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Abstract
Recentwork on evaluationof spolen dialoguesystemssuggestshatthe informationpresentatiorphaseof complex dialoguess often
theprimarycontritutorto dialogueduration. This indicateshatbetteralgorithmsareneededor the presentatioof comple information
in speech.Currentlyhowever we lack dataaboutthe tasksanddialoguestratgieson which to basesuchalgorithms. In this paper we
describea Wizardof Oz tool anda studywhich appliesusermodelshasedn multi-attribute decisiontheoryto the problemof generating
tailoredandconcisesystenresponsefor a spolendialoguesystem.TheresultingWizard corpuswill bedistributedby the LDC aspart

of ourwork onthe ISLE project.

1. Intr oduction

Recentwork on evaluating spolen dialogue systems
suggestghat the information presentatiorphaseof com-
plex dialoguess oftenthe primary contributor to dialogue
duration(Walker et al., 2001). During this phasethe sys-
temreturnsfrom adatabasguerywith asetof optionsthat
matchthe users constraintSeeFigure1). The userthen
navigatesthroughtheseoptionsandre nes themby offer-
ing new constraints.Dependingon the numberof options
returnedandthefacilitiesprovidedfor re nement,thispro-
cesgnaybequiteonerousEvenif thedialoguesystemhas
the ability to displaysomeinformationgraphically thein-
formationpresentatiorphasecanstill be quite tediousbe-
causethe userhasto browsea list or graphicalrepresen-
tation of the optionsto accessnformationabouteachone.
Thusdialoguesystemshave a critical needfor betteralgo-
rithmsfor: (1) selectinghe mostrelevantsubsebf options
to mention,and(2) choosingwhatto sayaboutthem.

One problemin developing suchalgorithmsfor com-
plex information gatheringdialoguesis that we lack de-
tailedinformationabout(a) thetypesof tasksandthestrate-
giesemployed by userswhenseekinginformationand (b)
thetechniqgueemployedby humanexpertsin providing in-
formationaboutthosecomplex domains.

The currentstudy addressethis problemby rst col-
lecting representatie usertasksin the restaurantiomain,
andthen collecting sampledialoguesusing the Wizard of
Oz technique. We develop a novel Wizard of Oz tool to
assistwith collectingsampledatain this domain.

A secondgoal of the studyis to investigatethe utility
of employing a usermodel basedon multi-attribute deci-
siontheory (Keeng and Raiffa, 1976; Edwardsand Bar-
ron,1994),anddialoguestratgiesbasedn theusermodel
when providing informationin this domain(Careniniand

SYS: | found9 roundtrips from Hartfordto Orlandoon

October31standreturningHartfordon November

6th. For option1, | have anoutboundight 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 stopwver. Ticket priceis 165dollars. Pleasesay

next optionor ight detailsori'll takeit.

USER: NEXT OPTION

SYS: Foroption2, | have anoutboundight with U S
Air departingat 3 30 PM andarriving at6 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. Ticketpriceis 165dollars. Saynext op-
tion, or, ight details,or, I'll take it.

USER: NEXT OPTION

Dialoguecontinueauntil userselectoption

Figurel: Informationpresentatiophaseof aCommunica-
tor dialogue

Moore, 2000; Careniniand Moore, 2001). In two dia-
loguestheWizarddialogueexploits theusermodelto gen-
erate rst a usertailored SUMMARY for presentingmulti-
ple restauranbptions,followedby a usertailoredRECOM-
MENDATION. We compareperformanceaunderthosecon-
ditionswith performanceon two dialoguesvherethe Wiz-
ardutilizesadefaultusermodelanda SERIAL presentation
basedon thoseusedby the AT&T Communicatorsystem
in thetravel planningdomain(Levin etal., 2000),asillus-
tratedin Figurel.

The structureof the paperis as follows. Section?2.
describeghe developmentand collection of usermodels
basedn multi-attributedecisiontheory We alsotalk about
the elicitation procedurefor acquiringthesemodels. Sec-



tion 3. providesdetailsaboutthe Wizardinterfacetool that
was employed in the experimentto supportdata collec-
tion. Section4. describes{a) the experimentaldesign;(b)
andthe tasksusedand the datacollected. Section5. de-
scribesour experimentalresults. The study was designed
to achieve thefollowing: (a) collectrepresentatie tasksfor
a comple informationseekingdomain;(b) testthe utility
of a combinationof a usermodel/dialoguestrateyy in that
domain.Thedialogueswve collectedwill bemadeavailable
aspartof theISLE program.

