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Abstract— Recentmethods for motor cortical decodinghave
demonstrated relatively accurate reconstructions of hand tra-
jectory fr om small populations of neurons in primary motor
cortex. Decoding results are often reported only for periods
when the subject is attending to the task. In a neural prosthetic
interface, however, the subject must be able to switch between
controlling a device or performing other mental functions. In
this work we demonstrate a method for detecting whether
or not a subject is attending to a motor control task. Using
the �ring activity of the same neural population used for
decodinghand kinematics we demonstrate that a Fisher linear
discriminant performs well in classifying the attentional state
of a monkey. We use the output of this classi�er to augment
a hidden state in a �rst order Mark ov model and use particle
�ltering to recursively infer hand kinematics and attentional
state conditioned on neural �ring rates. We demonstrate high
accuracy on test data where a monkey switches between
attending to a task and not. By decoding a discrete “state”
in addition to hand kinematics our proposed classi�cation
and estimation schememay enable real-world neuroprosthetic
functions such as “hold”, “click”, and “tur n off/on”.

Index Terms— Particle �ltering, pattern classi�cation, neural
decoding,neuroprosthetics.

I . INTRODUCTION

Neuroprosthesisresearchand developmenthas matured
to the point that neuroprostheticdevices are being tested
in humans [1], however many ways to improve neural
decodingand prosthesesremain. For instance,algorithmic
improvementscontinueto be madeover populationvector
[2] andlinear �ltering [3], [4] decodingapproaches.Kalman
�lters [5], particle �lters [6], arti�cial neural networks,
and support vector machines[7] have all been shown to
be more accurate,though often at the cost of increased
computationalcomplexity. Looking forward, improvements
to neuralrecordingandsignalprocessingtechnology, neural
representationalandcomputationalmodels,andengineering
solutionsto real world complexities are increasinglyimpor-
tantto thedevelopmentof effectiveneuralprostheticdevices.

The issue we addressin this paper is one of the “real
world” engineeringissuescritical to neuroprosthesisdevel-
opment:How doesone “turn off ” a neural prosthesis?In
otherwords,if a userof a prosthesiseitherwishesno longer
to usethe device, or turns their attentionaway from useof
thedevice we might wish for it to temporarilystopdecoding
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or “turn off ”. This is akin to writing a letterandthenturning
one's attentionto other taskssuchas typing or graspinga
cupof coffee.Motor corticalneuronscontinueto �re but the
patternof activity will be different than during the writing
task.Analogously, a neuralmotor prosthesisshouldbe able
to recognizewhen a subject is no longer interestedin a
particularcontrol task by analyzingtheir neuralactivity. In
currentsystems,thedirectconnectionbetweencortical �ring
ratesanddecodedoutputmeansthat this is not the case.

Onecould imaginevariousbiologicalmethodsfor switch-
ing a prosthesison/off. Our focus, however, is on �nding
an automaticway of detectinguserattentionalstatesusing
neural �ring ratesonly. We posit that this could lead to a
morenaturalinterface.Wefoundthatasimplelinearfunction
of a short history of �ring ratesis suf�cient to detectand
classify whether or not a monkey is performing a neural
control task.When the subjectattendsto the task we auto-
matically detectthis and decodethe subject's handmotion
in a standardway but, whenthesubjectstopsperformingthe
task, the detectorrecognizesthis and stopsdecoding.This
suggeststhat a simple function of recent�ring activity may
beusedasan“on/off ” switchfor neuroprostheticdevices.We
develop a probabilisticalgorithm to simultaneouslydecode
bothdiscreteattentionalstatesandcontinuouscontrolsignals
from motor cortical activity.

I I . METHODS

A. Recording

The task and recordingsetupusedto make thesehand-
labeled recordingswas similar to that used in [8] for the
on-line neural control of 2D cursor motion. We usedtwo
independentrecordings.Each was from a trained monkey
moving a two-joint manipulandumon a 2D planeto control
themotionof a feedbackcursoron a computerscreen.Hand
kinematicsandneuralactivity weresimultaneouslyrecorded
while the animal performeda sequentialrandom tracking
task[8]. Firing ratewasestimatedby binningspikesinto 70
msectime bins andhandposition,velocity, andacceleration
werecomputedfor eachbin.

B. AttentionalStates

During a typical recording sessionthe monkey spends
only a portion of the time actually performing the task.
Periodicallythey mayattendawayfrom thetask,oftenletting
go of the manipulandumto do various other things with
their arm. When they are not gripping the manipulandum,



its motion is zeroandtheseperiodsof inactivity areeasyto
determineby inspection.

