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Abstract

We are often uncertainabout the identity of objects.
This phenomenorappearsn theoriesof objectpersis-
tencein early childhood;in the well-known Morning
Star/Ewening Star example; in tracking and dataasso-
ciation systemdor radar;in securitysystemshasedon
personaldenti cation; andin mary aspectf our ev-
erydaylives. The paperpresentsa formal probabilis-
tic approachto reasoningaboutidentity underuncer
taintyin theframework of rst-order logicsof probabil-
ity, with applicationto wide-areafreeway traf c moni-
toring.

1 Intr oduction

Objectidenti cation—thetaskof decidingthattwo ob-
sened objectsarein fact one andthe sameobject—is
a fundamentakrequirementfor ary situatedagentthat
reasonsboutindividuals. The aim of this paperis to
explore uncertainreasoningaboutobjectidentity, with
the ultimate aim of understandindnow internal repre-
sentationof individual objectsshouldbe createdand
manipulatedvithin acompleteintelligentagent.

The existenceof individualsis centralto our conceptu-
alizationof the world. While objectrecanition deals
with assigningobjectsto cateyories,suchas1988Toy-

ota Celicasor adulthumanspbjectidenti cation deals
with recognizingspeci c individuals,suchasone’s car

or one's spouse.One canhave speci c relationsto in-

dividuals, suchasownershipor marriage. Hence,it is

oftenimportantto befairly certainabouttheidentity of

the particularobjectsoneencounters.

Formally speakingidentity is expressedy theequality

operatorof rst-order logic. Having detectedan object

in a parkinglot, onemight be interestedn whether

Becausemistalen identity is always a

possibility, this becomesa questionof the probability
of identity. all availableevidence.

For mary years,philosopherdave ponderedhis ques-
tion (or rather moregeneralversionsthereof). The fa-
mousexampleof the Evening Star and Morning Star

long thoughtto be distinct but in factthe sameobject
(Venus),shaws that one can be mistalen aboutiden-
tity andthatit is really a matterof inferencefrom ac-
cumulatedevidence. The doctrineof the Indiscernibil-
ity of Identicalsstates,uncontraversially, that if ,

for ary predication . The Identity of

Indiscerniblesstatesthe converse therebypointing out
thatidentity, andhencethe choiceof whatoneconsid-
ersto beindividuals,is stronglyrelatedto thechoiceof

predication®newishesto make.

Therehasbeenlittle analyticalwork on objectidentity

in Al or, it seems,in probability and statistics. The

oneareawherethe issuehasbeenaddresseds that of

tracking and data association,as we discussin Sec-
tion 5. This papersketchesa more generalframework,

in which the dataassociatiormodel canbe accommo-
datedand extended. It draws extensiely on the pre-

vious work of the authorand his colleaguesand stu-

dents[6, 10, 12, 13,9].

We beggin in Section2 with whatis perhapghesimplest
possiblescenaridnvolving identity uncertaintyandwe
apply straightforvard mathematicatechniquedo solve
it. Section3 developesa formal language,combin-
ing probabilityand rst-order logic, thatallows identity
questiongo be posedn generakettingswith mary ob-
jects,propertiesandrelations.Sectiond shavs how in-
ferencefor this formal languagamaybe achiezedusing
Markov chainMonte Carlo(MCMC) algorithmswhere
the Markov chainis de ned on a statespaceconsisting
of therelationalmodelsof the rst-order languageSec-
tion 5 shavs how MCMC may be usedfor reasoning
aboutvehicleidentitiesin the context of a large-scale
traf c surweillancesystem.



2 Ballsand Urns

Paperson the foundationsof probability are fond of
drawing ballsfrom urns. Here,we considerthefollow-
ing scenario.The experimentelis givenanurn contain-
ing anunknavn collectionof balls,and areperformed.
In each,a ball is removed from the urn, its colour is
examined,andit is returnedto the urn, which is then
shalenvigorously The standardquestionin the litera-
tureis, “Whatis theprobabilitythatthe next ball drawvn
is red?” Instead,we will ask,“How mary balls arein
theurn?”

