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1. Intr oduction

Establishmenof robustdirect brain-machineeommunicatiorchanneldhasenhancedunction
and performanceof both impairedandnormalnenous systems.The creationof directlinks
betweerbrainandmachinehasbeenmoststrongly motivatedby the needto provide a mode
of communicatiorfor thosesilencedby conditionssuchasamyotrophidateralsclerosis Such
brain-computeinterfaceqBCI) [1] translatecorticalactiity involvedwith motorplanningand
motorresponseo selectlettersandwordson a computerdisplayor controlrobotic prosthesis.
Perhapghe moststriking resultshave beendemonstratethroughinvasive systemsasedon

multiunit microelectrodemplants. Microelectrodearraysimplantedin motor cortex have en-
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abledmonkeysto reachandgraspin threedimensionsusingaroboticarmandgripperwithout
usingtheirhandsj2]. In fact,invasve systemdave alreadyallowedhumanswith ALS or high
level spinalinjury to communicate3].

Invasive brain machineinterfacesneednot be limited to monitoringcortical actvity. Rep-
resentingan astonishingparadigmshift, neuroscientisté Brooklyn have assumedherole of
animaltrainer wirelesslyguidingratsusingcorticalmicrostimulatior{4]. Ratswereimplanted
with microelectrode# left andright somatosensorfbarrel)cortex andmedialforebrainbun-
dle (MFB). Ratsfollowing navigational cuesprovided by stimulatingsomatosensorgortex
weresubsequentlyewardedthroughstimulationof MFB. Both navigationalandreward stim-
uli arecontrolledby therattrainers however onecanervisagea systemn which motorcortex
is monitoredso reward centersareautomaticallystimulatedif navigationalcuesarecorrectly
executed.Direct micro-stimulationof cortical reward centerso improve motivation andtask
performancemmediatelyraisesethicalconcernsA moreacceptableolutionperhapgestsin
developinga systemthat deliversreward throughtraditional sensorysystemswhile monitor
ing reward centergo determinea setof optimalsensorystimuli thatmaximizerewardimpact.
Thead\ertisingindustrywould certainlybene t from sucha system Clinically motivatedcor-
tical stimulationsystemshave successfullytreatedthosesuffering with Parkinsons [5] and
Epilepsyio| by stimulatingthe subthalamiaucleusandvagusnene respectiely. Cochlear
implantshave restoredhearingby stimulatingthe auditory nere [7] andvisual cortical im-
plantspromiseto restorevision [8].

Invasive brain machineinterfacesare clearly well motivated,improving quality of life by
restoringcommunicationmotor control, hearingand possiblyvision to a sizablesegmentof
the population. Brain machinecommunicatiorchannelsalsoenablecognitive userinterfaces
(CUI) designedo enhancehealtly nenous systemfunction, augmentinguser performance
duringcognitively demandingasksby boostinginformationprocessingapacityandreducing
stress-inducede cienciesof executive control functions. Widespreadadoptionof invasive

cognitive interfacesis highly unlikely; assuch,arny cognitive userinterface(CUI) mustrely

lvisit DARPA's vision for Cognitive UserInterfaces:http://www.darpa.mil/ipto/programs/augcog/



on non-invasve neuroimagingmodalities. Functionalmagneticresonancémaging hasrevo-
lutionizedneurosciencéy delineatingthe anatomicabrigin of scoresof cognitive processes.
While fMRI studiesarecritical to the designof ary CUI, the size,cost,andmoreimportantly
temporalresolutionof scannergrohibitstheir usein ary practicalapplication. Millisecond
temporalresolutionandlow-costmake electroencephalograpl{EEG) the mostviable modal-
ity for cognitive interfacedesign.

