© World Scientific Publishing Company

SELF-ORGANIZING MULTI-RESOLUTION GRID FOR
MOTION PLANNING AND CONTROL

TIBOR FOMIN, TAMAS ROZGONYL* CSABA SZEPESVARI! and ANDRAS LORINCZ+:
Department of Photophysics, Institute of lsotopes, The Hungarian Academy of Sciences,
P.0. Box 77, Budapest, Konkoly—-Thegedl 29-33, 1I-1525 Ilungary

Received 27 June 1996
Revised 11 November 1996
Accepted 27 January 1997

A fully self-organizing neural network approach to low-dimensional control problems is described. We
consider the problem of learning to control an object and solving the path planning problem at the same
time. Control is based on the path planning model thal follows the gradient of the stalionary solulion
of a dilTusion process working in Lhe stale space. Previous works are extended by introducing a sell-
organizing multigrid-like discretizing structurc to represent the external world. Biffusion is simulated
within a recurrent neural network built on this multigrid system. The novelty of the approach is that
the diffusion on the multigrid is fast. Moreover, the diffusion process on the multigrid fits well the
rcquircments of the path planning: it accclerates the diffusion in large free space regions while still
keeps the resolution in small bottleneck-like labyrinths along the path. Control is achieved in the usual
way: associative learning identifies the inverse dynamics of the system in a direct fashion. Lo this end
there are introduced interneurons between neighboring discretizing units that detect the strength of the
steady-state diffusion and forward control commands to the control neurons via modifiable connections.
This architccturc forms the Multigrid Position-and-Bircction-to-Action {(MPRA) map. The architccture
integrates reactive path planning and continuous motion control. 1t is also shown that the scheme leads
to population coding for the actual command vector.

1. Introduction

Controlling a manipulator can be enormously coun-
plex [rom the point of view of an analytical approach
since it requires the sequential computation of the lo-
cation of the target, the path o be [ollowed to reach
the target, the inverse joint kinematics that satisfies
the constraints of the path and the obstacles, the
inverse joint dynainics and eventually the command
series while meeting the demand of changes of the
plant’s dynamics.

Biological evidence strongly suggests that such
a task can be solved with the help of learning.

LEllort along this route include various inverse sys-
tem identification methods, such as the direct iden-
tification method (Miller, 1987; Kawato et al., 1987:
Widrow et al., 1978), the indirect method, that is
based on the identification of the forward model
(Jordan, 1990; Werbos, 1988; Widrow, 1986) and
the feedback-crror learning method, when the crrors
generated by a previously fixed stabilizing feedback
controller are used to train the inverse system iden-
tification model (Lewis et al., 1993; Miyamoto et al.,
1988). Exccllent reviews have been published in the
literature, sce, ¢.g. (Dcan and Wellman, 1991; Miller
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et al., 1998; Narendra and Parthasarathy, 1990;
Vemuri, 1993).

‘The main obstacles of manipulator controlling
are:

e the problem of many degrees of freedom.

o thc question of adaptivity, 1.c. the adjusting of the
system to changes of non-repetitive nature,

e the question of learning, i.c. the modifying of the
system to respond for changes of repetitive nature.

The problem of many degrees of [reedom has no
general solution as of vet. Some of the approaches,
Just like that of the present paper, apply coarse cod-
ing discretization techniques that provide a natural
interpolation scheme., Nevertheless, a discretization
technique is of limited use when the conligurations of
a many-degrees-of-freedom manipulator are consid-
ered, since the [ull problem requires the discretiza-
tion of the phase space that leads to a neuron num-
ber having the dinension of the phase space in its
exponenl.

The present approach features the following
properties: il is a natural extension of previous path
planning approaches that are based on the diffusion
equation (Lei, 1990; Connolly and Grupen, 1993,
Glasius ¢t al., 1999; Glasius ct «l., 1996; Marshall
and Tarasscnko, 1994). These works were extended
by Lérincz et al. in a series of publications that pro-
vidces a sclf-organizing formulation (Szepesvari ct al.,
1994; Szepesvari and Lérincz, 1996; Rozgonyi et al.,
1996) to the path planning architecturc and provides
a dircct inverse system identification stage of asso-
clative nature for controlling (Fomin et aof., 1994;
Szepesvari and Lérincg, 1996a). The approach has
the advantage that it provides a natural solution to
the problem of adapting versus learning (Szepesvari
and Lérincz, 1996b) while relaxing the demand on
the precision of the identification stage at the same
time (Szepesvari and Lérinez, 1996¢).

The disadvantage of using the diffusion equation
is its long rclaxation time. This is a crucial point
since the reactive path planning propertics of the
model rely on the continuous upgrading of the equi-
librium state of the diffusion ceuation. If that up-
grading is slow then the use of the full architecture
is limited. This limitation will be resolved here by
proposing the use of a self-organizing multigrid struc-
ture (Rozgonyi et al., 1996) that can shorten the re-
laxation time considerably.

For a better inspection to the control problem
let us formulate the mathematical framework: 'I'he
neural spreading activation (SA) method we consider
can be viewed as the discretization of the following
diffusion like differential equation:

F=Ac+1, (1)

where ¢ = o(q, t) is the activity, I = I(q) is the
cxternal flow, g € K™ 1s the state vector of the plant
and A = §%/dz3 + -+ 9% /dx? is the Laplacean
opcrator. Let us denote the stationary solution of
Eq. (1) by ¢* = c*(q). If the source (sink) activity
corresponds to the start (target) state then the path
planning problem is solved by following the gradient
of the stationary solution. ''he desired equation of
motion of the plant thus may be given as:

= xVo'(q), (2)

where & 1s a positive constant. In the present frame-
work the Neumann boundary condition that reeuires
the normal component of the flow with respect to the
boundary of the free zone (F) to be zero:

Oo

-
~—

; =, (:
on 4p
arises in a natural fashion.

