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Abstract

Re exes occur always “too late”; i.e., only af-
ter a (unpleasantpainful, dangerousje ex-eliciting
sensorevent hasoccurred. This de nes an objec-
tive problemwhich canbe solved if anotherpredic-
tively acting sensorinput exists. We presenta new
learning algorithm (ISO-learning)which performsa
confounded-correlatiofetweenthe primary re ex
andapossibleearlierre ex: the systemearnsthere-
lation betweena primary re ex andan earliersignal
in orderto createa new predictive re ex. To shaw
this, we will embedISO-learninginto a behaioural
system(a robot) therebyproducinga closedloop sit-
uation wherethe learners actionsin uence its own
sensorinputs to the end of creatingan autonomous
agent.Wewill demonstratthat|SO-learningcansuc-
cessfullysolvetheclassicabbstacleavoidancetaskin
correlatingare ex behaiour (retractionafter bump)
with signalsof range nders (turn before the bump).

1 Introduction

In this work we wantto presenta novel, linearandunsuper
vised algorithm for temporalsequencdearning, which we
call ISO-learning(isotropic sequencerderlearning). 1ISO-
learning has the special featurethat all sensorinputs are
completelyisotropic which meansthat ary input can drive
the learning behaiour. Thus, ISO-learningbehaiour is

completely unsupervisedand the output is self-oiganised.

Un-supervisedemporalsequencéearning,however, usually
leads— without additionalmeasuregaken— to ratherunde-
sired situationsfor the organismsinceit canlearnarbitrary
behaioural patterns.In orderto avoid this we will placethe
learningalgorithminto a non-evaluative ervironment(with-
out rewardsor punishmentswhich providesfeedbackfrom
the motor output to the sensorinputs. In this behaioural
context a x edre ex loopis de ned which preventsarbitrari-
nessby de ning an initial behaioural goal (Verschureand
Voagtlin, 1998).

In this study the prede nedbehaiour is simply an avoid-
ancereaction. Initially this goalis achieved by meansof a

re ex loop, andthe re ex-like avoidancereactionsenesas

referencébehaiour in our system.This referencebehaiour

is supersedethy the ISO-learningalgorithmwhich replaces
the slow feedbackloop with a fast feed-forwardpathway

Learningis guidedin our systemsimply by theinherentdis-

adwantagesf ary feedbackbehaiour, namelythatit always
reactstoo late (Wolpertand Ghahramani2000). Thus,sim-

ply the causalityof the eventsguideslearningandno teacher
is needed.Part of this article is devotedto demonstratehat

thesequalitative obsenationscanbe embeddedn a control

theoreticaframevork.

2 The neuronal circuit
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Figure 1: General form of the neural circuit. Inputs z, are filtered by
resonators with impulse response £ and summed at » with weights

Pk

Fig. lashavsthebasiccomponentsf theneuronakircuit.
Thelearningsystemconsistof multiple inputsz which are
rst band-passltered by meansof lineartransferfunctions
(in thetime-andLaplace-domain)

h(t) = %e‘”sin(bt) Q)
1
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with a = Re(p) = —nf/Q andb := Tm(p) =



(2w f)? — a?, where f is the frequeng of the oscillation
and @ the quality. This operationis commonlyobsenred at
sensorialinputs and/orin real neuronalcircuits (Shepherd,
1990). The transformedinputs u; corverge onto a single
learningunit with weightsp, andits outputis givenby:

N
v = Z Pk 3
k=0

Note that all weightsare allowed to change,which makes
this setupisotropic. Sincewe aredealingwith a behaioural

paradigmthis unit hasthe taskto transforma sensorinput

into a motorreaction. Weightsp; changeby a learningrule

which usesthetemporalderivative of the output:
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Figure 2: a Response curves. Curves for u show band-pass filtered
responses to d-pulse inputs (@ = 1.0, f = 0.01). At ¢ = Q (first
pairing of pulses) we get uo = ». Note that »’ has an approximately
90° phase-lead with respect to ». This arises from the band-pass
filter characteristic of the system and is the basis for the predictive
properties of the learning rule used. b) Weight change curve: same
input signals as in a) but now the dependence of the weight change
A p from the temporal difference 7" is plotted.

