul is the number o f syste m parameters .

A common aud classic wav for robot cont rol represents loca l PI D regula tors
•
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for each <I egeet' of freedom of th e robot ic m echanism (I O] :

II = li n, = - f l ' Pe - f{ De - f{ f Je til

where 11 E n ." is the cont ro l input: lin ) E n,1I is the feed hack co ut.rol; /\' P E Il.n x rI

is th e mat rix of local position feedback gnins: f{ D E R " X" is the matrix of loca l
velocity feed ha ck ga ins ; 1\"/ E n ." xu is the matri x of local iutegra l feed ba ck ga ins ;

e = 'l>: '/0 is 11 11>feed hack error (s E R" ); 'l a lld '/0 arc the real and nomi nal internal
coo rd iua tes (" E H." , '/" E H." ).

However , t.his control law is 1101 adequa te for adva nced iud ust.ria l robots wit]:
t.he requirer ucn t.s for high precision and speed ill a com plex wor king enviro nme nt .
The inl luen ce of co uplings between t he s ubsys te ms is s ubsta ut.i a l, a nd we hav« t.o
include as a sol11 1ion "dynauiic" co nt ro l [l O] whi ch takes th e dynamic 1II0<1 t>1 o f
robot ruechu uisru ill cont ro l synthesi s as Iorrn of feed forwa rd CO ll i ro l. 011 th e basi s
of th e above, In>ca ll apply th e deceutrnl ized cont ro l algorithm [I ll] :

(4)

wher e Ill! is t.lie 1I01l,ill ,,1 ccui.ra lized f,'"drorwa,,1 cont rol whi ch is olf- Iine syn t he­
s ized using rll<' illt"gral robot 1I 10dei (mode l of mecha nism with t.he model of robot
actuators ).

However, ill procedure of cont ro lle r design , wo ha ve to co pe wi t.h s t.r uc t ured
uu cert.a int i.», [ iuacr urar ies of 1II0dei pa ra m eters ) , uust.ruct.u red unce rt.ain t.ies (1I 1l­
mod el led high frcqu eucy dynr uuics as s t ruc t u ra l resona nt modes , neglected ti me­
delays , act ua l or dyn amics , s.uup liug elloc ts. etc .) a nd measurement noise . Also ,
rune-vary iug nat li ft' of robot pa ra meters a nd vari abil ity of robot tasks represent
additiona l di ili cuh.ics for the CO ll i 1'01 system . III t his case, t lre classic non -adupt.i ve
a lgoru.huis a rt' Ho i rob ust eno ug h , because these a lgo rith ms COII I)ll' IISa le only a
s u ra l] pa rt o f til t' rueu t ionod u ucer t. a iur ies . Hence, a more su it.ab le ap proach would
hl' the one usi ng a da pti ve co nt ro] t ec lm iq ucs . The adap t in " co nt rol t.ech uiqucs ill
robot ics ca n hp a pplil'd as a Iorru of the well-known :\ lodl'1-Refl'rt'lI fl'd Adapt ivc
Cont rol ( ~ l l tAC) or Self-Tuning method [I ll], with t he possi hiliry of .uln pt a t ion ill
fecdforward or feedback loops.

III couc lus io u, th e classic adaptive contro l t.cchniqucs rohotics an' e1 rPf t ive to
co m pe us a te s t. ruc tu n..d uu ccrtniu ti cs , hut. ill t ile presence o f senso r d at.a overload ,
heu rist ic senso r iu foruiat.i on , lim its a ll real-t ime npp licahi lity and wide interva l o f
unst ru ct. ured uuccrt.ainties , Llre a pp licat io n o f adapt.iVt'° control is 11 01. sulllcieut for
high-qua IiI Y perforII iii IIce.

Therefore, a solut ion to th e robot cont ro l pr oblem will likely need to co rnhiue
classic a pproaches with new learning a p proaches ill order to a chieve good perfor­
nr au ce . For t ilt' robot co n t rol l,ru b le'lli and learu iug we ca n idelltify three Blain
paradigms : a) l ter.u.ive a u.dyt.i c«l met hods: b) Tabular methods; c) Con uec­
t ionis t methods,
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Conuert.iouist methods as 1II0 St. promising approach for lea rnin g control pro­
vidr- th e uupk-rucnt.u i.i ou too ls for complex illpll i / o lltpllt relations o f rahat 's ely­
narui cs an d ki nemati cs . O ne of t.h e m a in goa ls o f dyna mic learning m ethods is 1. 0