Now, assumc that the plant’s dynamics 1s given
by the following ceuation (Isidori, 1989):

e =Db(q) + A(q)u, (4)

where q is the time derivative of g, the state vee-
tor of the plant, u € B™ is the control signal,
b(q) € B", and A(q) € E**™.  Wec assumc that
the domain (denoted by D) of the state variable g
is compact and is siimply connected: that n < m,
and for cach q € D the rank of matrix A(q) is
equal to n; that is, the matrix is non-singular. As
a consceucnce the plant is strongly controllable. In
this case the ineequality n < m means that there
arc morc independent actuators than state vector
componcnts, 1.c. the control problem is redundant.
Another kind of redundancy, or ill-posedness occurs
when n > m in which casc cven A~! is non-unieque.
Further, we assume that both of the matrix fields,
A(q) and A~!(q) arc diffcrentiable with respect
to q.

Let v = v(q) be afixed n dimensional vector field
over D. The speed ficld tracking task 1s to find the
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static state feedback control u = u(q) that solves
the equation

v(q) =b(q) + A(q)u(q) (d)

Note, that Eq. (2) defines a speed field tracking task.
Speed lields must be carefully designed il A(q) is
singular [as in the case of a robot arm (IIwang and
Ahuja, 1992)].

Given the plant’s dynawics by Da. (4) the inverse
dynamics of the plant may be written as follows:

P(q, q) = A" (q)(qa — b(a))
+(E— A" (q)A(q))y(a, t), (6)

where E is the unit matrix and y = y(q,t) is
an arbitrary function and A~!(gq) is the gencral-
ized inverse of A (q). Of course, the control signal
u(q) = P(q, v(q)) solves the speed field tracking
control task. Herc we trcat the learning of the in-
verse dynamics when the state space 1s discretized
by mcans of a sclf-organizing multigrid.

The paper is organized as follows: first the pro-
posed medium for the diffusion equation, the self-
organizing multigrid is described. Then the diffu-
sion process on the multigrid system is discussed and
computer simulations arc shown for illustration. Scc-
tion 4 introduccs thc concept of interncurons, that
serve as the bases of the inverse system identifica-
tion by creating position-and-dircction discretization
and thus allowing to form a Multigrid Position-and-
Dircction-to-Action (MPDA) map. Control cxper-
iments with the MPDA map arc also presented in
this section. In the discussion it is shown that the
model lcads to population coding being the subject of
recent interest in both biological experiments ((Geor-
gopoulos ct al., 1982; Georgopoulos ¢t al.. 1988) and
adaptive parallel algorithms (Pougcts and Scjnowski,
1995). Conclusions are drawn in Sec. 6. Details of
motion control computations and dircct associative
identification of the inverse dynamics are presented
in the Appendix.

2. Multigrids

A multigrid is a hierarchical set of discretization-,
or gridpoints with levels differing in their resolution.
The multigrid may also include the neighboring rela-
tions, i.e. a graph structure that connects gridpoints
that arc ncarest ncighbors, or arc closc to cach other.

Both of the definitions acequire a meaning if the space
to be discretized and the closeness relationship are
defined. In the case of a pixel discretized 21) image
the multigrid refers to the discretization of the 2D
space and the size, (i.e. the resolution level) thus the
multigrid discretizes a space of 31). Neighbors then

can be defined in this 3D space.

2.1. Multiresolution elernents

The network suitable for forming multiresolution el-
ements can be described as follows (Rozgonyi et &1,
1994; Rozgonyi et al., 1996). Assumc an n dimcen-
sional bounded Luclidean space X" as the erternal
space and 1its pixel discretized image as the nput
space. Lel Ny, denole the number of discretizing pix-
els. ‘1hus the input space is the subset of it7V». Liach
point of the input space corresponds to a set of con-
[iguralions in the external space. We consider that
an object in the cxternal space is completely char-
aclerized by ils position and size and is also repre-
sented by its /N, dimensional input-intensity distri-

bution vector ¢ = (zy, za, ..., .z:Np). (Vectors of the
Np dumensional space will be distinguished by under-
lining.) Assume a network consisting of N, neurons
each of which receives the input vector z via input
weights. Let fiy (i = 1,.... N,,; i =1,..., N,) de-
note the weight connecting the ¢th neuron with the
Ith component of the input vector. Nenrons and their
weights will be sometimes called weight vectors, or
(ilters.

‘I'he development of the multigrid consists of two

scparate problems:

e that of finding the filters that arc able to distin-
guish between input patterns of different sizes,

e that of finding a sclf-organizing lecarning rule that
can lead to the development of such filters when
the network is input by objects of different sizes.

Consider the training set of local extended objects
modeled by Gaussian “excitation proliles™ parain-
etrized by winp. € < (“size” of the input pattern)
and rinp € R"™ (position of the input pattern). A
distribution of winp and ripp induces a distribution
of input pattern vectors. llach input pattern vector
2 is generatled by the expression:

_w)
T = ANr(u’lnp)c “inp~ , (7)
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where N(winp) 1s a normalization faclor ensuring
2wt =1, Tinp points to the center of cxcitation,
r; € X" is the position vector of pixel [.

It was found (Rozgonyi et al., 1994) that this
training sct has a suitablc lcarning rule to form multi-
grids. This learning rule may be expressed as follows:

Afy = Eféi.t(ﬂj (=Fel=)for + ), (8)

where Af;; is the change of the {th component of
the weight vector belonging to the ith neuron, ¢; is
a positive lcarning rate, J;(2) = >, fir2, is the input
activity of the ith neuron, and d;, is the Krenecker-
delta (§;; = 1 if i = s, otherwise J;, = 0), with
indices delermined by the winner-takes-all (WTA)
mechanism, i.e. s(z) is the index of the neuron of
maximal input activity for input z. Learning rule

(8) — together with other learning schewes — was
first investigated by Kohonen in his book (KKohonen,
1981).

‘I'his learning rule has been studied in detail hoth
thcoretically and numcrically (Rozgonyi ct «l., 1996).
It corresponds Lo a stochastic gradienl approxima-
tion and thus converges with a suitable choice of the
learning rate time series. It minimizes the cost func-
tion E(fy, ..., fx,) defined as F = Y7,(Y, fu® —1)*.
That is, the weight vectors become normalized at
the end of the training. As it has been shown (Itoz-
gonyi et al., 1996), the normalization of the weight
vectors, the inner product expression for the input
activities, and the W'I'A procedure, do favour the
necural unit that best matches the input vector apart
[rom a scalar factor. That property leads to the [or-
mation of filtcrs of diff’crent sizes and positions in
the natural ordering of pixel, i.e. to the formation
of a multiresolution system, possibly a multigrid de-
pending on the input sct utilized. Computational
simulations illustrate that under suitable conditions
a multigrid 1s formed.

