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Abstract

Recentwork on evaluationof spokendialogue
systemsindicates that better algorithms are
neededfor the presentationof complex in-
formation in speech. Current dialogue sys-
temsoften rely on presentingsetsof options
and their attributessequentially. This places
a large memory burden on users,who have
to remembercomplex trade-offs betweenmul-
tiple optionsand their attributes. To address
these problems we build on previous work
using multiattribute decisiontheory to devise
speech-planningalgorithmsthat presentuser-
tailored summaries,comparisonsand recom-
mendationsthat allow usersto focus on crit-
ical differencesbetweenoptionsand their at-
tributes. We discussthe differencesbetween
speechand text planningthat result from the
particulardemandsof thespeechsituation.

1 Intr oduction

Recentwork onevaluatingspokendialoguesystemssug-
geststhat theinformationpresentationphaseof complex
dialoguesis oftentheprimarycontributor to dialoguedu-
ration (Walker et al., 2001).During this phase,the sys-
tem returnsfrom a databasequerywith a setof options
thatmatchtheuser'sconstraints(Figure1). Theuserthen
navigatesthroughtheseoptionsandre�nesthembyoffer-
ing new constraints.Dependingonthenumberof options
returned,andthe facilities provided for re�nement, this

processmay be quite onerous,leadingto reduceduser
satisfaction.

SYS: I found 9 roundtrips from Hartford to Orlandoon
October31st and returningHartford on November
6th. For option1, I have anoutbound�ight with U
S Air departingat 7 AM andarriving at 9 49 AM
non-stop.A return�ight is with U SAir departingat
1030AM andarriving at1228AM with 1 stopover.
Ticket priceis 165dollars.Pleasesaynext optionor
�ight detailsor I' ll take it.

USER: NEXT OPTION
SYS: For option2, I have anoutbound�ight with U S Air

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

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

Figure1: Informationpresentationphaseof a Communi-
catordialogue

Evenin multimodaldialoguesystems,theinformation
presentationphasemay still be laborious. For example,
considera user's requestto ShowItalian Restaurantsin
theWestVillage in theMATCH (Multimodal AccessTo
City Help) dialoguesystem(Johnstonet al., 2001). Fig-
ure2 showsthelargenumberof highlightedoptionsgen-
eratedin response.To makeaninformedchoice,theuser
hasto accessinformationabouteachrestaurantby click-
ing on its icon.

In both typesof dialoguesystem,the complexity of
having to sequentiallyaccessthesetof returnedoptions



Figure2: MATCH's graphicalsystemresponseto Show
meItalian Restaurantsin theWestVillage.

makesit hardfor theuserto rememberinformationrele-
vantto makinga decision.To reduceusermemoryload,
we needalternative strategiesto sequentialpresentation.
In particularwe requirebetteralgorithmsfor: (1) select-
ing the most relevant subsetof optionsto mention,and
(2) choosingwhat to sayaboutthem. We needmethods
to characterizethe generalpropertiesof returnedoption
sets,and to highlight the optionsandattributesthat are
mostrelevantto choosingbetweenthem.

Multi-attributedecisiontheoryprovidesa detailedac-
countof how modelsof userpreferencescanbe usedin
decisionmaking(Keeney andRaiffa,1976;Edwardsand
Barron,1994). By focusingon userpreferenceswe can
presentinformationthat is both moreconciseandmore
tailoredto theuser's interests.Our work is anextension
of two linesof previousresearchthatmake directuseof
decisiontheory. Walker (1996)describesdialoguestrate-
giesthat(1) usedecisiontheoryto ranktheoptionsunder
consideration;and(2) includecontentexpressinganop-
tion's utility in proposals. Careniniand Moore (2000)
apply decisiontheoreticmodelsof userpreferencesto
thegenerationof textualevaluativeargumentsin thereal-
estatedomain.