Intuitively, it is clearthatreasoningaboutidentity is re-
quiredin orderto answerthis question. Considerthe
casewheretheexperimentecandeterminghatthe rst

ve balls drawn areidentical—thats, the sameball is
dravn vetimes.Thenit seemgeasonabl¢o infer that
theurn probablycontaingust oneball.

A formal probability modelfor this problemis de ned
onthefollowing randomvariables:

is the numberof balls, with prior

C arethetruecoloursofthe balls
in theurn, eachwith anidenticalprior

are the true identities of the

balls dravn; the value of eachis an integer in

. By assumptionthesevariablesarein-
dependenanduniformly distributed.

Y are the obsened coloursof the
ballsdrawn, eachdistributedaccordingio aniden-
tical sensomodel

Thejoint distributionis then

cC Y
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Notice how the identity of the balls entersinto this ex-
pression by selectingthe true coloursof the obsened
ballsandhencecorrelatingthe obseredcolours.

Thequestion,'How mary ballsarethere?”is answered
by the posteriordistribution Y vy ,givenby

Cc
2)
(In this expression,the sum over ¢ may be replaced
by anintegral if the colour distribution is continuous.)
When , this expressioncanbe simpli ed some-
what,but in generathesummatioroverall identity

assignmentmustbecalculated Thisis characteristiof
all theidentity uncertaintyproblemswe have studied.

Onequestionof particularinterestis whetherthe num-
berof ballscanbeidenti ed exactlyin thelimit of mary

experimentsj.e., as . Theanswetrto this ques-
tion depend®nthenatureof thecolourdistributionand
sensomodel.If therecanbeindistinguishabléut non-
identicalballs—forexample,if thecolourdistributionis

discreteandthesensomodelis exact—therit isimpos-
sible for arny setof obsenationsto distinguishamong
thesituationswith , , balls. In thatcase,
the posteriorwill tendto a collectionof deltafunctions
placedat valuesof  equalto multiplesof the lowest
commonmultiple of the denominatorof the reduced-
form fractionsof eachcolour. For example,if the ob-

senedfractionsof threecoloursin thelimit are1/3,1/3,

and 1/3, thentherecould be 3, 6, 9, balls. Onthe
otherhand,if the colour distribution is continuous,n-

distinguishabléallsoccurwith probabilityzeroandthe
posteriorconvergesto thetruenumberas

3 A formal theory

Theprecedingsectiongave anexampleanddevelopeda
speci c formulafor thatexample.In thissectionwe de-
scribea generalrepresentatiotanguagethat combines
probability theory with a restrictedfragmentof rst-

orderlogic, sufcient to represenmary casesf iden-
tity uncertainty Giventhislanguageasinglealgorithm
canbeusedto answerquestionsaboutall suchcases.

The basic principles of rst-order probabilistic logic
(FOPL)weregivenby [5]. Eachmodelstructureof a
FOPLknowledgebaseshouldbe viewed asa probabil-
ity measureover the possibleworlds (logical models)
de ned by the constant,function, and predicatesym-
bols of the knowledgebase.Entailmentbetweerprob-
abilistic assertionds then de ned identically to ordi-
narylogical entailmentj.e., via truth in all modelstuc-
tures.Givenacompleteknowledgebase—on¢hat x es
auniquemodelstructure—therobabilityof a sentence
is de ned to bethe sumof probabilitiesassignedo all
thepossibleworldsin which thatsentencés true.

We extend the relational probability modelsof [8] as
follows:

A set of classeglenotingsetsof objects related
by subclass/superclasslations.Eachclasshasan
associategbrior distribution overthe cardinalityof

theclass.

A set of namednstanceglenotingobjects,each
aninstanceof oneclass.



A set of simple attributes denoting func-
tions. Eachsimpleattribute  hasa domaintype

andarangethatis a nite, enumer
atedsetof values

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

and a rangetype .
We allow for refelenceuncertaintyi.e., thevalues
of eachcomplex attribute maybe unknawn.

With each complex attribute , we associate
a simple refelence attribute , such that
is a nite, enumeratesgetof named
instances. (Where no confusionarises,we may
dropthe andusetheattribute nameitself.)

