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Abstract
Recentwork on evaluationof spoken dialoguesystemssuggeststhat the informationpresentationphaseof complex dialoguesis often
theprimarycontributor to dialogueduration.This indicatesthatbetteralgorithmsareneededfor thepresentationof complex information
in speech.Currentlyhowever we lack dataaboutthe tasksanddialoguestrategieson which to basesuchalgorithms.In this paper, we
describeaWizardof Oztool andastudywhichappliesusermodelsbasedonmulti-attributedecisiontheoryto theproblemof generating
tailoredandconcisesystemresponsesfor a spokendialoguesystem.TheresultingWizardcorpuswill bedistributedby theLDC aspart
of ourwork on theISLE project.

1. Intr oduction
Recentwork on evaluating spoken dialoguesystems

suggeststhat the information presentationphaseof com-
plex dialoguesis oftentheprimarycontributor to dialogue
duration(Walker et al., 2001).During this phasethe sys-
temreturnsfrom adatabasequerywith asetof optionsthat
matchtheuser's constraints(SeeFigure1). Theuserthen
navigatesthroughtheseoptionsandre�nes themby offer-
ing new constraints.Dependingon thenumberof options
returned,andthefacilitiesprovidedfor re�nement,thispro-
cessmaybequiteonerous.Evenif thedialoguesystemhas
theability to displaysomeinformationgraphically, the in-
formationpresentationphasecanstill be quite tediousbe-
causethe userhasto browsea list or graphicalrepresen-
tationof theoptionsto accessinformationabouteachone.
Thusdialoguesystemshave a critical needfor betteralgo-
rithmsfor: (1) selectingthemostrelevantsubsetof options
to mention,and(2) choosingwhatto sayaboutthem.

One problemin developingsuchalgorithmsfor com-
plex information gatheringdialoguesis that we lack de-
tailedinformationabout(a)thetypesof tasksandthestrate-
giesemployedby userswhenseekinginformationand(b)
thetechniquesemployedby humanexpertsin providing in-
formationaboutthosecomplex domains.

The currentstudyaddressesthis problemby �rst col-

SYS: I found9 roundtrips from Hartfordto Orlandoon
October31standreturningHartfordonNovember
6th. For option1, I haveanoutbound�ight with U
S Air departingat 7 AM andarriving at 9 49 AM
non-stop.A return�ight is with U S Air depart-
ing at 10 30 AM andarriving at 12 28 AM with
1 stopover. Ticket price is 165dollars.Pleasesay
next optionor �ight detailsor i' ll take it.

USER: NEXT OPTION
SYS: For option 2, I have an outbound�ight with U S

Air departingat 3 30 PM andarriving at 6 19 PM
non-stop.A return�ight is with U S Air depart-
ing at 8 25 PM andarriving at 12 28 AM with 1
stopover. Ticket priceis 165dollars.Saynext op-
tion, or, �ight details,or, I' ll take it.

USER: NEXT OPTION
.......
Dialoguecontinuesuntil userselectsoption

Figure1: Informationpresentationphaseof aCommunica-
tor dialogue

lecting representative usertasksin the restaurantdomain,
andthencollectingsampledialoguesusingthe Wizard of
Oz technique. We develop a novel Wizard of Oz tool to
assistwith collectingsampledatain this domain.

A secondgoal of the study is to investigatethe utility



of employing a usermodelbasedon multi-attribute deci-
sion theory (Keeney andRaiffa, 1976; EdwardsandBar-
ron,1994),anddialoguestrategiesbasedontheusermodel
whenproviding informationin this domain(Careniniand
Moore, 2000; Carenini and Moore, 2001). In two dia-
logues,theWizarddialogueexploits theusermodelto gen-
erate�rst a user-tailored SUMMARY for presentingmulti-
ple restaurantoptions,followedby a user-tailoredRECOM-
MENDATION. We compareperformanceunderthosecon-
ditionswith performanceon two dialogueswheretheWiz-
ardutilizesadefaultusermodelanda SERIAL presentation
basedon thoseusedby the AT&T Communicatorsystem
in thetravel planningdomain(Levin et al., 2000),asillus-
tratedin Figure1.

