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Abstract

Primatesdemonstateunparalleledability at rapidly ori-
entingtowards importanteventsin complex dynamicervi-
ronments During rapid guidanceof attentionand gazeto-
wards potentialobjectsof interestor threats,oftenthere is
notimefor detailedvisualanalysis.Thus,heuristiccompu-
tationsare necessaryo locate the mostinterestingevents
in quasireal-time We presenta new theoryof sensorysur-
prise, which providesa principled and computableshort-
cut to important information. We develop a model that
computesnstantaneoudow-level surprise at every loca-
tion in videostreams.Thealgorithmsigni cantly correlates
with eye movement®f two humansvatcing complex video
clips, including television programs(17,936frames,2,152
saccadigyazeshifts). Thesystenallowsmore sophisticated
andtime-consumingmage analysisto beefciently focused
ontothemostsurprisingsubset®f theincomingdata.

1. Intr oduction

Attention in biological and arti cial systemssenesto
rapidly identify subsetswithin sensoryinputsthat contain
importantinformation[14, 12], in orderto allocateslowver
processingesource$35]. Althoughcomputationallychal-
lenginggivenvastamountf datacarriedby upto millions
of sensoryreceptorsef cient andrapid attentionalalloca-
tion is key to predation,escapeand mating— in short,to
survival. Thuscentralto perceptionis providing a compu-
tationallytractablede nition of “importantinformation’ at
theneuronalswell asbehaioral levels.

The presentstudy proposessucha de nition underthe
label of “surprise” and develops a computationalmodel
to detectsurprisinglocationsin video streams,validated
againsteye movementf humanobsenrers.

2 Background and Rationale

Several approacheshave been proposedto computa-
tionally characterizethe potential behaioral importance
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or surpriseof visual stimuli. Salieng is one suchmetric
[15, 36, 17, 13], which de nesimportantstimuli asstatis-
tical outliers, over the extent of an image and along one
or more visual featuredimensiong[12, 29]. Thus, for a
stimulusto becomesalient, at leastone of its visual at-
tributesneedsto be uniqueor at leastrare over the entire
visualscene:aredcoatis perceptuallysalientamongblack
suitsbut not amongmary othersred coats. Computation-
ally, detectingsalientoutliersmaybeachiezedby analyzing
animagealonga numberof featurechannelsgachlocally
sensitve to a distinctimageattribute. Examplefeaturesn-
cludelocal luminancecontrast,color contrast,orientation,
or direction of motion [37]. Salientlocations,then, are
thosewhich elicit isolatedpeaksof actiity in somefea-
ture map. Thesespeciallocationsare detectedn biology
via inhibitory spatialcompetitionfor representatiomvithin
eachmap|31, 17, 12]. Hence,isolatedactive regionsre-
ceive no competitionandremainstrong,whereasactive re-
gionswithin a similarly active neighborhoodareinhibited.
Salieny modelsexplain awealthof psychophysicalesults
onhumarvisualsearchehaior [34, 37, 38], andhavebeen
shawvn to correlatewith humaneye movementsover static
imageq25]. They arealsoappealingpecausef their close
link to theneurophysiologyf earlyvisualprocessingn the
primatebrain[12]. Indeed,monkey recordingshave iden-
tied correlatesof salieny in brain areasthatincludethe
superiorcolliculus [5, 22], frontal eye elds [1], V4 [21],
andposteriormparietalcortex [9].

Complementingthis spatial de nition of importance
throughsalieny, anumberof computewision modelshave
emphasizedhe temporaldimensionde ning importantor
“novel” [2, 19] objectsasthosewhich standout givenan
adaptve modelof animage’s backgroundsceneryNovelty
of astimulusisthende ned by thedegreeto whichits visual
appearancdoesnot t the statisticsof previously receved
image samplesat a given location[6, 7]. Novelty detec-
tion startsby assuminga modelfor the data;for example,
the distribution of a pixel's intensityvaluesover time may
be modeledby a mixture of Gaussian$10, 20]. New data
samplesarethenevaluatedagainsthe currentmodel: if the



probability of the obseneddatais low giventhe model,the
pixel is labeledas containinga novel stimulus. The same
datasamplesarethenusedto adapthemodel's parameters;
e.g.,the meansandvariancesf the Gaussiamrmixture are
updatedusing the Expectation-Maximization(EM) algo-
rithm [2, 33]. This approachs effective atlearningscenery
backgroundseven whentheir temporaldynamicsare not
trivial. For example,treesor grasswaving in thewind can
bewell capturedyet anothergustof wind elicits little nov-
elty whereas pedestriarsuddenlyoccludinga patchof tree
or grassis reliably detectecasnovel.