IFor the illustration of the advantages ol multi-
grids in control tasks 400 filters in a two dimensional
space of pixel size 18 x 18 were formed. The results
are shown in Tig. 1. The filter positions, (¢;) and
radii, (R;) arc respectively defined as

> far > fuln—e)?
= Ri= |te—o——.
‘ > fu 3 f
! B

(9)

(Filter sizes of the figures are scaled down by a [ac-
tor of 10 for better visualization.) The magnitude
ordered filter radii are shown in the upper left sub-
figure of T'ig. 1. Tillers arrange Lhewselves in size
groups. The structure is fairly irregular. More reg-
ular systems with better separated subgrids can be
developed with torus-like boundary conditions (RRoz-
gonyi el «l., 1996). The control ulilizing spreading
aclivation methods (see later) does nol allow, how-
ever, a straightforward development of the multigrid
on a lorus. Boundary ellects then become strong
and errors can easily freeze into the structure; the
structure becomes more irregular. Nevertheless two
smaller [ilter clusters have emerged together with a
broad distribution of largers filters. It has been ar-
gued that the larger the size distribution the less sta-
ble the multigrid structure will be (Rozgonyi et al.,
1996). These figures indicate that in the case of a
sell~organizing discrelizalion some — or even exlen-
sive  structural errors may freeze in and there is
a need [or sell-orgauizing control methods that can
compensate for those structural errors.

2.2. Connections hetween neighboring
multiresolution elements

In order to allow a diffusion to spread, the sct of
discretization points should be extended by neigh-
boring connections. Ncighboring conncctions should
connect filters of similar (closc) positions and of sim-
ilar sizes. Theoretical works on developing suitable
ncighboring connections have followed two routes,
the one that used a WTA competition between the
conncctions themselves (Martinctz, 1993: Martinctz
and Schulten, 1994) and thc other onc that used
leaky learning for the connections and assumed lo-
cal extended objects (Szepesvari and Lérincz, 1993:
Szepesvari et el., 1994; Szepesvari and Lérince,
1996). Hecre it suffices to usc the mcthod of Mar-
tinctz and Schulten (Martinctz, 1993; Martinctz and
Schulten, 1994) which they termed competitive Heb-
bian lcarning (CHL). Below, the concepts developed
by Martinetz and Schulten are shortly reviewed.

In the casc of a WTA nctwork the ncurons divide
the input space into winning domains. Let V; denote
the winning domain in E# belonging to neuron @
and let the Vi; scts be given by all the z € BN for
which the J;(z) and J;(z) are the two highest input
activitics. Let M C RY denote the set of 2 vectors
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Fig. 1. Upper lcft: sizc ordered filters. Upper right, lowcer left end lowcr right subfigurcs show ncural positions, the rclative
size of receptive fields and within group interneural connections for groups of neural radii between 0.0 and 2.1, 2.1 and
3.00, and above 3.00, respectively. The filter sizes are scaled down in the figure by a factor of 10 for better visualization.

that represent input objects, and let V;(™) denote
the common part of V; and M. Furthermore let
Vij (M) denote the common part of Vj; and M; that is,
Vi M = vi;nM. ;M) and Vi; ™) are the so-called
masked Voronoi polyhedra of first and second order,
respectively. The neighborhood relations of neurons
stands for the neighborhood relations of their win-
ning domains:

Definition

Neuron i and neuron j are neighbors of each other if
there exists z € Vij(M).

The neighborhood relations of neurons are repre-
sented by the interneural connections. Let us denote
the connection strength between neuron i and neu-
ron k by wig (i, k=1,..., Ny). Taking w;, = 0Vi, k
as the initial conditions, competitive Hebbian learn-
ing can lead in an unsupervised way to wj-s, which
differ from zero if and only if neuron ¢ and neuron
k are neighbors. This learning procedure was first
suggested by (Martinetz and Schulten, 1984) for de-
veloping a correct representation of topology of the
input space. An analog version of this learning rule,
is the following:



762 T. Formin et al.

Awe = £, 00 (—wi + Ji(2) Ju(2)),  (10)
where JE/M) = 1 only if 2 € V’}k(M), otherwise

58.“ = 0. The restriction of learning for the case
when Jgjk) = 1 means a strong (WTA) competi-
tion between connections. &, is a positive learning
rate. Interneural connection strength matrix will be
symmetric.

The connection structure of the network trained
on two dimensional patterns is shown only within
each layer (see Fig. 1). The concepts of developing
neighboring connections can be extended to the case
of multigrids. Tt may be shown for multigrids that
the CHL rule is suitable. More details may be found
in (Rozgonyi et el., 1996).

3. Diffusion on the Multigrid

In order to set up the path planning problem with
start and target activities an external recognition
system — mnot modelled here — is needed. It is
assumed that this recognition system can identify
and segment the object to be controlled and can in-
put the segmented part of the external world to the
self-organizing network. This input gives rise to the
start activities and the respective neural activities
shall be denoted by §; (8; =", fu(2,):, where x_ is
the segmented start vector). Index i runs through
the discretizing neurons. It is assumed that the
target area can be identified and inputted to the
network in similar fashion giving rise to the target
activities, {; (i = 3, fu(z,):;, where z, is the seg-
mented target vector and i = 1,..., N,). Moreover,
it is also the task of the recognition system to iden-
tify (segment) the obstacle (z,) and to input that
to the network giving rise to the obstacle activities
0; (0i = >, ful(z,)i). If the obstacle activity of a
given neuron is above a predefined threshold then
that node is thought to represent the obstacle region
and is excluded from the free space region. Now the
diffusion process [Eq. (1)] can be simulated on the
self-organizing multigrid according to the following
set of equations:

o; =1 + Z wik(og —oi), 1€, (11)
keEN;NF

where I" is the set of active neurons (corresponding
to the free space), N; denotes the set of neighboring
grid points of grid point z and ¢; is the discretized

version of the activity ¢ at position ¢;. The external
signal is the summed contribution of start and tar-
get activities, I; = s; — t; where s; = 8;/5, t; = t;/T
where S = Y, p 8 and T = 3, {; are the nor-
malizing factors. It is easy to see that Eq. (11) with
w;;; connections equal to the inverse of the nearest
neighbor distance and discretization forming a ho-
mogeneous orthogonal lattice structure corresponds
to the discrete approximation of a diffusion equation.

