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Abstract

The conceptof surpriseis centralto sensoryprocessing,adaptation,
learning, and attention. Yet, no widely-acceptednathematicatheory
currentlyexiststo quantitatvely characterizesurpriseelicited by a stim-
ulus or event, for obsenersthat rangefrom single neuronsto comple
naturalor engineeredsystems. We describea formal Bayesiande ni-
tion of surprisethatis the only consistenformulationunderminimal ax-
iomaticassumptionsSurprisequanti eshow dataaffectsanaturalor ar
ti cial obsener, by measuringhedifferencebetweerposteriorandprior
beliefsof the obsener. Using this framevork we measurehe extentto
which humandirecttheir gazetowardssurprisingitemswhile watching
television andvideogames.We nd thatsubjectsarestronglyattracted
towardssurprisinglocationswith 72% of all humangazeshiftsdirected
towardslocationsmoresurprisingthanthe averagea gure whichrises
to 84% when consideringonly gazetargetssimultaneouslyselectedby
all subjects.Theresultingtheoryof surpriseis applicableacrosdiffer-
entspatio-temporascalesmodalities,andlevelsof abstraction.

Life is full of surprises,rangingfrom a greatchristmasgift or a new magic trick, to

wardrobemalfunctions recklessdrivers,terroristattacks andtsunamiwaves. Key to sur

vival is our ability to rapidly attendto, identify, andlearnfrom surprisingevents,to decide
on presentandfuture coursesf action[1]. Yet, little theoreticaland computationaln-
derstandingexists of the very essencef surprise,as evidencedby the absencdrom our
everydayvocahulary of a quantitatve unit of surprise:Qualitiessuchasthe “wow factor”
have remainedvagueandelusive to mathematicaanalysis.

Informal correlatesof surpriseexist at nearlyall stagesof neuralprocessing.In sensory
neuroscienceif hasbeensuggestedhat only the unexpectedat one stageis transmitted
to the next stage[2]. Hence,sensorycortex may have evolved to adaptto, to predict,
andto quiet down the expectedstatisticalregularitiesof the world [3, 4, 5, 6], focusing
insteadon eventsthat are unpredictableor surprising. Electrophysiologicakvidencefor
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], and evenretinal ganglioncells [14, 15 and cochlearhair cells [16]:
neuralrespons@reatlyattenuatesvith repeatear prolongedexposureto aninitially novel
stimulus. Surpriseand novelty arealso centralto learningandmemoryformation[1], to
thepointthatsurprises believedto beanecessaryriggerfor associatie learning[17, 18],



assupportedy mountingevidencefor arole of thehippocampusasanovelty detectof19,
20, 21]. Finally, seekingnovelty is a well-identi ed humancharactetrait, with possible
associatiomwith thedopamineD4 receptomgene[22, 23, 24].

In the Bayesiarframework, we developthe only consistentheoryof surprisejn termsof
the differencebetweenthe posteriorand prior distributionsof beliefsof an obsener over
the available classof modelsor hypothesesboutthe world. We show that this de nition

derivedfrom rst principlespresentkey advantagesver moread-hocformulations,typ-
ically relying on detectingoutlier stimuli. Armed with this new framework, we provide
direct experimentalevidencethat surprisebestcharacterizesvhat attractshumangazein

large amountsof naturalvideo stimuli. We hereextenda recentpilot study[25], adding
morecomprehensie theory large-scaldhumandatacollection,andadditionalanalysis.

1 Theory

Bayesian De nition of Surprise. We proposethat surpriseis a generalconcept,which
canbederivedfrom rst principlesandformalizedacrossspatio-temporascalessensory
modalities,and, more generally datatypesanddatasources.Two elementsare essential
for a principled de nition of surprise. First, surprisecan exist only in the presenceof
uncertainty which canarisefrom intrinsic stochasticity missinginformation, or limited
computingresourcesA world thatis purely deterministicandpredictablen real-timefor
a givenobsener containsno surprises.Secondsurprisecanonly bede ned in arelative,
subjectve, mannerandis relatedto the expectation®f the obserer, beit asinglesynapse,
neuronakircuit, organismor computerdevice. The samedatamay carrydifferentamount
of surprisefor differentobseners,or evenfor the sameobserertakenat differenttimes.