Studiedthus far largely independentlythe notions of
salieny andnovelty provide two complementaryanswers
to the question of how behaiorally important stimuli
may be characterizedomputationally Novelty resembles
salieng in time, while salieny is somevhat like novelty
overspace Below we developatheoryandmodelwhichre-
solve this duality, combininginto a principledBayesiamo-
tion of surprisethestrength®of bothapproacheslo testour
model,we analyzecomplex video stimuli, includingtelevi-
sionbroadcastWe nd thathumansgyazetowardssurpris-
ing locationsin the video streamsjn a highly statistically
signi cant manner We nally discusshow surprisetheory
may nd broaderapplicabilitybeyondvideoanalysis.

3. Methods: Theoretical Foundations

The proposedtheory of surprise relies on a rst-
principlesanalysisto attemptto solidify someof the more
ad-hocor empirically derved aspect®f salieny andnov-
elty. In particular the within-feature spatial competition
implementedy salieny modelsarisesfrom ananalysisof
horizontalneuralconnectionsn primary visual corticesof
monkeys andcats,but lacksa theoreticafoundation.Con-
versely novelty computationat presentypically relieson
anad-hocchoiceandparameterizationf a goodmodelfor
thedistribution of datasampleseceivedatonelocation. In-
deedamodel-freeapproactseemsutof thequestiorin the
contet of video processingasit would take unreasonably
too mary datasamplesand henceunreasonablyoo long
to accumulatesufcient dataandallow accuratemodel-free
estimationof the underlying probability density function
(PDF)of thedata.Yet,theratherarbitrarychoiceof amodel
for the data, often guidedby intuition, prior obsenations,
or computationatomplexity reasonsis problematic:what
if, ratherrapidly overtime, the procesgeneratinghe data
changedn its statisticalpropertiesrequiringa new model
altogetherevery few datasamples?Or, what if multiple,
contradictorymodelscould co-exist ata givenmoment?

To addresgheseissues,it is usefulto go backto the
foundation®f our currentunderstandingf thenotionof in-
formation. Shannors theoryof communicatiorfocuseson
“reproducingat one point either exactly or approximately

amessageelectedat anothemoint [30].” Accordinglythe
amountof information containedin a single datasetD is
measuredy the quantity logP (D) andthe averagein-
formationover all dataset® is the entroyy:

z

H(D) = P(D)logP(D)dD 1)
D

In this de nition, the probability originatesfrom a single
obserer (e.g.,the Bell Labsengineer)with a single prob-
ability model. Therearesituations however, characterized
by the presencef multiple modelsor obserersandwhere
thesubjectve andsemantiadimensionof thedataaremore
importantthanits transmission.In thesesituations,a suit-
able measureof informationoughtto remainprobabilistic
in naturebut to dependon the obserer (beit asinglecell,
complex organism,or arti cial entity) andits prior beliefs
or expectations.

Regardlessof whetherone subscribego the frequen-
tist or subjectvist [4, 8] approachto probabilities, the
fundamentalimpact data has on an obsenrer is captured
by Bayes'theoremfor computingthe posteriorprobabil-
ity P(MjD) = P(M)P(DjM )=P(D) of a hypothesisr
modelM giventhedata.In thisview, theinformationcon-
tainedin a datasets notits entrogy but ratherwhatchanges
the obsener's belief in M from prior P(M) to posterior
P(MjD). Thus,a complementaryway of measuringn-
formationcarriedby datais to measurehe differencebe-
tweenprior and posteriordistributions over the setM  of
all models,whichis bestdoneusingtherelative entrogy or
Kullback-Liebler(K L) divergence[16]. Thussurpriseis
de ned by theaverageof thelog-oddratio:

S(D;M) = §L(P(M);P(M1D))
= PMYlog—M)_gv (2
M P(MjD)

taken with respectto the prior distribution over the
model classM . Note that KL is not symmetric but
has well-known theoreticaladvantagesover other possi-
ble measuresjncluding invariancewith respectto repa-
rameterizations. KL(P(MjD);P(M)) could also be
usedor the symmetricversion[K L(P(M);P(M D)) +
KL(P(MjD);P(M)]=2, orary othermeasuref similar
ity betweerP (M) andP (M jD). While theterm“surprise”
hassometimedeeninformally usedin relationto Shannon
entropy, key to our new de nition is how surpriserequires
averagingover the spaceof models,whereaentropy aver
agesover datawithoutary explicit notionof model.