2. Multi-Attrib ute DecisionModelsin the
Restaurant Domain

Multi-attribute decisionmodelsarebasedn thefunda-
mentalclaim thatif anythingis valuedit is valuedfor more
thanonereasonKeeng andRaiffa, 1976). In the restau-
rantdomain,thisimpliesthata users preferredrestaurants
optimize a combinationof restaurantttributes. In order
to de ne amulti-attribute decisionmodelfor therestaurant
domain,we mustdeterminehe attributesandtheir relative
value for particularusers. Edwardsand Barron describe
a procedurecalled SMARTER for eliciting multi-attribute
decisionmodelsfor particularusersor usergroups(Ed-
wardsand Barron, 1994). First, the importantattributes
in the domain, and their relationshipsto eachother, are
identi ed. Secondthevaluesof eachattributearemapped
to single-dimensiorcardinal utilities that spanthe whole
rangefrom 0 to 100. Third, afunctionis de ned thatcom-
binesthe utilities for eachattribute into an overall utility
scorefor anoption. Finally, weights(or rankings)are as-
signedto eachattribute thatindicatetheimportanceof that
attributeto eachuser The SMARTER procedurealsospec-
i es how to elicit theseweightsfrom usersin a way that
takeslittle time andhasbeenshawn to resultin moreaccu-
rateusermodelsthansimpleranking(EdwardsandBarron,
1994).

Theattributesin the restaurandomainweremappedo
cardinalutilities by a simplelineartransformationFor cat-
egorical attributessuchas food type, valuesthat the user
likesgetmappedo 90, dislike valuesto 10 andotherval-
uesto 50. Thefunctionwe useto combinethe utilities is a
simpleadditive model; the valuefor eachattribute is mul-
tiplied by its weightandall the weightedvaluesareadded
up.

To elicit the usermodels,we carriedout a telephone
interactionto get the userto rank order the attributesin
the domain. The userwas rst asked: Imagine that for
whatever reasonyou've had the horrible luck to haveto
eatat theworst possiblerestauantin thecity. Thepriceis
100 dollars per head,you don't like the type of food they
have you don't like the neighborhood the food itself is
terrible, the decoris ghastly and it hasterrible service
Nowimaginethata goodfairy comesalongwhowill grant
you one wish, and you can usethat wish to improve this
restauant to the bestthere is, but along only one of the
following dimensionsWhatdimensiorwouldyou choose?
FoodQuality, Service Decor Cost,Neighborhooder Food
Type? Theuserwould choosean attribute andthe scenario
would be repeatedmitting the chosenattribute. The pro-
cedurewascontinueduntil all attributeshadbeenselected,

andtook lessthan5 minutesoverall.

We elicitedmodelsin thisway for 15 usersthe models
arestoredin adatabasé¢hatis accessedly the Wizardpro-
gram. Five examplesof differentusermodelsarein Fig-
ure 2. The columnsshav the weightingsassociatedvith
continuousvariablesand particularlikes/disliles for cate-
goricalvariables.Note thatfor all ve usersfood quality
is important,beingthe highestor seconchighestrankedat-
tribute. Costis alsorelatively importantfor eachof these
users,with both decorand servicebeing of lesserimpor-
tance.Overallin the 15 usermodels food quality andcost
weregenerallyamongthetop threerankedattributes while
therankingof otherattributessuchasdecor service neigh-
bourhoodandfoodtypevariedwidely.

The user model re ects a users dispositionalbiases
aboutrestauranselection.Thesecanbe overriddenby sit-
uationalconstraintspeci edin auserquery For example,
asFigure 2 shavs, someusersexpressstrongpreferences
for particularfood types. However thesepreferencegan
beoverriddenin ary particularsituationby simply request-
ing a differentfood type. Thusdispositionalbiasesnever
eliminate optionsfrom the setof optionsreturnedby the
databasethey simply affecttherankingof options.

3. Wizard Interaction Tool

The Wizard's taskof generatingdialogueresponse
real time basedon a speci ed setof stratgiesanda user
modelis quite demanding We thereforebuilt a Wizardin-
terfacebasedon XML/XSLT, to aid in datacollection. We
usedthe MATCH system(Johnstoretal., 2001)to provide
abaclenddatabasef New York restaurantsTheinterface
allows the Wizard to specify a setof restauranselection
criteria,andreturnsalist of optionsthatmatchtheusers're-
quest.Thetool includesthe appropriataisermodel,allow-
ing the Wizardto identify restauranbptionsandattributes
thatareimportantto the particularuser The Wizard uses
this information, along with a schemaeof dialoguestrate-
giesto guidehis interactionwith the userin eachdialogue.
The RECOMMEND stratayy thatthe Wizard usesin the di-
alogueds motivatedby usertailoredstratgjiesfor thereal
estatedomaindescribedn (CareniniandMoore,2001).