In probability and decisiontheoryit canbe shavn that the only consistentand optimal
way for modelingandreasoningaboutuncertaintyis provided by the Bayesiantheory of
probability[26, 27, 28]. Furthermorein the Bayesiarframenork, probabilitiescorrespond
to subjectve degreesof beliefsin hypothesesr modelswhich areupdated asdatais ac-
quired,usingBayes'theoremasthefundamentatool for transformingprior beliefdistribu-
tionsinto posterioreliefdistributions. Thereforewithin the sameoptimalframework, the
only consistente nition of surprisemustinvolve: (1) probabilisticconceptgo copewith
uncertaintyand(2) prior andposteriordistributionsto capturesubjectie expectations.

Consistentlywith this Bayesianapproachthe backgroundnformationof an obserer is
capturedby his/her/itsprior probability distribution f P (M )gw 2m  over the hypotheses
or modelsM in a modelspaceM . Given this prior distribution of beliefs, the funda-
mentaleffect of a new dataobsenation D on the obserer is to changethe prior distri-
butionf P (M )gm 2m into the posteriordistributionf P(M jD)gv 2m Via Bayestheorem,
whereby
P(DjM)
P(D)
In this framework, the new dataobsenationD carriesno surpriseif it leavesthe obsener
beliefsunafected,that is, if the posterioris identicalto the prior; corversely D is sur
prisingif the posteriordistribution resultingfrom observingD signi cantly differs from
the prior distribution. Thereforewe formally measuresurpriseelicited by dataas some
distancemeasurdetweerthe posteriorandprior distributions. This is bestdoneusingthe
relative entropy or Kullback-Leibler(K L) divergence[29]. Thus, surpriseis de ned by
theaverageof thelog-oddratio: 7

S(D;M) = KL(P(MjD);P(M)) = P(MjD)log
M

8M2M; P(MjD)= P(M): 1)

P(MjD)
P(M)
takenwith respecto the posterioistributionoverthemodelclassM . NotethatK L is not
symmetricbut haswell-known theoreticabdvantagesincludinginvariancewith respecto
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Figurel: Computingsurprisein early sensoryneurons.(a) Prior dataobsenrations,tuning prefer
encesandtop-davn in uencescontributeto shapinga setof “prior beliefs” aneuronmayhave over
a classof internalmodelsor hypothesesboutthe world. ForinstanceM may be a setof Poisson
processeparameterizethy therate , withfP(M)guam = fP( )g , g+ theprior distribution
of beliefsaboutwhich Poissormodelswell describethe world assensedy the neuron. New data
D updateshe prior into the posteriorusing Bayes'theorem. Surprisequanti®esthe differencebe-
tweenthe posteriorand prior distributions over the modelclassM . The remainingpanelsdetail
how surprisediffers from conventionalmodel ®tting and outlierbasednovelty. (b) In standardt-
eratve Bayesiantmodel ®tting, at every iterationN , incomingdataDy is usedto updatethe prior
fP(MjD1;D2;::;;Dn 1)gm2am into theposteriorf P(M jD1;D2;:;;Dn)gm 2m . Freezingthis
learningat a given iteration, one then picks the currently bestmodel, usually using eithera maxi-
mum likelihood criterion, or a maximuma posteriorione (yielding My ap  shawvn). (c) This best
modelis usedfor a numberof tasksat the currentiteration, including outlier-basednovelty detec-
tion. New datais then considerechovel at that instantif it haslow likelihood for the bestmodel
(e.g.,DY is morenovel thanD§ ). This focusonto the singlebestmodel presentobvious limita-
tions,especiallyin situationsvhereothermodelsarenearlyasgood(e.g.,M in panel(b) is entirely
ignoredduring standarchovelty computation).One palliative solutionis to considemixture mod-
els,or simply P (D), but this just amountgo shifting the probleminto a differentmodelclass. (d)
Surprisedirectly addressethis problemby simultaneouslygonsideringall modelsandby measuring
howv datachangeghe obserer's distribution of beliefsfrom fP(MjD1;D2;::;;Dn 1)Om2m tO
fP(MjD1;D2;::;;Dn)guam  overtheentiremodelclassM (orangeshadedarea).

reparameterizationsA unit of surprise— a “wow” — maythenbe de ned for a single
modelM astheamountof surprisecorrespondingo atwo-fold variationbetweerP (M jD)

andP (M), i.e.,aslogP (M jD)=P(M) (with log takenin base?), with the total number
of wows experiencedor all modelsobtainedthroughtheintegrationin eq.?2.

