Neural Decodingof Cursor Motion usinga Kalman Filter
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Abstract

The directneuralcontrol of externaldevicessuchascomputerdisplays
or prosthetidimbs requiresthe accuratelecodingof neuralactivity rep-
resentingcontinuousnovement.We develop a real-timecontrol system
using the spiking actiity 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-
lationshipbetweerthis motion andthe mean ring ratesof the cellsin
70ms bins. We focuson arealisticcursorcontroltaskin which the sub-
ject mustmove a cursorto “hit” randomlyplacedtargetson a computer
monitor. Encodingand decodingof the neuraldatais achievzed with a
Kalman Iter which hasa numberof advantagesover previous linear
Itering techniques.In particular the Kalman lter reconstruction®f
handtrajectoriesin off-line experimentsare more accuratethan previ-
ouslyreportedresultsandthe modelprovidesinsightsinto the natureof
theneuralcodingof movement.

1 Intr oduction

Recentresultshave demonstratethefeasibility of directneuralcontrol of devicessuchas
computercursorsusingimplantedelectrodeg$5, 9, 11, 14]. Theseresultsareenabledoy a
varietyof mathematicaldecoding”methodghatproduceanestimateof thesystem'‘state”
(e.g. handposition)from a sequencef measurement&.g. the ring ratesof a collection
of cells). Herewe arguethatsucha decodingnethodshould(1) have a soundprobabilistic
foundation;(2) explicitly modelnoisein the data;(3) indicatethe uncertaintyin estimates
of handposition; (4) make minimal assumptionsboutthe data; (5) requirea minimal
amountof “training” data;(6) provide on-line estimate®f handpositionwith shortdelay
(lessthan200ms);and (7) provide insight into the neuralcoding of movement. To that
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Figurel: Reconstructin@D handmotion. (a) Training: neuralspikingactiity isrecorded
while the subjectmovesa jointed manipulandunon a 2D planeto controla cursorsothat
it hits randomlyplacedtargets.(b) Decoding: truetargettrajectory(dashedred): darkto

light) andreconstructiorusingthe Kalman Iter (solid (blue): darkto light).

end,we proposea Kalman ltering methodthat providesa rigorousandwell understood
framework thataddressetheseissues. This approactprovidesa control-theoretianodel

for the encodingof handmovementin motor cortex andfor inferring, or decoding,this

movementfrom the ring ratesof a populationof cells.

Simultaneousecordingsareacquiredfrom anarrayconsistingof 100 microelectrode$6]
implantedin thearmareaof primarymotor cortex (MI) of a Macaquamonkey; recordings
from this areahave beenusedpreviously to controldevices[5, 9, 10, 11, 14]. Themonkey
views a computermonitor while gripping a two-link manipulandunthat controlsthe 2D
motionof acursoronthemonitor (Figurela). We usethe experimentaparadigmof [9], in
whichatargetdotappearsn arandomlocationonthemonitorandthetaskrequiresmoving
a feedbackdot with the manipulandunsothatit hits the target. Whenthe targetis hit, it
jumpsto a new randomlocation. The trajectoryof the handandthe neuralactiity of 42
cellsarerecordedsimultaneously We computethe position, velocity, andacceleratiorof
thehandalongwith themeanring ratefor eachof the cellswithin non-overlapping7Oms
time bins. In contrastto relatedwork [8, 15], the motionsof the monkey in this taskare
quiterapidandmore“natural” in thattheactualtrajectoryof the motionis unconstrained.

Thereconstructiorof handtrajectoryfrom themeanring ratescanbeviewedprobabilis-
tically asa problemof inferring behavior from noisy measurementdn [15] we proposed
aKalman Iter framawork [3] for modelingthe relationshipbetweenring ratesin motor
cortex andthe positionandvelocity of the subjects hand. This work focusedon off-line
reconstructionusingconstraineanotionsof the hand[8]. Herewe considemew datafrom
the on-line ervironmentalsetup[9] which is morenatural,varied,andcontainsrapid mo-
tions. With this datawe show that, in contrastto our previous results,a modelof hand
acceleratior{in additionto positionandvelocity) is importantfor accurateeconstruction.