3.1. Diffusion experiments

We have compared relaxation rates on multigrid ver-
sus single grid structures. These experiments were
conducted on the self-organizing networks. Initial
activities are shown in the upper subfigure of Fig. 2,
while the relaxed activities are shown in the lower
subfigure of Fig. 2. The time dependences belong-
ing to these figures are shown in Fig. 3. These fig-
ures were computed by summing up the absolute

External source activation

12
18 0

Relaxed activations

12

18 0

Fig. 2. Top: initial start and target activity distribution.
Bottom: relaxed activity field.
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Fig. 3. Relaxation (R) of network activities on linear (left) and logarithmic scales (right).
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Upper and lower rows

correspond to target placed to the upper right corner of the input space and start position placed to the lower left corner
and to middle of the input space, respectively. Dashed line shows relaxation for the case when only the high resolution
group was utilized for activation spreading. Solid line shows relaxation with the full network. Relaxation R is defined as
the sum of the absolute values of the changes of spreading activities at each node at time ¢ and computing this sum as a

function of time ¢t = nAt.

values of the changes of activities at each node at
time t = nAt:

R(r) = |oi(nAt) —oi((n—1)A1)|  (12)

i3

and computing this sum as a function of n [At was
the discrete time step used in the numerical solu-
tion of Ea. (11)]. The left hand side and right hand
side figures differ in the vertical scale: the left and
right hand side figures are drawn on a linear and
on a logarithmic scale, respectively. In all cases the
target was positioned in the upper right corner of

the two dimensional world. In the case of the top
(bottom) figures the start position is in the lower left
corner (center) of the free space. The dashed lines
represent diffusion on the highest resolution layer,
while the solid lines show the results for the diffusion
process using all the neurons and all the interneural
connections.

It may be seen that the start of relaxation on the
high resolution layer alone is very slow, being more
pronounced for the case when start and target are
in the opposite corners. This point will be discussed
later.
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4, Controlling the Plant

4.1. Gradient estimatien

The path planning task involves the design of a route
that conuects the start region given by the start ac-
tivities to the target region given by the target activ-
ities. The best a control system can do in our case
that it follows the gradient of the steady state activ-
ity map provided by the dillusion system [Eq. (2)].
Below it is argued that a local approximation uti-
lizing the steady state diffusion flow can estimate
the gradient and the conditions of the estimation are
given. It is detailed why these conditions are only
partially satisfied for our sclf-organizing structurc.
The crrors thus introduced are compensated by the
direct, assocliative identilication ol the inverse dy-
namics (Fomin et al., 1994; Szepesvari and Larinez,
1996a) being shortly reviewed in the Appendix. The
efficiency of this identification method is illustrated
by the computer simulations of the forthcoming
scctions.

The gradient can be approximated by directional
derivatives of the equilibrium activity map. Let us
first introduce the concept of geometry vectors. ‘I'he
geometry vector between neuron ¢ and j is the veetor
thatl points [rom the position ¢; of neuron i towards
the position c; of neuron j: g,; = ¢; —c;. Let o} de-
notc the stationary activity at node 7. The gradient
ol the slationary activity atl node ¢, i.e. the gradient
of the steady-state resnlt of the discretized diffusion
equation (11) is approximated by

di= > ILjey, (13)

JENNF

where ¢;; = w;;g;; 18 a unit vector and /;; is defined
as
L = (o — o] Juyj - (14)
Equation (13) is just the first order approxima-
tion of the gradient of the steady state activity (lim-
ited only by the discretization error) provided that
(i) the lattice is a regular lattice and (ii) w;; connec-
tion sct is ceual to w;;:

‘!'l‘,‘ij = B J € ."Vi 5 (]5)

lle; — el

where N; denotes the set of neurons neighboring neu-
ron i. Neither of these conditions are, however, fully
salisfied for the sell-organizing maps, since there are
structural errors in the system and the self-organized

counection strengths are nol necessarily tuned to
the values given by Lig. (15). ‘I'he approximation
of using the w;; values instead of the expression
given by Eq. (15) is, however, justified since the re-
ceptive fields (roughly) approximate closed-packing
within cach subgrids and thus arc uniformly placcd
resulting in sunilar neighoring connection strengths.
Nevertheless it is clear that the learning rule of
the controlling scheme should compensate for strong
structural errors.

‘l'he coarse coding technigque that we utilize al-
lows further averaging and the gradient of the ac-
tivity map al Lhe state of the plant is approximated
by the sum of the gradients of activity at discretiz-
ing points (ncurons) weighted by the coarse coded
activities of the state of the plant:

d=>" s;d;. (16)

IEF

Note thatin Eq. (1.3)itis necessary to restrict the
summation for active nodes (elements of F') since ac-
tivitics, and thus I;; valucs arc only defined for active
nodes. The I;; values may be interpreted as the ac-
tivity low along the neighboring connection between
neurons ¢ and j. The architecture utilizes simple lin-
ear elements, the interneurens that sense these flows,
and through their connections to the control units
they activate the control units in proportion with the
scnsed activity flows and the connection strengths —
the output of the network that is the control signal
(or control vector) w is given as

u= Z Z silijng;, (17)

i JENNE

where the u;;-s arc the individual interncural com-
mand vectors (or comunand connections) associated
to the interneural connection [rom neuron ¢ to neu-
ron j. After learning, u;; should move the plant
from position ¢; to c; (see Sec. 7). It is the tuning
of the u;; values and the association made possible
by the introduction of the new units, the interneu-
rons, that can compensate for the structural crrors.
The luning procedure is detailed in the Appendix.
‘I'he result of the tuning procedure, i.e. the relation
between geometry connections and actions is called
the Position-and-Dircction-to-Action (PDA) map for
a single discretization layer and can be termed as
Multigrid PDA (MPDA) map for the case of the
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CL

INL

GDL

Fig. 4. Scheme of the self-organizing architecture. L is control layer, INL is interneuronal layer, GDL is geometry

discretizing layer and SL is sensory layer.

multigrid. The schematic structure of the (M)PDA
map is shown in Fig. 4. The figure depicts the sen-
sory layer (SL), the feedforward spatially tuned con-
nection structure that excites the discretizing units of
the geometry discretizing layer (GDL). Units of the
GDL are connected by the neighboring connections
that input the interneurons of the interneural layer
(INL). The connections between the interneural layer
and the control layer (CL) develop the directional ac-
tions (interneural command vectors) that can com-
pensate for structural errors by means of learning.
The working of the network is detailed in I'ig. 5.

