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Abstract

The conceptof surpriseis central to sensoryprocessing,adaptation,
learning,and attention. Yet, no widely-acceptedmathematicaltheory
currentlyexiststo quantitatively characterizesurpriseelicitedby a stim-
ulus or event, for observersthat rangefrom singleneuronsto complex
naturalor engineeredsystems.We describea formal Bayesiande�ni-
tion of surprisethatis theonly consistentformulationunderminimalax-
iomaticassumptions.Surprisequanti�eshow dataaffectsanaturalor ar-
ti�cial observer, by measuringthedifferencebetweenposteriorandprior
beliefsof theobserver. Using this framework we measuretheextent to
whichhumansdirecttheir gazetowardssurprisingitemswhile watching
television andvideogames.We �nd thatsubjectsarestronglyattracted
towardssurprisinglocations,with 72%of all humangazeshiftsdirected
towardslocationsmoresurprisingthantheaverage,a �gure which rises
to 84% whenconsideringonly gazetargetssimultaneouslyselectedby
all subjects.Theresultingtheoryof surpriseis applicableacrossdiffer-
entspatio-temporalscales,modalities,andlevelsof abstraction.

Life is full of surprises,ranging from a great christmasgift or a new magic trick, to
wardrobemalfunctions,recklessdrivers,terroristattacks,andtsunamiwaves. Key to sur-
vival is our ability to rapidlyattendto, identify, andlearnfrom surprisingevents,to decide
on presentandfuture coursesof action[1]. Yet, little theoreticalandcomputationalun-
derstandingexists of the very essenceof surprise,asevidencedby the absencefrom our
everydayvocabulary of a quantitativeunit of surprise:Qualitiessuchasthe“wow factor”
have remainedvagueandelusive to mathematicalanalysis.

Informal correlatesof surpriseexist at nearlyall stagesof neuralprocessing.In sensory
neuroscience,it hasbeensuggestedthat only the unexpectedat onestageis transmitted
to the next stage[2]. Hence,sensorycortex may have evolved to adaptto, to predict,
and to quiet down the expectedstatisticalregularitiesof the world [3, 4, 5, 6], focusing
insteadon eventsthat areunpredictableor surprising. Electrophysiologicalevidencefor
this early sensoryemphasisonto surprisingstimuli exists from studiesof adaptationin
visual [7, 8, 4, 9], olfactory [10, 11], and auditory cortices[12], subcorticalstructures
like the LGN [13], andeven retinal ganglioncells [14, 15] andcochlearhair cells [16]:
neuralresponsegreatlyattenuateswith repeatedor prolongedexposureto aninitially novel
stimulus. Surpriseandnovelty arealsocentralto learningandmemoryformation[1], to
thepoint thatsurpriseis believedto beanecessarytriggerfor associative learning[17, 18],



assupportedby mountingevidencefor aroleof thehippocampusasanovelty detector[19,
20, 21]. Finally, seekingnovelty is a well-identi�ed humancharactertrait, with possible
associationwith thedopamineD4 receptorgene[22, 23, 24].

In theBayesianframework, we developtheonly consistenttheoryof surprise,in termsof
thedifferencebetweentheposteriorandprior distributionsof beliefsof an observer over
theavailableclassof modelsor hypothesesabouttheworld. We show that this de�nition
derivedfrom �rst principlespresentskey advantagesover moread-hocformulations,typ-
ically relying on detectingoutlier stimuli. Armed with this new framework, we provide
direct experimentalevidencethat surprisebestcharacterizeswhatattractshumangazein
large amountsof naturalvideo stimuli. We hereextenda recentpilot study[25], adding
morecomprehensivetheory, large-scalehumandatacollection,andadditionalanalysis.

1 Theory

BayesianDe�nition of Surprise. We proposethat surpriseis a generalconcept,which
canbederivedfrom �rst principlesandformalizedacrossspatio-temporalscales,sensory
modalities,and,moregenerally, datatypesanddatasources.Two elementsareessential
for a principled de�nition of surprise. First, surprisecan exist only in the presenceof
uncertainty, which canarisefrom intrinsic stochasticity, missinginformation,or limited
computingresources.A world that is purelydeterministicandpredictablein real-timefor
a givenobserver containsno surprises.Second,surprisecanonly bede�ned in a relative,
subjective,mannerandis relatedto theexpectationsof theobserver, beit asinglesynapse,
neuronalcircuit, organism,or computerdevice. Thesamedatamaycarrydifferentamount
of surprisefor differentobservers,or evenfor thesameobserver takenat differenttimes.

