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Abstract

Primatesdemonstrateunparalleledability at rapidlyori-
entingtowards importanteventsin complex dynamicenvi-
ronments.During rapid guidanceof attentionandgazeto-
wardspotentialobjectsof interestor threats,oftenthere is
no timefor detailedvisualanalysis.Thus,heuristiccompu-
tationsare necessaryto locatethe mostinterestingevents
in quasireal-time. We presenta new theoryof sensorysur-
prise, which providesa principled and computableshort-
cut to important information. We develop a model that
computesinstantaneouslow-level surpriseat every loca-
tion in videostreams.Thealgorithmsigni�cantly correlates
with eyemovementsof twohumanswatchingcomplex video
clips, including televisionprograms(17,936frames,2,152
saccadicgazeshifts).Thesystemallowsmoresophisticated
andtime-consumingimageanalysisto beef�ciently focused
ontothemostsurprisingsubsetsof theincomingdata.

1. Intr oduction

Attention in biological and arti�cial systemsserves to
rapidly identify subsetswithin sensoryinputs that contain
importantinformation[14, 12], in orderto allocateslower
processingresources[35]. Althoughcomputationallychal-
lenginggivenvastamountsof datacarriedby upto millions
of sensoryreceptors,ef�cient andrapid attentionalalloca-
tion is key to predation,escape,andmating– in short, to
survival. Thuscentralto perceptionis providing a compu-
tationallytractablede�nition of “importantinformation,” at
theneuronalaswell asbehavioral levels.

The presentstudyproposessucha de�nition underthe
label of “surprise” and develops a computationalmodel
to detectsurprisinglocationsin video streams,validated
againsteyemovementsof humanobservers.

2 Background and Rationale

Several approacheshave been proposedto computa-
tionally characterizethe potential behavioral importance

or surpriseof visual stimuli. Saliency is onesuchmetric
[15, 36, 17, 13], which de�nes importantstimuli asstatis-
tical outliers, over the extent of an imageand along one
or more visual featuredimensions[12, 29]. Thus, for a
stimulus to becomesalient, at least one of its visual at-
tributesneedsto be uniqueor at leastrareover the entire
visualscene:a redcoatis perceptuallysalientamongblack
suitsbut not amongmany othersred coats. Computation-
ally, detectingsalientoutliersmaybeachievedby analyzing
an imagealonga numberof featurechannels,eachlocally
sensitive to a distinct imageattribute. Examplefeaturesin-
cludelocal luminancecontrast,color contrast,orientation,
or direction of motion [37]. Salient locations,then, are
thosewhich elicit isolatedpeaksof activity in somefea-
ture map. Thesespeciallocationsaredetectedin biology
via inhibitory spatialcompetitionfor representationwithin
eachmap[31, 17, 12]. Hence,isolatedactive regionsre-
ceive no competitionandremainstrong,whereasactive re-
gionswithin a similarly active neighborhoodareinhibited.
Saliency modelsexplaina wealthof psychophysicalresults
onhumanvisualsearchbehavior [34, 37, 38], andhavebeen
shown to correlatewith humaneye movementsover static
images[25]. They arealsoappealingbecauseof their close
link to theneurophysiologyof earlyvisualprocessingin the
primatebrain [12]. Indeed,monkey recordingshave iden-
ti�ed correlatesof saliency in brain areasthat includethe
superiorcolliculus [5, 22], frontal eye �elds [1], V4 [21],
andposteriorparietalcortex [9].