Surprise and outlier detection. Outlier detectionbasednthelikelihoodP (DjM peg) Of
D givena single bestmodelM pegtis at bestan approximationto surpriseand,in some



casesjs misleading. Consider for instance,a casewhereD hasvery small probability
bothfor amodelor hypothesisM andfor a singlealternatie hypothesisvi . AlthoughD
is astrongoutlier, it carriesvery little informationregardingwhetherVl or M is the better
model,andthereforevery little surprise.Thusanoutlier detectionrmethodwould strongly
focusattentionatesourcesntoD, althoughD is afalsepositive,in thesensehatit carries
nousefulinformationfor discriminatingoetweerthetwo alternatve hypotheset andM .
Figurel furtherillustratesthis disconnecbetweeroutlier detectionrandsurprise.

2 Human experiments

To testthe surprisehypothesis— that surpriseattractshumanattentionandgazein natu-
ral scenes— we recordedeye movementsrom eight nave obseners(threefemalesand

ve males,ages23-32, normal or corrected-to-normavision). Eachwatcheda subset
from 50 videoclipstotalingover 25 minutesof playtime(46,489videoframes,640 480,
60.27Hz, meanscreerluminance30 cd/n?, room 4 cd/n?, viewing distance80cm, eld
of view 28  21). Clips comprisedoutdoorsdaytimeandnighttime scenef crowvded
ervironmentsyideo gamesandtelevision broadcasincluding news, sports,andcommer
cials. Right-eye positionwastrackedwith a 240Hz video-basedievice (ISCAN RK-464),
with methodsas previously [30]. Two hundredcalibratedeye movementtraces(10,192
saccadesyereanalyzedcorrespondingo four distinctobsenersfor eachof the 50 clips.
Figure2 shavs samplescanpath$or onevideoclip.

To characterizémageregionsselectedy participantsye proceswideoclipsthroughcom-
putationalmetricsthat outputa topographicdynamicmasterresponsemap, assigningin
real-timea responsevalueto every input location. A good mastermapwould highlight,
morethanexpectedby chancejocationsgazedto by obseners. To scoreeachmetricwe
hencesample at onsetof every humansaccademastemmapactiity aroundthe saccades
future endpointandarounda uniformly randomendpointrandomsamplingwasrepeated
100timesto evaluatevariability). We quantify differenceshetweenhistogramsof master

Figure 2: (a) Sampleeye movement
tracesfrom four obserers (squarede-
note saccadeendpoints). (b) Our data
exhibits high interindividual overlap,
shavn here with the locations where
onehumansaccadendpointwasnearby
(5 ) one(white squares)two (cyan
squares),or all three (black squares)
otherhumans. (c) A metric wherethe
mastermap was createdfrom the three
eye movementtracesotherthanthatbe-
ing testedyields an upperbound K L
score,computedby comparingthe his-
togramsof metric valuesat human(nar
row bluebars)andrandom(wider green
S S bars)saccadeargets. Indeed,this met-
c Human-derived metric  ric'smapwasvery sparsémary random
6,007 KL =0.679 £0.011 saccadekndingon locationswith near
zero response),yet humanspreferen-
tially saccadedowardsthe threeactive
hotspotscorrespondingdo the eye posi-

tions of three other humans(mary hu-
I e mansaccadetandingon locationswith
0 Metricvalue 1  Nearunity responses).

# saccades
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mapsamplegollectedirom humanandrandomsaccadesasingagaintheKullback-Leibler
(K L) distancemetricswhichbetterpredicthumanscanpathsexhibit higherdistance$rom
randomas, typically, obseners non-uniformly gazetowardsa minority of regions with
highestmetric responsesvhile avoiding a majority of regionswith low metricresponses.
This approactpresentseveraladvantagesver simplerscoringscheme$31, 32, includ-
ing agnosticityto putatve mechanismgor generatingsaccadeandthe factthatapplying
ary continuousmonlinearityto mastermapvalueswould not affect scoring.

Experimental results.We testsix computationametrics,encompassingndextendingthe
state-of-the-arfoundin previous studies. The rst threequantify staticimageproperties
(local intensity variancein 16 16 imagepatcheg31]; local orientededgedensityas
measuredvith Gabor lters [33]; andlocal Shannorentropy in 16 16 imagepatches
[34]). Theremainingthree metricsare more sensitve to dynamicevents(local motion
[33]; outlier-basedsalieny [33]; andsurprise]25]).

