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Abstract

The problems of controlling a plant while avolding obstacles and
experiencing perturbations in the plants dynamics are considered. Tt
is assumed that the plant's dynamics is not known in advance. To
gelve this problem a self-organizing artificial neural network { ANN)
anlution is advanced here. ‘I'he ANN consists of various parts. ‘The
first part. discretizas tha state space of the plant and also learns the
geomelry of the siae space. The leanm, geomelrical relaions are rep-
resented by lateral connections. These connections are utilized for
planning a speed field, allewing cellision free metion. The speed field
is defined aver the neural represention of the state space and is trans-
formed into control signals with the help of interneurons associated
with Lhe lateral conneciions conneclions belwsen interneurons and
control neurons enoade the inverse dynamics of the plant. These con-
nections arc learnt during a direct system inversc identificatien process
by Ilebbian learning. Theoretical results and computer experiments
show rhe robustness of approach.
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1 Introduction

Controlling a manipulator can be enpormously complex from the point of view
of an analytical approach since it requires the sequential computation of the
location ofthe targat, the path to be followad to reach the targer, the inverse
joint kinematics that satisfies the constraints of the path and the obstacles,
the inverse joint dynamics and eventually the command series while meeting
the demand of changes of the plant’s dynamics and the envirenment

Biological avidences strongly suggest that such a task can be solved with
the help of learning. Fffort along this route include various inverse system
identification metheds, such as the direct 1dentification method Miller 1987;
Kawato, Furukawa, and Suzuki 1987; Widrow, McCool, and Mcdotft 1978, the
indirect methed {that is based on the identification of the forward medel)
Jordan 1990; Werbos 1988; Widrow 1986 and the [eedback-errcr learning
wathod {when the crrors gencrated by a previously fixed stabilizing [eed back
controller arc uscd to train the inverse system identification modcl) Lewis,
Abdallah. and Dawson 1993; Miyamoto, Kawato, Sctoyama, and Suzuki
1988, Fer an overview see Dean and Wellman 1991; Miller, Sutton, and
Werbes 1960; Narendra and Parthasarathy 1990 or Vemuri 1993. The focus
of the presant paper is a set ofself-organizing artificial nenral network (ANN]
procedures that can be joined towards the solution of complex control issues.
The self-organized principles are ganaral, the computatienal examples serve
illnstrative purposes.

The organization of the article is as follows: Tn Section 2 the necessary
backgronnd from control theory and the idea of path planning and speed
field tracking are describad. Section 3 concerns with feedforward control
The ANN that is capable of planning collision free speed fields, controlling
the plant and learmng the inverse dynamics is described as well as compu-
tational results are presented This section is closed with a short discussion
Conclusions are drawn in Section 4.

The results presented here show that it is sufRcient to learn fo contral the
direction of motion while the speed of control can be treated as an indepen-
dent variable when censidering speed ficld tracking for colhision frec motion.
This relaxes the learning problem. The proof for the learning of the inverse
dynanics is also pul lorth here.



2 Preliminaries

2.1 Assumptions concerning the controlled plant

T.at R™*™ denate real m x n matrices. We say that a matrix A admits
a generalized inverse! if there is a matrix X for which AXA = A holds
Tt is well known that (i) A is nonsingular if and only if it has a unique
generalized inverse and (ii) all the solutions of the linear equation Ax = b
have the form x = Xb + {(E — XA}y provided that the considered linear
equation does 1n fact have a solution Ban-Israel and Greville 1974, Here y
denoted am arbitrary vector of the appropriate dimensions For convemience,
the generalized inverse of a non-singular marcrix A will be denated by A~'.

Assume that the plant’s equation is given in the following form Tsideri
1989:

q = biq) + Alg)u (1)

wlere ¢ € R™ is the stale veclor of the plant, ¢ is e tiwe derivalive of q,
u € R™ is the control signal, biq) € R, and A{q) € R™*™. We assume
that the demain {denoted by 7)) of the state variable g is compact and is
simply connected; that n < m, and for each g € D the rank of matrix A{q)
i8 eqnal to 5; that is, the matrix is nongingular. As a consequence the plant is
strongly controllable. Tn this case the inequality » < m means that thers are
more indepandent actuators than state vector components, i.e., the control
problem is redundant. Ancther kind of redundancy, or ill-posedness occurs
when 7 > m in which case evan A~! iz non-unique.

Further, we assume that both of the matrix fields, A(q) and A~'{q) are
differemtiable w .t (differemtiation is assumed to be extended to matrix
fields in the usual way Lovelock and Ruud 1975)

2.2 Speed field tracking

One way to obtain a closed-loop control task is to consider the speed field
tracking problem. This is defined as follows: Tet v = viq) be a fixed n
dimensional vector field over 2. The speed field tracking task is to find the
static state feadback control u = u(q) that solves the equation

—

viq) = b(q} + Alq)u(q) 2)

'Semetimes it is called the pseude-inverse, or simply the inverse of matrix A.

