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Abstract

Re�exes occur always “too late”; i.e., only af-
ter a (unpleasant,painful, dangerous)re�ex-eliciting
sensorevent has occurred. This de�nes an objec-
tive problemwhich canbe solved if anotherpredic-
tively acting sensorinput exists. We presenta new
learningalgorithm(ISO-learning)which performsa
confounded-correlationbetweenthe primary re�ex
anda possibleearlierre�ex: thesystemlearnsthere-
lation betweena primary re�ex andan earliersignal
in order to createa new predictive re�ex. To show
this, we will embedISO-learninginto a behavioural
system(a robot) therebyproducinga closedloop sit-
uation wherethe learner's actionsin�uence its own
sensorinputs to the end of creatingan autonomous
agent.Wewill demonstratethatISO-learningcansuc-
cessfullysolvetheclassicalobstacleavoidancetaskin
correlatinga re�ex behaviour (retractionafter bump)
with signalsof range�nders (turn before thebump).

1 Introduction

In this work we want to presenta novel, linearandunsuper-
vised algorithm for temporalsequencelearning,which we
call ISO-learning(isotropicsequenceorder learning). ISO-
learning has the special feature that all sensorinputs are
completelyisotropic which meansthat any input can drive
the learning behaviour. Thus, ISO-learningbehaviour is
completelyunsupervisedand the output is self-organised.
Un-supervisedtemporalsequencelearning,however, usually
leads– without additionalmeasurestaken– to ratherunde-
siredsituationsfor the organismsinceit canlearnarbitrary
behavioural patterns.In orderto avoid this we will placethe
learningalgorithminto a non-evaluative environment(with-
out rewardsor punishments)which providesfeedbackfrom
the motor output to the sensorinputs. In this behavioural
context a �x edre�ex loopis de�ned whichpreventsarbitrari-
nessby de�ning an initial behavioural goal (Verschureand
Voegtlin, 1998).

In this study, theprede�nedbehaviour is simply anavoid-
ancereaction. Initially this goal is achieved by meansof a

re�ex loop, and the re�ex-like avoidancereactionservesas
referencebehaviour in our system.This referencebehaviour
is supersededby the ISO-learningalgorithmwhich replaces
the slow feedbackloop with a fast feed-forwardpathway.
Learningis guidedin our systemsimply by theinherentdis-
advantagesof any feedbackbehaviour, namelythatit always
reactstoo late (WolpertandGhahramani,2000). Thus,sim-
ply thecausalityof theeventsguideslearningandno teacher
is needed.Part of this article is devotedto demonstratethat
thesequalitative observationscanbe embeddedin a control
theoreticalframework.

2 The neuronal circuit
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Figure 1: General form of the neural circuit. Inputs ��� are filtered by
resonators with impulse response

� � and summed at � with weights��� .

Fig.1ashowsthebasiccomponentsof theneuronalcircuit.
Thelearningsystemconsistsof multiple inputs �	� whichare
�rst band-pass�ltered by meansof linear transferfunctions
(in thetime-andLaplace-domain)
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the quality. This operationis commonlyobserved at

sensorialinputs and/or in real neuronalcircuits (Shepherd,
1990). The transformedinputs �*� converge onto a single
learningunit with weights� � andits outputis givenby:
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Note that all weightsare allowed to change,which makes
this setupisotropic.Sincewe aredealingwith a behavioural
paradigmthis unit hasthe task to transforma sensorinput
into a motor reaction.Weights ��� changeby a learningrule
whichusesthetemporalderivativeof theoutput:
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Figure 2: a Response curves. Curves for � show band-pass filtered
responses to � -pulse inputs ( ���! #" $�%'&(�)$�" $� ). At *+�,$ (first
pairing of pulses) we get ��-.� � . Note that �0/ has an approximately1 $�2 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 change3 � from the temporal difference 4 is plotted.

