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Abstract

In this paper we addresshe problemof building a systemof autonomousour
guidesfor acomplec ervironment,suchasa museunmwith mary visitors. Visitors
may have varying preferencesor typesof art or maywish to visit differentareas
acrosgnultiple visits. Often,thesegoalscon ict. For example,mary visitorsmay
wish to seethe museunms most popularwork, but that could causecongestion,
ruining the experience.Thus, our taskis to build a setof agentsthat cansatisfy
theirvisitors' goalswhile simultaneouslyroviding quality experiencedor all.

We usetargetedtrajectorydistribution MDPs (TTD-MDPs),atechnologyde-
velopedto guideplayersin aninteractve entertainmensetting. The solutionto a
TTD-MDP is a probabilisticpolicy thatresultsin a speci c¢ distribution of trajec-
toriesthrougha statespace.We motivate TTD-MDPsfor the museumtour prob-
lem, then describethe developmentof a numberof modelsof museumvisitors.
Additionally, we proposea museummodelandsimulatetoursusingpersonalized
TTD-MDP tour guidesfor eachkind of visitor. We explain how the useof prob-
abilistic policiesreduceghe congestiorexperiencedy visitors while preserving
their ability to pursueandrealizegoals.



1 Intr oduction

In this paper we discusghe creationof a systemof interactize tour guidesthatgently
guidevisitors througha setof engagingexperiencesn comple socialernvironments.
Speci cally, we considertour guidesfor visitorsto amuseum.Museumsareaninter-
estingtestbedbecausef their size,compleity of layout,the numberof simultaneous
visitors, andthe variety of goalsthesevisitors may pursue. One of the world's most
famousmuseumsthe Louvrein Paris, containstensof thousandsf art worksin hun-
dredsof roomsandis visited by over sezen million peopleannually Visitors may
have preferencesor differenttypesof art or art from differenttime periods.Addition-
ally, therearevery famouspiecesof art suchasLeonardadaVinci's “Mona Lisa” and
Alexandrosof Antioch's “Venusde Milo” thatmary visitorswill wantto see.Thereis
not enoughtime to seeeverythingin the museuns collectionduring ary givenvisit,
somary guestsnayberepeavisitorstrying to seethingsthey have not seerbefore.

Thus,in building a systemof agentgo actastour guidesin sucha setting,we are
forcedto balancemary competingdesires We wantto take groups(or singleindivid-
uals)on toursthat enablethemto seeasmuchart aspossiblewithout overwhelming
them.We wantthe groupsto seethe speci ¢ piecesof artthatthey areinterestedn as
well asfocusonthetype of artthatthey prefer but limit congestionFinally, we want
to allow visitorsto ignorethetour guide's directionswhile still ensuringhatthey reap
thebene t of thetour guidesinsight.

We consider scenariavhereeachgroupof museunvisitorsis givenasmallhand-
held device, suchasa PDA, thatwill interactvely guide themthroughthe museum
by suggestingactionsthat they might take. With this small device, we have limited
processingpower, limited memory and limited communication;therefore,we must
considemethodgo reducethe computationalemandsmposedon thetour guide.

We have optedto usetargetedtrajectory distribution Markov decisionprocesses
(TTD-MDPs)[19]. TTD-MDPs area classof Markov decisionprocesses®riginally
developedfor coordinatingagentsengagedin interactive entertainmenfl10]. A solu-
tion to a TTD-MDP is a probabilisticpolicy thatinducesa speci c distribution over
trajectories.By usinga probabilisticpolicy, we canprecomputean expectedgoal set
for differenttypesof visitors andguidethemon toursaccordingly This allows usto
avoid fully modelingevery visitor's history of visits and preferences We use TTD-
MDPs becauséahey provide a methodto targeta distribution over desirablemuseum
toursthatenableghetrade-of betweerautonomyandexploitation mentionedabove.

In the next section,we formally introduceTTD-MDPs. We thenshav how TTD-
MDPs can be adaptedfrom their original formulationfor usein the tour guide ap-
plication. Next, we describeour applicationdomainin somedetail, motivating the
assumptionsve make aboutstaterepresentatiomnd visitor modeling. We thende-
scribeour experimentalsetupandresults.We demonstrat¢hat TTD-MDPs provide a
viable solutionfor building a systemof multiple autonomousour guides.Finally, we
concludewith a discussiorof relatedwork andfuturedirections.



2 TTD-MDPs

An MDPis atuple< S;A;P;R >, whereS is a setof statesA is a setof actions,
P:fS A Sg! [0;1]isatransitionfunction,andR : S! R isarewardfunction.
The solutionto anMDP isapolicy :S! A. An optimalpolicy ensureghatthe
agentrecevesthe maximumlong-termexpectedreward.