Surprisecan always be computednumerically but also
analyticallyin mary practicalcasesijn particularthosein-
volving probability distributionsin the exponentialfamily
[3] with conjugateor otherpriors.
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4. Computational Model

Armed with this theoreticalframenork, we can revisit
our previously proposednodelof salieng-basedvisual at-
tention,whereactiity in atopographianastesalieny map
guidesattentionbottom-up[13]. Themastermap(40 30
latticeof temporallylow-pasdeaky integratorarti cial neu-
rons, given 640 480 stimuli) recevves inputs from ve
centersurroundfeaturechannelspperatingn parallelover
thevisual eld atsix spatialscalesandthoughtto guidehu-
manattention[37, 12]: intensitycontras{six featuremaps),
red/greenand blue/yellov color opponencieg12 maps),
four orientationcontrastg24 maps),temporalonset/ofset
(six maps)andmotionenegy in four directions(24 maps),
totalling 72 featuremaps.

Herewe retainthe raw centersurroundfeaturesof that
model, but attachlocal surprisedetectorgo every location
in eachof the model's 72 neuralfeaturemaps.In addition,
to replacethelong-rangenhibitory neuralconnectionghat
giveriseto phenomenaf attentioncaptureandspatialpop-
out in the saliengy model, we introducebelowv a second,
spatial, type of surprisedetectors. As individual biologi-
cal neuronsare unlikely to learn multimodal distributions
of inputs[18], we considerunimodalmodel families, but
multiple onesandoperatingat differenttime scales.

We modeldatareceived from featuremapf atlocation
(x; y) andtimet asPoissordistributionsM ( ) (whichwell
describecortical pyramidal cell ring statistics[32]), pa-
rameterizeddy ring rate 0. is estimatedover the
durationof eachvideoframe(33.185ms)as = f (x; y;t).
It is importantto notea centraldifferencebetweersurprise

and previous outlier-basednovelty detectionapproaches.

Here, tting a PDF to the datasamplesis a trivial step,

and which parameterizethe dataPDF is estimatednde-
pendentlyat every video frame,from a sampleof Poisson
spikesreceied overthe durationof the frame. Thus,when
thedistribution of datasampleshangesapidly (e.g.,from
aquiescenstatewith low  to ahighly active statewith very
high atthenext videoframe),thereis noinertiain oures-
timation of . This contrastswith what would happenin
outlierbasedovelty modelswhich incrementallyupdatea
longertermestimateof the dataPDF cumulatecover mary
successie frames. Hence,a rapid changein the statistics
of the datais not necessarilysurprising.For this changeto
becomesurprising,it mustalsoyield a changen the distri-
bution of beliefsaboutwhichmodelsarelik ely, asdescribed
by the prior distribution P (M ) over models.

Proceedin@sprescribedy our surprisetheoryoutlined
above,we hereconsiderconjugatepriors,wherebythe pos-
terior belongsto the samefunctionalfamily asthe prior. In
suchcase the posteriorat one frame candirectly sene as
prior for thenext frame,asis customaryin Bayesiariearn-
ing. Thus, herewe considerfor P(M ) a functionalform
suchthatP (M jD) hasthesamefunctionalformwhenD is
Poisson-distribted.It is easyto shav thatP (M ) satisfying
this propertyis the Gammaprobability density:

le
()

with shape > 0, inversescale > 0, and ( :) the Eu-
ler Gammafunction. To allow the modelto detectsur
priseat severaltime scaleswe implementcascadesf ve
surprisedetectorsat every pixel in every featuremap: the
rst (fastest)s updatedwith featuremapdata,anddetector
i + 1 samplesfrom i, so thattime constantincreaseex-
ponentiallywith i. In total, the attentionmodelcomprises