In probability anddecisiontheory it can be shown that the only consistentandoptimal
way for modelingandreasoningaboutuncertaintyis providedby theBayesiantheoryof
probability[26, 27, 28]. Furthermore,in theBayesianframework,probabilitiescorrespond
to subjective degreesof beliefsin hypothesesor modelswhich areupdated,asdatais ac-
quired,usingBayes'theoremasthefundamentaltool for transformingprior beliefdistribu-
tionsinto posteriorbeliefdistributions.Therefore,within thesameoptimalframework, the
only consistentde�nition of surprisemustinvolve: (1) probabilisticconceptsto copewith
uncertainty;and(2) prior andposteriordistributionsto capturesubjectiveexpectations.

Consistentlywith this Bayesianapproach,the backgroundinformationof an observer is
capturedby his/her/itsprior probability distribution f P(M )gM 2M over the hypotheses
or modelsM in a model spaceM . Given this prior distribution of beliefs, the funda-
mentaleffect of a new dataobservation D on the observer is to changethe prior distri-
bution f P(M )gM 2M into theposteriordistribution f P(M jD)gM 2M via Bayestheorem,
whereby

8M 2 M ; P(M jD) =
P(D jM )

P(D)
P(M ): (1)

In this framework, thenew dataobservationD carriesno surpriseif it leavestheobserver
beliefsunaffected,that is, if the posterioris identical to the prior; conversely, D is sur-
prising if the posteriordistribution resultingfrom observingD signi�cantly differs from
the prior distribution. Thereforewe formally measuresurpriseelicited by dataassome
distancemeasurebetweentheposteriorandprior distributions.This is bestdoneusingthe
relative entropy or Kullback-Leibler(K L) divergence[29]. Thus,surpriseis de�ned by
theaverageof thelog-oddratio:

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

M
P(M jD) log

P(M jD)
P(M )

dM (2)

takenwith respectto theposteriordistributionoverthemodelclassM . NotethatK L is not
symmetricbut haswell-known theoreticaladvantages,includinginvariancewith respectto



Figure1: Computingsurprisein earlysensoryneurons.(a) Prior dataobservations,tuningprefer-
ences,andtop-down in�uencescontributeto shapingasetof “prior beliefs” a neuronmayhave over
a classof internalmodelsor hypothesesabouttheworld. For instance,M maybea setof Poisson
processesparameterizedby therate� , with f P (M )gM 2M = f P (� )g� 2 IR + � theprior distribution
of beliefsaboutwhich Poissonmodelswell describethe world assensedby theneuron.New data
D updatestheprior into theposteriorusingBayes' theorem.Surprisequanti®esthe differencebe-
tweenthe posteriorandprior distributions over the model classM . The remainingpanelsdetail
how surprisediffers from conventionalmodel®tting andoutlier-basednovelty. (b) In standardit-
erative Bayesianmodel®tting, at every iterationN , incomingdataDN is usedto updatethe prior
f P (M jD 1 ; D 2 ; :::; D N � 1)gM 2M into theposteriorf P (M jD 1 ; D 2 ; :::; D N )gM 2M . Freezingthis
learningat a given iteration,onethenpicks the currentlybestmodel,usuallyusingeithera maxi-
mum likelihoodcriterion, or a maximuma posteriorione(yielding M M AP shown). (c) This best
model is usedfor a numberof tasksat the currentiteration, including outlier-basednovelty detec-
tion. New datais thenconsiderednovel at that instantif it haslow likelihood for the bestmodel
(e.g.,D b

N is morenovel thanD a
N ). This focusonto thesinglebestmodelpresentsobvious limita-

tions,especiallyin situationswhereothermodelsarenearlyasgood(e.g.,M � in panel(b) is entirely
ignoredduringstandardnovelty computation).Onepalliative solutionis to considermixturemod-
els,or simply P (D ), but this just amountsto shifting theprobleminto a differentmodelclass.(d)
Surprisedirectlyaddressesthis problemby simultaneouslyconsideringall modelsandby measuring
how datachangesthe observer's distribution of beliefs from f P (M jD 1 ; D 2 ; :::; D N � 1)gM 2M to
f P (M jD 1 ; D 2 ; :::; D N )gM 2M over theentiremodelclassM (orangeshadedarea).

reparameterizations.A unit of surprise— a “wow” — may thenbe de�ned for a single
modelM astheamountof surprisecorrespondingto atwo-foldvariationbetweenP(M jD)
andP(M ), i.e., aslogP(M jD)=P(M ) (with log taken in base2), with the total number
of wowsexperiencedfor all modelsobtainedthroughtheintegrationin eq.2.