Complementingthis spatial de�nition of importance
throughsaliency, anumberof computervisionmodelshave
emphasizedthe temporaldimension,de�ning importantor
“novel” [2, 19] objectsas thosewhich standout given an
adaptivemodelof animage'sbackgroundscenery. Novelty
of astimulusis thende�nedby thedegreetowhichitsvisual
appearancedoesnot �t thestatisticsof previously received
imagesamplesat a given location [6, 7]. Novelty detec-
tion startsby assuminga modelfor the data;for example,
thedistribution of a pixel's intensityvaluesover time may
bemodeledby a mixture of Gaussians[10, 20]. New data
samplesarethenevaluatedagainstthecurrentmodel:if the
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probabilityof theobserveddatais low giventhemodel,the
pixel is labeledascontaininga novel stimulus. The same
datasamplesarethenusedto adaptthemodel'sparameters;
e.g.,the meansandvariancesof the Gaussianmixture are
updatedusing the Expectation-Maximization(EM) algo-
rithm [2, 33]. Thisapproachis effectiveat learningscenery
backgrounds,even when their temporaldynamicsare not
trivial. For example,treesor grasswaving in thewind can
bewell captured;yet anothergustof wind elicits little nov-
elty whereasapedestriansuddenlyoccludingapatchof tree
or grassis reliablydetectedasnovel.

Studiedthus far largely independently, the notions of
saliency andnovelty provide two complementaryanswers
to the question of how behaviorally important stimuli
may be characterizedcomputationally. Novelty resembles
saliency in time, while saliency is somewhat like novelty
overspace.Below wedevelopatheoryandmodelwhichre-
solvethisduality, combininginto aprincipledBayesianno-
tionof surprisethestrengthsof bothapproaches.To testour
model,weanalyzecomplex videostimuli, includingtelevi-
sionbroadcast.We �nd thathumansgazetowardssurpris-
ing locationsin the video streams,in a highly statistically
signi�cant manner. We �nally discusshow surprisetheory
may�nd broaderapplicabilitybeyondvideoanalysis.

3. Methods: Theoretical Foundations

The proposed theory of surprise relies on a �rst-
principlesanalysis,to attemptto solidify someof themore
ad-hocor empiricallyderivedaspectsof saliency andnov-
elty. In particular, the within-featurespatial competition
implementedby saliency modelsarisesfrom ananalysisof
horizontalneuralconnectionsin primaryvisualcorticesof
monkeysandcats,but lacksa theoreticalfoundation.Con-
versely, novelty computationat presenttypically relieson
anad-hocchoiceandparameterizationof a goodmodelfor
thedistributionof datasamplesreceivedatonelocation.In-
deed,amodel-freeapproachseemsoutof thequestionin the
context of videoprocessing,asit would take unreasonably
too many datasamplesand henceunreasonablytoo long
to accumulatesuf�cient dataandallow accuratemodel-free
estimationof the underlyingprobability density function
(PDF)of thedata.Yet,theratherarbitrarychoiceof amodel
for the data,often guidedby intuition, prior observations,
or computationalcomplexity reasons,is problematic:what
if, ratherrapidly over time, theprocessgeneratingthedata
changedin its statisticalproperties,requiringa new model
altogetherevery few datasamples?Or, what if multiple,
contradictorymodelscouldco-exist at a givenmoment?

To addresstheseissues,it is useful to go back to the
foundationsof ourcurrentunderstandingof thenotionof in-
formation.Shannon's theoryof communicationfocuseson
“reproducingat onepoint eitherexactly or approximately

a messageselectedat anotherpoint [30].” Accordinglythe
amountof information containedin a single datasetD is
measuredby the quantity � logP(D) andthe averagein-
formationoverall datasetsD is theentropy:

H (D) = �
Z

D
P(D) logP(D)dD (1)

In this de�nition, the probability originatesfrom a single
observer (e.g.,the Bell Labsengineer)with a singleprob-
ability model. Therearesituations,however, characterized
by thepresenceof multiple modelsor observersandwhere
thesubjectiveandsemanticdimensionsof thedataaremore
importantthanits transmission.In thesesituations,a suit-
ablemeasureof informationought to remainprobabilistic
in naturebut to dependon theobserver (be it a singlecell,
complex organism,or arti�cial entity) andits prior beliefs
or expectations.

