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Abst.ract. 
Tht< pwbl�lIls uf controlling: '" pl<l.n� whillO <1.v(\iJill�; ub�ladlO� ami 

"xp.=!ri �nfing p"TblThatinn� in tllp. plant!'; dynami .. � ,'lor.=! r(,n!lidp.r�d. It 
is a.ssum<-o(\ that the plant's dynamics is not known in advance. To 

solve this problem a self-organizing artificial neural network (A)l"I\) 
�nlllt;(ln is sdvano�rl hf'ff'. Thf' A_�.� �on�;�ts nf vsrinm; P.'!rT:!';. Thf' 
fir�" pil.Tt nisr.ff'�ti7f'S thf' st.'!tP Sp.'l.r.f' nf thO'! pl.'!,nt .'!,nd Ilisn if'inn:<. thf' 
l!.�orTl.d,ry or I.IH� Sl,;;'l,� Spil':�. Tll� l�il.rlll, g�Orll�j riral 1·�Ii-1I,i\llls ilrl" I'�p­
rcs(,ntcd by i:lt.:,r;:d conned ions. Thcs(: connections are utiliz.:,d for 

planning a speed fidd . allowmg (ollis!()n free mot!()n. The sp€<?d field 
i� d.,tin�:J ,weT r.lw nf'ural Tp.pTf'l'oenr.inn of t Iw �r.;,tf' �p;,c.", linn i.'l tTans­
formf'd into control signals wir.h th'" h",lp of intf'rn",uron!'l 1I!I!ioc.illt� 
widl till:' lal�["".;.l connoecLiom;- '�oHu",dioIlS bI:'Lw"",<!1I iUL!:!rIIl:'urolls a.nd 

,'om,,)1 n"!urons f'nc:orle the inveThf" dyni!.mi,:� of t.h., plam. Thf'!'i"! C":(,Tl­
ncctions arc Icarnt durlIlg a direct systcm im'crsc idcntll'ication process 
by I1ebbian learning_ Theoretical results and computer experiments 

�how r.hl'! robmn.nf'RR of approac:h. 
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1 Introduction 

Controlling a manipulator can be Bllorlll0u�ly compie.x. from t1t� point of view 

vf an analytical approach :;ince it requir",s, the s,eCJuential computation of the 
location nfthR ul.rget, the path to })8 fnllO\ved w read tnt: tr'!rgp.t, t1H� inverso" 
joint kinemati<'8 that satisfies tlle "omtrfl.;ntR of "he pf'I,th ;l11(l tl1e ohstades, 

the inverse joint dyn amics and eventually the command 5€ries \ .. ·hile meeting­
the demand of change:;, of the plant's dynamics and the ellvironment 

Biologic:al evidences :<,trongly s,ugg"'£t that :ouch a. task can bE' solved with 

thp. htdp nf 1e;nn ing. Effort (jlong this r(Jllte indnde varifJlls inverRft l'ly:<,tem 
identification methods, 5uch ilS the din:d identification method .\liJJcr 1987; 
Kavmto, FUrukaWil, und Suzuki 1987; Widrow, McCool, and Medoff 1:)78, the 
mdirect method (that is b�ed on the identification of the for\'·:ard model) 
Joruau 1990; Werbos 1988; \Viurow 1986 <l.nu tht: rt:dbCtd.-error learning 
llWlhou (wbcJl LllC error:; genera.kd by a. IJrcyjou�ly Jixc.:d �Labilit;illg [eulb<lc.k 

controller are used to train the inverse system identification model) Lewis, 

Abdallah. and Dawson 1!)93; Miyamoto, Kawilto, Setoyama, and Suzuki 
19H8. For an overvie\ .. · flee Dean and Wellman lH�l; \filler, Sutton : and 
Werhos 1 990; �al'endra <'Ind Pa.rth<'l�<'Ir<'lchy 1 f:I::J1l or Vemuri 1 f:I::Ji\. The fO<'lIs 
of the present paper is <'I set ofself-organi'l.ing <'Irtindal nellral network (AKN) 
pmc.erlllrHl th ::t.t c.an hejoinf!d tmvanll; the whltion of c.omplf!x c.o11tmi iSS11Hl 
The! sdf-organized pril1<.ipie!s (l.r� g�ner<'ll, the <.omp'ltational exam ples serve 
ill,1strfl,tive pl1rposes. 

The! organi7.atinn of the article is <'IS fol1ows: In Se!r.tion 2 the! ner.ess<'Iry 

har.kgr01ll1d frnm r.ontrol theory <'Ind the inea of path J'lIAl1n ing a11(l speed 
neld tr::l.r.kil1g ::l.U' describerl Section � C:Ol1(:el'm with fflflcif(Jrward c(Jntrol 
The A�N that is <.<lpable of pl::l.nning collision free speeo:-l fielrl� , c.ontrolling 
the plant and learmnr; the inverSi'": dynamics is de5cribed as w>?JJ as compu­
tational ro?�ults are preso?nted Thi!'. sec.tion if> cio!>ed with a !>hort discussion 
Conclusivn!'. are dra\vn in Sec.tion 4. 

The l"\%lIlt" pref.ent.ed h",re show t.hi'lt it. if, �Ilflh:i�nt to Iflarn to control the 
dirfICtion of mot.ion ....... hile t.he speed of control C<'l.n h� tre<'l.teO as an indepen­

dent vari able when consldering speed field tracking for collision free motion. 

This relaxes the learning- problem. The proof for the learninp; of the im'erse 
uYllalllic� is also pUl IOrt.h here. 
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2 Preliminaries 

2.1 Assumptions concerning the controlled plant 

TR.t Rm,," t1el1nte re<l.l m x n matrices. \;Ve s:'ly that a matrix A admit.s 
a gel1er:'l.1i7:e(l inver�el if there is a matrix X for \vhic:h A X A = A hol(ls 
It it'> WAil known that (i) A is l1Omingnl<l.l" if am] onl y if it 11::tR a 1111iql1e 
general i7:A(I il1vAr�e and ( i i )  <l.ll the solntiom'> of IhA lillAar e(jH<l.t.iol1 Ax = h 
have the form x = Xb + (E - XA)y provided that the consIdered linear 
equation do% in fact have a solutiun B.,..n-I!;rat:l a.nd Gr"vilJ" 1974. Here y 
dE'.Ilot"d an arbitrary vecwr of the appropriato:-: dilllE'.Ilsions For conw.nience, 
the generali'7>ed inVf:r�,e of a mm-sing lllar matrix ,..\ will he dennt.Ad hy A-J 

M.!'>llmf: that the plant's eqlJation is given in the following form Isidori 
IttS:): 

q = b(q) +A(q)u (1 ) 

where q E R" i!! the �lale vector of Lhe plaut, (I i::f LIlt Lime deriva.tLve or q, 
II E Rm i� the mntml signal ,  h(qj E R.1l, and A(q) E Rll><:m. We a.'l<;ume 
chat the dom ain (d enoted hy D) of the �ta.te variahle q if! compa,-:t and is 
simply connected; t.hat n ::; m., <l.nd for each C] E n the rAnk of m atrix A(q) 
ift eqllal to n; that ift, t.he mat.rix ift nOllflinglllar. As <l. conseqllAnce t.he plant is 
strnngly contr':""lllflhle. In tnis c(I..<;e the ine<J.l1i'1.licy 11. < m mAans thflt tnere <l.re 
more il1aepellnent i'l.ct1J(nor� than �tat� vector compol1ents, i .e., th e control 
pro hI em ift red1l1Hli\11t. Another kind of redl1na::l.nc:y, or ill-poF.eane�ft OCC11f8 
when n> m in wn ich C:1se even A-1 is nnn- lln;ql1 e. 

Furthf?f, ' ... ·e aSSllm� that both of the matnx fif?lds, A(q;1 and A _1 (q) are 
differentiable w r.t q (di:ffer�ntiation is assUll1�:l to boO extended to matrix 
neld� in the u�ual way Lovelock and Rtllld 1975) 

2.2 Speed field tracking 

One way to obtain a dosed-loop control task il; to consider the I;pttd field 
tracking prohlAm . This is defined ;u, follow::.: Let \' = \'(q) he a fix+':d n 
nimenF.lonal ved.or field over TJ. The .�rt'!fld field tmr.kiTi!J truk i� to find the 
static state feedback C'.Ontrolu = u(q) that solvE'S the equation 

v(q) = 1>('1) + A(q)u(q) (2) 

I Sometimes it is called the pseudo-inverse, or simply the inverse of matrix A. 