Rokust classi cation algorithmsare critical in orderto realize practicalbene ts of EEG.
Sensitvity to environmentalnoiseis of obvious concern,however recentadvancesin sensor
technology suggestlassi er developmentshouldfocus on identifying neuralsources.Tra-
ditionally, electroplysiological researchrelies on averagingacrosshundredsof stimulusor
responsdockedtrialsto uncoverthedynamicsof neuralactvity from EEG.Theunderlyingas-
sumptionhasbeenthatby averagingacrosdrials, the contrikbution of backgroundeEG actwity
is minimizedrelative to neuralactvity correlatedwvith a stimulus.Sucheventrelatedpotential
(ERP) analysis,however, masksvariability betweertrials that may be of critical importance
whenstriving to understandinderlyingcorticalinteractions For example, onestudydescribes
an alphaphasedistribution acrosdrials that compriseaveragedvisual stimulus-&oked event
relatedpotentials[9]. The authorsof this study suggesthat visual stimuli in fact resetthe
phaseof dynamicneuralactvity resultingin variability of alphaphaseacrossstimuluslocked
trials. Any practicalEEG basednterfacemustaccounfor inter-trial variability.

Immediateapplicationgor cognitive userinterfacescanbederivedby teasingapartprocess-
ing stagedetweersensorystimuli andmotorresponsasoutlinedin Figurel. Contemporary
modelsindicate that sensoryinformation is decomposednto discretefundamentalfeatures
that are subsequentlyntegratedunder constraintsmposedby adjacentfeaturesand higher
orderareasassociatedvith memoryandreward. The processof sensorimotointegrationis
still subjectto debatehowever onehypothesigroposeshatperceptuakvidenceaccumulates
lendingweightto competingneuronalpopulationgpoisedto executemotor plansfor distinct

postures. Motor responsesre subsequentlymonitoredand the outcomein uences reward

2For example,non-contacbioelectrodeshttp://www.darpa.mil/dso/thrust/biosci/metng/quasaintml
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Figurel: Stimulusresponserocessingtagedor cognitive userinterfacedesign

centerswhich feedbacko in uence subsequentlecisions.Monitoring neuralpopulationsas-
sociatedwith perceptionsensorimotomtegration,andrewardimmediatelysuggestgognitive
userinterfacesfor high-throughpubbjectrecognitionand error correction. After reviewing
linear classi cationmethodswe presenttwo examplesof cognitive userinterfacesdesigned
expresslyto augmentognitionby enhancinghroughputuringanobjectrecognitiontaskand

correctingresponserrorsduring stressfuimotorintensve tasks.

2. Machine Learning: Linear Methods

Themeritsof linearandnon-lineamethodsverethesubjeciof adebateneldduringtheSecond
InternationalMeetingon BCls [10]. This discussiorreviewed importantfactorsto consider
when tting alearningalgorithmto the problemof classifyingEEG suchasthe degreeof prior
information,natureof datadistributions,amountof trainingdata,andcomputationatosts|11|
for onlinereal-timecognitve interfaces At the presentime we preferlinearmethoddor EEG
classi cationsincea principledapproactde ning theorigin of nonlinearitiesn EEGhasyetto
beclearlyde ned. Comparedvith non-linearmethods)inearmethodsareconsistentvith the
linearity of volumeconductionarelesslikely to over- t noise,andhave a signi cantly lower
computationatost.

Linearmethoddor analyzingmulti-channeEEG canbe categorizedassupervisewr unsu-
pervised.Traditionallyimplementedisanunsupervisedhethod JCA |13] decomposesignals

into severalindependentomponentsvith time seriesthatareviewedandanalyzedseparately



Unsuperviseanethodglo notleveragetruth labelsassociateavith experimentakventssuchas
stimulustype. Supervisednethodspn the otherhand,exploit traininglabelsgivenknowledge
of the taskand/orsubjectresponsesCSP|14] is an exampleof supervisedsourcerecoery
widely usedin EEG. This methodweightselectrodesccordingto the powver capturedor two
classe®f data.It nds orientationsn the sensorspacen which the power is simultaneously
maximizedfor oneclassandminimizedfor the other An alternatve to maximizingpower is
to maximizethe discriminationbetweenwo classes.Parraet al. [24| proposeda linear dis-
criminationmethodthatspatiallyintegratessensowaluesin well-de ned temporalwindows to
recover sourceghatmaximally discriminatetwo classegivenlabeledEEG.