The structureof the paper is as follows. Section2.
describesthe developmentand collection of usermodels
basedonmulti-attributedecisiontheory. Wealsotalk about
the elicitation procedurefor acquiringthesemodels. Sec-
tion 3. providesdetailsabouttheWizardinterfacetool that
was employed in the experimentto supportdata collec-
tion. Section4. describes:(a) theexperimentaldesign;(b)
and the tasksusedand the datacollected. Section5. de-
scribesour experimentalresults. The studywasdesigned
to achievethefollowing: (a)collectrepresentativetasksfor
a complex informationseekingdomain;(b) testtheutility
of a combinationof a usermodel/dialoguestrategy in that
domain.Thedialogueswecollectedwill bemadeavailable
aspartof theISLE program.

2. Multi-Attrib ute DecisionModels in the
RestaurantDomain

Multi-attributedecisionmodelsarebasedon thefunda-
mentalclaimthatif anything is valuedit is valuedfor more
thanonereason(Keeney andRaiffa, 1976). In the restau-
rantdomain,this impliesthata user'spreferredrestaurants
optimize a combinationof restaurantattributes. In order
to de�ne a multi-attributedecisionmodelfor therestaurant
domain,we mustdeterminetheattributesandtheir relative
value for particularusers. Edwardsand Barron describe
a procedurecalledSMARTER for eliciting multi-attribute
decisionmodelsfor particularusersor usergroups(Ed-
wardsand Barron, 1994). First, the importantattributes
in the domain, and their relationshipsto eachother, are
identi�ed. Second,thevaluesof eachattributearemapped
to single-dimensioncardinalutilities that spanthe whole
rangefrom 0 to 100. Third, a functionis de�ned thatcom-
binesthe utilities for eachattribute into an overall utility
scorefor an option. Finally, weights(or rankings)areas-
signedto eachattributethatindicatetheimportanceof that
attributeto eachuser. TheSMARTERprocedurealsospec-
i�es how to elicit theseweightsfrom usersin a way that

takeslittle timeandhasbeenshown to resultin moreaccu-
rateusermodelsthansimpleranking(EdwardsandBarron,
1994).

Theattributesin therestaurantdomainweremappedto
cardinalutilities by asimplelineartransformation.For cat-
egorical attributessuchas food type, valuesthat the user
likesgetmappedto 90, dislike valuesto 10 andotherval-
uesto 50. Thefunctionwe useto combinetheutilities is a
simpleadditive model;thevaluefor eachattribute is mul-
tiplied by its weightandall theweightedvaluesareadded
up.

To elicit the usermodels,we carriedout a telephone
interactionto get the user to rank order the attributes in
the domain. The userwas �rst asked: Imagine that for
whatever reasonyou've had the horrible luck to haveto
eatat theworst possiblerestaurant in thecity. Theprice is
100 dollars per head,you don't like the typeof food they
have, you don't like the neighborhood,the food itself is
terrible, the decor is ghastly, and it has terrible service.
Nowimaginethata goodfairy comesalongwhowill grant
you onewish, and you can usethat wish to improve this
restaurant to the bestthere is, but along only one of the
following dimensions.Whatdimensionwouldyouchoose?
FoodQuality, Service, Decor, Cost,Neighborhood,or Food
Type?Theuserwould chooseanattributeandthescenario
would be repeatedomitting thechosenattribute. Thepro-
cedurewascontinueduntil all attributeshadbeenselected,
andtook lessthan5 minutesoverall.

We elicitedmodelsin this way for 15users;themodels
arestoredin adatabasethatis accessedby theWizardpro-
gram. Five examplesof differentusermodelsare in Fig-
ure 2. The columnsshow the weightingsassociatedwith
continuousvariablesandparticularlikes/dislikesfor cate-
gorical variables.Note that for all � ve users,food quality
is important,beingthehighestor secondhighestrankedat-
tribute. Cost is alsorelatively importantfor eachof these
users,with both decorandservicebeingof lesserimpor-
tance.Overall in the15 usermodels,food quality andcost
weregenerallyamongthetopthreerankedattributes,while
therankingof otherattributessuchasdecor, service,neigh-
bourhoodandfoodtypevariedwidely.

The user model re�ects a user's dispositionalbiases
aboutrestaurantselection.Thesecanbeoverriddenby sit-
uationalconstraintsspeci�edin auserquery. For example,
asFigure2 shows, someusersexpressstrongpreferences
for particularfood types. However thesepreferencescan
beoverriddenin any particularsituationby simply request-
ing a differentfood type. Thusdispositionalbiasesnever
eliminateoptionsfrom the setof optionsreturnedby the
database,they simplyaffect therankingof options.