=2

More ccuventional tasks, such as the point fo point conirol and the irajectory
tracking lasks cannot be exactly rewritten iu the form of speed licld tracking
Speed ficld trackimg is nom-typical in the control literature, but ariscs matu-
rally it we consider path planming tasks Commolly and Grupca 1993; Fomin.
Szepesvari, and Lonncz 1991; Le1 1990. The importance of speed field track-
ing for parh planning can be summarized as follows: Tn the case of point to
point control the task is to find a control that moves the plant from a given
initial state (q;, ) into a prespecified final state given by oy and q; = 0,
the control signal being a function of time. Point to point contrel is ill-posed
as there are an infinite number of paths to {qg, ¢y = 0}. However, if one
requiras “collision free” motion, i.a. when the plant should nat enter a so
called (stationary) obstacle region, then a hnge nmmber of solutions bhecome
nnacceprable. One way ta engure collision free motion is to design a collision
free path as a function of time, q,{¢), and track this path as closely as possi-
ble. In this way one arrives at the trajectory tracking task when a trajectory
is given and the aim of the control is to find a feedback control law which is
able to impose on the crrer it} — g, (¢) a behavior which asymptetically de-
cays to zero as time tends to infinity. For convenience, it is nsnally assnmed
that the desirad raferance trajectory is not just a fixed function of time bnt,
rather, colncides with the output of some autonomous dymamical system.
Speed field tracking may be considered as a special case of trajectory track-
ing provided that the distinguished aulcncmous system is the plant itsell
controlled by an optimally designed state [cedback control law. The major
difference between speed ficld tracking and trajectory tracking is caused by
the tact that a speed ficld is given as a function of statc whilc a trajectory is
given as a fumction of time. Consequently speed field tracking 1s more robust
against state perturbalicns. This can be important if v is critical to ensure
collision [ree motion. Note that trajectory wracking may result in cellision
if the actnal and the desired states of the plant differ anfficiently. Often it
is hard to exclude the possibility of such differences becanse of unforesean
digtnrbances. With speed field tracking theare is no snch prohlam since the
speed field determines the motion as a fansticn of state rather than as a
function of time.

Speed field tracking i3 robust in the following sanse: Assnme that the
speed field v = v(q) results in collision free moticn. Then for any scalar
field A = Alq) for which 0 < inf, A(q) and sup, A{¢)) < oo the speed field
v/ = Mq)v(q] results in collision free motion, 100 In order to see it note



that the integral curves of the equation q = v{q) and ¢ = v'{q) are the
same stuce the integral curves of these cequaticns are completely determined
by their unity lemgth tamgentials. ‘I'hese normalized tangentials, hewever, arc
Just the same for the two speed ficlds. This property 1s important since this
means that given a speed field that guarantees collision free motion ome can
freely radefine the speed of following this field

Speed fiald design for collision free control is the subject of current re-
ssarch TTwang and Ahnja 1992. An efficient bnt also qnite pecnliar way of
constrneting the spaed fisld is to compute the stationary flow of a wall de-
signed diffusion over the state space Connolly and Grnpen 1993; Glasins, Ko-
moda, and Gielen 1994; Keymenlen and Dacnypar 1692; T.ei 1990; Morasso,
Sanguineti, and Tsnji 1993; Tarassenkc and Blake 1991. The nenral archi-
tecture that is capable of dasigning a discretizad spaed field is described in
Section 3. Another meathod for constructing the spead fiald i the poten-
tial field method Locano-Perez and Wesley 1979, Artificial potential fields,
lowever, may have deceptive local minima,

2.3 Inverse dynamics

Given the plant’s dynamics by Equation (1) the imverse dymamics of the plant
is given as follows

pla,a) = A @) (a - bla)) + (E - A™Na)Ala))y(a, 8, (3)
where y =y(q,t) is an arbitrary fanction. Of conrse, the control signal
uiq) = p(e, vig))

solvas the spaed fisld tracking control task givan by Equation {2). The main
value of the inverse dynamice is given by y{q,t) =0, ie., by

pla,v) = A7) (¢ — bia). 4)

This assumption simplifies the calculations and is justified later

2.4 Speed field planning

In this sectien we review the works Lel 1990; Keymenlen and Decuyper 1992;
Connolly and Grupen 1993; Clasins, Komoda, and Gielen 1994; Marshall

e
{

and Tarassenke 1994 that served as the origin of our speed leld planning
peural neweerk The neural spreading activation (SA) methed we consider
can be viewed as the discretization of the following diffusion like differeatial
ceuation:

po=Ap+1, Bl
where ¢ = ¢(q, ) is the activity, / = I{q) is the extarnal flowr and

A = (98] + 9ozl + ...+ &%)ozl)

is the Laplacean operator Let us denote the statiomary solutiom of (3) by
@* = ¢"(q). Then the equation of motion of the plant is given by

q=rVeliq), (6]

where x i3 a positive constant, i.e.. the speed fisld to follow is given by
viq) = £V ¢*(q).

The external flow is such that the plant moves from the start to the target
state: it is detarmined by the actnal state of the plant taking the valne of 1
at the actual state and the value of —1 at the target state, otherwise being
zero. This way activity flows from the actnal state tewards the target state
The boundary conditions of Equation (5) may be chosen to emsure collision
free paths. Twe mathods typically nsed that guarentes the flow to avoid
the forbidden zone. The Neumann type of houndary cendition reqnires the
normal component of the flow with respect to the boundary of F to be zere;

2% s

Tyl = "
As arasnlt the flow avoids the obstacle space. The Dirichlat type of bonndary
condition sets the flow leval along the bonndary of free space constant:

o = 8
op 1)

The Dirichlat bonndary condition can result mm a tandency for the plans to
depart from the ferbidden zone. The Nenmann condition, on the other hand,
spacifies that the low is tangantial to the boundary of the forbidden zone and
the resnlting motion stays close to the forbidden zone. Tlare we note that
by using the linear combination of the Nanmann and Dirichlet bomndary
conditions the tendency te depart from the forbidden zene can comtinuously
be balanced



