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DIALOGUE AND
CONVERSATIONAL
AGENTS

C: I wantyou to tell methenamesof thefellowson theSt.
Louis team.

A: I'm telling you. Who's on �rst, What's on second,I
Don't Know is on third.

C: Youknow thefellows' names?
A: Yes.
C: Well, then,who'splaying�rst?
A: Yes.
C: I meanthefellow'snameon �rst.
A: Who.
C: Theguyon �rst base.
A: Who is on �rst.
C: Well whatareyouaskin' mefor?
A: I'm notaskingyou– I'm telling you. Who is on �rst.

Who'sonFirst– BudAbbottandLou Costello's ver-
sionof anold burlesquestandard.

The literatureof the fantasticaboundsin inanimateobjectsmagically en-
dowed with sentienceand the gift of speech.From Ovid's statueof Pygmalion
to Mary Shelley's Frankenstein,Cao Xue Qin's Divine LuminescentStone-in-
Waiting in theCourt of SunsetGlow to Snow White's mirror, thereis something
deeplytouchingaboutcreatingsomethingandthenhaving a chatwith it. Legend
hasit thatafter�nishing hissculptureof Moses, Michelangelothoughtit solifelike
thathetappedit on thekneeandcommandedit to speak.Perhapsthisshouldn't be
surprising.Languageitself hasalwaysbeenthemarkof humanityandsentience,
and conversation or dialogue is the most fundamentaland speciallyprivileged CONVERSATION

DIALOGUEarenaof language.It is certainlythe�rst kind of languagewelearnaschildren,and
for mostof us, it is thekind of languagewe mostcommonlyindulgein, whether
weareorderingcurryfor lunchor buyingpostagestamps,participatingin business
meetingsor talkingwith our families,bookingairline �ights or complainingabout
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theweather.
This chapterintroducesthe fundamentalstructuresand algorithmsin con-

versationalagents, alsoknown asspokendialoguesystems, or spokenlanguage
systems. Theseareprogramswhich communicatewith usersin spoken natural
languagein orderto make travel arrangements,answerquestionsaboutweatheror
sports,routetelephonecalls,actasa generaltelephoneassistant,or performeven
moresophisticatedtasks.

Many of thesetaskshave to do with telephony; speechdialoguesystemsare
particularlyappropriatefor applicationslike telephony, whereonly a limited key-
boardand/orscreenis available(CohenandOviatt,1995).Oneimportantdomain
for conversationalagentsis travel planning,which hasbeena key concernof di-
aloguesystemssincethe early in�uential GUS systemfor planningairline travel
(Bobrow et al., 1977). More recently, a numberof spoken languagesystemsfor
bookingairline �ights werebuilt undertheAir Traf�c InformationSystem(ATIS)
(Hemphill et al., 1990)andCommunicator(?) programs.We will usethis travel
domainasan examplethroughoutthe chapter(aswe usedit to discussgrammar
rulesfor parsingATIS sentencesin Chapter9). Figure19.1shows a sampledia-
loguefrom aCommunicatorsystem,takenfrom Xu andRudnicky (2000).

S1: Hello. You'vereachedthe[Communicator].Tell meyour full name
U2: hi i' d like to �y to seattletuesdaymorning
S3: Traveling to SeattleonTuesday, Augusteleventhin themorning.Your full name?
U4: [JohnDoe]
S5: Hello, [John],I'm gladto hearfrom youagain.Youcannow askmefor help.
S6: OK. Let's seeI have a United �ight departingPittsburgh at ten forty � ve a.m.

arriving into Seattleat one�fty sevenp.m. Is thatOK?
U7: Yes
S8: Will you returnto Pittsburgh from Seattle?
U9: no i will go to LosAngeles
S10: Traveling to LosAngeles.onwhatdate
U11: Sorrycanwegoback to talk aboutthepreviousleg again
S12: For the �rst leg, you areon a United �ight 1446departingPittsburgh at ten forty

� veA.M. tomorrow, arriving in Seattleatone�fty sevenP.M. Do youwantto take
that?

U13: actuallyi wantto leaveonwednesday
S14: a �ight onwednesday.
S15: I havea �ight departingPittsburghat tenforty � vea.m.,arrivesSeattleat one�fty

sevenp.m. Is thatOK?
U16: Yes

Figure 19.1 The travel domain: a fragmentfrom a successfulconversationbe-
tweenauser(U) andtheCommunicatorsystem(S)of Xu andRudnicky (2000).
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Anotherusefuldomainis automaticcall routing. The taskof a call routing
systemis to directincomingcallsin a telephonecall center. Thejob of thesystem
is thusto transferthecall to theappropriatehumanfor solvingtheuser's problem,
generallybeginning with open-endedquestionsto the userlike How mayI help
you? (Gorin et al., 1997),or How mayI direct your call? (Chu-CarrollandCar-
penter, 1999).Figure19.2shows sampleconversationsfrom theAT&T How May
I HelpYou (HMIHY) system(Gorinet al., 1997).

S: How mayI helpyou?
U: canyoutell mehowmuch it is to tokyo?
S: Youwantto know thecostof acall?
U: yesthat's right
S: Pleaseholdon for rateinformation.
S: How mayI helpyou?
U: what's theareacodefor chicago?
S: Youwantanareacode.
U: (silence)
S: Theareacodefor Chicagois 312.

Figure19.2 Thecall routing/telephoneinformationdomain:two actualconversa-
tionsbetweena user(U) andtheAT&T How May I Help You (HMIHY) system(S)
(Gorinet al., 1997).

A somewhat different domain,which is very far from the telephony area,
is automatictutoringsystems.Figure19.3shows part of a dialoguefrom the IT-
SPOKEdialoguesystem(LitmanandSilliman,2004),whichusestheWhy2-Atlas
text-basedtutoringsystemasits tutoringbackend(?).

Section19.1beginsour discussionof conversationalagentsby overviewing
the architectureof simplespoken languagesystems,especiallyframe-baseddia-
loguesystems,introducingin detaileachof thecomponentsof a typical dialogue
system. Section19.3 discusseshow to evaluatedialoguesystems.Section19.2
thendescribestheVXML (Voice XML) languagefor describingsimpledialogue
systems,andwalksthroughsomeexamplesusingform-baseddialogues.We then
turn to two sectionsdescribingmoreadvancedconceptsin dialogue.Section19.4
introducestheideaof grounding,andtheuseof groundinginformationin dealing
with con�rmation anderrors.Section19.5andSection19.6introducethe ideaof
speechactsanddialogueactsandtheautomaticdetectionof them.Finally wedis-
cusssomeadvancedtopics, including the advancedBDI (belief-desire-intention)
paradigmfor dialogueunderstanding,theMDP (Markov DecisionProcess)model
for dialogueunderstanding,andsomediscussionsof speechprocessingof human-
humandialogue,for examplefor automaticsummarizationof meetings.
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S: I didn't understand.Whatforceactson all objectswithin closeproximity to
earth?

U: uh theforceof gravity
S: Fine.BesidestheEarth'sgravitationalforce,arethereany otherforcesacting

on theperson,keys,andelevatoraftertherelease?
U: no
S: Yep. Thus,keepin mind thatafter therelease,theonly forceon theperson,

keys,andelevatoris theforceof gravity. If gravity is theonly forceactingon
anobject,will it bemoving or stayingstill?

U: it will bemoving
S: Fine. Not only are the person,keys, and elevator moving, they have only

gravitational forceson them.Whenanobjectis falling andhasonly gravita-
tional forceon it, it is saidto bein what?

U: freefall

Figure19.3 Thetutoringdomain:partof anactualconversationbetweenastudent
user(U) andtheITSPOKEsystem(S) of (Litman andSilliman,2004),basedon the
Why2-Atlastext-basedtutoringsystem(?).

19.1 SIMPLE DIALOGUE SYSTEMS

The very simplestdialoguesystem,albeit onefor text ratherthanspeech,is one
whichweexploredalreadyin Chapter2 for chatterbotslikeEliza. TheElizaarchi-
tectureconsistedof a singleread-search-replace-print loop, which readin a user
sentence,ran a seriesof regular expressionsubstitutions,andprintedout the re-
sultingresponse.Thedialoguesystemswe areconcernedwith in this chapterare
vastly morecomplex, with speechinput andoutputandmoresophisticateddia-
loguecontrol.Figure19.4shows a typicalarchitecture.

Speech
Recognition

Text-to-Speech
Synthesis

Natural Language
Understanding

Natural Language
Generation

Dialogue
Manager

Task Manager

Figure 19.4 Simpli�ed architectureof thecomponentsof a conversationalagent.
PLACEHOLDERFIGURE.
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ASR component

TheASR (automaticspeechrecognition)componenttakesaudioinput, generally
from thetelephone,andreturnsatranscribedstringof words,asdiscussedin chap-
ters Chapter6 throughChapter7. The ASR systemmay also be optimizedin
variouswaysfor usein conversationalagents.For examplewhile ASR systems
usedfor dictationor transcriptiongenerallyusea singlebroadly-trainedN-gram
languagemodel,ASR systemsin conversationalagentgenerallyusemorespeci�c
languagemodels.Theselanguagemodelsarespeci�c to a dialoguestate.For ex-
ample,if thesystemhasjust asked theuser“What city areyou departingfrom?”,
theASR languagemodelcanbeconstrainedto only consistof city names,or per-
hapssentencesof the form `I want to (leavejdepart)from [CITYNAME]'. These
dialogue-state-speci�c languagemodelscanconsistof hand-written�nite-stateor
context-free grammars,or of N-gramgrammarstrainedon subcorporaextracted
from the answersto particularquestionsin sometraining set. Whenthe system
wantsto constraintheuserto respondto thesystem's lastutterance,it canusesuch
a restrictive grammar. Whenthesystemwantsto allow theusermoreoptions,it RESTRICTIVE

GRAMMAR

mightmix thisstate-speci�clanguagemodelwith amoregenerallanguagemodel.
As we will see,the choicebetweenthesestrategies canbe tunedbasedon how
muchinitiative theuseris allowed.

AnotherwaythatASRis in�uencedby beingembeddedin adialoguesystem
hasto dowith adaptation.Sincetheidentityof theuserremainsconstantacrossthe
telephonecall, speaker adaptationtechniquescanbe appliedto improve recogni-
tion asthesystemhearsmoreandmorespeechfrom theuser. Thustechniqueslike
MLLR andVTLN canprovide useful improvementsin ASR ratesin a dialogue
situation.

NLU component

TheNLU (naturallanguageunderstanding)componentof dialoguesystemsmust
produceasemanticrepresentationwhichis appropriatefor thedialoguetask.Many
speech-baseddialoguesystems,sinceasfarbackastheGUSsystem(Bobrow etal.,
1977),haveusedframesastheirsemanticrepresentation,exactlythekind of frame-
and-slotsemanticsthatarecommonlyusedin informationextraction,asdiscussed
in Chapter15. A travel system,for example,which hasthegoalof helpinga user
�nd anappropriate�ight, would have a framewith slotsfor informationaboutthe
�ight; thusa sentencelike Showmemorning�ights fromBostonto SanFrancisco
on Tuesdaymight correspondto thefollowing �lled-out frame(from Miller et al.
(1994)):

SHOW:
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FLIGHTS:
ORIGIN:

CITY: Boston
DATE:

DAY-OF-WEEK: Tuesday
TIME:

PART-OF-DAY: morning
DEST:

CITY: San Francisco

How doestheNLU componentgeneratethis semantics?In principleany of
themethodsfor semanticanalysisdiscussedin Chapter15couldbeemployed.For
example,Chapter15shows how acontext-freegrammarcouldbeaugmentedwith
semanticattachments,anda standardCFGparsercanbeusedto build a meaning
for a sentence.The �llers of eachframecanthenbeextractedfrom thesentence
meaning.For exampletheSRI GEMINI NLU engine,a uni�cation grammarwith
semanticattachments,is usedin theATIS andWITAS dialoguesystems(?,?)

In practice,mostdialoguesystemsrely onasimpler, domain-speci�cseman-
tic understandingcomponent.Probablythemostcommonis theuseof thesemantic
grammars,alsodiscussedin Chapter15. With thesegrammars,ratherthanusinga
syntacticrule with a semanticattachment,theactualnodenamesin theparsetree
correspondto the semanticentitieswhich arebeingexpressed.For example,we
mightseegrammarfragmentslike thefollowing:

LIST ! show mej i wantj cani seej...
DEPART TIME RANGE ! (afterjaroundjbefore)HOURj

morningj afternoonj evening
HOUR ! onejtwojthreejfour...jtwelve(AMPM)
FLIGHTS ! (a) �ight j �ights
AMPM ! amj pm
ORIGIN ! from CITY
DESTINATION ! to CITY
CITY ! Bostonj SanFranciscoj Denver j Washington

Thesegrammarstake the form of context-free grammars,andhencecanbe
parsedby any standardCFGparsingalgorithm,suchastheCYK or Earley algo-
rithmsintroducedin Chapter10.