A special relational attribute “=", standing for
identity in the standardogical 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 isasimple
attribute. is the setof 's parents namely
the set of all instancevariablesreachedby ary
parent chain for all possible combinations of
values of all the uncertain comple attributes,
as well as all the referencevariablesfor those

attributes.

Dependenciesre expressedas before by a con-
ditional distribution . The
parentsof arethoseattributesor attribute
chainsthatin uence the choiceof aninstanceas
thevalueof attribute

Most applicationsof FOPL assumehatthereis no ref-
erenceuncertainty and that every instanceis distinct
(unigue namesassumption,henceno identity uncer
tainty). Thus,a possibleworld is de ned by thevalues
of the instancevariables—the simple attributesfor all
namedinstances—anthe knowledgebasespeci es a
completedistribution overall possiblevorlds. With ref-
erenceuncertainty possibleworlds alsovary according
to the relationsthat hold amongobjects,which deter
minein turntheprobabilisticin uencesamonginstance
variables . With identity uncertaintywe alsomustspec-
ify which instancesn the representatiomapto which
objectsin the possibleworld, and how mary objects
theworld contains—thusthe possibleworld is a com-
pletestructureandinterpretatiorasin rst-order predi-
catecalculuswith equality This meanghatthe proba-
bility of arny givensentencas givenby summingover
all possibleidentity relationsand numbersof objects,

all possiblerelationalstructuresamongobjects,andall
possiblevaluesfor theinstancevariables.

To representhe balls-and-urnexample, we needtwo
classes, and . A prioris speci edfor
the cardinalityof the class.Thereis onecomplex
attribute, -, which mapsan

to the thatgeneratedt. Each of
avehiclereportsa , which dependgthroughthe
sensomodel)onthe of thecorresponding

For eachobsenation, a new instanceis
addedto the KB with its colour setto the measured
value,andwith a new instanceattached A query
canbeissuedto the inferencealgorithmaskingfor the
posteriorcardinalityof the class.

4 MCMC on logical models

Exactinferencefor full FOPLIanguagess undecidable;
for decidablefragmentswith referenceuncertaintythe
compleity is very high. Initial experimentssuggest,
however, thatapproximatdénferenceusingMCMC is a
promisingapproacHh9].

MCMC [4] generatesampledrom aposteriordistribu-

tion over possibleworlds by de ning a Markov

chainwhosestatesaretheworlds andwhosestation-

ary distribution is In the Metropolis—Hastings
method (henceforthM-H), transitionsin the Markov

chainareconstructedn two steps:

Giventhe currentstate , a candidatenext stateis
generatedrom the proposaldistribution ,
whichmaybe (moreor less)arbitrary

The transitionto  is not automatic,but occurs
with anacceptancgrobability de ned by

It is not necessarnthat all the variablesof state be
updatedsimultaneouslyin a singletransitionfunction.
Single-componentl-H alterseachvariablein turn. It
is alsopossibleto factor into separatéransitionfunc-
tionsfor varioussubset®f variables Providedthat is
de nedin suchawaythatthe chainis ergodic,thistran-
sition mechanismde nes a Markov chain whosesta-
tionarydistributionis

The Gibbs sampling algorithm for Bayesian net-
works[11] is a specialcaseof Metropolis—Hasting$n
which the proposaldistribution samplesa single vari-
able  usingthe distribution mb , Where
mb denoteghe currentvaluesof the variablesin



the Markov blanketof  (its parents , children

, and children's otherparents).In this case,the ac-
ceptanceprobability is always 1. Onecanshaw easily
that

mb

3)
Gibbs samplingis very simpleandalsolocal: transi-
tionsaregeneratedeferringonly to partsof the model
directly connectedo the variablein question. Hence,
the costper transitionis typically independentf model
size M-H samplingis alsotypically local becauseall
the partsof the modelthatarenot changecby thetran-
sition cancelin the ratio . In particular if
the proposalconcernsa single variable , this ratio
reducedo mb mb , Where is
theproposedialueof and isits currentvalue.The
M-H algorithm,unlike Gibbs,hasthe addedadwantage
thatthetransitionmayoftenbecomputedvithoutrefer
ring to theothervaluesof  atall, 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 thetrue coloursof the balls,theiden-

