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Abstract

We are often uncertainabout the identity of objects.
This phenomenonappearsin theoriesof objectpersis-
tencein early childhood; in the well-known Morning
Star/EveningStarexample; in trackinganddataasso-
ciationsystemsfor radar;in securitysystemsbasedon
personalidenti�cation; andin many aspectsof our ev-
erydaylives. The paperpresentsa formal probabilis-
tic approachto reasoningabout identity underuncer-
tainty in theframework of �rst-order logicsof probabil-
ity, with applicationto wide-areafreeway traf�c moni-
toring.

1 Intr oduction

Objectidenti�cation—thetaskof decidingthattwo ob-
served objectsare in fact oneandthe sameobject—is
a fundamentalrequirementfor any situatedagentthat
reasonsaboutindividuals. The aim of this paperis to
explore uncertainreasoningaboutobjectidentity, with
the ultimateaim of understandinghow internal repre-
sentationsof individual objectsshouldbe createdand
manipulatedwithin a completeintelligentagent.

Theexistenceof individualsis centralto our conceptu-
alizationof the world. While object recognition deals
with assigningobjectsto categories,suchas1988Toy-
otaCelicasor adulthumans,objectidenti�cation deals
with recognizingspeci�c individuals,suchasone's car
or one's spouse.Onecanhave speci�c relationsto in-
dividuals,suchasownershipor marriage.Hence,it is
oftenimportantto befairly certainabouttheidentity of
theparticularobjectsoneencounters.

Formallyspeaking,identity is expressedby theequality
operatorof �rst-order logic. Having detectedanobject

�

in a parkinglot, onemight be interestedin whether
���������	��


. Becausemistaken identity is always a
possibility, this becomesa questionof the probability
of identity: ��
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all availableevidence� .

For many years,philosophershave ponderedthis ques-
tion (or rather, moregeneralversionsthereof).The fa-
mousexampleof the EveningStar andMorning Star,
long thoughtto be distinct but in fact the sameobject
(Venus),shows that one can be mistaken about iden-
tity andthat it is really a matterof inferencefrom ac-
cumulatedevidence.Thedoctrineof the Indiscernibil-
ity of Identicalsstates,uncontroversially, that if
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� for any predication
�

. The Identity of
Indiscerniblesstatestheconverse,therebypointingout
that identity, andhencethechoiceof whatoneconsid-
ersto beindividuals,is stronglyrelatedto thechoiceof
predicationsonewishesto make.

Therehasbeenlittle analyticalwork on objectidentity
in AI or, it seems,in probability and statistics. The
oneareawherethe issuehasbeenaddressedis that of
tracking and data association,as we discussin Sec-
tion 5. This papersketchesa moregeneralframework,
in which the dataassociationmodelcanbe accommo-
datedand extended. It draws extensively on the pre-
vious work of the authorand his colleaguesand stu-
dents[6, 10, 12, 13,9].

Webegin in Section2 with whatis perhapsthesimplest
possiblescenarioinvolving identityuncertainty, andwe
applystraightforwardmathematicaltechniquesto solve
it. Section3 developesa formal language,combin-
ing probabilityand�rst-order logic, thatallows identity
questionsto beposedin generalsettingswith many ob-
jects,properties,andrelations.Section4 showshow in-
ferencefor this formal languagemaybeachievedusing
Markov chainMonteCarlo(MCMC) algorithms,where
theMarkov chainis de�ned on a statespaceconsisting
of therelationalmodelsof the�rst-order language.Sec-
tion 5 shows how MCMC may be usedfor reasoning
aboutvehicle identitiesin the context of a large-scale
traf�c surveillancesystem.
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2 Balls and Urns

Paperson the foundationsof probability are fond of
drawing ballsfrom urns.Here,we considerthefollow-
ing scenario.Theexperimenteris givenanurncontain-
inganunknowncollectionof balls,and

�

areperformed.
In each,a ball is removed from the urn, its colour is
examined,and it is returnedto the urn, which is then
shakenvigorously. Thestandardquestionin the litera-
tureis, “What is theprobabilitythatthenext ball drawn
is red?” Instead,we will ask,“How many balls arein
theurn?”

Intuitively, it is clearthatreasoningaboutidentity is re-
quired in order to answerthis question. Considerthe
casewheretheexperimentercandeterminethatthe�rst
� ve balls drawn areidentical—thatis, thesameball is
drawn � ve times.Thenit seemsreasonableto infer that
theurn probablycontainsjust oneball.

