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Abstract

In the currentwork, we focuson systemshat
provide incrementaldirections and monitor
the progressof mobile usersfollowing those
directions. Suchdirectionsare basedon dy-
namicquantitiedik ethevisibility of reference
points and their distancefrom the user An
intelligent navigation assistantnight take ad-
vantageof the users mobility within the set-
ting to achieve communicatve goals,for ex-
ample, by repositioninghim to a point from
which a descriptionof the targetis easierto
produce. Calculatingspatialvariablesover a
corpusof human-humardata developedfor
thisstudy wetrainedaclassi erto detectcon-
texts in which a target object can be felici-
tously described.Our algorithm matchedthe
humansubjectswith 86% precision.

1 Intr oduction and Related Work

Dialog agentshave beendevelopedfor a variety of
navigationdomainssuchasin-cardriving directions
(Daleetal.,2003),touristinformationportals(John-
stonetal., 2002)andpedestriamavigation (Muller,
2002). In all theseapplicationsthe humanpartner
recevesnavigationinstructionsfrom a system.For
thesedomains,contetual featuresof the physical
settingmustbe taken into accountfor the agentto
communicatesuccessfully

In dialog systemspne misunderstandingan of-
tenleadto additionalerrors(Moratz and Tenbrink,
2003), so the systemmust stratgically choosein-
structions and referring expressionsthat can be
clearly understoodby the user Humancognition
studieshave found that the in front of/behindaxis
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is easierto perceve thanotherrelations(Bryant et
al., 1992).In navigationtasks this suggestshatde-
scribingan objectwhenit is in front of the follower
is preferableto usingotherspatialrelations.Studies
ondirection-gving languagehave foundthatspeak-
ersinterleare repositioningcommandge.g. “Turn
right 90 degrees”) designatingobjects of interest
(e.g. “Seethatchair?”) andactioncommandge.g.
“Keepgoing”)(Tverslky andLee, 1999). The con-
tentplannerof a spolen dialog systemmustdecide
which of thesedialogmovesto produceateachturn.
A routeplanis alinkedlist of arcsbetweemodes
representinglocations and decision-pointsin the
world. A direction-gving agentmustperformsev-
eral content-planningnd suriacerealizationsteps,
one of which is to decidehow much of the route
to describeto the userat once (Dale et al., 2003).
Thus,the systemselectsthe next target destination
and mustdescribeit to the user In an interactve
system,the generationagentmust not only decide
whatto sayto theuserbut alsowhento sayit.

2 Dialog Collection Procedure

Ourtasksetupemplgs avirtual-reality (VR) world
in which one partney the direction-follaver (DF),
moves aboutin the world to perform a seriesof
tasks, such as pushing buttons to re-arrangeob-
jectsin the room, picking up items, etc. The part-
ners communicatedhrough headsetmicrophones.
Thesimulatedvorld waspresentedrom rst-person
perspectie on a desk-topcomputermonitor The
DF hasno knowledgeof theworld mapor tasks.
His partney the direction-gver (DG), hasa paper
2D mapof theworld andallist of tasksto complete.
During the task, the DG hasinstantfeedbackabout



videoframe:00:13:16

00:13:16'keepgoingforward”

DG: ok, yeah,gothroughthatdoor [D9, locate]
tur n to your right
‘'mkay, andtheresa door[D11, vague]
in there um, go throughtheone
straightin frontof you [D11, locate]
ok, stop...andthentur n around and look at
the buttons [B18,B20,B21]
ok, youwannapushthe buttonthat's there
ontheleft by thedoor [B18]
ok, andthengo throughthe door [D10]
look to your left
there,in that cabinetthere [C6, locate]

Figure2: Sampledialogfragment

the DF's locationin the VR world, via mirroring of
his partners screenon his own computermonitor
TheDF canchangehis positionor orientationwithin
the virtual world independentlyof the DG's direc-
tions, but sincethe DG knows thetask,their collab-
orationis necessaryin this study we aremostinter
estedn the behaior of the DG, sincethealgorithm
we developemulateghisrole. Our paid participants
wererecruitedin pairs,andwereself-identi ed na-
tive speakrsof North AmericanEnglish.

Thevideooutputof DF's computemwascaptured
to acameraalongwith the audiostreamfrom both
microphones.A log le createdby the VR engine
recordedthe DF's coordinatesgazeangle,andthe
positionof objectsin theworld. All 3 datasources
were synchronizedusing calibration marlers. A
technicalreportis available (Byron, 2005) that de-
scribegherecordingequipmentindsoftwareused.

Figure 2 is a dialog fragmentin which the DG
steerdhis partnerto a cabinetusingbotha sequence
of tamget objectsand threeadditionalrepositioning
commandg(in bold) to adjusthis partners spatial
relationshipwith thetamget.