M<Jl'e <.:ollvtulioll1:Li lash, �w:.:h a.:; the point to poi/ll c".trol and �he trajectory 
II'�cki,".q La::.k:; C(;l.nlloL be cxacLly rcwriLkn ill lh(; form o( :)IJ/.!,.,:J li·:;lu tracking, 
Speed field tracking- is non-typical in the control Jitcmturc. but <).riscs natu­
ro.J1y if we consider path planning tusks Connolly and Uru pcn 1993; Fomin. 
Szepesvari, and Lormcz 1991; Lei 1990. The lmportance of speed field track­
ing for ptlt"h plftnning C(l.n h� s11mmari?;�() (1$ follo\':s: In the. f,fl$,f! ()f poim to 
point control th� t,,�k is to 1hlJ (\ control chi'\! moves the. plant from i'\ given 
il1 ;ti::l.1 SUl.te (Cli, q;) into (l. prt�spAc:ified nn(l1 st?!€! giVfln hy 'It <lno <if :::: 0. 
the control F.;gl1 i'\J heing a f lJnction of time . Poim to poim cantr,",! is ill-posAo 

AS there (l.re fl.11 infinite n llmhN of path s to (<"1,,(1, = 0). H,",weVo'�r, if one 
requ ir� "mlli�ion free" motion , i .e . ,  when t.he plant should nr:·t. ent.er fI �o 
callen (st.at.ionary) 0h�t?lde region, then a. hllgf: TIllmber of !'.olut.ions bemme 
lln1\Ccepta.ble. One way to eTIlmre mllif.ion free mot.ion if, to design a collision 
frflfl pat.h as a fllnction of time, qd(t), and t.ra-::k this pa�h as dosflly ;:u; possi­
ble. In thIS way one arrive:; at �he �raJectory tracking task when a trajectory 

is given and the aim of the cuntrol is to find a feedb'lI.:k I.::ontrollaw \" .. hich is 
ablo:-: to impol;e on the �rL"OL" q(t) - q,,(t) a behaviur which a&ywptotically de­
cayfl Co 'l,f,ro i'Ii> time tf'lHh. to infinity. E'1t' (xmvf'nien<:o:'!, it ifi llsllaliy af.Sllm+':d 
that the desired referen('.e t.rfl.j�tor y is nm jllfit a fixed fllndion of time bllt : 
rather, ("oin<::ides with the output of some autonomous dynamical system. 
Speed :field tra.cking; may be considered as a specia.l case of trajoctory tra.ck­
ing' provided t.h;j,l t.lle dislillg ui�hed <l.ULU1l0IllOWi sy:st.em i� the pla.ut. il�d[ 
cOllLmlkd b.y (1.11 opliIll(l.ll.y designed :;lall: fl:l:dbucl� cOlllroliu·...,. The major 

difference between speed field tracking and trajectory trucking is caused by 
the fact thilt a speed field is given as a function of state \vhilc il trajectory is 
g;iven as a functIon of time. Consequently speed field tracking; 1 5  more robust 
<:I.1:l,t\jll:S� sl;j,le per[.llrbi:l.t.iuHS. Thi� Ci:l.11 be impon<:l.m if i� is crilica.l lo emure 
collision free motio11 :.Iole thaL trajectory Ll"ucltillb" may result in colli:;io11 

if the "d llal and the d�Rired Rt<ltf'S of th� pl"nt differ flllffic:lent.l y. Often it 
i� ha.rd to ex-chlde the pOMlibility of slJ(�h difl"erflnce::, hec:a.ll�� d unforeseen 
distllrh?l.nCf$. With speed fi�1rl t.racking th�re j� no f,llch pl'Oblem since the 

�peed field determines the motion a.<; a. fl1TIct.ion of stAte r1'l.t.her than 1'1.'<; (l 
function of time. 

Speed field tracking is robll�t in the follm .... ing �n"e: A"�llme that the 
speed fieln v = v(q) re�lllts in colli�ion free motion. Then for any �cal(lr 

field ..\ = ,\(q) for which 0 < mel..\(q) and sup .... /\(q) < 00 tho;! speed field 

v' = >.(q)v(q) results in collision free mu�i(ln, too In ordo:-:r to &+::+:: it note 
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lhnl lhe inlegra! curves of lhe eqLLnlion il = ",(q) nnu it = v'(q) nre lhe 

Su.Hle since lhe inleg;ml curves 01" lhese equu.liuns '-Ire cUHlpldc�l.y ddermined 

by their unity length tangentials. These normalized tangentials, hmvcyer, are 
just the same for the t, ... ·o speed fields. This property is important since this 
means that p;iven a speed field that g-uarantees collision free motion one can 
frpply redpTIne the sI'eeo of following this fielo 

SI'eerl field oesign for collision frpp control is the sl1hjPct of C11rrent re­
seMch TTw"ng <l.no Ahllja 1 9!·J�. An efficipnt lint "Iso qllite I'eCllli"r w"y of 
constrllcting the sI'eed field is to comI'lltP the stationary 110w of <I. well oe­
signed oiif11sion over the state sI'acp Connol ly "no GrllI'en 1 �9;1; Ghl.c,illS, Ko­
mooa, :1.nd Gielpn 1884; KeymPlllen :1.11d DecllYI'er 1 P�2; Lpi 1 �90; !\'·Tor:1.."so, 
S:1.ng11indi, ann TSllji '18RR; T1\rCl...c,senko 1\nd Rl:1.kP 1�81 The nPllr:1.1 1\rchi­
ted11re th"t is caI'<l.ble of rlesigning " oiscrdi7.en speed fipk] is descrihen in 
Section R. Another methorl for COnSTr11cting the speed field is thp I'0ten­
tJaI field method Locano-Perez and Wesley 1979. Artificial potential fields, 
however, may have deceptive local minima 

2.3 Inverse dynamics 

Given the plant's dynamics by Equation ( 1 )  the inverse dynamics of the :plant 
is given as follows 

where y = y(q, tJ i� an 1l.rhitrary f1l l1ction. Of COllrse, the control signal 

u(q) = p(q, v(q)) 

solves thp :o,peed fieln tr1\cking control t(1 .. "k given by Eqll<l.tion (2). Th/O mill" 
val1U: of fhf illllfT.'f dynamirs i., gi!.'fn �y y(q, t) = 0, i.f., by 

This assumption slmplifies the calculations and 1S justified later 

2.4 Speed field planning 

In this section we review the works Lei 1990: Keymelilen and Decuyper 1992; 
Connolly and Gnlpen 1993; Glasills, Komoda, and Gielen 1994; Mar�hall 
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(:\lId TarGSsenku 1994 lhal served a� lhe origin o[ uur speed lleld plcullling 

neurul nell-';ork 1'11e neural 5pruJ.dillY ucliur.Jliuli (S.A�I mdhud we consider 

CLm be vie,ved as the discretization of the following diffusion like differential 
equution: 

9="'9+1, 

where i.p = i.p(q, t) is the activity, 1 = l(q) is the pxtern <l.l11m.'.' 1lnd 

6 = (32j8xi + cP jax; + ... + a2jax!) 
is the Laplacean operator Let m denote the stationary solution of (;:;) by 
'P" = tp.(q) Then the equation of motion of the plant is given 'by 

where K. is :1. positive constant, i.p., the sPPPo field to follow is given by 

v(q) = ""9'(q) 
The external 11 ow is :o,uch that tne plant movp� from the st"rt to the t"rgd 

:o,tate: it is c1eterminpo by thp <l.d11al st"tP of thp pl<l.nt t:1.king tne V<l.ille of 1 
at the actllal state and the vahle of -1 at the targ-et state, otherv:ise being­
zero. This way activity flows from the actllal state towards the target state 
The 'boundary conditions of Equation (ti) may be chosen to ensure collision 
free I'Cl.ths. Two llletllOc1:o, typically l1sed tll Cl.t gllCl.rentee the "flow to Cl.void 
the forbirldpn :7,One. The Ne11mann tYlie of h011nd Cl.ry conoitiol1 re<:J.llirp� thp 
normal component of the flow wnh respect to the boundary of F to be zero' 