We hand classi�ed the the recordings into two states
at each time point: if the monkey was performing the
experimentaltaskwe labeledthatpoint asbelongingto class
� 1, otherwise,if it wasdoing somethingelsewe labeledit
asbelongingto class1. Thedeterminationof whetheror not
the monkey wasperformingthe taskwasmadeby detecting
signi�cant regionsof constantpositionandzerovelocity. We
assumethat themonkey wasnot attendingto the taskduring
suchsegments.Unfortunatelywe have no way of knowing
what the monkey was doing during thesetime periods;the
only questionwe can ask is whetheror not the monkey's
neural activity is detectablydifferent during theseperiods.
If so thendetectingattentionalstateshifts could be usedto
turn on andoff the decodingalgorithm.

C. Estimationand Inference

Let X = f ~x1; ~x2; : : : ; ~xN g be a time orderedsequenceof
handpositionsandlet � = f 
 1; 
 2; : : : ; 
 N g beanindication
of the correspondingattentionalstateof the monkey at each
time step. Let the correspondencebetweenindicator and
attentionalstate be 
 i = f� 1; 1g where 
 i = � 1 if the
monkey was performing to the task and 
 i = 1 if the
monkey wasdoinganythingelse.Let thesetof statesbeS =
f ~s1; ~s2; : : : ; ~sN g where ~si = [~x i 
 i ]. Let the observations
Z = f ~z1; ~z2; : : : ; ~zN g be a correspondingsequenceof �ring
rateswhere each~zi = [~z1

i ; ~z2
i ; : : : ; ~zK

i ] is a vector of the
�ring ratesof K independentunits or multi-units.

1) Detection: To detectthe attentionalstateof the mon-
key we �rst hand label a training observation sequenceof
lengthN by assigningvaluesto 
 i . Using this hand-labeled
sequencewe learn a Fisher linear discriminant [9] of the
form < ~w; ~zi > + bbetweenthe“go-labeled”statesD � 1 and
the “stop-labeled”statesD1. The Fisherlinear discriminant
attemptsto learn a linear projectiondirection ~w and offset
b that simultaneouslymaximizesthe inter-classdistanceand
minimizes the intra-classscatter. We de�ne the intra-class
scattermatrix to be

� c =
X

ẑ i 2D c ;h<i<N

(ẑi � mc)( ẑi � mc)T

where c = f� 1; 1g is a class label, ẑi = [~zi � h ; : : : ; ~zi ]
is a history of the h most recentobservations,and mc =
1

n c

P
ẑ i 2D c

ẑi is the meanobservation history of classc.
It can be shown that the optimal projection is w =

� � 1
W (m� 1 � m1) where � W = � � 1 + � 1. The optimal

thresholdb is chosento be the point at which the posteriors
of two onedimensionalGaussians�tted asa mixture model
to eachprojectedclassareequal.Wedonotneedto explicitly
calculateb for our purposes.

Oncetrained,sucha classi�er cannoisily distinguishstop
andgo statesusingonly a shorthistory of �ring rates.

2) Decoding: We view the decodingproblemasa statis-
tical inferenceproblemin which we would like a Bayesian
estimateof the posteriorp(~si j~si � 1:1 ; ~zi :1) at every timestep.
Makingcertainindependenceand�rst orderMarkov assump-
tions leadsto a recursive estimateof the posterior:

p(~si j~si � 1:1 ; ~zi :1) = �p (~zi j~si )
Z

p(~si j~si � 1)p(~si � 1 j~zi � 1)�~si � 1
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Fig. 1. Graphicalmodelillustrating the conditionaldependenciesbetween
thediscrete“attentional”state,thecontinuouskinematicstate,andthe�ring
rate speci�ed by our model. At timestepi the hand position is ~x i , the
attentionalstateis 
 i , and the �ring rate is ~zi . Arcs in the graphillustrate
conditionaldependencies,circles indicaterandomvariablesor vectors,and
squaresindicateobservations.

where� is a normalizingconstant.
Two statisticalmodelsmust be speci�ed to make useof

this recursion:an observation model,or likelihood,p(~zi j~si )
and a statemodel, or temporalprior, p(~si j~si � 1). For infer-
encewe adopt a particle �ltering framework in which the
posterioris representedasa weightedsetof samplesand is
updatedusingMonte Carlo integration [6], [10].