find solutio n for t lu- robot iuverse dyn ami c problem. Let us expla in t.he inverse
dyn am ic pro h lor u of ro bot co nt ro l i ll a co m putat iona l frruu ework . There a re ca usa l
rel at io n Iwt Wt,t.'1l ro bo t d rivi ng torq ue an d til l' resulting ro bo t II IOV('lI lPn t coo rdi­
nat es . Let 1' (1 ) deno te the t im e history of driv in g torque and '1 (1 ) denote th e rime
hist ory of tilt." robot iuu-ru al coord ina tes during the traj ect ory. J\ lso \ \ 'C' ca n denote
the ca usa l relu t.i ou between P a nd 'I usi ng the fuu cti o nal F , i.e . F( 1'(· )) = ,,( . ).
If \\'(' wan t t.hc ro bot to t.r acks desired traj ec tory '/.I , t.he prob lem 10 ge nerate a
dl':-:in'd driviug torque / )" which real izes 'l . is equivalent to finding a ll inverse map­
ping of t hc fu nct.iona l F. TIlt' con nectio nist app roach lIlay, ill p r inr ip lc , solve the
pro blem of variable-coupling complex ity aud st.a te-dcpendcucy of robot dyna mi c
model , beca use neura l net works t hrough t he process of trai ni ng ca ll a pprox ima te
in put / o li IIHll, IIHlppillgs . III this way co n nec t ionist st ruct ure a!" part. o f d eceut rul izr-d
fecdforwarr l co nt ro l law C<I 1l co u ipensate wide ran ge of robot uucert.ai nt.i es . Also ,
k-a ru iug hy ueu ral uotworks is based 0 11 excel lent assoc ia t ion a nd ge..' lIpra liza t ion
propert.ies . Hence . if a neural network has once learned a cer t a in movemen t , it
cou ld co ntrol qllil e di lferent a nd fas ter movement s . The fas t co rn pu t ut.iona l ca pa­
b ili ty o f ne ural ne two rk- ena bles rea l-t irne ap pl icabi lity of robo t control algo rithms .

However , th er e a n ' SOllie pro blems in a pplicat ion of con uect ionist a pproa ch in
robot con t ro l. F' irst., t.lu-re is 11 0 gua ra ntee in learn ing processes for COli vergen ce of
e rro r to a local ru iuiu uuu . Seco nd , ueurn l uetwo rks iruplem en ts on ly all a pproxim a­
ti on of inverse llla ppillg o f fun ctio na l F' and ill t his way a ccura cy a nd ro bustness of
th is a pproxi matio n m ay he q uesti onable. T hird , there is no syste rua t ic way for de­
tenu in a t io n the o p t irun l topology of connectionist s t.r uc tu re (nu m ber o f layers a nd
neural un it s , choice o f act ivatiou func tions, convergellce parameters , e t c.]. Also ,
t he re are p rob lem s in s pec ify ing the "good" tea cher ("good" basi c CO ll I rol alga­
r it.lnn) for s upervised lea ru ing robo t cont rol and spec ifyi ng t he o p t im a l se t o f input
pat.ter ns for r-lli cieut I';enera liza li on . T he o ne of m ai n pro blems is accele ratio n of
!C'arllillg rul es lu-ca use co uncc t io u ist s t ruc t ure m ay require a lo ng t.ruiniug per iod
to co nverge. All tbest' prob lems a re OIH'1I field for connectionist a ud ro botic re­
sea rchers . l len ce , it is o u r inten ti on in th is paper to g ive a solut ion to some of t.h e
a bove pro bl ems ill o rder to a chieve h igh effi cient ro bot lea rn ing co ntrol .