But grammarsfor thesedomain-speci�cdialoguesystemsareoften simple
enoughto have minimal or no recursion,andso areoften processedby ef�cient
�nite-state methods.In caseswherethereis somerecursion,ef�cient augmenta-
tionsof �nite-statealgorithmssuchastheuseof recursive transitionnetworkshave
beenapplied(IssarandWard,1993;WardandIssar, 1994).

Theresultof theparseis thusa hierarchicallabelingof theinput stringwith
semanticnodelabels:
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DEPART DESTINATION
LIST FLIGHTS CITY CITY DEPART_DATE DEPART_TIME
Show me flights from boston to san francisco on tuesday morning

Sincethe semanticnodesin the grammarlike DEPART CITY correspond
to the slotsin the domain-speci�cframe,the �llers of eachslot in the framecan
be readalmostdirectly off the resultingparseabove. It remainsonly to put the
�llers into somesortof canonicalform (for exampledatescanbeconvertedinto a
DD:MM:YY form, timescanbeput into 24-hourtime,etc).

The semanticgrammarapproachis very widely used,but has two weak-
nesses:�rst, it relieson hand-writtengrammars,which areexpensive andtime-
consumingto produce.Second,aswe have describedit sofar, thesemanticgram-
marapproachis non-probabilistic, whichmakesit hardto resolve ambiguities.

Onesolutionto bothof theseproblemis to usea probabilisticmodellike an
HMM to assignthe semanticslot rolesto wordsin the sentences.In the seman-
tic HMM modelof Pieracciniet al. (1991),for example,the hiddenstatesof the
HMM aresemanticslot labels,while theobservedwordsarethe�llers of theslots.
Figure19.5shows a sequenceof hiddenstates,correspondingto slot names,each
generatinga sequenceof observed words. Note that themodelincludesa hidden
statecalledDUMMYwhich is usedto generatewordswhich do not �ll any slotsin
theframe.

Figure19.5 ThePieraccinietal. (1991)HMM modelof semanticsfor �lling slots
in frame-baseddialoguesystems.

Thegoalof theHMM modelis to computethelabelingof semanticrolesC =
c1;c2; :::;ci (C for `cases'or `concepts')that hasthe highestprobability P(CjW)
givensomewordsW = w1;w2; :::;wn. As usual,weuseBayesRulesasfollows:

argmax
C

P(CjW) = argmax
C

P(WjC)P(C)
P(W

= argmax
C

P(WjC)P(C) (19.1)

=
N

Õ
i= 2

P(wi jwi� 1:::w1;C)P(w1jC)
M

Õ
i= 2

P(ci jci� 1:::c1) (19.2)
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The Pieracciniet al. (1991)modelmakesa simpli�cation that the concepts
(thehiddenstates)aregeneratedby a Markov process(a conceptM-grammodel),
andthattheobservationprobabilitiesfor eachstatearegeneratedby astate-dependent
(concept-dependent) wordN-gramwordmodel:

P(wi jwi� 1; :::;w1;C) = P(wi jwi� 1; :::;wi� N+ 1;ci) (19.3)

P(ci jci� 1; :::;c1 = P(ci jci� 1; :::;ci� M+ 1) (19.4)

Basedon this simplifying assumption,the�nal equationsusedin theHMM
modelareasfollows:

argmax
C

P(CjW) =
N

Õ
i= 2

P(wi jwi� 1:::wi� N+ 1;ci)
M

Õ
i= 2

P(ci jci� 1:::ci� M+ 1) (19.5)

Theseprobabilitiescanbetrainedonalabeledtrainingcorpus,in whicheach
sentenceis hand-labeledwith theconcepts/slot-namesassociatedwith eachstring
of words. The bestsequenceof conceptsfor a sentence,and the alignmentof
conceptsto word sequences,canbe computedby the standardViterbi decoding
algorithm.

In summary, theresultingHMM modelis a generative modelwith two com-
ponents.One,correspondingto P(C), representsthe choiceof what meaningto
express;it assignsa prior over sequencesof semanticslots,computedby a con-
ceptN-gram.Thesecond,correspondingto P(WjC), representsthechoiceof what
wordsto useto expressthatmeaning;thelikelihoodof aparticularstringof words
beinggeneratedfrom a givenslot. It is computedby a word N-gramconditioned
on the semanticslot. This model is very similar to the HMM modelfor named
entity detectionwe saw in Chapter15.

A problemwith theHMM modelsofaris thatit hasnoability to modelthehi-
erarchicalnatureof languagestructure.Variousmoresophisticatedversionsof the
HMM modeladdressthis problemby augmentingtheHMM with recursive struc-
ture. For exampletheHiddenUnderstandingModel (HUM) (Miller et al., 1994,
1996,2000),is basedon stochasticrecursive transitionnetworks(SRTNs),allow-
ing the semanticlabelsto have hierarchyand recursion. Recall that a recursive
transitionnetwork is a notationalvariantof a context-free grammar. Figure19.6
shows a representationof the HUM structureof the sentencèPleaseshowme
morning�ights fromBostonto SanFranciscoon Tuesday'.

Themodelfor P(WjC) in theHUM modelis exactlythesameasin theHMM
modeldescribedabove: a concept-speci�cword N-grammodel. The model for
P(C) is different;insteadof usinganN-grammodelof concepts,theHUM allows
for hierarchicalstructureby usingan SCFG-like modelof conceptprobabilities,
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Figure19.6 A structureof a sentencein theHiddenUnderstandingModel. (from
(Miller etal., 1994))PLACEHOLDERFIGURE.

borrowedfrom theTINA modelwedescribedbelow (Seneff, 1995).Theprobabil-
ity of theconcept�ight generatingthesubconceptsequenceairline, �ight indica-
tor, �t-num, origin, destinationis computingby keepinga conceptN-gramfor the
subconceptsequences,conditionedon theparents.This modelis thusa hierarchi-
cal versionof themodelfor generatingword observations. Thusfor examplethe
probabilityof thisonenon-terminalexpansionin thetreeis computedasfollows:

P(airline, �ight indicator, �t-num, origin, destinationj�ight ) =

P(�ight indicatorjairline, �ight )

� P(�t-numj�ight indicator, �ight )

� P(originj�t-num, �ight )::: (19.6)

The two componentsof the HUM model are both trainedfrom a labeled
training set, just as the HMM model is. The semanticprior P(C) is generated
from a probabilistic�nite-state network (a recursive transitionnetwork, or RTN)
of concepts.Figure19.7showsoneof thesubnetworksfor theATIS �ight concept;
theFlight frameprobabilisticallygeneratesasequenceof slots(date,origin, airline
etc). Thearcson this network representthe(bigram)transitionprobabilityof one
slot following another. Theindividual nodeslike airline actasrecursive jumparcs
in theATN, calling asubnetwork for theairlineconcept.

As with theHMM, decoding(choosingthemostlikely sequenceof concepts
for a given sentence)canbe donevia the Viterbi algorithm. Sincethe network
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Figure 19.7 Thecomputationof P(C) from theProbabilisticRTN corresponding
to theFlight concept,from (Miller et al., 1994).PLACEHOLDERFIGURE.

is a recursive transitionnetwork, statesmustbegenerateddynamicallyduringthe
search.

As Young (2002) points out, one improvementof the hierarchicalHUM
modelin Figure19.6over the�at HMM modelin Figure19.5is thathaving preter-
minal labels(like Origin or Dest) avoids fragmentingthe training data. In Fig-
ure19.5,citiesaresplit betweenbeingOrigins andDestinations. In Figure19.6,
theclasscity namecapturesbothkindsof cities,andfactsabouthow thecities�t
into largerstructureis capturedby thepreterminalnodes.

Furthercomplexity canbeaddedto theHUM modelby includingsyntactic
aswell assemanticknowledgeinto thegrammarrules,essentiallycombiningthe
insightsof semanticgrammarsandprobabilisticparsers.TheTINA system(Sen-
eff, 1995)is sucha system;Figure19.8shows anexampleof a syntactic/semantic
parsetree.

Thenodeprobabilitiesin TINA aregeneratedby computingseparateN-gram
grammarsfor eachnon-terminal,conditionedontheparentnon-terminal,andtrain-
ing on ahand-labeledtrainingset.
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Figure 19.8 A parseof a sentencein theTINA semanticgrammar(from (Seneff,
1995)).PLACEHOLDERFIGURE.

Generationand TTS components

The generationcomponentof a conversationalagentchoosesthe conceptsto ex-
pressto theuser, plansouthow to expresstheseconceptsin words,andassignsany
necessaryprosodyto thewords,asdescribedin Chapter20. TheTTS component
thentakesthesewordsandtheirprosodicannotationsandsynthesizesawaveform,
asdescribedin Chapter30. Both thesecomponentsmaybe optimizedin various
waysfor usein conversationalagents.

As Chapter20describes,thegenerationtaskcanbeseparatedinto two tasks:
what to say, andhow to say it. The content planner moduleaddressesthe �rst
task,decideswhatcontentto expressto theuser, whetherto askaquestion,present
an answer, and so on. The contentplanningcomponentof dialoguesystemsis
oftenmergedwith thedialoguemanager.

The languagegeneration moduleaddressesthe secondtask,choosingthe
syntacticstructuresandwordsneededto expressthe meaning.Languagegener-
ation modulesare implementedin one of two ways. In the simplestand most
commonmethod,all or mostof thewordsin thesentenceto beutteredto theuser
areprespeci�edby thedialoguedesigner. Thismethodis known astemplate-based
generation.While mostof thewordsin the templateare�x ed, templatescanin-
cludesomevariableswhichare�lled in by thegenerator, asin thefollowing:

Whattime doyouwantto leave CITY-ORIG?
Will you returnto CITY-ORIGfrom CITY-DEST?

A secondmethodfor languagegenerationrelieson the natural language
generation techniquescoveredin Chapter20. Herethedialoguemanagerbuilds
a representationof the meaningof the utteranceto be expressed,andpassesthis
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meaningrepresentationto a full generator. Suchgeneratorsgenerallyhave three
components,a sentenceplanner, surfacerealizer, andprosodyassigner. A sketch
of this architectureis shown in Figure19.9.

Figure 19.9 Architectureof a generatorfor a dialoguesystem,after Walker and
Rambow (2002).PLACEHOLDERFIGURE.LABELS ARE WRONGIN MIDDLE
BOX.

Whichever methodis used,conversationaldialogueplacesa numberof con-
straintson thesentencegeneratorrelatedto HumanComputerInteraction(HCI).
Someof theseconstraintsarenot thatdifferentthanotherkindsof generation,and
re�ect thekind of discoursecoherencediscussedin Chapter18. For example,as
Cohenet al. (2004)show, the useof discoursemarkersandpronounsmakesthe
dialoguein (19.8)morenaturalthanthedialoguein (19.7):

(19.7) Pleasesaythedata.
...
Pleasesaythestarttime.
...
Pleasesaytheduration.
...
Pleasesaythesubject.

(19.8) First, tell methedate.
...
Next, I' ll needthetime it starts.
...
Thanks.< pause> Now, how long is it supposedto last?
...
Lastof all, I just needa brief description...

Anotherimportantcaseof discoursecoherenceoccurswhenparticularprompts
mayneedto besaidto theuserrepeatedly. In thesecases,it is standardin dialogue
systemsto usetapered prompts, promptswhich get incrementallyshorter. TheTAPEREDPROMPTS

following examplefrom Cohenetal. (2004)shows aseriesof taperedprompts:

(19.9) System:Now, what's the�rst company to addto yourwatchlist?
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Caller:Cisco
System:What's thenext company name?(Or, youcansay, “Finished.”)
Caller: IBM
System:Tell methenext company name,or say, “Finished.”
Caller: Intel
System:Next one?
Caller:AmericaOnline.
System:Next?
Caller: ...

Otherconstraintson generationare morespeci�c to spoken dialogue,and
refer to factsabouthumanmemoryandattentionalprocesses.For example,when
humansarepromptedto giveaparticularresponse,it taxestheirmemorylessif the
suggestedresponseis the last thing they hear. ThusasCohenet al. (2004)point
out, the prompt“To hearthe list again,say`Repeatlist'” is easierfor usersthan
“Say `Repeatlist' to hearthelist again.”

Similarly, presentationof long listsof queryresults(e.g.,potential�ights, or
movies) cantax users. Thusmostdialoguesystemshave contentplanningrules
to dealwith this. In the Mercury systemfor travel planningdescribedin (?), for
example,a contentplanningrule speci�esthat if therearemorethanthree�ights
to describeto theuser, thesystemwill just list theavailableairlinesanddescribe
explicitly only theearliest�ight.

