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Abstract

In thispaper, weaddresstheproblemof building asystemof autonomoustour
guidesfor acomplex environment,suchasamuseumwith many visitors.Visitors
mayhave varyingpreferencesfor typesof art or maywish to visit differentareas
acrossmultiplevisits. Often,thesegoalscon�ict. For example,many visitorsmay
wish to seethe museum's most popularwork, but that could causecongestion,
ruining the experience.Thus,our taskis to build a setof agentsthat cansatisfy
their visitors' goalswhile simultaneouslyproviding qualityexperiencesfor all.

We usetargetedtrajectorydistribution MDPs(TTD-MDPs),a technologyde-
velopedto guideplayersin aninteractive entertainmentsetting.Thesolutionto a
TTD-MDP is a probabilisticpolicy that resultsin a speci�c distribution of trajec-
toriesthrougha statespace.We motivateTTD-MDPsfor themuseumtour prob-
lem, thendescribethe developmentof a numberof modelsof museumvisitors.
Additionally, we proposea museummodelandsimulatetoursusingpersonalized
TTD-MDP tour guidesfor eachkind of visitor. We explain how theuseof prob-
abilistic policiesreducesthecongestionexperiencedby visitorswhile preserving
theirability to pursueandrealizegoals.
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1 Intr oduction

In this paper, we discussthecreationof a systemof interactive tour guidesthatgently
guidevisitors througha setof engagingexperiencesin complex socialenvironments.
Speci�cally, we considertour guidesfor visitorsto a museum.Museumsareaninter-
estingtestbedbecauseof their size,complexity of layout,thenumberof simultaneous
visitors,andthe variety of goalsthesevisitors may pursue.Oneof the world's most
famousmuseums,theLouvrein Paris,containstensof thousandsof art worksin hun-
dredsof roomsand is visited by over seven million peopleannually. Visitors may
have preferencesfor differenttypesof art or art from differenttime periods.Addition-
ally, therearevery famouspiecesof art suchasLeonardodaVinci's “Mona Lisa” and
Alexandrosof Antioch's “VenusdeMilo” thatmany visitorswill wantto see.Thereis
not enoughtime to seeeverythingin the museum's collectionduringany given visit,
somany guestsmayberepeatvisitorstrying to seethingsthey have notseenbefore.

Thus,in building a systemof agentsto actastour guidesin sucha setting,we are
forcedto balancemany competingdesires.We wantto take groups(or singleindivid-
uals)on toursthat enablethemto seeasmuchart aspossiblewithout overwhelming
them.We wantthegroupsto seethespeci�c piecesof art thatthey areinterestedin as
well asfocuson thetypeof art thatthey prefer, but limit congestion.Finally, we want
to allow visitorsto ignorethetourguide'sdirections,while still ensuringthatthey reap
thebene�t of thetourguide's insight.

Weconsiderascenariowhereeachgroupof museumvisitorsis givenasmallhand-
held device, suchasa PDA, that will interactively guide themthroughthe museum
by suggestingactionsthat they might take. With this small device, we have limited
processingpower, limited memory, and limited communication;therefore,we must
considermethodsto reducethecomputationaldemandsimposedon thetourguide.

We have optedto usetargetedtrajectorydistribution Markov decisionprocesses
(TTD-MDPs) [19]. TTD-MDPs area classof Markov decisionprocessesoriginally
developedfor coordinatingagentsengagedin interactive entertainment[10]. A solu-
tion to a TTD-MDP is a probabilisticpolicy that inducesa speci�c distribution over
trajectories.By usinga probabilisticpolicy, we canprecomputeanexpectedgoalset
for differenttypesof visitorsandguidethemon toursaccordingly. This allows us to
avoid fully modelingevery visitor's history of visits andpreferences.We useTTD-
MDPs becausethey provide a methodto target a distribution over desirablemuseum
toursthatenablesthetrade-off betweenautonomyandexploitationmentionedabove.

In thenext section,we formally introduceTTD-MDPs. We thenshow how TTD-
MDPs can be adaptedfrom their original formulation for usein the tour guide ap-
plication. Next, we describeour applicationdomainin somedetail, motivating the
assumptionswe make aboutstaterepresentationandvisitor modeling. We thende-
scribeour experimentalsetupandresults.We demonstratethatTTD-MDPsprovide a
viablesolutionfor building a systemof multiple autonomoustour guides.Finally, we
concludewith adiscussionof relatedwork andfuturedirections.
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2 TTD-MDPs

An MDP is a tuple< S; A ; P; R > , whereS is a setof states,A is a setof actions,
P : fS � A � Sg ! [0; 1] is atransitionfunction,andR : S ! R is arewardfunction.
The solutionto an MDP is a policy � : S ! A . An optimal policy ensuresthat the
agentreceivesthemaximumlong-termexpectedreward.

A TTD-MDP is alsoatuple< T ; A ; P; P(T ) > , with statesT thatare�nite-length
trajectoriesof MDP states,possiblyincluding the history of actionsaswell; a setof
actionsA ; a transitionmodelP; anda target distribution over completetrajectories
P(T ). Thesolutionto aTTD-MDP is apolicy � : T ! P(A) providing adistribution
overactionsin everystate.Theoptimalpolicy resultsin long-termbehavior ascloseto
thetargetdistributionaspossible.