In orderto clarify the basicideabehindthis algorithmwe
have chosena classicalconditioningparadigmreducingthe
numberof inputsto two: the unconditionedinput z, with
largeinitial weightandthe conditionedstimulusz,. Charac-
teristicwaveformsof thesystenmin responseo J-pulseinputs
areshavn in Fig. 2a. Fig. 2b shavs how the synapticweight
p1 of theconditionednput changesssumindgdenticalband-
passlters for two inputswhich occurwith atime difference
of T' betweenthem. The weight changeAp; is the result
of the correlationof the two resonatoresponses, andu;
shavn in a). Weightsincreasefor 7' > 0 and decreasdor
T < 0 (which meansthat a sequencef eventsz; — zg
leadsto weightincreaseat p;, whereaghe reversesequence
rg — z1 leadsto adecrease).
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Figure 3: a) Unconditioned reflex loop: the organism transfers a
sensorevent X, into a motor response V' with the help of the transfer
function Hy. The environment turns the motor response V' again
into a sensor event X, with the help of the transfer function P.
In the environment there exists the disturbance D which adds its
signal at & to the reflex loop. b) Signals of the reflex loop in the
time domain when a disturbance d # 0 occurs. The desired state is
xo := 0. The disturbance d is filtered by P, and appears at =, and
is then transferred into a compensation signal at » which eliminates
the disturbance at the summation point &.

3 Behavioural feedback

Now we de ne a behaioural feedbackre ex loop rst in
an abstractway and below in a real robot experiment. The
generiogoalof a (behaioural feedbackontrol-loopis to at-
tain a desiredstateas good and fast aspossiblein this case
zg = 0 (Palm, 2000). Fig. 3 shaws the situationof a naive
learner whois only ableto reactto anunconditionedstimu-
lus by meansof a (pre-wired)re ex. In thecontet of control
theorysucha systemis describeddy the transferfunction of
thesystemH, heregivenby the propertiesof sensomotor
coupling and that of the environment Py, which is usually
unknown.

Predictie learningchangeghis situation. The goalof pre-
dictivelearningis to generat@nappropriateeactionalready
in responséo the conditionedsignalwhich providesthe dis-
turbanceD Itered by P, (seeFig. 4) andtherebynever hav-
ing to performthere ex. Whenthelearninggoalis optimally
achived the dashedre ex pathwaycan be treatedas func-
tionally notarymoreexistent. Thelearners transferfunction

N
Hy(s) =) piHe (5)
k=1

now essentiallyapproximatesheinverseof thetransferfunc-
tion P, delayedby 7. At the momentthe innerloop is su-
persededy the feed forward pathwayvia P; a new feed-
backloop hasbeengeneratedriia Py;. Note, however, that
this loop normally only addsphase-shift$o the behaiour of
the system.Thiswill be mathematicallyclari ed below. For
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Figure 4: Conditioned reflex loop. a) The circuit from Fig. 3 is
extended by a second feedback loop via Po1, P1 and X,. The or-
ganism is now identical to the circuit in Fig. 1 where the input X, is
connected to all X; & > 1. Due to the delay 7" the disturbance 1
reaches the organism first via X, and later via X,. b) Time course
of the signals after learning: at the moment the disturbance d has
been triggered, a compensation reaction at v is elicited and the dis-
turbance is eliminated at & before it can enter the input =;.

now we canconcludethatin mostcasewe can,thereforeset
Py1 := 0 andngglectthe secondaryoop.