Regardlessof whetherone subscribesto the frequen-
tist or subjectivist [4, 8] approachto probabilities, the
fundamentalimpact data has on an observer is captured
by Bayes' theoremfor computingthe posteriorprobabil-
ity P(M jD) = P(M )P(D jM )=P(D) of a hypothesisor
modelM giventhedata.In this view, theinformationcon-
tainedin adatasetis not its entropy but ratherwhatchanges
the observer's belief in M from prior P(M ) to posterior
P(M jD). Thus, a complementaryway of measuringin-
formationcarriedby datais to measurethe differencebe-
tweenprior andposteriordistributionsover the setM of
all models,which is bestdoneusingtherelativeentropy or
Kullback-Liebler(K L) divergence[16]. Thussurpriseis
de�ned by theaverageof thelog-oddratio:

S(D ; M ) = K L(P(M ); P(M jD))

=
Z

M
P(M ) log

P(M )
P(M jD)

dM (2)

taken with respect to the prior distribution over the
model class M . Note that K L is not symmetric but
has well-known theoreticaladvantagesover other possi-
ble measures,including invariancewith respectto repa-
rameterizations. K L(P(M jD); P(M )) could also be
usedor the symmetricversion[K L(P(M ); P(M jD)) +
K L(P(M jD); P(M ))]=2, or any othermeasureof similar-
ity betweenP(M ) andP(M jD). While theterm“surprise”
hassometimesbeeninformally usedin relationto Shannon
entropy, key to our new de�nition is how surpriserequires
averagingover thespaceof models,whereasentropy aver-
agesoverdatawithoutany explicit notionof model.

Surprisecanalwaysbe computednumerically, but also
analyticallyin many practicalcases,in particularthosein-
volving probability distributions in the exponentialfamily
[3] with conjugateor otherpriors.
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Figure 1. Overview of the
model.Incoming640� 480-
pixel video framesare pro-
cessedby ®ve featurechan-
nels for color, �ick er, etc.
In eachchannel,six, 12, or
24 feature maps are com-
putedusingcenter-surround
linear ®lters. After rescal-
ing all mapsto 40 � 30 pix-
els, in the surprisemodel a
cascadeof ®ve surprisede-
tectors(inset) is attachedto
every pixel in each of the
72 featuremaps,andthere-
sulting surprisevaluessum
acrossfeaturechannels,spa-
tial, andtemporalscalesinto
themastermap.

4. Computational Model

Armed with this theoreticalframework, we can revisit
our previously proposedmodelof saliency-basedvisualat-
tention,whereactivity in atopographicmastersaliency map
guidesattentionbottom-up[13]. Themastermap(40� 30
latticeof temporallylow-passleaky integratorarti�cial neu-
rons, given 640 � 480 stimuli) receives inputs from � ve
center-surroundfeaturechannels,operatingin parallelover
thevisual�eld atsix spatialscalesandthoughtto guidehu-
manattention[37, 12]: intensitycontrast(six featuremaps),
red/greenand blue/yellow color opponencies(12 maps),
four orientationcontrasts(24 maps),temporalonset/offset
(six maps),andmotionenergy in four directions(24maps),
totalling72 featuremaps.

Herewe retainthe raw center-surroundfeaturesof that
model,but attachlocal surprisedetectorsto every location
in eachof themodel's 72 neuralfeaturemaps.In addition,
to replacethelong-rangeinhibitory neuralconnectionsthat
giveriseto phenomenaof attentioncaptureandspatialpop-
out in the saliency model, we introducebelow a second,
spatial, type of surprisedetectors. As individual biologi-
cal neuronsareunlikely to learnmultimodaldistributions
of inputs [18], we considerunimodalmodel families,but
multipleonesandoperatingat differenttime scales.