3 Feedforward Control

The neurocomtroller, which is described below, was suggested in Fomin,
Szepesvarl, and Lérincz 1994, Szepesvarl and Lérincz 1985 for closed-loop
fasdforward sensorimotor contrel. The basis of the nenrocontrollar is the
path planning dynamics that is descibed in the pravions section. We have
extended ths dynamics to include the learning of an approximate inverse dy-
namics model of the plant. Now, a brief overview of the controller is given,

Let us first consider the path planning part of the neurocontroller (see
Fig. 1). The path planning problem is given in tarms of discretization poing
occupancics. Any discretization point, called spatially tuncd ncuron, can be
occupicd by an obstacle, the plant, or the target. It is also possible that
more tham one discretizatlon point 1s occupled by am object. This results 1n
a coarse coded, distribuled representation of the object thal in turn resulls
in smoother conwrol siguals. Belween neighbouring discrelizalion points lat-
crally oricated gcomectrical conncctions may be developed. It cam be shewn
that such a system cam approximate the gecometry of the external werld un-
der snitable conditions Martinetz 1993; Szepesvari and Lérinez 19496, The
geometrical conmactions can ba used to spread the activation within the nen-
ral layer. When the activity spreading on the discretization system settles
wea say that an activity field is formed. Wa call this the aquilibrinm activ-
ity map. The plant should move aleng the “gradient” of this activity map.
{Hare, and helow we consider the nanral natwork as a numerical approxima-
tion of a continnons system. If the concapts are nsed with care then one can
talk about the gradient fisld in the discretized system, i.e., the approxima-
tion of the corrasponding gnantity in the continnons systam. The axprassion,
directional derivative will also be nsed in this way.) The activation spreading
equasion that forms this activity map 1s the discretization of Equation (3).
The obstacle avoldance 1s achieved by settlmg up the appropriate boundary
conditions, our case by forhbidding the activity to spread alomg the lateral
connections of the corresponding nanrons thus appreximating the Nenmann
bommdary condition aronnd the obstacles. Tf the gradient of the aqnilibrinm
map is followed it results im a path from the plant’'s actual position to the
goal position For on-line motion comtrol the activity map should be con-
tinuously upgraded. This is lportant if either the obstacles or the geal is
moving, or the conuoller or the sensors are tmperfect. For continuous mo-
tion the changes of the ceuilibrium activity map arc differential and thus the

relaxation tine of the spreading aclivaticn model is a dilferential quantity
I'his crables last, on-line path planning.

1t 1s also a montrivial task to follow the gradient of the cquilibrium activ-
ity map. This task, namely tracking a prescribed specd ficld 1s described im
Section 2.2. Solving this task requires a knowledge of the imverse dynamics
of the plant. Howevar, as it was observed above, in order to ensnre colli-
sion free motion it is encngh to follow a proportional speed field, where the
proportionality can be a. fimction of the state provided that the proportion-
ality has a positive lower bound and a finite npper hound. This eases the
learning problem since it snffices to know a mapping that is proportional to
the invearse dynamics mapping. Snch a proportional mapping is called the
Position-Direction to Action (PDA) mapping. Tt has bean shown in Fomin,
Szepesvari, and Lérincz 1994, Szepesvari and Lérincz 1995 that the realiza-
tion and learning of PDA mapping can be solvad by simple Tlebhian learning
and by extending the path plaaning architecture by adding two new neuronal
layers the path planner neural net is equipped with intermeurons and control
(command) neurons (see Fig. 1)

Ceontrol nenrong shonld emit the control signal that moves the plant along
the gradient. Internanrons are sitnated at lateral connections (to each con-
aection there correspond two directives amd thus two 1mterneurons) and are
conmected to the control command neuroms by adaptive conmections. Equiva-
lently, interneurons can be considered Lo store control cormrands. The work-
ing nechanisin of the neuroconuoller is as [cllows: An interncuron is enabled
to “firc” only if it is in the neighbourhood of the plant’s state represeated on
the discretization layer. ‘This localization {similar to CMAC and Radial Basis
Function methods) enables state depemdent nom-limear inverse dynamics to
be realized. The liring of an interneuron s proportional to the extent of low
aleng the corresponding wonuection (Le., the firing of an luterncuron is au
approximation of the diractional derivative of the steady state activity map)
Every firing internenron sends its control command mulsiplied by its firing
to the control nenrens. These nanrens snum up their incoming acsivities and
emit the computed valne. This procadure approximates the PDA mapping
provided that the centrol commands of any internenron move the plant along
the direction of the corresponding connection 1t has been shown that this
approximation is exact in the limit when the finanass of the discretization
approaches zerc and if the local meighbourhood of any givea discretization
point is spanned by the direction vectors corresponding to the neighbouring

10



interneurons of the discretization point under consideration.

I'he adaplation of the welghts belween interneurons and control com-
mand ncurons is bascd on a gencral inverse identification scheme that uti-
lizes associative Hebblan learning: a randomly chosen control command and
the interneuron signals are asscciated with Hebbian learming, where the in-
ternenron signals are computed from the path plaming problem where the
“plant-position” and “goal-position” are the plant’s initial position and the
positien after the exacution of the randemly chogen control command, re-
spectively. Tt has heen shown that in this way the nenrocontrollar is capable
of learning the correct contrel commands and further it learns a proportional
mapping to the main value of the inverse dynamics (see Fquation 4). The
advantage of self-organizad associative learning is that it can net be trappad
in local minima. Tlowever, its disadvantage is thar exhaustive sampling of a
high dimensional control space can be very time consuming.