:l. cox i'ICCT IO i'l lST LC,\ IWI i'I( ; ST IW CT lI ltCS
AS PAllT O F FCCDFOl tW,\ltD ItOBOT COi'lT IW LLEltS

~ .l. SI NCL E- LAY EIl N EVIl AI. :" 1.1 " '0 11 1< C ONT IlOL S TIlVGT VIl E

In th e first case. it is p roposed that sorue, wh atever sma ll, a pri ori know ledge of
I ln- robot dy na mi cs is a lways a vai lable. "'l'l'X I "" ' l tha t single- layer ueu ra l nctwo rk
m odel usin g t.11 (' a prio ri knowledge about ro bot dynam ics , will sig n ific a nt ly im­
pro ve performan ce of roboti c sys tem. IWIIl.:e, I he p roposed neural netwo rk m odels
ca ll he regard ed as exa m ples o f the a u t tl lIO IJI OliS dri ving torqu e generato r ( Fig . 1).
Th is co n n~c t ion i s t s t ruc t ure is com m o nly used as par t of fe"drorward co ntrolle r in
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decentrali zed con t rol a lgorit hm . In this case, the feed hack con t ro ller se rves as a
rohust cont ro ller to achieve low errors and perform high-quality learuing , because
the feed fo rward cont ro ller al one is not sufficient for a ccurate tracking .
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Fig. I . Deceu t rnl ized cout rol with cou uec tioui s t Iecdbeck-error learnin g

Train iu g all d lenrning hy proposed co n nec t ion is t. s t.r uc t.u re is accomplished ex­
elus ively in a ll- line reguue by feed hack-error learuing method ti l (Fig . I ) . This
m ethod is exc lusively o n- line method for rob ot con t ro l, but this control s truct ure
provides all iun-runl teacher so that the control sc he me works in an unsupervised
urauuer , because we have no ex terna l tea cher ill thi s casco The adjustmcnt of the
network weig hts during t he real-time control by feedback-error learning is m ore
co nven ient th em o t he r learuiug s tructures as gcucralizcd or spec ia lized learning [4] .

Tlu- neurul not.work m odel as fixed non recurrent siugle-layer network , generates
uecessary driving torques ill robotjoints which is ex pressed as linear (weighted) S lI lII

o f a se t. o f spec ific li on linea r dy namic funct ions:

(:;); = I , . . . , ,,
..

f'r = L wij ll; j ('1° ,8)" j + Wi ,"+lh i('1?,'i?,8 ),
j=l

I 1, 0 ' n" · · · I " I Iw iere i E . ISJOlIIl ( f1VlII g torque generator >y 1I('lI r,, 1 network ; tVij - adap-
tive weighting factors of neural network ( IV E n:,.u+l = lV(w'J)).

TIl<' o u t pu t o f a r t ifi cial ncuron is hounded with liwar t hrr--hold fu nction (acti­
vatio n fun ction of neuron ) due to real physical const raiuts . Using equation (fJ) and
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(8)

(7)

according to integral model of roboti c sys tems . decentralized cont rol with learning
has the next form:

tl i = Aijqi - [Ju rj ; - CiiPp· - 1\ Puc; - K D iie i - IUiiJe, dt , i = 1, .. . , 71 , (6)

where Aii I Bu I eii are cons ta nt parameters of robot actu at ors model.

Training a nd learning of single- layer network is accom plished using error­
correc t ing method based On well-known DELTA rule [nJ(W idrow- Iloff least mean
squa re algorithm):

dWij o.
T = D;j E, = Dij ( Pi - Pi )

<1/

= Dij ( Pi - t Wij Hij (I/ , eJij/ - Wi,"+1"i (gO, liO,e))
; =1

where T is t.he learning t ime consta nt: E; - driving torque feedback error; Dij ­

selected part of dynamic robot model ( lIij( If, e) or " i(If , Ii, e )).
Approximately, we ca n ca lculate driving torque error in implicit way utilizing

robot actua to rs model a nd position , velocity and ac celeration errors ill form :

T <lw;j _ D .. [AH". II Di; + Bii '. II Pii . II Iii J.I]
It - 'J C'.. C, + C".. C, + C'.. C, + C'.. c, <I ,

( ' II II II ' II

i =l , . ,. ,n; j=l , . .. , ll + 1.

The topology of neural network in this case is specified as deterministic m odel ,
because the internal dy na mic model of robot mechanism using sy m metry feature
of inerti al matr ix is di vided in 71 (71 + 1)/2 separa te uni ts with n(n + 1)/ 2 t uning
weighting factors. In this case , for cho ice of neural units only general knowledge
a bo ut robot dynami cs is used . Bu t th is choice is not limi ted , and we ca n divide
dynamic model in greater number of sepa ra te un its bu t only for par ti cular robot
m echanism. As it was mentioned , t itis is a deterministic approach, beca use we
use a ny a priori knowledge about t he dyn a m ic struct ure of t he controlled object
a nd in this way we ha ve better scale-up properties . T his a pproach by s ing le-layer
neural networks however , has several draw backs related primarily 1.0 the inherent
complexity of the implementa tion of a com plete model of robot dynamics , wh ich
demands la rge com puta t ional power ill real- t ime . As second , th e way to find ou t
all appropriate se t of non linear fu nctions is not- t rivial a nd not-uniqu e task . The
limitation of this approach is ev ident in the case when the exact form of the dynami c
equation is not. a priori known , i.e. , the system is not capable to learn how to handle
a com pletely unknown manipulator. Besides , a ile of the mai n dra wbacks is the
problem of gene rality, beca use the form ulation com plexity of nonlinear subsys tems
is dircctly dependent a ll features of each specific model.