A TTD-MDPisalsoatuple< T;A;P;P(T) >, with statesT thatare nite-length
trajectoriesof MDP states possiblyincluding the history of actionsaswell; a setof
actionsA; atransitionmodel P; anda target distribution over completetrajectories
P(T). ThesolutiontoaTTD-MDPisapolicy :T ! P(A) providingadistribution
overactionsin every state.Theoptimalpolicy resultsin long-termbehaior ascloseto
thetamgetdistribution aspossible.

Any nite-length discrete-timeMDP canbe corvertedto a TTD-MDP. Consider
an MDP with a setof statesS and setsof actionsavailablein eachstateAs. The
probability P;+; (s) thatthe processs in states attimei + 1 is de ned recursvely by:

X
Pi (S) = (P(sia;s) P(ajs) Pi(s9) 1)
8s02S ;a2A (o

whereP (sja; s9) is thetransitionmodelencodinghedynamicsof theworld andP (ajs?)
is the policy underthe agents control. During anactualepisodep; (s9 = 1.

Becausewe areinterestedn trajectoriesin TTD-MDPs, we can simply roll the
history of the MDP statesinto the TTD-MDP trajectories resultingin a TTD-MDP
whereeachtrajectoryrepresentasequencef statesn theunderlyingMDP, optionally
includinga history of theactionstaken.

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

X
P(t) = (P(tia;t) P(ajt) P(t9) ()

8a2A (0

In otherwords,for every partialor full trajectoryt, thetransitionprobability P (tja;t%
is nonzerofor exactly onet® @ t thatis its pre x. Thus, the summationmustonly
accounfor possibleactionsthatcanbetakenin thepre x trajectoryratherthanactions
in multiple MDP states.Further eachtrajectoryhasa x edlengthandcantherefore
appeart only onespeci c time.

Whenit is possibleto build a policy exactly matchingthe target distribution, Al-
gorithm 1—an online variantof the algorithmfrom [19]—will computethe optimal
policy for every partial or completetrajectory Unfortunatelythis is not alwayspossi-
ble. Theremay be no vectorP (ajt) thatexactly satis esthe linear systemin Step7.
Also, even whenthereis an exact solution, the elementsof P (ajt) may not be real-
izableasprobabilities. In that case becausehe constraintforcesthe elementwf the
vectorto sumto 1.0, atleastoneactiona will have P (ajt) < 0:0 andatleastoneother
actiona®will have P (a§t) > 1:0. Intuitively, achieving the desireddistribution would
requirethatactiona be “undone” somepercentagef thetime. This is impossible so
in practicewe follow [19], zeroingout ary negative valuesandre-normalizing.



In the following sectionswe describethe useof TTD-MDPs to guide simulated
visitors througha modeledmuseumervironment. The TTD-MDPs aresolved online
with Algorithm 1. At eachstepof the simulation,actions(modeledas suggestions
to the visitors) aredravn probabilisticallyfrom P (ajt;) andpresentedo the visitors
for consideration. Visitors follow thesesuggestionsiccordingto their own speci ¢
preferences.The TTD-basedguidesare designedo provide visitors with a quality
experiencewhile minimizing congestiorand allowing visitors the freedomto ignore
suggestions.

Algorithm 1 Online Algorithm for solving TTD-MDPs
Require: A TTD-MDP tuple< T;A;P;P(T) >
Ensure: The trajectoryt resultingfrom this episodeis dravn from the distribution
P(T).
1 0
2: Lett; bethepartialtrajectoryconsistingof only the startstate.
3. while tj is notacompletetrajectorydo
4.  for Every child trajectoryt;.. of trajectoryt; do
5: ConditionEquation2 ont;:

X
P (ti.cjti) = (P(ticiasti) P(ajti))
8azA i,

6: endfor
7. Thisformsasystemof jT;, _j linearequationsn jA, j unknowvns:

P(ticiti) = P(ticjait) P(ajti)

which canbesolvedfor P (ajt;) usingstandardinearalgebra.This canoption-
ally bememoizedor futureepisodes.
8: Draw anactiona from P (ajtj) andapplyit. Let c; bethe outcomeof applying

theaction.
9: tiv1 ti:ca
10: i i+ 1
11: endwhile

3 DesigningTour Guides

In building a systemof autonomousnuseumtour guides,we mustconsiderseveral
factors.In this sectionwe discusshow to modelmuseumsyisitors,andtours. We aim
to include enoughinformation aboutthe museumto enablea tour guideto compute
tourstailoredto the individual preference®f eachvisitor while maintainingenough
simplicity so asto malke the computationfeasible. In particular our approachmust
allow for fastactionselectionusingonly limited computatiorandcommunication.



Figurel: We modelamuseurasagrid world with wallsthatpreventsometransitions.
Sis the startroom of all trajectorieq(tours)throughthe museumwhile G (gift shop)
is theendroom. Thearrow from Sto G shaws oneof the centroidsfrom our Gaussian
mixture modelandrepresents prototypetour, discussedn Section3.2. Thelettersa,
b, ¢, d, e, andf aregoalsthata museunvisitor may have — they represenparticularly
famousor interestingworks of art.