We extend these techniquesto the generationof
speech-plans intendedto addressthe speci�c require-
mentsof information presentationfor complex spoken
or multimodaldialogues. We de�ne multi-attribute de-
cision modelsof users'preferencesandusethemto de-
vise speech-plansfor SUMMARIZE, RECOMMEND and
COMPARE strategiesthatabstract,highlightandcompare
small setsof user-relevantoptionsandattributes. These
strategiesboth ensurethat the discussedcontentis rele-
vant to users,andreducethememorydemandsinvolved
in makingcomplex decisionswith speechor multimodal

data.Thesestrategiesareembodiedin aspeech-planning
modulecalledSPUR(Speech-Planningwith Utilities for
Restaurants)for theMATCH system.

In whatfollowswedescribethedevelopmentof multi-
attribute decisionmodelsfor the restaurantdomainand
the designand motivation of SPUR,and describehow
SPURis integratedinto theMATCH dialoguesystem.

2 Multi-Attrib ute DecisionModels in the
RestaurantDomain

Multi-attribute decisionmodelsare basedon the claim
that if anything is valued,it is valuedfor multiple rea-
sons(Keeney and Raiffa, 1976). In the restaurantdo-
main, this implies thata user's preferredrestaurantsop-
timize tradeoffs amongrestaurantattributes. To de�ne
a model for the restaurantdomain,we must determine
theattributesandtheir relative importancefor particular
users. We usea standardprocedurecalledSMARTER,
that hasbeenshown to be a reliable and ef�cient way
of eliciting multi-attributedecisionmodelsfor particular
usersor usergroups(EdwardsandBarron,1994).

The�rst stepof theSMARTER procedureis to deter-
minethestructureof a treemodelof theobjectivesin the
domain. In MATCH, the top-level objective is to select
a goodrestaurant.Six attributescontributeto this objec-
tive: thequantitative attributesfoodquality, cost,decor,
andservice; andthe categoricalattributesfood typeand
neighborhood. Theseattributesarestructuredinto aone-
level tree; the structureis user-independentwith user-
dependentweightson the branchesasexplainedbelow.
Weapplythisto adatabaseof approximately1000restau-
rantspopulatedwith information freely available from
the web. Valuesfor eachof theseattributes for each
restaurantarestoredin thedatabase.

The secondstepis to transformthe real-domainval-
uesof attributes� into single-dimensioncardinalutilities

���

�	� suchthat the highestattribute value is mappedto
100,thelowestattributevalueto 0, andtheothersto val-
uesin the interval 0 to 100. In the restaurantdatabase
foodquality, serviceanddecorrangefrom 0 and30,with
higher valuesmore desirable,so 0 is mappedto 0 and
30 to 100 in our model. The costattribute rangesfrom
$10and$90andhighervaluesarelessdesirable,so$90
is mappedto 0 on the utility scale. Preferredvaluesfor
categoricalattributessuchasfoodtypearemappedto 90,
dispreferredvaluesto 10andothersto 50.

We next aggregate the vector of �
�

�	� valuesinto a
scalarin orderto determinetheoverallutility �
� of each
option � . Heuristictestsappliedto this domainsuggest
thatanadditivemodelis agoodapproximation(See(Ed-
wardsandBarron,1994)).Thus,if � ( � = 1,2, ����� H) is an
index identifying therestaurantoptionsbeingevaluated,

�

(
�

= 1,2, ����� K) is an index of theattributes,and ��� is



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

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

Figure3: SampleUserModels(Nbhd= Neighborhood;FT = FoodType)

theweightassignedto eachattribute:
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The�nal stepof decisionmodelconstructionis theas-
signmentof weights ��� to eachattribute

�

. Attribute
weights are user-speci�c, re�ecting individual prefer-
encesabouttradeoffsbetweenoptionsin thedomain,and
arebasedon users'subjective judgements.SMARTER's
main advantageover otherelicitation proceduresis that
it only requirestheuserto specifytherankingof domain
attributes. Given theranking,theweightsarecalculated
usingthe following equation,which guaranteesthat the
totalsumof theweightsaddto 1,arequirementfor multi-
attributedecisionmodels:

�
�
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!