Any �nite-length discrete-timeMDP canbe convertedto a TTD-MDP. Consider
an MDP with a set of statesS and setsof actionsavailable in eachstateA s. The
probabilityPi +1 (s) thattheprocessis in states at time i + 1 is de�ned recursively by:

Pi +1 (s) =
X

8s02S ;a2A s 0

(P(sja; s0) � P(ajs0) � Pi (s0)) (1)

whereP(sja; s0) is thetransitionmodelencodingthedynamicsof theworldandP(ajs0)
is thepolicy undertheagent's control.Duringanactualepisode,Pi (s0) = 1.

Becausewe are interestedin trajectoriesin TTD-MDPs, we can simply roll the
history of the MDP statesinto the TTD-MDP trajectories,resultingin a TTD-MDP
whereeachtrajectoryrepresentsasequenceof statesin theunderlyingMDP, optionally
includingahistoryof theactionstaken.

Dealingwith trajectoriesmeansthat the “state” spaceof the TTD-MDP forms a
tree.NotethatwecanrestateEquation1:

P(t) =
X

8a2A t 0

(P(tja; t0) � P(ajt0)) � P(t0) (2)

In otherwords,for everypartialor full trajectoryt, thetransitionprobabilityP(tja; t0)
is nonzerofor exactly onet0 @ t that is its pre�x. Thus, the summationmustonly
accountfor possibleactionsthatcanbetakenin thepre�x trajectoryratherthanactions
in multiple MDP states.Further, eachtrajectoryhasa �x ed lengthandcantherefore
appearatonly onespeci�c time.

Whenit is possibleto build a policy exactly matchingthe target distribution, Al-
gorithm 1—anonline variantof the algorithmfrom [19]—will computethe optimal
policy for every partialor completetrajectory. Unfortunatelythis is not alwayspossi-
ble. Theremaybeno vector ~P(ajt) thatexactly satis�esthe linearsystemin Step7.
Also, even whenthereis an exact solution, the elementsof ~P(ajt) may not be real-
izableasprobabilities. In thatcase,becausetheconstraintforcestheelementsof the
vectorto sumto 1.0,at leastoneactiona will haveP(ajt) < 0:0 andat leastoneother
actiona0 will have P(a0jt) > 1:0. Intuitively, achieving thedesireddistributionwould
requirethatactiona be“undone”somepercentageof thetime. This is impossible,so
in practice,we follow [19], zeroingoutany negative valuesandre-normalizing.
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In the following sectionswe describethe useof TTD-MDPs to guidesimulated
visitors througha modeledmuseumenvironment. TheTTD-MDPsaresolvedonline
with Algorithm 1. At eachstepof the simulation,actions(modeledas suggestions
to the visitors) aredrawn probabilisticallyfrom ~P(ajt i ) andpresentedto the visitors
for consideration.Visitors follow thesesuggestionsaccordingto their own speci�c
preferences.The TTD-basedguidesare designedto provide visitors with a quality
experiencewhile minimizing congestionandallowing visitors the freedomto ignore
suggestions.

Algorithm 1 OnlineAlgorithm for solvingTTD-MDPs
Require: A TTD-MDP tuple< T ; A ; P; P(T ) >
Ensure: The trajectoryt resultingfrom this episodeis drawn from the distribution

P(T ).
1: i  0
2: Let t i bethepartialtrajectoryconsistingof only thestartstate.
3: while t i is notacompletetrajectorydo
4: for Everychild trajectoryt i :c of trajectoryt i do
5: ConditionEquation2 on t i :

P(t i :cjt i ) =
X

8a2A t i

(P(t i :cja; t i ) � P(ajt i ))

6: end for
7: This formsasystemof jTt i : c j linearequationsin jA t i j unknowns:

~P(t i :cjt i ) = ~P(t i :cja; t i ) � ~P(ajt i )

which canbesolvedfor ~P(ajt i ) usingstandardlinearalgebra.This canoption-
ally bememoizedfor futureepisodes.

8: Draw anactiona from ~P(ajt i ) andapplyit. Let ca betheoutcomeof applying
theaction.

9: t i +1  t i :ca

10: i  i + 1
11: endwhile

3 DesigningTour Guides

In building a systemof autonomousmuseumtour guides,we mustconsiderseveral
factors.In this sectionwe discusshow to modelmuseums,visitors,andtours.We aim
to includeenoughinformationaboutthe museumto enablea tour guideto compute
tourstailoredto the individual preferencesof eachvisitor while maintainingenough
simplicity so as to make the computationfeasible. In particular, our approachmust
allow for fastactionselectionusingonly limited computationandcommunication.
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Figure1: Wemodelamuseumasagrid world with walls thatpreventsometransitions.
S is thestartroomof all trajectories(tours)throughthemuseum,while G (gift shop)
is theendroom.Thearrow from Sto G showsoneof thecentroidsfrom ourGaussian
mixturemodelandrepresentsa prototypetour, discussedin Section3.2. Thelettersa,
b, c, d, e, andf aregoalsthata museumvisitor mayhave – they representparticularly
famousor interestingworksof art.