Figure 3 illustratesthe Wizard interactiontool (WIT).
Themainfunctionof theinterfaceis to provide relevantin-
formationto allow the Wizard to quickly identify setsof
restaurantsatisfyingthe users query alongwith reasons
for choosingthem, while respectinghe particularprefer
encef thatspeci c user A majorconstrainbnthedesign
of WIT wasto allow the usersto modify an original task
speci cationduring the courseof the dialoguein response
to informationprovidedby the Wizard.

The tool (seeFigure 3) containsthree main panels.
The right handpanelsupportsquery speci cation, allow-
ing the Wizardto specify constraintscorrespondingo the
users query which in this exampleis JapaneseKorean,
Malaysianor Thairestauants,costingbetweer80-40dol-
lars, with food quality greater than 20 and serviceand
decorgreaterthan 15 anywhee in Manhattan Theright
handpanelcontainsradio buttonsallowing the Wizard to
specify: costrange(using one button for upper and one
for lower limits), food quality, service,decor cuisineand



User Food Service| Decor | Cost | Nbhd FT NbhdLikes NbhdDislikes FT Likes FT Dislikes
quaiy | " [T

CK 0.41 0.10 0.03 0.16 | 0.06 0.24 | Midtown, China- | Harlem,Bronx Indian, Mexican, | Vegetarian, Viet-

town, TriBeCa Chinese,Japanese,| namese, Korean,
Seafood Hungarian, Ger
man

HA 0.41 0.10 0.03 0.16 0.06 0.24 Upper West Side, | Bronx, Uptown, Indian, Mexican, | no-dislike
Chelsea, China- | Harlem, Upper | Chinese,Japanese,
town, EastVillage, | East Side, Lower | Thai
TriBeCa Manhattan

OR 0.24 0.06 0.16 041 | 0.10 0.03 | West Village, | Upper East Side, | French, Japanese,| no-dislike
Chelsea, China- | Upper West Side, | Portugese, Thai,
town, TriBeCa, | Uptown, Bronx, Middle Eastern
EastVillage Lower Manhattan

MSh 0.41 0.10 0.06 0.24 0.16 0.03 Flatiron, Chelsea,| Chinatavn, Lower | Indian, Mexican, | Steakhouse, Rus-
WestVillage, Mid- EastSide,EastVil- Ethiopian, Thai, | sian, Korean, Fil-
town East, Mid- | lage, Upper East | French ipino, Diner
town West Side, Upper West

Side

SD 0.41 0.10 0.03 0.16 | 0.06 0.24 | Chelsea,East Vil- | Harlem,Bronx Seafood, Belgian, | Pizza,Viethamese

lage,TriBeCa Japanese

Figure2: SampleUserModels:Nbhd= NeighborhoodFT = Food Type

AMatch @v1.0 - Microsoft Internet Enplorer il
Ele Edt Vew Favortes Tooks Help -_
wback + % - ([ A Qsewch [GFavorkes Fredia F| T b S - D

fddress ]@j Grycommunicatorymatchicandy'imatcha. htm _J (960 e ¥

B0 25 (34] 29 (8) 21 (2) 38 (10) Garden Cafe
T4 A B ATk
73 23(29) 21 (6) 22 (2) 31 (11) Junno's
69 23 (29) 18 (4) 15 (1) 37 (L0} Japonica
68 21 (24) 18 (4) 18 (2) 33 (11) Zutto
66 20 (22) 18 (4) 15 (1) 31 (11) Shabu-Tatsu
£5 20 (22) 19 (5) 15 (1) 35 (11) Shabu-Shabu 70
f4 20 (22) 19 {5) 16 (1) 39 (L0) Hyotan Nippon
63 20 (22) 18 {4) 15 (1) 31 (11) Shabu-Tatsu
63 20 (22) 18 (4) 15 (1) 31 (11) Shabu-Tatsu

)

)

)

]

)

)

61 Grove St.

Downtown,
‘West Village,
Manhattan

Japanese,
NYToday
Picks, Sushi
(22)

25 (34)

21 (8)

15 (1)

37 (1)

Everything
about this
tiny sushi
restaurant is
innovative,
fram the
woman who
is the cwner
and sushi
chef to her
creations,

33
3
-
3
3

£2 20 (22) 18 (4) 23 (2) 39 (10} Ruby Fao's
§7 21 (24) 16 (3) 1B (2
56 23 (29) 24 (8) 25(2
51 22 (’6)10(3321(2 {10) Rain

49 22 {26) 18 (4) 21 (2) 3 (11) Do Hwa
48 22 (26) 19 (5) 21 (2) 37 (1

]