To deal with our mixed discrete/continuousstatevector,
we implement a mixed-state,or switching, particle �lter
[11] by choosingstateand observation models that factor
accordingto the graphicalmodel in Fig. 1. The stateand
observation modelsalongwith their factorizationsare

p(~si j~si � 1) = p(~x i ; 
 i j~x i � 1; 
 i � 1)

= p(~x i j~x i � 1; 
 i � 1)p(
 i j
 i � 1)

p(~zi j~si ) = p(~zi j~x i ; 
 i )
= p(~zi j~x i )p(~zi j
 i )

wherep(
 i j
 i � 1) is the conditionalprobability of the mon-
key transitioningbetweenperformingor not performingthe
task,p(~zi j
 i ) is the generative �ring model inducedby the
Fisherlinear discriminant,and

p(~x i j~x i � 1; 
 i � 1) =
�

p(~x i j~x i � 1) if 
 i = � 1
� (~x i � 0) if 
 i = 1

is the handposition at time i conditionedon both it' s prior
positionandthe prior attentionalstateof the monkey where
� is the Kronecker delta function.

The Fisherlinear discriminantspeci�esa two component
Gaussianmixture model over the linear projection with
means� � 1; � 1 and variances� � 1; � 1. If G(a; b;c) is the
probability of a undera Gaussiandistribution with meanb
andvariancec then.

p(
 i j~zi ) =
p(
 i )G(wT ~zi ; � i ; � i )P
j p(
 j )G(wT ~zj ; � j ; � j )

This yields the generative �ring rate model inducedby the
Fisherlinear discriminant

p(~zi j
 i ) =
p(
 i j~zi )p(~zi )

p(
 i )

where p(~zi ) can be ignored in the particle �ltering frame-
work.



Fig. 3. Theoptimal linearprojectionof neural�ring historyasdetermined
by the Fisher linear discriminantobjective. To generatethese�gures we
decomposedthe linear projection ~w in < ~w; ~zi > + b into into two parts:
~� is themeanweightgiven to eachneuronand~r is theresidualweightafter
~� hasbeenremoved,i.e. < ~r + ~� ; ~zi > + b . Thetop �gure shows~r (y-axis,
20 time bin history, recentratesat the top) for 46 neurons(x-axis). The
bottom �gure shows ~� which is constantfor eachneuron.In both �gures
light colorscorrespondto high values.We intrepret~r asthe “tuning” of the
cell w.r.t. attentionalstateand~� asthe constantimportanceof eachcell to
theclassi�cation.Thecolumnsof ~r and~� have beensortedto moreclearly
illustrate the “tuning” of individual cells w.r.t. classi�cation. The cells on
the left are weightedin the classi�cation so that modulationin their most
recent�ring ratescountsmost.The oppositeis true for cells on the right.
Cells in the middle may modulatetheir overall �ring rateor not participate
in the classi�cation.

We learn the the marginal probabilities p(
 i ) and the
transitionprobabilitiesp(
 i j
 i � 1) betweenthediscretestates
from training data and assumelinear Gaussianmodelsfor
p(~zi j~x i ) andp(~x i j~x i � 1).

~zi � H ~x i � N (0; Q)

~x i � A~x i � 1 � N (0; W )

The matricesA; W; H ; and Q are learnedby linear regres-
sion; see[5] for details.

D. Experiments

A 42-cell 10 minuterecordingwasusedto determinethe
optimal history to use for the Fisher discriminant.Cross-
validatedclassi�er performanceon held out datawas used
to determinethe optimal �ring history window size which
wasfound to be 20. A separate46-cell,21 minuterecording
was sortedand binned into 18,00070 msecbins. Of that,
15,000binswereusedto train theclassi�er andthestateand
observation modelsfor the particle �lter . A separate3,000
bin segmentfrom the samerecordingwasusedfor testing.

Theparticle�lter implementationwe choseis theSequen-
tial ImportanceSamplingparticle�lter with resampling[12].
For every reportedresultwe used1000particles.

I I I . RESULTS

A. Classi�cation

The linear discriminantcanbe usedto classifyeachtime
instantusing the preceding�ring rate history over 20 time
bins. This simple classi�cation scheme,with no temporal
modelof thetaskstate,achievesquiteaccurateresultson the
testdata:0:6% falsepositives(i.e. classifyingthe subjectas
performingthe taskwhenthey arenot), 8:0% falsenegatives
(i.e. classifyingthemasnot performingwhenthey are),and
96:5% overall correctclassi�cations.Decodingperformance
with a temporalmodelis describedbelow. Figure3 showsthe

x cc y cc x mse y mse
Particle Filter 0.34 0.32 29.39 36.62
SwitchingPF 0.76 0.68 8.39 8.68
KalmanFilter 0.45 0.45 34.74 17.64

TABLE I
DECODING PERFORMANCE

optimal linear separating~w asdeterminedfrom the training
data.