tities of the sampledballs, or the numberof balls. For

casewvherethetrueposteriorcorvergesto asingledelta
function as , MCMC mixeswell andthe apr

poximationis very accurate. (It shouldbe possibleto

give goodcornvergenceboundsfor this case.)For cases
with ambiguougposteriorsMCMC mixing with a sim-

ple “randomwalk” proposalon  will not corverge
very quickly becausefor large , thechainwill become
trappedn oneof the peaksn tehposteriordistribution.

At presentit is not known if the approximationprob-

lem is intractableor whethera betterproposalcan be

designed.

5 Traf ¢ surveillance

We have developed one large-scale application of
MCMC for identity uncertainty—atrafc surwillance
systemthat usesmultiple camerado asseghe stateof
alarge freewvay network [10]. The sensorsisedin this
project are video cameraglacedon polesbesidethe
freeway (Figurel). Obsenationsmadeatmultiple cam-
erasmust be combinedto track vehiclesthroughthe
freaway network. Objectidenti cation is requiredfor
two purposes:rst, to measurdink traveltime—theac-
tual time takenfor vehiclesto travel betweentwo x ed
pointson the freewvay network; andsecond}o provide
origin/destination(O/D) counts—thetotal number of
vehiclestraveling betweenary two points on the net-

Images from two surwillance cameras
roughlytwo milesaparton Highway 99in Sacramento,
California. Thetopimageis from theupstreantamera,
andthe bottomimageis from the downstreamcamera.
Are thetwo boxedvehiclesthe same?

work in agiventime interval.

Combiningmultiple obsenationsinto tracksis a task
addressetly thedataassociationeld—see|2, 1]. The

intractability of exactdataassociationnference3] has
led to mary approximatemethods. In our approach,
MCMC is usedto samplefrom possibletrack histories
for all vehicles. MCMC transitionssimply switch two

tracksat somepoint in their histories. For two cam-
erasthis givesa polynomial-timeapproximation7]—

the rst approximatiorresultfor dataassociation.Our

experimentsshav that MCMC corvergesquickly—in

100 samplesor so—aseachnew vehicleis addedeven

in statespacesvith thousand®f vehicles.

Figure2 shawvs a simulatedfreewvay network. Theaim
is to estimatethe origin-destinatiorcountsbetweerthe
two entrypointsandthethreeexit points. This requires
trackingeachobjectacrossthe entire network. In this
task, we comparetwo algorithms: Huang—Russel[6]
and MCMC. The Huang—Russelllgorithm gives a
good approximationto pairwiseidentity probabilities,
andthenconcatenatetheseidentitiesto track vehicles
over several cameras.BecauseMCMC doesjoint es-
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timation over the whole network, we expectit to per
form muchbetterthan Huang—Russelksthe measure-
mentnoiseincreasesThe resultsin Figure 2 bearthis
out. Thesecondgraphin the gure alsoshavsthatboth
methodsareunableto nd exactmatchesaccuratelyfor
high levels of noise. The ability of the MCMC algo-
rithm to recoverreasonableountsdespitethefailure of
individual matchessuggestghat its samplescontaina
reasonablemountof information aboutthe ensemble
behaiour of thevehicles.

6 Conclusions

This paperhasintroducedthe generalproblemof iden-
tity uncertaintyas a subjectof study for Al and soft
computing generally MCMC was proposedas a
promisingtechniquethatcanbe appliedto performap-
proximateinferenceon general rst-order probabilis-
tic logics, by samplingfrom possibleworlds. Many
openproblemsremain. Perhapghe mostimportantis
thatof nding naturalwaysto specifydistributionsover
possibleidentity relations—i.e.,how mary things are
there?How frequentlydo new thingsappear?Resolv-
ing this issueandcombiningthe solutionwith existing
methods—suchsBayesnetsandrelationalprobability
models—shoul@penup mary new applications.
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