31 (11) Kin Khao
40 {10) Hangawi
¥ i)
34

0 Rain

£ Done

Query

|[(conta|ns[CU|sme "Japanese') or contains(

Feset

o cosTiess C 207 30 P40 T soC 60 70
imf‘m

o cosTmore T 200 25 W e T as T an U om0
s FoopouaLTy? © aT2s @ etzo O aTis T T

s service» T ar2s T ar20 * eT1s C erio
® pecor? T eT2s ( eT20 # aris U eTi0

® CUISIME? I afghan | africen | American | Asign [
[Bakeries [ parbecue | Belgian I pistrn | Beailion |
CajuniCreole [ Caribbean | Chinese | Cofeshansas/Dessens
I cubsn | £astEuropean [ Eclectic/intemationsl [ French
I rowmhibisin] Barmy] ewd] PwdibPed] Tolian
Ir Indonesian | trish | Trabian ¥ Japanese W korean |
il(o:hwr [ Latin American ¥ Malayzian I Weditarranean |
Mewican/Tex-Mex I middle Easten [ Moroccan [ Noodle
:51‘-093 I Muevs Latine [ Persion [ Portuguese | Puerto
Wican | Russian [ Scandinavian - Seafood " Soups [
IS-o-.l'.l'\ dfrican | South American | Soul [ Southern
;ﬂ-«ﬂ»\vuwn ] Spanish I steakhouses | Tapaz W thai I
:‘n‘htln I Turkish | Ukrainian | Wegetarian [~ Vigtnamese

Lacal intranst

Figure3: Wizard Interfacefor userCK after Wizard entersqueryfor: JapaneseKorean,Malaysianor Thai restauants,
costing between30-40 dollars, with food quality greaterthan 20 and serviceand decor greater than 15 anywhee in

Manhattan

neighbourhoodOmitting a selection(e.g. neighbourhood)
meanghatthis attributeis unconstrained;orrespondingn
this caseto the statemenanywhee in Manhattan

Theleft handpanelshavs therestaurantsatisfyingthe
queryalongwith informationfor eachrestauranincluding
its overall utility, andthe absolutevaluesfor food quality,
service,decorandcost. For eachattribute we alsosupply
correspondingveightedattributevalues shavn in braclets
after eachabsoluteattribute value. The overall utility and
weightedattributesare all speci ¢ to a given usermodel.

The usermodel hereis the CK modelfrom Figure2. In

this example,for the restauranilaka, the overall utility is

75, absolutefood quality is 25 (weightedvalue 34), ser

vice is 23 (absolute)and 6 (weighted),decoris 15 (abso-
lute) and1 (weighted)andcostis 37 dollars(absoluteland
10 (weighted). So the main reasonwhy CK shouldlike
Taka,accordingto the usermodel,is thatthe food quality
is excellent,asindicatedby the factthatthis attribute con-
tributesalmosthalf of the overall weightedutility (34 out
of 75units).
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Figure4: Wizard Interfacefor userOR after Wizard entersqueryfor: JapanesgKorean,Malaysianor Thai restauants,
costing between30-40 dollars, with food quality greaterthan 20 and serviceand decor greater than 15 anywhee in

Manhattan

The centrepanelof Figure 3 shavs speci ¢ informa-
tion abouttherestauranselectedn theleft handpanel,in-
cludingits addressneighbourhoodareview andtelephone
number

Overall the tool provides a methodfor the Wizard to
quickly identify candidataestaurantsatisfyinga particu-
lar users preferencesalongwith reasongthe weightedat-
tribute values)why the usershouldchoosethat restaurant.
The Ul alsoallows the Wizardto seeat a glancethetrade-
offs betweenthe differentrestaurantsby comparingtheir
differentweightedutilities. For example,the mainreason
for preferringthe GardenCafeover Takais thatit hasbet-
ter serviceand decor(asshavn by the differentweighted
valuesof theseattributes).

We demonstrat¢he effectsof the usermodelby show-
ing the resultsfor the samequery for the OR usermodel
from Figure 2. SeeFigure 4. The differentusermodel
leadsall weightedutilities to change causinga changen
the orderingof the overall setof options. In Figure 3, the
highestrankedrestaurantvasGardenCafe,mainlybecause
of its goodfood quality (the attibute mosthighly valuedby
userCK). In contrasin Figure 4, thehighestrankedrestau-
rantis Junnosecaus®f its reasonableost,costbeingthe
mosthighly valuedattributefor userOR.

As mentionedabore, WIT also allows the Wizard to
straightforvardly changethe queryto addor remove con-
straints.Figure5 shaws theresultsof modifying the origi-

nal queryfor userOR sothatthe price cannow be a maxi-
mumof 70 dollars,andthe food type canalsobe Seafood.
Notethatmary moreoptionsarenow madeavailable.

4. Experimental Method

Therewerefour partsto the study: (a) generatingep-
resentatie domaintasks(b) acquiringusermodels(c) de-
signing dialoguestratgjiesthat the Wizard could perform
in realtime thatmadegooduseof the usermodel;and(d)
collectingsampledialoguesgo testingthe utility of theuser
model/dialoguestrateyy combination.