User Food
Quality

Service Decor Cost Nbhd FT NbhdLikes NbhdDislikes FT Likes FT Dislikes

CK 0.41 0.10 0.03 0.16 0.06 0.24 Midtown, China-
town, TriBeCa

Harlem,Bronx Indian, Mexican,
Chinese,Japanese,
Seafood

Vegetarian, Viet-
namese, Korean,
Hungarian, Ger-
man

HA 0.41 0.10 0.03 0.16 0.06 0.24 Upper West Side,
Chelsea, China-
town, EastVillage,
TriBeCa

Bronx, Uptown,
Harlem, Upper
East Side, Lower
Manhattan

Indian, Mexican,
Chinese,Japanese,
Thai

no-dislike

OR 0.24 0.06 0.16 0.41 0.10 0.03 West Village,
Chelsea, China-
town, TriBeCa,
EastVillage

Upper East Side,
Upper West Side,
Uptown, Bronx,
LowerManhattan

French, Japanese,
Portugese, Thai,
Middle Eastern

no-dislike

MSh 0.41 0.10 0.06 0.24 0.16 0.03 Flatiron, Chelsea,
WestVillage, Mid-
town East, Mid-
town West

Chinatown, Lower
EastSide,EastVil-
lage, Upper East
Side, Upper West
Side

Indian, Mexican,
Ethiopian, Thai,
French

Steakhouse, Rus-
sian, Korean, Fil-
ipino, Diner

SD 0.41 0.10 0.03 0.16 0.06 0.24 Chelsea,East Vil-
lage,TriBeCa

Harlem,Bronx Seafood, Belgian,
Japanese

Pizza,Vietnamese

Figure2: SampleUserModels:Nbhd= Neighborhood;FT = FoodType

3. Wizard Interaction Tool

The Wizard's taskof generatingdialogueresponsesin
real time basedon a speci�ed setof strategiesanda user
modelis quitedemanding.We thereforebuilt a Wizardin-
terfacebasedon XML/XSLT, to aid in datacollection.We
usedtheMATCH system(Johnstonet al., 2001)to provide
a backenddatabaseof New York restaurants.Theinterface
allows the Wizard to specifya set of restaurantselection
criteria,andreturnsalist of optionsthatmatchtheusers're-
quest.Thetool includestheappropriateusermodel,allow-
ing theWizardto identify restaurantoptionsandattributes
that areimportantto the particularuser. The Wizard uses
this information,along with a schemaof dialoguestrate-
giesto guidehis interactionwith theuserin eachdialogue.
The RECOMMEND strategy that theWizard usesin thedi-
aloguesis motivatedby usertailoredstrategiesfor thereal
estatedomaindescribedin (CareniniandMoore,2001).

Figure 3 illustratestheWizard interactiontool (WIT).
Themainfunctionof theinterfaceis to providerelevantin-
formation to allow the Wizard to quickly identify setsof
restaurantssatisfyingthe user's query, alongwith reasons
for choosingthem,while respectingthe particularprefer-
encesof thatspeci�c user. A majorconstraintonthedesign
of WIT wasto allow the usersto modify an original task
speci�cationduring thecourseof thedialoguein response
to informationprovidedby theWizard.

The tool (seeFigure 3) containsthree main panels.
The right handpanelsupportsqueryspeci�cation, allow-
ing theWizard to specifyconstraintscorrespondingto the
user's query, which in this exampleis Japanese, Korean,
Malaysianor Thai restaurants,costingbetween30-40dol-
lars, with food quality greater than 20 and serviceand
decorgreater than 15 anywhere in Manhattan. The right

handpanelcontainsradio buttonsallowing the Wizard to
specify: cost range(using one button for upper, and one
for lower limits), food quality, service,decor, cuisineand
neighbourhood.Omitting a selection(e.g.neighbourhood)
meansthatthis attributeis unconstrained,correspondingin
thiscaseto thestatementanywhere in Manhattan.

Theleft handpanelshows therestaurantssatisfyingthe
queryalongwith informationfor eachrestaurantincluding
its overall utility, andthe absolutevaluesfor food quality,
service,decorandcost. For eachattributewe alsosupply
correspondingweightedattributevalues,shown in brackets
after eachabsoluteattributevalue. The overall utility and
weightedattributesareall speci�c to a given usermodel.
The usermodel hereis the CK model from Figure2. In
this example,for the restaurantTaka,the overall utility is
75, absolutefood quality is 25 (weightedvalue 34), ser-
vice is 23 (absolute)and6 (weighted),decoris 15 (abso-
lute)and1 (weighted)andcostis 37dollars(absolute)and
10 (weighted). So the main reasonwhy CK should like
Taka,accordingto theusermodel,is that the food quality
is excellent,asindicatedby thefact that this attributecon-
tributesalmosthalf of the overall weightedutility (34 out
of 75units).