We modeldatareceivedfrom featuremapf at location
(x; y) andtimet asPoissondistributionsM (� ) (whichwell
describecortical pyramidal cell �ring statistics[32]), pa-
rameterizedby �ring rate� � 0. � is estimatedover the
durationof eachvideoframe(33.185ms)as� = f (x; y; t).
It is importantto notea centraldifferencebetweensurprise
and previous outlier-basednovelty detectionapproaches.
Here, �tting a PDF to the datasamplesis a trivial step,

and� which parameterizesthedataPDFis estimatedinde-
pendentlyat every video frame,from a sampleof Poisson
spikesreceivedover thedurationof theframe.Thus,when
thedistribution of datasampleschangesrapidly (e.g.,from
aquiescentstatewith low � to ahighlyactivestatewith very
high � at thenext videoframe),thereis no inertiain oures-
timation of � . This contrastswith what would happenin
outlier-basednovelty modelswhich incrementallyupdatea
longer-termestimateof thedataPDFcumulatedovermany
successive frames. Hence,a rapid changein the statistics
of thedatais not necessarilysurprising.For this changeto
becomesurprising,it mustalsoyield a changein thedistri-
butionof beliefsaboutwhichmodelsarelikely, asdescribed
by theprior distributionP(M ) overmodels.

Proceedingasprescribedby oursurprisetheoryoutlined
above,wehereconsiderconjugatepriors,wherebythepos-
terior belongsto thesamefunctionalfamily astheprior. In
suchcase,the posteriorat oneframecandirectly serve as
prior for thenext frame,asis customaryin Bayesianlearn-
ing. Thus,herewe considerfor P(M ) a functional form
suchthatP(M jD) hasthesamefunctionalform whenD is
Poisson-distributed.It is easyto show thatP(M ) satisfying
this propertyis theGammaprobabilitydensity:

P(M (� )) = 
 (� ; �; � ) =
� � � � � 1e� � �

�( � )
(3)

with shape� > 0, inversescale� > 0, and�( :) the Eu-
ler Gammafunction. To allow the model to detectsur-
priseat several time scales,we implementcascadesof � ve
surprisedetectorsat every pixel in every featuremap: the
�rst (fastest)is updatedwith featuremapdata,anddetector
i + 1 samplesfrom i , so that time constantsincreaseex-
ponentiallywith i . In total, the attentionmodelcomprises
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Figure 2. Combinationof temporaland spatialsurprises. We calibrateour model
againstsingle-neuronmonkey data,thenwill test it againstbehavioral humandata. (a)
Extracellularmean®ring rate(solid-blackcurve, � S.D.dashed-black)of a macaqueV1
complex cell during threesuccessive brief presentationsof an isolatedgratingstimulus
demonstratesrapid adaptation(from ®rst to secondpresentations)and recovery (from
secondto third) [23]. This suggeststhat cortical neuronsdo not passively signalShan-
noninformation,whichherewould directly follow thestimulus(someinformationwhen
stimuluson, noneotherwise),but insteadareactively affectedby prior exposuresto a
stimulus. (b) Temporalsurprisesignalsin real-timehow rapidly the neuron's adapting
ªbeliefº in the presenceor absenceof a stimulusis changingasthe stimulusis �ashed
onandoff. Hencetemporalsurpriseherefollows stimulustransientswithin thereceptive
®eld,moreweaklywhentemporallycloser. (c) Spatialsurprisesignalshow mucha local
modelwhich hypothesizesin real-timethepresenceor absenceof a gratingstimulusdis-
agreeswith abroadermodelby which thedisplayoverall is blank.Hencespatialsurprise
herefollows thestimulus.A reasonable®t of theneuron's mean®ring rate(a; redcurve)
is obtainedwith theadditive temporal/spatialsurprisecombinationrule of Eq. 8: spatial
surpriseprovidesa sustainedcomponentof the ®ring ratewhile the stimulusis on, and
temporalsurpriseprovides®ring transientsat stimulusonsetsandoffsets.