In the next few sections we describe the working and learning of this
neurocontroller in details

3.1 Speed Field Planning by a Nenral Network

In this section we review praviious works that solve Equation (5) by discretiz-
ing the state space of the plant Connolly and Grupen 1993; Glasius, Komoda,
and Giclen 1994; Keymeulen and Decuyper 1992; Ler 1690; Mcrasso, San-
guineti, and ‘I'suji 1993; larasscnko and Blake 1991, Concepts arc cxpresscd
in artificial meural network terms 1m order to cmphasize the highly parallel
and localized nature of the involved cemputations.

Discretization points, or grid polnts, or discrelizing neurons are evenly
distributed in the state space. Tt is assumed thar every discretizing nenron i
has a pasition ¢; in the staie space. The responge of a neuran to a state space
vectar is assnmed to depand on its position. With the help of the discratizing
neurensg tha path planning problam may be approximased by distingnishing
four types of newrons: target meurons correspond to the target state, starf
neurons correspond to the start state, active nenrons correspond to the frea-
space, and inactive neurons correapond to the forbidden region of the state
gpace. It is assumed that there is only cna target and one start nenron and
that the set of active and inactive neurons is disjunct The degree to which
every meuron participates in any eof the above classes ‘iseither 0 or 1. Thus
we may speak abour target and start activities as well as obstacle activities,

11

The dilfusion process (Equation (5)) with the Newmann type of boundary
conditicn is simulated on the discretizing layer by vhe followlng cquation:

g =1 + Z (op —0;), i€EF (9

kEN AN

where F is the seu of aclive neurons (cerresponding (o the [ree space) and
N; denotes the se of neighbouring grid points ol grid peint < and o7 Is the
discretized version of the activity flow ¢ at pesition ¢;. ‘I'he cxternal sigmal
f; takes the valucs of 0. 1 or —1. f; = 1 if ncuron ¢ is the start ncuromn.
I; = —11f neuron i is the target neuron and I, = 0, otherwise. Equation (9)
can be interprated as spreading of activation (SA): activation a; can spread
between neighbeuring neurans provided that they both belong 1o the free
space region. This way activation avoids obstacle regiona. The external
signal I, corresponds to the source and sink flows. If the source and sink
flows are equal (35, J; = 1) then tha total activity of the network remains
constant during the process (3, 4; = 0).

The next step of the path generation pracedure iz the determination of
the equilibrium activities of (9). Based on the equilibrium activity map one
may adopt the following naive path planning procedure: Ar any time step
the subsequent state of the plant 15 defined as the neighbourimg position of
the start neuron with the steepest activity drop Assume, that the index of
the start neuronis ¢ Let { be the index of 1ts neighbouring neuron satisfying

T — M :kgnwzjgcﬁ‘l:a,- — o). (10}
The next state ¢f the plant is given by ¢;.

After the plant is meved to state ¢; the procedure is repeated: the path
planning task is transformed onto the nenronal layer, SA startz and settles
and the next grare is determinad according to the” gradient” of the stationary
activation. Note, that the initial activities of an SA process may be taken
ag the relaxed activities of the previous step. Tn this cage the finer the dis-
cretization the shorter the expected relaxation time that reaches zero in the
continnons limit. This procedure was termed naive because of two reasona:
(1) with lictle sophistication the move to the neighbouring neuron may be
smoothened and (i1) the move to the neighbouring neuron is not know yet
and should be the subject of learning.

12



3.1.1 The feedlorward controller

In thig section we introdnce the architecture and the functioning of the pro-
posed control network First the SA model of the previous section is extended
to plan smooth trajectories in a matural fashiom. Then the mathemartical
backgronnd of the combination of the control aquation (Fquation (1)) and
the path generation equation (Fquation (13)) are givan. These results moti-
vate the extensiom of the architecture by interneurons, comtrol meurons and
control command connections. The functioning of the network is desigmed
In a way that the calculations remain local and parallel and the output of
control neurons provide dircclly the control signal of the plant. Finally we
show how dircct associative learning can be used to learn the optimal control
command vectors

3.1.2 Coarse coding and gradient estimation

Smocth trajectories are desirable in many applications. Tn the ANN model
discussed above there are two sonrcas of non-smooth trajectories:

1. Discretizing neurons with binary onsputs.
2. One state of the plant corresponds to ome grid point.

In fact, the sccond assumption implics the first and if the sccond assumption
is relaxed them the first assumption meams an ambiguous for lnaccurate)
problem reprasentation. This problem will be circumvented as follows:

The first assumption is relaxad by enabling the nenrons to davelopea con-
tinmous response signals, i.a. by enabling coarse coding. This way we gat
a fuzzy representation of the path planning problem being advantegous in
many raspacts Rumelhars, Hinton, and Williams 1986. As a. consequence,

the "fuzzy set” of stars, targst. active and inactive neurons may overlap. For
safaty reasons we classify nenrons having above thrashold obstacle activities
as inactive neurons. Other naurons are considered active.

Since srart and targat neurons are no longer unique the external flow 7;
vill be determined as follows:

1.‘28,:/8—5,'/[

where s; and ¢; are the comtinuous start and target activities of neurom i,
respactively and ¢ = T,ep t; and s = Tjep si are flow normalizing factors.