3.1 Modeling a Museum

As is shown in Figure 1, we model a museumas a 4x5 grid with walls preventing
certaintransitionsandwheresomeof the roomscontainobjectsof particularinterest
(like famousworksof art). A trajectorythroughthis grid world modelsa tour through
a museum.Therefore,we considertrajectoriesto besequencesof rooms—inthis case
(x; y) coordinatesin thegrid. In Figure1, S is thestartroomof all trajectoriesthrough
themuseum,whileG (thegift shop)is theendroom.Wealsomodelthevisitor capacity
of roomsin themuseum.Whenabove capacity, a roombecomescongested.Thus,a
tour is representedby asequenceof (x; y; c) coordinatesthatindicatetheroomsvisited
andwhetherthey werecongestedduring the visit. For example,one tour might be
f (0; 0; f alse); (0; 1; tr ue); (1; 1; f alse); : : :g.

We assumethatthroughvisitor input,RFID localization,or someothermeans,the
agentcan detectthe currentroom. Further, we assumethe agentcan communicate
with otherguidesor the museumitself to determinewhethersurroundingroomsare
congested.

We representthe congestedstateof a room's neighborsasa con�guration, C =
f nc; ec; sc; wcg. Wecouldconsidercon�gurationsto beapartof thestatespace;how-
ever, therearetwo problemswith thisapproach.First,it is unclearwhy onewouldwant
to constructa tour thatdependeddirectly uponhow crowdedneighboringroomsare.
Second,suchaschemewould requiresolvinga linearsystemof 27 equationsin Step7
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of thealgorithm.Alternatively, we cantreatcon�gurationsasobservationsandcondi-
tion on themin thesolutionto theTTD-MDP. This allows usto dealwith a systemof
atmostfour equations.1 In thiscase,Equation2 becomes:

P(t) =
X

8a2A t 0

(P(tja; t0; Ct 0) � P(ajt0; Ct 0)) � P(t0) (3)

Thereforethe systemof linear equationsto be solved in Step7 of the algorithmbe-
comes:

~P(t i :cjt i ; Ct i ) = ~P(t i :cja; t i ; Ct i ) � ~P(ajt i ; Ct i ) (4)

3.2 Tour Probabilities

WhenusingtraditionalMDPs,thedesignerachievesadesiredbehavior by selectingan
appropriaterewardsignal.With TTD-MDPs,thedesignerachievesa desiredbehavior
by properlyselectinga targetprobabilitydistributionover trajectories.

In themuseumdomain,we1) de�ne adistancemetricbetweentoursand2) collect
a setof prototypical“good” tours. Combiningthedistancemetricwith our prototype
toursinducesa targetprobabilitydistributionoverall possibletours.

We have chosento baseour distancemetric on Levenshteindistanceor edit dis-
tance. Edit distancemeasuresthe minimum numberof insertions,deletions,or sub-
stitutionsneededto transformonetrajectoryinto another[11, 12]. The edit distance
is a generalizationof theHammingdistance[6] that is de�ned over stringsof unequal
length. It canbecomputedusinganef�cient O(nm) dynamicprogrammingmethod
wheren is thelengthof onetrajectoryandm is thelengthof theother.

We areconcernedwith two kinds of differencesbetweentrajectories:“room dis-
tance”and“congestiondistance.” We de�ne dR (t; t0) to be theedit distancebetween
trajectoriest andt0 de�ned over thesequenceof rooms(representedastheir (x; y) co-
ordinates).Similarly, we de�ne dC (t; t0) to be the edit distancede�ned over just the
congestionindicatorsof thetrajectories.For example,if two trajectoriest andt0 visit
thesameroomsin thesameorder, but t visits only uncongestedroomswhile t0 visits
threecongestedrooms,thendC (t; t0) = 3.

If l (t) is thelengthof trajectoryt and� (t; x) is thepre�x of lengthx of trajectory
t where� (t; x) = t whenl(t) < x wede�ne avector:

~D � (t) =
�

(1 + l(� ) � l (t)) � dR (t; � (�; l (t)))
(1 + l(� ) � l (t)) � dC (t; � (�; l (t)))

�
(5)

that provides a measureof the differencebetweentwo trajectories. ~D � (t) hastwo
desirableproperties.First, whenthetrajectoriesareof equallength,thevaluein each
dimensionis exactly the edit distance.Second,asthe differencein trajectorylength
increases(or decreases),thevaluein eachdimensionincreases(or decreases)even if
theedit distanceremainsthesame.

1Thereareatmostfour directionsavailablefrom eachroom.Becauseweareconditioningon thecurrent
con�gurationof surroundingrooms,we assumethatwhethertheneighboringroomsarecongestedwill not
changeimmediately, leaving only at mostfour possiblenext states.As a practicalmatter, this assumption
holdsbecauseof theasynchronousnatureof movementbetweenrooms.
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It is worth notingthatthis modelprovidesa probabilitydistribution over distances
amongtrajectoriesrather than a probability distribution over the trajectoriesthem-
selves.To accountfor this,wesimplywork with conditionalprobabilitiesasdescribed
in Equation4 by normalizingtheprobabilityof every trajectorysubsequentto theone
underconsideration.