Surprise and outlier detection.Outlierdetectionbasedon thelikelihoodP(D jM best) of
D given a singlebestmodelM best is at bestan approximationto surpriseand, in some



cases,is misleading. Consider, for instance,a casewhereD hasvery small probability
bothfor a modelor hypothesisM andfor a singlealternativehypothesisM . AlthoughD
is astrongoutlier, it carriesvery little informationregardingwhetherM or M is thebetter
model,andthereforevery little surprise.Thusanoutlier detectionmethodwould strongly
focusattentionalresourcesontoD , althoughD is afalsepositive,in thesensethatit carries
nousefulinformationfor discriminatingbetweenthetwo alternativehypothesesM andM .
Figure1 furtherillustratesthis disconnectbetweenoutlier detectionandsurprise.

2 Human experiments

To testthesurprisehypothesis— thatsurpriseattractshumanattentionandgazein natu-
ral scenes— we recordedeye movementsfrom eight nä�ve observers(threefemalesand
� ve males,ages23-32, normal or corrected-to-normalvision). Eachwatcheda subset
from 50videoclipstotalingover25minutesof playtime(46,489videoframes,640� 480,
60.27Hz, meanscreenluminance30 cd/m2, room4 cd/m2, viewing distance80cm,�eld
of view 28� � 21� ). Clips comprisedoutdoorsdaytimeandnighttimescenesof crowded
environments,videogames,andtelevisionbroadcastincludingnews,sports,andcommer-
cials.Right-eyepositionwastrackedwith a240Hz video-baseddevice(ISCAN RK-464),
with methodsaspreviously [30]. Two hundredcalibratedeye movementtraces(10,192
saccades)wereanalyzed,correspondingto four distinctobserversfor eachof the50 clips.
Figure2 showssamplescanpathsfor onevideoclip.

To characterizeimageregionsselectedby participants,weprocessvideoclipsthroughcom-
putationalmetricsthat outputa topographicdynamicmasterresponsemap,assigningin
real-timea responsevalueto every input location. A goodmastermapwould highlight,
morethanexpectedby chance,locationsgazedto by observers. To scoreeachmetricwe
hencesample,at onsetof every humansaccade,mastermapactivity aroundthesaccade's
futureendpoint,andarounda uniformly randomendpoint(randomsamplingwasrepeated
100timesto evaluatevariability). We quantifydifferencesbetweenhistogramsof master

Figure 2: (a) Sampleeye movement
tracesfrom four observers (squaresde-
note saccadeendpoints). (b) Our data
exhibits high inter-individual overlap,
shown here with the locations where
onehumansaccadeendpointwasnearby
(� 5� ) one (white squares),two (cyan
squares),or all three (black squares)
other humans. (c) A metric wherethe
mastermapwascreatedfrom the three
eye movementtracesotherthanthatbe-
ing testedyields an upper-bound K L
score,computedby comparingthe his-
togramsof metricvaluesat human(nar-
row bluebars)andrandom(wider green
bars)saccadetargets. Indeed,this met-
ric'smapwasverysparse(many random
saccadeslandingon locationswith near-
zero response),yet humanspreferen-
tially saccadedtowardsthe threeactive
hotspotscorrespondingto the eye posi-
tions of threeother humans(many hu-
mansaccadeslandingon locationswith
near-unity responses).



mapsamplescollectedfrom humanandrandomsaccadesusingagaintheKullback-Leibler
(K L) distance:metricswhichbetterpredicthumanscanpathsexhibit higherdistancesfrom
randomas, typically, observers non-uniformly gazetowardsa minority of regions with
highestmetric responseswhile avoiding a majority of regionswith low metric responses.
This approachpresentsseveraladvantagesover simplerscoringschemes[31, 32], includ-
ing agnosticityto putative mechanismsfor generatingsaccadesandthe fact thatapplying
any continuousnonlinearityto mastermapvalueswould notaffectscoring.

Experimental results.Wetestsix computationalmetrics,encompassingandextendingthe
state-of-the-artfound in previousstudies.The �rst threequantify staticimageproperties
(local intensity variancein 16 � 16 imagepatches[31]; local orientededgedensityas
measuredwith Gabor�lters [33]; and local Shannonentropy in 16 � 16 imagepatches
[34]). The remainingthreemetricsare more sensitive to dynamicevents(local motion
[33]; outlier-basedsaliency [33]; andsurprise[25]).