4.2. Self-organized command vectors

The controlling experiments were performed on the
discretization shown by [ig. 1, thus &, q € E2. The
controller consisted of four control neurons and the
plant’s equation had the simple form of q = Au
where A € B2*% was a fixed matrix, the four con-
trol units correspond to left, right, up and down
directions.

Results of learning the command connections
with the help of direct associative identification of
the MPDA map are shown in Fig. 6 (left). The
learning equations are given in Sec. 7. They may
be compared with the prewired case of Fig. 6 (right),
i.e. the case when the u;; command connections were
prewired according to Iiq. (21), that any individual
interneural command vector moved the plant exactly
in the interneural direction.

Figure 6 was developed as follows: First the re-
laxation process was initialized in a way that the
upper-left pixel was set to —1 and the corresponding
neural initial target activities were computed. Then
one single pixel at a specified position was set to +1
and again the corresponding neural initial source ac-
tivities were computed. The algebraic sum of the two
sets gave the initial activities [or the spreading relax-
ation procedure. After relaxation the different parts
of interneuron activities were used as the population
code for the control signal. These respective parts
are summed up providing the control signal u. The
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outputs of
control units

geometry
connection wy;

discretizing
neurons j,1

wi(o;* - 67)

learnt connection
strengths to
control units

output of
interneuron Yj;

inputs to
interneuron Yj

stationary flow of
diffusion equation

stationary values

of diffusion

equation
i=Si-t  inputsto
diffusion equation

normalized feedforward
i start and target activations

Iig. 5. Working of the network.

control signal was computed according to Eq. (24).
In the figure the normalized speed vectors Au/||Aul|
are shown at the position of the start pixel. In
Fig. 6 the upper and lower rows show cases when
(1) all the neurons and when (ii) only the neu-
rons of the high resolution layer may contribute
The left and
right subfigures correspond to learned (left) and

to the control signal, respectively.

prewired (right) control command connections. The
prewired and the learnt cases are rather similar. The
boundary condition of the diffusion process resulted
in the “off-from-the-boundary” direction of the speed
vectors situated at the boundaries in both cases.
This behavior would fully disappear if torus were
used in the experiments, or if the Neumann bound-
ary condition was modified.
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Fig. 6. Normalized speed vectors with learned command connections ({eft) and prewired command connections (right).
Top: All neurons play a role in the relaxation. Bottom: Only the neurons of the high resolution group play a role in the

relaxation. (For more details see text.)

4.3. Motion generation

The control protocol is a closed-loop static state feed-
back procedure that continuously upgrades the sen-
sory information: To every instant the relaxation
procedure was executed and the plant was moved
in accord with the vectorial sum of the start neu-
ron activity governed interneural command vectors.
At the new position the relaxation procedure was
again executed, and so on. The system was used for
closed-loop motion generation in the presence of an
obstacle. The plant started at each case from the
lower left corner. The diameter of the plant was 5.0

pixel. The three curves of Fig. 7 correspond to three
different threshold values that determine the obsta-
cle nodes and thus the extent of the free space; neu-
rons with above threshold obstacle activations are
excluded from the free space. The curve that hits
the rectangular obstacle corresponds to the move in
the space without obstacle. It curves away from the
edge of the 2D region as expected from the learned
speed vectors. The two other curves have different
obstacle thresholds. A threshold with 10% of the
maximal obstacle input activity (max; ;) results in

a curve that would hit the obstacle due to the finite
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size of the plant under control (dashed line). More
stringent threshold value (1%) moves the plant in a
collision-free path (solid line).

As may be seen, the controlling experiment has a
better precision then the precision of the discretiza-
tion being the result of coarse coding: the center of
the plant approaches the target within the size of
both the plant and the pixel in all cases.

A somewhat more complex labyrinth is depicted
in the upper left subfigure of Fig. 8. Two rectangu-
lar obstacles are now placed at the two sides of the
figure and the plant should move on a doubly curved
path. The size of the plant was 0.75 pixel. The fully
connected network is shown in the upper right part
of Fig. 8. The lower left subfigure depicts the free

Fig. 7. Motion in the presence of rectangular obstacle.

Fig. 8 The ‘labyrinth’ problem. Two rectangular objects are placed into the 2D space and are shown in the upper left
subfigure. The upper right, the lower left and the lower right subfigures depict the full connectivity structure, the free
space units with their connectivity structure for the multigrid (obstacle threshold value is 0.002), and the free space units
with their connectivity structure for the small receptive field subgrid (obstacle threshold value is 0.00475), respectively.
The path for the multigrid are depicted by solid line in the upper left subfigure. Obstacle threshold values of 0.00475 and
0.002 result in a collision and in a collision free path, respectively. The path for the small receptive field subgrid (obstacle
threshold value is 0.00475) is depicted by the dashed line.
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space units and their connectivity structure for the
same network. The lower right subfigure shows the
free space and the connectivity structure for the case
when only the small receptive field neurons are con-
sidered. The two cases require different thresholding:
in the case of the full multigrid an obstacle threshold
value of 0.00475 gives rise to collision, while a thresh-
old value of 0.00200 allowed collision free motion. In
the case of the small receptive field subgrid, an ob-
stacle threshold value of 0.00200 deletes too many
neurons, breaking the connection structure into dis-
junct pieces that cannot provide a continuous path
for diffusion. A threshold value of 0.00475 proved
to be satisfactory for this case. The three paths are
shown in the upper left subfigure of Fig. 8; the solid
lines depict the path formed by means of the multi-
grid for the two different cases, while the dashed line
depicts the path formed by means of neurons of the
small receptive field subgrid.