All threemethoddinearly transformtheoriginal signalsas,Y = WX whereX aretheobser
vations(theoriginal EEGsignalmatrix), W is thetransformmatrix (or vector)thatis calculated
usingthedifferentlinearapproachesndY is theresultingsourcematrix (or vector)represent-
ing therecoreredsources Notetherecovery of sourcesy givenanunderlyinglinear mixture

of obsenationsin X.

2.1 IndependentComponentAnalysis

Independen€omponenAnalysis(ICA) is amethodof nding alineartransformatiorof input
vectorsX that maximizesthe statisticalindependencef output sourcevectorsY suchthat
Y = WX. Principalcomponentnalysis(PCA) nds atransformatiorthat decorrelatesnput
vectorsby nding alineartransformatiorresultingin orthogonaloutputvectorssuchthatthe
inner productof the vectorsis zero. Traditionally the PCA transformatiommatrix consistsof
the normalizedeigervectorsof the input vectors' covariancematrix. In contrast|CA nds a
transformatiorsuchthat the mutual information betweenoutputvectorstendsto zero. ICA
transformationsccountfor higherorder statisticalpropertiesof sourcesasopposedo PCA
whichis basedn secondrderstatistics.

EEGis well suitedfor ICA analysis|13. Theapplicationof ICA to ary problemrequires

compliancewith several assumptionsMost importantly the underlyingsourcesresponsible



for generatinga setof obserationsmustbe statisticallyindependentApplying ICA to EEG
generates setof statisticallyindependenhypotheticalneuralor artifactualsourcegrom sen-
sor obsenations. ICA placesno restrictionson the spatialstructureof suchsourceswhich
might be widely distributed or spatially isolated. For example a widely distributed source
could correspondo 60 Hz ervironmentalnoiseaffecting all sensorswhile anidealisolated
sourcemight correspondo actuvity in the somatosensorfifomunculusassociatedvith tactile
stimulationof theright index nger. ICA will not, however, generatesourcescorresponding
to differentneuralprocessethatsharethe sameunderlyingstatistics.This limitation canmost
likely be overcomeonly by incorporatingprior informationconcerninghe functionalsigni -
canceof neuralanatomy

It is assumedhatall mixing is linear andinstantaneousWhile mixing is mostlikely not
lineargiventhedynamicsof electromagnetield propagtionin nenoustissue cerebrospinal

uid, skull andscalp,this assumptiorns neverthelessnorerealisticthanattemptingo account

for nonlinearitiesntroducedby neuralanatomy A ratherpopularassumptions thatvolume
conductionin braintissueis instantaneouthereforwe do not needto be concernedvith the
introductionof propagtiondelays.

The information maximizationalgorithm[12] commonlyusedto apply ICA to EEG im-
poseswo additionalassumptionspamelythatthe probability densitydistributionsof sources
closelyresemblehegradientof ageneralizediogistic sigmoidandthatthenumberof indepen-
dentsourcess equalto the numberof sensors.in [12], the gradientof a generalizedogistic
regressionfunctionis shavn to resemblethe probability densityfunction of a Gaussiarwith
high kurtosis. The statisticsof EEG, asis the caseof mostnaturalsignals,do in factresem-
ble a highly kurtotic Gaussiardistribution so this assumptionis approximatelysatis ed. The
dimensionof neuralsourcess unknavn andso oneof the key challengesn ICA analysisof

EEGIliesin determinatiorof the optimalnumbersensorandsourcechannels.