To constructa distribution, we de�ne a Gaussianmixture model over the set of
prototypicaltours, � i . We consider� i to be the centroidof a multivariateGaussian
distribution with covariancematrix � i . Then, the probability of any trajectoryt is
givenby

P(t) =
NX

i =1

~P(� i ) � N (t; � i ; � i ) (6)

where
N (t; �; �) =

1
p

(2� )2j� j
exp� 1

2 ( ~D � ( t )T � � 1 ~D � ( t )) (7)

~P(� i ) is theprior weightgivento eachcentroid,expressedasa probability, andj� j is
the determinantof � . � is constructedto re�ect whatever tradeoff we would like to
makebetweenvisiting roomsin aparticularorderandavoidingcongestion.

4 Modeling Visitors

We assumethat different typesof visitors have differentgoalsfor their visits to the
museum.Thereareanalogiesin otherapplicationsof TTD-MDPs.For example,in the
dramamanagementdomainwhereTTD-MDPswereoriginally developed,onemight
expectdifferenttypesof gameplayers:thereis theplayerwhois trying hardto win the
game,theplayerwho is trying to explorethegameworld, andtheplayerwho is trying
hardto “break” thegame.Wewanttheexperiencefor eachof thesetypesof playersto
bea goodonejust aswe wanttheexperiencefor eachof thetypesof museumvisitors
to beagoodone.

In Section4.1wedescribeandmotivatefour museumvisitor models.Then,in Sec-
tion 4.2,we describeour visitor transitionmodelsandshow how they re�ect visitors'
goals.

4.1 Visitor Types

We want to accountfor both naive andinformedvisitors. The naive visitor is mod-
eledaftera touristwho doesnot have a particularpreferencefor any of themuseum's
exhibits other thanwhat they may have readin a guidebook. The informedvisitor
representsadedicatedart spectator.

In our domain,we explicitly modelthedestinationgoalsthateachclassof visitors
has. Thesegoalsrepresentworks of art of particularinterestto a visitor. The union
of thesetsof goalsof all informedvisitorsis a strict supersetof theunionof thegoal
setsof all naive visitors. In addition,we considertwo variantsof thesevisitor types
(for a total of four visitor models). Thesevariantsare the �rst-time visitor and the
returningvisitor. We model�rst-time visitors ashaving no historyof satis�ed goals,
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while returningvisitors have somepercentageof the possiblegoalssatis�ed already
(we use35%in our experiments).In the4x5 museumworld describedin Section3.1,
weselect10outof the20roomsto containpotentialgoalsfor theinformedvisitor and
6 to containpotentialgoalsfor thenew visitor. Figure1 shows the6 possiblegoalsfor
new visitors. For eachof thevisitor types,we assign3 goalsto be“hidden” goals,or
goalsthatthevisitor will enjoy but doesnotknow to pursue.Thegift shop(G in Figure
1) is alsoaddedasapossiblegoalfor all visitors.

4.2 Visitors' Transition Models

TheTTD-MDP tourguidesleadvisitorsby suggestingactionsfor themto takeaccord-
ing to ~P(ajt i ). Theavailableactionsareselectedfrom thesetf n; s;e;w; noopg. The
noopactionmeanstheguidemakesnosuggestion.

Weconstructa transitionmodelwherevisitorsusuallymovetowardagoallocation
whenthey arecloseto it, regardlessof the tour guide's suggestions.Whennot near
a goal location, visitors are more likely to follow the guide's suggestions.Further,
visitorsprefernot to revisit roomswhenever possible.

We divide visitors' willingnessto follow suggestionsinto threecategories: those
who possibly, probably, or de�nitely will follow tour guidesuggestions.Thesecate-
goriesof visitorsaremodeledby variationsin thevisitors' transitionprobabilities.

During tours, we obtain actualtransitionprobabilitiesthroughsampling. When
in a room, we simulatea randompopulationof visitors consistentwith the current
visitor's model. We obtain a transitionmatrix by queryingeachrandomvisitor for
herresponseto eachactionthatthetour guidemaytake. This hasthedesiredeffect of
scalingthelocal transitionprobabilitiesby therelativeprobabilityof goals(e.g. if there
arepotentialgoalsin neighboringrooms,thetransitionprobabilitieswill beskewedin
thosedirectionsproportionallyto theprobability thata randomlysampledpopulation
of visitorswill wantto pursuethosegoals.)

5 Experimental Design

We performa numberof experimentsto characterizetheef�cacy of our approachfor
building autonomoustour guides.We explore two generalmeasuresof performance.
First,we wantto know how closelywe canmatchthedesireddistribution over trajec-
toriesthroughthemuseum.Second,wewantameasureof how “satis�ed” visitorsare.
We compareresultsfor our TTD-MDP tour guideto threeotherapproaches.The�rst
two usenotourguide:1) wander, asimple,randomlywanderingvisitor, and2) ignore,
an otherwisewanderingvisitor who pursuesa goal whenonestepaway. The third
approach,random, augmentsignorewith a tourguidethatchoosesactionsuniformly.