13

To relax the second assuwinplion we reconsider the conlinuous equalicn ¢f
mioticn of (8. According (¢ this cquation we have Lo determmne vhe speed
veetor of motion given as the gradient of the statiomary flow at the start
position

The gradieat can be approximated by directienal derivatives of the sta-
tionary flow. Te this end let us introduce the concapt of geometry vectors
The geometry vactor hetween nenron s and j is the vector that points from
the position ¢; of nenron i towards the position ¢; of nenron j: g, = ¢; — ;.
Tat ; denote the stationary activity at node . The gradient of the stationary
activity flow at node ¢ is approximarted by

di= > Lmi (11}
JENOF
wheore
Ly = oy — o )un; (12)

15 the approximation of the directional derivative of o with respect to g;, at
the point ¢;, where

1
. JEN (13)

I
T ey — P

The wij values are delined only [or neighbouring neurons and are called the
strength of ncighbouring conncction between mcuron ¢ and j.2 I'he gradicat
of the flow at the statc of the plant is approximated by the gradients of the
flow at discratizing points (nenrons) weightad by the coarse coded activities
of the state of the plant:
d= }:: 5, (14)
ieF
Note, that 1 equation {11} it is necessary to restrict the summation for
active nodes (elements of F) since activities, amd thus /;; values are omly
delined for active ncdes. The [ values may be interpreted as the activity
flove along thee neighbouring conneclicn between ueuron ¢ and j

3.1.3 TFollowing the gradient

In order to realize Fgnation (2) in practice we have to reprasent the inverse
dynamics of the plant in a suitable way. First lat us fix an arbitrary point

?Equatien 9 should be modified accordingly by replacing the terms of the summation
with the 4;; values.

14



q in the space. This point may be chosen as a discrelizalion peinl. Let
vi .., vk € R” dencte & "dircction” vecters (k> #)  Onc mighy hink of
the geometrical vectors belonging to a discretization point. Assume, that the

contol vectors a,....ax € R™ satisfy the cqualitics

vi =b(q)+ Alq)a;, i=1,. .k (15)
Assnme, that the k direction vectors vy, ..., vy span the n dimensional space.
We propose that the k control vactors ay, ..., ax are sufficiant for controlling

the plant as the state ¢f. To show this, asaume that the plant is to bae moved
ngo the direction d from the point q and d i3 exprassad as

k
ov,, with z@, =1. 16)

| i=|

Mr_«

d=

i

Note, that if there are at least n + 1 vectors among the vectors v; that are
affine indepandent (i.e., any n vactor span R™), than coafficients that satisfy
3 a; = 1 may be found Let us consider tle control vector

&
a =Za,;a,-_ K]

Snbstituting (17) into aquation (1) we have that the control vactor a yields
the speed vector d

3.1.4 Computing thc gradicnt and motion control

Assuune, that we are given a path planning problem and the recurrant net-
work has already relaxed in a stationary state. One may compute than the
control signal in the following fashion: The spead vactor of the plant mnst
correspond te the gradient of the statienary flow at the start state In sec-
tion 3.1.2 it was shown that the gradient of the flow at the start state cam
be estimated by d = Yjep sidi. where d; 1s the appreximated gradient at
neuren £ @i = Xjenrap Jij&i. where Ty = wij{o; — 0y) According e the
previous scction if ome Is given the contrel vectors ayy, j € /vy, satisfying

g = ble) + Ale,)ay; {18)
then
a= > Ijay {149)
JENNT

moves the plant inte the directicn d; previded (liat the plany is in stale ¢;.*
Taking into account the cearse coding of the state of the plant, Le., that the
state of the plant is given as the bleb {s;] we get that the control vector is
approximated by

aZZS;a,’, (20)

Censiderations (19) and ;20) fit well to the recurrent architecture that com-
pute the stationary flow. T.et ws axtend the architectire by control nen-
rons and interneurons. Control neurons provide control signals and are con-
nected to interneuroms via cemmand conmections, Interneurons correspond
te neighbouring cennections and moniter the activites that flow along the
conneclions and previde propertional oulputs with these, e, the outpul ¢f
interneuron (z,7) 1s given by sifi;. Lel the commnand connection thal starts
from imterncuron (z, j) and cnds on control ncurom & be the kth cemponcnt
of a;;. Then the motion planning and cxccution procedure is the fellowing:

Step L. Develope the coarse coding of the path planning task on the recur-
rent metwork

Step 2. Compute the stationary flow by activation spreading.

Step 3. Intarnenrons compute the directional derivatives ofthe low weighted
by the coarse coding activitias of the actnal state of the plant.

Step 4. Interneurens send their outputs threugh the command connections
t¢ the control ncurons. The sum of received aclivities is the contrel
signal.

‘I'he architecture is showa in Figure 1.

3.1.5 Dircct, associativc idcntification of the inverse dynamics

The aim ofthis section is to show that action vectors satisfying Equation (19)
may be learnt. The first observation is that the stationary activation of the
S A flow can provide an immediate reinforcement signal: the level of the SA
at the start state imcreases {decreases) as the plant moves closer (farther)

Fn Rqnation (19) the T;; coefficients shonld have heen normalized but. accordingto onr
numerical experiments Equaticn (19) can work equally well.
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relative Lo the previcusly deflined and lixed targel. The statiouary SA (low
dillerences may be used Lo evaluate the current motion combination. SA
thus facilitates rcinferccment lcarning It may be worth neting that tar-
get oricnted motion is possible even without lcarning previded that motions
are invertible: moticns that bring the plant farther should be undene while
motions that bring the plant closar can be accepted