For all metricswe nd thathumansresigni cantly attractedy imageregionswith higher
metricresponses-owever, the staticmetricstypically respondrigorouslyat numerousyi-
suallocations(Figure3), hencethey arepoorly speci ¢ andyield relatively low K L scores
betweenhumansand random. The metricssensitie to motion, outliers, and surprising
events,in comparisonyield sparsemapsandhigherK L scores.

The surprisemetric of interesthere quanti es low-level surprisein image patchesover

spaceandtime, andat this point doesnot accountfor high-level or cognitive beliefsof our

humanobseners. Rather it assumes family of simple modelsfor imagepatchesgach
processedhrough72 early featuredetectorssensitve to color, orientation,motion, etc.,

andcomputessurprisefrom shiftsin the distribution of beliefsaboutwhich modelsbetter
describethe patcheqsee[25] and[35] for details). We nd thatthe surprisemetric sig-

ni cantly outperformsall othercomputationametrics(p < 10 0 or betteront-testsfor

equalityof K L scores)scoringnearly 20% betterthanthe second-bestnetric (salieng)

and60% betterthanthe beststaticmetric (entropy). Surprisingstimuli oftensubstantially
differ from simple featureoutliers; for example,a continually blinking light on a static
backgrouncelicits sustainedick erdueto its locally outliertemporaldynamicsbut is only

surprisingfor a moment. Similarly, a shaver of randomly-coloredpixels continually ex-

citesall low-level featuredetectordut rapidly becomesinsurprising.

Strongestattractors of human attention. Clearly, in our and previous eye-trackingex-
perimentsjn somesituationspotentially interestingtargetswere more numeroughanin
others.With mary possibletargets,differentobserersmay orienttowardsdifferentloca-
tions,makingit moredif cult for asinglemetricto accuratelypredictall obserers.Hence
we consider(Figure 4) subsetof humansaccadesvhereat leasttwo, three,or all four
obsenerssimultaneoushagreedon a gazetarget. Obsenerscould have agreedbasedon
bottom-upfactors(e.g.,only onelocationhadinterestingvisual appearancat thattime),
top-down factors(e.g.,only one objectwasof currentcognitive interest),or both (e.g.,a
single cognitively interestingobjectwas presentwhich also had distinctive appearance).
Irrespectvely of the causefor agreementit indicatesconsolidatecbelief that a location
wasattractve. While theK L scoresof all metricsimprovedwhenprogressiely focusing
ontoonly thoselocations,dynamicmetricsimproved moresteeply indicatingthat stimuli
which more reliably attractedall obseners carriedmore motion, salieng, and surprise.
Surpriseremainedsigni cantly thebestmetricto characterizéheseagreed-upomttractors
of humangaze(p < 10 1% or betteront-testsfor equalityof K L scores).

Overall, surpriseexplainedthe greatesfractionof humansaccadesndicatingthathumans
aresigni cantly attractedtowardssurprisinglocationsin video displays.Over 72% of all
humansaccadeweretargetedto locationspredictedo bemoresurprisingthanon average.
Whenonly consideringsaccadesvheretwo, three,or four obsenersagreedon acommon
gazetarget,this gure roseto 76%,80%,and84%,respectrely.
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Figure 3: (a) Samplevideo frames,with correspondindiumansaccadeand predictionsfrom the
entropy, surpriseandhuman-dexied metrics. Entropy maps lik e intensityvarianceandorientation
maps, exhibited mary locationswith high responseshencehad low speci®city and were poorly
discriminatize. In contrastmotion,salieng, andsurprisemapsweremuchsparseandmorespeci®c,
with surprisesigni®cantlymore often on target. For threeexampleframes(®rst column),saccades
from one subjectareshavn (arrons) with correspondingaperturesover which mastermap actiity
atthe saccadendpointwassampledcircles).(b) K L scoredfor thesemetricsindicatesigni®cantly
different performancdevels, and a strict ranking of variance< orientation< entropy < motion
< salieny < surprise< human-dexied. K L scoreswere computedby comparingthe numberof
humansaccadelndingontoeachgivenrangeof mastemapvalues(narrav bluebars)to thenumber
of randomsaccadehitting thesamerange(widergreernbars).A scoreof zerowould indicateequality
betweerthehumanandrandomhistogramsi.e., humanglid nottendto hit variousmastemapvalues
ary differentlyfrom expectedby chancepr, themastemapcouldnot predicthumansaccadebetter
thanrandomsaccadesAmongthesix computationametricstestedn total, surpriseperformedbest,
in thatsurprisinglocationswererelatively few yetreliably gazedo by humans.