5.1 Setup

We selecta setof prototypetrajectoriesfor both the naive andthe informedvisitors.
Theserepresent“good” tours,perhapscreatedby a museumcurator. Naive visitors
havetwo prototypetrajectorieswhile informedvisitorshavethree.Weassignthesame
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setof prototypetrajectoriesfor both thenew andreturningvisitorsof eachtype. The
trajectoriesarechosensubjectto two conditions:1) a prototypetrajectorymustbegin
in the entranceroom andend in the gift shop; and,2) every possiblegoal must lie
on at leastoneprototypetrajectory. Condition (2) is motivatedby the desirenot to
have the tour guide be unfairly penalizedfor not guiding a visitor to a goal if that
goalis notavailableonsomeprototypetrajectory. Weexpectmuseumcuratorswill be
ableto articulatesetsof prototypetrajectoriesthat fully cover thespaceof potentially
interestingartworks(or visitor goals).

We selectan initial uniform distribution over visitor types. Visitorsenterthemu-
seummodelat a constantrateof n persimulationstep.We selecta roomcapacityto
re�ect theaveragenumberof visitorsthatwe expectto bein themuseumat any given
time step. If this is settoo high, thennoneof the roomswill ever be congested.On
the otherhand,if it is too low, thenall of the roomswill be congestedandnoneof
therealizedtourswill re�ect theprototypetoursclosely. Below wepresentresultsthat
empiricallyverify this fact.

During eachsimulationstep,we selecta randomorderingover all visitors cur-
rently in themuseumandallow themto move in this order. Beforea visitor is allowed
to move, we updatethecongestionstateof all roomsto re�ect any changesin con�g-
uration.We do this because,in reality, visitorsdo not synchronouslymove from room
to roomat thesametime. Onceeveryvisitor in themuseumhashadachanceto move,
weadvancethesimulationstepandrepeattheprocess.

5.2 SuccessMetrics

We wish to measurebothhow closelywe matchthetargetdistribution over toursand
how many visitorssatis�edtheir goals.

5.2.1 TTD Performance

To characterizethe �rst type of performance,we look at aggregate statisticson the
distribution of trajectories.We alsocomputea measureof policy error. Speci�cally,
weconsidertheL 2-normof thedesiredpolicy ateverystepwith theobtaineddynamics.
Recallthesystemof linearequationsfrom Step7 of Algorithm 1: ~P = T � ~� . We are
usingk ~P � T � ~� k2 asour errormetric. We reportthesemeasuresasanaverageover
all local computationsmadeduringanevaluationtrial.

Additionally, we are interestedin looking at the behavior in termsof individual
visitors. That is, we wantto characterizethedistribution over realizedtrajectories.To
accomplishthis, we look at thedistribution of distancesof eachtour obtainedduring
evaluationfrom thecentroidit is closestto. To bemoreprecise,we createhistogram
binsfor eachdistance0; : : : ; l (wherel is themaximumpermissibletrajectorylength).
Then,for eachtour encountered,we selectthecentroidthat it is closestto andincre-
mentthehistogrambin associatedwith thatdistance.
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5.2.2 Goal Realization

To measurehow effective our tour guidesare at realizing the goalsof visitors, we
considerthreesummarystatistics:�rst, thepercentof a visitor's known goalsthatare
achieved; second,the percentof a visitor's hiddengoalsthat areachieved; third, the
frequency of congestedroomsexperiencedbyeachvisitor. Wecomputethesemeasures
in aggregate,but alsoaccountfor visitor typeandvisitor responsivenessto tour guide
suggestions.Thisenablesusto illustratehow oursystemreactsin differentsituations.

6 Results

Here,wesummarizetheresultsobtainedfor anumberof experiments.Wepresentdata
to illustratetheeffectsof usingaTTD-basedtourguideoncongestionandvisitors' re-
alizationof goals.Additionally, we highlight thecomplex tradeoff betweenautonomy
of visitorsandtheresultingqualityof experience.

For theexperimentswepresentbelow, weassumethatthevisitorshaslimited time.
Speci�cally, they tooktoursof nomorethan10steps.If thevisitor hadnot reachedthe
gift shopwithin 10stepsheimmediatelymovedthere.2

6.1 Characterizing Tours

We remindthereaderthat in our model,prototypetoursrepresenta hypotheticalmu-
seumcurator's view of whatmakesa goodtour. Thus,it makessenseto examinehow
closelyvisitorshave followedthoseprototypes.In Figure2, we plot an“edit distance
histogram”for theinformedvisitor (new andreturning)bothwith andwithout theben-
e�t of a TTD-basedtour guide. Thedatafor this plot wasobtainedfrom experiments
run with a low goaldensity, a roomcapacityof four visitors (beyondwhich theroom
becomescongested),� ve visitorsaddedto themuseumpersimulationtime step,and
visitorswith a fairly low probabilityof acceptingtour guidesuggestions(thepossibly
visitor category). In thelow densitycase,visitorschoosefrom only half of thepossible
goalsavailablein thehighdensitycase.Noticetherelative shapeof thedistributionof
distancesfor thetrajectoriesobtainedusingtheTTD-basedtourguides(i.e. aGaussian
that hasbeencut in half). This illustratesnicely that despitethe relative lack of co-
operativenessof this visitor type,we still seea distribution over distancethat roughly
matchesthe shapewe desireandexpect from our mixture of Gaussiansmodel. The
datafor theinformedvisitor without thetourguidedoesnotexhibit thisbehavior. The
dipsatdistancethreeandsix in thisplot areattributableto thestructureof themuseum
andthe setof prototypes.Speci�cally, oncethe visitor entersa particularpart of the