2.2 Common Spatial Patterns

The commonspatialpatterns(CSP)approack|14| nds anoptimal setof spatial lters that
producefeaturesideal for binary classi cation. Essentially optimal spatial Iters are deter

minedthroughjoint diagonalizatiorof two covariancematricesdervedfrom eachtaskrelated
class. The normalizedcovariancematrix of eachsingletrial NxT matrix X, whereN is the
numberof channel|ndT is thenumberof samplesis determinedasC = XX YtracefX9). The
averageof covariancematricesfrom classl (C;) andclass2 (C,) trials arethensummedto

producea compositecovariancematrix C. = C; + C,. Theeigervectorsandeigervaluesof this
spatialcovariancematrix yield a whiteningtransformatiorP = (, )i *?U2 whereC, = U, (U2

Transformingthe averagecovariancematricescorrespondingo the 2 classesS; = PG P°and
S, = PGP assureshatS; andS, sharecommoneigervectorssuchthatS, = B, ;B%andS, =

B, .B%where, ; +,, =I. The rst andlasteigervectorsof B thenrepresenbptimal projec-
tionsassociatedavith classl andclass2 respectrely. In otherwordsprojectingwhitenedeEEG
dataalongthevectorsde ned by the rst andlasteigervectorsof B will yield featurevectors
ideal for discriminationbetweenEEG dataassociatedvith the two classes.The projection
matrixis thende ned aswW = (B%P)°andanEEGtrial is transformedasY = WX. Thecolumns
of Wi ! arethe commonspatialpatternsandcanbe interpretedastime-invariantEEG source

distribution vectors.

2.3 Linear Discrimination

Linear discriminationis also a supervisednethodand can be usedto computethe optimal
spatialintegrationof a large arrayof sensorgor discriminationbetweenwo classeg24. As
with ICA andCSR linear discrimination nds atransformationy = WX whereX isa2-D N
X (M x t) matrix representingv trials (M = | + J, | trials for class1 andJ trials for class2) of
EEGdataatt time pointsandN recordingelectrodesW, determinedvith logisticregressionjs
a spatialweightingcoefcient vectorde ning a hyperplanemaximally separatingwo classes.

Timing informationis exploited by discriminatingandaveragingwithin a shorttime window



relative to aknown externaleventsuchasstimuluspresentatior motorresponse.

3. Cognitive userinterface for error correction

Error relatednegativity (ERN) in EEG hasbeenlinkedto perceved responserrorsandcon-
icts in decision-makingSingle-trialdetectionof the ERN hasbeenproposedcasa meansof

correctingcommunicatiorerrorsin a BCI system[23]. We have developedsingle-trialERN

detectionto predicttask-relatederrors. The systemcan be usedas an automatedeal-time
decisionchecler for time-sensitre control tasks. This open-looperror correctionparadigm
representghe rst applicationof real-timecognitve eventdetectioranddemonstratethe util-

ity of real-timeEEG brainmonitoring.

Therehasbeena recentspike in studiesof cortical regionsassociatedvith con ict moni-
toring during motor response.FunctionalMRI and EEG studiesof interferenceasksreport
signi cant increasesn anteriorcingulatecortex (ACC) actvity precedingj1b| and follow-
ing [16] responseselectionthatis believedto be associatedvith con ict monitoring|1 /] and
emotionalevaluationof errors|18|. Referredto aserror relatednegativity (ERN) or medial
frontal negativity (MFN) in EEG studies,suchelectricalactvity is obsened during anker
|1/, Stroop|1Y], rapid serialvisual presentatiofRSVP)[20, 15], andgambling|18] tasks.
DuringanEriksen ank ertaskj21] subjectsareinstructedo indicateby button-pressheclass
of a centralcharacterank ed by distractorcharacterg¢e.g. “< < < < <” or“< < > < <),
Errorsin motorresponsearereadily generatediuringthis task,andareaccompaniedby ERN
[22] associateavith ACC.

Using a simplelinear classi er, we have reportedup to 79% correctdetectionof the ERN
within 100 ms of the erroneougesponse24|. More interestingly we have describeda set
of adaptve, linear algorithmsfor artifact removal and ERN detectionoptimized for high-
throughputeal-timesingle-trialcorrectionof humanrerrorsduringanEriksen ank ertask|2s|.
The resultsobtainedfor a typical subjectwith 90% correctdetectionare shovn in Figure 2.