In orderto clarify thebasicideabehindthis algorithmwe
have chosena classicalconditioningparadigmreducingthe
numberof inputs to two: the unconditionedinput � 
 with
largeinitial weightandtheconditionedstimulus �65 . Charac-
teristicwaveformsof thesystemin responseto 7 -pulseinputs
areshown in Fig. 2a. Fig. 2bshows how thesynapticweight
� 5 of theconditionedinputchangesassumingidenticalband-
pass�lters for two inputswhichoccurwith a timedifference
of 8 betweenthem. The weight change9:� 5 is the result
of the correlationof the two resonatorresponses��
 and � 5
shown in a). Weightsincreasefor 8<;>= anddecreasefor
8@?@= (which meansthat a sequenceof events �A5CB � 

leadsto weight increaseat �D5 , whereasthereversesequence
� 
 B ��5 leadsto a decrease).

Figure 3: a) Unconditioned reflex loop: the organism transfers a
sensor event E - into a motor response F with the help of the transfer
function G - . The environment turns the motor response F again
into a sensor event E - with the help of the transfer function H - .
In the environment there exists the disturbance I which adds its
signal at J to the reflex loop. b) Signals of the reflex loop in the
time domain when a disturbance KML�N$ occurs. The desired state is� -PO �Q$ . The disturbance K is filtered by HR- and appears at � - and
is then transferred into a compensation signal at � which eliminates
the disturbance at the summation point J .

3 Behavioural feedback

Now we de�ne a behavioural feedbackre�ex loop �rst in
an abstractway andbelow in a real robot experiment. The
genericgoalof a(behavioural feedback)control-loopis to at-
tain a desiredstateasgoodandfast aspossiblein this case
�S
 � = (Palm, 2000). Fig. 3 shows the situationof a naive
learner, who is only ableto reactto anunconditionedstimu-
lusby meansof a (pre-wired)re�ex. In thecontext of control
theorysucha systemis describedby the transferfunctionof
thesystem

" 
 , heregivenby thepropertiesof sensor-motor
coupling and that of the environment T 
 , which is usually
unknown.

Predictive learningchangesthissituation.Thegoalof pre-
dictivelearningis to generateanappropriatereactionalready
in responseto theconditionedsignalwhichprovidesthedis-
turbanceU �ltered by T.5 (seeFig. 4) andtherebynever hav-
ing to performthere�ex. Whenthelearninggoalis optimally
achieved the dashedre�ex pathwaycan be treatedas func-
tionally notanymoreexistent.Thelearner's transferfunction
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now essentiallyapproximatestheinverseof thetransferfunc-
tion T 5 delayedby 8 . At the momentthe inner loop is su-
persededby the feed forward pathwayvia T 5 a new feed-
backloop hasbeengeneratedvia T 
 5 . Note, however, that
this loop normallyonly addsphase-shiftsto thebehaviour of
thesystem.This will bemathematicallyclari�ed below. For



Figure 4: Conditioned reflex loop. a) The circuit from Fig. 3 is
extended by a second feedback loop via HR-�� , H�� and E�� . The or-
ganism is now identical to the circuit in Fig. 1 where the input E�� is
connected to all E ���	��
  . Due to the delay 4 the disturbance I
reaches the organism first via E � and later via E - . b) Time course
of the signals after learning: at the moment the disturbance K has
been triggered, a compensation reaction at � is elicited and the dis-
turbance is eliminated at J before it can enter the input � - .

now wecanconcludethatin mostcaseswecan,therefore,set
T 
 5 0 � = andneglect thesecondaryloop.

Let us try to gain a bettermathematicallyunderstanding
aboutwhat underliesthe situationafter successfullearning,
i.e. when � 
 � = holds.Eq.3 is in theLaplacedomain:
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asthere�ex pathwayand
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asthepredictive pathway(see�gure 4). InsertingEq. 6 and
Eq.8 into Eq.7 andeliminatingtherethe 
 � �!# �

and
� �!# �

we
�nally get:
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Solvingfor 
W
 �$#��,� = weget:
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Thenumeratorof thisequationis theinversetransferfunction
of theenvironmenttogetherwith adelay 8 . Thedenominator
canbeneglectedbecauseit doesnot provide any morepoles

to the transferfunction
" V �!# �

, thus it canaddonly phase-
factors.Therefore,we can(asclaimedabove) set T 
 5 0 � = .
In generalit is possibleto emulatetheexpressionontheright
of Eq. 10 by a compositionof appropriatetransferfunctions
(Blinchikoff, 1976,pp.372).