72� (40� 30) � 5 = 432; 000surprisedetectors.Givenan
observationD = � at oneof thesedetectorsandprior den-
sity 
 (� ; �; � ), theposterior
 (� ; � 0; � 0) obtainedby Bayes
theoremis alsoa Gammadensity, with:

� 0 = � + � and � 0 = � + 1 (4)

To prevent thesefrom increasingunboundedlyover time,
we introducea forgettingfactor0 < � < 1, yielding:

� 0 = � � + � and � 0 = � � + 1 (5)

� preservestheprior'smean�=� but increasesits variance
�=� 2, embodyingrelaxationof belief in the prior's preci-
sion (we use� = 0:7; seebelow). Local temporalsur-
priseST resultingfrom theupdatecanbecomputedexactly
whenusingtheK L divergenceto quantify the differences
betweenprior andposteriordistributionsovermodels:

ST (D ; M ) = K L(
 (� ; �; � ); 
 (� ; � 0; � 0)) (6)

= � 0log
�
� 0 + log

�( � 0)
�( � )

+ � 0�
�

+ (� � � 0)	( � ) (7)

with 	( :) thedigammafunction.For example,local tempo-
ral surpriseariseswhennew observationsarereceivedsuch
thatanimagepatchpreviously well modeledasstationary-
blackbecomesbettermodeledas¯ickering-red.

Spatial surprise SS is computedsimilarly. For ev-
ery t, (x; y), f , and i , a Gammaneighborhooddistribu-
tion of modelsis computedas the weightedcombination
of distributions from the next-fasterlocal models,over a
large neighborhoodwith two-dimensionalDifference-of-
Gaussianspro�le (� + = 20 and� � = 3 featuremappix-
els).As new dataarrives,spatialsurpriseis theK L between
prior neighborhooddistribution andthe posteriorafter up-
dateby local samplesfrom theneighborhood'scenter. For

example,spatialsurpriseariseswhena modelof theentire
imageasstationary-blackmustbereconsideredat somelo-
cationsbettermodeledas¯ickering-red.

Our theorydoesnot constrainhow temporalandspatial
surprisescombine.We henceturn to empiricalsingle-unit
recordingsof complex cellsin striatecortex of anesthetized
monkey [23]. This alsoallows us to set the time scaleat
which themodeloperates(de�ned by � in Eq.5). Fromthe
�t shown in Figure2, total surpriseS is:

S =
�
ST +

SS

20

� 1
3

(8)

which resultsfrom a least-squares�t of a function of the
form S = [a1ST + a2SS + a3ST SS ]a4 to theneuraldata.
Interestingly, parametera3 wasnearzero,suggestingthat
spatialandtemporalsurprisecombineadditively ratherthan
multiplicatively in singleneurons.Wefurtherpositthatsur-
prisecombinesmultiplicativelyacrosstimescales,suchthat
anevent is surprisingonly if at all relevanttime scales,al-
lowing the model to learnperiodicstimuli of variousfre-
quencies.We �nally assumethatsurprisesumsacrossfea-
tures,suchthat a location may be surprisingby its color,
motion, or other. The sumis passedthrougha saturating
sigmoidalnonlinearityto enforceplausibleneuronal�ring
dynamics,thenprovidesinput to themastermap.Figure 3
illustratesthemodel's internalswith simplestimuli.