2.1 Developingthe Training Corpus

We recorded fteen dialogs containinga total of
221 minutesof speech.The corpuswastranscribed
andword-aligned. The dialogswere further anno-

videoframe:00:15:12

00:14:05"0k, stop”
00:15:20turn right”
Figurel: An examplesequencavith repositioning

videoframe:00:17:07

00:17:19:"and go throughthat door
[D6]11

tatedusing the Anvil tool (Kipp, 2004)to createa
setof tamget referring expressions.Becausewe are
interestedin the spatial propertiesof the referents
of thesetamet referring expressionsthe itemsin-
cludedin this experimentwererestrictedto objects
with a de ned spatial position (buttons, doorsand
cabinets) We excludedplural referringexpressions,
sincetheir spatialpropertiesaremorecomple, and
alsoexpressionsannotatedasvague or abandoned
Overall, the corpuscontains1736 markableitems,
of which 87 wereannotatedsvague 84 abandoned
and228sets.

We annotatedeachreferring expressionwith a
boolearfeaturecalledLocate thatindicatesvhether
the expressionis the rst onethat allowed the fol-
lower to identify the objectin the world, in other
words,the pointatwhich joint spatialreferencevas
achieved. The kappa(Carletta,1996) obtainedon
this featurewas0.93. Therewere466 referringex-
pressiondn the 15-dialog corpusthat were anno-
tatedTRUE for this feature.

Thedatasetisedn theexperimentss aconsensus
versionon which both annotatorsagreedon the set
of markables.Dueto the constraintsntroducedby
thetask,referentannotatiorachiezed almostperfect
agreementAnnotatorswereallowed to look ahead
in thedialogto assigrthereferent. Thedatausedin
the currentstudyis only the DG's language.

3 Algorithm Development

Thegeneratioomodulerecevesasinputarouteplan
producedby a planningmodule,composedf a list
of graphnodeghatrepresentheroute.As eachsub-
sequentarget on the list is selected contentplan-
ning considersthe tuple of variables ID, LOC

wherelD is anidenti er for thetamgetandLOC is
theDF'slocation(his Cartesiarcoordinatesndori-
entationangle). Tamget ID's are always objectid's
to bevisited in performingthe task,suchasa door



=Visiblearea( )

= Angleto tamget

= distanceo tamget
In this scene:
Distractors= 5

B1,B2,B3,C1,D1
VisDistracts=s 3 B2,B3,C1
VisSemDistracts 2 B2,B3

Figure3: An examplecon gurationwith spatialcontext fea-
tures.Thetametobjectis B4 and[B1, B2, B3,B4,C1,D1] are
perceptuallyaccessible.

thatthe DF mustpassthrough. The VR world up-

datesthe value of LOC at a rate of 10 frames/sec.

Using thesevariables the contentplannermustde-
cidewhethertheDF's currentiocationis appropriate
for producinga referringexpressiorto describethe
object.

Thefollowing featuresarecalculatedrom thisin-
formation: absoluteAngle betweentarget and fol-
lower's view direction,whichimplicitly givesthein
front relation, Distancefrom target, visible distrac-
tors (VisDistracts), visible distractorsof the same
semanticcategory (VisSemDistract$, whetherthe
tamgetis visible (booleanVisible), andthe tamget's
semanticcateyory (Cat: button/door/cabiet). Fig-
ure 3 is anexamplespatialcon guration with these
featuresdenti ed.

3.1 DecisionTreeTraining

Training examplesfrom the annotationdataare tu-
plescontainingthe ID of the annotatedlescription,
the LOC of the DF atthatmoment(from theVR en-
ginelog), anda classlabel: eitherPositve or Nega-
tive. Becauseve expectsomeateny betweerwhen
the DG judgesthat a felicity conditionis met and
when he bagins to speak,ratherthan using spatial
contet featureghatco-occurwith the onsetof each
description,we averagedthe valuesover a 0.3 sec-
ondwindow centeredatthe onsetof the expression.
Negative contets are dif cult to identify since
they often do not manifestlinguistically: the DG
maysaynothingandallow theuserto continuemov-
ing alonghis currentvector or hemayissueamaove-
mentcommand.A minimal criterionfor producing
anexpressiorthatcanachiese joint spatialreference
is that the addresseenust have perceptuakhccessi-
bility to theitem. Thereforenegatie trainingexam-
plesfor thisexperimentwereselectedrom thetime-

periodsthat elapsedbetweenthe follower achie/-
ing perceptuabccesgo the object(cominginto the
sameroomwith it but not necessarilyooking atit),
but beforethe Locatingdescriptionwasspolen. In
thesenggative exampleswe considetthebasicfelic-
ity conditionsfor producinga descriptve reference
to the objectto be met, yetthe DG did not produce
adescription.The datasebf 932 training examples
wasbalancedo contain50% positve and50% neg-
ative examples.