In thefollowing we will assumethatthetransferfunctions
areresonators.Thereforewe arelooking for theweights � �
which leadto anapproximationof Eq.10. We startwith the
simplestcase� � � (oneresonator)andin addition,we as-
sumethatalsothetransferfunction T+5 of thepredictivepath-
wayrepresentsun-�ltered throughputgivenby: T+590 � � . The
right handsideof Eq.10cannow bedevelopedinto a Taylor
series 7 �

� ��� � 7 � 8 � �� 8 � � & �4# 8 � 5 & #�� (11)

andthemiddlepartof Eq.10hasto beexplicitely writtenout
accordingto Eq.2
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We now cancomparethe coef�cients of Eq. 11 with Eq. 12
andgetfor theparameters

� 5 � 7 � �
8 � (13)

: 5 � 3 �8�4 � �
8 (14)

< 5 � 5 �� (15)

We �nd thatwith onespeci�c resonatorit is only possible
to approximateonespeci�c temporalinterval 8 . However,
if we build our systemwith a large enoughnumber �76 �
of resonatorswith differentfrequencies

:
(but constant

<
),

we can statethat with sucha systemone can constructan
appropriateapproximationfor every 8 in the limit of � B8 .

Now we have to show that the above approximationis
stable. Let us assumethat we have found a setof weights
� �:9<; ; = which solves Eq. 10. The developmentof the
weightsfollows

9:� � � �
�48>=@?� ?

7BADC � � 7EAFC'��G � ��AFC'�'��C
(16)

which is a correlationin theLaplacedomain.
Now we perturbthesystemsubstituting�Y� B ��� & 7��#� �H��� .
In orderto assurestability we mustprove that the pertur-

bationis counteractedby theweightchange,thuswehopeto
�nd:
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G

and
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G
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�
is morecomplicated.Fromthede�nition we have:
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eliminating 
 
 by insertingEq.7 we get:
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Substituting� � B � � & 7�� � andidentifying
�

we get:
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Thencalculatingtheweightchangeis doneusingEq.16:
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wherewe have introducedtheabbreviations

&
and

7
for the

functionarguments
ADC

and
7EADC

.
We realizethat the �rst part of this integral describesthe

equilibriumstateconditionandcanbedropped,thus:
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wherefor 
 5 we have madeuseof the fact that for transfer
functionsin generalwe canwrite: � � � � ��� � � � .

Let usassumeorthogonalitygivenby:
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andwe get
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Notethatthis integral becomeszeroif theprimaryre�ex has
beenavoided( T 
 " 
 ��
 � = ). This is due to the symmetry
of the transferfunctions

� 

�5 � � � " �� � � . In orderto prove that
theintegral Eq.25 will benegative (assuringconvergence)a
generalstability analysiswould have to be performedabout
theinner(re�ex) loopwhichis determinedby � 
 " 
 T 
 . Since
we arenot dealingwith a speci�c feedbacksystemwe want
to show this for the simple but importantcaseof the unity
feedbackwherethestability is determinedby only 2 freepa-
rametersandthus,canbeestablishedwithoutastabilityanal-
ysis. However, the most importantaspectof the feedback
loop is preserved,namelyits delaycharacteristic.This prop-
ertyunderliestheconceptualnecessityfor temporalsequence
learningandit is essentialfor any relevantmathematicaltreat-
ment. The speci�c characteristicsof someof the transfer
function,ontheotherhand,aresecondaryandcan,therefore,
besimpli�ed. Thus,we will usetheso-calledunity feedback

loop assumptionto capturethis property. It is de�ned by:
� 
�� � 7 � 9 = � , " 
)0 � � and T 
 � � ���
� The re�ex loop is,
thus,entirely determinedby its gain � 
 andby the delay �
(not to beconfusedwith 8 ), which is thedelaybetweenthe
motor output

�
and the sensorinput 
M
 . The rangeof � 


resultsfrom the demandthat the re�ex shouldbe a negative
feedbackloopandthatit mustbestable.

Thus,Eq.25 turnsinto:
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We now apply PLANCHEREL' S theorem(Stewart, 1960) to
Eq. 26 in order to transferthe integral back into the time-
domainandprovethatit is negative. We have:
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Thefunction � �!# �
of Eq.26 is givenby thetransformation

pair:
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where
:

representsan alternatingdelta function at

 �

= 9 � 9 � � 9������ whichstartswith a positivedelta-pulse(Doetsch,
1961). Thus, together with

7BADC
the complete term� 7BADC 55 �����! #" $&% �
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�� , hencethe temporalderiva-

tiveof
:
.

