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Abstract

Thedirectneuralcontrol of externaldevicessuchascomputerdisplays
or prostheticlimbs requirestheaccuratedecodingof neuralactivity rep-
resentingcontinuousmovement.We developa real-timecontrolsystem
using the spiking activity of approximately40 neuronsrecordedwith
an electrodearray implantedin the arm areaof primary motor cortex.
In contrastto previous work, we develop a control-theoreticapproach
that explicitly modelsthe motion of the handand the probabilisticre-
lationshipbetweenthis motion andthemean�ring ratesof the cells in
70ms bins. We focuson a realisticcursorcontroltaskin which thesub-
ject mustmove a cursorto “hit” randomlyplacedtargetson a computer
monitor. Encodinganddecodingof the neuraldatais achieved with a
Kalman �lter which hasa numberof advantagesover previous linear
�ltering techniques.In particular, the Kalman �lter reconstructionsof
handtrajectoriesin off-line experimentsaremore accuratethanprevi-
ouslyreportedresultsandthemodelprovidesinsightsinto thenatureof
theneuralcodingof movement.

1 Intr oduction

Recentresultshave demonstratedthefeasibilityof directneuralcontrolof devicessuchas
computercursorsusingimplantedelectrodes[5, 9, 11, 14]. Theseresultsareenabledby a
varietyof mathematical“decoding”methodsthatproduceanestimateof thesystem“state”
(e.g. handposition)from a sequenceof measurements(e.g. the�ring ratesof a collection
of cells).Herewearguethatsuchadecodingmethodshould(1) haveasoundprobabilistic
foundation;(2) explicitly modelnoisein thedata;(3) indicatetheuncertaintyin estimates
of handposition; (4) make minimal assumptionsaboutthe data; (5) requirea minimal
amountof “training” data;(6) provideon-lineestimatesof handpositionwith shortdelay
(lessthan200ms);and(7) provide insight into the neuralcodingof movement. To that
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Figure1: Reconstructing2D handmotion.(a)Training: neuralspikingactivity is recorded
while thesubjectmovesa jointedmanipulandumon a 2D planeto controla cursorsothat
it hits randomlyplacedtargets.(b) Decoding: truetargettrajectory(dashed(red): darkto
light) andreconstructionusingtheKalman�lter (solid (blue): darkto light).

end,we proposea Kalman�ltering methodthatprovidesa rigorousandwell understood
framework thataddressestheseissues.This approachprovidesa control-theoreticmodel
for the encodingof handmovementin motor cortex andfor inferring, or decoding,this
movementfrom the�ring ratesof a populationof cells.

Simultaneousrecordingsareacquiredfrom anarrayconsistingof 100microelectrodes[6]
implantedin thearmareaof primarymotorcortex (MI) of a Macaquemonkey; recordings
from this areahavebeenusedpreviously to controldevices[5, 9, 10, 11, 14]. Themonkey
views a computermonitor while gripping a two-link manipulandumthat controlsthe 2D
motionof acursoronthemonitor(Figure1a). Weusetheexperimentalparadigmof [9], in
whichatargetdotappearsin arandomlocationonthemonitorandthetaskrequiresmoving
a feedbackdot with themanipulandumsothat it hits the target. Whenthe target is hit, it
jumpsto a new randomlocation. The trajectoryof thehandandtheneuralactivity of 42
cellsarerecordedsimultaneously. We computetheposition,velocity, andaccelerationof
thehandalongwith themean�ring ratefor eachof thecellswithin non-overlapping70ms
time bins. In contrastto relatedwork [8, 15], themotionsof the monkey in this taskare
quiterapidandmore“natural” in thattheactualtrajectoryof themotionis unconstrained.

Thereconstructionof handtrajectoryfrom themean�ring ratescanbeviewedprobabilis-
tically asa problemof inferring behavior from noisymeasurements.In [15] we proposed
a Kalman�lter framework [3] for modelingtherelationshipbetween�ring ratesin motor
cortex andthepositionandvelocity of thesubject's hand. This work focusedon off-line
reconstructionusingconstrainedmotionsof thehand[8]. Hereweconsidernew datafrom
theon-lineenvironmentalsetup[9] which is morenatural,varied,andcontainsrapidmo-
tions. With this datawe show that, in contrastto our previous results,a modelof hand
acceleration(in additionto positionandvelocity) is importantfor accuratereconstruction.