3.2 DecisionTreePerformance

This evaluationis basedon our algorithms ability
to reproducethe linguistic behaior of our human
subjectswhich maynotbeidealbehaior.

The Wekd toolkit was usedto build a decision
tree classi er (Witten and Frank, 2005). Figure 4
shaws theresultingtree. 20% of the exampleswere
held out astestitems,and80% wereusedfor train-
ing with 10 fold crossvalidation. Basedon training
results thetreewasprunedto a minimum of 30in-
stanceser leaf. The nal treecorrectlyclassi ed

of thetestdata.

The numberof positve and negative examples
wasbalancedsothe rst baselinds 50%. To incor
poratea moreelaboratebaselinewe considetthata
descriptionwill bemadeonly if the referentis visi-
ble to the DF. Marking all casesvherethe referent
wasvisible asdescribe-idandall theotherexamples
asdelay gives a higherbaselineof 70%, still 16%
lower thantheresultof our tree?

Previous ndings in spatialcognitionconsideran-
gle, distanceandshapeasthe key factorsestablish-
ing spatialrelationshipgGapp,1995),theanglede-
viation beingthe mostimportantfeaturefor projec-
tive spatialrelationship.Our algorithmalsoselects
Angle and Distanceasinformative features.Vis-
Distracts is selectedasthe mostimportantfeature
by the tree, suggestinghat having a large number
of objectsto contrastmakesthe descriptionhardey
whichis in syncwith humanintuition. We notethat
Visible is not selectedput that might be dueto the
factthatit reducedo Angle . In termsof the
referringexpressiorgeneratioralgorithmdescribed
by (ReiterandDale,1992),in which thedescription
whicheliminateshemostdistractorss selectedour

hitp:/iwww.cs.waikato.ac.nz/ml/weka/
Znotall positive exampleswerevisible



resultssuggesthatthe humansubjectschoseto re-
ducethesizeof thedistractorsetbeforeproducinga
description presumablyn orderto reducethe com-
putationalloadrequiredto calculatethe optimalde-
scription.

VisDistracts <=3
Angle <= 33
| Distance <=154: describe-id (308/27)
| Distance > 154: delay (60/20)

| Distance <= 90

| Distance
VisDistracts

Angle <=83:describe-id(79/20)
Angle > 83: delay (53/9)
>90: delay(158/16)
> 3. delay (114/1)

I
I
|
| Angle > 33
I
|
|
I

Figure4: Thedecisiontreeobtained.

Class Precision| Recall | F-measure]
describe-id 0.822 0.925 0.871
delay 0.914 0.8 0.853

Tablel: DetailedPerformance

The exact valuesof featuresshavn in our deci-
siontreearespeci c to our ervironment. However,
thefeatureshemselesaredomain-independeiaind
arerelevantfor ary spatialdirection-gving task,and
their relatve in uence over the nal decisionmay
transferto a nev domain. To incorporateour nd-
ingsin asystemwe will monitorthe users context
andplanadescriptioronly whenourtreepredictsit.

4 Conclusionsand Futur e Work

We describean experimentin contentplanningfor
spolen dialog agentsthat provide navigation in-
structions. Navigation requiresthe systemandthe
userto achieve joint referenceo objectsin the ervi-
ronment. To accomplishthis goal humandirection-
giversjudgewhethertheir partneris in anappropri-
atespatialcon gurationto comprehend reference
spolento anobjectin thescenelf not, onestratgy
for accomplishingdhecommunicatie goalis to steer
their partnerinto a positionfrom which the objectis
easierto describe.

The algorithmwe developedin this study which
takesinto accountspatialcontet featuregeplicates
our humansubjects decisionto producea descrip-
tion with 86%, comparedo a 70% baselinebased
on the visibility of the object. Althoughthe spatial
detailswill vary for other spolen dialog domains,
theprocesslevelopedin thisstudyfor producingde-
scriptiondialogmovesonly atthe appropriatéimes

shouldbe relevant for spolen dialog agentsoperat-
ing in othernavigationdomains.

Building dialogagentdor situatedtasksprovides
a wealthof opportunityto studythe interactionbe-
tweencontet andlinguistic behaior. In thefuture,
the generationprocedurefor our interactve agent
will befurtherdevelopedin areassuchasspatialde-
scriptionsand surfacerealization. We also plan to
investigatewhetherdifferentobjecttypesin the do-
main requiredifferential processingas prior work
on spatialsemanticsvould suggest.
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