The previously describedronto-centralerror relatednegativity is obseredwithin 100msfol-
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Figure 2: ERN detectionusing linear discriminationcombiningthe time intervals 0-100ms
and100-200msafterresponse(left) Discriminatingcomponentand(center)scalpprojection
graphgesultswereobtainedwith off-line linearclassi cation. Similarresultsareobtainedwith

on-lineadaptation.(rightpingle-trialROC resultscompareA ; for off-line (LOO), on-lineand

usingonly F., electrode Notethaton-lineandoff-line arecomparable.

lowing the response.In addition,a more prolongedbilateral posteriorpositivity is obsened
for correcttrials, which furtherimprovesdiscrimination.This systemis capableof signi cant

improvementin human-machineerformanceassummarizedn Tablel.

4. Cognitive userinterface for imagesearch

Theappearancef atargetimageduring a rapid serialvisual presentatiofRSVP)taskelicits
an EEG responsassociateavith targetrecognition.We have demonstratethatthe detection
of theseEEG signalson a singletrial basiscanbe usedto replacethe slov manualresponse
of a humanoperatoy therebysigni cantly increasingthe throughputof image searchtasks.
This paradigmhasthe potentialto improve the performanceof ImageAnalystsandradiolo-
gistswho needto routinely surwey large volumesof aerialimageryor medicalimages(e.g.
mammogramsyvithin shortperiodsof time. In addition,the approacHooks to measurdhe
“bottleneck” betweenconstantelayperceptuaprocessingagndmorevariabledelaycognitive

processingThusthedetectedignaturesanbeusedto “gauge”if cognitive systemsarecapa-
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Tablel: Summaryof on-lineerrorcorrectionfor eachof 7 subjects
Subject originalerror % error

ID ratein %  reductior?
1 6 23

2 10 -6

3 15 -1

4 15 49

5 13 27

6 14 47

7 18 12

aNegative valuesindicatedegradationin performance.

ble/incapablef assimilatingoerceptuainput for fastdecisionmaking.

4.1 Rapid objectrecognition

Currentmodelsof visualobjectrecognitionproposenformation o wsthroughaseriesof feed-
forward processingtagesn which low level featuresare extractedfrom a visual scenethen
integratedunderconstraintamposedby adjacentand top-davn connections26]. The true
natureof cortical circuits responsibldor perceptionand recognitionremainsa mystery In
factthereis muchdebateasto whetherecognitionreliesoninformation o w throughcortico-
corticalfeedbacKoopsor ratheronefeed-forward sweepthroughthevisual system|2 7].
While directfunctionalimagingof corticalcircuitsis notyetfeasible jndirectevidencefrom
singleunitrecordingseventrelatedpotentialandpsychoplysicalstudiesdescribemacroscopic
cortical regions comprisingthe visual systemin termsof both anatomicalkpatialconstraints
andfunctionaltemporalconstraintsThe challengdan any suchstudyis designingexperiments
that teaseapartcortical processingstagesnvolved with objectrecognitionand delineatethe
spatialextentandtemporalorder, lateng, duration,andin uence of eachstagein responseo

speci c classe428| of visual stimuli.
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Oneexperimentalkaskthat simulatesnaturalsaccadicsceneacquisitionis Rapid Serial Vi-
sual PresentatiofRSVP) [29]. During an RSVP task a continuoussequenceof imagesis
presentedh astaticlocation. Electroplysiologicalstudiesof macaquenonkey corticalcell re-
sponsdo RSVPstimuliindicateprocessingequiredfor objectrecognitionis completedwvithin
150 millisecondsof stimulusonset[29]. Faceselectve neuronsin superiortemporalsulcus
(STSa)weremonitoredwhile animagesequencef 7 differently orientedfaceswaspresented
(14-222ms/image) Neuronsconsistentlyespondedelectvely to targetfaceimagesof a spe-
ci ¢ orientationapproximatelyl08 msfollowing targetonset,regardlessof presentatiomate.
Responseéurationwasproportionalto stimulusduration.