8�1 An of = 0 
As a resllit t he "flow 1lvoios t ne 0 bst:1.clp space. The Dirich let tYI'e of bOllllc1ary 
condition sds thp 110w level 1\long the bOllndary of free sp1lce const1\nt· 

(oS) 

The Dirichlet bOlllldary condition c"n ref,ll it III a tenc1pncy for the pl1lnt to 
depart from the fc·rbidoen zonp. Tne Nelllll:1.nn conc1ition , on thp other h<l.no, 
specifies that thp flow is t1\ngenti1\1 to tne b011no<l.ry of the forbidoen ?:one 1\nc1 
the reslliting motion �t"y� close to the forliidoen 70np. TTere we note th"t 
hy llsing tnp line1lr combination of tnp Nellm<l.nn :1.nd Dirichlet bOllllc1ary 
conditions the tendency to depart from the forbidden zone can continuously 
be balanced 
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3 Feedforward Control 

Th", neu1'Ocont1'Oller, which ilS descril)ed below, was wgge.-sted in Fomin, 
Szepesvari , and Lorincz 1994, Sze:pesvari and Lorincz 1995 for closed-loop 
feed forward sellsorimotor cOlltrol. The b('J.'Sis of tll� llellrc)controller is the 
P(l.tll pl"nning dYll (l.llliCl'; th (l.t is des"il!eo in the pr�vio1ls sed ion \Ve h "ve 
extended thls dynamics to include the learning of an approximate inverse dy­
namics model of the plant. )[mv, a brief overview of the controller is given 

Let us firlSt consider the path planning part of the neurocontroller (see 
Fig. 1). Tll� p(l.th pl"nning prohl�lll is givell ill terms of discrAti7-aticm puint 
occupancies. Any discretization point, called sp'Jti'Jliy tlJncd neuron, can be 
occupied by an obstacle, the plelnt , or the turget. It is also possible that 
more than one discretlZation point is occupied by a.n object. This results m 
a, coctr:;e coded, di:;lribLlled represenla.liOll o[ t.he object. lhat. in t.urn resulls 
in :;moolhcr conlrol signab. Bct.\'i'�c�n fII.:iy/t6uuriu,lj discrdit;at.ion f,lOillt.S l(l.l­
erally oriented gcometriwl connections may be developed. It cun be shmvn 
thut such a system cun approximate the geometry of the external viOrld un­
der SllitC1.ble conoitions \hrtinpt7- 1 ��:); Sz�pesvc'i.ri and T,c:.rincr;; 1 ��f:i The 
geom�tric(l.l "onnedions "an hp 11S�d to spreCld the adiv(l.tion within the ne1l­
ral InYAr \Vh�n the activity spreC1.Cling on the n iscrNir;;ation syst�m sNtles 
WP S(l.y tll (l.t il.n (I."tivity fipld is form�d. \Ve "all this th� eqll ilihrillm (l.div­
ity map. Thp pl(l.l1t Sh011lo mclY� C1.long the "gr(l.dient" of this Clctivity m (l.p. 
(Hpre, C1.nd hplow we "onsider the n�llr(l.l network ClS a mlmericil.l Clpproxima­
tion of (l. "ontimlOlls system. Tf the concepts ue llsed with C(l.re th�n on� C(l.n 
talk ahom the grndient fipld in the oiscrdiz�d system, i .e. ,  th� Clpproximn.­
tion of tile "Orr�Sl!omlillg qllil.lltity in the ccmtimlOlls system. The expr�s.'Sirm. 
diredionil.1 o�riv"tive .vill il.lso be llseo in this w"y.) Th� adivrltion sprerlding 
equation that forms this activity map lS the discretization of Equatlon (5) 
The obstacle avoidance is achieved by ISetting up the apprupria.te boundary 
conditions, our case by forbidding the activity to spread along the lateral 
"cmnections of th� "orrespundillg nellr011S tllllS (l.pproximating th� \Te1l111il.ll ll 
bOll11d (l.ry COlldition (l.rOlmd the ohstrld�s. Tf the gril.dient of th� �qllilihrilllll 
mup is followed it results in a path from the plant's actual position to the 
g-oal position For on-line motion control the activity map should be con­
linllously llPg-raded. Thi:; i:; illljJort.anl if either lhe ob:;t.ades or lhe gual is 
moving, or Lh,� conlrollcr or lhc :;cn:;or:; arc illlf,lCrfcd. For cUllt.inuoll:; mo­
tion the changes of the equili brium activity mup ure differential und thus the 
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reiC'.xalion lillie of Lhe spreading aclivi:l.t.iuH model i� a diiIerenli(:\1 qLlanlily 
This CllClOIc::; Casl, on-line f)u.lh planning-. 

It is also a nontrivial task to follow the gradient of the equilibrium activ­
ity me,-p. This tMk, llu.mcly tracking a prescribed speed field is described in 
Section 2.2. Solvmg- thu:; task requires a. knowledp;e of the inverse dynamlc5 
of the plant. H:!\';�vpr, (l �  it w(\..", OhSNVP<:l <l.hovp, in onh'�r to enSll]'e colli­
SiOll free motion it is enollgh to follow (t TlroportiollCli sTlf'ecl field; \vhere the 
proponion"lity can be (l. fllll"tioll of the :o,tate provided th"t the proportion­
C1.lity h(l."l a rORitive lower hOlma Cl.110 (l. TInite llprer hClllll n .  ThiR eCl.",es the 
leaning Tlrohhcm since it sllifkes to knmv <l. mapping that is proportiOll<l.i to 
the invers� dynamics mapping S1ld a proportion al mapping is callpcl th� 
Position-nin�rtion to Action (pnA) mapping. Tt h('J." hppn shown in F'omin; 
S7.ep�sd.ri , and Lorinc7 1 !�94; S7.�l!psvc'i.ri and VSrillC7. 1 99!j then th� reClli:::m­
tiOll anclle"rning of pnA m "l!pillg can be wived I!y simpl� TTehhian leClrning 
and by extending the path planning- architecture by adding two new neuronal 
layers the path planner n",ural net is equipped with interneuronlS and control 
(command) n",u1'Ons 1:lSee F ig. 1) 

Ccmtrol mmrons Sl101llci emit the control sign (1.1  Hat moVf�S tll� plilnt Cllong 
th� gr(l.ciient. Tntenlellrons ilre Sitll "t�O il.t lat�rill "onn�ctions (to �ad "on­
nection there correspond two directiv� and th11S two mterne11rons) and are 
connected to the control command neurons by adaptlve connections. Equiva­
lenliy, inlerneurom; CMl be considered t.u slore conlrol CUlllilla,n<.h. The work­
ing lllcchani:;lll o[ t.hc ncuroconlrollcr is uS fullow:;: An inlcrncuron i:; clwblcd 
to "nrc" only if it is in the neighbourhood of the plant's state represented on 
the discretization layer. This localization (similar to CMAC and Radial Basis 
Funct ion methods) enables state dependent non-linear inverse dynamics to 
be realiz;ed. The llring- of an int.ernellron i:; pl"Oporlional to lhe exlenl of flow 
'-I.long lhc currc::ipondillg conllccLion {i.c .. lItc firing o[ '-1.11 illlcrncllron is all 
(l.pproximation of the dirpdion il.1 o�riv"tive of the Rte;uly Rtate activity m "pl 
Every firing intern�llron RPnos its "ontrol "ommand mliitiplieo hy its -firing 
to thp control nellrons. Thes� nellrons sllm lip th�ir incoming (l"tivitiPR (l.nd 
emit the "ompmed V(l.ille. This proced1lre il.pproxim (l.tes the pnA m (l.pping 
provided that th� control comm"noR of any intern�llron mov� th� plant (llong 
th� dir�ction of the "orresponding conn�ction It  h('J.'S b�en shown thil.t tl1is 
(l.pproximation iR �X(l."t in the limit \"'h�n th� -fin�ness of thp cliscrdization 
approa('lt� zero and If the local neighbourhood of any given discretization 
point is ISpanned by the direction vectorlS corr",.:sponding to the neighbouring 
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in�eJ'Jteuroll:) or lhe dis<.:re�i:ba�ion V0iul under (;onsider��jon_ 
Th� adaplalion of Lh� 1 .. -cig;hL::; bd"'i��11 jlll�I'LlCUI'Ull::; and COlllml ':;Oill­