The difference in the relaxation time for the
multigrid and the single subgrid is illustrated by
Fig 9. The figure depicts the integrated relaxation
times needed for the closed-loop control procedure.
In both cases the network was allowed to relax first.
The speed vector was computed and a fixed step
length (0.25 pixel) was executed into the direction
of the speed vector. The new position was used to
upgrade the input activities of the diffusion equation
and the network was allowed to relax. The approxi-
mate relaxation rate R(n) was computed. When that
rate decreased to the one tenth of the value just after
the step was executed, i.e. just at the time when the
new relaxation procedure was started, the relaxation
was considered as ‘finished’” and the relaxation time
of that step was recorded, and so on. The integrated
relaxation times are depicted in Fig. 9. The curve for
the multigrid and the small receptive field subgrid
are depicted by the solid line and the dashed line,
respectively. There is a large difference in the open
space region where the multigrid integrates very little
time — the curve i1s almost horizontal. The advan-
tage of the multigrid, however manifests itself in the
region when the plant is close to the obstacle too,
since the relaxation procedure concerns the whole
network always. The difference between the network
relaxation times is not large when the full network is
between the source and sink nodes and the diffusion
is limited by the narrow stripes, since the free space
region gives just a small contribution. In the other

100000 |
80000 |
60000 |

40000 |-

Integrated time

20000 |

0 50 100 150 200
Number of steps

Fig. 9. Integrated relaxation time. The solid and the
dashcd lincs depict the intcgrated rclaxation time for the
multigrid and the single subgrid, respectively. After each
relaxation procedure a fixed length step (0.25 pixel) was
executed, the new sensory information was inputted, the
source activities of the diffusion equation were recom-
puted and the diffusion equation was allowed to relax,
etc. The integrated relaxation times are shown in arbi-
trary units.

extreme, however, when the source and the sink are
at the same part of the free space, the ‘hanging’ net-
work may considerably lengthen the relaxation time
and this lengthening is more pronounced for the sin-
gle subgrid structure.

5. Discussion
5.1. Role of multigrid: the maze problem

The multigrid approach is useful when the problem
of path planning and motion control is composed of
large free spaces as well as thin mage-like structures.
It is then advantageous that diffusion in the large
free spaces will relax equickly with the help of the
large receptive field neurons, while diffusion can still
proceed in the bottlenecks via neurons with small
sized filters. The hierarchy of large and small filters
optimizes itself to a given diffusion problem if the
Neumann boundary condition is applied by identi-
fying the obstacle regions and forbidding diffusion
along the connections of neurons positioned mostly
(1.e. above some predefined threshold) within this re-
gion. Large receptive field neurons will take part in
the diffusion only if they are situated within large
free spaces, while narrow corridors will be discovered
for path planning by the diffusion field if resolution
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— sel by the size of the objects themselves — al-
lows. It may be important to mention that our goal
is not to approximate the original diffusion equation
as closely as possible but to create a speed field for
control.

The fast rclaxation of the diffusion is important
since the presented conbrol architecture represents a
feedforward controller working with static state feed-
back closcd-loop strategy and thus it rcequircs fast
updating. Considering the massively parallel archi-
tecture and a similarly structured hardware imple-
mentation, it is the diffusion that would be the slow-
est part of the controller, since the controller has
three connection sets, two of which are simple feed-
forward connections while the third one corresponds
to the recurrent interncural conncctions that govern
the diffusion. It is then clear that this stage will de-
termine the delay time of the feedforward controller.

It is also important that connections between the
filters of different sizes have been developed: this al-
lows the diffusion Lo spread in the [astest possible
way allowed by the obstacles.

The uniform coverage of the external space by
the filters in both position and size is also important
since that can decrease the structural error of the
controller. This requirement has minor restrictions
for competitive systems where the structural error
is kept low since competing units tend to arrange
themsclves in densc (close) packing, In the casc of
sunple connected external spaces, the least structural
error may belong to a multigrid structure. However,
it is also possible that extremely small learning rates
are needed to form the regular structure or that such
structurcs may not be formed. In 1D and 2D the dis-
cretization grids are rare exceptions since in 1D and
2D local and global close packing structures are the
saine. Already in 3D, however, the local close pack-
ing has an icosahedral structure, while global close
packing has hexagonal layers. That is one can freeze
errors into the global structure. Tt is also possible
that the external space of the control problem is not
knewn in advance. Then the competitive net that
optimizes the discretization structure, demonstrated
by the multigrid formation, is an attractive choice.
Il is, however, not important for the discretization
to be completely regular. This compromise is offered
by the self-organizing associative direct identification
procedure of the inverse dynamics.

The unprovement in the speed of the relaxation
of the diffusion is shown by the simulations when
the multigrid structure is used is apparent. The -
provement should be even larger [or systeimns having a
broader range of resolution units and/or in larger ex-
ternals spaces. Ilere a particular reference should be
made to the initial slowly changing parts of the diffu-
sion figures (Tig. 3). This portion of the dilfusion is
nol too pronounced in our computer runs due to our
limitations in network sizes. This portion, however,
has approximately a (=42 {ime dependence, where
d is the dimension of the external space ((larslaw
and Jaeger, 1951), and may severely constrain the
relaxation time of a high resolution single layer dis-
cretizing grid.

5.2. Learning versus adeptetion

It has been shown that controllers that approxi-
mate the inverse dynaimics of the controlled plant —
just like the present architecture — can be used in
the so called Static and Dynamic State (SDS) Con-
trol Mode to compensate inhomogencous, non-lincar,
non-additive perturbations (Szepesvari and Lérincg,
1996c). The SDS control mode offers a solution
to the learning versus adapting problem (Szepesvari
and Lorincz, 1996b): The architecture, as is demon-
strated here, can be tuned. At the same time this
tuning is (i) slow and (ii) rceuircs a thorough ex-
ploration of the possible configurations. Time con-
straints may prcevent onc from utilizing this lecarning
capability in case of small and transient perturba-
tions, such as varying loads and temperature effects
on friction coefficients. The SDS scheme suggests
to use the architecture with the learnt and approxi-
mate inverse dynamics in twe identical copies. One
copy acts as the original closed loop controller while
the other identical copy can be used to develop the
compensatory signal necessary to counteract the ac-
tual unforeseen external or internal structural per-
turbations — as it can be shown in a rigorous man-
ner (Szepesvari and Ldrincz, 1996¢; Szepesvari and
Lérinez, 1996b). ‘I'he compensatory signal that can
be developed without the need of influencing the
learnt weights represents the adaptation capability
of the system. As a consequence, by using the two
identical copies of architecture one can control the
plant more precisely than just by the closed loop
feedforward controller alone.
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Since the SDS Controller utilizes two identical
copies of the very same architecture thus the credit
assigmmnent problem is considerably eased: Learning
simply concerns the associalion of actual directions
(i.e. interneural activities) and control vectors of the
single architecture at all times.