:l .2 . M ULTI L AY ER PERCEPTRON CONTROL STRUCTU RE

In thi s case, basic principles of t ra ining a nd learning accord ing to Fig . I are t he
•

same "" in the previou s case. Now, the topology of proposed connectionist s t ruc-
t ure for robot cont rol is defined by four layer perc ep t ron with sy mmetric sigmoid
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fun cti o n as activa tion fun cti ons in ho th of hidden layers . The network has inpu t
layer wit.h :1" Il l~ \l I"OIlS and ou tput layer wit h 11 neurons . This number of neurons
ill approp riat.e layers is dete rruiuatcd according to number of dr-gree of freed om for
s tandard robot. co nfig ura ti o n. The activat ion functio n for input a nd outpu t. lay­
er is ident.ity Iuu ct.ion . The nu mber of neu ro ns ill hidden layers is dc terruiuated
by simu la t.io n ex pe ru uents and ex perie nce ( 121l neurons ill lirs t. hidden layer ; 611

neu ro ns ill seco nd hidden layer). The neural network wit h proposed topo louy of
fixed uou rccur rr-n t ruul t.il nyer network generates necessary drivi ng torques ill rc hot
joints as no nlinea r Ili appillg o f robot desired intern al coord ina tes . ....elori tics and
ncceleru tious:

i =I , . . . , 1I . (9)

where Pi E n.n is j oi nt driving torque generate d by neura l network ; wJt ndapt.i ve

w"illht illil fa ct o rs between neuron j ill «-t.h laye r and neuron I.: ill b-t h layer ; II ­
no n linea r lIIapping.

Acco rd in g to in teg ru l m o del of robo t.i c systems , dccent.rnli zed co ntrol a lgorith m
wit h learn ing has th e nex t for m:

Ii i = fd IJd , Ij i , Iii , P ) - 1\ I'uei - 1\ D i i i i - IU i i JCi <it , i = 1, . .. , 11 ( 10)

where Ii is th e non linear m app ing which describes nat u re of robot a ctuator model.

Tra ining an d learning of prop osed co n necti o n is t s t ruc t u re can be a ccomplished
usi ng well- known bnr]: propagation algorith m [11]. III the pro cess of train ing we
ca ll lise t wo ty pe o f ou tp u t e rror for ha ck propagnti on a lgorithm . T he firs t typ e of
e rror is feed ba ck co nt rol s ig na l

•

; = 1. ... , 11 ( II )

where c~I' E n." is t he ou t put error for hack pro pagati on a lgo rit h m .

Bu t , in fa ct when we cons ider intcgrnl m odelling o f robo t m ech an ism with
model of robot act ua tors , feedback co ntrol signal is no t outp ut error for neu ra l
ne tw o rk . Thus , we have to calculate dri ving torq ue error sig nal

b"e·,
. . ..

= lJr - Pi == fl lej+ bl t i + c l U fb i = I , .. . , lI, ( 12)
II . . .

when> pr c: It is the real ro bot driv ing torque; (l' E It," 1 b' E R" , r' E 111l I

are ronsl.aut. parame ter» of robot. integral model ( this m o del is val id for ro bo t. DC­
ac t. ua tors) .