3.1 Modeling a Museum

As is shawvn in Figure 1, we modela museumas a 4x5 grid with walls preventing
certaintransitionsandwheresomeof the roomscontainobjectsof particularinterest
(like famousworks of art). A trajectorythroughthis grid world modelsa tour through
amuseum.Thereforewe considertrajectorieso be sequencesf rooms—inthis case
(x; y) coordinatesn thegrid. In Figurel, Sis thestartroomof all trajectorieghrough
themuseumwhile G (thegift shop)is theendroom. We alsomodelthevisitor capacity
of roomsin the museum.Whenabove capacity aroombecomesongested.Thus,a
touris representetly asequencef (x; y; ¢) coordinateshatindicatetheroomsvisited
and whetherthey were congestediuring the visit. For example,one tour might be
f(0;0; f alse); (O; 1;true); (1; 1;f alse);:: 0.

We assumehatthroughvisitor input, RFID localization,or someothermeansthe
agentcan detectthe currentroom. Further we assumehe agentcan communicate
with otherguidesor the museumitself to determinewhethersurroundingroomsare
congested.

We representhe congestedstateof a room's neighborsasa con guration, C =
fne;ec; sc; weg. We couldconsidercon gurationsto bea partof the statespacehow-
ever, therearetwo problemswith thisapproachFirst, it is uncleamwhy onewould want
to constructa tour that dependedlirectly uponhow crovdedneighboringroomsare.
Secondsucha schemevould requiresolvingalinearsystemof 27 equationsn Step7



of thealgorithm. Alternatively, we cantreatcon gurationsasobsenationsandcondi-
tion onthemin the solutionto the TTD-MDP. This allows usto dealwith a systemof
atmostfour equations. In this case Equation2 becomes:

X
P(t) = (P(tja;t% Cro) P(ajt% Cro)) P (9 3)
8a2A o0

Thereforethe systemof linear equationgo be solved in Step7 of the algorithm be-
comes:
P(ti.cjti; Cy, ) = P(ti.cja; ti; C, ) P(ajt;; Cy, ) 4)

3.2 Tour Probabilities

WhenusingtraditionalMDPs,thedesigneachievesa desiredbehaior by selectingan
appropriataeward signal. With TTD-MDPs, the designerachievesa desirecbehaior
by properlyselectinga targetprobability distribution over trajectories.

In themuseurrdomain,we 1) de ne adistancemetricbetweertoursand?) collect
a setof prototypical“good” tours. Combiningthe distancemetric with our prototype
toursinducesatarget probability distribution over all possibletours.

We have chosento baseour distancemetric on Levenshteindistanceor edit dis-
tance Edit distancemeasureshe minimum numberof insertions,deletions,or sub-
stitutionsneededo transformonetrajectoryinto another{11, 12]. The edit distance
is ageneralizatiorof the Hammingdistancg6] thatis de ned over stringsof unequal
length. It canbe computedusingan ef cient O(nm) dynamicprogrammingmethod
wheren is thelengthof onetrajectoryandm is thelengthof the other

We areconcernedvith two kinds of differencesbetweentrajectories:“room dis-
tance”and“congestiondistance. We de ne dg (t; t9 to bethe edit distancebetween
trajectories andt®de ned over the sequencef rooms(representedstheir (x; y) co-
ordinates).Similarly, we de ne dc (t; t9 to be the edit distancede ned over just the
congestiorindicatorsof the trajectories.For example,if two trajectoriest andt® visit
the sameroomsin the sameorder but t visits only uncongestedoomswhile t° visits
threecongestedooms,thendc (t; t% = 3.

If 1(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:

_@+10) 1) de(t (1)
D= 141() 1) de(t (- 1) ®)

that provides a measureof the differencebetweentwo trajectories. D (t) hastwo
desirableproperties.First, whenthe trajectoriesare of equallength,the valuein each
dimensionis exactly the edit distance.Second asthe differencein trajectorylength
increasegor decreases}he valuein eachdimensionincreasegor decreasesyven if

theeditdistancaemainghe same.

1Thereareat mostfour directionsavailablefrom eachroom. Becausave areconditioningon the current
con guration of surroundingrooms,we assumehatwhetherthe neighboringroomsarecongesteavill not
changemmediately leaving only at mostfour possiblenext states.As a practicalmatter this assumption
holdsbecausef theasynchronousatureof movementbetweerrooms.



It is worth notingthatthis modelprovidesa probability distribution over distances
amongtrajectoriesratherthan a probability distribution over the trajectoriesthem-
selwes.To accountfor this, we simply work with conditionalprobabilitiesasdescribed
in Equation4 by normalizingthe probability of every trajectorysubsequerb the one
underconsideration.