The centrepanelof Figure 3 shows speci�c informa-
tion abouttherestaurantselectedin theleft handpanel,in-
cludingits address,neighbourhood,areview andtelephone
number.

Overall the tool provides a methodfor the Wizard to
quickly identify candidaterestaurantssatisfyinga particu-
lar user'spreferences,alongwith reasons(theweightedat-
tributevalues)why theusershouldchoosethat restaurant.
TheUI alsoallows theWizardto seeat a glancethetrade-
offs betweenthe differentrestaurants,by comparingtheir



Figure3: Wizard Interfacefor userCK afterWizardentersqueryfor: Japanese, Korean,Malaysianor Thai restaurants,
costingbetween30-40 dollars, with food quality greater than 20 and serviceand decor greater than 15 anywhere in
Manhattan.

differentweightedutilities. For example,the main reason
for preferringtheGardenCafeover Takais that it hasbet-
ter serviceanddecor(asshown by the differentweighted
valuesof theseattributes).

We demonstratetheeffectsof theusermodelby show-
ing the resultsfor the samequery for the OR usermodel
from Figure 2. SeeFigure 4. The differentusermodel
leadsall weightedutilities to change,causinga changein
theorderingof theoverall setof options. In Figure 3, the
highestrankedrestaurantwasGardenCafe,mainlybecause
of its goodfoodquality (theattibutemosthighly valuedby
userCK). In contrastin Figure 4, thehighestrankedrestau-
rantis Junnosbecauseof its reasonablecost,costbeingthe
mosthighly valuedattributefor userOR.

As mentionedabove, WIT also allows the Wizard to
straightforwardly changethe queryto addor remove con-
straints.Figure5 shows theresultsof modifying theorigi-
nal queryfor userOR sothatthepricecannow bea maxi-

mumof 70 dollars,andthefood typecanalsobeSeafood.
Notethatmany moreoptionsarenow madeavailable.

4. Experimental Method
Therewerefour partsto thestudy: (a) generatingrep-

resentative domaintasks(b) acquiringusermodels(c) de-
signingdialoguestrategiesthat the Wizard could perform
in real time thatmadegooduseof theusermodel;and(d)
collectingsampledialoguesto testingtheutility of theuser
model/dialoguestrategy combination.

Our procedurewasasfollows. We told usersthat they
would be interactingwith a Wizard (referredto as“Mon-
sieurCroque”),who would simulatethe functionality and
strategiesof the real dialoguesystem. We told themthat
the Wizard hadaccessto informationaboutthousandsof
restaurantsin the New York area,derived from Zagatsre-
views including the following typesof information: food
type, food ratings,locations,prices,service,decor, along



Figure4: Wizard Interfacefor userOR afterWizardentersqueryfor: Japanese, Korean,Malaysianor Thai restaurants,
costingbetween30-40 dollars, with food quality greater than 20 and serviceand decor greater than 15 anywhere in
Manhattan.

with restaurantreviews that are compositesof comments
madeby differentZagatsurvey participants.

4.1. GeneratingRepresentativeTasksand Acquiring
UserModels

Wegave15usersanillustrativeexampleof theinforma-
tion availablefor all restaurantsandaskedthemto generate
two sampletaskscenarios,accordingto the following de-
scription: A scenarioshouldbe a descriptionof a set of
characteristicsthatwouldhelpMr. Croque�nd a smallset
of restaurantsthatwouldmatch yourdescription.Our goal
is to examinethe processby which you and Mr. Croque
jointly identifya restaurantthatyouwantto eatat soplease
do not selecta particular restaurant in advance. The ini-
tial instructionsandscenariogenerationwerecarriedout in
email.Fifteenusersrespondedwith sampletaskscenarios.
Two suchtasksarein Figure6; a sampledialoguefor the
CK taskis in Figure8.

4.2. Wizard DialogueStrategy

We now describethe strategiesinvestigatedin our ex-
periment. The goal of a SUMMARY strategy is to provide
anoverview of therangeof overallutility of theoptionset,
alongwith thedimensionsalongwhich thatsetdiffer with
respectto their attributevalues.Theaim is to inform users
aboutboth the rangeof choices,along with the rangeof
reasonsfor making thosechoices. After enteringa query
correspondingto theuser's choicein WIT, theWizardex-
aminesthe userselectedsetof restaurantsanddetermines
which attributeshave thesamevaluesandwhich attributes
have different values. Then he statesthe ways in which
the restaurantsaresimilar or different. The RECOMMEN-
DATION thendescribesthe �rst restaurantincludingall at-
tributesthat have not beenmentionedso far. The tailored
strategiesareappliedwith therelevantusermodel.

