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1 In tro duction

Question:

How can complexmovements be generatedand controlled by stereotypical
neuralcircuitsin motor cortexof primates?

Our Answ er:

We show that simplelinearreadoutsfrom genericneuralmicrocircuit models
caneasilybe trainedto generatebasicarmmovements. Such movement gene-
rationis independent of thearm-modelusedandthetypeof feedbacksthat the
circuit receives,andgeneralizesto newtargetsfor reachingmovements. Feed-
backs that arrive with biologicallyrealisticdelays of 50-280ms areessential
for the evolution of such neurocontroller. Additional feedbacks of \prediction
of sensoryvariables"signi�cantly improve the controller performance.Exi-
stingcontrol methodsin roboticsthat take the particulardynamicsof sensors
and actuatorsinto account (\embodiment of motor systems")are taken one
step further with this approach, which providesmethods for alsousingthe
\embodiment of neuralcomputation",i.e., the inherent dynamicsandspatial
structureof neuralcircuits,for the designof movement controllers.

Problem:

Genericneuralmicrocircuitsconsistof spikingneuronswhosefast dynaimcs
tendsto be in con
ict with movement control tasksthat requirea sequenceof
precisemotor commandson a relatively slow time.

What are Generic Neural Micro circuits?

Genericneuralmicrociruits arerandomlyconnectedrecurrent circuitsconsi-
sting of spikingneuronsanddynamicsynapseswith biologicallyrealisticdis-
tributions of parametersa. The key-point is that no task speci�c engineering
is usedto createthem.We only trainb linear readoutsfrom such circuits for
speci�c tasks,which receiveat any time t the \liquid state" x(t) of the circuit
asinput c.

a) Information 
ow diagramfor a neuralmicrocircuit model appliedto a control task. b) Spatial layout of
neuronsin the neuralmicrocircuit with randomlygeneratedsynapticconnections.c) Standardmodel of a 2-
joint robot arm.d) Initial positionA andendpositionB of therobot armfor oneof themovements. e) Snapshot
of the liquid statex(t) at oneparticulartimepoint t. f Targettrajectoryof the tip of the robot arm (solid)and
trajectorygeneratedby neuralmicrocircuit in a closedloop for oneof the validationruns(dashed).Theaverage
deviationfrom the targetendpoint was4.72cm,with SDof 0.85cm (scaleof �gures in m).

aNeuron parameters: membranetime constant 30ms,absoluterefractoryperiod 3ms(excitatoryneurons),2ms(inhibitory neu-
rons),threshold15mV (for a restingmembranepotential assumedto be0), resetvoltagedrawn uniformlyfromthe interval [13.8,14.5
mV], constant non-speci�c backgroundcurrent I b uniformlydrawn from the interval [13.5nA, 14.5nA], noiseat each time-stepI noise

drawn from a gaussiandistribution with mean0 andSDof 1nA, input resistance1M
. For each simulation, the initial conditionsof
each I&F neuron,i.e., the membranevoltageat time t = 0, weredrawn randomly(uniformdistribution) from the interval [13.5mV,
14.9mV].Connection probability fromneurona to neuronb(aswell asthat of a connectionfromneuronbto neurona) wasde�nedas
C � exp(� D 2(a;b)=� 2), whereD(a;b) is the Euclideandistancebetweenneuronsa andband� is a parameterwhich controls both the
averagenumber of connectionsandthe averagedistancebetweenneuronsthat aresynapticallyconnected(weset� = 1:2). Depending
on whetherthe pre-or postsynapticneuronwereexcitatory(E) or inhibitory (I ), the valueof C wassetto 0.3(EE), 0.2(EI ), 0.4
(I E), 0.1(I I ).

bThe weights of linearreadoutsremain�xed after training, sothat all the dynamicsneededfor movement generationis extracted
andcomposedfrom inherent dynamicsof genericneuralmicrocircuits.

cEach component of x(t) modelsthe impact that a particularneuronv may have on the membranepotential of a genericreadout
neuron(seeFig. 1(e)).Thuseach spike of neuronv is replacedby a pulsewhoseamplitudedecays exponentially with a time constant
of 30ms.In otherwords:x(t) is obtainedby applyinga low-pass�lter to the spike trainsemittedby the neuronsin the genericneural
microcircuit model.Wewill onlyconsiderinformationthat canbeextractedfromthe liquid statex(t) of thegenericneuralmicrocircuit
modelby a simpleweighted sumw � x(t).

2 Arm Mo dels
Our control paradigmis independent of the type of model that is usedto
describethearm.Weshow this by evaluatingits performancefor two di�erent
modelsof a two-jointed arm.

Mo del 1: A Standard Mo del from Rob otics (Slotine
and Li, 1991)
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Mo del 2: A Standard Mo del from Biology (T odoro v,
2003; Todoro v, 2000)
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uT

j

2
(m•x(t) + kx(t)) + bbuT

j _x(t)c; (2)

wherecj denotesthe activity of the j th M1 neuronthat is controlling the arm.
The vectoruT

j denotesthe directionin which the endpoint forceis generated
dueto activationof musclesby neuronj (assumingcosinetuning of neurons).
x; _x, and•x aretheposition,velocity andaccelerationof thehandrespectively.