Let us try to gain a bettermathematicallyjunderstanding
aboutwhat underliesthe situationafter successfulearning,
i.e.whenzo = 0 holds.Eqg. 3 is in the Laplacedomain:

N
V(s) = poXo + Zkaka (6)
k=1
with
Xo(s) = Po[V + De™*T] ()

asthere ex pathwayand

_ PID+ PP XoHo

‘YP(S) - 1 — ]31 Pm HV (8)

asthe predictive pathway(see gure 4). InsertingEq. 6 and
Eq.8into Eq. 7 andeliminatingtherethe X, (s) andV (s) we
nally get:

PiD+ P1Py1 XoHg

__=sT
Xo(s) =€ D+ Hy TP Por Fy (9)
Solvingfor X, (s) = 0 weget:
N —1_—sT
Pl e
HV(S)_ZPI“H’“__W (10)

k=1

Thenumeratoof thisequatioris theinversetransferfunction
of theernvironmenttogethemwith adelay7". Thedenominator
canbe ngylectedbecausdt doesnot provide ary morepoles

to the transferfunction Hy (s), thusit canaddonly phase-
factors. Therefore we can(asclaimedabove) set Py := 0.
In generait is possibleto emulatethe expressiorontheright
of Eq. 10 by a compositionof appropriateéransferfunctions
(Blinchikoff, 1976,pp.372).

In thefollowing we will assumehatthetransferfunctions
areresonators.Thereforewe arelooking for the weightspy.
which leadto anapproximatiorof Eq. 10. We startwith the
simplestcaseN = 1 (oneresonatorandin addition,we as-
sumethatalsothetransferfunction P; of the predictive path-
wayrepresentsn- ltered throughpugivenby: P, := 1. The
right handsideof Eqg. 10 cannow be developedinto a Taylor
series
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andthe middlepartof Eq. 10 hasto beexplicitely written out
accordingo Eq.2

(11)

P1
Hi(s) = 12
1 1( ) pp* +s(p+p*)+82 ( )
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We now cancomparethe coefcients of Eqg. 11 with Eq. 12
andgetfor theparameters

no= 2 (13)
fi = i%ﬁ% (14)
Q1 = \/g (15)

We nd thatwith onespeci c resonatoit is only possible
to approximateone speci ¢ temporalinterval 7. However,
if we build our systemwith a large enoughnumberN > 1
of resonatorwith differentfrequenciesf (but constant@),
we can statethat with sucha systemone can constructan
appropriateapproximatiorfor every 7' in the limit of N —
0.

Now we have to shav that the above approximationis
stable. Let us assumethat we have found a setof weights
pr, k > 0 which solvesEq. 10. The developmentof the
weightsfollows

[ee]
Ap; = i/ —iwV (—iw)U; (iw)dw (16)
2 f_ o
whichis a correlationin the Laplacedomain.

Now we perturbthe systemsubstitutinge; — p; + dp; =
Pi-
! In orderto assurestability we mustprove thatthe pertur
bationis counteractetby theweightchangethuswe hopeto
nd:

Apj ~ —dp; 17)
Weneedto de ne U andV. U is easy:
L 7. XoHgp for _] =0
Ui=XiHi= { X1H; for j>0 (18)



V is morecomplicated Fromthede nition we have:

N
V =poXoHo+ X3 Zpka (19)
k=1
eliminating X, by insertingEq. 7 we get:
V= poPoHoDe™T + X1 S0, pi Hy (20)
1 —poPoHp
Substitutinge; — p; + dp; andidentifying V' we get:
- X, N Spr Hy,
P = v Sk 00 (21)

1 —poPoHo

Thencalculatingtheweightchangeds doneusingEq. 16:

— N —
o X dprH
Apj = Lal —iw[V™ 4+ = E’“ﬂ_p’“_ Fxt Y dw
27 00 1— Po PO HO J
(22)
wherewe have introducedthe abbre&viations+ and— for the

functionargumentsw and—iw.
We realizethatthe rst part of this integral describeghe
equilibriumstateconditionandcanbe droppedthus:

£/

wherefor X; we have madeuseof the fact thatfor transfer
functionsin generalwe canwrite: Y*tY ~ = |Y|2.
Let usassumerthogonalitygivenby:

—w| X4 |°H,
ZM ieo] X |7 L Tk prde (29)

o =t = poPy Hy

0 T |X|H+ w for k (24)
= —f— or
/_m TPy Hy 7
andwe get
H et 2 2 —iw
Ap: = 2 8p. X Hi d 25
Pj QWPJ/—OO 1||j|1_pOPO_HO_W (25)

Notethatthis integral becomegeroif the primaryre ex has
beenavoided (PyHgopy = 0). Thisis dueto the symmetry
of the transferfunctions| X |?| /|2, In orderto prove that
theintegral Eq. 25 will be nggative (assuringcorvergence)a
generalstability analysiswould have to be performedabout
theinner(re ex) loopwhichis determinedy po Ho Py. Since
we arenot dealingwith a speci ¢ feedbacksystemwe want
to shaw this for the simple but importantcaseof the unity
feedbackwherethe stability is determinedy only 2 free pa-
rametersandthus,canbeestablishedvithouta stability anal-
ysis. However, the mostimportantaspectof the feedback
loopis presered, namelyits delaycharacteristicThis prop-
erty underlieghe conceptuahecessityfor temporakequence
learningandit is essentiafor ary relevantmathematicaireat-
ment. The speci ¢ characteristicof someof the transfer
function,ontheotherhand,aresecondaryandcan,therefore,
besimpli ed. Thus,we will usethe so-calledunity feedback

loop assumptionto capturethis property It is de ned by:
po €] — 1,0[, Hy := 1 and Py, = ¢~ *" There ex loopis,
thus, entirely determinedby its gain p, and by the delay =
(notto be confusedwith T°), which is the delay betweerthe
motor output V' and the sensorinput Xy. The rangeof pg
resultsfrom the demandhatthere ex shouldbe a neggative
feedbacKoop andthatit mustbestable.
Thus,Eqg. 25 turnsinto:
° —iw
Ap; = %(5@ /_m |DH;|? T— pociar dw  (26)
Afiw) Pl
tw iw)
We now apply PLANCHEREL' s theorem(Stewart, 1960) to
Eq. 26 in orderto transferthe integral back into the time-
domainandprove thatit is negative. We have:

Apj =p Jpj/o a(t)f'(t)dt

Thefunction F'(s) of Eq.26is givenby thetransformation
pair:

(27)

F(s) = ];_” (28)
— poe
f@&) = (=)@ —-n7), n=0,1,2,... (29)

where f representsan alternatingdelta function at ¢ =
0, 7, 27, ... which startswith a positive delta-pulsgDoetsch,
1961). Thus, together with —iw the complete term
(— ZWW) represents(¢), hencethe temporalderiva-
tiveof f.

Theotherterm A(s) of Eq. 26is givenby:

A(s) = |DH;? (30)

a(t) = @[d(t)  h(t)] (31)
where“x” denotes convolutionand“®” theautocorrelation-
function.

As aconsequencef theabove ndings we haveto discuss
theintegralin Eq.27 speci edby Eqs.29and31. Theintegral
shouldbe negative to assurestability. We know that D is
short-livedwith a durationshorterthanr, without which the
loop-systemwould be instableto begin with. Thus,we can
restrict the discussionof the integralto ¢ = 0. We know
that the autocorrelatiorfunction ¢ hasa positive maximum
att = 0 andthatthe derivative f’ of a delta-pulseat zero
approaches-co fort — 0; ¢ > 0. As a consequencéhe
integralis negative asrequiredfor convergence.

Thus,for anorthogonaketof Hy, wherewe assume
unity re ex loopwe havefoundthatISO-learningwill
alwaysconverge if we usea disturbancevhich hasa
durationwhich is shorterthantheloop delayr of the
unity re ex loop.