Although t he proposed pure or na ive neu ra l network ap pro ach wi thou t k now l­
edge about robot dy umu ics may he promis ing , it is im portant to notice tha t t his

a p p roac h will no t he ve ry practical because of h ig h dimensio nali ty of in put-outp ut
spaces a nd long learn ing timc. For example, with most rna n ip u lat ion robo ts hav ing
G d.o .L, we have 18 inp u t var ia b les a nd G o ut p u t varia b les . Also, the nu m ber of
t rajecto ry pa t t.er ns "l' (i npnt a nd ou t p u t variables) may he ve ry la r lle ·(I O- IOO)
if we wan t. t o cxaru ine the whole wo rki ng spa ce . Hen ce , for t he robot training it
would be necessa ry to present u l Jl8 sa ulpiN; , i.e. the t ra ining hy pure connection ist
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I
m odels would require a neural net work of irupra ct.i c«] s iz(' awl unrr -asou.rhlo 111I11I­

ber o f rcpeti ti ou cycles . Therefo re . we ca ll co nclude th at t.he nai ve con nec ti o n ist
approach es are o n ly appfi rnhl e for t.he low- rlimen siou roboti c SySt. '> IIlS.

The airu of proposed approach for design of co u noct.ionis t rah at. controller is
t.h e leaving of co nt 1" 01 :-;yntllt':-; is without a priori in form at.iou about rahat dyn ami cs .
hen ce , it is very import.aut to li se a ll the available iuformat.iou about robot dyuaru­

ic but o nly ill geuerul a nd s pec ific Ionu , The general knowledge for t.ha t. purpose
is co n veu ic n t.ly in corporated int o the s t.ruc t.ure of network . The way of an.aiuiug

ab ove goal s is a dccoruposit.ion of robot. dynami cs on sim p ler robot dyn ami c reln­

t.i ons . I II t.his way, instead or using sing le neural network, training a nd learning
is a ccomplished hy several neural su bnetworks which have s im p le r input. / output
relati ons t.hat ena b les significant. re d uc tion of learning lillie.

III t.h is paper, ;;,3F-2SF"' duco ru pos it.io n (decoru posit.ion of three-vector

fun rt.ion in to t.wo two-vector s ubfu uc t io ns) is proposed. Namely, we call see that. in
robot dynami cs seve ra l te rms can be ideut.ifi ed which have a di stincti ve Iuu ct.ional
dependency, Exactly, basi c robot m odel ( I) ca ll he decomposed int o two terms :

first. term

second te rm

1l (" J'J )ij o r

"(" ,'i, 0 ) o r

F, (" , ij ,0)

F2(,! ,'i ,0 ).

,

I

Wit.h this type of decomposition , instead o f rnultil ayer percept.ron with 311
input. values , we have two multilayer perceptrons with 2" inpu ts and II o ut p u ts for
approximation of mapping FI and F2 :

p .NN I F (NN 'ab .. ) • 1, . . . ( 1:3 )- ' I WjJ: , '1 d , ([.t .= , II-,
p .JI,.'N2 r ( N N2"b . ) · I I • • • (14)- ' 2 Wjk , '1 d , fJ d .= , II-,

Pi p .N N t + p .NN 2 • I , ... ( 15).= , II• •
where F't is a nonlinear mapping for first perceptrou N N I; F2 is a nonlinear map­
ping for second percept.ron N lV '2; P jN N I and p /VN 2 are parts of robot dynamic
model gene rated by percept ron s N N 1 and N N '2 ; WffN 1f1 b and wJ\.N2f1b are weight­
iug fa ctors for percep t rous N N I a nd N N 2; P; is driving torque at. the ou t p u t of
connec t ionist structure.

The topol ogy o f perceptrons N N I a nd N N2 a re determinat.ed using sim ila r
act ivat ion fllll cl ~ons a nd principles as in previous case ( 1I0W we have: input layer
- 2 11 neural units ; first hidden layer - 8 11 neural uni ts : second hidden layer - 411

neural uni ts ; ou tput layer - 11 neural units) . Training or both perceptrons is ac­
com plished sy nch ronous ly by feedback-erro r learning m ethod ( Fig . 2) The feedback
erro r s igna l o r driving torque error signal are transferred as o u t p u t backpropagation
e r ror to bot h of perceptron outpu ts ,

The backpropagation a lgori t h m ca used a tremendous breakthrough in the con­
trol a pplica t ion of multilayer perceptrons . aile o f the major dr awbacks of this
meth od is its s low convergence . Starting from a random initial state, the path
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to th e g lo ba l m in inunu is o fte n s t re wn wi th local rniniuunn , ca us ing osc illa t io ns
around ravines in the weight spare .