Theotherterm ' �$#��
of Eq.26 is givenby:
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where“
)
” denotesaconvolutionand“

(
” theautocorrelation-

function.
As a consequenceof theabove �ndings wehave to discuss

theintegralin Eq.27speci�edbyEqs.29and31. Theintegral
shouldbe negative to assurestability. We know that U is
short-livedwith a durationshorterthan � , without which the
loop-systemwould be instableto begin with. Thus,we can
restrict the discussionof the integral to


 � = . We know
that the autocorrelationfunction / hasa positive maximum
at


 � = and that the derivative
: � of a delta-pulseat zero

approaches
7 8 for


 B =,+ 
 ; = . As a consequencethe
integral is negative asrequiredfor convergence.

Thus,for anorthogonalsetof
" � , whereweassumea

unity re�ex loopwehavefoundthatISO-learningwill
alwaysconverge if we usea disturbancewhich hasa
durationwhich is shorterthantheloop delay � of the
unity re�ex loop.

Real resonatorfunctions are not orthogonal. However,
computersimulationshave shown that thenon-diagonalele-
mentsof Eq.23donotchangetheabovederivedconvergence
properties.
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Figure 5: The robot c) has 2 output neurons for speed ( K�� ) and steering angle ( K � ). Normal operation is straight forward motion ( K��W�
����� � * % K � �!$ ). The retraction mechanism is implemented by 3 resonators ( ��� $�" � , & �  Hz) which connect the collision sensors
(CS) to the neurons K�� and K � with appropriately strong weights. Each range finder (RF) is fed into a filter bank of 10 resonators

� � with
� �  #" $ and & � �> $
	 � Hz. All outputs converge on the neurons K�� and K � 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://www.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 ( K�� ). The numbers correspond to the
bumps in d). e)Shows the robot’s trajectory after learning and b) the corresponding signals.

Now we have to considermorecomplex transferfunctions
for T 5 . Up to this point we have set T 5 � � . Theanalytical
derivation above doesnot show what will happenwhenwe
usemorecomplex functionsfor T 5 . However, whenwe re-
call thatwe have approximatedthedelay � ����� with a Taylor
seriesandmatchedit with thesumof resonatorswe seethat
it is possibleto alsoapproximatemorecomplex functionsin
developingthemin a similar way. For this to work, we need
to makesurethat T 5 canalsobe written asa productseries
of conjugatepoles(hencethat it representsa standardpas-
sive transferfunction). This, however, shouldnormally be
thecase,becauseonewould not expectthat theenvironment
would introduceany kind of complex signaltransformation

Finally we have to think abouthow morecomplex re�ex
loopsbehave. The answerto this questionwasalreadypar-
tially givenby the�nding that � 
 hasto bekeptin a speci�c
range. Therestrictionof � 
 camefrom the demandthat the
feedbackloop mustbestable.Thesameholdsif we wantto
setupmorecomplex feedbackloops.Wecanexpectaproper
behaviour of thecompletesystemassoonasthere�ex path-
way is stableandableto maintainhomoeostasis.Thus,the
questionabouttheactionof T 
 , reallygetsdeferredto thede-
mandof having to designan organismwhich hasa working
feedbackloop to begin with.

4 Robot experiment

Fig. 5 shows resultsfrom a robotexperiment.Detailsof the
robotaredescribedin theAppendix.Initially therobotreacts
only in anunconditionedre�ex-like mannerwith a retraction
movementwhenever it touchesanobstacle(Fig. 5d). Thena-
ture of this behavioural paradigm,however, guaranteesthat
therange�nders of therobotwill respondto anobstacleear-
lier thanthecollision sensors,whichwill only respondat di-
rect contact. This temporalsequenceof eventsis learnedat
two analoguesummingneurons;onewhoseoutputcontrols
thespeed

��#
, theotherthedirection

���
of robotmotion.The

range�nder signalsarerathernoisy (Fig. 5a,b)and,due to
curvatureof the motion patterns,the temporalintervals be-
tweenrange�nder andcollision-sensorsignalsvarywithin a
wide range.In orderto cover the largerangeof temporalin-
tervalsbetweenboth typesof sensorsignalsthe range�nder
signalswere split up into ten parallel channelswith differ-
ent temporaltransfercharacteristics(Grossberg (1995),see
Appendixfor details).As a consequencea total of 20 learn-
ing synapsesconvergesonto eachneuron(seeFig. 5c). De-
spiteof the poor quality of the input signalsandthe widely
varying time intervals this systemlearnsto perfectlycorre-
latebothsensormodalitiesandtherobotstopscolliding after
about100seconds(compareFig. 5d,e).