�
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SMARTER alsospeci�es the standardform of ques-
tions usedto elicit the rankingsfor a usermodel. We
implementedtheseasa sequenceof webpages.The�rst
web pagesaysImagine that for whatever reasonyou've
hadthehorrible luck to haveto eatat theworst possible
restaurant in thecity. Theprice is 100dollars per head,
you don't like the typeof food they have, you don't like
theneighborhood,the food itself is terrible, thedecoris
ghastly, and it hasterrible service. Now imagine that a
goodfairy comesalongwhowill grantyouonewish,and
you can usethat wish to improve this restaurant to the
bestthere is, but alongonly oneof the following dimen-
sions.Whatdimensionwouldyouchoose?FoodQuality,
Service, Decor, Cost,Neighborhood,or FoodType? Af-
ter theuserchoosesanattribute,thescenariois repeated
omittingthechosenattribute,until all attributeshavebeen
selected.Usersare thenasked to specify whetherthey
haveany neighborhoodor foodtypelikesor dislikes.

To date,29 different usermodelshave beenelicited
andstoredin a databasethatSPURaccesses(seeFigure
3, which shows attribute weightingsand likes and dis-
likes for two users). For 25 of theseusers,we found
that costandfoodquality arealwaysin the top threeat-
tributes,but their relative importanceand that of other

attributes,suchasdecor, service, neighborhoodandfood
type, varieswidely.

The usermodel re�ects a user's dispositionalbiases
aboutrestaurantselection. Thesecanbe overriddenby
situationalconstraintsspeci�ed in a userquery. For ex-
ample,asFigure3 shows,someusersexpressstrongpref-
erencesfor particularfood types,but thesecanbe over-
riddenby simply requestinga differentfood type. Thus
dispositionalbiasesnever eliminateoptionsfrom theset
of optionsreturnedby thedatabase,they simplyaffectthe
rankingof options.

3 The SPURSpeechplanner

SPURtakesasinput: (1) a speech-plangoal; (2) a user
model;and(3) a setof restaurantoptionsreturnedby the
databasematchingsituationalconstraintsspeci�ed in the
user's query. The usermodel is usedby SPURto rank
theoptionsreturnedfrom adatabasequeryandselectthe
contentexpressedabouteachoption.

The aim of the speech-planstrategies is to �lter the
information presentedto the user so that only user-
relevantoptionsandattributesarementioned,contrasted
andhighlighted. We de�ned threetypesof strategy for
SPUR:(1) RECOMMEND oneof a selectedsetof restau-
rants; (2) COMPARE threeor moreselectedrestaurants;
(3) SUMMARIZE a selectedsetof restaurants.Eachstrat-
egy usestheoverallutility �%� to ranktheoptionsandthe
weightedattributevalues�

�

�

�

�

�&�
�

� to selectthecontent
for eachoption.For eachresponse,SPURoutputsa:

' speech-plan:a semanticrepresentationof the se-
lected content items and the rhetorical relations
holdingbetweenthem.

' Template realization: a marked-up string to be
passedto thetext-to-speechmodule;

The template-basedrealizerlexicalizeseachattribute
valueexcept for cost with a predicative adjective using
the following mapping:0-13 ( mediocre; 14-16 ( de-
cent; 17-19 ( good; 20-22 ( very-good; 23-25 ( ex-
cellent; above25 ( superb.

CareniniandMoore(2001;2000)de�ne a responseas
tailored if it is basedon a user's known biasesandpref-
erences.A responseis conciseif it includesonly those



optionswith high utility, or possessingoutliers with re-
spectto a populationof attributevalues.Concisenessis
highly desirablefor speech.Becauseof theuser's mem-
ory load,we wantto restrictthesetof mentionedoptions
andattributesto thosethataremostimportantto theuser.1

Theweightedutility valuesfor eachattributeareaprecise
predictionof how convincing anargumentfor anoption
wouldbethatincludestheattribute'scontent.We usethe
z-score (standardvalue)of an option's overall utility, or
of theweightedattributevalue ) , to de�ne anoutlier:

*+�

)+� �

)�,.-
/

0

/

The z-score expresseshow many standarddeviations
0

/ , avalue ) , is awayfrom themean- / , of apopulation
of values1 . Dependingon a threshholdfor * , different
numbersof optionsor attributevaluesareconsideredto
be worth mentioning. In the examplesbelow * is 1.0.
Thepopulationof values1 thatareusedto calculate-

/

and 0

/ canbe(a)otherattributesfor thesameoption(for
RECOMMEND), or (b) thesameattributefor otheroptions
( for COMPARE).