Real resonatorfunctions are not orthogonal. However,
computersimulationshave shavn thatthe non-diagonakle-
mentsof Eq. 23do notchangeheabore derivedcornvergence
properties.
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Figure 5: The robot c) has 2 output neurons for speed (ds) and steering angle (d¢). Normal operation is straight forward motion (ds =
const, d¢ = 0). The retraction mechanism is implemented by 3 resonators (@ = 0.6, f = 1 Hz) which connect the collision sensors
(CS) to the neurons ds and d¢ with appropriately strong weights. Each range finder (RF) is fed into a filter bank of 10 resonators 4, with
Q = 1.0and fr = 10/k Hz. All outputs converge on the neurons ds and d¢ with weights which are changed according the learning
rule Eq. 4. A more detailed technical description goes beyond the scope of this article but is found together with a set of movies at:
http://ww. cn. stir.ac. uk/predictor/real — movie 2. d) Shows the robot’s trajectory before learning and a) shows the
corresponding signals of the collision sensor (CS), range finder (RF) and output of the neuron for speed (ds). The numbers correspond to the

bumps in d). €) Shows the robot’s trajectory after learning and b) the corresponding signals.

Now we have to considemorecomple transferfunctions
for P,. Up to this pointwe have set P, = 1. The analytical
derivation above doesnot shawv whatwill happerwhenwe
usemore comple functionsfor P;. However, whenwe re-
call thatwe have approximatedhe delaye~*7 with a Taylor
seriesandmatchedt with the sumof resonatorsve seethat
it is possibleto alsoapproximatemorecomple functionsin
developingthemin a similar way. For this to work, we need
to makesurethat P; canalsobe written asa productseries
of conjugatepoles(hencethat it representsa standardoas-
sive transferfunction). This, however, should normally be
the case becaus@newould not expectthatthe ervironment
wouldintroduceary kind of comple signaltransformation

Finally we have to think abouthow more comple re ex
loopsbehae. The answerto this questionwas alreadypar
tially givenby the nding thatp, hasto be keptin a speci c
range. Therestrictionof p, camefrom the demandhatthe
feedbackoop mustbe stable. The sameholdsif we wantto
setup morecomple feedbackoops. We canexpectaproper
behaiour of the completesystemassoonasthere ex path-
way is stableandableto maintainhomoeostasisThus, the
guestiorabouttheactionof Py, really getsdeferredo thede-
mandof having to designan organismwhich hasa working
feedbacKoop to begin with.

4 Robot experiment

Fig. 5 shavs resultsfrom a robot experiment. Detailsof the
robotaredescribedn the Appendix. Initially therobotreacts
only in anunconditionede ex-like mannemwith aretraction
movementwheneer it touchesanobstaclgFig. 5d). Thena-
ture of this behaioural paradigm,however, guaranteeshat
therange nders of therobotwill respondo anobstaclesar

lier thanthe collision sensorswhichwill only respondat di-

rectcontact. This temporalsequenc®f eventsis learnedat
two analoguesummingneurons;one whoseoutputcontrols
thespeedis, the otherthedirectiond¢ of robotmotion. The
range nder signalsare rathernoisy (Fig. 5a,b)and,dueto

cunatureof the motion patternsthe temporalintervals be-
tweenrange nder andcollision-sensosignalsvary within a
wide range.In orderto cover the large rangeof temporalin-

tenvals betweerbothtypesof sensorsignalsthe range nder

signalswere split up into ten parallel channelswith differ-

enttemporaltransfercharacteristic§Grossbey (1995), see
Appendixfor details). As a consequencatotal of 20 learn-
ing synapsegorvergesonto eachneuron(seeFig. 5¢). De-
spite of the poor quality of the input signalsandthe widely

varying time intervals this systemlearnsto perfectly corre-
late bothsensomodalitiesandtherobotstopscolliding after
about100secondgcomparerig. 5d,e).