The developmentpatternof the synapticweightsdiffers
from trial to trial, becausethey develop in accordanceto the
sequenceof sensorevents,whichvary for differentinitial sit-



Figure 6: Development of the weights: a) Shows the weights from
the right range finder onto the neuron K�� and b) onto K � . The dotted
line marks the moment when the bumps have been avoided.

uations. As a consequencedifferentbehavioural strategies
areobserved,for exampledifferentrelationsbetweenbreak-
ing andsteering.

As expectedfrom the theoreticalconsiderations,we �nd
thatthesynapticweightsbecomefairly stableafterthebumps
havebeenavoided(Fig. 6). Theslightchangesof theweights
indicatethat it is morecomplicatedaspointedout in thethe-
oreticalderivationswhichuseonly two inputs( ��
 9 � 5 ). After
thebump( �S
 ) hasbeenavoidedlearningtakesplacebetween
differentrange-�nderinputs( � 5 9������ 9 � � ). Learningcontin-
uesuntil the earliestrange�nder input is detectedandit is
ableto controlalonetheavoidancereaction.

5 Discussion

Theintroductionof a novel learningrule for time-continuous
signalsin a poly-synapticsystemwith inputsfrom different
sensormodalitieswasinstrumentalto thedesignof a generic
feedbackloop situationwhich is ableto treat long temporal
intervals betweenthe differentsignals. Weight stabilisation
occursin this caseasa consequenceof thelearner's own re-
actionsby which it implicitly controlsthesequenceof its own
input events.

The robot exampledemonstratesthat stabilisationof the
weightsis dueto the sensormotor feedbackin the environ-
ment.In otherwords:theweightsstabiliseif aspeci�c input-
condition hasbeenreached. Sucha condition only makes
sensein a closedloop setupwhenthe motor reactionsfeed

backto thesensorinputs(vonGlasersfeld,1996,p.151).This
is an importantdifferencefrom othermodelswhich usually
stabilisetheir weightswhena speci�c output-condition has
beenreached.Thereforesuchmodelsalsowork in anopen-
loopsetup.

Figure 7: Differences between the Sutton and Barto models (a,c)
and ISO-learning (b) in the case of � �  . a) shows the drive
reinforcement-model by Sutton and Barto (1981) and c) the temporal
difference (TD) learning by Sutton (1988). b) shows ISO-learing
like in Fig. 1 with �>�� . 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. � is the

derivative.

Themostpopularmodelsof derivative basedtemporalse-
quencelearningare thoseby SuttonandBarto which have
theaim to modelexperimentsof classicalconditioning(Sut-
ton andBarto,1981,1982;Sutton,1988).Fig. 7 shows their
modelsand our ISO-learning. All modelsstrengthenthe
weight � 5 if � 5 precedes�S
 . All modelsuse �lters at the
inputs.However, our modelusesthe�ltered outputfor both,
the learningcircuit and the outputsincethe �ltered signals
arealso responsiblefor an appropriatebehaviour of the or-
ganism.In theSuttonandBartomodelsthe�ltering involves
only thelearning-circuitry. Thesedifferentwiringsre�ect the
differentlearninggoals:in ourmodeltheweight �S5 stabilises
whentheinput � 
 hasbecomesilent. In theSuttonandBarto-
Model the weight stabilisesif the output hasreacheda spe-
ci�c condition. In the drive-reinforcementmodelthis is the
caseif thesignalat � causedby � 5 hasasimilarstrengththan
thatof �S
 . This re�ects the Rescorla/Wagnerrule (Rescorla
andWagner, 1972).In thecaseof TD-learninglearningstops
if thepredictionerrorbetweenrewardandtheoutput � iszero,
thusif � maximallypredicts� .