In theKalmanframework, thehandmovement(position,velocityandacceleration)is mod-
eledasthesystemstateandtheneural�ring rateis modeledastheobservation(measure-
ment). The approachspeci�esan explicit generative modelthatassumesthe observation
(�ring ratein 70ms) is alinearfunctionof thestate(handkinematics)plusGaussiannoise1.
Similarly, thehandstateat time t is assumedto bea linearfunctionof thehandstateat the
previoustimeinstantplusGaussiannoise.TheKalman�lter approachprovidesarecursive,
on-line,estimateof handkinematicsfrom the�ring ratein non-overlappingtimebins.The

1This is a crudeassumptionbut the �ring ratescanbesquare-roottransformed[7] makingthem
moreGaussianandthemean�ring ratecanbesubtractedto achieve zero-meandata.
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resultsof reconstructinghandtrajectoriesfrom pre-recordedneural�ring ratesarecom-
paredwith thoseobtainedusingmoretraditional �x ed linear �ltering techniques[9, 12]
usingoverlapping1:4s windows. The resultsindicatethat the Kalman�lter decodingis
moreaccuratethanthatof the�x edlinear�lter .

1.1 RelatedWork
Georgopoulosandcolleagues[4] showedthat handmovementdirectionmay be encoded
by theneuralensemblein thearmareaof motorcortex (MI). This earlywork hasresulted
in a numberof successfulalgorithmsfor decodingneuralactivity in MI to performoff-
line reconstructionor on-line control of cursorsor robotic arms. Roughly, the primary
methodsfor decodingMI activity include the populationvectoralgorithm[4, 5, 7, 11],
linear�ltering [9, 12], arti�cial neuralnetworks[14], andprobabilisticmethods[2, 10, 15].

Thispopulationvectorapproachis theoldestmethodandit hasbeenusedfor thereal-time
neuralcontrol of 3D cursormovement[11]. This work hasfocusedprimarily on “center
out” motionsto adiscretesetof radialtargets(in 2D or 3D) ratherthannatural,continuous,
motionthatwe addresshere.

Linear �ltering [8, 12] is a simplestatisticalmethodthat is effective for real-timeneural
control of a 2D cursor[9]. This approachrequiresthe useof dataover a long time win-
dow (typically 500ms to 1:5s). The �x ed linear �lter , like populationvectorsandneural
networks[14] lackbothaclearprobabilisticmodelandamodelof thetemporalhandkine-
matics.Additionally, they providenoestimateof uncertaintyandhencemaybedif�cult to
extendto theanalysisof morecomplex temporalmovementpatterns.

Wearguethatwhatis neededis aprobabilisticallygroundedmethodthatusesdatain small
timewindows(e.g.50� 100ms or less)andintegratesthatinformationovertimein arecur-
sive fashion.The CONDENSATION algorithmhasbeenrecentlyintroducedasa Bayesian
decodingscheme[2], which providesa probabilisticframework for causalestimationand
is shown superiorto the performanceof linear �ltering whensuf�cient datais available
(e.g.using�ring ratesfor severalhundredcells).NotethattheCONDENSATION methodis
moregeneralthantheKalman�lter proposedherein thatit doesnotassumelinearmodels
andGaussiannoise.While this maybeimportantfor neuraldecodingassuggestedin [2],
currenttechnologymakesthemethodimpracticalfor real-timecontrol.

For real-timeneuralcontrol we exploit the Kalman�lter [3, 13] which hasbeenwidely
usedfor estimationproblemsrangingfrom target tracking to vehicle control. Here we
applythiswell understoodtheoryto theproblemof decodinghandkinematicsfrom neural
activity in motor cortex. This builds on the work that usesrecursive Bayesian�lters to
estimatethepositionof a rat from the�ring activity of hippocampalplacecells[1, 16]. In
contrastto thelinear�lter or populationvectormethods,this approachprovidesameasure
of con�dencein theresultingestimates.This canbeextremelyimportantwhentheoutput
of thedecodingmethodis to beusedfor laterstagesof analysis.

2 Methods

Decodinginvolves estimatingthe state of the hand at the current instant in time; i.e.
xk = [x; y; vx ; vy ; ax ; ay ]Tk representingx-position,y-position,x-velocity, y-velocity, x-
acceleration,andy-accelerationat time tk = k� t where� t = 70ms in our experiments.
The Kalman�lter [3, 13] modelassumesthe stateis linearly relatedto the observations
zk 2 < C which hererepresentsa C � 1 vectorcontainingthe�ring ratesat time t k for C
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observedneuronswithin 70ms. In our experiments,C = 42 cells. We brie�y review the
Kalman�lter algorithmbelow; for detailsthereaderis referredto [3, 13].

Encoding: We de�ne a generativemodelof neural�ring as

zk = H k xk + qk ; (1)

wherek = 1; 2; � � � ; M , M is the numberof time stepsin the trial, andH 2 < C � 6 is a
matrix that linearly relatesthehandstateto theneural�ring. We assumethenoisein the
observationsis zeromeanandnormallydistributed,i.e. qk � N (0; Qk ); Qk 2 < C � C .