2We have also run experimentswithout imposinglimits on the lengthof visitor trajectories. In those
experiments,our prototypetourswerestill of length10. We found that this doesnot signi�cantly change
our resultswhenvisitorsreachthegoal in morethan10 steps;however, visitorstendto meetmoregoalsin
this situationbecausethosethatdo not stayon our prototypetrajectoriesmaywanderrandomlyaroundthe
museum,realizingunmetgoalsalongtheway. On theotherhand,oncea visitor hassigni�cantly deviated
from all prototypetours by visiting many more than 10 rooms,the tour guide's suggestionsceaseto be
meaningful.
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Figure2: Distributionof TrajectoryEdit Distancefor InformedVisitorswith andwith-
outTTD-basedGuides.

space(e.g. thetop left or top right cornerin Figure1) therearea limited numberof lo-
cationsfrom which they candivergeto anotherpath,thusmakingdeviation lesslikely
in theseregions.

In Figures3 & 4 we examinethe frequency of congestedrooms. In Figure 3,
we comparethecongestionratesexperiencedby thenaive visitor (new andreturning)
in trials both with and without the bene�t of the TTD-basedguide. Thereare two
interestingpointshere.First, therateof congestionis almostidenticalfor thenew and
returningvisitors in eachcase.Second,notetherelative positionof thecurvesfor the
trials with andwithout the guides. Visitors with guidesexperiencedlesscongestion,
with ahistogrampeakat0 congestedrooms,insteadof 2 for visitorswithoutaguide.

Thusfar, we have highlightedtherelationshipbetweenvisitorswith no tour guide
andthemostunwilling visitorswith a guide.ConsiderFigure4, wherethis unwilling
visitor is comparedto morewilling variants.Here,we seethatall visitorsexhibit the
“half-Gaussian”shapenotedpreviously, but the curvesfor the visitors who listen to
their guideshave lower variancethan the curves of thosewho do not. Thus, those
who listen to their guidestrendtowardexperiencinglesscongestion.Furthermore,in
generalwe seethe desiredchangesto the shapeof the half-Gaussianin responseto
varyingparameters.

6.2 Goals

In Table1, weconsidertheresultsof experimentswith andwithoutTTD-basedguides
aswell aswith wanderandrandom(seeSection5). In this table,asin thesubsequent
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Measure Congestion New Goals HiddenGoals
Model L H L H L H
TTD: 0.135 0.153 0.476 0.598 0.289 0.351
ignore: 0.209 0.202 0.497 0.608 0.290 0.374
wander: 0.517 0.517 0.113 0.271 0.118 0.273
random: 0.287 0.247 0.398 0.554 0.226 0.342

Table1: Aggregatestatisticsfor visitor modelswith low andhighgoaldensity.

Measure Congestion New Goals HiddenGoals
Capacity L H L H L H
inf 0 0 0.501 0.569 0.313 0.346
6 0.021 0.029 0.487 0.564 0.307 0.344
5 0.049 0.062 0.472 0.560 0.297 0.342
4 0.116 0.133 0.441 0.543 0.272 0.338
3 0.244 0.259 0.416 0.534 0.253 0.333

Table2: AggregateStatisticsfor Visitors thatprobablyfollow guideinstructionswith
varyingroomcapacitylimits.

two tables,weuse“L” and“H” to representlow andhighgoaldensitytrials. Theresults
in thesetablesareshown averagedacrossall visitor models(naiveandinformedin both
thenew andreturningvariants).Thewanderandrandombaselinesdonotperformwell
in any of thecategories.In thecaseof thewanderbaseline,this is attributableto a lack
of goaldirectedbehavior. For therandomtourguide,however, this is moreattributable
to thewillingnessof thevisitor to follow theguidesrandomsuggestions.In comparison
to thosebaselines,theignoreandTTD casesyield verypromisingresults.Speci�cally,
we seea noticeablereductionin congestionaswell asa signi�cant increasein goal
realizationthatis evenmorepronouncedwhentheTTD guidesareused.

6.3 Capacity and Visitor Autonomy

In Table 2, we summarizethe effects of room capacity. In particular, we seethat
theeffectsof roomcapacityon goal realizationaremorepronouncedin the low goal
densitycasethanin thehigh goaldensitycase.Particularly, ascapacitydecreases,the
percentageof realizedgoalsin thehighdensitycaseremainsessentiallythesame.The

Measure TourLength Congestion New Goals HiddenGoals Policy Error
Model L H L H L H L H L H
ignore 9.883 9.861 0.209 0.202 0.497 0.608 0.290 0.374 n=a n=a
possibly 9.968 9.960 0.135 0.153 0.476 0.598 0.289 0.351 0.206 0.271
probably 9.981 9.976 0.116 0.133 0.441 0.544 0.274 0.338 0.141 0.177
de®nitely 9.993 9.990 0.091 0.090 0.364 0.450 0.315 0.385 0.071 0.066

Table3: AggregateStatisticsfor Visitors with varying willingnessto follow sugges-
tions.
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effect in thelow goaldensitycaseis exaggeratedbecausethesamenumberof visitors
aresharinga desireto achieve fewer goals,thusincreasingcongestion.As a resultof
theguide'stendency to suggestalternatesto congestedroomsandthevisitor'stendency
to follow thosesuggestions,wealsoseea reductionin goalsatisfaction.