To constructa distribution, we de ne a Gaussiammixture model over the set of
prototypicaltours, . We consider ; to bethe centroidof a multivariate Gaussian
distribution with covariancematrix ;. Then, the probability of ary trajectoryt is
givenby

X
P(t) = PCi) N &5 ) (6)
i=1
where
N(: ) = p—rexp ¥O O D (1) @
()% |
P( i) is theprior weightgivento eachcentroid,expressedisa probability andj j is
thedeterminanbf . is constructedo re ect whatever tradeof we would like to

malke betweervisiting roomsin a particularorderandavoiding congestion.

4 Modeling Visitors

We assumehat differenttypesof visitors have differentgoalsfor their visits to the
museum.Thereareanalogiesn otherapplicationsof TTD-MDPs. For example,in the
dramamanagemeniiomainwhereTTD-MDPs were originally developed,one might
expectdifferenttypesof gameplayers:thereis the playerwhois trying hardto win the
game theplayerwhois trying to explorethe gameworld, andthe playerwhois trying
hardto “break” the game.We wantthe experiencefor eachof thesetypesof playersto
beagoodonejust aswe wantthe experienceor eachof thetypesof museunvisitors
to beagoodone.

In Sectiod.1we describeandmotivatefour museunvisitor models.Then,in Sec-
tion 4.2, we describeour visitor transitionmodelsandshav how they re ect visitors'
goals.

4.1 Visitor Types

We wantto accountfor both naive andinformed visitors. The nawe visitor is mod-
eledafteratouristwho doesnot have a particularpreferencdor ary of the museuns
exhibits otherthanwhat they may have readin a guide book. The informed visitor
represents dedicatedart spectatar

In our domain,we explicitly modelthe destinatiorgoalsthateachclassof visitors
has. Thesegoalsrepresentvorks of art of particularinterestto a visitor. The union
of the setsof goalsof all informedvisitorsis a strict supersetof the union of the goal
setsof all naive visitors. In addition,we considertwo variantsof thesevisitor types
(for a total of four visitor models). Thesevariantsarethe rst-time visitor andthe
returningvisitor. We model rst-time visitors ashaving no history of satis ed goals,



while returningvisitors have somepercentagef the possiblegoalssatis ed already
(we use35%in our experiments).In the 4x5 museunworld describedn Section3.1,

we selectl0 out of the 20 roomsto containpotentialgoalsfor theinformedvisitor and
6 to containpotentialgoalsfor thenew visitor. Figurel showvsthe 6 possiblegoalsfor

new visitors. For eachof the visitor types,we assign3 goalsto be “hidden” goals,or

goalsthatthevisitor will enjoy but doesnotknow to pursue.Thegift shop(G in Figure
1) is alsoaddedasa possiblegoalfor all visitors.

4.2 Visitors' Transition Models

TheTTD-MDP tour guidesleadvisitorsby suggestingictionsfor themto take accord-
ing to P (ajt;). Theavailableactionsareselectedrom the setf n; s; e;w; noopg. The
noop actionmeanghe guidemakesno suggestion.

We constructtransitionmodelwherevisitorsusuallymove towarda goallocation
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
visitors prefernotto revisit roomswheneer possible.

We divide visitors' willingnessto follow suggestiongnto threecategories: those
who possibly probably, or de nitely will follow tour guide suggestionsThesecate-
goriesof visitorsaremodeledby variationsin thevisitors' transitionprobabilities.

During tours, we obtain actualtransition probabilitiesthroughsampling. When
in a room, we simulatea randompopulationof visitors consistentwith the current
visitor's model. We obtain a transition matrix by queryingeachrandomvisitor for
herresponséo eachactionthatthetour guidemaytake. This hasthe desiredeffect of
scalingthelocaltransitionprobabilitiesby therelative probabilityof goals(e.g. if there
arepotentialgoalsin neighboringrooms,thetransitionprobabilitieswill be skewedin
thosedirectionsproportionallyto the probability thata randomlysampledoopulation
of visitorswill wantto pursuethosegoals.)

5 Experimental Design

We performa numberof experimentso characterizehe ef cacy of our approachor
building autonomousgour guides. We explore two generalmeasure®f performance.
First, we wantto knowv how closelywe canmatchthe desireddistribution over trajec-
toriesthroughthe museum Secondwe wanta measuref how “satis ed” visitorsare.
We compareresultsfor our TTD-MDP tour guideto threeotherapproachesThe rst
two usenotour guide: 1) wander asimple,randomlywanderingvisitor, and2) ignore,
an otherwisewanderingvisitor who pursuesa goal whenone stepaway. The third
approachrandom augmentsgnore with atour guidethatchoosesctionsuniformly.