FIX: Add more here on Stent Prasad Walker '04 and Walker et al '03
CogSci

DialogueManager

The�nal componentof adialoguesystemis thedialoguemanager, whichcontrols
the architectureandstructureof the dialogue. The dialoguemanagertakesinput
from theASR/NLU components,maintainssomesortof state,interfaceswith the
taskmanager, andpassesoutputto theNLG/TTSmodules.

We saw a very simpledialoguemanagerin Chapter2, wherewe introduced
ELIZA. Recallthatthearchitectureof ELIZA's wasa simpleread-substitute-print
loop. Thesystemreadin asentence,appliedaseriesof text transformationsto the
sentence,andthenprintedit out. No statewaskept; thetransformationruleswere
only awareof thecurrentinputsentence.Whatmakesamoderndialoguemanager
verydifferentthanELIZA is bothamountof statethatthemanagerkeepsaboutthe
conversation,andtheability of themanagerto modelstructuresof dialogueabove
thelevel of asingleresponse.

Four kinds of dialoguemanagementarchitecturesaremostcommon. Two
arediscussedhere(�nite-stateandframe-based),andtwo arediscussedin theAd-
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vancedTopicspartof thechapter(plan-basedarchitecturesandMarkov Decision
Processmodels).We will alsodiscussa moreadvancedialoguearchitecture,the
BDI architecture,in Section19.9.

The simplestdialoguemanagerarchitectureis a �nite-state manager. For
example,imaginea trivial airline travel systemwhosejob wasto asktheuserfor
a departurecity, a destinationcity, a time, andwhetherthe trip wasround-tripor
not. Figure19.10shows a sampledialoguemanagerfor sucha system.Thestates
of the FSA correspondto questionsthat thedialoguemanagerasksthe user, and
thearcscorrespondto actionsto take dependingon whattheuserresponds.

What city are you leaving from?

Where are you going?

What date do you want to leave?

Is it a 

one-way-trip?

Yes

What date do you want to return?

No

Do you want to go from <FROM> to <TO>on <DATE>
returning on <RETURN>?

No Yes

NoYes

flight]
[Book the

Do you want to go from <FROM> to <TO>on <DATE>?

Figure19.10 A simple�nite-stateautomatonarchitecturefor adialoguemanager.
PLACEHOLDERFIGURE.

This systemcompletelycontrolsthe conversationwith theuser. It asksthe
usera seriesof questions,ignoring(or misinterpreting)anything theusersaysthat
is notadirectanswerto thesystem's question,andthengoingon to thenext ques-
tion.

Systemsthat control the conversationin this way arecalledsysteminitia-
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tive or single initiati ve systems.We saythat thespeaker that is in controlof theSYSTEMINITIATIVE

SINGLEINITIATIVEconversationhastheinitiati ve. In normalhuman-humandialogue,initiative shifts
INITIATIVEbackandforth betweentheparticipants(WalkerandWhittaker, 1990).Thelimited

single-initiative �nite-state dialoguemanagerarchitecturesmay be suf�cient for
very simpletasks(perhapsfor enteringa creditcardnumber, or a nameandpass-
word,on thephone).Furthermore,they have theadvantagethatthesystemalways
knowswhatquestiontheuseris answering.Thismeansthesystemcanpreparethe
speechrecognitionenginewith aspeci�c languagemodeltunedto answersfor this
question.Knowing what theuseris goingto betalking aboutalsomakesthetask
of thenaturallanguageunderstandingengineeasier. Puresystem-initiative �nite-
statedialoguemanagerarchitecturesareprobablytoorestricted,however, evenfor
therelatively uncomplicatedtaskof aspokendialoguetravel agentsystem.

Single initiative systemscanalsobe controlledby the user, in which case
they arecalleduser initiati ve systems.Pureuserinitiative systemsaregenerally USERINITIATIVE

usedfor statelessdatabasequeryingsystems,wheretheuseraskssinglequestions
of thesystem,which thesystemconverts into SQL databasequeries,andreturns
theresultsfrom somedatabase.

Theproblemis thatneitherof thesekindsof single-initiative systemsis prac-
tical for themajority of problems.Puresystem-initiative systemsrequirethat the
useranswerexactly thequestionthat thesystemasked. But this canmake a dia-
logueawkwardandannoying. Usersoftenneedto beableto saysomethingthatis
notexactlytheanswerto asinglequestionfrom thesystem.Forexample,in atravel
planningsituation,usersoftenwantto expresstheir travel goalswith complex sen-
tencesthat may answermore than one questionat a time, as in Communicator
example(19.10)repeatedfrom Figure19.1,or ATIS example(19.11).

(19.10) Hi I' d like to �y to SeattleTuesdaymorning

(19.11) I wanta �ight from Mil waukeeto Orlandooneway leaving after� vep.m.
onWednesday.

A �nite statedialoguesystem,astypically implemented,can't handlethese
kinds of utterancessince it requiresthat the useranswereachquestionas it is
asked. Of courseit is theoreticallypossibleto createa �nite statearchitecture
which hasa separatestatefor eachpossiblesubsetof questionsthat the user's
statementcouldbeanswering,but thiswouldrequireavastexplosionin thenumber
of states,makingthisa dif�cult architectureto conceptualize.

Most �nite-systemsdo allow theuserto do thingsotherthananswerexactly
the questionwhich the systemasked. The systemsallow universal commands. UNIVERSAL

Universalsarecommandsthatcanbesaidanywherein thedialog.They areimple-
mentedby essentiallyallowing every stateto recognizedtheuniversalcommands
in additionto theanswerto thequestionthatthesystemjust asked. Commonuni-
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versalsincludehelp, whichgivestheusera (possiblystate-speci�c)helpmessage,
start over (or main menu), which returnsthe userto somespeci�ed main start
state,andsomesortof commandto correctthesystem'sunderstandingof theusers
last statement.For example,in the travel systemof San-Segundoet al. (2001),
whenthesystemmisrecognizesauser'sutterance,theusercansaycorrectandthe
systemwill erasethemisrecognitionandgo back.

But addinguniversalsto a system-initiative architectureis still insuf�cient.
Therefore,mostsystemsavoid thepuresystem-initiative �nite-stateapproachand
useanarchitecturethatallows mixed initiati ve, in which conversationalinitiativeMIXEDINITIATIVE

canshift betweenthesystemanduserat variouspointsin thedialogue.
Onecommonmixedinitiative dialoguearchitecturerelieson thestructureof

theframeitself to guidethedialogue.Theseframe-basedor form-baseddialogueFRAME­BASED

FORM­BASED managersasksthe userquestionsto �ll slots in the frame,but allow the userto
guidethedialogueby giving informationthat �lls otherslotsin the frame. Each
slot in theframemaybeassociatedwith aquestionto asktheuser, of thefollowing
type:

Slot Question
ORIGIN CITY “From whatcity areyou leaving?”
DESTINATION CITY “Whereareyougoing?”
DEPARTURETIME “Whenwouldyou like to leave?”
ARRIVAL TIME “Whendo youwantto arrive?”

A frame-baseddialoguemanagerthus needsto ask questionsof the user,
�lling any slot that the userspeci�es,until it hasenoughinformationto perform
a databasequery, and then return the result to the user. If the userhappensto
answertwo or threequestionsat a time, the systemhasto �ll in theseslotsand
thenremembernot to asktheusertheassociatedquestionsfor theslots.Not every
slotneedhaveanassociatedquestion,sincethedialoguedesignermaynotwantthe
userdelugedwith questions.Nonetheless,thesystemmustbeableto �ll theseslots
if the userhappensto specify them. This kind of form-�lling dialoguemanager
thusdoesaway with thestrict constraintsthatthe�nite-statemanagerimposeson
theorderthattheusercanspecifyinformation.

While somedomainsmayberepresentablewith a singleframe,others,like
the travel domain,seemto requirethe ability to dealwith multiple frames. For
example,oncea frame-basedsystemhasperformeda query looking for �ights,
thereis likely to be morethanone�ight which meettheuser's constraints.This
meansthat the userwill be given a list of choices,A frame-basedsystemmight
needanotherkind of frame which hasslots for identifying elementsof lists of
�ights (How much is the�r st one?or Is thesecondonenon-stop?). Otherframes
might have generalroute information(for questionslike Which airlines �y from
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Bostonto SanFrancisco?), informationaboutairfarepractices(for questionslike
Do I haveto staya speci�cnumberof daysto geta decentairfare?) or aboutcaror
hotelreservations.Sinceusersmayswitchfromframeto frame,andsincethey may
answera futurequestioninsteadof theonethesystemasked, thesystemmustbe
ableto disambiguatewhichslotof whichframeagiveninputissupposedto �ll, and
thenswitchdialoguecontrolto thatframe.A frame-basedsystemis thusessentially
a productionrule system. Different typesof inputs causedifferent productions
to �re, eachof which can �e xibly �ll in different frames. The productionrules
canthenswitchcontrolbasedon factorssuchastheuser's input andsomesimple
dialoguehistorylike thelastquestionthatthesystemasked.FIX: Add a sentence
here on Mercury production rules and Galaxy architecture.

The frame-basedor production-ruledialoguemanagerarchitecturethus is
appropriatewhenthesetof possibleactionstheusercouldwantto take is relatively
limited, but wheretheusermightwantto switcharoundabit amongthesethings.

Now thatwe've seentheframe-basedarchitecture,let's returnto our discus-
sion of conversationalinitiative. It' s possiblein the sameagentto allow system-
initiative, user-initiative, and mixed-initiative interactions. We said earlier that
initiative refersto who hascontrol of the conversationat any point. The phrase
mixed initiati ve is generallyusedin two ways. It canmeanthat the systemor
theusercouldarbitrarily take or give up theinitiative in variousways(Walker and
Whittaker, 1990;Chu-CarrollandBrown, 1997). This kind of mixed initiative is
generallyonly possiblein theadvancedBDI kindsof dialoguesystemsdescribed
in Section19.9. In form-baseddialoguesystem,the termmixed initiative is used
for amorelimited kind of shift, operationalizedbasedonacombinationof prompt
type (openversusdirective) andthe type of grammarusedin the ASR. An open
prompt is onein which the systemgivestheuservery few constraints,allowing OPENPROMPT

theuserto respondhowever they please,asin:

How mayI helpyou?

A dir ectiveprompt is onewhichexplicitly instructstheuserhow to respond, DIRECTIVEPROMPT

asin:

Sayyesif youacceptthecall; otherwise,sayno.

In Section19.1wede�nedarestrictive grammarasa languagemodelwhich
stronglyconstrainstheASR system,only recognizingproperresponsesto a given
prompt.

In Figure19.11we thengive thede�nition of initiative usedin form-based
dialoguesystems,following Singhetal. (2002)andothers.Hereasysteminitiative
interactionusesadirectivepromptandarestrictivegrammar;theuseris toldhow to
respond,andtheASRsystemisconstrainedtoonly recognizetheresponsesthatare
promptedfor. In userinitiative, theuseris givenanopenprompt,andthegrammar
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Prompt Type
Grammar Open Dir ective
Restrictive Doesn't make sense SystemInitiative
Non-Restrictive UserInitiative MixedInitiative

Figure 19.11 A standardoperationalde�nition of initiative, following following
Singhet al. (2002)andothers.

mustrecognizeany kind of response,sincethe usercould sayanything. Finally,
in a mixedinitiative interaction,thesystemgivestheusera directive promptwith
particularsuggestionsfor response,but thenon-restrictive grammarallowstheuser
to respondoutsidethescopeof theprompt.

De�ning initiative asapropertyof thepromptandgrammartypein thisway
allows systemsto dynamicallychangetheir initiative type for differentusersand
interactions.Novice users,or userswith high speechrecognitionerror, might be
betterserved by more systeminitiative. Expert users,or thosewho happento
speakmorerecognizably, might do well with mixedor userinitiative interactions.
Wewill seelaterhow machinelearningtechniquescanbeusedto chooseinitiative.

We will return to more advanceddialoguemanagerarchitecturesin Sec-
tion 19.9.

19.2 VOICEXML

VoiceXML is the Voice ExtensibleMarkup Language,an XML-baseddialogueVOICEXML

designlanguagereleasedby theW3C.Thegoalof VoiceXML (henceforthvxml)VXML

is to createsimpleaudiodialoguesof thetypewehavebeendescribing,makinguse
of ASR andTTS, anddealingwith very simplemixed-initiative in a frame-based
architecture.While vxml is morecommonin thecommercialratherthanacademic
setting,it offers a convenientsummaryof the dialoguesystemdesignissueswe
have discussed,andwill continueto discuss.