We demonstratebelow thedifferencesin option rank-
ing andcontentselectedfor threedifferentusermodels:

' No-Model:Optionsarein theorderthatthedatabase
returnsthem,andthereis no rankingon the impor-
tanceof attributesfor eachoption.

' CK: Theusermodelfor CK in Figure3.

' OR:Theusermodelfor OR in Figure3.

TheNo-Modelresponsesillustratethedefaultstrategy.
They areneithertailored nor concise. We comparethe
outputfor the CK andOR modelsbecausethe different
rankingof attributesin thesemodelsleadsto verydiffer-
ent responses.We �rst illustratethe effect of theseuser
modelson option rankingandnext presentthe RECOM-
MEND, COMPARE andSUMMARY strategies.

3.1 The Effect of UserModel on Option Ranking

To show theeffectsof usermodelon optionranking,we
presenttherestaurantoptionsthatmatchthequeryShow
Italian restaurantsin theWestVillage in Figures4 and5
for the usersCK andOR respectively. (We do not give
the No Model option hereas this consistsof a sequen-
tial recitationof the full option set presentedin alpha-
beticalorder.) The �rst columngivesthe overall utility.
Theothercolumnsgivetheattributevaluesandweighted
utilities (WTD). Note that foodquality contributesmost
stronglyto theCK modelranking,while costcontributes
most strongly to the OR model ranking. For example,

1CareniniandMoore usethe predicatenotably-compelling
to describesuchattributes.

considerthedifferencesin overall rankingfor Babboand
Ugualefor CK andOR resultingfrom differentattribute
weightings.Babbois �fth for ORbecauseORranksfood
qualitysecond.Babbo's26ratingfor foodquality results
in 36utils for CK, but only 21utils for OR.Also,Babbo's
priceof $60perpersonresultsin only 14utils for OR;all
of therestaurantsrankedhigherby OR thanBabbo's are
lessexpensive. Ontheotherhand,Ugualeis morehighly
rankedfor OR thanCK. This is mainly becauseits mod-
estpricegets28utils for ORbut only 11 for CK.

3.2 Recommendations

The goal of a recommendationis to selectthe bestop-
tion (basedonoverallutility) andprovideconvincingrea-
sons(basedon weightedattributevalues)for theuserto
chooseit. Figure6 providesthealgorithmfor the REC-
OMMEND strategy. Sampleresponsesfor theNo-Model,
CK andORmodelsarein Figure7.

Consider the algorithm's application with the OR
model (seeFigure5 for relevant values). Ugualeis the
option with the highestutility ( �2� = 69). The weighted
attribute values for Uguale are 17,4,9,28,9,2for food
quality, service, decor, cost,neighborhoodandfoodtype
respectively. Thez-scores(usedfor determiningoutliers)
are0.57,-0.78,-0.26,1.72,-0.26,-0.99. Only costis men-
tionedin the recommendation,becauseonly the z-score
of cost is greaterthan1 (our settingfor * for theseex-
amples).A similar calculationleadsto only foodquality
beingmentionedfor CK. Our algorithmparametersare
tunable;we could rede�ne thevalueof * to be0.5 lead-
ing lessextremeoutliersto bementioned.

As Figure 7 shows, the No-Model recommendation
is verboseandcomplex becausethereis no methodfor
highlighting relevantattributes. In contrast,the OR and
CK recommendationsare shorterand clearer. Because
the systemcanidentify outlier attributes,only attributes
thatsigni�cantly contributeto anoption'sutility aremen-
tioned.TheORandCK recommendationsdiffer because
differentattributesareimportantfor thesetwo users.