The Zagatattributesareon a scaleof 1-30. The Wiz-



Figure5: WizardInterfacefor expandedqueryof costup to $70andSeafoodfoodtypefor theORuser

ard'sdialoguestrategy lexicalizestheabsolutevaluesin or-
der to increasecomprehensibility. We lexicalisedthemas
follows: 26-30excellent; 21-25very good; 16-20decent;
11-15poor. We did not lexicaliseprice insteadusingab-
solutevalue, as therewas little agreementabouthow to
describecostamongpilot subjects.Two restaurantswere
judgedto have the samevalue for a given attribute if the
attributehadthesamelexicalisation.Wedid notmakesim-
ilarity judgmentsaboutprice.

Hereis anexampleof a SUMMARY followedby a REC-
OMMEND: There are 20 (if more than 20, say “many”)
restaurantsthat satisfyyour criteria. The�r st threehave
decentdecor, but differ in food quality, serviceand cost.
The �r st one I haveis the GardenCafe, which is in mid-
towneast.It' s Japanese, it hasverygoodfoodandservice
andthecostis 38dollars.

We contrastedthis with the SERIAL strategy applied
with a default usermodelderived by combiningthe aver-
ageweightsfor the15 usermodelswe collected.The SE-
RIAL strategy speci�edthenumberof restaurantssatisfying

thequery, andthenstatedtheattributesin sequence,stating
positivebeforenegativevaluesandaggregatingacrossthese
wherepossible:There are 18 restaurantsthat satisfyyour
criteria, the �r st oneis Nyona,which is in Chinatown,it' s
southeastasian,thefoodquality is verygood,althoughthe
decorandservicearepoor. Thecostis 21dollars.

4.3. Collecting SampleDialogues

Six subjectsparticipatedin theWizarddialoguecollec-
tion experimentresultingin acorpusof 24dialogues.All of
thesubjectswerefamiliar with Manhattanrestaurants.We
�rst examinedthe30 typical tasksgeneratedby our users.
By identifying the commoncharacteristicsof theseuser-
generatedtasks,we generatedtwo furthercontroltasksfor
thedomain. Eachuserparticipatedin four tasks,two that
they hadgeneratedthemselvesandtwo control tasks. We
usedthiscombinationof user-generatedandcontroltasksto
combineecologicalvalidity while controllingfor taskvari-
ability. User-generatedtaskshave the advantageof being
both real and motivating, i.e. they are problemsthat the



USER TASK
MS We want to go to the Indian restaurantwith the best

cuisineandthe bestservicein walking distanceof the
Broadwaytheaterdistrict. Wecan't eatbefore6,andwe
needto beableto leave therestaurantby 7:30to make
an8 p.m. show nearTimesSquare.DonandI will both
arrive separatelyvia subway, so transportationisn't an
issue.We'rewilling to payup to $50eachfor themeal,
includingdrinks.

CK I'm going to seethe play Chicagoon May 19. It is at
the ShubertTheatre. I'm going to the matinee.Since
this is a birthdaycelebration,we want to go out for an
early dinnerafterwards. I think a Frenchrestaurantin
walking distancefrom therewould benice.My friends
arewine experts,so it would be good if therewasan
impressive wine selection. I'm not too worried about
theprice,but I don't wantto haveto mortgagemy house
for this meal.

Figure6: Two SampleTasksfrom UsersMS andCK

usergenuinelywantsto solve. At thesametime, however
therewasa greatdealof variability in thecomplexity and
numberof solutionsto theseuser-generatedtasks,andwe
wantedto beableto controlfor this.

The underlyingmodel and Wizard strategy were also
varied; each user carried out two tasks with their own
user model, and the tailored SUMMARY and RECOM-
MEND dialoguestrategies. Eachuseralsocarriedout two
taskswith the default usermodel and the SERIAL strat-
egy. Model/strategy andtaskprovenancewerecrossedso
that eachuseroverall received four tasks: self-task/own
model/tailoredstrategy, self task/defaultmodel/serialstrat-
egy, control task/own model/tailored strategy, control
task/default model/serialstrategy. Userscarried out the
four tasksin two separatesessions.Task order was ran-
domisedbut eachsessionincludedoneuser-generatedand
onecontrol task,oneown model/tailoredstrategy andone
defaultmodel/serialstrategy.