A vxml documentcontainsasetof dialogs,eachof whichcanbea formor a
menu. We will limit ourselvesto introducingforms;see(?) for moreinformation
on vxml in general. The VXML documentin Figure19.12de�nes a form with
a single �eld named`transporttype'. The �eld hasan attachedprompt, Please
chooseairline, hotel,or rentalcar, whichcanbepassedto theTTSsystem.It also
hasagrammar(languagemodel)which is passedto thespeechrecognitionengine
to specify which words the recognizeris allowed to recognize. In the example
in Figure19.12,thegrammarconsistsof a disjunctionof the threewordsairline,
hotel, andrentalcar.
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<form>
<field name="transporttype">

<prompt>
Please choose airline, hotel, or rental car.

</prompt>
<grammar type="application/x=nuance-gsl">

[airline hotel "rental car"]
</grammar>

</field>
<block>

<prompt>
You have chosen <value expr="transporttype">.

</prompt>
</block>

</form>

Figure 19.12 A minimal VXML script for a form with a single �eld. User is
prompted,andtheresponseis thenrepeatedback.

A <form> generallyconsistsof a sequenceof <field> s, togetherwith a
few othercommands.The examplebelow hasone �eld. Each�eld hasa name
(thenameof the�eld below is transporttype ) which is alsothenameof the
variablewheretheuser's responsewill bestored.Thepromptassociatedwith the
�eld is speci�edvia the<prompt> command.Thegrammarassociatedwith the
�eld isspeci�edvia the<grammar> command.VoiceXML supportsvariousways
of specifyinga grammar, including XML SpeechGrammar, ABNF, andvarious
commercialstandards,likeNuanceGSL.Wewill beusingtheNuanceGSLformat
in thefollowing examples.

The VoiceXML interpreterwalks througha VXML form in documentor-
der, repeatedlyselectingeachitem in the form. If therearemultiple �elds, the
interpreterwill visit eachonein order. The interpretationordercanbe changed
in variousways,aswe will seelater. Theexamplein Figure19.13shows a form
with three�elds, for specifyingtheorigin, destination,and�ight dateof anairline
�ight.

The prologueof the exampleshows two global defaults for error handling.
If the userdoesn't answerafter a prompt(i.e., silenceexceedsa timeoutthresh-
old), the VoiceXML interpreterwill play the <noinput> prompt. If the users
sayssomething,but it doesn't matchthe grammarfor that �eld, the VoiceXML
interpreterwill play the<nomatch> prompt. After any failureof this type, it is
normal to re-askthe userthe questionthat failed to get a response.Sincethese
routinescanbecalledfrom any �eld, andhencetheexactpromptwill bedifferent
every time, VoiceXML providesa <reprompt\> command,which will repeat
thepromptfor whatever �eld causedtheerror.

Thethree�elds of thisformshow anotherfeatureof VoiceXML, the<filled>
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<noinput>
I'm sorry, I didn't hear you. <reprompt/>
</noinput>

<nomatch>
I'm sorry, I didn't understand that. <reprompt/>
</nomatch>

<form>
<block> Welcome to the air travel consultant. </block>
<field name="origin">

<prompt> Which city do you want to leave from? </prompt>
<grammar type="application/x=nuance-gsl">

[(san francisco) denver (new york) barcelona]
</grammar>
<filled>

<prompt> OK, from <value expr="origin"> </prompt>
</filled>

</field>
<field name="destination">

<prompt> And which city do you want to go to? </prompt>
<grammar type="application/x=nuance-gsl">

[(san francisco) denver (new york) barcelona]
</grammar>
<filled>

<prompt> OK, to <value expr="destination"> </prompt>
</filled>

</field>
<field name="departdate" type="date">

<prompt> And what date do you want to leave? </prompt>
<filled>

<prompt> OK, on <value expr="departdate"> </prompt>
</filled>

</field>
<block>

<prompt> OK, I have you are departing from <value expr="origin">
to <value expr="destination"> on <value expr="departdate">

</prompt>
send the info to book a flight...

</block>
</form>

Figure 19.13 A VXML script for a form with 3 �elds, which con�rms each�eld
andhandlesthenoinput andnomatch situations.

tag.The<filled> tagfor a�eld is executedby theinterpreterassoonasthe�eld
hasbeen�lled by theuser. Here,thisfeatureis usedto give theuseracon�rmation
of their input.

Thelast�eld, departdate ,showsanotherfeatureof VoiceXML, thetype
attribute.VoiceXML 2.0speci�essevenbuilt-in grammartypes,boolean , currency ,
date , digits , number , phone , andtime . Sincethetypeof this�eld isdate ,
the speechrecognizerwill be automaticallypasseda languagemodel(grammar)
whichonly allowsdates,andwedon't needto specifythegrammarhereexplicitly.

Figure19.14givesa �nal examplewhichshows mixedinitiative. In a mixed
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<noinput> I'm sorry, I didn't hear you. <reprompt/> </noinput>

<nomatch> I'm sorry, I didn't understand that. <reprompt/> </nomatch>

<form>
<grammar type="application/x=nuance-gsl">

<![ CDATA[
Flight ( ?[

(i [wanna (want to)] [fly go])
(i'd like to [fly go])
([(i wanna)(i'd like a)] flight)

]
[

( [from leaving departing] City:x) {<origin $x>}
( [(?going to)(arriving in)] City:x) {<destination $x>}
( [from leaving departing] City:x

[(?going to)(arriving in)] City:y) {<origin $x> <destination $y>}
]
?please

)
City [ [(san francisco) (s f o)] {return( "san francisco, california")}

[(denver) (d e n)] {return( "denver, colorado")}
[(seattle) (s t x)] {return( "seattle, washington")}

]
]]> </grammar>

<initial name="init">
<prompt> Welcome to the air travel consultant. What are your travel plans? </prompt>

</initial>

<field name="origin">
<prompt> Which city do you want to leave from? </prompt>
<filled>

<prompt> OK, from <value expr="origin"> </prompt>
</filled>

</field>
<field name="destination">

<prompt> And which city do you want to go to? </prompt>
<filled>

<prompt> OK, to <value expr="destination"> </prompt>
</filled>

</field>
<block>

<prompt> OK, I have you are departing from <value expr="origin">
to <value expr="destination">. </prompt>

send the info to book a flight...
</block>

</form>

Figure 19.14 A mixed initiative VXML dialog. The grammarallows sentences
which specifytheorigin or destinationcitiesor both. Usercanrespondto theinitial
promptby specifyingorigin city, destinationcity, or both.

initiative dialogue,userscanchoosenot to answerthequestionthatwasaskedby
the system. For example,they might answera differentquestion,or usea long
sentenceto �ll in multipleslotsatonce.ThismeansthattheVoiceXML interpreter
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canno longerjust evaluateeach�eld of the form in order; it needsto skip �elds
whosevaluesareset. This is doneby a guard condition, a testthatkeepsa �eld
from beingvisited.Thedefault guardconditionfor a �eld teststo seeif the�eld' s
form item variablehasavalue,andif sothe�eld is not interpreted.

Figure 19.14 also shows a much more complex useof a grammar. This
grammaris a CFG grammarwith two rewrite rules,namedFlight andCity .
The NuanceGSL grammarformalismusesparentheses() to meanconcatenation
andsquarebrackets [] to meandisjunction. Thusa rule like (19.12)meansthat
Wantsentence can be expandedas i want to fly or i want to go,
andAirports canbeexpandedassan francisco or denver .

(19.12) Wantsentence (i want to [fly go])
Airports [(san francisco) denver]

Grammarrulescanrefer to othergrammarrules recursively, andso in the
grammarin Figure19.14weseethegrammarfor Flight referringto therule for
City . VoiceXML grammarstaketheform of CFGgrammarswith optionalseman-
tic attachments.Thesemanticattachmentsfor theCity rulepassesupthecity and
statenameasits semantics.Thesemanticattachmentsfor theFlight rule takes
thisvalueandpassit up�lling in thecorrectslot(<origin> or<destination> ).
BecauseFigure19.14is a mixedinitiative grammar, thegrammarhasto beappli-
cableto any of the �elds. This is doneby makingtheexpansionfor Flight be
a disjunction;notethat it allows theuserto specifyonly theorigin city, only the
destinationcity, or both.

FIX: ADD A PGRAPH ON SEMANTIC ATTACHMENTS TO GRAM-
MAR RULES IN VXML AND CONCLUDE

19.3 DIALOGUE SYSTEM EVALUATION

An optimaldialoguesystemis onewhich allows a userto accomplishtheir goals
(maximizingtasksuccess)with the leastproblems(minimizing costs).A number
of metricsfor eachof thesetwo criteriahave beenproposed.

TaskCompletion Success: Tasksuccesscanbemeasuredby evaluatingthecor-
rectnessof the total solution. For a frame-basedarchitecture,this might be the
percentageof slots that were �lled with the correctvalues,or the percentageof
subtasksthatwerecompleted(Polifroni etal., 1992).Sincedifferentdialoguesys-
temsmaybeappliedto differenttasks,it is hardto comparethemon this metric,
so Walker et al. (1997) suggestedusing the Kappacoef�cient, k, to computea
completionscorewhich is normalizedfor chanceagreementand betterenables
cross-systemcomparison.
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METHODOLOGY BOX : DESIGNING DIALOGUE SYSTEMS

How doesa dialoguesystemdeveloperchoosedialoguestrategies,archi-
tectures,prompts,errormessages,andsoon? Thethreedesignprinciples
of GouldandLewis (1985)canbesummarizedas:User-CenteredDesign:
Studytheuserandtask,Build simulationsandprototypes,andIteratively
testthemontheuserand�x theproblems.

1. Early Focuson Usersand Task: Understandthe potentialusers
andthe natureof the task,via interviews with usersandinvestigationof
similarsystems.Studyof relatedhuman-humandialoguescanalsobeuse-
ful, althoughthelanguagein human-machinedialoguesis usuallysimpler
thanin human-humandialogues.

2. Build Prototypes: In Wizard-of-Oz(WOZ) or PNAMBIC (Pay
No Attention to the Man BehIndthe Curtain)systems,the usersinteract
with what they think is a softwaresystem,but is in facta humanoperator
(“wizard”) behindsomedisguisinginterfacesoftware (e.g. Gould et al.,
1983;Goodetal.,1984;FraserandGilbert,1991). (Thenamecomesfrom
thechildren's bookTheWizard of Oz(Baum,1900),in which theWizard
turnedout to bejustasimulationcontrolledby amanbehindacurtain.)A
WOZ systemcanbeusedto testoutanarchitecturewithout implementing
thecompletesystem;only theinterfacesoftwareanddatabasesneedto be
in place. The wizard's linguistic outputcanbe be disguisedby a text-to-
speechsystem.It is dif�cult for thewizard to exactly simulatetheerrors,
limitations,or timeconstraintsof arealsystem;resultsof WOZ studiesare
thussomewhatidealized.

3. Iterati ve Design: An iterative designcycle with embeddeduser
testingis essentialin systemdesign(Nielsen,1992;Coleetal.,1994,1997;
Yankelovich et al., 1995; Landauer, 1995). For exampleStifelmanet al.
(1993)andYankelovich et al. (1995)found that usersof speechsystems
consistentlytried to interruptthesystem(bargein), suggestinga redesign
of the systemto recognizeoverlappedspeech. Kamm (1994) and Cole
etal. (1993)foundthatdir ective prompts (“Sayyesif youacceptthecall,
otherwise,sayno”) or the useof constrainedforms (Oviatt et al., 1993)
producedbetterresultsthanopenpromptslike “Will youacceptthecall?”.

Summary of Cohen's recommendationson prompt design,taper-
ing, etcSummary of Cohen's recommendationson errors
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Finally, Walker et al. (2001)notesthat sometimesthe user's perceptionof
whetherthey completedthe taskis a betterpredictorof usersatisfactionthanthe
above measures.In morerecentstudiesonevaluationof dialoguesystems,Walker
et al. (2002)givesusersanon-linesurvey aftercompletinga dialogue,which ask
for ayes-noanswerasto whetherthetaskwascompleted.

Ef�ciency Cost: Ef�ciency costsaremeasuresof thesystem'sef�ciency athelp-
ing users.This canbemeasuredvia thetotal elapsedtime for thedialoguein sec-
onds,thenumberof total turnsor of systemturns,or the total numberof queries
(Polifroni etal.,1992).Othermetricsincludethenumberof systemnon-responses,
andthe“turn correctionratio”: thenumberof systemor userturnsthatwereused
solelyto correcterrors,dividedby thetotalnumberof turns(DanieliandGerbino,
1995;HirschmanandPao,1993).