1. Select the restaurantoption with highestoverall utility
from returnedoptions.

2. Identify theoutliersamongall theweightedattributeval-
uesfor thatoption,usingthethresholdwehave setfor 3 .

3. Lexicalizetherealvaluesfor theoutliers.

4. Generatetherecommendation.

Figure6: Algorithm for recommendationgeneration

3.3 Comparisons

The goal of a comparisonis to generateseveral poten-
tial candidateoptions(thosewith highestoverall utility)



Name Utility Food-Q
(WTD)

Service
(WTD)

Decor
(WTD)

Cost
(WTD)

Neighborhood
(WTD)

FoodType(WTD)

Babbo 66 26(36) 24(8) 23(2) 60(5) W. Village (3) Italian (12)
Il Mulino 66 27(38) 23(7) 20(2) 65(4) W. Village (3) Italian (12)
Uguale 64 23(29) 22(7) 18(2) 33(11) W. Village (3) French,Italian (12)
DaAndrea 60 22(26) 21(6) 17(1) 28(12) W. Village (3) Italian (12)
John'sPizzeria 59 22(26) 15(3) 13(1) 20(14) W. Village (3) Italian,Pizza(12)
Vittorio Cucina 57 22(26) 18(4) 19(2) 38(10) W. Village (3) Italian (12)
Cent'anni 56 22(26) 20(5) 15(1) 45(9) W. Village (3) Italian (12)
Marinella 56 21(24) 20(5) 17(1) 35(11) W. Village (3) Italian (12)
BarPitti 53 20(22) 17(4) 15(1) 31(11) W. Village (3) Italian (12)
GrandTicino 50 19(19) 19(5) 17(1) 39(10) W. Village (3) Italian (12)
Arlecchino 48 18(17) 17(4) 15(1) 34(11) W. Village (3) Italian (12)

Figure4: Restaurantsrankedby CK modelfor queryItalian Restaurantsin theWestVillage; Domainattributevalues
aregivenalongwith WTD = WeightedUtility for thatattributefor theCK usermodel.

Name Utility Food-Q
(WTD)

Service
(WTD)

Decor
(WTD)

Cost
(WTD)

Neighborhood
(WTD)

FoodType(WTD)

Uguale 70 23(17) 22(4) 18(9) 33(28) W. Village (9) French,Italian (2)
DaAndrea 69 22(16) 21(4) 17(8) 28(31) W. Village (9) Italian (1)
John'sPizzeria 68 22(16) 15(2) 13(5) 20(35) W. Village (9) Italian,Pizza(1)
Vittorio Cucina 64 22(16) 18(3) 19(9) 38(26) W. Village (9) Italian (1)
Babbo 62 26(21) 24(5) 23(12) 60(14) W. Village (9) Italian (1)
Marinella 62 21(14) 20(3) 17(8) 35(27) W. Village (9) Italian (1)
TrattoriaSpaghetto 62 19(11) 17(2) 14(6) 25(33) W. Village (9) Italian (1)
BarPitti 61 20(13) 17(2) 15(7) 31(29) W. Village (9) Italian (1)
CucinaStagionale 61 18(10) 15(2) 12(5) 23(34) W. Village (9) Italian (1)
MalatestaTrattoria 60 18(10) 16(2) 16(7) 28(31) W. Village (9) Italian (1)
Cent'anni 58 22(16) 20(3) 15(7) 45(22) W. Village (9) Italian (1)
Il Mulino 58 27(23) 23(4) 20(10) 65(11) W. Village (9) Italian (1)

Figure5: Restaurantsrankedby ORmodelfor queryItalian Restaurantsin theWestVillage; Domainattributevalues
aregivenalongwith WTD = WeightedUtility for thatattributefor theORusermodel.

User RecommendOutput
No
Model

Bar Pitti hasthebestoverall valueamongthese-
lectedrestaurants. Bar Pitti' s price is 31 dollars.
It hasverygoodfoodqualityandgoodservice. It' s
in theWestVillage. It' san Italian restaurant.

CK Babbohas the bestoverall value amongthe se-
lectedrestaurants.Babbohassuperbfoodquality.

OR Ugualehas the bestoverall valueamongthe se-
lectedrestaurants. Da Andrea's price is 33 dol-
lars.

Figure7: Recommendationsfor threedifferentusermod-
elsfor aselectionof ItalianWestVillage restaurants

andweigh up the differentreasons(expressedasdiffer-
entweightedattributevalues)for choosingeachof them.
SPUR's COMPARE strategy can be applied to three or
more options. If therearemore than � ve, a subsetare
�rst selectedaccordingthe algorithmin Figure8. Then
thecontentfor eachoptionis selectedusingthealgorithm
in Figure 9. Becausecomparisonsare inherentlycon-
trastive, thealgorithmin Figure9 describesa procedure
wherebyif aweightedattributevalueis anoutlier for any
option,theattributevalueis realizedfor all options.

