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1 INn tro duction

Question:

How can complexmovemeis be generatecand cortrolled by stereoypical
neuralcircuitsin motor cortexof primates?

Our Answ er:

We shawv that simplelinearreadoutdrom genericmeuralmicrccircuit models
caneasilybe trainedto generatdasicarm movemems. Sut movemenm gene-
rationisindependen of the arm-malelusecandthe type of feedbaksthat the
circuit receles,andgeneralize® newtargetsfor reating movemers. Feed-
badks that arrive with biologicallyrealisticdelays of 50-280ms are essemal
for the ewlution of sud neuraortroller. Additional feedbaks of \prediction
of sensoryariables"signi cartly improve the coriroller performanceExi-
sting cortrol methalsin roboticsthat take the particulardynamicsof sensors
and actuatorsinto accouh (\embodimen of motor systems")are taken one
step further with this approat, whidh providesmethals for alsousingthe
\embodimen of neuralcomputation”,i.e.,the inherem dynamicsand spatial
structureof neuralcircuits, for the designof movemenm cortrollers.

Problem:

Genericneuralmicreacircuits consistof spikingneuronswhosefast dynaimcs
tendsto bein con ict with movemen cortrol tasksthat requirea sequencef
precisanotor command®n a relatively slav time.

What are Generic Neural Micro circuits?

Genericneuralmicreciruits are randomlyconnectedecurrem circuits consi-
sting of spikingneuronsand dynamicsynapsesvith biologicallyrealisticdis-
tributions of parameters The key-pint is that no task speci ¢ engineering
is usedto createthem.We only train® linear readoutsfrom sud circuits for
speci c tasks,whidh receie at any timet the \liquid state" x(t) of the circuit
asinput °.

a) Information ow diagramfor a neuralmicracircuit model appliedto a cortrol task. b) Spatial layout of

neurondgn the neuralmicracircuit with randomlygeneratedgynapticconnectionsc) Standardmodel of a 2-

joint robot arm.d) Initial positionA andendpositionB of the robot arm for oneofthe movemetts. e) Snapshot
of the liquid statex(t) at oneparticulartimepoirt t. f Targettrajectoryof the tip of the robot arm (solid) and

trajectorygeneratedby neuralmicrccircuit in a closedoop for oneof the validationruns(dashed).The average
deviationfromthe targetendpoint was4.72cm,with SD of 0.85cm (scaleof guresin m).

aNeuron parameters menbranetime constah 30ms, absoluterefractoryperiad 3ms (excitatoryneurons)2ms (inhibitory neu-
rons),thresholdl5mV (for a restingmenbranepotertial assumedo be 0), resetvoltagedravn uniformlyfromthe interval [13.8,14.5
mV], constah non-sgci ¢ badkgroundcurren |, uniformly drawn fromthe interval [13.5nA, 14.51A], noiseat eat time-stepl noise
drawn from a gaussiamistribution with mean0 and SD of 1nA, input resistancd M . For ead sinulation, the initial conditionsof
eat I&F neuron,i.e.,the menbranevoltageat time t = 0, weredrawn randomly(uniformdistribution) from the interval [13.5mV,
14.9mV].Connection prolability fromneurona to neuronb (aswell asthat of a connectiorfromneuronbto neurona) wasde nedas
C exp( D?(a;b)= ?), whereD (a;b) isthe Euclideardistancebetveenneuronsa andband is a parametewhich cortrols both the
averagenumber of connectionandthe averagedistancebetweenneurondhat aresynapticallyconnectegwe set = 1:2). Depending
on whetherthe pre-or postsynapticmeuronwereexcitatory(E) or inhibitory (1), the valueof C wassetto 0.3(EE), 0.2(El), 0.4
(1E), 0.1(11).

bThe weighs of linearreadoutsemain xed after training, sothat all the dynamicsneededor mosemem generatioris extracted

and compsedirom inhereh dynamicsof generimeuralmicracircuits.
‘Ead compmnen of x(t) modelsthe impactthat a particularneuronv may have onthe menbranepotertial of a generiaeadout

neuron(seeFig. 1(e)). Thusead spike of neuronv is replacedy a pulsewhoseamplitudedecgs exponenially with a time constan
of 30ms.In otherwords:x(t) is obtainedby applyinga low-passlter to the spike trains emittedby the neuronsn the generimeural
microcircuit model.We will only considemformationthat canbe extractedfromthe liquid statex (t) ofthe genericmeuralmicreocircuit
model by a simpleweighted sumw  x(t).

2 Arm Mo dels

Our control paradigmis independen of the type of model that Is usedto
descrile the arm. We shaw this by ewaluatingits performancéor two di erent
modelsof a two-joirted 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 odorov,
2003; Todorov, 2000)
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wherec, denoteghe activity of the | th M1 neuronthat is cortrolling the arm.
The vectorujT denoteghe directionin whid the endpoint forceis generated
dueto activation of musclegy neuron] (assumingosinduning of neurons).
X; X, andx arethe position,velccity andaccelerationfthe handrespectively.