In theKalmanframework, thehandmovement(position,velocity andaccelerationjs mod-
eledasthe systemstateandthe neural ring rateis modeledasthe observationfmeasure-
ment). The approachspeci esan explicit generatre modelthat assumeshe obsenation
(ring ratein 70ms) is alinearfunctionof thestate(handkinematicsplusGaussiamoise'.
Similarly, thehandstateattimet is assumedo bea linearfunctionof the handstateat the
previoustimeinstantplusGaussiamoise. TheKalman lter approactprovidesarecursve,
on-line,estimateof handkinematicsfrom the ring ratein non-overlappingtime bins. The

1This is a crudeassumptiorbut the ring ratescanbe square-rootransformed7] makingthem
moreGaussiarandthemeanring ratecanbesubtractedo achieve zero-meardata.
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resultsof reconstructinghandtrajectoriesfrom pre-recordedheural ring ratesarecom-
paredwith thoseobtainedusing moretraditional x ed linear Itering techniqued9, 12]
usingoverlappingl:4s windows. The resultsindicatethat the Kalman Iter decodingis
moreaccuratghanthatof the x edlinear Iter.

1.1 RelatedWork

Geogopoulosandcolleagueg4] shoved that handmovementdirectionmay be encoded
by the neuralensemblén the arm areaof motorcortex (MI). This earlywork hasresulted
in a numberof successfubllgorithmsfor decodingneuralactiity in Ml to perform off-
line reconstructioror on-line control of cursorsor robotic arms. Roughly the primary
methodsfor decodingMI actiity include the populationvectoralgorithm[4, 5, 7, 11],
linear Itering [9, 12], arti cial neuralnetworks[14], andprobabilisticmethodg2, 10, 15].

This populationvectorapproachs the oldestmethodandit hasbeenusedfor thereal-time
neuralcontrol of 3D cursormovement[11]. This work hasfocusedprimarily on “center
out” motionsto a discretesetof radialtargets(in 2D or 3D) ratherthannatural ,continuous,
motionthatwe addressere.

Linear ltering [8, 12] is a simple statisticalmethodthatis effective for real-timeneural
control of a 2D cursor[9]. This approactrequiresthe useof dataover a long time win-
dow (typically 500ms to 1:5s). The x edlinear lter, like populationvectorsandneural
networks[14] lack bothaclearprobabilisticmodelanda modelof thetemporalhandkine-
matics.Additionally, they provide no estimateof uncertaintyandhencemaybedif cult to
extendto theanalysisof morecomplex temporalmovementpatterns.

We arguethatwhatis neededs a probabilisticallygroundednethodthatusesdatain small
timewindows(e.g.50 100ms orless)andintegrateghatinformationovertimein arecur
sive fashion. The CONDENSATION algorithmhasbeenrecentlyintroducedasa Bayesian
decodingschemd?2], which providesa probabilisticframework for causalestimationand
is shavn superiorto the performanceof linear Itering whensufcient datais available
(e.g.using ring ratesfor severalhundredcells). Notethatthe CONDENSATION methodis
moregenerathanthe Kalman Iter proposecherein thatit doesnotassumdinearmodels
andGaussiamoise. While this maybe importantfor neuraldecodingassuggestedh [2],
currenttechnologymakesthe methodimpracticalfor real-timecontrol.

For real-timeneuralcontrol we exploit the Kalman Iter [3, 13] which hasbeenwidely
usedfor estimationproblemsrangingfrom target trackingto vehicle control. Here we
applythis well understoodheoryto the problemof decodinghandkinematicsfrom neural
activity in motor cortex. This builds on the work that usesrecursve Bayesian lters to
estimatethe positionof aratfrom the ring actiity of hippocampaplacecells[1, 16]. In
contrasto thelinear Iter or populationvectormethodsthis approachprovidesameasure
of con dencein theresultingestimatesThis canbe extremelyimportantwhenthe output
of thedecodingmethodis to be usedfor laterstageof analysis.

2 Methods

Decodinginvolves estimatingthe state of the hand at the currentinstantin time; i.e.
Xk = [XY;Vx; Vy;ax;ay]b representing-position, y-position, x-velocity, y-velocity, x-
accelerationandy-acceleratiorattimet, = k t where t = 70ms in our experiments.
The Kalman lter [3, 13] modelassumeshe stateis linearly relatedto the obsenations
zc 2 <€ whichhererepresenta C 1 vectorcontainingthe ring ratesattimety for C
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obsenedneuronswithin 70ms. In our experimentsC = 42 cells. We brie y review the
Kalman Iter algorithmbelow; for detailsthereadelis referredto [3, 13).

Encoding: We de ne a genesmtivemodelof neural ring as
zc = HiXk + G; 1)

wherek = 1;2; ;M, M is the numberof time stepsin thetrial, andH 2 <€ %isa
matrix thatlinearly relatesthe handstateto the neural ring. We assumehe noisein the
obsenationsis zeromeanandnormallydistributed,i.e.q, N (0;Qk);Qk 2 <€ ©.