Considerthealgorithmin Figure9 usingtheCK user
model(seeFigure4 for relevantvalues).Theoptionse-
lection algorithm in Figure8 determinesthat Babbo,Il

Mulino andUgualeareoutliersfor overallutility. Thenz-
scoresfor theweightedattributevaluesarecalculatedfor
eachattribute acrosstheseoptions. The only attributes
whosevaluesshow signi�cant variability arefood qual-
ity, serviceandcost. Food quality is a negative outlier
for Uguale,servicea positiveoutlier for Babbo,andcost
a positive outlier for Uguale.Thusthesethreeattributes
areselectedfor thecomparison,andtheir realvaluesare
realizedasin Figure10. A similarcalculationfor theOR
model leadsto the realizationof the cost, food quality,
anddecorattributevalues.

Figure10 illustratestheeffect of usermodelon com-
parisons.TheNoModelcomparisonhasnoutility model,
andhenceno methodfor selectingoutlier optionsor at-
tributesto be mentioned.Thusthe �rst � ve restaurants
optionsreturnedare described,along with all their at-
tributes. In consequencethe No-Model comparisonis
lengthyandcomplex. The OR andCK descriptionsare
shorterand focuson attributesthat areboth salientand
signi�cant for thespeci�c user.

3.4 Summaries

Thegoalof a summaryis to provide an overview of the
rangeof overall utility of theoptionset.It alsodescribes
the dimensionsalong which elementsof that set differ
with respectto theirattributevalues.Theaimis to inform
usersaboutboththerangeof choicesandtherangeof rea-



4 If thenumberof restaurantsis greaterthan5 then

– Outputonly thoserestaurantsthat arepositive out-
liers for overall utility (outstandingrestaurants)

– If therearenooutstandingrestaurants,outputthetop
5 in termsof utility value.

Figure8: Algorithm for selectinga subsetof optionsto
compare

1. For eachoption,for eachattribute

(a) If the weightedattribute value is an outlier when
comparedagainstthe weightedattribute value for
other options, then add attribute to $OUTLIER-
LIST.

2. For eachattributein $OUTLIER-LIST,

(a) Lexicalizerealvaluesfor theattribute;
(b) Orderattributesto allow for aggregation;
(c) Generatedescription.

Figure9: Algorithm for selectingcontentfor subsetof
optionsto compare

sonsfor makingthosechoices.SPURthereforeexamines
theuser-selectedsetof restaurantsanddetermineswhich
attributeshavethesamevaluesandwhichattributeshave
differentvalues.Thenit simply statesthewaysin which
the restaurantsaresimilar or different. Figure11 shows
thealgorithmfor summarygeneration.Unlike theother
strategies,summariesdonotusetheweightedutilities for
calculationsbecauseof thepotentialfor inconsistentlex-
icalizationsof similaritiesanddifferences.Figure12 il-
lustratestheeffectsof usermodelonsummarieswhenDa
Andrea,MalatestaTrattoria, andUgualearetheselected
options.

4 Integration of Speech-Plansinto
MATCH

We have integratedSPURinto the MATCH multimodal
speech-enableddialogue system. MATCH runs stan-
daloneon a Fujitsu PDA, providing userswith mobile
accessto information for New York City, andenabling
experimentationin realisticmobilesettings(Figure13).