Our procedurenvasasfollows. We told usersthatthey
would be interactingwith a Wizard (referredto as“Mon-
sieur Croque”),who would simulatethe functionality and
stratgyies of the real dialoguesystem. We told themthat
the Wizard had accesgo information aboutthousandof
restaurantén the New York area,derived from Zagatsre-
views including the following typesof information: food
type, food ratings,locations,prices, service,decor along
with restauranteviews that are compositesof comments
madeby differentZagatsurvey participants.

4.1. Generating Representative Tasksand Acquiring
User Models

We gave 15 usersanillustrative exampleof theinforma-
tion availablefor all restaurantandaskedthemto generate



Figure5: WizardInterfacefor expandedjueryof costup to $70andSeafoodoodtypefor the OR user

two sampletask scenariosaccordingto the following de-
scription: A scenarioshouldbe a descriptionof a set of
characteristicsthatwould helpMr. Croque nd a smallset
of restauantsthatwould matd your description.Our goal
is to examinethe processby which you and Mr. Croque
jointly identifya restauantthatyouwantto eatat soplease
do not selecta particular restauantin advance Theini-
tial instructionsandscenaricgeneratiorwerecarriedoutin

email. Fifteenusersrespondedvith sampletaskscenarios.

Two suchtasksarein Figure6; a sampledialoguefor the
CK taskis in Figure8.

4.2. Wizard Dialogue Strategy

We now describethe stratgiesinvestigatedn our ex-
periment. The goal of a SUMMARY stratayy is to provide
anoverview of therangeof overall utility of the optionset,
alongwith the dimensionsalongwhich that setdiffer with
respecto their attribute values. Theaims to inform users
aboutboth the rangeof choices,alongwith the rangeof
reasondor makingthosechoices. After enteringa query
correspondindo the users choicein WIT, the Wizard ex-

aminesthe userselectedsetof restaurantgnd determines

which attributeshave the samevaluesandwhich attributes
have different values. Then he statesthe waysin which
the restaurantsire similar or different. The RECOMMEN-
DATION thendescribeghe rst restaurantncludingall at-
tributesthat have not beenmentionedso far. The tailored
stratgiesareappliedwith therelevantusermodel.

The Zagatattributesare on a scaleof 1-30. The Wiz-

USER TASK

MS We want to go to the Indian restaurantwith the best
cuisineandthe bestservicein walking distanceof the
Broadwaytheatedistrict. We cant eatbefore6, andwe
needto be ableto leave therestauranby 7:30to make
an8 p.m. shav nearTimesSquare Donand! will both
arrive separatelyia subway, sotransportatiorisn't an
issue.We're willing to payup to $50eachfor themeal,
includingdrinks.

CK I'm goingto seethe play Chicagoon May 19. It is at
the ShubertTheatre.I'm going to the matinee. Since
this is a birthdaycelebrationwe wantto go out for an
early dinnerafterwards. | think a Frenchrestaurantn
walking distancefrom therewould benice. My friends
arewine experts,so it would be goodif therewasan
impressve wine selection. I'm not too worried about
theprice,but| don't wantto have to mortgagemy house
for this meal.

Figure6: Two SampleTasksfrom UsersMS andCK

ard'sdialoguestrateyy lexicalizestheabsolutevaluesin or-
derto increasecomprehensibility We lexicalisedthemas
follows: 26-30excellent; 21-25very good; 16-20decent;
11-15poor. We did not lexicalise price insteadusing ab-
solute value, as therewas little agreementbouthow to
describecostamongpilot subjects. Two restaurantsvere
judgedto have the samevaluefor a given attribute if the



attributehadthe samdexicalisation.We did not make sim-
ilarity judgmentsaboutprice.

Hereis anexampleof a SUMMARY followedby a REC-
OMMEND: Theee are 20 (if more than 20, say “many”)
restauantsthat satisfyyour criteria. The r st three have
decentdecor but differ in food quality, serviceand cost.
The r stonel haveis the Garden Cafe which is in mid-
towneast.It's Japaneseit hasverygoodfoodandservice
andthecostis 38 dollars.

We contrastedthis with the SERIAL stratgyy applied
with a default usermodelderived by combiningthe aver
ageweightsfor the 15 usermodelswe collected. The SE-
RIAL stratgy speci edthenumberof restaurantsatisfying
thequery andthenstatedthe attributesin sequencestating
positivebeforenegativevaluesandaggreyatingacrosghese
wherepossible:Thee are 18 restauantsthat satisfyyour
criteria, the r stoneis Nyona,which is in Chinatown,it's
southeasasian,thefoodquality is verygood,althoughthe
decorandserviceare poor. Thecostis 21 dollars.