A formal probabilitymodelfor this problemis de�ned
on thefollowing randomvariables:

��� is thenumberof balls,with prior ��
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� .

� C
�������	�
�	��� �
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arethetruecoloursof the � balls
in theurn,eachwith anidenticalprior ��
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�

�
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��� are the true identities of the
balls drawn; the value of each is an integer in

���

�	�
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��� . By assumption,thesevariablesarein-
dependentanduniformly distributed.

� Y
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� are the observed coloursof the
�

ballsdrawn, eachdistributedaccordingto aniden-
tical sensormodel ��
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Thejoint distribution is then
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Noticehow the identity of theballsentersinto this ex-
pression,by selectingthe true coloursof the observed
ballsandhencecorrelatingtheobservedcolours.

Thequestion,“How many ballsarethere?”is answered
by theposteriordistribution ��
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Y
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y � , givenby
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(2)
(In this expression,the sum over c may be replaced
by an integral if the colour distribution is continuous.)
When

�;:

� , this expressioncanbesimpli�ed some-
what,but in generalthesummationoverall �

�

identity

assignmentsmustbecalculated.Thisis characteristicof
all theidentityuncertaintyproblemswe havestudied.

Onequestionof particularinterestis whetherthenum-
berof ballscanbeidenti�ed exactlyin thelimit of many
experiments,i.e., as

�=<?>

. Theanswerto this ques-
tion dependsonthenatureof thecolourdistributionand
sensormodel.If therecanbeindistinguishablebut non-
identicalballs—forexample,if thecolourdistributionis
discreteandthesensormodelis exact—thenit is impos-
sible for any setof observationsto distinguishamong
thesituationswith � , @

� , A

� ,
�	�
�

balls. In that case,
theposteriorwill tendto a collectionof deltafunctions
placedat valuesof � equalto multiplesof the lowest
commonmultiple of the denominatorsof the reduced-
form fractionsof eachcolour. For example,if the ob-
servedfractionsof threecoloursin thelimit are1/3,1/3,
and1/3, thentherecould be 3, 6, 9,

�
�	�

balls. On the
otherhand,if thecolour distribution is continuous,in-
distinguishableballsoccurwith probabilityzeroandthe
posteriorconvergesto thetruenumberas

�B<C>

.

3 A formal theory

Theprecedingsectiongaveanexampleanddevelopeda
speci�c formulafor thatexample.In thissection,wede-
scribea generalrepresentationlanguagethat combines
probability theory with a restrictedfragmentof �rst-
orderlogic, suf�cient to representmany casesof iden-
tity uncertainty. Giventhis language,asinglealgorithm
canbeusedto answerquestionsaboutall suchcases.

The basic principles of �rst-order probabilistic logic
(FOPL) weregiven by [5]. Eachmodelstructureof a
FOPLknowledgebaseshouldbeviewedasa probabil-
ity measureover the possibleworlds (logical models)
de�ned by the constant,function, and predicatesym-
bolsof theknowledgebase.Entailmentbetweenprob-
abilistic assertionsis then de�ned identically to ordi-
narylogical entailment,i.e.,via truth in all modelstuc-
tures.Givenacompleteknowledgebase—onethat�x es
auniquemodelstructure—theprobabilityof asentence
is de�ned to bethesumof probabilitiesassignedto all
thepossibleworldsin which thatsentenceis true.

We extend the relationalprobability modelsof [8] as
follows:

� A set D of classesdenotingsetsof objects,related
by subclass/superclassrelations.Eachclasshasan
associatedprior distributionover thecardinalityof
theclass.

� A set E of namedinstancesdenotingobjects,each
aninstanceof oneclass.
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� A set
�

of simple attributes denoting func-
tions. Eachsimpleattribute � hasa domaintype

�������

�
	�� D anda rangethat is a �nite, enumer-
atedsetof values


���

�

��	 .

� A set � of complex attributesdenotingrelations.
Each complex attribute � has a domain type

�������

��	�� D and a rangetype �

�������

�

��	�� D .
We allow for referenceuncertainty, i.e., thevalues
of eachcomplex attributemaybeunknown.

� With each complex attribute � , we associate
a simple reference attribute


����

�

��	 , such that
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�

��	�	 is a �nite, enumeratedsetof named
instances. (Whereno confusionarises,we may
dropthe


����

�! 

	 andusetheattributenameitself.)

� A special relational attribute “=”, standing for
identity in thestandardlogical sense.