PM()= (:: )= ®3)
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Figure 2. Combinationof temporaland spatial surprises. We calibrate our model
againstsingle-neurormonkey data,thenwill testit againstoehaioral humandata. (a)

Extracellularmean®ring rate(solid-blackcurve, S.D.dashed-blackdf amacaque/l
comple cell duringthreesuccessie brief presentationsf anisolatedgratingstimulus
demonstratesapid adaptation(from ®rst to secondpresentationsand recovery (from
secondto third) [23]. This suggestghat cortical neuronsdo not passiely signal Shan-
noninformation,which herewould directly follow the stimulus(someinformationwhen
stimuluson, none otherwise),but insteadare actively affectedby prior exposuresto a

stimulus. (b) Temporalsurprisesignalsin real-timehow rapidly the neuron$ adapting
apelieP in the presencer absencef a stimulusis changingasthe stimulusis ashed

onandoff. Hencetemporalsurpriseherefollows stimulustransientawvithin thereceptve

®eld, moreweaklywhentemporallycloser (c) Spatialsurprisesignalshov muchalocal
modelwhich hypothesizei real-timethe presencer absencef a gratingstimulusdis-

agreesith abroademodelby whichthedisplayoverallis blank. Hencespatialsurprise
herefollows the stimulus.A reasonabl@®t of theneurons mean®ring rate(a; redcurwe)
is obtainedwith the additive temporal/spatiasurprisecombinationrule of Eq. 8: spatial
surpriseprovidesa sustaineccomponenbf the ®ring ratewhile the stimulusis on, and
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72 (40 30) 5= 432 000surprisedetectorsGivenan
obsenationD = atoneof thesedetectorsaandprior den-

sity ( ;; ),theposterior ( ; % 9 obtainedbyBayes
theoremis alsoa Gammadensity with:
°- +7 and %= +1 (4)

To prevent thesefrom increasingunboundedlyover time,
weintroducea forgettingfactorO < < 1, yielding:
%= +7 and %= +1 (5)
preseresthepriorsmean= butincreasegts variance
= 2, embodyingrelaxationof belief in the prior's preci-
sion (we use = 0:7; seebelow). Local temporalsur
priseSt resultingfrom the updatecanbe computedexactly
whenusingthe K L divergenceto quantify the differences
betweerprior andposteriordistributionsover models:

STO;M)=KL( (55 ) (%9 (6
= Yogriog e e (9 ) @

with ( :) thedigammafunction. For example Jocaltempo-
ral surpriseariseswhennew obsenationsarerecevedsuch
thatanimagepatchpreviously well modeledasstationary-
blackbecomedbettermodeledas ickering-red.

Spatial surprise Sg is computedsimilarly. For ev-
ery t, (x;y), f, andi, a Gammaneighborhooddistribu-
tion of modelsis computedas the weightedcombination
of distributions from the next-fasterlocal models,over a
large neighborhoodwith two-dimensionalDifference-of-
Gaussianprole ( + = 20and = 3featuremappix-
els). As new dataarrives,spatialsurpriseés theK L between
prior neighborhoodlistribution andthe posteriorafter up-
dateby local samplesrom the neighborhoods center For

temporalsurpriseprovides®ring transientsat stimulusonsetsandoffsets.

example,spatialsurpriseariseswhena modelof the entire
imageasstationary-blackmustbereconsideredt somelo-
cationsbettermodeledas ickering-red.

Our theorydoesnot constrainhow temporalandspatial
surprisescombine. We henceturn to empirical single-unit
recordingof comple cellsin striatecortex of anesthetized
monkey [23]. This alsoallows usto setthe time scaleat
whichthemodeloperategde nedby in Eq.5). Fromthe
t shavnin Figure 2, total surpriseS is:

Ss 3

= + —
S St >0

(8)
which resultsfrom a least-squared of a function of the
form S = [a1St + a2Ss + a3St Ss]? to the neuraldata.
Interestingly parametemas was nearzero, suggestinghat
spatialandtemporakurprisecombineadditively ratherthan
multiplicatively in singleneuronsWe furtherpositthatsur
prisecombinesnultiplicatively acrosgime scalessuchthat
aneventis surprisingonly if atall relevanttime scalesal-
lowing the modelto learn periodic stimuli of variousfre-
guenciesWe nally assumehatsurprisesumsacrossfea-
tures, suchthat a location may be surprisingby its color,
motion, or other The sumis passedhrougha saturating
sigmoidalnonlinearityto enforceplausibleneuronal ring
dynamicsthenprovidesinputto the mastemap. Figure 3
illustratesthe model'sinternalswith simplestimuli.