Thestatesareassumedto propagatein time accordingto thesystemmodel

xk+1 = A k xk + wk ; (2)

whereA k 2 < 6� 6 is thecoef�cient matrix andthenoiseterm wk � N (0; W k ); W k 2
< 6� 6. This statesthat the handkinematics(position,velocity, andacceleration)at time
k + 1 is linearly relatedto thestateat time k. Onceagainwe assumetheseestimatesare
normallydistributed.

In practice,A k ; H k ; W k ; Qk might changewith time stepk, however, herewe make the
commonsimplifying assumptionthey areconstant.ThuswecanestimatetheKalman�lter
modelfrom trainingdatausingleastsquaresestimation:

argmin
A

M � 1X

k=1

jj xk+1 � A xk jj2; argmin
H

MX

k=1

jj zk � H xk jj2;

wherejj � jj is theL 2 norm.GivenA andH it is thensimpleto estimatethenoisecovariance
matricesW andQ; detailsaregivenin [15].

Decoding: At eachtime stepk thealgorithmhastwo steps:1) predictionof thea priori
stateestimatêx�

k ; and2) updatingthis estimatewith new measurementdatato producean
a posterioristateestimatêxk . In particular, thesestepsare:

I. DiscreteKalman �lter time updateequations:

At eachtimetk , weobtainthea priori estimatefrom theprevioustimet k � 1, thencompute
its errorcovariancematrix,P �

k :
x̂�

k = A x̂k � 1; (3)

P �
k = AP k � 1A T + W : (4)

II. Measurementupdateequations:

Using the estimatêx�
k and�ring ratezk , we updatethe estimateusingthe measurement

andcomputetheposteriorerrorcovariancematrix:

x̂k = x̂�
k + K k (zk � H x̂�

k ); (5)

P k = (I � K k H )P �
k ; (6)

whereP k representsthestateerrorcovarianceaftertakinginto accounttheneuraldataand
K k is theKalmangain matrixgivenby

K k = P �
k H T (HP �

k H T + Q) � 1: (7)

ThisK k producesastateestimatethatminimizesthemeansquarederrorof thereconstruc-
tion (see[3] for details).Note thatQ is themeasurementerrormatrix and,dependingon
thereliability of thedata,thegain term,K k , automaticallyadjuststhecontribution of the
new measurementto thestateestimate.
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Method CorrelationCoef�cient (x; y) MSE(cm2)
Kalman(0ms lag) (0.768,0.912) 7.09
Kalman(70ms lag) (0.785,0.932) 7.07
Kalman (140ms lag) (0.815,0.929) 6.28
Kalman(210ms lag) (0.808,0.891) 6.87
Kalman(no acceleration) (0.817,0.914) 6.60
Linear�lter (0.756,0.915) 8.30

Table1: Reconstructionresultsfor the �x ed linearandrecursive Kalman�lter . The table
alsoshowshow theKalman�lter resultsvarywith lag times(seetext).

3 Experimental Results

To be practical,we mustbe ableto train themodel(i.e. estimateA , H , W , Q) usinga
smallamountof data.Experimentallywe foundthatapproximately3.5minutesof training
datasuf�ces for accuratereconstruction(this is similar to theresultfor �x ed linear �lters
reportedin [9]). As describedin the introduction,the taskinvolvesmoving a manipulan-
dumfreely on a 30cm � 30cm tablet(with a 20cm � 20cm workspace)to hit randomly
placedtargetson thescreen.We gatherthemean�ring ratesandactualhandtrajectories
for the trainingdataandthenlearnthe modelsvia leastsquares(the computationtime is
negligible). We thentesttheaccuracy of themethodby reconstructingtesttrajectoriesoff-
line usingrecordedneuraldatanotpresentin thetrainingset.Theresultsreportedhereuse
approximately1 minuteof testdata.

Optimal Lag: Thephysicalrelationshipbetweenneural�ring andarmmovementmeans
thereexists a time lag betweenthem[7, 8]. The introductionof a time lag resultsin the
measurements,zk , at time tk , beingtaken from someprevious (or future) instantin time
tk � i for someinteger i . In the interestof simplicity, we considera singleoptimal time
lag for all thecells thoughevidencesuggeststhat individual time lagsmayprovide better
results[15].

Usingtimelagsof 0,70,140,210ms wetraintheKalman�lter andperformreconstruction
(seeTable1). Wereporttheaccuracy of thereconstructionswith avarietyof errormeasures
usedin the literatureincluding thecorrelationcoef�cient (r ) andthe meansquarederror
(MSE) betweenthereconstructedandtruetrajectories. FromTable1 we seethatoptimal
lag is aroundtwo time steps(or 140ms); this lag will be usedin the remainderof the
experimentsandis similar to our previous�ndings [15] which suggestedthat theoptimal
lagwasbetween50-100ms.