Quality Cost: Quality costmeasuresotheraspectsof the interactionthataffect
users'perceptionof thesystem.Onesuchmeasureis thenumberof timestheASR
systemfailedto returnany sentence,or thenumberof ASRrejectionprompts(`I'm
sorry, I didn't understandthat'). Similar metricsincludethenumberof timesthe
userhadto barge-into thesystem,or thenumberof time-outpromptsplayedwhen
theuserdidn't respondquickly enough.A numberof qualitymetricsdealwith how
well thesystemunderstoodandrespondedto theuser. This canincludethe inap-
propriateness(whetherverboseor ambiguous)of thesystem's questions,answers,
anderrormessages(Zueet al., 1989),or thecorrectness(or partialcorrectness)of
eachquestion,answer, or errormessage(Zue et al., 1989;Polifroni et al., 1992).
A very importantquality costis conceptaccuracyor concepterror rate, whichCONCEPT

ACCURACY

measuresthe percentageof semanticconceptsthat the NLU componentreturns
correctly. For frame-basedarchitecturesthiscanbemeasuredby countingtheper-
centageof slotsthatare�lled with thecorrectmeaning.Forexampleif thesentence
`I wantto arrive in Austinat5:00' is misrecognizedto have thesemantics”DEST-
CITY: Boston,Time: 5:00” theconceptaccuracy would be50%(oneof two slots
arewrong)(?).

How shouldthesesuccessandcostmetricsbecombinedandweighted?The
PARADISE algorithm (Walker et al., 1997) (PARAdigm for DIalogueSystem
Evaluation)appliesmultiple regressionto this problem. The algorithm�rst uses
questionnairesto assigneachdialoguea usersatisfactionrating. A setof costand
successfactorslike thoseabove is thentreatedasasetof independentfactors;mul-
tiple regressionis usedto trainaweight(coef�cient) for eachfactor, measuringits
importancein accountingfor usersatisfaction. Figure19.15shows theparticular
modelof performancethat thePARADISE experimentshave assumed.Eachbox
is relatedto asetof factorsthatwesummarizedonthepreviouspage.Theresulting
metriccanbeusedto comparequitedifferentdialoguestrategies.
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Figure 19.15 PARADISE's structureof objectives for spoken dialogueperfor-
mance.After (Walkeret al., 2001).

Theusersatisfactionrating is computedby having userscompletea survey
with questionssuchasthosein Figure19.16,probingtheir perceptionof different
aspectsof thesystem's performance(Shriberg et al., 1992;Polifroni et al., 1992;
Stifelmanet al., 1993;Yankelovich et al., 1995). Surveys in PARADISE studies
aremultiplechoice,with theresponsesmappedinto therangeof 1 to 5. Thescores
for eachquestionarethenaveragedto geta totalusersatisfactionrating.

� Wasthesystemeasyto understand? (TTS Performance)

� Did thesystemunderstandwhatyousaid?(ASR Performance)

� Wasit easyto �nd themessage/�ight/trainyouwanted?(Task Ease)

� Wasthepaceof interactionwith thesystemappropriate?(Interaction Pace)

� Did youknow whatyou couldsayat eachpointof thedialogue?(UserExpertise)

� How oftenwasthesystemsluggishandslow to reply to you?(SystemResonse)

� Did thesystemwork thewayyou expectedhjim to? (ExpectedBehavior )

� Do you think you'd usethesystemin thefuture?(Futur eUse)

Figure19.16 Usersatisfactionsurvey, adaptedfrom (Walkeret al., 2001).

Walker et al. (2001,2002)appliedthePARADISE algorithmto threediffer-
entdialoguesystemsandfoundthatthreefactorsthatwereoftenthebestpredictors
of usersatisfactionwere(1) theaverageconceptaccuracy for thewholedialogue,
(2) theuser's (binary)opinionaboutwhetherthey completedthetasksuccessfully,
and(3) thetotalelapsedtime.
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19.4 GROUNDING, CONFIRMATION, AND ERRORS

Thesimple�nite-stateandforms-basedsystemswediscussedin theprevioussec-
tion areonly capableof handlingrelatively limited dialogues,dealingwith only the
simplestof thephenomenathatcharacterizetrue�uent dialogues.In thenext few
sections,we will introducea numberof moresophisticatedtheoreticalideasand
practicaltechniques,leadingupto progressively moreandmorepowerful dialogue
systems.Webegin in thissectionwith theideaof grounding.

Grounding

Dialogueis acollective actperformedby thespeaker andthehearer. Oneimplica-
tion of thiscollectivenessis that,unlike in monologue,thespeakerandhearermust
constantlyestablishcommonground (Stalnaker, 1978),thesetof thingsthatareCOMMONGROUND

mutuallybelieved by bothspeakers. Theneedto achieve commongroundmeans
that the hearermustground or acknowledgethe speaker's utterances,makingitGROUND

ACKNOWLEDGE clearthatthehearerhasunderstoodthespeaker's meaningandintention.As Clark
(1996)pointsout, peopleneedclosureon their actions;hephrasesthis asfollows
(after(Norman,1988)):

Principle of closure. Agentsperformingan action requireevidence,
suf�cient for currentpurposes,thatthey have succeededin performing
it.

Groundingis alsoimportantwhenthehearerneedsto indicatethatthespeaker has
notsucceededin performinganaction.If thehearerhasproblemsin understanding,
shemustindicatetheseproblemsto thespeaker, againsothatmutualunderstanding
caneventuallybeachieved.

Let's begin by discussingwaysthatthehearer(call herB) canuseto ground
the speaker A's utterance.Clark andSchaefer(1989)discuss� ve main typesof
methods,orderedfrom weakestto strongest:

1. Continued attention: B shows sheis continuingto attendandthereforere-
mainssatis�edwith A'spresentation.

2. Relevant next contribution: B startsin on thenext relevantcontribution.

3. Acknowledgement:B nodsor saysacontinuerlikeuh-huh, yeah, or thelike,
or anassessmentlike that's great.

4. Demonstration: B demonstratesall or part of what shehasunderstoodA
to mean,for exampleby reformulating (paraphrasing)A's utterance,or byREFORMULATING

collaborative completionof A'sutterance.COLLABORATIVE
COMPLETION

5. Display: B displaysverbatimall or partof A'spresentation.



Section19.4. Grounding,Con�rmation,andErrors 27

Let's look for examplesof thesein ahuman-humandialogueexample.We'll
bereturningto this examplethroughoutthechapter;in orderto designa moreso-
phisticatedmachinedialogueagent,it helpsto look athow ahumanagentperforms
similar tasks.Figure19.17shows partof adialoguebetweenahumantravel agent
andahumanclient.

C1: . . . I needto travel in May.
A1: And, whatdayin May did youwantto travel?
C2: OK uh I needto betherefor ameetingthat's from the12thto the15th.
A2: And you're �ying into whatcity?
C3: Seattle.
A3: And whattimewouldyou like to leave Pittsburgh?
C4: Uh hmmI don't think there's many optionsfor non-stop.
A4: Right. There's threenon-stopstoday.
C5: Whatarethey?
A5: The �rst onedepartsPGH at 10:00amarrivesSeattleat 12:05their time.

Thesecond�ight departsPGHat 5:55pm,arrivesSeattleat 8pm. And the
last�ight departsPGHat 8:15pmarrivesSeattleat10:28pm.

C6: OK I' ll take the5ish�ight on thenightbeforeon the11th.
A6: On the 11th? OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air

�ight 115.
C7: OK.

Figure19.17 A fragmentfrom a telephoneconversationbetweena client (C) and
a travel agent(A).

UtteranceA1, in which theagentrepeatsin May, repeatedbelow in boldface,
shows thestrongestform of grounding,in which the hearerdisplaystheir under-
standingby repeatingverbatimpartof thespeakerswords:

C1: . . . I needto travel in May.
A1: And, whatdayin May did youwantto travel?

This particularfragmentdoesn't have an exampleof an acknowledgement,
but there's anexamplein anotherfragment:

C: He wantsto �y from Boston
A: Mm hmm
C: to BaltimoreWashingtonInternational

Theword mm-hmmhereis a continuer, alsooftencalleda backchannelor CONTINUER

BACKCHANNELanacknowledgementtoken. A continueris ashortutterancewhichacknowledges
thepreviousutterance,showing thespeakerthatsheis understandandhencecueing
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the otherspeaker to continuetalking (Jefferson,1984; Schegloff, 1982; Yngve,
1970).

In Clark andSchaefer's third method,thespeaker startsin on their relevant
next contribution. We seea numberof examplesof this in the sampledialogue
above,for examplewherethespeakerasksaquestionandtheheareranswersit. In a
moresubtlebut very importantkind of groundingact,thespeakercancombinethis
methodwith thepreviousone.For examplenoticethatwhenevertheclientanswers
a question,theagentbegins thenext questionwith And. TheAndindicatesto the
client thattheagenthassuccessfullyunderstoodtheanswerto thelastquestion:

And, whatdayin May did youwantto travel?
..
And you're �ying into whatcity?
..
And whattimewouldyou like to leave Pittsburgh?

Groundingis not just an interestingtidbit abouthumanconversation;it is
important to the designof a conversationagent,and hasplayeda large role in
recentresearch.Conversationalagentsneedto groundin order to behave in the
way that humansexpectof a conversationalpartner. Stifelmanet al. (1993)and
Yankelovich et al. (1995) found that usersof speech-basedinterfacesare often
confusedwhenthesystemdoesn't give themanexplicit acknowledgementsignal
afterprocessingtheuser's utterances.Cohenetal. (2004)givesaspeci�c example
of this,notingthat it is importantfor dialoguesystemsto grounda user's negative
responseto a system's offer. For example,theuseof Okaymakes(19.13)a more
naturalresponsethan(19.14):

(19.13) System:Did youwantto review somemoreof yourpersonalpro�le?
Caller:No.
System:Okay, what's next?

(19.14) System:Did youwantto review somemoreof yourpersonalpro�le?
Caller:No.
System:What's next?

To understanda secondkey functionof groundingin conversationalagents,
wehaveto rememberwhy humansgroundin the�rst place:becausefor all its rich-
ness,languageis a prettythin channelfor two independentmindsfull of informa-
tion to sendeachothervastswathsof thatinformationfor completeunderstanding.
Languageis thusfraughtwith misunderstandings,mishearings,andmiscommuni-
cationin general.Groundingis part of the processby which speakersdealwith
theseproblemssoasto achieve mutualunderstanding.
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Con�rmation

In a dialoguesystem,mishearingsarea particularlyimportantclassof problems,
becausespeechrecognitionhassuchahigh errorrate.It is thereforeimportantfor
dialoguesystemsto makesurethatthey haveachievedthecorrectinterpretationof
the user's input. This is generallydoneby con�rmation with the user. A system
usingtheexplicit con�rmation strategy askstheusera directquestionto con�rm EXPLICIT

CONFIRMATION

their understanding.Herearetwo examplesof explicit con�rmationsfrom travel
planningdialoguesystems.The(boldface)con�rmation questionsarebothyes-no
questions,oneusinga singlesentence,theotherpresentinga declarative sentence
followedby a tagquestion(ashortquestionphraselike “right?” or “isn' t it?”):

S: Whichcity do youwantto leave from?
U: Baltimore.
S: Do you want to leave from Baltimore?
U: Yes.
U: I' d like to �y from DenverColoradoto New York City onSeptem-

bertwenty�rst in themorningon UnitedAirlines
S: Let' s seethen. I haveyou going from Denver Colorado to New

York on Septembertwenty �rst. Is that correct?
U: Yes

A systemusingtheimplicit con�rmation strategy, ratherthanaskingadirect IMPLICIT
CONFIRMATION

question,usesthedemonstration or displaygroundingstrategiesdescribedabove,
con�rming to the userby repeatingbackwhat the systemunderstoodthe userto
have said:

U: I wantto travel to Berlin
S: When do you want to travel to Berlin?
U2: Hi I' d like to �y to SeattleTuesdayMorning
A3: Traveling to Seattleon Tuesday, August eleventh in the morn-

ing. Your full name?

Explicit andimplicit con�rmation have complementarystrengths.Explicit
con�rmationmakesit mucheasierfor usersto correctthesystem'smisrecognitions
sincethe usercansimply answer'no' to the con�rmation question(Danieli and
Gerbino,1995;Krahmeret al., 1999). But explicit con�rmation is awkward and
increasesthelengthof theconversation(Danieli andGerbino,1995;Walker et al.,
1998).Theexplicit con�rmation dialoguefragmentsabove soundnon-naturaland
de�nitely non-human;implicit con�rmation is thusmuchmoreconversationally
natural.