In th is pa per , o ur intention is that in stead a ccclernt io n of s ta ndard hack pro p­
agation a lgo rir lu u using s tandard method s from numerical ana lysis , consider the
prol rleru o f adj usti ng the weights of in terna l h idden un its as a p roblem of est.i­
mat ing pa ra meters hy well -kn own identificati on method - Recurs ive Leas t Square
( R LS) m ethod [12J. Using these methods with time-varying lea rn ing ra te y ield 10

benefits for learn ing sp eed and generalization ill co m parison with standa rd back
pro pagatio n algorithm .

The proposed new a lgorit hms are based on prev iously defined -l- Iaye r deco m­
posed connec t ion is t s t ruc t ure ('' :If-~S F'') with a ppropriately defi ned parameters of
network. ,

The rua in forward network relat ion s ill process of training are descri bed ac­
cordi ng to next ex press ions:

Forward Relation» - RLS Method

s 2(k ) = lV 12jl (k ) ( 16)

, 1 2
o~ ( k) = (2(k)) - 0.5 , ,, = 1•... , L1• oo( k ) = 1 ( 17)

I + exp - ". .
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., 3(k) = 1\'2302(k ) ( 18)

I
o~(k)= I ( ·'Ull- O." o =I , . .. , L2 , o'o'l(k) = I ( 19)

+exp -"I .

., ·'( k ) = I I' '' ''',' ( ~' ) (20)

!I(k ) = s4 (~. ) = l "vNI' C = I, ... , II , 1= 1, ... , II , l' = l or 2 (21)

wh ere .,2U'), ,," (k ), s4(k ) a re the ou tput vectors for linenr partsof layers: 02(k),
03U') a re the out put vect ors o f the hidden layers ; 1\' 12 = [w;,?xLl , 11'23 =
[ 23 1 11/3.' [34 I I . I ' f f I I -r:W L 1+ 1 x L";! I = (l'L 2+ 1 X'I are tie \\'cig rung acto rs 0 t It' ayers; 1\ - =
{w,I,?x Ll is th e inputs ill the network ( robot iuterual posit ions , veloci t ies an d accel­
era t io ns - 111 = :1" + I ); !I(k) is output of network .

TIll' aiui of es t.i m ut ion is to defin e opt imal valu es for mntri ces 11' 12, 11'23 and
11'23 using II10dd s of linea r sys te ms a ccordi ng to cqua t.io ns ( 1(j), ( 18) and (20) . In
application of this method , prob lem of specifi ca t ion of desired sta tes a nd erro rs in
hidden layers is arose. Using new solut ion by taking account of the relati onship
between the standard backpropagation a lgor ithm a nd present m ethod at the last
layer , hi gh-elli cient a lgorith m that propagates the learning erro rs a t the 1<L't layer
to t he h idden layers is proposed .

The basic equa t ions wh ich describe new learn ing rules base on RLS method
are given a ccording to the foll owing formulas

L co,.IIillg Ril les - Rl.S Me/hod

s:<I (k) = !I~ (k ) = P; (k ) c = I, ... , " (22)

3 , _ ~ ( 3 ' __ P3(1.: _1 )03(k)03(I.: )TP3(1.: _l) )
P (1.:) - ,\3 P ( I.: 1) ,\3+ 03(k )TP3(I.:_l )03(1.: ) (23)

11'34 (1.:) = 11'34(k _ 1) + p 3(1.: )03(I.: )[s4<1 (I.: ) _ 1V34( 1.: _ l)T03(k)]T (24)

0"<1(1.:) = 03(1.:) + 11/34(1.: )64(1.: ) (25)

6;'(1.:) = 8;<1(1.:) - L w'J;(I.:)o'J(I.: ), c = 1,. ,. , ", j = 1, ... , Ld I
) (26)

o?n~,,( k) = max 10Z<I( I.:)1 b = 1, .. , , L2 (27)

sZ<I( I.:) = t: ' [C~~~~I.:J oZd (I.: )] b = 1, .. . , L2 (28)

? 1( p 2(1.: - 1)02(1.: )02 (I.: )Tp2(1.: - 1))
P-(I.:) = ,\ 2 p

2
(1.: - I ) - ,\2 + 02(I.:)T P2(k _ 1)02(1.: ) (29)

1V23(k) = 1V23(k _ 1) + p 2(k)02(k) [s3d(l.:) - 1V23(k - 1)02(1.: )]'1' ( ~ O )

02<l(k) = 02(k) + 1\'23(1.:)63(k) (31)

6~(1.:) = 8~,I( k ) - L wJr( k)o;( k), b = 1, ... ,L2, j = I , .. . , L t+ I
) (32)
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wh ore AI , ..\2,).:1 an' the appropriat e forgl'ttillg fa ct ors.