The statesareassumedo propagaten time accordingto the systemmodel
Xke1 = AkXk + Wi, 2

whereA 2 <® 6 isthecoefcient matrix andthe noisetermwy, ~ N (O;W ); W 2
<6 6  This statesthat the handkinematics(position, velocity, and accelerationkt time
k + 1is linearly relatedto the stateattime k. Onceagainwe assumeheseestimatesare
normally distributed.

In practice,A; H; W g; Qx might changewith time stepk, however, herewe make the
commonsimplifying assumptiorthey areconstantThuswe canestimateheKalman Iter
modelfrom training datausingleastsquaregstimation:
RS ) R i}
argmin jiXker  Axgji?; amgmin jize  Hxiji%;
A k=1 H k=1
wherejj jj istheL? norm.GivenA andH it is thensimpleto estimatehenoisecovariance
matricesW andQ; detailsaregivenin [15].

Decoding: At eachtime stepk the algorithmhastwo steps:1) predictionof the a priori
stateestimate®, ; and2) updatingthis estimatewith new measuremerdatato producean
a posterioristateestimate®y . In particular thesestepsare:

I. DiscreteKalman lter time update equations:

At eachtimety, we obtainthea priori estimatdrom the previoustimety 1, thencompute
its errorcovariancematrix, P :

ﬁk = AR 1; (3)
P, = AP AT + W: (4)

Il. Measurementupdate equations:

Using the estimateX, and ring ratez, we updatethe estimateusingthe measurement
andcomputethe posteriorerror covariancematrix:

Rk = & + Ke(z  HR); ®)
Pv=(1 KgH)P,; (6)

whereP  representshestateerrorcovarianceaftertakinginto accounthe neuraldataand
K ¢ is the Kalmangain matrix givenby

Ky=P,HT(HP , HT +Q) - )

ThisK ¢ produces stateestimatehatminimizesthemeansquarecerrorof thereconstruc-
tion (see[3] for details). NotethatQ is the measuremergrror matrix and,dependingon
thereliability of the data,the gainterm, K \, automaticallyadjuststhe contribution of the
new measuremernb the stateestimate.
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Method CorrelationCoefcient (x;y) | MSE (cm?)
Kalman(Oms 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 Iter (0.756,0.915) 8.30

Table1l: Reconstructiomesultsfor the x edlinearandrecursve Kalman lter. Thetable
alsoshovs how theKalman lter resultsvary with lag times(seetext).

3 Experimental Results

To be practical,we mustbe ableto train the model(i.e. estimateA, H, W, Q) usinga
smallamountof data.Experimentallywe foundthatapproximately3.5 minutesof training
datasufces for accurataeconstructior(this is similar to theresultfor x edlinear lters
reportedin [9]). As describedn the introduction,the taskinvolvesmoving a manipulan-
dumfreelyona30cm 30cm tablet(with a20cm 20cm workspace)o hit randomly
placedtargetson the screen.We gatherthe mean ring ratesandactualhandtrajectories
for the training dataandthenlearnthe modelsvia leastsquaregthe computatiortime is
negligible). We thentesttheaccurag of themethodby reconstructindesttrajectorieff-
line usingrecordecheuraldatanot presenin thetrainingset. Theresultsreportedhereuse
approximatelyl minuteof testdata.

Optimal Lag: The physicalrelationshipbetweemeural ring andarm movementmeans
thereexists a time lag betweernthem[7, 8]. Theintroductionof a time lag resultsin the
measurementg, attime ty, beingtaken from someprevious (or future) instantin time
tx ; for someintegeri. In theinterestof simplicity, we considera single optimal time
lag for all the cellsthoughevidencesuggestshatindividual time lagsmay provide better
results[15].

Usingtimelagsof 0, 70,140,210ms wetraintheKalman Iter andperformreconstruction
(seeTablel). Wereporttheaccurag of thereconstructionsvith avarietyof errormeasures
usedin the literatureincluding the correlationcoefcient (r) andthe meansquarederror
(MSE) betweerthereconstructedndtruetrajectories. From Table 1 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 suggestedhatthe optimal
lag wasbetweerb0-100ms.

Decoding: At the beginningof thetesttrial we let the predictednitial conditionequalthe
realinitial condition. Thentheupdatesquationsn Section2 areapplied.Someexamplesof
thereconstructedrajectoryareshovn in Figure2 while Figure3 shavsthereconstruction
of eachcomponentf the statevariable(position,velocity andaccelerationn x andy).