Usersinteractwith a multimodaluserinterfaceclient
which displaysa pan-ablezoomabledynamicstreetmap
of NYC. Usersspecifyinputsvia speech,gesture,hand-
writing or by a combinationof these.Outputsaregener-
atedin speech,usinga graphicaldisplay, or with a com-
binationof boththesemodes.Speechrecognitionis pro-
vided by AT&T' s Watsonengine,andTTS by AT&T' s
Natural Voices. MATCH usesa �nite-state approach

User CompareThreeor MoreStrategy
No
Model

The�r st �ve restaurantsfollow. Bar Pitti' sprice
is 31dollars. It hasverygoodfoodquality, good
serviceand decentdecor. Arlecchino's price is
34 dollars. It hasgoodfood quality, goodser-
viceanddecentdecor. Babbo's price is 60 dol-
lars. It hassuperbfoodquality, excellentservice
andexcellentdecor. Cent'anni's price is 45dol-
lars. It has very good food quality, very good
serviceand decentdecor. CucinaStagionale's
price is 23 dollars. It hasgoodfoodquality, de-
centserviceandmediocre decor.

CK Amongthe selectedrestaurants, the following
offer exceptionaloverall value. Babbo's price is
60 dollars. It hassuperbfoodquality, excellent
serviceandexcellentdecor. Il Mulino's price is
65 dollars. It hassuperbfoodquality, excellent
serviceand very gooddecor. Uguale's price is
33 dollars. It has excellent food quality, very
goodserviceandgooddecor.

OR Amongthe selectedrestaurants, the following
offer exceptionaloverall value. Uguale's price
is 33 dollars. It hasgooddecorand very good
service. It' s a French, Italian restaurant. Da
Andrea's price is 28 dollars. It hasgooddecor
and very good service. It' s an Italian restau-
rant. John's Pizzeria's price is 20 dollars. It
hasmediocre decorand decentservice. It' s an
Italian, Pizzarestaurant.

Figure10: Comparisonsfor threedifferentusermodels
for aselectionof ItalianWestVillage restaurants

to parse,integrate,andunderstandmultimodalanduni-
modalinputs(JohnstonandBangalore,2000). Themul-
timodaldialoguemanager(MDM) is basedon thenotion
thateachconversationalmove functionsto transformthe
informationstate.Thestateconsistsof a setof variables,
whosebindingsareupdatedasthedialogueprogresses.

Figure14 shows a sampledialoguewith MATCH us-
ing SPUR.Thesummary, comparisonandrecommenda-
tion examplesarethosepresentedabovefor OR.Theaim
is to show thesestrategiesin context in our working sys-
tem. In U1 theuserspeci�esthequeryWestVillage Ital-
ian in speech.Thesystemrespondsin S1by presentinga
mapof New York, zoomingto theWestVillageandhigh-
lighting Italian restaurants.At this point, theuserhastoo
many optionsto decidebetweenandsos/hecirclessome
highlightedrestaurants(Figure15) andsayssummarize
(U2). The systemthenproducesa summary(S2),high-
lighting optionsand attributesrelevant to the userOR.
The userdecidesto selecta differentsetwith a gesture
(Figure16) andcomparethem(U3). S3 is that compar-
ison. Sinceall the restaurantsmentionedin S3 are ac-
ceptablethe userasksthe systemto recommendoneby
writing theword “recommend”(U4). Therecommenda-
tion operatesonthecurrentdialoguecontext which is the



1. For eachattribute,for eachoption,
4 If attribute's real-valuesall mapto thesamelexical

value, or if cost differenceis lessthan 10 dollars,
thenattributeis similar, otherwiseit is different.

2. Outputsimilar attributesorderedby userrank.

3. Outputdifferentattributesorderedby userrank.

Figure11: Algorithm for summarygeneration

User SummaryOutput
No
Model

The3 restaurantshave thesamepricerangeof 28
to 33 dollars. They differ in food quality, service,
anddecor.

CK The3 restaurantshave thesamepricerangeof 28
to 33 dollars.They differ in foodquality.

OR The3 restaurantshave thesamepricerangeof 28
to 33dollars.They differ in foodqualityanddecor.

Figure 12: Summariesfor three different user models
when Da Andrea, MalatestaTrattoria, and Uguale are
selected.

selectedset(from U3). This exampleshows how SPUR
allows usersto �nesse the problemof having too many
complex optionsto evaluateby presentingcompactde-
scriptions,highlightingonly thoseoptionsandattributes
thataredirectly relevantto theuser.