5.3. The generality of the appreech

The [ully sell-orgauizing nalure of the architecture
allows one to think of problems beyond robotics
that could be subject of self-organizing controlling.
As a miscellaneous exainple consider the problem
of a plug flow reactor with distributed sensory and
control systems designed lo control complex reac-
tions (Rojonuckarin e al., 1993). The plug Now re-
actor model permits control by the chemical and
heal [luxes added through the side wall of the re-
actor. The sensory systems may detect tempera-
lure, pressure, spectral information and/or concen-
tration along the reactor in a distributed [ashioun.
The multigrid may be built up by transients (local
extended objects) as they proceed along the reac-
tor. Such a representation is not suitable for tradi-
Lional competitive scheines since inputs are nol pre-
sented in a random fashion. Nevertheless, lcarning
can be stabilized by mcans of a suppression mecha-
nism (Tavitian et al., 1996). The dimensionality of
the representation is not well defined: it is at lcast
1, since the flow is one-dimensional. Additional di-
mensions may arisc, however, from the competing
chemical reactions. The genceral formulation of the
MPDA map as well as the possibly low dimensional-
ity of the control problem may allow the development
of a self-organized control strategy. The complexity
of the chemical processes could be overwhelmingly
challenging for the straightforward application of the
simple scheme described in the paper. The control
of the plug-flow rcactor, however, clearly calls for
robust, self-organizing and fast (massively parallel)
computational schemes.

5.4. Population coding and
bielegical relevance

It may bc worth mentioning that the present sclf-
organizing network has some resemblance te the
motor-like map in the primary motor cortex. Ac-

cording to the experiments ol Georgopoulos and
coworkers who studied how neuronal activity varies
when monkeys move a handle to one of several tar-
gels arranged around a central starting position, the
activity of individual neurons vary with the direction
of the movement: they fired most briskly [or move-
ments in a preferred direction and fell silent during
movements in the opposite direction. The directional
tuning of all recorded neurons was broad. Individ-
ual neurons contribute predominantly to movements
in a preferred direction bul also to lesser degrees to
movements in other directions (Georgopoulos et &l
1982). Georgopoulos proposed that movement in a
particular direction is determined not by the action
of single neurons but by the net action of a broad
population of neurons. Turthermore, he suggested
that the contributions of each neuron to movement
in a parlicular direction could be represented as a
vector whose length depended on the degree of ac-
tivity during movements in that particular direction.
Ile then added the coutributions of individual cells
vectorially to produce a population vector that was
directed in the correct direction.

The working of the model presented here is very
similar. Tigure 10 shows the individual speed vectors
As; I corresponding to the individual interneu-
ral command vectors u;; and the speed veetor cor-
responding to the control signal, Au [where u was
computed according to Eq. (24)], with the source be-
ing at the center of the figure and the goal being at
eight different positions. The command vectors are
depicted at the goal position for the casc of inspec-
tion. The largest vector in each group represents the
nct responsc of the network (direction of motion) in
the appropriate position. The speed vectors of the
individual interneurons are scaled in the figure in the
following way: the largest individual speed vector is
scaled up to 75% of the full control signal in each
subfigurc. The upper left, upper right and lower left
figurcs show the results for the small, medium and
large neural groups, respectively. The lower right fig-
urc shows the result for the full system. Command
directions cover angles larger than 180 degrees, nev-
crtheless the vectorial sum points to the appropriate
dircction.

From the point of view of Georgopoulos’ find-
ings the present model offers an cxplanation for why
both broad tuning and well directed vectorial sum
may cmerge simultancously. It should be stressed,
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Fig. 10. Ceorgopoulos representation with small input objects and learned interneurons. Left top: small sized neurons
contribute, right top: medium sized neurons contribute, left bottom: large sized neurons contribute, right bottom: all
neuron contribute to the population coding. Details of the figure are given in the text.

however, that the network presented here is not a
biological model by any means.

6. Conclusions

The MPDA architecture and its working have the
following features:

e it is a fully self-organizing architecture with a dis-
cretizing neural layer and geometry connections
between discretizing neurons,

e the diffusion-type relaxation procedure on the dis-
cretizing neural layer is accelerated by means of
the self-organizing multigrid structure,

e the interneurons introduced to each geometry con-
nections allow the direct associative identification
of the inverse dynamics of the plant,

e the learnt command vectors lead to population
coding with a broad range of angles for the many
command vectors, resulting in a robust scheme,

e the architecture offers an attractive solution for
the credit assignment problem for combining feed-
forward and feedback controllers,

e the architecture offers a natural solution for the
learning versus adapting dilemma.
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7. Appendix
7.1. Following the gradient

In order to realize Eq. (5) in practice, we have to
represent the inverse dynamics of the plant in a
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suitable way. Tirst let us fix an arbitrary point g in
the space. This point may be choscn as a discretiza-
tion point. Let vi, ..., vk € k™ denote k “direction”
vectors (k> n). Oue might think of the geometrical
vectors belonging to a discretization point. Assume,

that the control vectors uj, ..., uxy € X™ satisfy the
equalities

v; = b{q) + AlqQ)u;, i=1,..., k. (18)
Assume, that the k direction vectors vy, ..., vi span

the n dimensional space. We propose thal the k con-
trol vectors uy, ..., ug arc sufficient for controlling
the plant at the state q. 'I'o show this, assume that
the plant is to be moved inte the direction d from
the point q and d is expressed as

k k
d= Z w;vi,  with Z o; = 1. (19)
i=1 i=1

Note that if there are at least n+1 vectors among the
vectors v; that arc affinc independent (i.c. any n vee-
tor span B"), then coefficients that satisfy > . a; = 1
may be found. Let us consider the control vector

k
u= Z a5 . (20)
i=1

Substituting Le. (20) into La. (1) we have that the
control vector u yiclds the speed vector d.