Decoding: At thebeginningof thetesttrial we let thepredictedinitial conditionequalthe
realinitial condition.Thentheupdateequationsin Section2 areapplied.Someexamplesof
thereconstructedtrajectoryareshown in Figure2 while Figure3 showsthereconstruction
of eachcomponentof thestatevariable(position,velocityandaccelerationin x andy).

From Figure3 andTable1 we notethat the reconstructionin y is moreaccuratethanin
the x direction(the sameis true for the �x ed linear �lter describedbelow); this requires
further investigation.Notealsothat thegroundtruth velocity andaccelerationcurvesare
computedfrom thepositiondatawith simpledifferencing.As a resulttheseplotsarequite
noisymakinganevaluationof thereconstructiondif�cult.
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Figure2: Reconstructedtrajectories(portionsof 1min testdata– eachplot shows 50 time
instants(3.5s)): true target trajectory(dashed(red))andreconstructionusingtheKalman
�lter (solid (blue)).

3.1 Comparisonwith linear �ltering

Fixedlinear�lters reconstructhandpositionasa linearcombinationof the�ring ratesover
some�x edtimeperiod[4, 9, 12]; thatis,

xk = a +
X

v

NX

j =0

r v
k � j f v

j ;

wherexk is the x-position (or, equivalently, the y-position) at time t k = k� t (� t =
70ms), k = 1; � � � ; M , whereM is thenumberof time stepsin a trial, a is theconstant
offset,r v

k � j is the�ring rateof neuronv at timetk � j , andf v
j arethe�lter coef�cients. The

coef�cients canbe learnedfrom training datausinga simple leastsquarestechnique.In
our experimentsherewe take N = 20 which meansthat thehandpositionis determined
from �ring dataover1:4s. This is exactly themethoddescribedin [9] whichprovidesafair
comparisonfor theKalman�lter; for detailssee[12, 15]. Note thatsincethe linear �lter
usesdataover a long time window, it doesnot bene�t from the useof time-laggeddata.
Notealsothatit doesnotexplicitly reconstructvelocityor acceleration.

Thelinear �lter reconstructionof positionis shown in Figure4. Comparedwith Figure3,
we seethattheresultsarevisually similar. Table1, however, shows that theKalman�lter
givesamoreaccuratereconstructionthanthelinear�lter (highercorrelationcoef�cient and
lowermean-squarederror). While �x edlinear�ltering is extremelysimple,it lacksmany
of thedesirablepropertiesof theKalman�lter .

Analysis: In our previous work [15], the experimentalparadigminvolved carefully de-
signedhandmotionsthatwereslow andsmooth.In thatcasewe showedthatacceleration
wasredundantandcouldberemovedfrom thestateequation.Thedatausedhereis more
“natural”, varied,andrapidandwe�nd thatmodelingaccelerationimprovestheprediction
of thesystemstateandtheaccuracy of the reconstruction;Table1 shows thedecreasein
accuracy with only positionandvelocity in thesystemstate(with 140mslag).

4 Conclusions

We have describeda discretelinearKalman�lter that is appropriatefor theneuralcontrol
of 2D cursormotion.Themodelcanbeeasilylearnedusinga few minutesof trainingdata
andprovidesreal-timeestimatesof handpositionevery 70ms giventhe �ring ratesof 42
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Figure3: Reconstructionof eachcomponentof thesystemstatevariable:truetargetmotion
(dashed(red))andreconstructionusingtheKalman�lter (solid (blue)). 20s from a 1min
testsequenceareshown.
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Figure4: Reconstructionof positionusingthe linear �lter: true target trajectory(dashed
(red))andreconstructionusingthelinear�lter (solid (blue)).

cells in primarymotorcortex. Theestimatedtrajectoriesaremoreaccuratethanthe�x ed
linear�ltering resultsbeingusedcurrently.

The Kalman �lter proposedhereprovidesa rigorousprobabilisticapproachwith a well
understoodtheory. By making its assumptionsexplicit andby providing an estimateof
uncertainty, the Kalman �lter offers signi�cant advantagesover previous methods. The
methodalsoestimateshandvelocityandaccelerationin additionto 2D position.In contrast
to previousexperiments,we show, for thenatural2D motionsin this task,that incorporat-
ing accelerationinto the systemandmeasurementmodelsimprovesthe accuracy of the
decoding.We alsoshow that,consistentwith previousstudies,a time lag of 70 � 140ms
improvestheaccuracy.

Our futurework will evaluatetheperformanceof theKalman�lter for on-lineneuralcon-
trol of cursormotionin thetaskdescribedhere.Additionally, we areexploring alternative
measurementnoisemodels,non-linearsystemmodels,andnon-linearparticle�lter decod-
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ing methods.Finally, to getacompletepictureof currentmethods,wearepursuingfurther
comparisonswith populationvectormethods[7] andparticle�ltering techniques[2].
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