� A set of conditional probability models
��
"�

�

�

�

�

�
	 � for the simple attributes. A
parent chain for a simple attribute is a
nonempty chain of (appropriately typed) at-
tributes #

�

�

�
�

 $ $ 

�

�&%

�

�(' , where �)' is a simple
attribute. �

�

�

�
	 is thesetof � 's parents, namely
the set of all instancevariablesreachedby any
parent chain for all possible combinationsof
values of all the uncertain complex attributes,
as well as all the referencevariablesfor those
attributes.

� Dependenciesare expressedas beforeby a con-
ditional distribution ��
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parentsof
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�

��	 are thoseattributesor attribute
chainsthat in�uence the choiceof an instanceas
thevalueof attribute � .

Most applicationsof FOPLassumethatthereis no ref-
erenceuncertainty, and that every instanceis distinct
(unique namesassumption,henceno identity uncer-
tainty). Thus,a possibleworld is de�ned by thevalues
of the instancevariables—the simpleattributesfor all
namedinstances—andthe knowledgebasespeci�es a
completedistributionoverall possibleworlds.With ref-
erenceuncertainty, possibleworldsalsovaryaccording
to the relationsthat hold amongobjects,which deter-
minein turntheprobabilisticin�uencesamonginstance
variables.With identity uncertainty, wealsomustspec-
ify which instancesin therepresentationmapto which
objectsin the possibleworld, and how many objects
theworld contains—thus,thepossibleworld is a com-
pletestructureandinterpretationasin �rst-order predi-
catecalculuswith equality. This meansthat theproba-
bility of any givensentenceis givenby summingover
all possibleidentity relationsand numbersof objects,

all possiblerelationalstructuresamongobjects,andall
possiblevaluesfor theinstancevariables.

To representthe balls-and-urnexample,we needtwo
classes,�
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and +

�-,.� 
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. A prior is speci�edfor
thecardinalityof the �

���*�

class.Thereis onecomplex
attribute,
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sensormodel)onthe
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of thecorresponding�
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For eachobservation, a new +

�$,;� 
�/ �<021

�

�

instanceis
addedto the KB with its colour set to the measured
value,andwith a new �

���*�

instanceattached.A query
canbe issuedto the inferencealgorithmaskingfor the
posteriorcardinalityof the �

���*�

class.

4 MCMC on logical models

Exactinferencefor full FOPLlanguagesis undecidable;
for decidablefragmentswith referenceuncertainty, the
complexity is very high. Initial experimentssuggest,
however, thatapproximateinferenceusingMCMC is a
promisingapproach[9].

MCMC [4] generatessamplesfrom aposteriordistribu-
tion = 
?> � over possibleworlds > by de�ning a Markov
chainwhosestatesaretheworlds > andwhosestation-
ary distribution is = 
?> � . In the Metropolis–Hastings
method(henceforthM-H), transitionsin the Markov
chainareconstructedin two steps:

� Giventhecurrentstate> , a candidatenext stateis
generatedfrom the proposaldistribution @�
?>A'

�

> � ,
whichmaybe(moreor less)arbitrary.

� The transition to >B' is not automatic,but occurs
with anacceptanceprobability de�ned by
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It is not necessarythat all the variablesof state > be
updatedsimultaneously, in a singletransitionfunction.
Single-componentM-H alterseachvariablein turn. It
is alsopossibleto factor @ into separatetransitionfunc-
tionsfor varioussubsetsof variables.Providedthat @ is
de�ned in suchawaythatthechainis ergodic,this tran-
sition mechanismde�nes a Markov chain whosesta-
tionarydistribution is = 
?> � .

The Gibbs sampling algorithm for Bayesian net-
works [11] is a specialcaseof Metropolis–Hastingsin
which the proposaldistribution samplesa single vari-
able D

�

using the distribution ��
*D

� �

mb 
?D

�

� � , where
mb 
?D

�

� denotesthe currentvaluesof the variablesin
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theMarkov blanket of D
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(its parents�
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D
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	 , children
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, andchildren's otherparents). In this case,the ac-
ceptanceprobability is always1. Onecanshow easily
that

��
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(3)
Gibbs samplingis very simple and also local: transi-
tionsaregeneratedreferringonly to partsof themodel
directly connectedto the variablein question. Hence,
thecostper transitionis typically independentof model
size. M-H samplingis alsotypically local becauseall
thepartsof themodelthatarenot changedby thetran-
sition cancelin the ratio = 
?>B' �

�

= 
?> � . In particular, if
the proposalconcernsa single variable D

�

, this ratio
reducesto ��
?>B'

�

�

mb 
*D

�

� �

�

��
*>

� �

mb 
*D

�

� � , where >B'

�

is
theproposedvalueof D

�

and >

�

is its currentvalue.The
M-H algorithm,unlike Gibbs,hastheaddedadvantage
thatthetransitionmayoftenbecomputedwithoutrefer-
ring to theothervaluesof D

�

at all, aswe will see.