While earlydialoguesystemstendedto choseeitherexplicit or implicit con-
�rmation, recentsystemsaremoreadaptive, changingtheir con�rmation strategy
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from sentenceto sentence.Variousfactorscanbe usedin makingthis decision.
The most importantfactor is somemeasureof ASR performance.A numberof
systems,for example,usetheacousticcon�dencethat theASR systemassignsto
anutterance,computedfrom theacousticlog-likelihoodof theutterance,to decide
whetherto make an explicit con�rmation. Suchsystemsexplicitly con�rm sen-
tencesfor which the recognizerwasnot con�dent of its output(Bouwmanet al.,
1999;San-Segundoet al., 2001;Litman et al., 1999;Litman andPan,2002).Re-
cent researchhasfocusedon moresophisticatedmeasuresof con�dencethat go
beyond acousticlog-likelihood,suchasprosodicfactors;for exampleutterances
with longerprior pauses,F0 excursions,andlongerdurationsarelikely to bemis-
recognized,(Litmanet al.,2000).Anotherimportantfactorin decidingwhetherto
explicitly con�rm is thecostof anerror;obviouslybeforeactuallybookinga �ight
or moving money in anaccount,explicit con�rmation is important(Kamm,1994;
Cohenet al., 2004).All of thesefactorscanthusbecombinedin a machinelearn-
ing approachto predictwhetherexplicit con�rmationshouldbeused.Section19.8
introducesthemarkov decisionprocess(MDP) modelof dialogue,in which rein-
forcementlearningcanbeusedto optimally choosestrategieslike explicit versus
implicit con�rmation.

Rejection

Con�rmation is justoneoptionthatasystemhasto expresslackof understanding.
Anotheroption is rejection. An ASR systemrejectsan utteranceby giving theREJECTION

usera promptlike I'm sorry, I didn't understandthat, asin theVXML nomatch
promptswesaw in Section19.2.RejectionmighthappenwhentheASRcon�dence
is so low, or the bestinterpretationis so semanticallyill-formed, that the system
canberelatively surethattheuser's input wasnot recognizedat all. Systemsthus
mighthaveathree-tieredlevel of con�dence;below acertaincon�dencethreshold,
an utteranceis rejected. Above the thresheld,it is explicitly con�rmed. If the
con�denceis evenhigher, theutteranceis implicitly con�rmed.

Sometimesutterancesarerejectedmultiple times. This might meanthat the
useris usinglanguagethatthesystemis unableto follow. Thuswhenanutterance
is rejected,systemsoftenfollow astrategy of progressiveprompting orescalatingPROGRESSIVE

PROMPTING

detail (Yankelovich etal.,1995;?) asshown in thefollowing examplefrom Cohen
etal. (2004):
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System: Whenwouldyou like to leave?
Caller: Well, um, I needto bein New York in time for the�rst World

Seriesgame.
System: < reject> . Sorry, I didn't get that. Pleasesaythe monthand

dayyou'd like to leave.
Caller: I wannago on October�fteenth.

In this example,insteadof just repeating̀ Whenwould you like to leave?',
the rejectionprompt gives the caller more guidanceabouthow to formulatean
utterancethe systemwill understand.If the caller's utterancegetsrejectedyet
again,thepromptcanre�ect this (`I still didn't get that'), andgive thecallereven
moreguidance.An alternative strategy for errorhandlingis rapid reprompting, RAPID

REPROMPTING

in which the systemrejectsan utterancejust by saying“I'm sorry?” or “What
wasthat?”.Only if thecaller's utteranceis rejecteda secondtime doesthesystem
startapplyingprogressive prompting.Cohenetal. (2004)summarizesexperiments
showing thatusersgreatlypreferrapidrepromptingasa �rst-level errorprompt.

Insteadof rejectingor con�rming entireutterances,it would be nice to be
ableto clarify only thepartsof theutterancethatthesystemdidn't understand.If a
systemcanassigncon�denceatamore�ne-grainedlevel thantheutterance,it can
clarify suchindividual elementsvia clari�cation subdialogues. CLARIFICATION

SUBDIALOGUES

Err or handling

Despiteall theclevernessweusein designingcon�rmationandrejectionstrategies,
dialoguesystemswill still make mistakes. Onekind of erroroccursasa resultof
rejectionor con�rmation. If thesystemmisrecognizesanutteranceandeitherre-
jectsor usesexplicit or implicit con�rmationmechanisms,theuserhasachanceto
correcttheerror, perhapsby repeatingthemselves,or rephrasingtheutterance,or
by saying`no' to thecon�rmation question,andsoon. Suchutterancesarecalled
corrections. Themostcommoncauseof correctionsis ASRerrors.Handlingcor- CORRECTIONS

rectionsis animportantpartof errorhandling.Dialoguesystemsneedto recognize
that usersare doing a correction,and then �gure out what the useris trying to
correct,perhapsby interactingwith theuserfurther.

Unfortunately, correctionsareactuallyharder to recognizethannormalsen-
tences.(Swertset al., 2000)foundthatcorrectionsin theTOOT dialoguesystem
weremisrecognizedabouttwice asoften (in termsof WER) asnon-corrections.
One reasonfor this is that speakers usea very different prosodicstyle for cor-
rections,a style calledhyperarticulation. In hyperarticulatedspeech,somepart HYPERARTICULA­

TION

of the utterancehasexaggeratedenergy, duration,or F0 contours,suchasI said
BAL-TI-MORE,not Boston(?; Oviatt et al., 1998;Levow, 1998;Hirschberg et al.,
2001).Besidestheseprosodicfacts,whatarethelexical andsyntacticcharacteris-
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ticsof corrections?Krahmeretal. (1999)andLevow (1998)foundthatcorrections
weregenerallylongerthannon-corrections.(Swertset al., 2000)characterize� ve
kindsof strategiesusersuse:repetition(REP),paraphrase(PAR), addtaskrelevant
content(ADD), omit content(OMIT), andbothaddandomit content.An example
dialogueis shown in Figure19.18.(Swertsetal.,2000)foundthatabouttwo-third
of all correctionswererepetitionsandomissions;paraphrasewaslesslikely to be
used.

Turn Corr
Type

S Onwhichdayof theweekdoyouwantto leave?
S Sorry, I didn't hearanything from you. Pleasetell me your departure

date
U Umtomorrow NA
S You can say the departuredate. For example,you cansay ' today' or

' tomorrow'. Or youcansay'Monday', 'Tuesday','Wednesday'...
U Tomorrow REP
S You can say the departuredate. For example,you cansay ' today' or

' tomorrow'. Or youcansay'Monday', 'Tuesday','Wednesday'...
U Saturday PAR
S Do youwantto leaveonSaturday?
U Yes
S Whattime doyou wantto leave?
U Eighto'clock A M
S Do youwantto leavearoundtenoclockp-m
U Eighto'clock OMIT
S Do youwantto leavearoundtenoclockp-m
U No OMIT
S Whattime doyou wantto leave?
U Eighto'clock A M ADD

Figure 19.18 Dialoguefragmentfrom the TOOT systemlabeledfor correction
type,from (Swertsetal., 2000).

We saw in the previous sectionthat machinelearningapproachescould be
usedto automaticallyidentify systemerrorssuchasmisrecognitions.The same
sortsof approachescanbeusedto automaticallyidentify usercorrectionsof these
errors. Variousresearchers(Levow, 1998;Hirschberg et al., 2001;Bulyko et al.,
2004)have built classi�ers for decidingif an utteranceswasa correction. These
classi�ersusefeatureslike lexical information(wordslike “no”, “correction”, “I
don't”, swearwords),prosodicfeatures(variouskinds of increasesin F0 range,
pauseduration,andword durationfeaturesthat correlatewith hyperarticulation,
generallynormalizedby thevaluesfor previoussentences),featuresindicatingthe
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totallengthof theutterancein wordsor seconds,variousASRfeatures(con�dence,
languagemodelprobability),andvariousdialoguefeatures.(Bulyko et al., 2004)
showed how this kind of errorcorrectorcouldbe integratedinto a dialogueman-
ager, addingthe `error correctionsubsystem'shown in Figure19.19. The node
labeled̀ checkfor errorcorrection'in this �gure implementsacorrection-detector
like thosediscussedabove.

Figure19.19 Errorcorrectionsubsystemcomponentof adialoguemanager, from
(Bulyko etal., 2004).PLACEHOLDERFIGURE.

Correctionsare not the only kind of error we needto handlein dialogue
systems. In telephony applicationssuchas call routing, we might usea human
operatorasa backupif the systemfails. Predictingthat a dialog is going to be
problematic,so that we can handthe call over to a humanoperator, is another
error handlingtask. Walker et al. (2000)studiedthreekinds of problematiccall
routingdialogues;oneswheretheuserhangsup,oneswherea monitoringhuman
decidedto stepin and take over the call, andoneswherethe systemroutedthe
call incorrectly. They traineda RIPPERclassi�er on a wide variety of prosodic,
NLU, and dialoguefeatures,extractedfrom the �rst exchange(�rst two turns)
from a dialogue. The bestpredictorof a problematicdialoguewas if the NLU
con�dencescorefor thetop-rankedinterpretationwaslow andtherewastouchtone
(DTMF) input in theuserutterance.Anotherpredictorfor problematicdialogues
waslong utteranceswherethedifferencebetweenthecon�dencescoresof thetop
andsecond-ranked interpretationswaslow.
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19.5 DIALOGUE ACTS

An importantinsightaboutconversation,dueto Austin (1962),is thatanutterance
in adialogueis akindof actionbeingperformedby thespeaker. Thisisparticularly
clearin performative sentenceslike thefollowing:PERFORMATIVE

(19.15) I namethisshiptheTitanic.

(19.16) I secondthatmotion.
(19.17) I betyou � vedollarsit will snow tomorrow.

Whenutteredby theproperauthority, for example,(19.15)hastheeffectof chang-
ing the stateof the world (causingthe ship to have the nameTitanic) just asany
actioncanchangethestateof theworld. Verbslikenameor secondwhichperform
this kind of actionarecalledperformative verbs,andAustin calledthesekindsof
actionsspeechacts. WhatmakesAustin's work sofar-reachingis thatspeechactsSPEECHACTS

arenotcon�ned to thissmallclassof performative verbs.Austin's claimis thatthe
utteranceof any sentencein a realspeechsituationconstitutesthreekindsof acts:

� locutionary act: theutteranceof a sentencewith aparticularmeaning.
� illocutionary act: theactof asking,answering,promising,etc.,in utteringa

sentence.
� perlocutionary act: the(oftenintentional)productionof certaineffectsupon

thefeelings,thoughts,or actionsof theaddresseein utteringasentence.

For example,Austin explains that the utteranceof example(19.18)might have
theillocutionary forceof protestingandtheperlocutionaryeffect of stoppingtheILLOCUTIONARYFORCE

addresseefrom doingsomething,or annoying theaddressee.

(19.18) Youcan't do that.

The term speechact is generallyusedto describeillocutionary actsrather
than either of the other two levels. Searle(1975b), in modifying a taxonomy
of Austin's, suggeststhat all speechactscanbe classi�ed into oneof � ve major
classes:

� Assertives: committingthespeaker to something's beingthecase(suggest-
ing, puttingforward, swearing, boasting, concluding).

� Dir ectives: attemptsby the speaker to get the addresseeto do something
(asking, ordering, requesting, inviting, advising, begging).

� Commissives:committingthespeakertosomefuturecourseof action(promis-
ing, planning, vowing, betting, opposing).

� Expressives: expressingthepsychologicalstateof thespeaker abouta state
of affairsthanking, apologizing, welcoming, deploring.
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� Declarations: bringingabouta differentstateof theworld via theutterance
(includingmany of theperformative examplesabove; I resign, You're �r ed.)

While speechactsprovideausefulcharacterizationof onekind of pragmatic
force,morerecentwork, especiallycomputationalwork in building dialoguesys-
tems,hassigni�cantly expandedthis corenotion,modelingmorekindsof conver-
sationalfunctionsthat an utterancecanperform. The resultingenrichedactsare
often calleddialogue acts (Bunt, 1994)or conversational moves(Power, 1979; DIALOGUEACT

MOVESCarlettaet al., 1997b).Thephrasè dialogueact' is unfortunatelyambiguous.As
BuntandBlack(2000)pointout,it hasbeenvariouslyusedto looselymeaǹ speech
act,in thecontext of adialogue'(Bunt,1994),to meanacombinationof thespeech
actandsemanticforceof anutterance(Bunt,2000),or to meananactwith internal
structurerelatedspeci�cally to its dialoguefunction(Allen andCore,1997). The
third usageis perhapsthemostcommonin theliterature,andwe will mainly rely
on it here.

Let'sbegin by lookingat onesetof dialogueactsthatis usedfor aparticular
domainof task-orienteddialogue. The Verbmobil corpusconsistsof two-party
schedulingdialogues,in which thespeakerswereaskedto plana meetingat some
futuredate.This datawasusedto designconversationalagentswhich would help
with thistask.A dialogueacttagset,shown in Figure19.20,wasdesignedto tagthe
dialoguefunctionof eachof thesentencesin thecorpus.Notice that it hasmany
very domain-speci�ctags,suchas SUGGEST, usedfor whensomeoneproposes
a particulardateto meet,and ACCEPT and REJECT, usedto acceptor reject a
proposalfor adate.