mo.nd neurons is based on a gencml inverse: identifico.tion schcm-: that uti­
lizcs ussociativc Hcbbian learning;: a randomly chosen control command and 
the interneuron sig-na.ls are associated with Hebbia.n learnlllg-, where the lll­
tel'nf!11rol1 signals afe wmpmea from the path :plallnillg :prohlem ""hefe the 
"plant_positioll" (l.na "goal-IJClsition" are the ph11t 's inititl.l position Clno the 
position <Iofter the exe"ution of the fandomly chOl'lell r,()ntrol mmmi'l.nd, fe­
I'Iper.tively. Tt h<'l..<; heen sh()wn that in this way the nellfocontfollef is ci'lpahle 
of leflrning t he correct. control commanol'l and f11rt her it lei'l.rnF, i'I. proportional 
mfl.pping to tne mi'l.in vahle of tne inve""e oynl\mics (l'Iee F.'ql1i'1.t.iol1 4). Tnf: 
advantC1£;e of !-Iel f-organi7,ecl a.'!.."!ociCltive lel\rning il'l I.na.t it can not bf: t.ra.ppecl 
in local minima. 1I0wf:ver, its disadvantage iR that exhaustive sampling of a 
high dimensional control spac..e can he very time r.onsllming. 

]n tho? next fo?w sections v.e describe the working and learning of this 
neul"OcontrvUer in details 

3.1 Sp""c\ Field Planning hy a NelU"al Network 

In this sectIon we reyie' .. ' previious .... orks that solve Equation (5) by discretiz­
illS" �he :)�tt�t tip(l.ce of lhe pl<l.nl COIlnoily <l.UU GrupeJI 1993; Gla:>iuti, Komod<l.; 
alia Giukn 1004; Kuymcukn and Dccuyper 10n; Lei 1000; MOl"a:>So, San­
guineti, o.lld Tsuji HJl)3; 'l'o.russenko o.nd Hlalce: 1001. Concepts o.re expressed 
in o.rtincio.l neural network terms in order to emp.ho..size the highly parallel 
and localized nature of the involved computations. 

Di::j(.:reli't",li0n poinls, or g-rid poinll): or di,H·/"f;;//'zir.y ntlJI"Ofi" Me eveltly 
distrihuted in the. state space. Tt is (I.%11me.d thar, every discr�ti7,ing nel1ron i 
h-.."l a pClF,ition C; in t ne st.at.e spaCf:, 'rne re.I'I:pCln:o.e of i'I. nelJron to rt !-Ihl.te. �pi'l.ce 
vector il> a.c,!-IllmeO to depend on its position. With the nelp of the discreti7-ing 
nellron!-l th� path planning prohlem mfl.y be a:pproxima.ted by distingui!-lning 
four t.YPAl> of neurons: torgd Uf'Ilron.' correRpond to tne target �tate, .,tart 
neuron.' conespond to the start state, ar:ti1lfo l1e'lrOn,f correspond to the free­
spac..e, and iU!ldive fH;llmu.' c..()rreRpond to the forbidden region of t.he Rti'l.te 

space. It is <'I..�slln1f'd that there is only one target and one start. nellron and 

that tho;! set of activO>. and inactive neurons is diSjunct Tho;! degree to which 
every neuron participates in any of the ahov� (:iasselO L. .. either 0 vL' 1. Thus 
we may SP(lak about target and stan ac�i\-'ities a. .. well as oblOtade activiti�. 

11 

The diITul)ioll pron:'s::; (Equa�ion (5)) wi�h �he Neuw�nll lype or boundary 
(;ondiLi()J1 is tiimulaled 011 Lhe di::;<.:rdi�inb layel by dl� fulbwiug; equalion 

(j-;::::Ii + L (:11<-(7,); iEF 
I<E ..... ,nf<' 

where F iti LIu: :)el of ",clive neurons (curre:spolldiIlI:l; l0 the [r;;:e space) awl 
:'Vj uelwles lhe seL of neighbuuring g;rid �)()inl:) of griu p0inL i .. llU (Ji i:; lhe.: 
discretized version of tnc activity flow <; at position Cj. The external signal 
Ii takes tnc values of 0, 1 or - L 1; = 1 if ncurOll i is tnc start ncurOll. 
Ii = -I If neuron j is the target neuron and Ii = 0, otherv,ise. Equation (9) 
ca.n bf: interpretNI a.<:, .,prP.ading of ar.til.'atiofl (SA): activl\tion (1i nl.l1 spread 
hetween neighhnnring nenrons provided thl\t they hoth belo ng; to the free 
space region. TniR way activation avoids obst.acle regiollR. The external 
signal I, corresponds to the wurce and sink flows, If the SOlm:e and �ink 
flows I\re equal 0::. Ii :::: D) then the total act.ivity of the network remains 

constant during the procAI>s 0:::. r.ri :::: 0). 
The next step of t.he pClth genera.�ion prclcedure is the determinat.ion of 

t.he equilihrium ¥.tivitieR of (9). na.<:,ed 011 the equilihrium adivity map one 
may adopt. the foll0\ .... ing ni'l.ive path pli'l.nning procedure: Ar. any time step 
the subsi?quenc state of th� plant 15 definoo as the neig-hbourmg position of 
the start ueuron with the steepest activity drop Assumo:<, that the index of 
the start ueuron is i Ld l b", the index of it::. neighbouriug neuron satisfying 

(10) 

The Ilex� tilo.le of �he plo.nl I::; given by cr. 
After the. plClnt is moved to !-Iti'ltf: <'I fhe pr()r.echlre is rep�aterl: the patn 

planning ta.c,k iF, tri'l.llfiformed onto the nellronal laYflr, SA !-Itart.s and :o.ettle!-l 
a.nd the next sta.te iR cleterminecl according t.o t.he" grfl.dient." of the stationary 
a.r:tivation. f\'ote, tha.t the initial activities of an SA :p1'oeeRs may be t.aken 
<'I..� t.ne relaxed activities of the previOlls step. In thi:r. CMe tne TIner the dis­
cl'eti7,ation the shorter t.ne exper.ted relaxa.tion time thClt reacne:r, 7&ro in the 
,.ominllOllR limit. Thi� procedure wa.c, tenned Mive becau:o.e of two refl.."!ClnR: 

(i) with little sophistication the move to the neighbouring neuron may be 
smoothened and (ii) the mow to the neighbouring neuron is not know yet 
and should be the subject of learning. 
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3.1.1 The feedforward controller 

Tn thi::l sedion we introdllce the architedure ::tnd the fundioning of thp pro­
posed control ndwork First the SA model of the previous section is extended 
to plan smooth trajectories in a natural fashion Then the mathematical 
hackgrOll1ld of the comhim l.tiC!1l of tile cc!ntrol eqml.tic!ll (Equation ( 1 ) )  (lnd 
the patl1 gener::l.tion equation (Equation (f:;)J "re given . These resl1lt� moti­
vate the extension of the architecture by interneurons; control neurons and 
control command connections The f1ll1ctioning of the ndwork is designed 
in a way that the calculations remain local and parallel and the output of 
cunt.rol neuron::: provid,� direcLly lhe conLrul :::iP1Cl.l 01" lhe piu.nl. Finally we 

show how direct associCltive lca.rning can be used to learn the optimal control 
command vectors 

3.1.2 Coarse coding and gradient estimation 

Smootll trajectorip::l are dp::lir"hle in m ::tny "pplication::l. Tn tnp ANN m odel 
rliscu%pcl ahove there <l.re two SOllrce� of non-smooth tr::tjedorieR 

1 .  Di::lcrdi7.ing ne11rOn::l with hinary OlltlJllts. 