Now assume that we are given a path planning
problem and the recurrent network has already re-
laxed in a stationary statc. Onc may then determine
the control signal u that is able to move the plant in
the desired dircction in the following way: The speed
vector of the plant must correspond to the gradient
of the equilibrium activily map at the start state. In
Sec. 4.1 it was shown that the gradient of the flow at
the start state can he estimated by d = ZiEF s;dy,
where d; is the approximated gradient at neuron ::
d, = Z,je.’\'ml-' I;jc,;, where I;; = w;; (a]*- —0o7). Ac-
cording to the previous section, if one is given the
control conumand vectors u;j, j € N, satisfying

Cij = b((‘,y‘) + A (cy Juij, (21)
then control vector

w; = Z siliug; (22)

JENNE

moves the plant into the direction d; provided that
the plant is in state ¢;.* 'laking into account the
coarse coding of the state of the plant, i.e. that the
state of the plant is given by the full blob, we get
that the control vector is approximated by

u= Z u; . (23)

i

Equations (22) and (23) fit well to the recurrent ar-
chiteclure thal compute the stationary ow.

et us now assume that the path planning ar-
chitecture is extended by interneurons and control
neurons in a way described in Sec. 1.1. Interneurons
correspond to neighboring connections and monitor
the activitices that flow along the connections and
provide proportional outputs with the mouilored sig-
nals, i.e. the output of interneuron Yj, is given by
sili;. Interneurons are connected to control neurons
via command conncctions. Let the command con-
nection that starts from interneuron Yi; and ends on
control neuron k be the kth component of u;;: u})
The individual control command of intcrncuron Y3;
is thus equal to sil;u;;. Control neurons provide
control signals u by summing up these individual
control commands:

u= Z Z silijagj . (24)

i JEN;NF

C'onsidering Egs. (21) (21), it can be seen that the
leatning problem is to tune the n,; values that they
cach move the plant in their respective directions e;;
provided that the plant is in stale ¢;. The motion
planning and execution procedure can be summa-
rized as follows:

Step 1. Bevelop the coarse coding of the path plan-
ning task on the recurrent network.

Step 2. Compute the equilibrium activity map by
activation spreading.

Step J. Interneurons compute the directional deri-
vatives of the flow weighted by the cearse
coding activities of the actual state of the
plant.

Step 4. Interneurons send their outputs through the
command connections to the control neu-
rons. The sum of received activities is the
control signal.

AIn Lq. (22) the I;; cocflicients should have been normalized but according to our numecrical experiments Kq. (22) can work cequally

well.
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The archilecture and its working are shown in
Figs. 4 and 5.

7.2. Direct, asseciative identificatien of
the inverse dynemics

‘I'his learning scheme is discussed in details in (Fomin
ct al., 1994, Szcpesvari and Lérincz, 1996a). The al-
gorithin learus the control vectors as follows:

Step 1. Develop the coarse coding that corresponds
to the state of the plant. Store it as start
activities.

Step 2. Choosc a random control signal and feed it
into the plant.

Step 3. Compute the coarse coding of the resulting
state of the plant and use it as the target
aclivities.

Step 4. Compute the equilibrium activity map ac-

cording to these start and target activities.

Associate the control signal to interneurons

weighted by the output of the internenrons.

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

l.'lij = (_}‘.,gj(.ffg'fijll - l_l.i_.;') f (2:))

where 1 is computed by the network according to
Eq. (24). 8 < a;; < 1 is the lcarning ratc of in-
lerneuron Yy;, that can be tune-dependent or sta-
tionary. It is reasonable to choose a Robbins-Monro
tympe time dependence (Robbins and Monro, 1951;
Wasan, 1969) in order to ensure the convergence of
u,; to the average of lcarning samples with respect
Lo the input distribution and also {o maintain adap-
Livity forever. Ilowever, in this case, adaptivily may
become extremely slow by time. If the learning rate
is kept constant then adaptivity may he kept above a
predefined level. In this casc u,; may be considered
as a stochastic variable with mcan given by the sam-
ple average and deviation magnitude proportional
to \/a;; (Amari, 1967) after enough training epochs
have passed. The additive term b(q) of the inverse
dynamics can be easily learnt by using the plant’s
zero dynamics; i.c. by sctting u = 0 and lcarning the
resulting movements.

Another possible learning method would be to
replace Step 5 by storing the “best action vector so
far”. However, this method may be sensitive to state

errors, while the Ilebbian learning does average and
can handle noisy inputs too.

Yet another possible method is to restrict learn-
ing to the immediate neighborhood of the neuron
with the highest s; activity, and further to the in-
terneuron that has the highest flow [;;, that is

ei;(u—u;;) if si=maxs; and
XS,
= Ij=max Iy, (26)
]
(] otherwise .

Learning rule (26) can be considered as the “soft”
version of Eq. (25). For this latter rule one can prove
that the limit of the u;; command connection vector
satisfies L'q. (21) and thus the algorithm can learn
the inverse dynamics of any plant up to the preci-
sion of discretization.

Again, if the time dependence of the og; values
salisly 37, «ij(l) = 20 and )3, of(l) < oc, where !
is incremented only if interneuron (4, j) learns, then
the convergence of wy; is guaranteed.

In order to prove this note that the limit of
command connection veclor u;; correspouding to in-
terneuron Yj; can be wrilten in the form

W; = / dP(x) / u(x, y)dP(y|x),
Jw Jy (x)

where u(x, y) = A~!'(x — b) + (E — A7*A)y with
A = A(c;), b = b(e;) and W is the set of x di-
rection vectors for which the geometry connection
(i, 7) is the “winner”, and Y(x) represents an arbi-

trary measurable set. Substituting the expression for
u(x, y) in the above equation ylelds

W, =A'X—b)+(E-ATA)

% [ dP(x) /Y(x; ydP(ylx),

where X = fW xd P(x). If W is symmctrical with re-
spect to gij (c.g. the discretization is regular), then
X = g;; aund thus in this case u;; satisfies Eq. (21)
(l.c. Wi; = wy;). Morcover, if the sampling of y-s is
also symmetrical for each given x, that is if ¥ (yx)
is centrally symimetric, then the sccond term in the
above cequation disappcars, too.
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