The developmentpatternof the synapticweights differs
from trial to trial, becausehey developin accordancéo the
sequencef sensorevents,which vary for differentinitial sit-
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Figure 6: Development of the weights: a) Shows the weights from
the right range finder onto the neuron ds and b) onto d¢. The dotted
line marks the moment when the bumps have been avoided.

uations. As a consequencdifferentbehaioural stratgjies
areobsened, for exampledifferentrelationsbetweenbreak-
ing andsteering.

As expectedfrom the theoreticalconsiderationsywe nd
thatthesynaptioweightsbecomeairly stableafterthebumps
have beenavoided(Fig. 6). Theslightchange®f theweights
indicatethatit is morecomplicatedaspointedoutin thethe-
oreticalderivationswhich useonly two inputs(zg, z1). After
thebump (z¢) hasbeenavoidedlearningtakesplacebetween
differentrange- nderinputs(z1, . .., ). Learningcontin-
uesuntil the earliestrange nder input is detectedandit is
ableto controlalonethe avoidancereaction.

5 Discussion

Theintroductionof a novel learningrule for time-continuous
signalsin a poly-synapticsystemwith inputsfrom different
sensomodalitieswasinstrumentato the designof a generic
feedbackoop situationwhich is ableto treatlong temporal
intervals betweenthe differentsignals. Weight stabilisation
occursin this caseasa consequencef thelearners own re-
actionshy whichit implicitly controlsthesequencef its own
inputevents.

The robot example demonstrateshat stabilisationof the
weightsis dueto the sensomotor feedbackin the environ-
ment.In otherwords:theweightsstabiliseif aspeci ¢ input-
condition hasbeenreached. Sucha condition only makes
sensein a closedloop setupwhenthe motor reactionsfeed

backto thesensoinputs(von Glasersfeld1996,p.151).This
is animportantdifferencefrom othermodelswhich usually
stabilisetheir weightswhena speci ¢ output-condition has
beenreached.Thereforesuchmodelsalsowork in anopen-
loop setup.
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Figure 7: Differences between the Sutton and Barto models (a,c)
and ISO-learning (b) in the case of N = 1. a) shows the drive
reinforcement-model by Sutton and Barto (1981) and c) the temporal
difference (TD) learning by Sutton (1988). b) shows I1SO-learing
like in Fig. 1 with N = 1. Additionally the circuit for the weight
change (learning) is shown. The input-filters £ in the Sutton and
Barto-models (a,c) are first order low-pass filters (eligibility trace).
+ and - represent addition and multiplication, respectively. s is the
derivative.
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The mostpopularmodelsof derivative basedemporalse-
guencelearningare thoseby Suttonand Barto which have
theaim to modelexperimentsof classicalconditioning(Sut-
tonandBarto,1981,1982; Sutton,1988). Fig. 7 shows their
modelsand our ISO-learning. All models strengthenthe
weight p; if z; precedesey. All modelsuse lters at the
inputs. However, our modelusesthe Itered outputfor both,
the learningcircuit and the outputsincethe Itered signals
arealsoresponsibleor an appropriatebehaviour of the or-
ganism.In the SuttonandBartomodelsthe Itering involves
only thelearning-circuitry Thesedifferentwiringsre ect the
differentlearninggoals:in ourmodeltheweightp; stabilises
whentheinput =, hasbecomesilent. In the SuttonandBarto-
Model the weight stabilisesf the output hasreacheda spe-
ci ¢ condition. In the drive-reinforcemenimodelthis is the
casdf thesignalatv causedy z; hasasimilarstrengththan
thatof zy. This re ects the Rescorla/Vdgnerrule (Rescorla
andWagney 1972).In the caseof TD-learninglearningstops
if thepredictionerrorbetweerrewardandtheoutputw is zero,
thusif v maximally predictsr.