A sampledialogueillustratinga control taskof Find a
restaurant in the West Village usinga strategy tailored to
userHA is in Figure 7. Theusermodelfor userHA is in
Figure 2. Thisdialogueillustratestheuseof theusermodel
andtherequirementsfor theWizardinterface.Forexample,
Figure 2 showsthatuserHA typically likesJapanesefood,
thus the most highly ranked restaurant�rst mentionedto
this useris a Japaneserestaurant.However, theuserspeci-
�es asituationalbiasagainstJapanesebecausehehaseaten
Japanesefood recently. Later in the dialoguehe saysthat
hehasbeeneatingtoomuchItalianfoodlately. WIT allows
theWizardto specifywhattypeof cuisineis not desiredas

Wiz: I' ve actually got, erm, a large numberof restaurants,
againthis timeabout,50 I' d say, erm

HA: do you know thelocationof theLucille Lortel theatre?
I shouldknow I' ve just beenata play there.

Wiz: its on, erm, its between6 and 7th avenueson, is it
Nicholas?Christopher.

HA: oh its, I seeyes.Right yes,I know whereit is.
Wiz: erm,soits westvillage,right, westof westvillage.
HA: right
Wiz: so I have erm, the top threerestaurantsareerm again

very similar in dcor, they have different food qual-
ity serviceand cost. And the �rst one I have is er a
Japanesein the westvillage, erm, very goodfood and
service,erm,thecostis $37.

HA: ok, sinceI just hadJapanese
Wiz: you don't wantJapanese?
HA: I think I' ll wantsomethingdifferenttoday.
Wiz: ok. erm, so I' ve now got about40 erm, the top three

on this occasion,erm, all have very similar decor, but
they have differentfood quality, serviceandcost,erm,
thetoponeis erm,MexicanaMama,erm,whichis west
villageMexican/Tex/mex whichhaser verygoodfood,
erpoordecor, sorryverygoodservice,andermthecost
is $26. The next oneis the PearlOysterBar which is
againwest village, it' s a seafoodrestaurantexcellent
quality food,erm,decentservice,costis $34.

HA: canyou readthe review for that - doesit sayanything
abouthow freshtheseafoodis?

Wiz: its just a marblecounterwith a few small tables,but
Pearlhaswon over its neighbourhoodwith its casual
charm,andMaineinspiredseafood.

HA: hmmthat's Maineasin thestate?
Wiz: yes. erm the next oneis erm, calledthe Blue Ribbon,

ermthis is againwestvillage, it' sanew Americanwest
with er very good food andservice,the cost is $45 a
head.Do you wantto hearsomemore?

HA: well, ok, I actuallyI think thatI liketheerm,theOyster,
Wiz: ok, thePearlOyster

Figure7: Excerptfrom theWizardDialoguewith userHA,
TailoredStrategy, for theWestVillage task

well aswhattypesaredesiredin orderto beableto quickly
modify thequeryfor situationssuchasthese.

A dialogueillustrating the CK task in Figure 6 with
the default usermodel and the SERIAL dialoguestrategy
is in Figure 8. This dialogueillustratesissueswith what
informationtheWizardhadavailableandtheuser's under-
standingof thesystem's capabilities.Theuseris trying to
�nd aFrenchrestaurantfor herfriendswhoarefoodsnobs.
Shewould liketo hearaboutthemenuandwinelist but this
informationis notavailable.TheWizardoffersthathedoes



Wiz: So thereareapproximately20 restaurantsthat satisfy
the criteria that you speci�ed. The �rst one is called
Lespinasseandit' sa Frenchrestaurantin midtown east
which hasexcellentfood dcorandserviceandthecost
is $86.

CK: doyou have any samplemenusor anything?
Wiz: I amsorry, I have no samplemenus.
CK: arethey known for their wine list?
Wiz: againI amsorryI haven't got thatinformation.
CK: ok canyou tell meaboutanotherrestaurantthen?
Wiz: I dohave, I do have reviews.
CK: for thatLespinasserestaurant.
Wiz: yes.
CK: canyou readmethereview or partof it?
Wiz: Themuch-celebratedGrayKunzhasdeparted,leaving

themoretraditionalChristianLouvrier at his placebe-
hind thestove.

Wiz: that's it.
CK: (laughs)ok. Tell meaboutanotherrestaurant
Wiz: ok thenext restaurantis calledLa Grenouille,it' sagain

aFrenchrestaurant.Againit' sin midtown east,thefood
quality decorandserviceareall excellent the cost of
this oneis $80.