5.1 Setup

We selecta setof prototypetrajectoriesfor both the naive andthe informedvisitors.
Theserepresentgood” tours, perhapscreatedby a museumcurator Naive visitors
have two prototypetrajectoriesvhile informedvisitorshave three.We assigrnthesame



setof prototypetrajectoriesfor boththe new andreturningvisitors of eachtype. The
trajectoriesarechosersubjectto two conditions:1) a prototypetrajectorymustbegin
in the entranceroom and endin the gift shop;and, 2) every possiblegoal mustlie
on at leastone prototypetrajectory Condition (2) is motivatedby the desirenot to
have the tour guide be unfairly penalizedfor not guiding a visitor to a goal if that
goalis notavailableon someprototypetrajectory We expectmuseuncuratorswill be
ableto articulatesetsof prototypetrajectorieshatfully cover the spaceof potentially
interestingartworks (or visitor goals).

We selectaninitial uniform distribution over visitor types. Visitors enterthe mu-
seummodelat a constantrateof n persimulationstep. We selecta room capacityto
re ect theaveragenumberof visitorsthatwe expectto bein the museumat ary 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 congestedaind noneof
therealizedtourswill re ect the prototypetoursclosely Below we presentesultsthat
empirically verify this fact.

During eachsimulation step, we selecta randomorderingover all visitors cur
rently in themuseumandallow themto move in this order Beforeavisitor is allowed
to move, we updatethe congestiorstateof all roomsto re ect arny changesn con g-
uration. We do this becausein reality, visitors do not synchronouslynove from room
to roomatthe sametime. Onceevery visitor in themuseunhashada chanceo move,
we advancethe simulationstepandrepeathe process.

5.2 SuccesdMetrics

We wish to measuréboth how closelywe matchthe targetdistribution over toursand
how mary visitorssatis edtheir goals.

5.2.1 TTD Performance

To characterizeghe rst type of performancewe look at aggreate statisticson the
distribution of trajectories.We alsocomputea measureof policy error Speci cally,
weconsidettheL ,-normof thedesiredoolicy atevery stepwith theobtaineddynamics.
Recallthe systemof linearequationdrom Step7 of Algorithm 1: P = T ~. We are
usingkP T ~k, asourerrormetric. We reportthesemeasuresisan averageover
all local computationsnadeduringanevaluationtrial.

Additionally, we are interestedn looking at the behaior in termsof individual
visitors. Thatis, we wantto characteriz¢he distribution over realizedtrajectories.To
accomplishthis, we look at the distribution of distance®f eachtour obtainedduring
evaluationfrom the centroidit is closestto. To be more precise we createhistogram

Then,for eachtour encounteredye selectthe centroidthatit is closestto andincre-
mentthe histogrambin associateavith thatdistance.



5.2.2 Goal Realization

To measurehow effective our tour guidesare at realizing the goals of visitors, we
considerthreesummarystatistics: rst, the percentof a visitor's known goalsthatare
achieved; secondthe percentof a visitor's hiddengoalsthat are achieved; third, the
frequeng of congestedoomsexperiencedy eachvisitor. We computehesemeasures
in aggreate,but alsoaccountfor visitor type andvisitor responsienesgo tour guide
suggestionsThis enablesusto illustratehow our systenreactsin differentsituations.

6 Results

Here,we summarizegheresultsobtainedor anumberof experimentsWe presentiata
to illustratethe effectsof usinga TTD-basedour guideon congestiorandvisitors' re-
alizationof goals.Additionally, we highlight the comple tradeof betweerautonomy
of visitorsandtheresultingquality of experience.

For theexperimentsve presenbelow, we assumeéhatthevisitorshaslimited time.
Speci cally, they took toursof no morethan10steps.If thevisitor hadnotreachedhe
gift shopwithin 10 stepsheimmediatelymovedthere?

6.1 Characterizing Tours

We remindthereaderthatin our model, prototypetoursrepresent hypotheticalmu-
seumcurators view of whatmakesa goodtour. Thus,it makessensdo examinehow
closelyvisitors have followed thoseprototypes.In Figure2, we plot an“edit distance
histogramfor theinformedvisitor (new andreturning)bothwith andwithouttheben-
et of aTTD-basedour guide. The datafor this plot wasobtainedfrom experiments
run with alow goal density a room capacityof four visitors (beyond which the room
becomesongested), ve visitors addedto the museumper simulationtime step,and
visitorswith afairly low probability of acceptingour guidesuggestiongthe possibly
visitor category). In thelow densitycaseyisitorschooserom only half of the possible
goalsavailablein the high densitycase.Noticetherelative shapeof the distribution of
distancedor thetrajectoriebtainedusingthe TTD-basedour guides(i.e. aGaussian
that hasbeencut in half). This illustratesnicely that despitethe relative lack of co-
operatvenesf this visitor type, we still seea distribution over distancethatroughly
matcheghe shapewe desireand expectfrom our mixture of Gaussiansnodel. The
datafor theinformedvisitor without thetour guidedoesnot exhibit this behaior. The
dipsatdistancethreeandsix in this plot areattributableto the structureof themuseum
andthe setof prototypes.Speci cally, oncethe visitor entersa particularpart of the

2We have also run experimentswithout imposinglimits on the length of visitor trajectories. In those
experimentsour prototypetourswerestill of length10. We found thatthis doesnot signi cantly change
our resultswhenvisitorsreachthe goalin morethan10 steps;however, visitorstendto meetmoregoalsin
this situationbecausehosethatdo not stayon our prototypetrajectoriesmay wanderrandomlyaroundthe
museumj ealizingunmetgoalsalongtheway. On the otherhand,oncea visitor hassigni cantly deviated
from all prototypetours by visiting mary more than 10 rooms, the tour guide’s suggestionseaseto be
meaningful.