Init ial couditious fro \\,pight ing factors aft' genera ted hy uoru ral distr ibutiou
wit It dilrt'rPlil random numbers :

Abo , iuit inl coud it ions for cova ria nce IIIat rin's Pare given ill I he following
Ion II:

I II t.his -cct.i ou , sin urln t ion exa m ples are give» to verify th e proposed counce­
t.ionist al~orit.llIlI s co ru pc us at.i ug tilt' sys te m uu cc r t.ni ut.ics . T ile m au ipulat ion rob ot
1I",'d for t lu- si ruula t.io n i. a cyl ind rical type industrial robot U ~ IS-1 [10] ( f ig . :3 )
wit h n.a.e.r.

I II th e learuing ph ase . robot t.ra unng is accom plished using 1Il0 VClII PIlt. from

poi nt A wit.h int ..rnal coord ina tes 'I E {0 .G ;0 .05 ;0 .05 ;0.;0. ;0.} to point £3 ('I E
{ 1.1;0. 11;0 .1;0. J,O. I;0. 1}). T ime duration of m ovcrueut is I = Is with triangula r
veloc ity prolil o. The Pill f, '"dhark control was chosen with followi ng va lu es fo r local
f,'{'''hark ga ills : 1,1' E {111 .:GU::i .;41G.;41. ; If,1 .;5J.}, I,V E {·I7 .;:l :I.;1J. ;1 .;8 .;1.} .
\rc' know t ha t exact II wi\slIring of the link in ert in and position of mass ce ntre is
very di llicuh.. 1I 1'lI ce- ill siumla t. ion ex pc riu u-nt.s, tilt, ruodel un cert nint.ies are defined
I I)' pa r.uuctric d ist ll rha lH'l's with approx ima tely 20% va rint.i on fro m nor u in a l values
for link 11l:l:-'S and III OIlIt'lIl of iucr t ia).

011 Figun- ·1 and:; posi t ion er ro rs (tr ia l 10 a nd t.rial 1;,0 ) for t.he lirst and
seco nd dq;rl'l' of Ircedoru ill the case of singlc- Iayc r neural net wor k are gi ven . A s
WI. s-c froru tlu -sc.. figures, with repet.it ive trials tr acking errors are decreased and
learning i~ a ccomplis hed.

III si ruu latio u ex pe rin u-nts we ha ve applied p u re co n uor t inl1i~t and deco m posed
'I:J F- :lSF" network s t ruc t u res. III all simulat ion ex pe r iru-u ts, ( l lll vergell ct" criterion
(exac t ly tot.a l eporh sq ua re error) was J, = 10 Nm, '1'1 ... learruug of robot dynamics
is accomplished through tri al-and-error approach , when we ill successive epochs of
truiuing pr l'~f'J1 t sa m e 1rajcct.ory patterns.
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III siruu la t iou cx peri rueut with ha ck propagatio n a lgo ritl n u , the learning rate
for a ll layers is '1 = 0.01. In t he case of I{LS connect ionist. a lgorit hm , covariance
m a t r ices have fo low ing in itial values:

1" (0 ) = 1000; •1' - (0) = 1000; 1'"(0 ) = 1000;

To get a com pa rison of pure connect ionist st ruc t ure a nd ":!F-2S F" decom­
posed connect ionist struc t ure , some sim ula t ions expe riments with standard back
propagat ion algorir luu under sa me coud it.ions were performed. Fig. () shows the
ronvcrgl..'lI CP results (total epoch square error d uring t ini e ) for both conner t ionist
st rur t lire. The resu lt shows bet te r learni ng of dynam ic robot model alld significant
redu ct i on o f lparllillg t i rn e for decom posed c on ue c t i ou i s t structure .

' I h CUIlV -rge nc.. results o f hack propuga tiou algoruhm WIth ItLS algori thm
( F ig. I) III rl.e case of o n-line lea rn in g,

We ".u conclude fro III results , that s pecia lly with new RLS connec t ionist
m ethod \\p can achieve fast lea rning of robot dy namics .

In F ig ure ' posit ion error fo r firs t d .o.f, iu t he case of t r aj ectory tracking
with hal k propaga tion algorit hili and ItLS ruet. hod is shown The fi g u re shows the
Iirst and lOt It t ra in ing Iria l. It took about}» for one t rial , while sampling per iod
was I fil S .