4.3. Collecting SampleDialogues

Six subjectsarticipatedn the Wizard dialoguecollec-
tion experimentresultingin acorpusof 24 dialoguesAll of
the subjectswverefamiliar with ManhattarrestaurantsWe

rst examinedthe 30 typical tasksgeneratedy our users.
By identifying the commoncharacteristicof theseuser

generatedasks,we generatedwo further controltasksfor

the domain. Eachuserparticipatedn four tasks,two that
they hadgeneratedhemselesandtwo control tasks. We

usedthiscombinatiorof usergeneratedndcontroltasksto

combineecologicalvalidity while controllingfor taskvari-

ability. Usergeneratedaskshave the advantageof being
both real and motivating, i.e. they are problemsthat the
usergenuinelywantsto solve. At the sametime, however
therewasa greatdealof variability in the compleity and
numberof solutionsto theseusergeneratedasks,andwe
wantedto beableto controlfor this.

The underlyingmodel and Wizard stratey were also
varied; eachuser carried out two taskswith their own
user model, and the tailored SUMMARY and RECOM-
MEND dialoguestratgjies. Eachuseralsocarriedout two
taskswith the default usermodel and the SERIAL strat-
egy. Model/stratgy andtask provenancewere crossedso
that eachuser overall receved four tasks: self-task/avn
model/tailoredstratayy, self task/deéult model/seriaktrat-
egy, control task/avn model/tailored stratgyy, control
task/defult model/serialstratgyy. Userscarried out the
four tasksin two separatesessions.Task order wasran-
domisedbut eachsessiorincludedone usergeneratecgnd
onecontroltask,one own model/tailoredstratgyy andone
default model/seriabktrateyy.

A sampledialogueillustrating a control taskof Find a
restauant in the West Village using a strateyy tailored to
userHA is in Figure 7. Theusermodelfor userHA isin
Figure 2. Thisdialogueillustratestheuseof theusermodel
andtherequirementsor theWizardinterface.For example,
Figure 2 shavsthatuserHA typically likesJapaneséood,
thus the most highly ranked restaurantrst mentionedto
this useris a JapaneseestaurantHowever, the userspeci-

es asituationabiasagainstlapanesbecauséiehaseaten

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

HA:  doyouknow thelocationof the Lucille Lortel theatre?
| shouldknow I've justbeenataplay there.

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

HA:  ohits, | seeyes.Rightyes,| knowv whereit is.

Wiz:  erm,soits westvillage, right, westof westvillage.

HA:  right

Wiz: sol have erm, the top threerestaurantare erm again
very similar in dcor, they have different food qual-
ity serviceand cost. And the rst onel have is er a
Japanes@é the westvillage, erm, very goodfood and
service.erm,thecostis $37.

HA: ok, sincel justhadJapanese

Wiz: youdon'twantJapanese?

HA: | think I'll wantsomethingdifferenttoday

Wiz: ok. erm,sol'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
village Mexican/Tex/mex which haser very goodfood,
erpoordecor sorryvery goodservice andermthe cost
is $26. The next oneis the PearlOysterBar which is
againwestvillage, it's a seafoodrestauranexcellent
quality food, erm,decentservice costis $34.

HA:  canyou readthe review for that- doesit sayarything
abouthow freshthe seafoods?

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

HA:  hmmthat's Maineasin the state?

Wiz: yes. ermthe next oneis erm, calledthe Blue Ribbon,
ermthisis againwestvillage, it'sanev Americanwest
with er very good food and service,the costis $45 a
head.Do youwantto hearsomemore?

HA:  well, ok, | actuallyl think thatl liketheerm,theOyster

Wiz: ok, thePearlOyster

Figure7: Excerptfrom the Wizard Dialoguewith userHA,
TailoredStrateyy, for the WestVillage task

Japaneséood recently Laterin the dialoguehe saysthat
hehasbeeneatingtoo muchltalianfoodlately. WIT allows
theWizardto specifywhattype of cuisineis not desiredas
well aswhattypesaredesiredn orderto beableto quickly
modify the queryfor situationssuchasthese.

A dialogueillustrating the CK taskin Figure 6 with
the default usermodel andthe SERIAL dialoguestratgy
is in Figure 8. This dialogueillustratesissueswith what
informationthe Wizard hadavailableandthe users under
standingof the systems capabilities. The useris trying to

nd aFrenchrestauranfor herfriendswho arefood snobs.
Shewouldlik e to hearaboutthe menuandwine list but this

informationis notavailable. TheWizardoffersthathedoes
have reviews, but a little later, shesaysthatbetterreviews
areneeded.The dialoguealsoillustrateshow the Wizard

neededaccesdo distanceinformation. The real MATCH
systemcan do suchcalculations,but this was not imple-

mentedin WIT. The Wizard kepta mapof New York City

next to him during the dialogueinteractions,and tried to



Wiz:  Sothereare approximately20 restaurantshat satisfy
the criteria that you speci ed. The rst oneis called
Lespinassandit's a Frenchrestauranin midtown east
which hasexcellentfood dcorandserviceandthe cost

is $86.
CK:  doyouhave ary samplemenusor arything?
Wiz: | amsorry, | have no samplemenus.