The learning schame wea propose below i3 similar to direct inverse mod-
eling Widrow, McCool, and Medoff 1978; Psaltis, Sidaris, and Yamamnra,
1988; Grossberg and Knparstein 1986: The control signal and the movemant
produced by the plant in response to the control signal provide the data for
learning. Howevar, our method is not a variation of error back-propagation
{or in control theoretical terms we are not nsing the methed of variations).
The main point of the algorithm is that the movement is represented by the
stationary flow corresponding to the initial state of the plant as the source
and the state of the plant after the movement as the target state This
way the algerithm is fully self-organized and self-contained The learning of
the additive term h(q) of the inverse dynamics is not detailed here it can
be easily learnt by using the plant’s zaro dynamics; i.e., by setting u = 0
and learning the resnlting movements. In below only the learning of the
multiphcatve term, A{q) will be considered. The algorithm is as fellows

Step L. Develop the cearse codimg that corresponds to the state of the plant
Store it as start activities,

Step 2. Choose a random contrel signal and feed it into the plant.

Step 3. Compute the cearse coding of the resulting state of the plant and
use it as the target activities.

Step 4. Compute the staticmary flow according to these start amd tvarget
aclivitics

Step 3. Associate the control signal to internenrons weighted by the ontput
of the interneurons

In Step 5. the signal Hebbian learning rule may be used, i.e.

Aay; = ay;lsdiya— ay), i21)
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where 0 < ¢y; < 1is the learning rale of interneuron (i, 7). The learning rate
can be time dependent or stationary. 1 is recasonable o cheese o Robbins-
Monro typc timc dependence Robbins and Menrc 1951; Wasan 1969 1m order
to cnsurc the convergemee of a;; te the average ef lcarning samples with
respect to the input distributien and alse to maintain adapuvity forever
However, in this case adaptivity may haceome extremely slow by time. Tf the
learning rate is kept constant then adaptivity may be kept abovea a predefined
level Tn this case a;; may be congiderad as a stochastic variable with mean
given by the sample avarage and deviation magnitnde proportional to | /a;
Amari 1967 after enough training epochs have passad.

Another possible laarning mathed would be to store the “bhest action
vector so far®. However, this method may be sensitive to state errors. while
the Tlebbian learning doss avarags and can handle noisy inputs too

Yet ancther possible method is to restrict learning to the immediate neigh-
bourhood of the neuron with the highest s; activity, and further to the in-
terneurom that has the highest flow £, that is

Aafi = {ru,,-(a —ag,); if & =maxy s; and J; = max; Iy,
& 0 otherwise.

% (22)
Learning rule (21) can be considered as the “soft” versien of {22). For this
latter rule we can prove thal the limi of the ay; vectors salisly (18) and thus
the algorithm can learn the inverse dyuamics of any plant up to the precision
of discrctization.

Again, if the time dependence of the a;; valuces satisfy 35, ay5(t) = oo and
> al(t) < oo, where ¢ is imcremented only if imterneuron (i.j) learns, then
the convargance of a;; i3 guaranteed. The limit of action vector correspending
to internauren (1,7) can be written in the form

X),

a= / de’x)] uix, ¥)dP(y

dwo T Sy ’
where #{x,¥) = A7 {x —=b)+ (F— A~!A)y with A = A{¢;),b = bic,) and
W is the set of x direction vectors for which the geemetry connection (7,7) is

the "winner”, and ¥ {x) rcpresents an arbitrary measurable sct. Substituting
the expressien for uix, y) 1n the above equation yields

g=A"(x-b+(E-A7A) L dP(x) L L YAPL )
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where X = fi xdP{x). From this [cllows that If W s symmetrical wori. g;;
{eg. the disrclivation is repular), tien X = g;;. ‘Thus o this case @ salislics
Equation (18). Morzover, if the sampling of ys is also symmetrical for cach
given x, that is if ¥(x) is centrally symmetrie, then the second term in the
above equation disappears, too

3.2 Computational results

In the examples presented hereaftar the state space is the twn dimensional
rectangle in [0, 1] x [0, 1], while the control system of the plant has four com-
ponents. Thns we treat a redundant control problem: the degrees of freedem
in the motor command space is higher than the degress of freedom in the
task space. As peointed ont by Jordan such redundancy can not be solved
by diract error back-propagation” there are infinite possible combinations of
command errors that would lead to the same error expresszd in task coordi-
nates Jordan 1990. However, as we will see our system is capable of solving
this redundant tasks

The presented control problems are simple sensory-motor control prob-
lems® the state space is represented through a semsor system. A simulated
camera, 1.e., a pixel discretization provides the input for the system. The
discrelizing neurcns work on the "image spuce” of the simulated camera in-
stead of the stale space, However, Lhe product of the two discretizations.
i.c. the product of the discrctization developed by the camecra {as a func-
tion from the state to the image space) and the discrctization develeped by
the neurens (as a function from the image space to meuromal activities), is
iusell & discretizalion of the state space. Since neighbouring connections re-
flect neighbonrships in the state space —i.e., the discretization is topographic
Szepeaavari and Lérinez 1996 the extra discresization step daes not affecs
the working of the model {apart from resolutional affests).