CK: ok do you have menusor reviews for thisone.
Wiz: the review says: Gorgeous�o wers, �ne service,rich

peopleandamenuwrittenentirelyin French.
CK: I think thatyou needbetterbetterreviews. They don't.

ok thefoodwasexcellentin boththoseplaces.Canyou
tell meaboutcanyoutell mehow far thosearefrom the
Shuberttheatre?

Wiz: That's 8 blocks.
CK: 8 blocks so that's great. Ok. Do you have anything

that's tell meaboutthebestrestaurantthatyouhave.
Wiz: thebestrestaurantalongwhatdimension?
CK: erm
Wiz: in termsof foodquality, cost..
CK: food quality
Wiz: ok, ermthebestquality restaurantis er Lespinasse
CK: ok Lespinasse,that's the �rst one that you told me

about.
Wiz: yes
CK: ok, erm,thenI'm happy with thatone.

Figure8: Excerptform theWizardDialoguewith userCK,
DefaultStrategy, CK Taskfrom Figure 6

have reviews, but a little later, shesaysthatbetterreviews
areneeded.The dialoguealso illustrateshow the Wizard
neededaccessto distanceinformation. The real MATCH
systemcan do suchcalculations,but this was not imple-
mentedin WIT. TheWizardkepta mapof New York City
next to him during the dialogueinteractions,and tried to
quickly makesuchcalculations.

For eachdialoguewe collectedboth quantitative and
qualitative data. We collected quantitative information
aboutthenumberof turns,wordsanddurationof eachdia-
logue. After eachdialoguewascompleted,theuserswere
askedto completea survey. Thesurvey �rst requestedthe
usersto give permissionfor their dialoguesto becomepart
of a public corpusso they canbedistributedaspartof the
ISLE project.Thenthey wererequiredto statetheir degree
of agreementon a 5 point Likert scalewith threespeci�c
statementsdesignedto probetheirperceptionof their inter-
actionwith theWizard(Mr. Crocque):(1) I feel con�dent
that I selecteda good restaurantin this conversation;(2)
Mr. Crocquemadeit easyto �nd a restaurantthatI wanted
to go to; and(3) I' d like to call Mr. Crocqueregularly for
restaurantinformation.

5. Results

5.1. Quantitati veResults

Our resultswere as follows. First, we looked at the
effects of the User Model/DialogueStrategy on objec-
tive measuressuch as dialoguelength and time to solu-
tion. Having the User Model/DialogueStrategy did not
affect the number of turns (respective meansfor User
Model/DialogueStrategy andDefault Model/ SerialStrat-
egy were41 and49, t test,ns)or words(respective means
478 and461) in the dialogue,andtherewerealsono dif-
ferencesin time to solution(7.7 mins and6.3 minutesre-
spectively). It wasobvious however that therewerehuge
amountsof variancein thesemeasures,dueto thefactthat
usertaskshadvery differentcomplexity. Part of this was
dueto thenatureof thescenarioschosen.Someusertasks
hadnosolutionin thedatabase(e.g.highqualityfood,for a
very low price),othershadmany solutions(Italian food in
GreenwichVillage). This led to extremelylong dialogues
for differentreasons,eitherto modify theoriginalscenario,
sothatat leastonesolutionwaspossible,or to constrainthe
queryto reducethesizeof theoriginal hugeset. Because
of thelargevariancein usergeneratedtasks,we conducted
asecondanalysiswhich includedonly controltasks.Again
however, therewereno differencesresultingfrom theUser
Model/DialogueStrategy.

Therewas,however, onedifferencefollowing from pro-
viding theUserModel/DialogueStrategy. TheUserModel
ledusersto takeamoreactiverole in negotiatingsolutions.
The UserModel led themto offer moreconstraintsto the
Wizard abouttheir desiredsolution(respective meansfor
UserModel/DialogueStrategy andDefault Model/ Serial
Strategy were2.1and1.2,t test,signi�cant).



5.2. Qualitati veResults

Wealsolookedattheeffectsof theUserModel/Tailored
Strategy on people's perceptionsof the system. Again
therewerefew differences,in (a) their con�dencethatthey
hadselecteda goodrestaurant(respective meansfor User
Model/TailoredStrategy andDefault Model/ Serial Strat-
egy were 3.9 and 3.9, t test, ns), (b) their belief that the
Wizard madeit easyto �nd a goodrestaurantor (respec-
tive meansfor User Model/TailoredStrategy and Default
Model/ SerialStrategy were3.7 and3.9, t test,ns) (c) that
they would usethe systemregularly for restaurantinfor-
mation(respectivemeansfor UserModel/TailoredStrategy
andDefaultModel/ SerialStrategy were3.8and3.2,t test,
ns). Again we conducteda secondanalysisexclusively for
controltasksalone,but foundnodifferences.