3 Results

The genericneural micrccircuit was usedin closedloop to cortrol the
arm:
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After training the neuralcircuit receiesasthe only externalinput a target position X gest; Ydest for the tip of

the robot arm (in cartesiancoordinatesthis input remainsconstah during the subsequdrarm movemen) as
well asfeedbak (t ) ; o(t ) fromthe armrepreseting previousvaluesof joint anglesdelayed by an

amoun , aswell as\e erent copies" 1(t); o(t) of its precedingnotor commandsAll the dynamicsneeded
to generatehe movemen is then provided by the inherem dynamicsof the neuralcircuit in respnseto the

switdhing on of the constan externalinputs (andin respnseto the dynamicof the feedbaks). During training

of the readoutdromthe generimeuralcircuit the propriacceptive feedbaks (t ) ; 2(t ) andthee eren

copiesof previousmotor commands 1(t); »(t) are replacedby correspndingvaluesfor a target movemen

whid aregiven asadditionalexternalinputsto the circuit (\imitation learning").

Autonomous Mo vement Generation

As a rst taskthe neuralmicrccircuit wastaught to generatel di erent arm
movemels sud asthe oneshavn in Fig. 1(d, f). The next gure shavsthe
dynamicsof a typicalmovemenm generatiorusingModel 2.

Generatiorof an arm movemen for a biologicaimaodelfor corticalcorirol of muscleactivations.a) Spike raster
shaving the activity of the genericneuralmicrcacircuit. b) Solid lines denotetarget valuesand dashedines
shav performancef sinulatedreadoutscs; : : : ; ¢4 froma genericneuralmicracircuit that receiessigni cartly
delayedinformationabout earlierhandpositionsasfeedbak (sirmulating visualfeedbak to motor cortex).
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Generalization Capabillities

Thetrainedneuraoriroller wasalsoableto generatanovemens to newend-
POINS Xq4est; Ydest that did not occurduringtraining:

a) Generalizatiorof movemeh generatiorto 5 target end points (small circles)which werenot amongthe 8
targetendpoints (smallsquaresjhat occurredduringtraining. Averagedeviationfor 15runswith newtarget
endpoints: 10.3cm (4.8cm for targetendpoints that occurredduringtraining). b) The velacity pro le for one
of the movemeitts to a newtargetendpoint (solidline is idealbell-shagd velccity pro le, actual- dashed).

Role of Feedback Delays and Autonomously Genera-
ted Predictions of Feedback

Irrespective of the length of the movemen time, the best performancevas
attainedwhenthe feedbaks had a biologicallyrealisticdelay in the rangeof
50-280ms.We alsoobseredthat if someadditionalreadoutsiveretrainedto
estimatethesefeedbaks andtheseestimatesverefed-bak to the circuit, this
signi cartly improvedthe performance:

In uence of feedbak delgy  for propricceptive feedbaks (t ) ; o(t ) on movemen error. Error is
de nedasthe di erenceof desirecand obsered end-mwint of movemen The curvesshav the averagesindthe
vertical barsshav the SD of the data adhieved for 400movemets for eat valueof (4 di erent movemerns
repeated10di erent timeswith di erent randominitial conditionsof the circuit and di erent onlinenoisefor
eat of 10randomlydrawn generimeuralmicracircuit models).Panelsa), b), ¢) shav thesedatafor 3 di erent
movemenm durations:300,500,and 700ms. Paneld) shavsin the upper curve resultsfor a slighly largerneural
circuit (consistingpf 800insteadof 600leakyintegrate-and- reneurons).IThe lower (dashedcurwe in d) shavs
the performancefthe samecircuitswheninternally generate@stimate®f propriaceptive feedbaks (for adelayy
of 200ms)werefedbadk asadditionalinputsto the neuralcircuit. Notethat the useof sud internally estimated
feedbaks not only improvesthe movemen precisionfor all valuesof the actualfeedbak delay  expect for
= 200ms, but alsoreduceghe SD of the precisiorachievedfor di erent circuitsconsiderably

4 Conclusions

Newparadignmfor autonomousnovemen generationT he circuit only needs
thetargetend-wint asthe input andgeneratethe correspndingmovemern
commandrom its internaldynamics(No central pattern geneation me-
chanismor oscillator is needed).

Learningis quite simpleand robust (only the synapseshat connectthe
readoutdo thecircuitaremadi ed), sincat justamournsto linearregression
In spiteof the highly nonlineamatureof the conrol tasksto whid this set-
up Is applied.

Our cortrol paradigmis independem of the type of model and feedbaks
used.

Demonstrategeneralizatiorapabilities.

Bestperformancéor a biologicallyrealisticrangeof feedbak delays (50-280
ms).

Estimationof feedbaks improvesperformance.

Theoreticakxplanations givenin (JoshiandMaass2004 ,JoshiandMaass
2004)basedon lter appro<imationand cortrol theory
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