From Figure 3 and Table 1 we notethat the reconstructiorin y is more accuratehanin
the x direction (the sameis true for the x edlinear lter describecbelow); this requires
furtherinvestigation.Note alsothat the groundtruth velocity andacceleratiorcurvesare
computedrom the positiondatawith simpledifferencing.As aresulttheseplotsarequite
noisy makingan evaluationof thereconstructiordif cult.



Advancesn Neurallnfo. Proc.Sys.15,2003 Cc TheMIT Press. 6

Figure2: Reconstructedtrajectorieqportionsof 1min testdata— eachplot shavs 50 time
instants(3.5s)): truetargettrajectory(dashedred)) andreconstructiorusingthe Kalman
Iter (solid (blue)).

3.1 Comparisonwith linear Itering

Fixedlinear lters reconstruchandpositionasalinearcombinationof the ring ratesover
some x edtime period[4, 9, 12]; thatis,

X X y
Xk = a+ Ie J-f
v j=0

V.
] 1

wherexy is the x-position (or, equivalently, the y-position)attimety = k t( t =
70ms), k = 1; ;M, whereM is the numberof time stepsin atrial, a is the constant
offset,ry ; isthe ring rateof neuronv attimety j,andf;’" arethe Iter coefcients. The
coefcients canbe learnedfrom training datausinga simple leastsquaregechnique.In
our experimentsherewe take N = 20 which meansgthatthe handpositionis determined
from ring dataover1:4s. Thisis exactlythe methoddescribedn [9] which providesafair
comparisorfor the Kalman lter; for detailssee[12, 15]. Notethatsincethelinear Iter
usesdataover a long time window, it doesnot bene t from the useof time-laggeddata.
Notealsothatit doesnot explicitly reconstructelocity or acceleration.

Thelinear Iter reconstructiorof positionis shovn in Figure4. Comparedvith Figure3,
we seethattheresultsarevisually similar. Table1, however, shavs thatthe Kalman Iter

givesamoreaccurategeconstructiothanthelinear Iter (highercorrelationcoefcient and
lower mean-squaredrror). While x edlinear Itering is extremelysimple,it lacksmary
of thedesirablepropertieof the Kalman Iter .

Analysis: In our previous work [15], the experimentalparadigminvolved carefully de-
signedhandmotionsthatwereslow andsmooth.In thatcasewe shavedthatacceleration
wasredundantndcould be removedfrom the stateequation.The datausedhereis more
“natural”, varied,andrapidandwe nd thatmodelingaccelerationmprovestheprediction
of the systemstateandthe accurayg of the reconstructionTable 1 shavs the decreasén
accurag with only positionandvelocity in the systemstate(with 140mslag).

4 Conclusions

We have describeda discretelinearKalman Iter thatis appropriatefor the neuralcontrol
of 2D cursormotion. Themodelcanbe easilylearnedusinga few minutesof trainingdata
andprovidesreal-timeestimate®f handpositionevery 70ms giventhe ring ratesof 42
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time (secord) time (secord)
Figure3: Reconstructiolf eachcomponenbf thesystenstatevariable:truetargetmotion
(dashedred)) andreconstructiorusingthe Kalman Iter (solid (blue)). 20s from a 1min
testsequencareshawn.

X-position y-position

time gecond) time gecond)
Figure4: Reconstructiorof positionusingthelinear lter: truetargettrajectory(dashed
(red))andreconstructiorusingthelinear Iter (solid (blue)).

cellsin primary motor cortex. The estimatedrajectoriesaremoreaccuratehanthe x ed
linear ltering resultsbeingusedcurrently

The Kalman lter proposedhere providesa rigorous probabilisticapproachwith a well

understoodheory By makingits assumption®xplicit and by providing an estimateof

uncertainty the Kalman lter offers signi cant advantagesover previous methods. The
methodalsoestimatehandvelocity andaccelerationn additionto 2D position.In contrast
to previous experimentsye shaw, for the natural2D motionsin this task,thatincorporat-
ing acceleratiorinto the systemand measurementodelsimprovesthe accurag of the
decoding.We alsoshaw that, consistentvith previous studiesatimelagof 70 140ms

improvestheaccurag.

Our futurework will evaluatethe performancesf the Kalman Iter for on-lineneuralcon-
trol of cursormotionin thetaskdescribechere. Additionally, we areexploring alternatve
measurememoisemodels hon-linearsystemmodels andnon-linearparticle lter decod-
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ing methodsFinally, to geta completepictureof currentmethodsywe arepursuingfurther
comparisonsvith populationvectormethodqd7] andpatrticle Itering techniqueg2].
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