5. Experimental Validation

We comparespatiotemporatlistributions of surprisein
the model's mastermapto eye-movementrecordingsfrom
two nave humanobsenerswatching20videoclips,includ-
ing eightoutdoorsscenesfour videogamesandeighttele-
vision programsincluding newscast,sports,and commer
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Figure 3. Model behaior with simple stimuli presentedor 15 frames(450 ms). A featuremapis consideredimageinsets)
correspondingo: (a) asmallstationaryisolatedstimuluson blackbackgroundand(b) a stationaryarrayof smallstimuli. Behaviors
of local andneighborhoodnodelsat the centerlocationareshavn. In eachpanel,the top graphshavs normalizedocal temporal
surprise(cyan),spatialsurprise(green)andtotal surprise(red)overtime. P (D) representthe Poissordatadistributionsrecevedat
the centerlocation(oneblack curve perframe;all identicalfor thesestationarystimuli). The Gammeaprior distributionsP (M ( ))

over local andneighborhoodnodelsareshavn, consideringn = 3 cascadedurprisedetectordor clarity althoughour full model
usesn = 5 (fastesin orange,secondn purple,third in blue; moresaturatectolorscorrespondo laterframes;only four Gamma
distributionsfor framesl, 5, 10, and 15 are plottedfor clarity, with meansof the othersplottedassmall ellipses;initial condition
is ablack-imageprior). (a) Local priors quickly adapttowardsthe meanof the locally receved datasamplesgeneratinglecaying
localtemporalsurprise Neighborhoodgriorsremainunchangedjiventhe blackbackgroundgeneratingncreasingspatialsurprise,
aslocal andneighborhoodriorsincreasinglydiffer. (b) Thelocal situationis identicalbut neighborhoodgriors nowv quickly adapt

towardsanaveragedatavalue.Hence spatialandtotal surprisesarelower thanin (a), allowing the modelto predictpop-out.

cials(betweeri64and2,814framesperclip, 17,936frames
or about10 minutesin total). Obviously, bottom-upsen-
sory processingmay only contritute a fraction amongall
competingn uencen attentionakllocation[24, 11, 28].
Neverthelessmodelscomputingocalimageinformationin
Shannors senseredicthumangaze xations signi cantly
more reliably thanchance[27, 26, 25], providing a chal-
lenging baselinefor our model. Gazewas recordedwith
a 240 Hz infrared-video-baseaye-tracler (ISCAN, Inc.
model RK-464) (Figure 4), yielding 2,152 saccadicgaze
shifts. To determinevhethethumanspreferentiallyoriented
towardssurprisingstimuluselementsat onsetof every hu-
mansaccadave sampled_circularaperturediameter5:6 )
model-predictednastermap activity aroundthe saccade
future endpoint,and arounda randomendpoint(uniform
probability). Saccadenitiation latengy was assumedac-
countedfor by themastemap’'s leaky integrators.

We quantify differencesbetweendistributions of mas-
ter map samplesfrom humanand randomsaccadesising
againthe K L distance: modelswhich better predict hu-
man scanpathsxhibit higher distancesfrom random, as
obseners non-uniformly gaze towards a minority of re-
gionswith highestmodelresponsesThreemodelsarecom-
pared,illustratedin Figure 4: Shannonentropy as com-

putedby Priviteraand Stark[26], salieny ascomputedby
Itti andKoch[12], andsurpriseaspresentedhere.Surprise
performedsuperiorlyto entropy and salieng, exhibiting a
strongerhumanbias towards surprisinglocationsthan to-
wardsentropicor salientregions. Theseresultshave been
con rmed in a larger study with more subjectsand video
clips (manuscripsubmitted).

6. Discussionand Conclusion

We have proposeda methodfor computinglow-level vi-
sual surprisein unconstrainedsideo stimuli. The model
combinesanotionof localtemporalsurprise jnspiredfrom
previous work on novelty detection,to that of spatialsur
prise, inspiredfrom previous work on salieny computa-
tion. We nd thata combinationof both factorsyields a
modelthatis superiorto botharatherstraightforvardmea-
sureof localentrofy overimagepatchesandabiologically-
inspiredmeasuref bottom-upsalieng.