Despitethe failure of our strategy manipulation,there
weresomesigni�cant relationshipsbetweenobjective and
subjective measures.Userswho took longer to complete
their taskthoughtthattaskswereharder(R=0.48,p=0.02),
and peoplewho had more verbosedialogueswere less
likely to think thatthey wouldwantto usethesystemagain
(R=0.39,p � 0.05).

Usersalsomadeanumberof commentsaboutthestrate-
gies.Ourstrategieswereexhaustive in thatthey mentioned
every attribute in the database.Oneusercommentedthat
he wanteda moretersesummary:onethat only included
attributesthat wereimportantto him. For example,since
he did not careaboutdecor, therewas little point in pro-
viding him informationaboutthis. Two userswereunsure
abouthow interactive they couldbe.They commentedthat
they did not know whetherthey couldinterrupttheWizard
to askfurtherquestionsor to addconstraints.Anotheruser
alsowantedthesystemto makestatementsaboutmetadata,
informing her aboutwhat the systemknew aboutso that
shecouldconstrainherquestionsto thesetopics.Oneuser
alsowantedthesystemto retaina historyof prior interac-
tions,suchasrememberingthefactthatshehadbeenthere
before.Severalusersalsofelt thatoutputcouldhave been
clusteredin waysthat would have madeit easierto com-
prehend,suchasby classifyingsetsof viablerestaurantsin
termsof food type.

Finally therewereanumberof commentsaboutthecov-
eragethatthesystemoffered.Oneusernotedthatthesys-
tem did not containinformationaboutspeci�c restaurants
that sheknew aboutand liked, and that this undermined
her belief in the “system”. Anotherusercommentedthat
therewasotherusefulinformation,thatshewantedto know
abouttherestaurant,suchaswhetheror not it tookreserva-
tionsor whatthewine list waslike (SeeFigure 8). Others
wanteddirectionsto restaurantsfrom theircurrentlocation.
Several usersplacedgreatemphasison the restaurantre-

views, andcommentedthat the reviews were too short to
allow reasoneddecisionsto be made. However as imple-
menterswe hadno control over the information that was
availableasthiswasextractedautomaticallyfrom available
onlinedata.Wehave,however, addedsupportfor directions
androute�nding in ourworking MATCH system.

6. Conclusionsand Future Work
In conclusion,wehavecollected30representativetasks

and 24 dialoguesfor a complex information seekingdo-
main. We alsohave usermodelsfor 15 usersin that do-
main. Theseresourceswill be madeavailable as part of
theISLE project.Wealsodevisedausefultool for support-
ing Wizardof Ozstyledatacollection,thatembodiesuser's
speci�c preferences.This shouldsupportthecollectionof
further datain this, andwith suitablemodi�cations, other
domains.

Our main experimentalmanipulation was not com-
pletely successful:several of our predictedeffects were
not supportedby our data. Neverthelesswe did observe
someinteresting�ndings: Usersweremoreproactivewith
the Own Model/Tailoredcombination,andwe alsofound
correlationsbetweentask length and task complexity, as
well asbetweenverbosityandlikelihoodof futureuse.The
qualitative commentshave alsobeenusefulfor the further
developmentof boththeMATCH systemandthestrategies
implementedin it.

Thereare several possiblereasonsfor the lack of ob-
servedeffectswhich we areinvestigatingin currentwork.
Firstweonly ranasmallnumberof subjects.Second,given
the small numberof subjects,the default usermodelmay
have beentoo closeto somesubject's models. In our cur-
rent studywe aremanipulatingthe distancebetweenuser
modelsin orderto determinehow similar two modelshave
to be to affect user's perceptionsof the system's response
strategy. Finally, therearemany tailoredstrategiesthatcan
beimplemented.Here,we wereconstrainedto experiment
with strategiesthat the Wizard could producein real time
given the current versionof WIT. We believe that a fu-
tureversionof WIT coulddomoreusermodelcalculations
and provide more help to the Wizard, enablingus to ex-
perimentwith morecomplex tailoredstrategies. In current
work, we are running an automated,non-interactive ver-
sionof theexperimentcomparingmultiplestrategies(com-
pare,summarise,recommend)for text andspeechpresenta-
tion for a largernumberof users.
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