This studydoesnot necessarilye ect visualprocessindime requiredfor all classe®f nat-
ural images. Faceselectve neuronalactiity re ects responsesf highly specializeccortical
pathwaysthatmay not participatein processingarticularsubset®f naturalscenesNeuronal
responsdimesmay alsoberelatedto early stagef the visual processingathway dedicated
to low-level featureextraction. In addition, since cortical responsdatenciesare shorterin
macaquehanhumangd30], these ndings do notdirectly translateo visualobjectrecognition
processingime of humans.A seminalEEG-basedRSVPstudy[31] establishea signi cant
differencebetweentrial averagedfrontal electrodeevent relatedpotentials(ERPs)approxi-
mately 150 msfollowing presentatiorof targetvs. distractorimages.Lateralmotorresponse
relatedactivity wasobsenred approximately375 ms after stimulusonset. Targetimagescon-
tainedan animalin a randomlocation within a naturalscenewhile distractorimageswere
naturalscenesMore recently a similar experimentreportedEEG actvity correlatedwith im-
agecategorizationbgginswithin 80 ms of imagepresentatiorfi32]. Theseresultsdemonstrate
that EEG signaturef rapid objectrecognition/catgorizationcanbe seen,with a very short
lateng following stimuluspresentationhy averagingacrosamultiple trials.

While the early onsetof differential ERP actvity notedin thesestudiessuggestsecogni-
tion is achievedfollowing a singlefeed-fornard sweepthroughthe visual system|33], another
studyreportsthis actwvity is dueto low-level featurerecognitionratherthanobjectcateyoriza-

tion |2/]. A cued-tagetparadigmwasdesignedo testfor differencesn ERPsresultingfrom
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target and non-taget visual stimuli with contetual ratherthan featural differences. Tamget
cateories(e.g. animal,furniture, dog) were presentedabouthalf a secondbeforeeachim-
age. Tamgetandnon-tagetimagesetswereidenticalensuringno differencesn low-level fea-
tures.Eventrelatedpotentialsfor the cued-tagettaskare markedly differentthanthe original
single-catgory go/no-gotask.A presentatiotocked ERPdifferencesimilarto thatpreviously
reporteds only preseniwvhentherearelow-level featuraldifferencedbetweertargetsandnon-
tamgets.Thereis alaterdifferentialcomponenaboutl 50-300msfollowing imagepresentation
arisingfrom contextual differencesthe lateng of which is correlatedwith reactiontime. If
this components in factassociatedvith objectrecognition,its latengy doespermitinclusion,
albeitbrief, o w of informationthroughcortico-corticalfeedbackoops. Of coursethis task
requiresinteractionbetweervisual stimulusresponseindverbalmemory which mayaddan
additionalprocessingtage .Onehypothesif interestis thatthe variablelateng resultsfrom
integrationof ambiguoussignalsto reacha decisionin posteriorparietalcortex [34 .

We have recentlyreportedsingle-trialdetectionof spatialsignaturesn EEG relatedto vi-
sualtargetrecognitionwithin 200 millisecondsof imageonsetduringanRSVPtask([35]. This
RSVP taskdifferedfrom Thorpes original experimentin that subjectswere asked to detect
tagetimageswithin sequencegbarragespf 100images[36] thathada 50% chanceof con-
taininga singletargetimage. Targetimagesconsistef a person/peopleomprisingno more
than 25% of a naturalscenewhile distractorimageswere naturalscenes.Subjectswerein-
structedto pressa button at the beginning of a sequencandreleaset if atarget appeared.
EEGfrom targetanddistractortrials wascomparedn a single-trialbasisusinglineardiscrim-
inantanalysis|24, 3/] anda forward linear modelwasusedto determinesensormrojections
of thediscriminatingsourceactvity [24. As shavnin gure 3, thisforward modelindicated
thatdiscriminatingactivity beganapproximatel\200msfollowing imagepresentatiomaoving
anteriorly over sensorymotor areas300-400ms following image presentation.Sincethese
signaturesarelearned/detectesingle-trial,it is possibleto analyzevariability betweentrials
aswell asdetermineclassi cationperformanceon new trials.

This experimentrequiredthat subjectsmake a motor responsemmediatelyafter detecting
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