MCMC canbe appliedto FOPL inferenceby de�nng
the statespaceto be the setof possibleworlds, asde-
scribedabove. For the balls-and-urnexample,transi-
tionsmaymodify thetruecoloursof theballs,theiden-
tities of thesampledballs,or thenumberof balls. For
caseswherethetrueposteriorconvergesto asingledelta
function as

�4< >

, MCMC mixeswell and the apr-
poximationis very accurate.(It shouldbe possibleto
give goodconvergenceboundsfor this case.)For cases
with ambiguousposteriors,MCMC mixing with a sim-
ple “random walk” proposalon � will not converge
veryquickly because,for large

�

, thechainwill become
trappedin oneof thepeaksin tehposteriordistribution.
At presentit is not known if the approximationprob-
lem is intractableor whethera betterproposalcanbe
designed.

5 Traf�c surveillance

We have developed one large-scaleapplication of
MCMC for identity uncertainty—atraf�c surveillance
systemthat usesmultiple camerasto assesthe stateof
a largefreeway network [10]. Thesensorsusedin this
project are video camerasplacedon polesbesidethe
freeway(Figure1). Observationsmadeatmultiplecam-
erasmust be combinedto track vehiclesthrough the
freeway network. Object identi�cation is requiredfor
two purposes:�rst, to measurelink traveltime—theac-
tual time takenfor vehiclesto travel betweentwo �x ed
pointson the freeway network; andsecond,to provide
origin/destination(O/D) counts—thetotal numberof
vehiclestraveling betweenany two points on the net-

�������	��

���

Images from two surveillance cameras
roughlytwo milesapartonHighway99 in Sacramento,
California.Thetopimageis from theupstreamcamera,
andthebottomimageis from thedownstreamcamera.
Are thetwo boxedvehiclesthesame?

work in agiventime interval.

Combiningmultiple observationsinto tracksis a task
addressedby thedataassociation�eld—see[2, 1]. The
intractabilityof exactdataassociationinference[3] has
led to many approximatemethods. In our approach,
MCMC is usedto samplefrom possibletrackhistories
for all vehicles.MCMC transitionssimply switch two
tracksat somepoint in their histories. For two cam-
eras,this givesa polynomial-timeapproximation[7]—
the �rst approximationresultfor dataassociation.Our
experimentsshow that MCMC convergesquickly—in
100samplesor so—aseachnew vehicleis added,even
in statespaceswith thousandsof vehicles.

Figure2 shows a simulatedfreeway network. Theaim
is to estimatetheorigin-destinationcountsbetweenthe
two entrypointsandthethreeexit points.This requires
trackingeachobjectacrossthe entirenetwork. In this
task,we comparetwo algorithms: Huang–Russell[6]
and MCMC. The Huang–Russellalgorithm gives a
good approximationto pairwiseidentity probabilities,
andthenconcatenatestheseidentitiesto trackvehicles
over several cameras.BecauseMCMC doesjoint es-
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timation over the whole network, we expect it to per-
form muchbetterthanHuang–Russellasthe measure-
mentnoiseincreases.The resultsin Figure2 bearthis
out. Thesecondgraphin the�gure alsoshowsthatboth
methodsareunableto �nd exactmatchesaccuratelyfor
high levels of noise. The ability of the MCMC algo-
rithm to recoverreasonablecountsdespitethefailureof
individual matchessuggeststhat its samplescontaina
reasonableamountof informationaboutthe ensemble
behaviour of thevehicles.

6 Conclusions

This paperhasintroducedthegeneralproblemof iden-
tity uncertaintyas a subjectof study for AI and soft
computing generally. MCMC was proposedas a
promisingtechniquethatcanbeappliedto performap-
proximateinferenceon general�rst-order probabilis-
tic logics, by samplingfrom possibleworlds. Many
openproblemsremain. Perhapsthe most importantis
thatof �nding naturalwaysto specifydistributionsover
possibleidentity relations—i.e.,how many things are
there?How frequentlydo new thingsappear?Resolv-
ing this issueandcombiningthesolutionwith existing
methods—suchasBayesnetsandrelationalprobability
models—shouldopenupmany new applications.
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