10



Distribution of Trajectory Edit Distance for Informed Visitors with and without TTD-based Guides

T T .
¥ New (TTD) —+—
Returning (TTD)

New (no guide) ------
Returning (no guide) &k

Frequency

0 A‘H."' | “h”
0 2 4 6 8 10
Trajectory Edit Distance

Figure2: Distribution of TrajectoryEdit Distancefor InformedVisitorswith andwith-
out TTD-basedGuides.

spacqe.g. thetop left or topright cornerin Figurel) therearealimited numberof lo-
cationsfrom which they candivergeto anothempath,thusmakingdeviation lesslik ely
in theseregions.

In Figures3 & 4 we examinethe frequeng of congestedooms. In Figure 3,
we comparethe congestiorratesexperiencedy the naive visitor (new andreturning)
in trials both with and without the bene t of the TTD-basedguide. Thereare two
interestingpointshere.First, therateof congestioris almostidenticalfor the new and
returningvisitorsin eachcase.Secondnotetherelative positionof the curvesfor the
trials with andwithout the guides. Visitors with guidesexperiencedesscongestion,
with a histogrampeakat 0 congestedooms,insteadof 2 for visitorswithouta guide.

Thusfar, we have highlightedthe relationshipbetweervisitors with no tour guide
andthe mostunwilling visitorswith a guide. ConsiderFigure4, wherethis unwilling
visitor is comparedo morewilling variants.Here,we seethatall visitors exhibit 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 listento their guidestrendtoward experiencinglesscongestion.Furthermorejn
generalwe seethe desiredchangedo the shapeof the half-Gaussiarin responseo
varyingparameters.

6.2 Goals

In Table1, we considertheresultsof experimentswith andwithout TTD-basedguides
aswell aswith wanderandrandom(seeSection5). In this table,asin the subsequent
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Distribution Over Number of Congested Rooms for Naive Visitors with and without TTD-based Guides

0.4

T
New (TTD) —+—
Returning (TTD) =--x---
New (no guide) ------
Returning (no guide) &k

Frequency

Number of Congested Rooms

Figure 3: Frequeng of Congestiorfor Naive Visitors with and without TTD-based
Guides.

Distribution Over Number of Congested Rooms for Informed Visitors
that Possibly, Probably, and Definitely Follow the Guide

0.4 T

T
New Possibly —+—
Returning Possibly ---x---
New Probably --
Returning Probably
New Definitely
Returning Definitely

Frequency

1 R i . J
0 2 4 6 8 10
Number of Congested Rooms

Figure4: Frequeng of Congestiorfor InformedVisitorswith Varying Willingnessto
Follow the Guide's Suggestions.
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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

Tablel: Aggregatestatisticsfor visitor modelswith low andhigh goaldensity

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: Aggregate Statisticsfor Visitorsthat probablyfollow guideinstructionswith
varyingroom capacitylimits.

twotablesweuse‘L” and“H” to represenktow andhighgoaldensitytrials. Theresults
in thesdablesareshavn averagedacrossall visitor models(naive andinformedin both
thenew andreturningvariants).Thewanderandrandombaselinesio not performwell
in ary of thecategories.In the caseof thewanderbaselinethisis attributableto alack
of goaldirectedbehaior. For therandomtour guide,however, thisis moreattributable
to thewillingnessof thevisitor to follow theguidesrandomsuggestionsin comparison
to thosebaselinestheignore andTTD caseyield very promisingresults.Speci cally,
we seea noticeablereductionin congestioraswell asa signi cant increasein goal
realizationthatis evenmorepronouncedvhenthe TTD guidesareused.

6.3 Capacity and Visitor Autonomy

In Table 2, we summarizethe effects of room capacity In particular we seethat
the effectsof room capacityon goal realizationare more pronouncedn the low goal
densitycasethanin the high goaldensitycase.Particularly ascapacitydecreaseghe
percentagef realizedgoalsin thehigh densitycaseremainsessentiallthesame.The

Measure Tour Length 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

Table 3: Aggregate Statisticsfor Visitors with varying willingnessto follow sugges-
tions.
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effectin thelow goaldensitycaseis exaggeratedecausehe samenumberof visitors
aresharinga desireto achieve fewer goals,thusincreasingcongestion As a resultof
theguide'stendeng to suggestlternateso congestedoomsandthevisitor'stendeng
to follow thosesuggestionsye alsoseea reductionin goalsatishction.