2. One state of the plant corresponds to one p;nd point. 

In fact, the second assumption implies the :first and if the second assumption 
is relaxed then the first assumption means an ambig-uous I:or inaccura.te) 
pro hi em rpprespntation Tnis prohlem will he circunwented <l.S fe,l1o,,;s: 

The fir�t (I.%umption iR relaxpcl hy enahling the nellrOn::l to develope con­
tillllOl1R respome ::lign als, i .e. hy en"hling co"rse corling TI1is w::ty we get 
a fu7.7.Y repre::lent<l.tion of the patn pl<l.nning pro hi em being <l.dVanteg0l1::l in 
m <l.ny respectR Rl1melhart , Hinton, ann \Villi<l.m� 1 �gf). As ::t comeql1ence, 
the "fm;;r;;y �et" of st::trt, hrget, (lctive ::tnrl in ::tdive neurons may overl <l.p. For 
�afety re(l.<;ons v·/e da,,,�ify nemons having ahove thresholcl ohstadp activities 
a,<; in(tctive neuruns. Otner ne11rons Me considered ::l.ctive. 

Si11ce �t"rt "nd target ne11rons ::l.re no longer uniql1e the external -Amv T; 

V'll! be d�termined as follows' 

I; = si!s - li/l 

where Si and ti are the continuous start and targ-�t actiyit1e.<; of neuron I ,  
r",.spectively and t = EiEF ti and S = EiEF S; are flow normalizing factors 
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To relax lhe secund a::;sulllPt.ion we reconsider lhe conlinuoLL:> equat.iun of 

lllut.iun 01" (6�1. According lu lhis eq uClliun we ItClve lo dderlllillC LIt,� ::;peed 
vector of motion given (lS the gradient of the stCltionClry :limv CIt the sta.rt 
position 

The p;radient can be approx1mated by directlOnal derivatives of the sta­
tioll< l.ry fiow. '1'0 thi::l encl let 11::l introrllJ(�e thp concept of gPClmNry vpctor� 
'1'hp geomptry vector hetween nel1ron i and  j i� the vector then points from 
the po�ition f:; of nell ron i towMds tlle IJosition ('j of ne1lfon j :  g,) = Cj - C; 
Let iTi denotp the sb.tion ::try <l.divity ::tt node j Thp gr<l.dient of the stCltionClry 
activity -A OI',' at node i is approxim <l.ted hy 

wh'�re 

di = L l;,jgi.i ' 
iEN;nF 

1S the approx1mation of the directional derivative of a with respect to gi] at 
the point Ci, where 

( 1 ;)) 

Th,� 'WiJ values clIT uefind. unly [or n<..:lghbouring neurons Clnu (l,r'� calld lhe 
strength of neighbouring connection between neuron i and j.2 The gradient 
of the flow CIt the state of the plant is approximated by the gradients of the 
-Aow at rliscretir;;ing pOintR (nellrons) weightpcl by the CO(lrsp coclerl (lctivities 
of the stClte of the pl<l.nt: 

0 =  L HiOi, 
iEF 

( 1 4) 

Note, that in equation U l :1 it is necessary to re:;trid the summat10n for 
active nodes (elements of F) since activities, and th1lS I;J values are only 
defined [or active nude:::. The I;,j vallles nH\y be inlerjJret.ed a::; Lhe a.clivily 
11m', along lh,� llCig;llbouring COllll'�ct.iun bdween ll(;uron i Clnu j 

iU .3 Following tllP grarJipnt 

Tn order to re<l.lir;;e Eqml.tion (2) in pr::tdice \ve hClve to represent the inver�e 
dynamics of tne plant in <l. Rllit(\hle \'I<l.y. First let us fix (\n arhitrClry point 

�Equation 9 should be mudified accurdin!l;ly by replacin;;,; the terms of the summation 
with the iij yalues 
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q in t.he :>pi:l.ce. This poinl liE\y be dlOsen as G di:>crelizGlion poinl. Lel 
\' 1 ,  , VI: E it" uenot.<..: k " direction" v<..:clor::; (k � u) One illig-hl l.hink ur 
the geometrical vectors belonging to a discretization point Assume, that the 
conto! vectors al , .  ak E it'" satisfy the equalities 

V; = b(q) + A(q)a; ,  i = 1 , , k  ( 1 1) )  

A::l::lllme, thClt the k nirection vector::l V 1 , , VI; Sr<l.n tlw n nimension <l.l ::lr<l.ce. 
\Ve rrorO::le th <l.t the k control vpctors a1,  , <:II; <l.re sll"fficient for controlling 
the pl<l.nt Cl.t tile stCl.te '1_ To show this, <l.S::lume tll Cl.t thp plCl.nt i::l to be moved 
into thp direction d from thp point q <l.nn d i::l expres::lNI <l.S 

d = L IYiVi , 
.=1 

k 
,."ith L ()'i = 1 .  

.=1  
( l fi J  

\Totp, th <l.t if thPre <l.re <l.t Ip<l..% n + 1 vpctor::l <l.mong the vedor::l V i  th<l.t <l.re 
affine indepenoent (i.e., any 11 vector sp<l.n Rn), then coefficientR th <l.t �Cltisfy 

Zi O:i = 1 may be found Let us consider the control vector 

a = L: ai<:li 
i=l 

( 1 7) 

Sllbstit11ting ( 1 7) into P<}llCltion ( 1 )  \'.'f-- h ave that the control vector a yieldR 
the speed vector d 

3.1.4 Computing the gradient and motion control 

Ass1llne, that we are given a l)ath planning problem and the recurrent net­
work hCl.s :1.lre<l.dy relaxwl in a :;tatic!llary RtClte. One may cumpme then the 
"ontrol sign:1.1 in the follmving fCi.�hion The srewl vedor of the pl<l.nt mllst 
corri".spond to the gTad1ent of the statlOnary flmv at the start state In sec­
tion 3 ,1 .2  it wa:, shmvn that the gradient of the flmv at the start state can 
be e.',timated by d = ZiEF sidi; where di is the approximated gradient at 
neuron ! di = ZjEII.';n,.. Ii.igi,i ' lI,here Ii.i = wi,i (u,i - u;) According lo L1e 
previous section if one is given the control vectors ai.i , j E /Vi, satisfying 

then 
<:Ii = L: Ti,i<:li.i 

JE.'"nF 

Hi 

(18) 

illuves lhe plant. inlo lhe directiun di provided t.lIGl lhe jJla.lll i:>  in :>lale Ci:3 
TClking illlU Clccounl LIl(; cUClr:>e coding of L.h,� :>t.Clt.e of Ul(; f)lcUIL, i-c., LIwL lhe 

state of the plant IS glven as the blob { Si }  we get that the control vector is 
approximated by 

a = L Siai . (20) 

Considerations (19) and 1:20) fit well to the recurrent architectme that com­
pm", the st<l.tic!ll <l.ry flow. Let 11S extfmd the :1.rchitectllre l,y cmltrol 11e11-
rons :1.nn interneuronR_ Control lHmrons provioe control sign <l.ls ann are con­
nected to mterneurons via command connections Interneurons corre.''ipond 
to neighbouring connections and monitor the activities that flow along the 
cOllnectiom Gnd jJrovide proporliunal OUlPLLlS wit.h lhose, i.e, lhe OUlPLLl of 
inlern<..:urun ( i , j )  is g-ivell by Siii,i- Lel lhe coillllland cunn<..:dion lhal slClrt.s 
from interneuron (i, j) and ends on control neuron k be the kth component 
of aii' Then the motion planning and execution procedure is the follmving 

Step 1. Develo:pe the coarse coding of the path planning task on the recur­
rent network 

Stpp 2. Comput", the st<l.tim1 <l.ry -fiuw by <l.ctivation spreCldi11g. 

Step ;-L TnternellronR compme th", dirf--ctionClI dPriv<l.tives oft h", -fiow weighted 
by the CO<l.rRe coding <l.divities of th", <l.dllal RtClt", of the rl<l.nt. 

Stev 4. Inlerne urollS send lheir u lllpllL:> lhrough lhe COllUIH\nd connections 
t.u the conlrol nellrons, The sum of received aclivilic::; is lhe conlrol 
signal, 

The architecture is shmvn in Figure 1. 