Considertheeffect of willingnessto respondto guidesuggestionsin concertwith
the datain Table3. The datain the tablewasobtainedby varying the visitor's will-
ingnessto follow advicein both high and low goal densityscenarios.The detailed
informationpresentedin Figure4 is restatedin aggregatein the“Congestion”column
of thetable.Notehow therateof congestionis slightly lower for thelow goaldensity
case.This is attributableto the visitors not gravitating toward asmany rooms. This
information taken togetherwith the percentageof satis�ed goalsis very interesting.
We seethat themorewilling a visitor is to follow the tour guide,the lesscongestion
they will encounter, but thefewergoalsthey will realize;however, this tradeoff maybe
worthwhile—a26:0%reductionin goalsatisfactionaccompaniesa55:4%reductionin
congestion(in thehighgoaldensitycase).

Additionally, we seethat althoughthe frequency of realizationfor hiddengoals
generallydecreasesasvisitorsmorewillingly follow theirguides,if they alwaysfollow
their guidesthey begin to realizemoregoalsagain. This occursbecausethe guides
have somesenseof wherehiddengoalsmay be, due to the museumcurator's well-
constructedcentroidtours.

In Table3, we alsopresentpolicy error. Here,we report the L 2 error (seeSec-
tion 5.2) averagedover eachof the local computationsmadeduringa simulationrun.
What this measuresis the differencebetweenthe dynamicsthat the policy will yield
andtheidealdynamics.Here,“dynamics”refersto theprobabilityof seeingoneroom
giventhatyou arein anotherroom. In this context, L 2 measuresthedistancebetween
what we want visitors to do andwhat we canactuallyget themto do (subjectto the
accuracy of thevisitor model).In theseexperiments,weseea reductionin theaverage
local errorasvisitorsmorewillingly follow requests.Additionally, we seelower local
policy error in thelow goaldensitycase.As before,this is attributableto thefact that
therearefewergoalsandthereforefewerroomsthatareneighborsof roomswith goals,
which resultsin fewer instancesof visitors ignoringtheguide's suggestionsto pursue
thosegoals.

As visitorshave moreautonomy, they achieve moreof their goalsbecauseof their
willingnessto ignorethetour guideandpursuea known goal;however, this givesrise
to a tragedyof the commons:whenvisitors alwaysact only in their own immediate
interest,they endup in crowdedpartsof themuseumlesseningthequality of theex-
periencefor everyone. On the otherhand,if visitors alwayslisten to the tour guide,
we �nd that they experiencelesscongestionat theexpenseof realizingfewer of their
known goals.Somewherein themiddleof theseextremesis a “sweetspot”wherevis-
itors exerciseenoughautonomyto implicitly expressdesiresbut listenenoughto take
advantageof thetourguide.
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7 RelatedWork

Herewedescribework relatedto bothTTD-MDPsandtourguides.Muchof thework
relatedto TTD-MDPs canbe groupedinto two categories: dramamanagementand
probabilisticpolicesfor MDPs. Work on tour guidesis basedmainly in the robotics
andubiquitouscomputingcommunities.As we will shallsee,thetechnicalissuesthat
arisein thosecommunitiesareorthogonalto ours.

7.1 TTD-MDP RelatedWork

Usinga dramamanagerto guideinteractive entertainmentwas�rst proposedin 1986
by Laurel [10], formalizing the idea of an agentdirecting the action in responseto
visitor's actions. The inspirationfor TTD-MDPs wasbasedon a particularformal-
ism for dramamanagementproposedby Bates[1]. It waslaterformulatedasa search
problemby Weyhrauch[21] basedon anexpecti-maxgametreelike searchover plot
point sequencesandthenreformulatedasa reinforcementlearningproblemby Nel-
sonet.al.[15]. Thatwork leddirectly to thedevelopmentof TTD-MDPsto includethe
capabilityfor controllingvarietyof experience.

TTD-MDPs sharecommongroundwith work on non-deterministicpoliciessuch
asIsbell et.al.'s work onCobot[7] andLittman's work onMarkov games[13]. Addi-
tionally, theideaof usingtrajectoriesto solve for apolicy is closelyrelatedto thework
of Kearns,Mansour, & Ng [8] wheresampledtreesof trajectoriesareusedto estimate
statesequencesandtransitionprobabilitiesin apartiallyobservableenvironment.

7.2 Robotic Tour Guides

As robotic technologyhasbecomeincreasinglyaccessible,researchershave begunto
focus on robot-humaninteractionin social environments. In particular, one line of
researchinvolvesthe creationof sophisticatedrobotic tour guidesthat greetvisitors,
entertainthem with anticsor conversation,and lead them to their destination(see
Kim et. al. [9], for example). In work on robotic tour guides,however, the speci�c
toursgiven are�x ed aheadof time andthe autonomyof the tour taker is not consid-
ered.