For all metrics,we�nd thathumansaresigni�cantly attractedby imageregionswith higher
metricresponses.However, thestaticmetricstypically respondvigorouslyatnumerousvi-
suallocations(Figure3), hencethey arepoorlyspeci�c andyield relatively low K L scores
betweenhumansand random. The metricssensitive to motion, outliers, and surprising
events,in comparison,yield sparsermapsandhigherK L scores.

The surprisemetric of interestherequanti�es low-level surprisein imagepatchesover
spaceandtime,andat this pointdoesnotaccountfor high-level or cognitivebeliefsof our
humanobservers. Rather, it assumesa family of simplemodelsfor imagepatches,each
processedthrough72 early featuredetectorssensitive to color, orientation,motion, etc.,
andcomputessurprisefrom shifts in thedistribution of beliefsaboutwhich modelsbetter
describethe patches(see[25] and[35] for details). We �nd that the surprisemetric sig-
ni�cantly outperformsall othercomputationalmetrics(p < 10� 100 or betteron t-testsfor
equalityof K L scores),scoringnearly20% betterthanthesecond-bestmetric (saliency)
and60%betterthanthebeststaticmetric(entropy). Surprisingstimuli oftensubstantially
differ from simple featureoutliers; for example,a continuallyblinking light on a static
backgroundelicits sustained�ick erdueto its locally outlier temporaldynamicsbut is only
surprisingfor a moment.Similarly, a shower of randomly-coloredpixelscontinuallyex-
citesall low-level featuredetectorsbut rapidlybecomesunsurprising.

Strongestattractors of human attention. Clearly, in our andpreviouseye-trackingex-
periments,in somesituationspotentially interestingtargetsweremorenumerousthanin
others.With many possibletargets,differentobserversmayorient towardsdifferentloca-
tions,makingit moredif�cult for asinglemetricto accuratelypredictall observers.Hence
we consider(Figure4) subsetsof humansaccadeswhereat leasttwo, three,or all four
observerssimultaneouslyagreedon a gazetarget. Observerscouldhave agreedbasedon
bottom-upfactors(e.g.,only onelocationhadinterestingvisual appearanceat that time),
top-down factors(e.g.,only oneobjectwasof currentcognitive interest),or both (e.g.,a
singlecognitively interestingobjectwaspresentwhich alsohaddistinctive appearance).
Irrespectively of the causefor agreement,it indicatesconsolidatedbelief that a location
wasattractive. While theK L scoresof all metricsimprovedwhenprogressively focusing
ontoonly thoselocations,dynamicmetricsimprovedmoresteeply, indicatingthatstimuli
which more reliably attractedall observerscarriedmore motion, saliency, andsurprise.
Surpriseremainedsigni�cantly thebestmetricto characterizetheseagreed-uponattractors
of humangaze(p < 10� 100 or betteron t-testsfor equalityof K L scores).

Overall,surpriseexplainedthegreatestfractionof humansaccades,indicatingthathumans
aresigni�cantly attractedtowardssurprisinglocationsin videodisplays.Over 72%of all
humansaccadesweretargetedto locationspredictedto bemoresurprisingthanonaverage.
Whenonly consideringsaccadeswheretwo, three,or four observersagreedon a common
gazetarget,this �gure roseto 76%,80%,and84%,respectively.



Figure3: (a) Samplevideo frames,with correspondinghumansaccadesandpredictionsfrom the
entropy, surprise,andhuman-derivedmetrics.Entropy maps,like intensityvarianceandorientation
maps,exhibited many locationswith high responses,hencehad low speci®cityand were poorly
discriminative. In contrast,motion,saliency, andsurprisemapsweremuchsparserandmorespeci®c,
with surprisesigni®cantlymoreoftenon target. For threeexampleframes(®rst column),saccades
from onesubjectareshown (arrows) with correspondingaperturesover which mastermapactivity
at thesaccadeendpointwassampled(circles).(b) K L scoresfor thesemetricsindicatesigni®cantly
different performancelevels, and a strict ranking of variance< orientation< entropy < motion
< saliency < surprise< human-derived. K L scoreswerecomputedby comparingthe numberof
humansaccadeslandingontoeachgivenrangeof mastermapvalues(narrow bluebars)to thenumber
of randomsaccadeshitting thesamerange(widergreenbars).A scoreof zerowouldindicateequality
betweenthehumanandrandomhistograms,i.e.,humansdid nottendto hit variousmastermapvalues
any differentlyfrom expectedby chance,or, themastermapcouldnotpredicthumansaccadesbetter
thanrandomsaccades.Amongthesix computationalmetricstestedin total,surpriseperformedbest,
in thatsurprisinglocationswererelatively few yet reliablygazedto by humans.