We present two contrel problems for comparison: aene with linear and
ancther ene with nonlinear ¢ depandence. In the caze of the linsar control
problem the contrel components alone move the plant respectively towards
norch, east, south and west. The control equation «f the plani is given by

q=Fu,

where u € R*, g € [—1, 1] and

F':Fn:(

Ty -

0 -1 0
1 0 -1}

In the second example F' is position dependent in a non-linear fashion

q = F(q)u, (23)

cos —slna
i) = ( ) I,

sin ¢ cos

where o = w(dq) = 2amax(0.5-d) previded that d = \/{QL — 0.5 + {4y —05)* <
0.5 and @ = 0 ctherwise. In the experiments we used the setting amax = 5
‘I'hat 1s the speed vector of motion is the rotated speed vector of the lincar
case. The rotation angle is state dependent: the rotation is /2 at the centre
pcint {0.3,0.5) and decreases with the distance (rom the center. The rotation
is zero outsida the circe with radius 0.5

The purpose of the experiments is twofeld. To demonsirate

completeness: the model is capable of path planning and ezecution in the
case of non-trivial, non-linear contrel problems

learning capabilities: the learning algorithm is capable of representing
non-hnear mverse dynamics

Complex path planning tasks arc not presented here since previous works Lict
19¢0; Keymeulen and Decuyper 1992; Connolly and Grupen 1993; Clasius,
Komoda, and Gielen 1994 have already demcnstrated the polential of the
miethod as a path planning precedure

Tor vigualization we present a result of the diffusion system. Tnitial activ-
itier are shown in Figure 2. Start activities are negative and targat activities
are positive. The target and the plant are piaced in the oppoesite corners
The relaxed activity field is depicted in Figure 3.

The slart positions in the the first tee experiments were designated on
the upper and on the right sides of the rectangle. The target position was
in tha lowar left corner. The motion learning was performad in free space.
The left and muddle subfigures of Figure <l show motion trajectories in the
case of linear and non-limear dymamics, respectively. The paths are curved

20



arcund the edges. This “edge eflect” is the resull of the motion centrol;
motion veelers and activation spreading are net balanced al the borders.
Notc that the model gives higher precision than the quality of discretization:
the discretization 1m these cascs was very rough: if one consideres the state
space as a square of side length 1 meter then a neuron represents roughly a
20 cm by 20 cm area. The discratization and the geometry rapresantation
were devalopad in a self-organizing fashion Szapesvari, Baldzs, and Lérincz
1934, The right hand side figure shows the results with an ohstacle in the
workspace (the dynamics was linear). As it has alraady hesan discussed the
path planning method allows the motion planning in such spaces without any
furcher training. Note, that some of the motion trajectories hit the ohsracle.
This is claarly the affect of rongh discretization.

We wonld like to amphasize that as a result of coarse coding and linear
gradient estimation the speed vector fiald is continnons, i.a., the trajactory of
the plant is smooth. This is demonstrated in Figure 5 showing the the control
signals vs time during the same course of action The figure corresponds to
learnt control vectors and the non-linear plant,

3.3 Discussion of feedforward control
3.3.1 Workspace vs. conliguration space

In the pravions section we have already tonched the qunastion of sensory-
motor control Im semsory-motor control a semsor space serves as the input to
the algorithm instead of the state space In the treated example the sensor
space was a discretization of the grate space  In the general case, however,
the conmection batwean the sensor space and the state space is non-trivial.
Consider, for example, a robot mamipulator with more thamn 3 degrees of
freedom (say k) in a 3 dimensional space  Assume that two cameras monitor
the end-point of the manmipulator. Then the state space is k-dimensional
while the workspace and the image manifold are both 3 dimensional. Two
problems may arisc if the algorithm works in the image space. ‘The path
planning procedurc may create incorrect paths Connolly and Grupen 1993
and learning of appropriate comtrol command vectors may also fail. Thus 1o
this case it is necessary Lo represent the inverse kinemalics sel-mapping of the
plant that maps workspace peiunts o configuralion space sets Locano-Pires
and Wesley 1979 and onc must use a configuratiom spacc represeatation.
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Such mappings can be learnl 10 a sell-organized wanner Widrow, McCool,
and Medoll 1978; Grossberg and Kuperstein 1988; Kawalo, Furukawa, and
Suzukl 1987; Miller 1987: Psaltis, Sideris, and Yamamura 1988, Mcl 1988;
Ritter. Martinetz, and Schulten 1988

3.3.2  Controlling higher order plants

Speed licld design for higher order plants may becoure complicated.  Lhis
can be demonstrated by rewriting the dynamics of a higher order plamt in
the form of a first order differential ceuation whercupon onc may arrive at
a singular matnx field, A{q). Consequently the inverse field of A(q) is non-
unique (the dimension of the contrel space may be suraller than that ¢f the
“phasc-space” ) This means Lhal not all speed ficlds can be tracked with
zaro error; the speed field to be trackad should he carsfully designed.

One method thas solves this problem i bess illnstrated by a second order
plant for which only q is directly controllable (as in the case of a robotic
manipulator), i.a., when the plant’s equation is given by

q = A(q,q)u + biq).

Assume that we have designed a speed field — still in the state space. Let us
demote it by v = v(q) Assume further that theintended equation of motion
1s given by ¢; = v(q) Differentiating this equation aleng each trajectory
leadds to

& =v'{q)v(q), (24)

wheare the prime denctes diffarentiation w.r.t. . Thus instead of following
the spaed field viq], the plant sheuld follow the acceleration field v'(q)viq).