In control theory it is well known that a control loop can



onlyexert its in�uenceafter thedesiredstatehasalreadybeen
disturbed. In this sensere�ex-reactionsare slow and non-
optimal. They couldeven leadto dangeroussituationsfor an
animal: A re�ex might cometoo latewhenthe initial sensor
signalwasgeneratedby a life-threateningevent. Therefore
our algorithmhasreplacedthe primary re�ex by a new (in-
director secondary)re�ex whicheliminatesthedisadvantage
of theprimaryre�ex, namelyof beingtoo late. This process
cancontinuein eliminatingthe secondaryre�ex andso on.
If we assumethe specialcondition T 
 5 � = this would rep-
resenta solutionto thetheclassical“inversecontrollerprob-
lem” known from engineering.Oneof the centralgoalsin
thesedisciplinesis to solvethisproblemby replacinga(slow)
feedbackloop with its equivalent(faster)feed-forwardcon-
troller, which emulatesthe inversetransfercharacteristicof
the closedloop system(Palm, 2000). Relatedwork in this
�eld hasbeendoneby Harunoet al. (2001).They have iden-
ti�ed the feedbackfeed-forwardproblem in motor control
andusingTD learningto improve arm movementsin com-
bining a feedbackcontrollerwith a feed-forwardcontroller.
Thedifferenceto our modelis that it is not desirableto gain
autonomyin motor learning. In our modelautonomyis an
importantaspect:the robot is allowed developingsmart(in
eludingobjects)but alsotrivial (in simply waiting in front of
anobject)solutionsin orderto solvehis feedbackproblem.

Theacquisitionof additionalusefulsensorialinformation
enablestheorganismtopredictunwantedchangesin theenvi-
ronment.Thus,for theorganismpredictingthere�ex leadsto
morebehaviouralsecurityascomparedto thesituationswhen
it hadto entirely rely on there�ex reaction. This aspecthas
beenusedby Ekdahl(2000)to de�ne autonomousbehaviour.

Finally, we stressthat learningis an active processwhich
incorporatesthesensor-motor loop asan essentialpart. The
observed behaviour namelyavoiding obstaclescanbe inter-
pretedasthe recognition of obstacles(in the context of the
re�ex behaviour). In our casethe robot only learnsto iden-
tify obstacles.ScheierandLambrosios(1996)usedsucha
form of sensor-motorlearningto learnto categorise between
differentobjects.

A Hard- and Software of the robot experiment

Hardware: A modi�ed commercialrobot (“rug warrior”,
������� diameter)wasused.Two active wheelsaredrivenby
DC motors,steeringis achievedthroughdifferentDC-levels.
Averagespeedwasadjustedto = � ��� � ;4#

usinga controlpa-
rameter� � = � � . In orderto detectmechanicalcontactthe
robot hasthreemicro-switches	�

� 9 	�
�� 9 	�
�� in a triangu-
lar con�guration(Fig.5c).Visualsignalsaregeneratedby two
multiplexed,infraredemitting,activerange�nders � ��� 9 � ���
with an angleof ��=�� betweenthem. Infrared re�ection is
detectedby an infraredsensorcentredbetweenthe emitters
whichoperatesin synchrony with them.Thedetectionrange
wasadjustedto = ��� 7 � ��� = ��� .

Unconditioned retraction reaction: The unconditioned
retraction reaction usesonly the collision sensorsignals.
Thesesignalsdrive the output neuronsin sucha way that
anavoidancemovementwith a motionvectorpointingaway
from thesiteof stimulationis elicited.

Neuronal Output: The output of the neuronsis de�ned
as:

��#-� � 7 ��� �
 � 
 � � 
�� ) � 	�
 � & 	�
 � 7 	�
 � � � &��
� � and� � � � ���
 � 
 � � 
��*) � 	�
 � 7 	�
 � � � &��

��� . Theasteriskdenotes
a convolution operation.Thevariables

�
� � and

�
��� represent

the total sumof all learnedcontributionsthat converge onto
the
��#

- and
� �

-neuronrespectively. Thesynapticweightsin
unconditionedreactionare initially set to � � �
 � = � � � and
� �!�
 � 7 = ��� .
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