3 Results

The genericneural microcircuit was used in closedloop to control the
arm:

After training the neuralcircuit receivesasthe only externalinput a target positionxdest; ydest for the tip of
the robot arm (in cartesiancoordinates;this input remainsconstant during the subsequent arm movement) as
well asfeedback � 1(t � �) ; � 2(t � �) from the arm representing previousvaluesof joint anglesdelayed by an
amount �, aswell as\e�erent copies"� 1(t); � 2(t) of its precedingmotor commands.All the dynamicsneeded
to generatethe movement is then providedby the inherent dynamicsof the neuralcircuit in responseto the
switchingonof the constant externalinputs(andin responseto the dynamicsof the feedbacks).Duringtraining
of the readoutsfromthe genericneuralcircuit the proprioceptive feedbacks� 1(t � �) ; � 2(t � �) andthe e�erent
copiesof previousmotor commands� 1(t); � 2(t) are replacedby correspondingvaluesfor a target movement
which aregivenasadditionalexternalinputs to the circuit (\imitation learning").

Autonomous Mo vement Generation

As a �rst task the neuralmicrocircuit wastaught to generate4 di�erent arm
movements such asthe oneshown in Fig. 1(d, f). The next �gure shows the
dynamicsof a typicalmovement generationusingModel2.

Generationof anarm movement for a biologicalmodel for corticalcontrol of muscleactivations.a) Spike raster
showing the activity of the genericneuralmicrocircuit. b) Solid linesdenotetarget valuesand dashedlines
show performanceof simulatedreadoutsc1; : : : ; c4 from a genericneuralmicrocircuit that receivessigni�cantly
delayedinformationabout earlierhandpositionsasfeedback (simulating visualfeedback to motor cortex).
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Generalization Capabilities

The trainedneurocontroller wasalsoableto generatemovements to newend-
points xdest; ydest that did not occurduring training:

a) Generalizationof movement generationto 5 target endpoints (small circles)which werenot amongthe 8
target endpoints (smallsquares)that occurredduring training. Averagedeviationfor 15runswith newtarget
endpoints: 10.3cm (4.8cm for targetendpoints that occurredduringtraining). b) The velocity pro�le for one
of the movements to a newtargetendpoint (solidline is idealbell-shapedvelocity pro�le, actual- dashed).

Role of Feedback Dela ys and Autonomously Genera-
ted Predictions of Feedback

Irrespective of the length of the movement time, the best performancewas
attainedwhenthe feedbacks hada biologicallyrealisticdelay in the rangeof
50-280ms.We alsoobservedthat if someadditionalreadoutsweretrainedto
estimatethesefeedbacksandtheseestimateswerefed-back to the circuit, this
signi�cantly improvedthe performance:

In
uence of feedback delay � for proprioceptive feedbacks � 1(t � �) ; � 2(t � �) on movement error. Error is
de�nedasthe di�erenceof desiredandobservedend-point of movement. The curvesshow the averagesandthe
vertical barsshow the SD of the data achieved for 400movements for each valueof � (4 di�erent movements
repeated10 di�erent timeswith di�erent randominitial conditionsof the circuit and di�erent onlinenoisefor
each of 10randomlydrawn genericneuralmicrocircuit models).Panelsa), b), c) show thesedata for 3 di�erent
movement durations:300,500,and700ms.Paneld) showsin the upper curveresultsfor a slightly largerneural
circuit (consistingof 800insteadof 600leakyintegrate-and-�reneurons).The lower (dashed)curve in d) shows
theperformanceof thesamecircuitswheninternallygeneratedestimatesof proprioceptivefeedbacks(for a delay
of 200ms)werefedback asadditionalinputsto theneuralcircuit.Notethat theuseof such internallyestimated
feedbacks not only improvesthe movement precisionfor all valuesof the actual feedback delay � expect for
� = 200ms,but alsoreducesthe SDof the precisionachievedfor di�erent circuitsconsiderably.

4 Conclusions

� Newparadigmfor autonomousmovement generation.Thecircuit onlyneeds
thetargetend-point astheinput andgeneratesthecorrespondingmovement
commandfrom its internaldynamics.(No central pattern generation me-
chanismor oscillator is needed).

� Learningis quite simpleand robust (only the synapsesthat connectthe
readoutsto thecircuitaremodi�ed), sinceit just amounts to linearregression
in spiteof the highlynonlinearnatureof the control tasksto which this set-
up is applied.

� Our control paradigmis independent of the type of model and feedbacks
used.

� Demonstratesgeneralizationcapabilities.

� Bestperformancefor a biologicallyrealisticrangeof feedback delays(50-280
ms).

� Estimationof feedbacks improvesperformance.

� Theoreticalexplanationisgivenin (JoshiandMaass,2004;JoshiandMaass
2004)basedon �lter approximationandcontrol theory.
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