The goal of this dialogueact tagsetis to help build a conversationalagent
which could discussmeetingschedulingin a complex mixed-initiative way, al-
lowing the userandthe systemto make proposals,acceptandrejectthem,make
counter-proposals, andin generalbehave in waysthatwould behardto �t into the
simple form-�lling dialoguesdiscussedin Section19.1. In order to do this, the
systemhasto beableto know whentheuserhasaskeda question,or whetherthe
userhasjust rejecteda proposalfor a meetingon a particulardate.Similarly, the
systemhasto beableto usetheproperdialogueactto makeaproposalto theuser,
or ask a question. Thusdialogueact recognitionand dialogueact planningare
crucialstepsin building moresophisticatedagents.

Many dialogueacttagsetsusedfor thesepurposesarequitedomain-dependent.
Thereis oneeffort to develop a moredomain-independentdialogueact tagging
scheme,theDAMSL (DialogueAct Markupin SeveralLayers)architecture(Allen
andCore,1997;Walker etal., 1996;Carlettaetal., 1997a;Coreet al., 1999).

DAMSL draws inspirationfrom the work on groundingdiscussedin Sec-
tion 19.4 (Clark and Schaefer, 1989; Clark, 1996), on repair (Schegloff et al.,
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Tag Example
THANK Thanks
GREET Hello Dan
INTRODUCE It' smeagain
BYE Allright bye
REQUEST-COMMENT How doesthat look?
SUGGEST fromthirteenththroughseventeenthJune
REJECT No Friday I'm bookedall day
ACCEPT Saturdaysounds�ne,
REQUEST-SUGGEST Whatis a gooddayof theweekfor you?
INIT I wantedto makeanappointmentwith you
GIVE REASON BecauseI havemeetingsall afternoon
FEEDBACK Okay
DELIBERATE Letmecheck mycalendarhere
CONFIRM Okay, thatwouldbewonderful
CLARIFY Okay, doyoumeanTuesdaythe23rd?
DIGRESS [we couldmeetfor lunch] andeatlots of icecream
MOTIVATE We shouldgo to visit our subsidiaryin Munich
GARBAGE Oops,I-

Figure 19.20 The 18 high-level dialogueactsusedin Verbmobil-1,abstracted
overa total of 43morespeci�c dialogueacts.Examplesarefrom Jekatet al. (1995).

1977),andon therelationof utterancesto theprecedingandsucceedingdiscourse
(All woodetal.,1992;All wood,1995;Schegloff, 1968,1988).For example,draw-
ing on Clark andAll wood's work, theDAMSL tagsetdistinguishesbetweenthe
forward looking andbackward looking function of an utterance.The forward
looking function of an utterancecorrespondsin many waysto the Searle/Austin
speechact, althoughwith a richer hierarchicalstructure(not discussedhere)and
morefocuson task-orienteddialogue:

ForwardLookingFunction
STATEMENT a claimmadeby thespeaker
INFO-REQUEST a questionby thespeaker

CHECK a questionfor con�rming information
INFLUENCE-ON-ADDRESSEE(=Searle'sdirectives)

OPEN-OPTION a weaksuggestionor listing of options
ACTION-DIRECTIVE anactualcommand

INFLUENCE-ON-SPEAKER (=Austin'scommissives)
OFFER speakeroffersto dosomething,

(subjectto con�rmation)
COMMIT speaker is committedto doingsomething

CONVENTIONAL other
OPENING greetings
CLOSING farewells
THANKING thankingandrespondingto thanks
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The backward looking function of DAMSL focuseson the relationshipof
anutteranceto previousutterancesby theotherspeaker. Theseincludeaccepting
andrejectingproposals(sinceDAMSL is focusedon task-orienteddialogue),and
groundingandrepairacts:

BackwardLookingFunction
AGREEMENT speaker's responseto previousproposal

ACCEPT acceptingtheproposal
ACCEPT-PART acceptingsomepartof theproposal
MAYBE neitheracceptingnor rejectingtheproposal
REJECT-PART rejectingsomepartof theproposal
REJECT rejectingtheproposal
HOLD puttingoff response,usuallyvia subdialogue

ANSWER answeringa question
UNDERSTANDING whetherspeakerunderstoodprevious

SIGNAL-NON-UNDER. speakerdidn't understand
SIGNAL-UNDER. speakerdid understand

ACK demonstratedvia continueror assessment
REPEAT-REPHRASE demonstratedvia repetitionor reformulation
COMPLETION demonstratedvia collaborativecompletion

Figure19.21shows a labelingof our sampleconversationusingversionsof
theDAMSL ForwardandBackwardtags.

19.6 AUTOMATIC INTERPRETATION OF DIALOGUE ACTS

The previous sectionintroduceddialogueactsandotheractivities that utterances
canperform.This sectionturnsto theproblemof identifying or interpretingthese
acts.Thatis, how do we decidewhethera giveninput is a QUESTION,aSTATE-
MENT, aSUGGEST(directive), or anACKNOWLEDGEMENT?

At �rst glance,this problemlookssimple.We saw in Chapter9 thatyes-no-
questionsin Englishhave aux-inversion (theauxiliary verbprecedesthesubject)
statementshave declarative syntax(noaux-inversion),andcommandshave imper-
ative syntax(sentenceswith nosyntacticsubject),asin example(19.19):

(19.19) YES-NO-QUESTION Will breakfastbeservedon USAir 1557?
STATEMENT I don't careaboutlunch
COMMAND Show me�ights from Mil waukeeto Orlando.

It seemsfrom (19.19)that the surfacesyntaxof the input ought to tell us what
illocutionaryact it is. Alas, asis clearfrom Abbott andCostello's famousWho's
on First routine at the beginning of the chapter, things are not so simple. The
mappingbetweensurfaceform andillocutionaryactis notobviousor evenone-to-
one. For example,the following utterancespoken to anATIS systemlooks like a
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[assert] C1: . . . I needto travel in May.
[info-req,ack] A1: And, whatdayin May did you wantto travel?
[assert,answer] C2: OK uh I needto be therefor a meetingthat's from the12th

to the15th.
[info-req,ack] A2: And you're �ying into whatcity?
[assert,answer] C3: Seattle.
[info-req,ack] A3: And whattimewould you like to leavePittsburgh?
[check,hold] C4: Uh hmmI don't think there'smany optionsfor non-stop.
[accept,ack] A4: Right.
[assert] There's threenon-stopstoday.
[info-req] C5: Whatarethey?
[assert, open-
option]

A5: The�rst onedepartsPGHat10:00amarrivesSeattleat12:05
their time. Thesecond�ight departsPGHat 5:55pm,arrives
Seattleat 8pm. And the last �ight departsPGH at 8:15pm
arrivesSeattleat 10:28pm.

[accept,ack] C6: OK I' ll take the5ish�ight on thenightbeforeon the11th.
[check,ack] A6: On the11th?
[assert,ack] OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air

�ight 115.
[ack] C7: OK.

Figure 19.21 A potentialDAMSL labelingof the conversationfragmentin Fig-
ure19.17.

YES-NO-QUESTIONmeaningsomethinglikeAreyoucapableof givingmea list
of.. . ?:

(19.20) Canyougive mea list of the�ights from Atlantato Boston?

In fact, however, this personwasnot interestedin whetherthe systemwas
capableof giving a list; thisutterancewasactuallyapolite form of aDIRECTIVE
or a REQUEST, meaningsomethingmorelike Pleasegive mea list of.. . . Thus
whatlookson thesurfacelike aQUESTIONcanreallybeaREQUEST.

Similarly, what looks on the surface like a STATEMENT can really be a
QUESTION.A very commonkind of question,calleda CHECK question(Car-
lettaet al., 1997b;Labov andFanshel,1977),is usedto asktheotherparticipant
to con�rm somethingthat this otherparticipanthasprivilegedknowledgeabout.
TheseCHECKsarequestions,but they have declarative surfaceform, asthebold-
facedutterancein thefollowing snippetfrom anothertravel agentconversation:



Section19.6. AutomaticInterpretationof DialogueActs 39

A OPEN-OPTION I waswanting to make somearrangementsfor
a trip that I'm going to be taking uh to LA uh
beginningof theweekafternext.

B HOLD OK uh let me pull up your pro�le and I' ll be
right with you here.[pause]

B CHECK And you saidyou wantedto travel next week?
A ACCEPT Uh yes.

Utteranceswhichuseasurfacestatementto askaquestion,or asurfaceques-
tion to issuea request,arecalled indir ect speechacts. How cana surfaceyes- INDIRECTSPEECH

ACTS

no-questionlike Can yougivemea list of the �ights fromAtlanta to Boston?be
mappedinto thecorrectillocutionaryactREQUEST?

Dialogueactinterpretationcanbeapproachedlikeany othersupervisedclas-
si�cation task,by treatingthe dialog act labelsashiddenclassesto be estimated
by astatisticalalgorithmtrainedonacorpusof dialoguesthatis hand-labeledwith
dialogueactsfor eachutterance.Many different features,suchaslexical, collo-
cational,syntactic,prosodic,or conversational-structure cues,have beenproposed
for dialogueact interpretation. Which cuesare useddependson the individual
system. Many systemsrely on the fact that individual dialogueactsoften have
whatGoodwin(1996)calleda microgrammar; speci�c lexical, collocation,and MICROGRAMMAR

prosodicfeatureswhich are characteristicof them. Thesesystemsalso rely on
conversationalstructure.Thedialogue-actinterpretationsystemof Jurafsky et al.
(1997),for example,relieson 3 sourcesof information:

1. Words and Collocations: Pleaseor would you is a good cue for a RE-
QUEST, are youfor YES-NO-QUESTIONs.

2. Prosody: Risingpitch is a goodcuefor a YES-NO-QUESTION.Loudness
or stresscanhelpdistinguishtheyeahthatis anAGREEMENTfrom theyeah
thatis aBACKCHANNEL.

3. ConversationalStructure: A yeahwhich follows a proposalis probablyan
AGREEMENT; ayeahwhichfollowsanINFORMisprobablyaBACKCHAN-
NEL.

Onepopularstatisticalmodel for integratingthesecuesinto a dialogueact
classi�er is to usetheHMM structurethatwe've seenfor conceptlabelingin Fig-
ure19.5(WoszczynaandWaibel,1994;Reithingeret al., 1996;Kita et al., 1996;
Tayloretal., 1998;Stolcke et al., 2000).

NEW FIGUREHERE.
Figure19.22 HMM approachto dialogueactrecognition.

In theHMM approach,givenall availableevidenceE abouta conversation,
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thegoalis to �nd thedialogueactsequenceD = f d1;d2 : : : ;dNg thathasthehigh-
estposteriorprobabilityP(DjE) giventhatevidence(asusualherewe usecapital
lettersto meansequences).Applying Bayes'Ruleweget

D� = argmax
D

P(DjE)

= argmax
D

P(D)P(EjD)
P(E)

= argmax
D

P(D)P(EjD) (19.21)

Our survey above suggeststhatusefultypesof evidenceinclude(at least)prosody
and lexical/collocationinformation. If we make the simplifying (but of course
incorrect)assumptionthattheprosodyandthewordsareindependent,we canes-
timatetheevidencelikelihoodfor asequenceof dialogueactsD asin (19.22):

P(EjD) = P(FjD)P(WjD) (19.22)

D� = argmax
D

P(D)P(FjD)P(WjD) (19.23)

The resultingequation(19.23)thushasthreecomponents,one for eachof
thekindsof cuesdiscussedabove. Let'sbrie�y discusseachof thesethreecompo-
nents.

Theprior probabilityof a sequenceof dialogueactsP(D) actsasa modelof
conversationalstructure.Drawing on theideaof adjacency pairs(Schegloff, 1968;
Sacksetal.,1974)introducedabove,wecanmakethesimplifying assumptionthat
conversationalstructureis modeledasaMarkov sequenceof dialogueacts(Nagata
andMorimoto, 1994;SuhmandWaibel,1994;Warnke et al., 1997;Chu-Carroll,
1998;Stolcke et al., 1998;Tayloret al.,1998):

P(D) =
M

Õ
i= 2

P(di jdi� 1:::di� M+ 1) (19.24)

WoszczynaandWaibel(1994)give thedialogueHMM shown in Figure19.23for
aVerbmobil-like appointmentschedulingtask.