In contrastto our work, the technicalissuesinvolved thereare in navigation, lo-
calization,andspeechrecognition. Our TTD-MDP basedtour guidesarecarriedby
museumvisitorsandthereforedo not needthelevel of situationalawarenessthatself-
navigatingrobotsdo. Thefew citationsweprovidehereareintendedasanoverview of
technicalareasunderinvestigationby theroboticscommunityratherthanan in depth
look at techniquesusedfor robotictour guides.For example,Prodana& Drygajlo de-
scribea systemusingBayesianNetworksfor interpretingmultimodalsignals[17]. In
this system,they attemptto fuseandinterpretsignalsfrom a laserscanner, cameras,
andmicrophonesin orderto give therobotanunderstandingof its environment.Simi-
larly, muchwork hasgoneinto thedevelopmentof voiceenabledinterfacesfor robotic
tourguides[5, 18]. Otherwork examinestheproblemof determiningabsoluteposition
from sensors[20].

15



7.3 Ubiquitous Computing

Somework existsin theubiquitouscomputingcommunityonconstructingmobiletour
guides.Earlyeffortsin thisspacereliedonwirelessnetworkingandcentralrepositories
of data[14, 16]. Subsequentresearchhasfocusedalmostexclusively oncontentdeliv-
ery. Speci�cally, aninterestexistsin context awareapplicationsthatcansenselocation
eitherthroughuseof localizationtechnologieslike GPSor by explicit interactionwith
theuser[4].

Lastly, someadditionalresearchexists that exploresthe transitionof thesetech-
nologiesto handhelddevices[3, 2] andthetestingof thesesystemsin realworld situa-
tions.As with thework from theroboticscommunitydiscussedabove,weareunaware
of any existing researchinto the endowmentof thesetour guideswith autonomyor
decisionmakingcapabilities.

8 Futur eWork

Theapproachwehavedescribedhereis not limited to museumtours.For example,we
wish to exploretheapplicationof this technologyto dynamicwebsiterestructuring.If
weconsiderasequenceof pageviewsto beatrajectorythroughanMDP, wecanselect
conversiongoalsandconstructa distribution over desirednavigationpaths.By taking
actionsto make link positionsmoreor lessprominent,wecanin�uence thenavigation
paththatvisitorsarelikely to take.

Additionally, we would like to apply theapproachin this paperto modelsof con-
gestionin highway transportation.Thesamesortof tradeoffs thatexist in ourmuseum
model betweenvisitors' desireto achieve goalsand the museumcurator's desireto
avoid congestionexist in transportationsystems. In thesesystems,the individual's
desireto reacha destinationcancon�ict with the group's desireto minimize traf�c
congestion.Imaginecarswith navigationsystemsthatdirectuserson“good” routesto
their destinationswhile tradingoff a small amountof driving time for a largeoverall
dropin systemcongestion.

Wealsointendto furtherexplorethetradeoff betweencongestionandthepreserva-
tion of a desiredtrajectorydistribution. Thecovariancematrix � i from our Gaussian
mixturemodelallows usto vary how stronglyour prototypetrajectoriesarepreferred
over similar trajectories.Additionally, it allows usto tradeoff betweencommitmentto
theprototypetrajectoriesandavoidanceof congestion.Initial experimentsarepromis-
ing.

Lastly, whenan agentis tasked with interactionin a socialenvironment,it must
be ableto reasonaboutits surroundingsandinteractionpartners.Whenthis interac-
tion is speci�cally targetedto a human,this taskcanrapidly becomemoredif�cult—
especiallygiventhatmodelsof humanbehavior arenot one-size-�ts-all. In this work,
we have utilized visitor modelsthat are basedon equivalenceclassesof behaviors.
Whenusingthesemodelsin arealworld application,therearetwo importantquestions
thatneedto beanswered.First,whichof theseequivalenceclassesis mostappropriate
for thecurrentinteraction?Second,how is theselectedmodelclasstunedspeci�cally
for thecurrentinteraction?In answeringthesetwo questions,we �nd it necessaryto
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consideronlinemodeladaption.

9 Conclusion

In thispaper, weconsiderbuilding automatedtourguidesfor visitorsto amuseum.We
attemptto provide autonomyto visitors while simultaneouslyincreasingthe quality
of their experience.We constructour tour guidesusingTTD-MDPs,whereeachtour
de�nes a trajectorythat is representedby a sequenceof roomsthroughthe museum.
The guidesact by sometimessuggestingmovementsto the visitors. We de�ne the
TTD-MDP targetdistributionvia aGaussianmixturemodeloverdistancesfrom hand-
craftedprototypetrajectories. We derive a distancefunction basedon Levenshtein
edit distance.Using an online variantof the existing TTD-MDP solutiontechnique,
we obtain a probabilisticpolicy over actionsand apply it to simulatedvisitors in a
simulatedmuseum.We tailor suggestionsto a variety of visitor modelsthat capture
variability knowledge,experienceandlikelihoodof listeningto suggestions.

Ourautonomoustourguidesdynamicallyconstructtoursonlinein responseto vis-
itor's reactionsto their suggestions.We areableto show thatwhenvisitorscooperate,
even only occasionally, visitors achieve aboutas many goalsas visitors who never
cooperatewhile signi�cantly reducingoverallmuseumcongestion.

We also�nd that our tour guidesperformbestwhenvisitors occasionallychoose
to ignoretheir suggestions.This implicit communicationfrom visitorsgivesthe tour
guidesfeedbackthat canbe incorporatedinto the decisionmakingprocesswhile re-
spectingvisitor autonomy.
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