In controltheoryit is well known thata control loop can



only exertits in uence after thedesiredstatehasalreadybeen
disturbed. In this sensere ex-reactionsare slow and non-
optimal. They couldevenleadto dangerousituationsfor an
animal: A re ex might cometoo late whenthe initial sensor
signalwas generatedy a life-threateningevent. Therefore
our algorithmhasreplacedthe primary re ex by a new (in-
director secondaryje ex which eliminateghe disadwantage
of the primaryre ex, namelyof beingtoo late. This process
cancontinuein eliminatingthe secondaryre ex andso on.
If we assumehe specialcondition Py; = 0 this would rep-
resenta solutionto thethe classical‘inversecontrollerprob-
lem” known from engineering. One of the centralgoalsin
thesedisciplineds to solvethis problemby replacinga (slow)
feedbackoop with its equivalent (faster)feed-forwardcon-
troller, which emulateghe inversetransfercharacteristicof
the closedloop system(Palm, 2000). Relatedwork in this
eld hasbeendoneby Harunoetal. (2001). They have iden-
tied the feedbackfeed-forwardproblemin motor control
andusing TD learningto improve arm movementsin com-
bining a feedbackcontrollerwith a feed-forwardcontroller.
Thedifferenceto our modelis thatit is not desirableto gain
autonomyin motor learning. In our modelautonomyis an
importantaspect:the robotis allowed developing smart(in
eludingobjects)but alsotrivial (in simply waitingin front of
anobject)solutionsin orderto solve his feedbackproblem.

The acquisitionof additionaluseful sensoriainformation
enablegheorganismto predictunwantecchangesn theervi-
ronment.Thus,for theorganismpredictingthere ex leadsto
morebehaioural securityascomparedo thesituationsvhen
it hadto entirelyrely on there ex reaction. This aspectas
beenusedby Ekdahl(2000)to de ne autonomou®ehaiour.

Finally, we stresgthatlearningis an active processwhich
incorporateghe sensoimotorloop asan essentiapart. The
obsened behaiour namelyavoiding obstaclesanbe inter-
pretedasthe recognition of obstaclegin the contet of the
re ex behaiour). In our casethe robot only learnsto iden-
tify obstacles.Scheierand Lambrosios(1996) usedsucha
form of sensommotorlearningto learnto categorise between
differentobjects.

A Hard- and Software of the robot experiment

Hardware: A modi ed commercialrobot (“rug warrior”,

16 em diameter)wasused. Two active wheelsaredriven by
DC motors,steerings achieved throughdifferentDC-levels.
Averagespeedvasadjustedo 0.45 m/s usinga control pa-
rameterc = 0.6. In orderto detectmechanicatontactthe
robot hasthreemicro-switchesC'S;, C'S,., C'S, in atriangu-
lar con guration(Fig.5c). Visualsignalsaregeneratedby two
multiplexed,infraredemitting,activerange nders RF;, RF.

with an angleof 70° betweenthem. Infraredre ection is
detectedby aninfrared sensorcentredbetweenthe emitters
which operatesn synchroty with them. The detectionrange
wasadjustedo 0.5 — 15.0 em.

Unconditioned retraction reaction: The unconditioned
retraction reaction usesonly the collision sensorsignals.
Thesesignalsdrive the output neuronsin sucha way that

anavoidancemavementwith a motionvectorpointing avay

from thessite of stimulationis elicited.

Neuronal Output: The output of the neuronsis de ned

as:ds = ¢ — p@*[h.(t) ¥ (CS; + CS, — CSp)] + l4s and
dé = pi®he(t) % (CS; — CS,)] + lag. Theasteriskdenotes
aconvolution operation.The variables 4, andl,, represent
thetotal sumof all learnedcontributionsthat corverge onto

the ds- andd¢-neuronrespectiely. The synapticweightsin

unconditionedreactionare initially setto pd* = 0.15 and

d¢
po. =—0.5.
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