(9% V2

Tt follows that if (D) = v(q{0)) then (#) = v{q(#)) holds for all £ > 0.
Howevear, the solution of {24) can be very sensitive to the inital condition

FEven for linear plants the violation of the inital condition can result to an
arrer axponantionally increasing with time. Thus this schame must be used
with care. Ancther possibility, which seams to bs more robnst, is that of
using the inverse dynamics in a regulator positien. Results concerning this

method will be presented elsewhere

N
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3.3.3  Scaling issues

One of the most important quastions that can arise in connection with algo-
rithms is how they scale by size For the present medel the basic question
in relation to scaling is the number of neurons and conmections meeded for
the SA procedure. The estimation of the mmmber of discretizing nenrons
necassary to achieve a given parformance depends on the non-linsarity of the
control Equatien {1) and is discussed later

The number of the discretizing neurons is an expenential function of
the dimensionmality of the space they discretize, The exponential growth
strongly limits the avalable lincness of the discretization. Lel us assume
a robot arm with six jeints If we want a tenfold discrctization of cvery
joint them the number of ncuroms we alrcady nced is 10%. Having a fully
connected, recurrent system the mumber of comnections 15 10" This problem
is elliciently simplified by the ulilizaticn of the SA method.

I'he first advamtage of the SA that used the gecmetry of the state space
1s that thc number of ncighbcuring conmcctioms docs not show the usual
quadratic grewth with the number of discrctizing ncurons, but grows in a
linsar fashion {for fixed state space dimension). The same holds for the
motion connections, provided tha numhber of motor nanrons is fixed. Thuns
the full systam is “linearly connectad”, which i3 a very attractive property.
This property saves valuable digits in the axponent. Sacondly. the SA the
model provides rasults beyond the finenass of the discretization saving digits
in the base.

Ancthar impaortant question is the time consnmption of learning. The
learning of different imterneuron-control assocations are independent of each
other. Having acquired the local movements at every point of the state space
allows global path planning immediatly, since the local intarnenron-mation
associatiens link themselves into a whole conmtrol sequence. This feature pro-
motes fast learning Benveniste, Métivier, and Priouret 1890 Conversely, to
learn an interneurom-motion association may require a considerably lomg se-
ries of gimilar examples. If the control eqnation is highly non-linear, i.e. the
r.h.s of Equation (1) chamges rapidly with ¢ and the examples arc sclected
at ramdom the lcarming might require a leng time. A more claborate solu-
tien would be to store information about the precision of comtrol and apply
reinlcrced exploraticn Scoll and Markovich 1989.

3.3.4 Learuing of non-linear dynarnics

Other experiments show that the precision of control decreases when in-
creasing the mon-linearity of the plant’'s dynamics Szepesvari and Lérincz
1995 In fact, dynamics (23) was used with differemat o, values and a fixed
discratization. We measnred the deviation of the motion vectors from the
optimal ones determinad throngh {18) and foind that the average deviation
increased linearly with imcreasing ... Based on this observation for a given
precision and kmewn mon-linearity the nwinber of discretization meurons can
be approximately devermined

3.3.5 Non-linear aclivation spreading

In anocther set of experiments we considered the activation spreading mecha-
aism of Glasius, Komoda, and Gielen 1994 called the comtinuous Dijsktra
algorithm  We found that when this SA model 1s used the precision of
learning dacreases significantly.  This i3 becanse in this model the activity
map depends only on the position of the target and docs not depend on the
position of the plant while the activity map decays cxponentially with the
distance from the target. Thus far from the target the directienal derivatives
are approximalely equal and this makes learning harder.

3.3.6 The effect of cliscretization

Wec have alse investigated the cffect of varlous statc spacc discrctizations
We have found that self-organized discretization of a two dimensional state
space [orms a hexagonal clese packing and this is advautegeous Lo prewired
grid-like discretizations.  In particular, we found that the trajeclories are
smoother vihen the discretization is sclf-organized duc to the close packing

4 Conclusions

Complex control problams in structnred anvironments were considared in the
present work: the tagk baing to control a plant with previonsly nmknown dy-
namics while avoiding obstacles and experiencing perturbations in the plants
dynamics. The solution is based om the designation of an appropriate speed
field, which when tracked ansnres collision free motion. This approach is

24



more robust than the earlier models [or collision (ree mcetion, namely, Lrajec-
Lory tracking, A well known spreading activation neural model for fast speed
ficld planming on the disrctization of the state space was utilized. “I'his model
was augmented by intcrncurons and control mcurons, with interncurom belng
connected to comtrol neurons. The particular architecture allows to control
plants having non-linear inverse dynamics. The resulting control signal is
smooth.

5 Acknowledgments

We are gratefnl to Prof. Andras Kramli for his invalusable comments and
snggestions.. This work was partially fonnded by OTKA grants T017110,
T014330, TN14566, and US-Hungarian Joint Fund Grant 168/91-A 519/95-
A

6 Figure captions

Figure 1. The architecture of the network The discretizing neurons
have spatially tuned liliers. The neighbouring (or gecmetrical) con-
necticns connect discretizing nenrens that represent neighbonring dis-
cretization points. Meighbouring connections are ntilized for spreading
activation. Internenrans perform associative learning with the control
nenrons.

Figurc 2. Initial activitics Start activities are negalive and target acliv-
itics arc positive. The target and the plamt arc placed in the opposite
COTmCTS.

Figure 3. Relaxed neural activity field Relaxed activities of neurons
are shown [or the external low shown in Figure 2.

Figure 4. Trajectories for clifferent control problems The left hand
side and right hand side fignres correspond to linear dynamics. the
middle figure corresponds to the non-linear inverse dynamics givem by
(23). The right hand side figure shows that the meurocontroller gener-
ates collision free motions up to the precision of discretization.
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<

Figure 5. Control signals by channel vs. titne The ligure corresponds
t¢ learnl control vectors and non-lincar plant dynamics given by (23).
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