Considerthe effect of willingnessto respondo guidesuggestionin concertwith
the datain Table3. The datain the table was obtainedby varying the visitor's will-
ingnessto follow advicein both high and low goal densityscenarios. The detailed
informationpresentedn Figure4 is restatedn aggreatein the“Congestion”column
of thetable. Note how therateof congestioris slightly lower for thelow goaldensity
case. This is attributableto the visitors not gravitating toward as mary rooms. This
information taken togetherwith the percentagef satis ed goalsis very interesting.
We seethatthe morewilling a visitor is to follow the tour guide, the lesscongestion
they will encounterbut thefewer goalsthey will realize;however, thistradeof maybe
worthwhile—a26:0% reductionin goalsatisictionaccompaniea 55:4% reductionin
congestior(in the high goaldensitycase).

Additionally, we seethat althoughthe frequeng of realizationfor hiddengoals
generallydecreaseasvisitorsmorewillingly follow theirguides;f they alwaysfollow
their guidesthey begin to realizemore goalsagpin. This occursbecausehe guides
have somesenseof wherehiddengoalsmay be, due to the museumcurators well-
constructectentroidtours.

In Table 3, we also presentpolicy error Here,we reportthe L, error (seeSec-
tion 5.2) averagedover eachof the local computationsnadeduring a simulationrun.
What this measuress the differencebetweenthe dynamicsthat the policy will yield
andtheidealdynamics.Here,“dynamics”refersto the probability of seeingoneroom
giventhatyou arein anotherroom. In this context, L , measureshe distancebetween
whatwe want visitorsto do andwhat we canactuallygetthemto do (subjectto the
accurag of thevisitor model).In theseexperimentsywe seeareductionin theaverage
local errorasvisitorsmorewillingly follow requestsAdditionally, we seelower local
policy errorin thelow goaldensitycase.As before,this is attributableto the factthat
therearefewer goalsandthereforgfewer roomsthatareneighborof roomswith goals,
which resultsin fewer instance®f visitorsignoringthe guide's suggestionso pursue
thosegoals.

As visitors have moreautonomythey achieve moreof their goalsbecausef their
willingnessto ignorethetour guideandpursuea knowvn goal; however, this givesrise
to a tragedyof the commons:whenvisitors alwaysact only in their own immediate
interest,they endup in crowded partsof the museumesseninghe quality of the ex-
periencefor everyone. On the otherhand,if visitors alwayslisten to the tour guide,
we nd thatthey experiencdesscongestiorat the expenseof realizingfewer of their
known goals.Somevherein the middle of theseextremess a“sweetspot” wherevis-
itors exerciseenoughautonomyto implicitly expressdesiresbut listen enoughto take
adwantageof thetour guide.
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7 RelatedWork

Herewe describework relatedto both TTD-MDPsandtour guides.Much of thework
relatedto TTD-MDPs can be groupedinto two cateyories: dramamanagemenand
probabilisticpolicesfor MDPs. Work on tour guidesis basedmainly in the robotics
andubiquitouscomputingcommunities As we will shallsee thetechnicalissueghat
arisein thosecommunitiesareorthogonalo ours.

7.1 TTD-MDP RelatedWork

Using a dramamanageto guideinteractive entertainmentvas rst proposedn 1986
by Laurel [10], formalizing the idea of an agentdirecting the actionin responseo
visitor's actions. The inspirationfor TTD-MDPs was basedon a particularformal-
ism for dramamanagemenproposedy Bates[1]. It waslaterformulatedasa search
problemby Weyhrauch[21] basedon an expecti-maxgametreelik e searchover plot
point sequencesandthenreformulatedas a reinforcementearningproblemby Nel-
sonet.al.[15]. Thatwork led directly to thedevelopmenif TTD-MDPsto includethe
capabilityfor controlling variety of experience.

TTD-MDPs sharecommongroundwith work on non-deterministigoliciessuch
aslsbell et.al.'swork on Cobot[7] andLittman's work on Markov gameg13]. Addi-
tionally, theideaof usingtrajectoriedo solve for apolicy is closelyrelatedto thework
of KearnsMansouy & Ng [8] wheresampledreesof trajectoriesareusedto estimate
statesequenceandtransitionprobabilitiesin a partially obserableervironment.

7.2 Robotic Tour Guides

As robotictechnologyhasbecomencreasinglyaccessibleresearcherhave begunto
focus on robot-humaninteractionin social environments. In particular one line of
researchinvolvesthe creationof sophisticatedobotic tour guidesthat greetvisitors,
entertainthem with anticsor corversation,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 therearein navigation, lo-
calization,and speechrecognition. Our TTD-MDP basedtour guidesare carriedby
museunvisitors andthereforedo not needthelevel of situationalawarenesshat self-
navigatingrobotsdo. Thefew citationswe provide hereareintendedasanoverview of
technicalareasunderinvestigation by the roboticscommunityratherthananin depth
look attechniquesusedfor robotictour guides.For example,Prodana& Drygajlo de-
scribea systemusingBayesiarNetworksfor interpretingmultimodalsignals[17]. In
this system they attemptto fuseandinterpretsignalsfrom a laserscannercameras,
andmicrophonesn orderto give therobotanunderstandingf its ervironment. Simi-
larly, muchwork hasgoneinto the developmenif voice enablednterfacesfor robotic
tourguideg[5, 18]. Otherwork examineshe problemof determiningabsoluteposition
from sensorg$20].
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7.3 Ubiquitous Computing