Figure 4: KL scoreswhen considering
only saccadeswhere at least one (all
10,192 saccades),two (7,948 saccades),
three (5,565 saccades)pr all four (2,951
saccades)humans agreedon a common
gazelocation,for the static(a) anddynamic
metrics (b). Static metrics improved
substantiallywhen progressiely focusing
onto saccadewith strongerinter-obserer
agreement (average slope 0:56 0:37
percentK L score units per 1,000 pruned
saccades). Hence, when humansagreed

0.2 8 - 1
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),

r ﬁ r 1 suggestingstrongerole of dynamicevents
in attracting human attention. Surprising

F 1 F 1 events were signi®cantly the strongest

(t-testsfor equality of K L scoresbetween
surpriseandothermetrics,p < 10 ).
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3 Discussion

While previousresearcthasshovn with eitherstaticscener dynamicsyntheticstimuli
thathumanspreferentially xate regionsof high entropy [34], contras{31], salieng [32],
ick er [36], or motion [37], our dataprovidesdirect experimentalevidencethat humans
xate surprisinglocationseven morereliably. Theseconclusionsvere madepossibleby
developingnew toolsto quantifywhatattractshumangazeover spaceandtime in dynamic
naturalscenesSurpriseexplainedbestwherehumandook whenconsideringall saccades,
and even more so whenrestrictingthe analysisto only thosesaccade$or which human
obsenerstendedto agree. Surprisehencerepresentsan inexpensve, easily computable
approximatiorto humanattentionakllocation.

In the absencef quantitatve tools to measuresurprise mostexperimentalandmodeling
work to datehasadoptedthe approximationthat novel eventsare surprising,and hasfo-
cusedon experimentalscenariosvhich are simple enoughto ensurean overlap between
informal notionsof novelty andsurprise:for example,a stimulusis novel duringtestingif
it hasnotbeenseerduringtraining[9]. Ourde nition opensnew avenuedor moresophis-
ticatedexperimentswheresurpriseelicited by differentstimuli canbe preciselycompared
andcalibratedyielding predictionsat the single-unitaswell asbehaioral levels.

Thede nition of surprise— asthe distancebetweenthe posteriorandprior distributions
of beliefsover models— is entirelygeneralandreadily applicableto the analysisof audi-
tory, olfactory gustatoryor somatosensorglata. While herewe have focusedon behaior
ratherthandetailedbiophysicaimplementationit is worth notingthatdetectingsurprisan
neuralspike trainsdoesnotrequiresemantiaunderstandingf the datacarriedby the spike
trains,andthuscould provide guiding signalsduring self-omganizatioranddevelopmenbf
sensoryareas. At higherprocessindevels,top-dovn cuesandtaskdemandsreknown to
combinewith stimulusnovelty in capturingattentionandtriggeringlearning[1, 38|, ideas
which may now be formalizedandquanti ed in termsof priors, posteriorsandsurprise.
Surprise,indeed,inherentlydependwon uncertaintyand on prior beliefs. Hencesurprise
theorycanfurther be testedand utilized in experimentswherethe prior is biased for ex-



ample by top-down instructionsor prior exposuresto stimuli [38]. In addition, simple
surprise-baselehaioral measuresuchasthe eye-trackingoneusedheremay prove use-
ful for early diagnosticof humanconditionsincluding autismandattention-de cithyper
active disorderaswell asfor quantitatve comparisorbetweerhumansandanimalswhich
may have lower or differentpriors, including monkeys, frogs, and ies. Beyond sensory
biology, computablesurprisecould guide the developmentof datamining and compres-
sionsystemggiving morebits to surprisingregionsof interest)to nd surprisingagentsn
crowds, surprisingsentence# booksor speechessurprisingsequences genomessur
prisingmedicalsymptomssurprisingodorsin airportluggageracks,surprisingdocuments
ontheworld-wide-web or to designsurprisingadwertisements.
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