Figure 4: K L scoreswhen considering
only saccadeswhere at least one (all
10,192 saccades),two (7,948 saccades),
three (5,565 saccades),or all four (2,951
saccades)humans agreed on a common
gazelocation,for thestatic(a) anddynamic
metrics (b). Static metrics improved
substantiallywhen progressively focusing
onto saccadeswith strongerinter-observer
agreement (average slope 0:56 � 0:37
percentK L scoreunits per 1,000 pruned
saccades). Hence, when humansagreed
on a location, they also tended to be
more reliably predicted by the metrics.
Furthermore, dynamic metrics improved
4:5 timesmoresteeply(slope2:44 � 0:37),
suggestingastrongerroleof dynamicevents
in attracting human attention. Surprising
events were signi®cantly the strongest
(t-testsfor equalityof K L scoresbetween
surpriseandothermetrics,p < 10� 100 ).

3 Discussion

While previousresearchhasshown with eitherstaticscenesor dynamicsyntheticstimuli
thathumanspreferentially�xate regionsof high entropy [34], contrast[31], saliency [32],
�ick er [36], or motion [37], our dataprovidesdirect experimentalevidencethat humans
�xate surprisinglocationseven morereliably. Theseconclusionsweremadepossibleby
developingnew toolsto quantifywhatattractshumangazeoverspaceandtime in dynamic
naturalscenes.Surpriseexplainedbestwherehumanslook whenconsideringall saccades,
andeven moreso whenrestrictingthe analysisto only thosesaccadesfor which human
observerstendedto agree. Surprisehencerepresentsan inexpensive, easilycomputable
approximationto humanattentionalallocation.

In theabsenceof quantitative tools to measuresurprise,mostexperimentalandmodeling
work to datehasadoptedthe approximationthat novel eventsaresurprising,andhasfo-
cusedon experimentalscenarioswhich aresimpleenoughto ensurean overlapbetween
informalnotionsof novelty andsurprise:for example,a stimulusis novel duringtestingif
it hasnotbeenseenduringtraining[9]. Ourde�nition opensnew avenuesfor moresophis-
ticatedexperiments,wheresurpriseelicitedby differentstimuli canbepreciselycompared
andcalibrated,yieldingpredictionsat thesingle-unitaswell asbehavioral levels.

Thede�nition of surprise— asthedistancebetweentheposteriorandprior distributions
of beliefsovermodels— is entirelygeneralandreadilyapplicableto theanalysisof audi-
tory, olfactory, gustatory, or somatosensorydata.While herewe have focusedonbehavior
ratherthandetailedbiophysicalimplementation,it is worthnotingthatdetectingsurprisein
neuralspike trainsdoesnot requiresemanticunderstandingof thedatacarriedby thespike
trains,andthuscouldprovideguidingsignalsduringself-organizationanddevelopmentof
sensoryareas.At higherprocessinglevels,top-down cuesandtaskdemandsareknown to
combinewith stimulusnovelty in capturingattentionandtriggeringlearning[1, 38], ideas
which may now be formalizedandquanti�ed in termsof priors,posteriors,andsurprise.
Surprise,indeed,inherentlydependson uncertaintyandon prior beliefs. Hencesurprise
theorycanfurtherbe testedandutilized in experimentswheretheprior is biased,for ex-



ampleby top-down instructionsor prior exposuresto stimuli [38]. In addition, simple
surprise-basedbehavioral measuressuchastheeye-trackingoneusedheremayproveuse-
ful for earlydiagnosticof humanconditionsincludingautismandattention-de�cithyper-
activedisorder, aswell asfor quantitativecomparisonbetweenhumansandanimalswhich
may have lower or differentpriors, including monkeys, frogs,and�ies. Beyond sensory
biology, computablesurprisecould guidethe developmentof datamining andcompres-
sionsystems(giving morebits to surprisingregionsof interest),to �nd surprisingagentsin
crowds,surprisingsentencesin booksor speeches,surprisingsequencesin genomes,sur-
prisingmedicalsymptoms,surprisingodorsin airportluggageracks,surprisingdocuments
on theworld-wide-web,or to designsurprisingadvertisements.
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