5. Experimental Validation

We comparespatiotemporaldistributionsof surprisein
themodel's mastermapto eye-movementrecordingsfrom
two nä�vehumanobserverswatching20videoclips,includ-
ing eightoutdoorsscenes,four videogames,andeighttele-
vision programsincluding newscast,sports,andcommer-
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Figure 3. Model behavior with simplestimuli presentedfor 15 frames(450 ms). A featuremap is considered(imageinsets)
correspondingto: (a) asmallstationaryisolatedstimulusonblackbackground,and(b) astationaryarrayof smallstimuli. Behaviors
of local andneighborhoodmodelsat thecenterlocationareshown. In eachpanel,thetop graphshows normalizedlocal temporal
surprise(cyan),spatialsurprise(green)andtotalsurprise(red)over time. P (D ) representsthePoissondatadistributionsreceivedat
thecenterlocation(oneblackcurve perframe;all identicalfor thesestationarystimuli). TheGammaprior distributionsP(M (� ))
over local andneighborhoodmodelsareshown, consideringn = 3 cascadedsurprisedetectorsfor clarity althoughour full model
usesn = 5 (fastestin orange,secondin purple,third in blue; moresaturatedcolorscorrespondto later frames;only four Gamma
distributionsfor frames1, 5, 10, and15 areplottedfor clarity, with meansof theothersplottedassmallellipses;initial condition
is a black-imageprior). (a) Local priorsquickly adapttowardsthemeanof thelocally receiveddatasamples,generatingdecaying
local temporalsurprise.Neighborhoodpriorsremainunchangedgiventheblackbackground,generatingincreasingspatialsurprise,
aslocal andneighborhoodpriorsincreasinglydiffer. (b) Thelocal situationis identicalbut neighborhoodpriorsnow quickly adapt
towardsanaveragedatavalue.Hence,spatialandtotal surprisesarelower thanin (a), allowing themodelto predictpop-out.

cials(between164and2,814framesperclip, 17,936frames
or about10 minutesin total). Obviously, bottom-upsen-
sory processingmay only contribute a fraction amongall
competingin¯uenceson attentionalallocation[24, 11, 28].
Nevertheless,modelscomputinglocal imageinformationin
Shannon'ssensepredicthumangaze�xations signi�cantly
more reliably thanchance[27, 26, 25], providing a chal-
lenging baselinefor our model. Gazewas recordedwith
a 240 Hz infrared-video-basedeye-tracker (ISCAN, Inc.
model RK-464) (Figure 4), yielding 2,152saccadicgaze
shifts.To determinewhetherhumanspreferentiallyoriented
towardssurprisingstimuluselements,at onsetof every hu-
mansaccadewe sampled(circularaperture,diameter5:6� )
model-predictedmastermapactivity aroundthe saccade's
future endpoint,and arounda randomendpoint(uniform
probability). Saccadeinitiation latency was assumedac-
countedfor by themastermap's leaky integrators.

We quantify differencesbetweendistributions of mas-
ter mapsamplesfrom humanand randomsaccadesusing
again the K L distance: modelswhich betterpredict hu-
man scanpathsexhibit higher distancesfrom random,as
observers non-uniformly gaze towards a minority of re-
gionswith highestmodelresponses.Threemodelsarecom-
pared,illustrated in Figure 4: Shannonentropy as com-

putedby PriviteraandStark[26], saliency ascomputedby
Itti andKoch[12], andsurpriseaspresentedhere.Surprise
performedsuperiorlyto entropy andsaliency, exhibiting a
strongerhumanbias towardssurprisinglocationsthan to-
wardsentropicor salientregions. Theseresultshave been
con�rmed in a larger studywith moresubjectsandvideo
clips (manuscriptsubmitted).

6. Discussionand Conclusion

We haveproposedamethodfor computinglow-level vi-
sual surprisein unconstrainedvideo stimuli. The model
combinesa notionof local temporalsurprise,inspiredfrom
previous work on novelty detection,to that of spatialsur-
prise, inspiredfrom previous work on saliency computa-
tion. We �nd that a combinationof both factorsyields a
modelthatis superiorto botha ratherstraightforwardmea-
sureof localentropy overimagepatches,andabiologically-
inspiredmeasureof bottom-upsaliency.