Somework existsin theubiquitouscomputingcommunityon constructingnobiletour
guides.Early effortsin thisspaceeliedonwirelessnetworkingandcentralrepositories
of data[14, 16]. Subsequemesearctasfocusedalmostexclusively on contentdeliv-
ery. Speci cally, aninterestexistsin contet awareapplicationghatcansensdocation
eitherthroughuseof localizationtechnologiedike GPSor by explicit interactionwith
theuser[4].

Lastly, someadditionalresearchexists that exploresthe transitionof thesetech-
nologiesto handheldlevices[3, 2] andthetestingof thesesystemsn realworld situa-
tions. As with thework from theroboticscommunitydiscusseébore, we areunavare
of ary existing researchinto the endavmentof thesetour guideswith autonomyor
decisionmakingcapabilities.

8 FutureWork

Theapproactwe have describedereis notlimited to museuntours. For example,we
wishto explorethe applicationof this technologyto dynamicwebsiterestructuringIf
we considerasequencef pageviewsto beatrajectorythroughanMDP, we canselect
corversiongoalsandconstructa distribution over desirednavigation paths.By taking
actionsto male link positionsmoreor lessprominentwe canin uence the navigation
paththatvisitorsarelikely to take.

Additionally, we would like to apply the approachin this paperto modelsof con-
gestionin highway transportationThe samesortof tradeofs thatexist in our museum
model betweenvisitors' desireto achieve goalsand the museumcurators desireto
avoid congestionexist in transportatiorsystems. In thesesystems the individual's
desireto reacha destinationcancon ict with the group's desireto minimize traf c
congestionlmaginecarswith navigationsystemghatdirectuserson “good” routesto
their destinationswvhile tradingoff a smallamountof driving time for a large overall
dropin systemcongestion.

We alsointendto furtherexplorethetradeof betweercongestiorandthe presera-
tion of a desiredtrajectorydistribution. The covariancematrix ; from our Gaussian
mixture modelallows usto vary how stronglyour prototypetrajectoriesarepreferred
over similar trajectories Additionally, it allows usto tradeof betweercommitmento
theprototypetrajectoriesandavoidanceof congestionlnitial experimentsarepromis-
ing.

Lastly, whenan agentis tasked with interactionin a social ervironment,it must
be ableto reasomaboutits surroundingsandinteractionpartners.Whenthis interac-
tion is speci cally targetedto a human,this taskcanrapidly becomemoredif cult—
especiallygiventhatmodelsof humanbehaior arenot one-size- ts-all. In this work,
we have utilized visitor modelsthat are basedon equivalenceclasseof behaiors.
Whenusingthesemodelsin arealworld application therearetwo importantquestions
thatneedto beansweredFirst, which of theseequivalenceclassess mostappropriate
for the currentinteraction?Secondhow is the selectednodelclasstunedspeci cally
for the currentinteraction?In answeringhesetwo questionsywe nd it necessaryo
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considemnlinemodeladaption.

9 Conclusion

In this paperwe considetbuilding automatedour guidesfor visitorsto amuseumWe
attemptto provide autonomyto visitors while simultaneouslyincreasingthe quality
of their experience.We constructour tour guidesusing TTD-MDPs, whereeachtour
de nes atrajectorythatis representedby a sequencef roomsthroughthe museum.
The guidesact by sometimessuggestingnovementsto the visitors. We de ne the
TTD-MDP tamgetdistribution via a Gaussiammixture modelover distancegrom hand-
crafted prototypetrajectories. We derive a distancefunction basedon Levenshtein
edit distance.Using an online variant of the existing TTD-MDP solutiontechnique,
we obtain a probabilistic policy over actionsand apply it to simulatedvisitorsin a
simulatedmuseum.We tailor suggestionso a variety of visitor modelsthat capture
variability knowvledge,experienceandlik elihoodof listeningto suggestions.

Ourautonomousour guidesdynamicallyconstructoursonlinein responseo vis-
itor's reactiongo their suggestionsWe areableto shav thatwhenvisitors cooperate,
even only occasionally visitors achieze aboutas mary goalsas visitors who never
cooperatevhile signi cantly reducingoverall museuncongestion.

We also nd thatour tour guidesperformbestwhenvisitors occasionallychoose
to ignoretheir suggestionsThis implicit communicatiorfrom visitors givesthe tour
guidesfeedbackthat can be incorporatednto the decisionmaking processwhile re-
spectingvisitor autonomy
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