5 Conclusionsand Future Work

This paperdescribesanapproachto user-tailoredgener-
ationof evaluative responsesfor spokendialoguethat is
basedon quantitative usermodels. We addressa press-
ing problemfor currentdialoguesystems,namelythat
sequentialinformation presentationstrategies overload
users,anddo not effectively supportthemin makingde-
cisionsbetweencomplex options. We presentnew al-
gorithms for information presentationbasedon multi-
attribute decisiontheory that focus the presentationon
smallsetsof optionsandattributesthataresigni�cant and
salientto the user. Thesealgorithmsenableboth option
and attribute selectionfor threedifferent speech-plans:
summaries,recommendationsand comparisons. They
have beenimplementedin SPUR,a speech-plannerfor
theMATCH dialoguesystem.

Much prior work that hasappliedmodelsof userex-
pertiseor knowledgeto the generationof tailored texts
(Cawsey, 1993; Paris, 1988) inter alia. Otherprevious
work has utilized modelsof users' preferencesor bi-
ases,andmethodsfor automaticallyinferring suchmod-
elsfrom useractions(Morik, 1989;Klein, 1994;Carenini

Figure13: MATCH runningonFujitsuPDA

U1 “show Italian restaurantsin theWestVillage”
S1 [zoomsto theWestVillage,displaysItalianrestaurants.

(Figure2]
U2 [circlessomehighlightedrestaurantsandsays“summa-

rize” . (Figure15)]
S2 “The 3 restaurantshavethesameprice range of 28 to

33 dollars. They differ in foodqualityanddecor.”
U3 [circles a selectionof restaurantsandsays“compare”

(Figure16)]
S3 “Amongtheselectedrestaurants,thefollowingoffer ex-

ceptionaloverall value. Uguale's price is 33dollars. It
hasexcellentfoodqualityandgooddecor. Da Andrea's
price is 28 dollars. It hasvery goodfood quality and
gooddecor. John's Pizzeria'sprice is 20dollars. It has
verygoodfoodquality andmediocre decor.”

U4 [writes word “recommend”]
S4 “Uguale hasthebestoverall valueamongtheselected

restaurants.Uguale's price is 28 dollars.”

Figure14: Exampledialoguewith MATCH

andMoore,2000;CareniniandMoore,2001;Jamesonet
al., 1995). Our work differs from thesein focusingon
the particulardemandsof speechoutput,usingdirectly
elicitedmodels2.

Our work is a direct extensionof two lines of previ-
ousresearch.Walker (1996)describesspeech-plansfor
dialoguethat (1) usedecisiontheoryto rank theoptions
underconsideration;while (2) motivatinganoption'sac-
ceptanceby including contentexpressingits utility in
proposalsfor an option. Walker's PROPOSE-EXPLICIT-
WARRANT strategy is similar to our RECOMMEND strat-
egy. We alsobuild directly on CareniniandMoore's text
generationalgorithmsfor producingtailoredandconcise
argumentsin the real-estatedomain. However, this is
the�rst applicationof thisapproachto aspeech-planning

2This directelicitationprocedureis appropriatefor our ap-
plicationasit is commonfor usersto enroll with a spokendia-
logueservice.



Figure15: Usercirclessubsetfor summaryusinga pen
gesture.

Figure16: Usercirclessubsetfor comparison.

modulefor adialoguesystemwheretherequirementsfor
informationpresentationaredifferentfromwhenpresent-
ing text.

Therequirementsof spokenlanguage,andourapplica-
tion domain,requiredusto extendpreviouswork to sup-
port thegenerationof bothsummariesandcomparisons,
in additionto recommendations.Oneimportantcontribu-
tion of this work is thede�nition of thesenew speechact
types.Furthermorethis framework allows parametersof
thespeech-plansto behighly con�gurable: by changing
the valueof * , we canexperimentwith differentde�ni-
tions of thenotion of outlier, andhencegeneratediffer-
ently concisespeech-plans,that highlight and compare
differentsetsof attributesandoptions.

Our initial resultssuggestthatusersshouldbeableto
�nd a desirableoptionmoreef�ciently usingSPURthan

with existing methods. We are currently conductinga
userevaluationof SPURto test this. We also hopeto
enrich SPUR's ability to structurethe selectedcontent,
andto interfaceSPURto a sentenceplannerandsurface
realizer.
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