B. Decoding

Figure 2 illustrates typical decodingperformanceusing
a particle �lter . Displayedhereis the expectedvalueof the
systemstateat eachtime instantin a testsequence.We show
resultsfor a traditional particle �lter decoderin which the
statevariablecontainsonly thehandkinematics(bottom)and
the resultswith our augmentedstatespace(top). By default,
we let the handX pos , Y pos be zero for states,~si , in which

 i = 1 (i.e. themonkey is not attendingto the task).The top
�gures show the decodingX andY handpositionsaswell
asthedecodedattentionalstate(performingthe taskor not).
Additionally the�gure shows signoutputof theFisherlinear
discriminantclassi�er comparedwith thesameestimatedby
our augmentedparticle �ltering method.

Table I show modi�ed correlation coef�cients (cc) and
meansquareerror (mse) for an unmodi�ed particle �lter
and our switching particle �lter . The modi�ed correlation
coef�cient was calculatedas follows: in regions where the
true class(as hand labeled)was 1 (or “stop”) we de�ned
the correlationcoef�cient to be 1 if our estimatedstatewas
“stop” and zero otherwise.In regions where the true class
was � 1 it was calculatedas usual.For meansquareerror
we madea similar modi�cation: if the true classwas1 and
our estimateagreedwe assigned0 error. If our estimatedid
not agree(i.e. we wereactively decoding)meansquareerror
was calculatedas usual. Thesemodi�cations extend these
measuresto appropriatelyaccountfor the mixed continuous
and discretestate space.Using thesemeasures,the naive
particle �lter (without state switching) and the Kalman
�lter (resultsalso shown for comparisonin Fig 2) will be
penalizedrelative to the switching model in regions where
the switching particle �lter correctly infers the attentional
stateof the monkey.

IV. DISCUSSION AND FUTURE WORK

We found that a short history of motor cortical �ring
rates could be used to classify whether or not a monkey
was performing a tracking task. In particular, we found
that a simple linear classi�er proved suf�cient for reliable
classi�cation. Moreover we found the samepopulationof
cells could be used for inferring hand motion. Exploiting
theseobservationswe formulatedan “augmentedstate” or
“state-switching”particle �lter [11] to simultaneouslyinfer
the hand kinematicsand whether or not the monkey was
performing the task. Integrating discrete attentional state
information with continuoushand kinematics led to sub-
stantiallyimproveddecodingperformance.Theparticle�lter
is able to probabilistically turn on and off the decoder
by detecting when the monkey is attending to the hand



Fig. 2. Decodingresultsfrom an unmodi�ed particle �lter (lower �gures) and from a particle �lter with attentional-stateinference(upper�gures) on a
typical 3,000time bin recordingsegment.The left �gures arefor X pos andthe right �gures arefor Y pos . In all �gures thesolid line is theactualposition
and the dottedline is the decodedposition. In the upper�gures the offset solid line is the taskstatedeterminedby the simpleclassi�er � 1; +1 and the
offset dottedline is the task stateas estimatedby the particle �lter which incorporatesa temporalprior. In this segment the monkey performsthe task,
stopsperformingbrie�y , returnsto the task, then againstopsperformingfor the remainder. The unmodi�ed particle �lter continuesto decodeover time
periodswhen the monkey is not performingthe task,whereasthe modi�ed particle �lter detectswhen the monkey stopsperformingthe task and stops
decoding.

movementtask.Futurework could explore relateddecoding
methodssuchastheswitchingKalman�lter [13] which may
be appropriatefor our proposedaugmentedlikelihood and
priors models.

It remainsto be understoodwhat featuresin the most
recent �ring rate are most relevant to the classi�cation of
task state. Figure 3 suggeststhat a number of cell types
andactivity patternsmay be relevant in consideringdiscrete
state decodingversuscontinuousdecoding.The ability to
decodethis type of state information may provide a way
of implementingricher neural control systemsthat include
discreteoperationssuchas “hold” or “click” in addition to
continuouscursormotion. Additionally if the classi�cation
is suf�ciently robust, this signalmight be usedasa way of
turningsuchaprosthesisonandoff whichcouldbeimportant
in a clinical setting. For example a neural prostheticthat
usesthe proposeddecodingmethodmight enableits user
to both move a cursor to a desired location and “click”
in that location by detecting different neural �ring rate
states.Exploring how many statescanbe detectedandhow
accuratelyand ef�ciently this detection can be achieved
remainsfuture work.
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