Applications of the surprisemodel include the rapid,
knowledge-fregoruningor compressiomwf videostreamso
asto focuscomputationatresourcer transmissiorband-
width ontoonly afew surprisinglocationsandevents.One
differencebetweenour approachand mary othermachine
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Figure 4. Sampleframesfrom our clips (®rst column),with correspondindhumansaccadegarravs) and predictionsfrom the
entropy, salieng, andsurprisemodels(secondo fourth columns).Entropy mapsexhibitedmary active locations hencewaspoorly
discriminatie (lower K L scorebetweenhumanand random). In contrast,saliengy and surprisemapswere sparserand more
speci®c.K L distancedetweerhistogramsf samplednodelactiity atthe endpointsof 2,152human(thin blue histogramsynd
random(fat greenhistogramswhich controlfor sparsenessaccadesvereall signi®cantlyhigherthanzero,whichwould indicatea
modelnot predictinghumansaccadebetterthanchance(t-test,p < 10 ° or better).K L distancesll signi®cantlydifferedfrom
oneanother(t-testsp < 10 ° or better),indicatinga strict rankingof entrofy < salieny < surprise.

visioneffortsis thatnowherein thiswork did wetunetheal-
gorithmfor speci c classe®f objectsor backgroundsThat
is, usingasimpleyetfairly generade nition of surprisewe
wereableto reliably predictwherehumanobsenerswould
look in complex videostimuli asdiverseasoutdoorsscenes
in parks,crovdedstreetsanopenrooftopbar, videogames
including rst-person and racing, television commercials,
sportsnews,andothers.Yet, notrainingor softwaretuning
washecessaryo procesghedifferentstimuli.

We believe this is the rst time a novelty detectional-
gorithm is testedagainsthumanscanpathgbut see,e.g.,
[25] for testing of salieny models using static scenes).
Obviously, our resultsindicatethat humansdid not exclu-
sively orienttowardssurprisingstimuli. Indeed,oftenthey

looked at locationswhich had beenpresentand stationary
for a while (e.g., a label indicating the nameof a televi-
sionspealer), whichweresimilarto others(e.g.,oneof the
playersin a football game),or which containedno image
information but were predictedto containsomein the fu-
ture (e.g., the expectedendpointof the ball in a football
game). Neverthelesspur resultsindicatethat surpriseac-
countsfor human xations highly signi cantly betterthan
entropy andsalieng. Inspectionof our video clips andas-
sociatedmodel predictionssuggestsa numberof qualita-
tivedistinctions,jn additionto thequantitatve datareported
here.Entropy washighin mostlocationsexcepthighly uni-
formoneshencehesigni cantly betterthanchanceperfor
manceof the entropy modelis to alarge extentduemerely



to thefactthathumansmostof the time avoidedemptyre-
gionsin the displays(e.g.,the empty sky, an emptywall).
Salieny often performedsimilarly to surprise,suggesting
thatlong-ranganhibitory interactionanay have evolvedin
biological cortex to computesomethingequivalentto our
spatialsurprise. Its lack of temporaldynamics,however,
oftenmadesalieny inferior to surprisejn thatsalientstim-
uli would remainso for extendedtime periodswhile they
would quickly becomeuninterestingo humans Oneexam-
pleincludedife/healthindicatorsin thevideogameshighly
colorful and salientthroughoutthe gamebut only xated
by humansat onsetof a clip or whensigni cant changesn
their appearancevertime occurred.

At thefoundationof our modelis a simpletheorywhich
describesa principled approachto computingsurprisein
datastreams. While surprisecertainlyis not a new con-
cept,it hadlackedaformalde nition, broadenoughto cap-
ture the intuitive meaningof the term, yet quantitatve and
computablen a principled manner The adwvantageof our
de nition is its generalitywhich resultsin widespreadap-
plicability not limited to earlyvision. For example,a vehi-
cle's suddertrajectorydeviation andlanechangeon afree-
way may elicit surprisethat could be computedfrom dis-
tributionsof trajectorymodels.Beyondvision, computable
surprisecouldguidethe developmentof future datamining
systemsasit canin principlebeappliedto ary typeof data,
includingvisual,auditory or text.

Supportedy NGA,NSFE andNIH.
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