3.1.5 Direct, associative identification of the inverse dynamics 

Tllf-- <l.im oftl1iR s",dion i:; to :;how til :1.t actic!ll vectors Ratisfyi11g Rq11<l.tirm ( 1 9) 
m :1.y h", le<l.rnt _ The -nrst observ(ltion iR that thf-- st:1.tion :1.ry (l"tiv<l.tion of thf-­
SA flow can provide an 1mmediate remforcement signal: the level of the SA 

a.t the start state increases (decreases) as the plant moves closer (farther) 

" Tn Rql1at.ion (19) the Tij coefficient.s �ho111o have hf'en norma1i:>;eo hllt. arcmrllngt.o 01JT 

numerical experiments Equation (19) can wurk equally welL 
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relalive lo lhe previuusly defined and fixed largeL The slalionary SA flow 

uilfe..:rellCC::; ma.y be u::;e..:u lu evaluale l.h·� CUITe..:nL moLion combinuLion. SA 

thus fucilitatcs reinforcement learning; It may be "\',.-orth noting t.hat tar­
get oriented motion is possible even , ... ·itnout learning; provided tnat motions 
are invertible: motions that brinh" the plant farther should be undone while 
motions rrnl.t brillg thp IJlallt doser call be accepted 

The learllillg scheme we IJroIJose below is similar to direct im'Prse mod­
el ing Widrow, "kCool, and "\fedoff 1 !·J7K; Psaltis, SideriR, ilnd 'Yam amllra 
1 9&\; GrosRbPrg alld KllIJersteill 1 �·JKfi: Thp colltrol sigllal alld thp m Oyemellt 
produced by the plant ill ref'lIJollse to the comrol sigllal IJl'C)vide the d,1t(l for 
Iparllillg. However, our method is llOt a vari aticlll of Prror back-IJroIJagatioll 
(or ill comrol theoretical terms we are not llRing the method of variatiolls) 
The maill l!oillt of the algorithm is that the movemellt iR reIJresellted by the 
statioll ary "flow corrpsIJolldillg to the initial state of the l!lrlllt aR the R01Jrce 
and th� stat� of th� plant aft�r the movement as the targ-�t state This 
way the algorithm is fully self-organized and self-contained The learning of 
the additiv� term b(q) uf the inverse dynamic� is nut detailed here it can 

be eilsily le<l.rllt l!y u:=,ing the pl<l.llt'S :;;ero dyml.miCnc,; i .e. ,  by Retting 11 = 0 
and le<l.rning the resll iting movements Tn l!elow only the leilrning of tile 
multiphcatlve term, AJq) 'will be consideroo . Th� alg-orithm is as follows 

St.ep 1. D�velop the coarse coding that cOrreSl)olllis to the stat� uf the plant 
Store it as start activities 

St.ep 2_ Choose il random control signal and feed it into thp l!lallt 

St.ep 3. Compute the coarse coding of the resulting state of the plant and 
use it as the tarh"et activities. 

St.ep 4. Compute the stationary flow according tu thes� st art and target 
u.cLiyilic::; 

St.ep .1 _ Associate the control Rignal to internemons weightAd by the Olltpllt 
of the int�rneurons 

Tn SteIJ S. the sign :1.1 HebbiCln learning rule may bp used, i.e. 

(21 ) 
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where 0 < C�i.i < 1 i ::;  lhe learning rale of interneuron ( i , j ) .  The learning; rate 

cU.n oe lime d·�pclluenl or ::;lu.liunu.ry. II is re..:(l.::;ollaok Lo chuu::;e u. .l{uobin::;­
Monro type time dependence Hobbins and Monro 1951: Wasem 1909 in order 
to ensure the convergence of a;.i to the averag;e of learning samples ..... rith 

respect to the input dlstnbutlOn and also to maintain adaptivlty forever 
However, in this c(l.."e ::vhptivity mClY become extremely simI.' by time. Tf the 
leaning rClte i:=, keIJt constant then (l.(](lptivity may be keIJt above Cl IJredeihed 
level. Tn thi:=, C(l.."e �;j m ay be considprpd (l..c, :1. Rtod a."tic variable with mean 
given by the samIJlp average and deviation m Clgnitllde IJfOIJortion :1.1 tO A 
Am ari H lfi7 after enough training epochR h ave IJCl..c,RPc1. 

Another IJossible le(lrning methoc1 wCl1llcl be to Rtore thp " best action 
vector so fnr" Hm".'ever, thiR method m ay bp sellRitivp to RtClte errors; while 
thA TTebbian learning dOAS averagA :1.nd Ciln handlp noiRY inIJllts too 

VAt anoner pORsiblA met hod is to restrict learning to t hA immAc1iate neigh­
bourhood of the neuron with the hig-hest s, activity, and further to th� in­
tern�uron that has the highest fluw Iij, that is 

�a ' _ { r1;.i l,a - �ij}; 
'.1 - u; 

if S; = mClxl; sf  and Ti.! = m axI Ti[, 
otllenvise. 

Learning- rule (21 ) can be considered as the "soft" verSlOn of (22:1 For thlS 

lalter rule we can prove lhal lhe Emil uf lhe ai.! veclor::; ::;ali::;[y (18) and lhu::; 

lhe..: a1sorilhm cU.n ku.rH lhe illve..:r::;·� dynamic::; o[ (J,llY pi(J,lll up Lo lhe..: precision 

of discretization. 

Aguin, if the time dependence of the Lli.f values satisfy I:t ai.,-(n = 00 and 
I:t O:�j(t) < 00, \vhere t is illcremented only if imernpuron ( i ,j )  learns, then 
t he convergence of B;.i is gU(lr(lnteed. The limit of Clction vector corresIJonc1ing 
to internemon (i,y") CCln be written in the form 

a = / dP(x) / 1/(x, y)dP(ylxl, Jw lY(x) 
wllere 1/ l�X. y) = A - 1 1:x - b ) + (E - A - 1 A ) y witll A = A (r:; ) , b  = bl:r:;) <l.m] 
H' is the SAt of x c1irection vectors for which thA geometry COllnActioll U , j )  is 
the "winner" , and Y(x) represents an arbitrary measurable set Su bstituting 
the expreSSlOn for w:x; y )  m the above equation yields 
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where :X = iw xdP(x). From �hi� f(Jllovi:' �hM if IV i� �YUlille�ric(:Ll w.n. g;j 
(c.b. thc disrdi'bali(Jll is n..:g,ul(l.r) , LIlCll :x = gij . Thus ill Uli:, Ca.':i(! IT S(l.Lisli(;s 
Equation (18J. Mon�ovcr, if thG sampling of ys is 0.1500 symm-:tricu.l for each 
given x, tho.t is if Y(x) is ccntru.lly symmetric, t.hen the second term in the 
above equa.tion disappears, too 

3.2 Computational results 

Tn the eX<'Lmple.s prel;e.nte.ri h e.re.<'Lfte.r the gtate. sp<'Lce is the twn riimengion<'L1 
rectangle in [n, ' l  x [n, ' ] ,  \vhile. the. control system of the plant h tl...<; fnur cnm­
ponent!!.. ThllS Wf! trefl.t fI. red nnd<'Lnt. control prohlem : the clegrees of freedom 
in the mlJt.,r c:nmm<'Lnd spac:e is h ighf:r th an the degr� of freedom in thf: 
task space. As point.ed ont hy Jordan such redlmd(lncy can not. he solved 
by dirBct error back-propagation· there are infinite possiblE' (".ombinations of 
command errvn. that would lead tv the sam� error e.xpresSo:«\ in task c.uvrdi­
natE'$.. Jordan 1990. However, as W� will see our system is capable of solving 
chis rf:(lundant t.ank:<; 

The prH>e.nted control prohlemf. are sim ple .if-n.wry-mofnr (;Otltrnl prob­
lems· the s&at� space lli repre>ented throu�h a S€'.nsor syst�m. A Simulated 
camera., l.e., a pixel dllicretizatIQn proVides the input for the system. The 
d�cl"e�i:6illb· IleUr()n� work OIl �he " iill�t sptlce" of lhe �illlUli:\�ed C(l.lller(l. ill­
�tul!.d d lhu �ll!.lc space, HoweY-:..�r, �he produc� of Lhc two discrdiL;aLi()n�. 
l.e. the product of the discretization developed. by the eOJ.mero. (as a fun-:::­
tion from the state to the image space) and the discretizo.tion developed by 

the neurons (as a. function from the imag-e space to neuronal a.cti\'itl�s) ,  is 
i�stlf G\ di::;creliimlion uf �he S�i:\le 3p<\ce. Since lltig·hL0urillg· conntcLions re­
f1ect neibhbollf�hip� in t.he state SprH-:e - i.e. ,  the cliscreti7,ll.tiol1 is t.opogr<'Lph ic 
S7,epflflvil.ri al1d L{,rinc7, 1 996 t.he extra discreti7,ar,ioTi !!.tep d()es not affect 
the working of the model (a.P(lrt from rewlution al effeds) . 