Applications of the surprisemodel include the rapid,
knowledge-freepruningor compressionof videostreamsso
asto focuscomputationalresourcesor transmissionband-
width ontoonly a few surprisinglocationsandevents.One
differencebetweenour approachandmany othermachine
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Figure 4. Sampleframesfrom our clips (®rst column),with correspondinghumansaccades(arrows) andpredictionsfrom the
entropy, saliency, andsurprisemodels(secondto fourthcolumns).Entropy mapsexhibitedmany active locations,hencewaspoorly
discriminative (lower K L scorebetweenhumanand random). In contrast,saliency and surprisemapswere sparserand more
speci®c.K L distancesbetweenhistogramsof sampledmodelactivity at theendpointsof 2,152human(thin bluehistograms)and
random(fatgreenhistogramswhichcontrolfor sparseness)saccadeswereall signi®cantlyhigherthanzero,whichwould indicatea
modelnot predictinghumansaccadesbetterthanchance(t-test,p < 10� 10 or better).K L distancesall signi®cantlydifferedfrom
oneanother(t-tests,p < 10� 10 or better),indicatingastrict rankingof entropy < saliency < surprise.

visioneffortsis thatnowherein thisworkdid wetunetheal-
gorithmfor speci�c classesof objectsor backgrounds.That
is,usingasimpleyet fairly generalde�nition of surprisewe
wereableto reliablypredictwherehumanobserverswould
look in complex videostimuli asdiverseasoutdoorsscenes
in parks,crowdedstreets,anopenrooftopbar, videogames
including �rst-person and racing, television commercials,
sports,news,andothers.Yet,notrainingor softwaretuning
wasnecessaryto processthedifferentstimuli.

We believe this is the �rst time a novelty detectional-
gorithm is testedagainsthumanscanpaths(but see,e.g.,
[25] for testing of saliency modelsusing static scenes).
Obviously, our resultsindicatethat humansdid not exclu-
sively orient towardssurprisingstimuli. Indeed,often they

looked at locationswhich hadbeenpresentandstationary
for a while (e.g., a label indicating the nameof a televi-
sionspeaker),whichweresimilar to others(e.g.,oneof the
playersin a football game),or which containedno image
informationbut werepredictedto containsomein the fu-
ture (e.g., the expectedendpointof the ball in a football
game). Nevertheless,our resultsindicatethat surpriseac-
countsfor human�xations highly signi�cantly betterthan
entropy andsaliency. Inspectionof our videoclips andas-
sociatedmodel predictionssuggestsa numberof qualita-
tivedistinctions,in additionto thequantitativedatareported
here.Entropy washighin mostlocationsexcepthighly uni-
form ones;hencethesigni�cantly betterthanchanceperfor-
manceof theentropy modelis to a largeextentduemerely
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to thefact thathumansmostof thetime avoidedemptyre-
gionsin the displays(e.g.,the emptysky, an emptywall).
Saliency often performedsimilarly to surprise,suggesting
thatlong-rangeinhibitory interactionsmayhaveevolvedin
biological cortex to computesomethingequivalent to our
spatialsurprise. Its lack of temporaldynamics,however,
oftenmadesaliency inferior to surprise,in thatsalientstim-
uli would remainso for extendedtime periodswhile they
wouldquickly becomeuninterestingto humans.Oneexam-
pleincludeslife/healthindicatorsin thevideogames,highly
colorful and salientthroughoutthe gamebut only �xated
by humansat onsetof a clip or whensigni�cant changesin
their appearanceover time occurred.

At thefoundationof our modelis a simpletheorywhich
describesa principled approachto computingsurprisein
datastreams. While surprisecertainly is not a new con-
cept,it hadlackedaformalde�nition, broadenoughto cap-
ture the intuitive meaningof the term,yet quantitative and
computablein a principledmanner. The advantageof our
de�nition is its generalitywhich resultsin widespreadap-
plicability not limited to earlyvision. For example,a vehi-
cle'ssuddentrajectorydeviationandlanechangeona free-
way may elicit surprisethat could be computedfrom dis-
tributionsof trajectorymodels.Beyondvision,computable
surprisecouldguidethedevelopmentof futuredatamining
systems,asit canin principlebeappliedto any typeof data,
includingvisual,auditory, or text.

SupportedbyNGA,NSF, andNIH.
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