T he lig u res s ho w that with repet it ive rr ials track ing erro rs using il LS method
are considerably decreased and in this way lJ i;!,hly ellic ieut. robot dynamic lea rn ing
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i~ a ccomplish r-d.

III o rder 10 vt'rify genl' ra liza t. ioll propcrtics o f proposed al ,!!;orilllllls , seine situ­
ulat.ion l'xIH'rillll'llts wvn- pvrfonucd . In t.llt ' gl'llerali zalioll pllasl ' robot 1110\'(' :-0

along dilfl ,("t'llt. t rajt 'ct ory ill rom pn risou with h'al' lI ing phast" exar t ly [roru poi lit
"{'/ E {O .:I ;O . I ;(J .:, ;O .;O .;U.}) 10 p O;III fJ ( '/ E {1.~ ;O .G ;O .(j ;O .:! ;O .:! ;O .:!} ) .

TI ll' gl' ll l'ra liz a t ion r.-sult (posil ion er ro r wii.h k-aruing using HLS III PI hod a nd
wit hou t I. 'arllill g for 1Ill' lirst. joint ) art> prescnt cd ill Figure D.

\\'e ca u Sl'l' t hat with "learn ed" iuverse dyu aruic ro bot 1I 1Odt' l , t.rucki ug for
qu it e dilfereut robot t rujec t.o ries is qu il l' sa t i:o:- fac tory.

s. l'O~(,LUS IO~

Ti ll' r l'~('a r c h work rvsu lis pn's('lIl l.'d ill this pap l'r indi cat e till' fea sihility o f IIS­

ing high-cllicieu: conuert.iouist st.r uct.u rcs for lca ru ing com plex inpu t/ otll put rela­
t.ions of rohoi. 's dyu.nnic«. Basl'd Oil situula tion results we ran say that. appli r at ion
of single-layer neural net works and 1lIlIltilayt'r IH'rn'pt.rolls i:-; very proiuisiug for
feedforward cont ro l o f rahat m anipula tors whose fuudauien tal dY II,lI J1 ic structure is
generally o r parti cul arly unk nown. llowever , twi n ' s t ra ightforwa rd 11 (,111',,1 networ k
is not suita ble for prar t ical solu t ious i ll renl -t iun-, beca use o f th e in creased dirucn­
sio nulity of input and out put spaces a ud long lcaruing ti me . hell cv, b a~cd 0 11 t.his
fa cts proposed II C\\' couuec t.ionist control a lgor it hms with decomposed "aF-2Sr"
s t ru ct.ur e uses availahh- iuforui .u ion about robot dynam ic b il l. o n ly ill ge ucrn l an d
s pec ific 1'0 1' 111. The li Se.' o f decomposition pr iuciple cna hlcs t.lu- sy uchro uo us t rain ­
ing of scv- rul multilayer per reptroll' a ll th c sim pler input / out put relations with
significa nt. reduction of learni ng t ir uo.

AHot her i ruport a lii fl"a t. u f(" of p roposed st ruc t II r {'~ is a possi h iIity o f acrelera t iou

of new learning a lgori th ms t hat use Recu rs ive Least Sq lla H' met hod for est imat­
ing of weight ing facto rs ill ne twork layers . These algori thm:" han' t he Ieat.ure t hat
the learuiug rat e is t irue depondcn t. , whi ch enab les th at. wit.h suf licie ut ly co nver­
gent so lu t ion t.hey assure [ust e r lcuruing Ihall t.hc gouc ra lized ddt a rille i ll s ra udn nl
backpropagat.ion algor illlllls . Also , as res ult , adaptive cnpa h ility o f th e co n nec t ion­
ist. controller to t.11(' sys te m un certainti es was clari fi ed .

Ackuowlcdgoiuout s. Th is work was su p por ted ill part hy g ra nts [1'0 111 the Na­
ti onal Scient ilic Foundation of Itep" " I;,, Serbia under the project ·'100·1 ItOn OTI­
1\ ,\ " . The a ut.hors wish 10 t h.u u k Vl ad a St efa novic for his as- istan cc ill t he defin ing
the prcliminary vers ion o f ItLS learning a lgor it h m. Special a pprec ia t ion i ~ expressed
to prof. Srdj au St ankov ic for rnany helpful d iscussions in the licld of neural ~et­

works.
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