CK:  arethey known for theirwine list?
Wiz:  againl amsorryl haven't gotthatinformation.
CK:  okcanyoutell meaboutanotherestauranthen?

Wiz: | dohave,| dohave reviews.
CK:  for thatLespinasseestaurant.
Wiz:  yes.

CK:  canyoureadmethereview or partof it?

Wiz:  The much-celebrate@ray Kunz hasdeparted|eaving
the moretraditional ChristianLouvrier at his placebe-
hind the stove.

Wiz: that'sit.

CK:  (laughs)ok. Tell meaboutanotherestaurant

Wiz:  okthenext restauranis calledLa Grenouille,it'sagain
aFrenchrestaurantAgainit' sin midtown eastthefood
quality decorand serviceare all excellentthe cost of
this oneis $80.

CK:  okdoyouhave menusor reviews for thisone.

Wiz:  the review says: Gorgeous o0 wers, ne service,rich
peopleanda menuwritten entirelyin French.

CK: | think thatyou needbetterbetterreviews. They don't.
ok thefood wasexcellentin boththoseplaces.Canyou
tell meaboutcanyoutell mehow farthosearefrom the
Shubertheatre?

Wiz:  That's 8 blocks.

CK: 8 blocksso that's great. Ok. Do you have anything
that's tell meaboutthe bestrestauranthatyou have.

Wiz: thebestrestauranalongwhatdimension?

CK: erm

Wiz:  in termsof food quality, cost..

CK:  foodquality

Wiz: ok, ermthebestquality restaurants er Lespinasse

CK: ok Lespinassethat's the rst one that you told me
about.

Wiz:  yes

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

Figure8: Excerptform the Wizard Dialoguewith userCK,
Default Strategyy, CK Taskfrom Figure 6

quickly make suchcalculations.

For eachdialoguewe collectedboth quantitatve and
qualitatve data. We collected quantitatve information
aboutthe numberof turns,wordsanddurationof eachdia-
logue. After eachdialoguewascompletedthe userswere
asledto completea suney. Thesurwy rst requestedhe
usergo give permissiorfor their dialogueso becomepart
of a public corpussothey canbedistributedaspartof the
ISLE project. Thenthey wererequiredto statetheir degree
of agreementn a 5 point Likert scalewith threespeci c
statementslesignedo probetheir perceptiorof theirinter-
actionwith the Wizard (Mr. Crocque):(1) | feel con dent
that| selecteda good restauranin this corversation;(2)
Mr. Crocquemadeit easyto nd arestauranthatl wanted
to goto; and(3) I'd like to call Mr. Crocqueregularly for
restauraninformation.

5. Results
5.1. Quantitati ve Results

Our resultswere as follows. First, we looked at the
effects of the User Model/Dialogue Strateyy on objec-
tive measuresuch as dialoguelength and time to solu-
tion. Having the User Model/DialogueStrateyy did not
affect the number of turns (respectie meansfor User
Model/DialogueStratgy and Default Model/ Serial Strat-
egy were41 and49, t test,ns) or words(respectie means
478 and461)in the dialogue,andtherewere alsono dif-
ferencedn time to solution (7.7 mins and 6.3 minutesre-
spectvely). It wasobvious however thattherewere huge
amountf variancein thesemeasuresjueto the factthat
usertaskshadvery differentcomplexity. Part of this was
dueto the natureof the scenarioxhosen.Someusertasks
hadno solutionin the databasée.g. high qualityfood, for a
very low price), othershadmary solutions(ltalianfood in
GreenwichVillage). This led to extremelylong dialogues
for differentreasonsgitherto modify theoriginal scenario,
sothatatleastonesolutionwaspossiblepr to constrairthe
queryto reducethe size of the original hugeset. Because
of thelargevariancein usergeneratedaskswe conducted
asecondanalysiswvhichincludedonly controltasks.Again
however, therewereno differencesesultingfrom the User
Model/DialogueStratayy.

Therewas,however, onedifferenceollowing from pro-
viding the UserModel/DialogueStrateyy. The UserModel
led usergto take amoreactive role in neggotiatingsolutions.
The UserModel led themto offer more constraintgo the
Wizard abouttheir desiredsolution (respectre meansfor
User Model/DialogueStrateyy and Default Model/ Serial
Stratgy were2.1and1.2,t test,signi cant).