\"'.f': present t.wo control prohlem s for C":ompariwn: one wit.h linear and 
anot.hel' one wit.h nonlinefl.r q dependence. In the ca.�e of thf': linear control 

prohlf':m the control components alone move t.he plant. re�pectively towards 
north, east, s()1lth and Wffit. The control eqn at.ion of the plant. is given hy 

q = Fu, 
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where u E R\ q E {-I:  lj2 and 

( 1 0 -1 P � 1': � o 0 1 0 

In the f:i�xmd exampl� F is position de1)endent in a nou-linear fashion 

P(qJ = 

q � F(q)u. 

( c�s 0' - sin () 
&In 0' CUS () 

(23) 

wherc u = a(qJ = 2(.t'rn�x(O.5-d) pwyjdcd Lhat J = J(tll - 0.5F + (IJ" - O.SF < 
0.5 <UJ.d a = 0 otherwise. 1n the experiments \ .. e used the settins: am"" = ¥ 
That is the speed vector of motion is the rotated speed vector of the linear 
case. The rotation angle is state dependent: the rotation is -:r!2 at the centre 

poinl (0.5,0.5) and decrea�e:; wilh the dislall(;e from the (;tllter. The I"Ol<l.lioll 

is 'Zero olltsid<! th<! circe with r<tdills o.!). 
The purpoRf! of th e experiments is �wofold . To demonM.rate. 

completeness: the model is capable of path planning- and eXl?cution in the 
CM." of nOll-trivial,  non-lineal.' coutrol problems 

If>:Rrning r.RpRhilit.if>:s: the le<l.rn ing (llgnrithm is cap<l.hle of representing 
nOll-lil1Fl<l.r il1Ve)""l'>e dYl1amics 

Complex po.th pbnning tr.sks U.rc not presented here since previous .... forks Lei 
1990i Ke�'meulen a.nd Decuyper 1992; Connolly aIld Grupen 1993; G lasius , 
Komod;;., ;;.nd Gidtn 1994 h;;.ye iilreo.dy dellwllsL["(:LLed lhe polenLii:\l of Lhe 
illuLhod u:, a pil1h planning �wcdure 

1"01' vi!!.lJali7,ation w� prf'.Rf!TIt a re:m lt. of the d i1fll!=.ion Rystem. Tnitii11 activ­
ities i\re !=.hown in Figure 2. Stan (lctivities are negative I\nd target (I(';tivitiel'. 
are posit.ive. The t.arget. and the pl<tnt <'Ire placed in the oppoF.ite corners 
The relaxed activity "field is depided in Figure �. 

The st.art position!! in the the "first two experiment.!! were designated on 
the llpper I\nd on the right sides of the rectangle. The targf':t posit.i()n wan 
in th<! low<!r left corner. The mmion lea.rning W<'Ig perform<!d in free space. 
The left and middle subfi14ure> of Figure 'I show motion trajectorIE's in the 
C� of linear and non-linear dynamics, respectively. The paths are curvoo 
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aruuw.l lhe eubes This "edbe e1Tecl" is lhe resull of lhe mol ion cuntrol; 
mol ion veclurs and u.cliYalion ::;f.lreading ure not balanced at L1e borders 

�ote tnat the model gives higher precision than the quality of discretization: 
the discretization in these CllSes WllS very roug;n: if one considercs the state 
space as a square of side len,£!;th 1 meter then a neuron represents roug-hly a 
20 �m by 20 �m <l.re<l. The dis�retintioll <l.lld the geometry rerm':sellt<l.tioll 
wpre dpvPloped ill a self-orgall izillg f<l.shion S'l,epf:Svari , R<1la'l,s, (l.nd T)irinc'l, 
1 9!.J4. '1'11e right h ;:l.lld sidp figlJre shmvs the rpsllits with an ohstC'lde in the 
worksp<l.ce (the dyn<l.mics W<l..": lille<l.r) As it h <l.s already heell d isClIssed the 
path planllillg method allows the motioll pl<l.llnillg in such spaces withom any 
fllrther tr<l.ining. Note, that some of the motioll trajectories hit the ohst<1de 
This is de<1rly the etfen of rOllgh Jiscretization 

\Ve \vOllln like to emprnl..c,i'l,e th <l.t a.<: <l. result of �O<l.rse coding alld linear 
gradient estimation the slieeJ ve�tor field is cOlltillllOUS, i .e. , the tr<l.jedory of 
the plant is smooth . This is demonstratoo in Figure 5 showing- the the control 
signals vs time dming the same course uf action The figure curresponds tu 
learnt cuntrol vectors and the nun-linear plant 

3.3 Dis(:llssion of feeclforwarcl (:ontrol 

3.3.1 \Vork:';IJace v:,;. configuration :';[Jace 

Tn the previOlls spction we n <l.vP already tOllchpJ the qllestion of sensory­
mutur control In sensory-mutor cuntrol a sensor s:pace serves as the in:put to 
the algorithm instead of the state s:pace In the treated example the sensur 
sp"ce wa.c, a discreti/mtirJll of tlle state sp"ce Tn tne general ca.c,e, 11O"..'8ver, 
the �ollllectiOll betweell t11e sensor sli"ce "nn the st"te space is non-trivial. 
Consider, for example , a robot manipulator with more than 3 degret"E of 
freedom (say k) in a 3 dimensional space Assume that twu cameras monitor 
the end-I) oint of the manipulator Then the state space is k-dimensiunal 
wllile He wurkspace "nd the image m "llifolJ "rf' both ;:; dimen:;icJll"L Two 
pro blcms may arise if the algorithm ,.;orks in tne image s-pace. The patn 
planning -procedure may create incorrect -paths Connolly and Uru-pen 1903 

and learning- of appropriate control command vectors may also faiL Thus m 
lhis ca::;e il is nece::;sary lu repre::;ent lhe ill verse kinenmlics sel-m(:\ppins of Lhe 
f.llanl lhul maf.l::; work::;f.lu.cc f.luinls lo c·:.mfiburalion ::;f.l(l,CC� scl::; Loc(l,no-pcn.:'L 
and \\icslcy 1019 and one must usc a configuration space representation. 

21 

Such mappings C(:\l1 be learnl in (:\ sel[-urgani�ed lllalllier Widrow, McCool, 

alld .\1cdolf 1975; Gros::;berg und KU f.lcr::;tein 19S6: Kmvalo, Yurukmva, awl 
Suzuki 19S7: ),tiller 19S7: Ilsaltis, Sideris, and YCl,mamura 19S8; Mel 1988: 

H.itter . .\hrtinetz, and Schulten 1988 

:�.:C2 Controlling higher orof'r plants 

Sf.leed lield de::;ign for hibher order f.llanls may becollle cOlllf.lliculed. T11i::; 
CLm be demonstrated by rewriting the dynamics of a higher order plant in 
the form of a first order differential equation ,vnereupon one may arrive at 
a sinhlllar matnx :field, A(q:'. Consequently the inverse :field of A(q) is non­

uniq ue (lhe dimensioll uf the conlrol spnce may be �lllaller lhan dtat of lhe 
"f.lhu.:;e-::;f.lace" .) Thi::; mean::; Llwl nul ull ::;f.leed lick!,::; can be tracked y;ilh 
'l,ero error; the speecl fielJ to be trackpJ Sh011lcl he �arefll lly clesignecl . 

One methon th<1t solves this problpm is bpst ill1lStratecl hy a seconcl orner 
pl<l.nt for \·..'hid only q is clire�tly controllCl.ble (a.<: in the �a.<:e of <1 robotic 
m Cl.niplllCl.tor), i .e. ,  \vhen the phnt's eqll<l.tion is given by 

'I = A(q,q)u + b(q). 