5.2. Qualitati ve Results

We alsolookedattheeffectsof theUserModel/Tailored
Stratgy on peoples perceptionsof the system Again
therewerefew differencesin (a) their con dencethatthey
hadselecteda goodrestauran{respectie meansfor User
Model/Tailored Stratey and Default Model/ Serial Strat-
egy were 3.9 and 3.9, t test, ns), (b) their belief that the
Wizard madeit easyto nd a goodrestauranor (respec-
tive meansfor User Model/Tailored Strateyy and Default
Model/ Serial Stratgyy were3.7 and 3.9, t test,ns) (c) that
they would usethe systemregularly for restauraninfor-
mation(respectie meandor UserModel/TailoredStratey
andDefault Model/ Serial Stratey were3.8and3.2,t test,
ns). Again we conductech secondanalysisexclusively for
controltasksalone,but foundno differences.

Despitethe failure of our stratgy manipulation,there
weresomesigni cant relationshipsetweenobjectve and
subjectve measures.Userswho took longerto complete
their taskthoughtthattaskswereharder(R=0.48,p=0.02),
and peoplewho had more verbosedialogueswere less
likely to think thatthey would wantto usethe systemagain
(R=0.39,p 0.05).

Usersalsomadeanumbernf commentaboutthestrate-
gies.Our stratgieswereexhaustve in thatthey mentioned
every attribute in the database One usercommentedhat
he wanteda more tersesummary:onethat only included
attributesthat wereimportantto him. For example,since



he did not careaboutdecor therewasllittle pointin pro-
viding him informationaboutthis. Two userswereunsure
abouthow interactve they couldbe. They commentedhat
they did notknow whetherthey couldinterruptthe Wizard
to askfurtherquestionor to addconstraints Anotheruser
alsowantedthe systento make statementaboutmetadata,
informing her aboutwhat the systemknew aboutso that
shecould constrainher questiongo thesetopics. Oneuser
alsowantedthe systemto retaina history of prior interac-
tions,suchasrememberinghefactthatshehadbeenthere
before. Several usersalsofelt that outputcould have been
clusteredin waysthat would have madeit easierto com-
prehendsuchasby classifyingsetsof viablerestauranté
termsof food type.

Finally therewereanumberof commentaboutthecov-
eragethatthe systemoffered. Oneusernotedthatthe sys-
temdid not containinformationaboutspeci c restaurants
that she knew aboutand liked, and that this undermined
her belief in the “system”. Anotherusercommentedhat
therewasotherusefulinformation,thatshewantedto know
abouttherestaurantsuchaswhetheror notit took resera-
tionsor whatthewine list waslik e (SeeFigure 8). Others
wanteddirectionsto restaurantfrom their currentlocation.
Several usersplacedgreatemphasison the restaurante-
views, and commentedhat the reviews were too shortto
allow reasonedlecisionsto be made. However asimple-
menterswe had no control over the information that was
availableasthis wasextractedautomaticallyfrom available
onlinedata.We have,however, addedsupportor directions
androute nding in ourworking MATCH system.

6. Conclusionsand Future Work

In conclusionwe have collected30representatie tasks
and 24 dialoguesfor a complex information seekingdo-
main. We also have usermodelsfor 15 usersin that do-
main. Theseresourcewill be madeavailable as part of
thelSLE project.We alsodevisedausefultool for support-
ing Wizardof Oz styledatacollection,thatembodiesisers
speci c preferencesThis shouldsupportthe collection of
further datain this, andwith suitablemodi cations, other
domains.

Our main experimental manipulationwas not com-
pletely successful: several of our predictedeffects were
not supportedby our data. Neverthelesswve did obsene
someinteresting ndings: Usersweremoreproactive with
the Own Model/Tailored combination,and we also found
correlationsbetweentask length and task compleity, as
well asbetweenverbosityandlik elihoodof futureuse.The
qualitatve commentshave alsobeenusefulfor the further
developmenbf boththe MATCH systemandthestratgjies
implementedn it.

Thereare several possiblereasondor the lack of ob-
sened effectswhich we areinvestigatingin currentwork.
Firstwe only ranasmallnumberof subjects Secondgiven
the small numberof subjectsthe default usermodelmay
have beentoo closeto somesubjects models. In our cur-
rent studywe are manipulatingthe distancebetweenuser
modelsin orderto determinehow similar two modelshave
to beto affect users perceptionof the systems response
strat@y. Finally, therearemary tailoredstrategjiesthatcan

beimplemented Here,we wereconstrainedo experiment
with stratgiesthat the Wizard could producein real time
given the currentversionof WIT. We believe that a fu-
tureversionof WIT coulddo moreusermodelcalculations
and provide more help to the Wizard, enablingus to ex-
perimentwith morecomple tailoredstrateies. In current
work, we are running an automatednon-interactve ver
sionof theexperimentcomparingmultiple stratgyies(com-
pare,summarise,recommerid) text andspeectpresenta-
tion for alargernumberof users.
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