Assume that we have desig-ned a speed field - still in the state space. Let us 
denote it by v = v(q) As:s1lllle further that the intended equation of motion 
1S gIven 'by (1 = v(q) Differentiating this equation along each trajectory 
lead:; to 

q = v\q)v(q) , 

whpre the prime clenotes nift'erellti"dion WT.t. q. Thus insteCi.cl of follmving 
the speecl field v(q), thp plCl.llt sh(mln follow the Cl.ccpleration field vl(q)v(q) 
Tt follmvs that if q(O) = v(q(O)) thell q(t) = v(q(t)) holcls for all t > I ) .  
HO\l,wver, the solmion of (24) �an be very sensitive to the initCl.1 conJition 
Even for linpCl.r plants thp viohtion of the inital �onnition CCl.n reslllt to an 
error exponentionally increasing \vith time. Th1H; this :;deme must be usecl 
with C<1re. Anotner pos.sibility, which seems to be morp robllst, is th <l.t of 
ming the inverse dynamics in a reg-11lator positlOn Res11lts concerning- th1S 
method will be pre.<,ented elsewhere 
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3.3.3 Scaling i��ue� 

One of the most imronant qUef;tionfl that can arise ill collnpction ,vith algo­
rithms i� how they scale "by �ize For the l)resent model the "basic q11estion 
in relation to scaling is the number of neuron� and connections needed for 
tile SA procedure. The eRtimation Cif tile llllm"ber of diRcrdillil1g nellr011R 
necessary to Cl.chieve Cl. given performCl.nce riel,ellds on tlle llOn-lineCl.rity of the 
control EquatlOn ( 1 )  and i� discu�sed later 

The number of the di�cretizing neurons i� an exponential function of 
the dimensionality of the �pace they di�cretize The exponential growth 
slrungly limiLs LIw available lin�ness o[ Lhe discn�lit;alion LeL u::; u.::;s ume 
a robot arm ,vith six .ioints If Vie wu.nt C'I tenfold discrctizution of eyery 
joint then the number of neurons we C'llreC'ldy need is lOll, Hu.ving C'I fully 
connected, recurrent system the number of connectIons IS 101� This problem 
is elTtcienlly ::;impliIied by lhe ulilit;alion u[ lhe SA melhocL 

The lirsl advillILag'� uf Lhe SA LIwL used lhe g�umeLry of LIw slale space 
is t.hat the number of neig.hbouring connections docs not show t.he usual 
quu.dratic grmvt.h wit.h t.he number of discretizing neurons, but grmvs in u. 
linear f(l.'Shion (for fixed flt1lte sp1l.ce dimellflion) The S1lme noldfl for tne 
motion conlledions, provideri thp numher of motor llellrons is fixed ThllS 
the fllll system ifl " l illf�arly connected" whid is a very 1lttractive property 
Thifl property SCl.ves vCl.luCl.hle rligits in the ei'lxll1ent. Secondly. tile SA til e  
model rrovides resll its beyolld tnp fineness of the  ri iscreti7.1ltion s1lving digitfl 
in the base 

Anotller imponam <"IUestioll is the time consllmption of Iparning Tne 
learning of different interneuron-control assocations are independent of each 
other. Hcwillg Cl.cquired tile luc1ll movements "t every point of tile stCl.te sp"ce 
Cl.llows globCl.I pCl.th plCl.llllillg immedi"tly, since the IOCCl.1 i ntern ell rOll-motion 
assoclatlOns link themselve.<, into a whole control �equence. This feature pro­
mote� fa.'St learning Benveniste, Metivier, and Priouret 1990 Conversely, to 
learn an interneuron-motion association may require a considerably long �e­
riel", of simil"r eXCl.ml,leR. Tf the mntrol eo:I11"tic!ll iR highly 110l1-lillear, i .e. tne 
L.h.S of Equu.tion (1) c.hangcs rC'lpidly with q u.nd the exu.lll"pics C'lre selected 
at random t.he learning might require a long time, A more clu.borate solu­
tlOn would be to store information about the precIsion of control and apply 
reinforced expluri:l.t.iun Scull. and Markovich 1989, 
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3.3.4 Learning of non-linear d'ynal1lic� 

Othpr pxperimentfl show that the precision of control riecre(l.'Ses ,."hen in­
cre�ing the non-linearity of the plant's dynamics Szepe.<,vari and Lorincz 
1995 In fact, dynamic� (23) was uS8<::l with different am"",, values and a fixed 
diRcreti/Hl.tirJll . 'Ve meaRl1red tne deviatirJll of tne motirJll vedorR from the 
optimal ones determined thrOllgn ( 18 )  alld fOlll1ri that the cwerage deviation 
mcreased linearly vnth increasing 0'",,,-,. Based on this observation for a g-iven 
precision and knmvn non-linearity the ll111nber of di�cretization neuron� can 
be approximately determined 

3.3.5 l'\on-linear activation �preading 

In another �et of expenment� we consIdered the activation spreading- mecha­
nism of Gl�ius, I(omoda; and Gielen 1994 called the continuous Dijsktra 
algorithm vVe found that when this SA model is used the l)recision of 
leCl.rll illg decrea.'Ses :=,igllificCl.ntly Tni:=, is l,eCCl.llSe in this morlel tne Cl.ctivity 
map depends only on the position of the target u.nd does not depend on the 
position of the plC'lnt while t.he u.ctivity map decu.ys exponentiC'llly ;vith the 
distance from the targ-eL Thus far from the targ-et the directIOnal derivatives 
are appruximalely eq Llal and lhis make::; learning hGrdeL 

iL3.6 The f'fff'ct of cilscrf'tl7,atlon 
We have C'llso investigC'lted the effect of vu,rious state space discretizu.tions 
We have found that self-org-anized discretization of a two dImensional state 
space forms ct hexagullGl dose packing i:l.1l(l lhis is aUVctllLeg-eoLls Lo pre'Nired 

grid-lik� uiscrcLiz;uLions In parliculill', W-� [OLllld Llwl lh� lru..kcLorics ar� 
smoother ,v.hen t.he discrctizution is self·organized due to the dose -packing 

4 Conclusions 

Comrlex control pr()hh�ms in stnldllred pnvironments ,vere conflinered in the 
rresent work: the ta.<:k beillg to comrol a plant ,vith previOllsly llllknmvn riy­
n 1l.miCfl while 1l.voiding obstach�fl anrl experiencing perturbations ill the phnts 
dynamics. The wlution is ba.sed on the d�ignation of an appropriate �peed 
field, which whell trCl.ckeo:'] ell:='11re:=, cc!llision free mutiOll . This apprOCl.cil is 
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more robU::il lhan lhe eCl.rller models [or colli::ilon free mot.lon, namely, lrajec­
lory t.racking . . A ,,;<..:11 knuwn ::;preading acLlvaLiun neural modd for fu.::;l ::;peed 
field pbnning on the disretizu.tion of the stu.te spu.ce W(lS utilized. This model 
V,M u.ug;mented by interneurons u.nd control neurons, with interneuron being 
connected to control neurons. The particular architecture allows to control 
phnts h aving non-1in�ar invers� aynamics. '1'h� rpsulting control signal is 
smooth 
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6 Figure captions 

Figure 1. The ar<:hitedure of LIte uetwork The discret.it;i1lb" neurons 
haye �J.lalially Luncd llllers The neighbouring (ur b"cumcLric(l.l) con­
nections \'onn�"t aiscreti7.ing n�llfons nat repr�:;ent neighhollring nis­
creti7.ation points. "Teigh hClllring conn�ctions are llti1i7ea for spre1lning 
a"tlv1l.tion. Tntern�llrons perform (ls:;oci1l.tive I�arning \'iith th� control 
nellrons. 

Figure 2. Iuitial adivitie� Slarl acliviLlCS (l.l\.� nc�g(l.live and Larg;cL acliv­
ities ll.re positive. The target and the plll.nt are plll.ced in the opposite 
corners. 

Fip;ure 3. Relaxed neural activity field Relaxed activities of neurons 
Cl.re shuw n [or lhe exlernal flow ::;how n in Figure 2 

Figure 4_ TrajedoriPI" for rliffprpnt c.ontrol rn-ohlems 'fIlA l�ft nilnd 
sia� ann right nano sioe figllf�S corr�spona to lineilr aynamiCAc" tile 
middle figure corresponds to the non-linear inverse dynamlC'.<; given by 
(23) . The right hand side figme shmv� that the neurocontroller gener­
at� collision free motions up to the precision of discretization 

2ti 

Figure 5. ConLroI �ignal� by dltlIl1lt�1 v:,;. time TIle llgure corre::;pond� 
lu IC�(l.rnl conlrul w;cloni and nun-linear pbnL d}'namics givcn L.Y (23�' .  
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