Thelexical componentof theHMM likelihood,designedto capturethemi-
crogrammarstructureof eachdialogueact,is generallymodeledby trainingasep-
arateword-N-gramgrammarfor eachdialogueact,justaswesaw with theconcept
HMM (seee.g., NagataandMorimoto,1994;SuhmandWaibel,1994;Mastetal.,
1996; Jurafsky et al., 1997; Warnke et al., 1997; Reithingerand Klesen,1997;
Tayloretal., 1998):

P(WjD) =
N

Õ
i= 2

P(wi jwi� 1:::wi� N+ 1;di ) (19.25)
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Figure19.23 A dialogueactHMM (afterWoszczynaandWaibel(1994))

Prosodicmodelsof dialogueactmicrogrammarrely on accents,boundaries,
or their acousticcorrelateslike F0, duration,andenergy. For examplethe pitch
rise at the endof YES-NO-QUESTIONS canbe a usefulcuefor augmentinglexi-
cal cues(SagandLiberman,1975;Pierrehumbert,1980;Waibel,1988;Daly and
Zue,1992;Kompeet al., 1993;Taylor et al., 1998). Declarative utterances(like
STATEMENTS) have �nal lowering: a drop in F0 at the end of the utterance FINALLOWERING

(Pierrehumbert,1980).
Shriberg etal. (1998),trainedCART-styledecisiontreesonsimpleacoustically-

basedprosodicfeaturessuchas the slopeof F0 at the endof the utterance,the
averageenergy at differentplacesin theutterance,andvariousdurationmeasures,
normalizedin variousways.They foundthatthesefeatureswereuseful,for exam-
ple, in distinguishingthefour dialogueactsSTATEMENT (S), YES-NO QUESTION

(QY), DECLARATIVE-QUESTIONS likeCHECKS (QD) andWH-QUESTIONS (QW).
Figure19.24shows thedecisiontreewhich givestheposteriorprobabilityP(djF)
of a dialogueactd typegivensequenceof acousticfeaturesF. Note that thedif-
ferencebetweenS and QY toward the right of the tree is basedon the feature
norm f0 diff (normalizeddifferencebetweenmeanF0 of endandpenultimate
regions),while thedifferencebetweenWQ andQD at thebottomleft is basedon
utt grad , whichmeasuresF0 slopeacrossthewholeutterance.

Decisiontreesproducea posteriorprobabilityP(dj f ), andequation(19.23)
requiresa likelihood P(Fjd). Thereforewe needto massagethe output of the
decisiontreeby Bayesianinversion(dividing by the prior P(di) to turn it into a
likelihood. If we make thesimplifying assumptionthattheprosodicdecisionsfor
eachsentenceareindependentof othersentences,we arrive at the following �nal
equationfor HMM taggingof dialogueacts:

D� = argmax
D

P(D)P(FjD)P(WjD)
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=
M

Õ
i= 2

P(di jdi� 1:::di� M+ 1)
N

Õ
i= 1

P(di jF)
P(di)

N

Õ
i= 2

P(wi jwi� 1:::wi� N+ 1;di)(19.26)

StandardHMM decodingtechniques(likeViterbi) canthenbeusedto search
for thismost-probablesequenceof dialogueactsgiventhesequenceof inpututter-
ances.

S QY QW QD 
  0.25 0.25 0.25 0.25

QW 
 0.2561 0.1642 0.2732 0.3065

cont_speech_frames < 196.5

S 
 0.2357 0.4508 0.1957 0.1178

cont_speech_frames >= 196.5

QW 
 0.2327 0.2018 0.1919 0.3735

end_grad < 32.345

QY 
 0.2978 0.09721 0.4181 0.1869

end_grad >= 32.345

S 
 0.276 0.2811 0.1747 0.2683

f0_mean_zcv < 0.76806

QW 
 0.1859 0.116 0.2106 0.4875

f0_mean_zcv >= 0.76806

QW 
 0.2935 0.1768 0.2017 0.328

cont_speech_frames_n < 98.388

S 
 0.2438 0.4729 0.125 0.1583

cont_speech_frames_n >= 98.388

QW 
 0.2044 0.1135 0.1362 0.5459

utt_grad < -36.113

QD 
 0.3316 0.2038 0.2297 0.2349

utt_grad >= -36.113

QW 
 0.3069 0.08995 0.1799 0.4233

stdev_enr_utt < 0.02903

S 
 0.2283 0.5668 0.1115 0.09339

stdev_enr_utt >= 0.02903

S 
 0.2581 0.2984 0.2796 0.164

cont_speech_frames_n < 98.334

S 
 0.2191 0.5637 0.1335 0.08367

cont_speech_frames_n >= 98.334

S 
 0.3089 0.3387 0.1419 0.2105

norm_f0_diff < 0.064562

QY 
 0.1857 0.241 0.4756 0.09772

norm_f0_diff >= 0.064562

S 
 0.3253 0.4315 0.1062 0.137

f0_mean_zcv < 0.76197

QW 
 0.2759 0.1517 0.2138 0.3586

f0_mean_zcv >= 0.76197

Figure19.24 Decisiontreefor theclassi�cationof STATEMENT (S),YES-NOQUESTIONS(QY),
WH-QUESTIONS(QW) andDECLARATIVE QUESTIONS(QD), afterShriberg et al. (1998). Each
nodein thetreeshows four probabilities,onefor eachof thefour dialogueactsin theorderS,QY, QW,
QD; themostlikely of thefour is shown asthelabelfor thenode.

The HMM methodis only oneway of solving the problemof dialogueact
identi�cation. Variousmethodshave beenapplied,suchasTransformation-Based
Learning(Samuelet al., 1998). In Section19.9we will introducetheBDI model,
which incorporatesa muchmorecomplex modelof speechact/dialogueact inter-
pretationbasedonplan-inference.

19.7 ADVANCED ISSUE: COMPUTATIONAL PROCESSING OF HUMAN-
HUMAN DIALOG

In addition to work on building conversationalagents,computationaldialogue
work also focuseson human-humandialogue. Human-humandialogueis inter-
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estingfor taskslike automaticallytranscribingor summarizingbusinessmeeting,
close-captioningTV shows like news interviews, or building personaltelephone
assistantsthatcantake noteson telephoneconversations.

Human-humanspeechhas a numberof differencesfrom human-machine
speech.Human-humandialoguesgenerallyaremorecomplex thanhuman-machine
dialogues,with more syntacticvariation, more pronounswith more distantan-
tecedents(?;Guindon,1988;?),andmorecasesof massive phoneticreduction.

Onekey taskin human-humandialoguethatdoesnotoccurin human-machine
dialoguehasto dowith turnandutterancesegmentation.In therestof thissection,
we have chosenthis oneresearchareaasa archetypaltaskfor human-humandia-
logue.

Turnsand Utterances

Dialogueis characterizedby tur n-taking; SpeakerA sayssomething,thenspeaker TURN­TAKING

B, thenspeaker A, andsoon. How do speakersknow whenis thepropertime to
contribute their turn?Considerthetiming of theutterancesin normalhumancon-
versations.First, humandialoguehave relatively little noticeableoverlap. That
is, thebeginningof eachspeaker's turn follows theendof thepreviousspeaker's
turn.Theactualamountof overlappedspeechin AmericanEnglishconversation
seemsto be quitesmall; Levinson(1983)suggeststheamountis lessthan5% in
general,andprobablylessfor certainkinds of dialoguelike the task-orienteddi-
aloguein Figure19.17. If speakersaren't overlapping,perhapsthey arewaiting
a while after the otherspeaker? This is alsovery rare. The amountof time be-
tweenturnsis quitesmall,generallylessthana few hundredmillisecondsevenin
multi-party discourse.In fact, it may take morethanthis few hundredmillisec-
ondsfor thenext speaker to planthemotorroutinesfor producingtheir utterance,
whichmeansthatspeakersbegin motorplanningfor theirnext utterancebeforethe
previous speaker has�nished. For this to be possible,naturalconversationmust
besetup in sucha way that(mostof thetime) peoplecanquickly �gure out who
shouldtalk next, andexactly when they shouldtalk. This kind of turn-takingbe-
havior is generallystudiedin the �eld of Conversation Analysis (CA). In a key CONVERSATIONANALYSIS

conversation-analytic paper, Sackset al. (1974)arguedthat turn-takingbehavior,
at leastin AmericanEnglish,is governedby asetof turn-takingrules.Theserules
applyat a transition-r elevanceplace, or TRP; placeswherethestructureof the
languageallows speaker shift to occur. Here is a simpli�ed versionof the turn-
taking rules,groupedinto a singlethree-partrule; seeSackset al. (1974)for the
completerules:

(19.27) Turn-taking Rule. At eachTRPof eachturn:
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a. If duringthis turn thecurrentspeaker hasselectedA asthenext
speaker thenA mustspeaknext.

b. If thecurrentspeaker doesnotselectthenext speaker, any other
speaker maytake thenext turn.

c. If no oneelsetakesthenext turn,thecurrentspeaker maytake thenext
turn.

Therearea numberof importantimplicationsof rule (19.27)for dialogue
modeling.First, subrule(19.27a)impliesthat therearesomeutterancesby which
the speaker speci�cally selectswho the next speaker will be. The mostobvious
of thesearequestions,in which thespeaker selectsanotherspeaker to answerthe
question.Two-partstructureslike QUESTION-ANSWER arecalledadjacencypairsADJACENCYPAIRS

(Schegloff, 1968);otheradjacency pairsincludeGREETING followed by GREET-
ING, COMPLIMENT followed by DOWNPLAYER, REQUEST followed by GRANT.
We alreadysaw in the previous sectionthat thesepairsof dialogueactsandthe
dialogueexpectationsthey setup playanimportantrole in dialoguemodeling.

Subrule(19.27a)also hasan implication for the interpretationof silence.
While silencecanoccurafter any turn, silencewhich follows the �rst part of an
adjacency pair-part is signi�cant silence. For exampleLevinson(1983)notestheSIGNIFICANT

SILENCE

following examplefrom AtkinsonandDrew (1979);pauselengthsaremarked in
parentheses(in seconds):

(19.28) A: Is theresomethingbotheringyouor not?
(1.0)

A: Yesor no?
(1.5)

A: Eh?
B: No.

SinceA hasjust asked B a question,the silenceis interpretedasa refusal
to respond,or perhapsa dispreferred response(a response,like saying“no” to aDISPREFERRED

request,which is stigmatized).By contrast,silencein otherplaces,for example
a lapseafter a speaker �nishes a turn, is not generallyinterpretablein this way.
Thesefactsarerelevantfor userinterfacedesignin spokendialoguesystems;users
aredisturbedby thepausesin dialoguesystemscausedby slow speechrecognizers
(Yankelovich et al.,1995).

Automatic segmentationof utterancesin human-humanconversation

Anotherimplicationof (19.27)is thattransitionsbetweenspeakersdon't occurjust
anywhere;thetransition-r elevanceplaceswherethey tendto occuraregenerally
at utterance boundaries.This bringsusto thenext differencebetweenspokendi-UTTERANCE
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alogueandtextual monologue(of coursedialoguecanbewritten andmonologue
spoken;but mostcurrentapplicationsof dialogueinvolve speech):thespokenut-
teranceversusthewritten sentence. Recallfrom Chapter9 thatutterancesdiffer
from written sentencesin a numberof ways. They tendto be shorter, aremore
likely to besingleclauses,thesubjectsareusuallypronounsratherthanfull lexical
nounphrases,andthey include�lled pauses,repairs,andrestarts.

Onevery importantdifferencenot discussedin Chapter9 is thatwhile writ-
ten sentencesand paragraphsare relatively easyto automaticallysegmentfrom
eachother, utterancesandturnsarequitecomplex to segment. Utterancebound-
arydetectionis importantsincemany computationaldialoguemodelsarebasedon
extractingan utteranceasa primitive unit. Thesegmentationproblemis dif�cult
becausea singleutterancemaybespreadover several turns,or a singleturn may
includeseveral utterances.For examplein the following fragmentof a dialogue
betweenatravel agentandaclient, theagent's utterancestretchesover threeturns:

(19.29)
A: Yeahyeahthe um let me seeherewe've got you on American�ight nine

thirty eight
C: Yep.
A: leaving on thetwentiethof Juneout of OrangeCountyJohnWayneAirport

at seventhirty p.m.
C: Seventhirty.
A: andinto uhSanFranciscoat eight�fty seven.

By contrast,theexamplebelow hasthreeutterancesin oneturn:

(19.30)
A: Threetwo threeandseven� veone.OK andthendoesheknow there

is a nonstopthatgoesfrom Dullesto SanFrancisco?Insteadof con-
nectionthroughSt. Louis.

Algorithms for utterancesegmentationare basedon many boundarycues
suchas:

� cuewords: Cue(or “clue”) wordslikewell, and, so, etc.,tendto occurat the CUEWORDS

beginningsandendsof utterances(Reichman,1985;Hirschberg andLitman,
1993).

� N-gram word or POSsequences:Speci�c wordor POSsequencesoftenin-
dicateboundaries.N-gramgrammarscanbetrainedona trainingsetlabeled
with specialutterance-boundary tags,andthena decodercan�nd the most
likely utteranceboundariesin anunlabeledtestset(Mastetal.,1996;Meteer
andIyer, 1996;Stolcke andShriberg, 1996;HeemanandAllen, 1999).

� prosody: Prosodicfeatureslike pitch, accent,phrase-�nallengtheningand
pausedurationplay a role in utterance/turnsegmentation,as discussedin
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Chapter4, althoughthe relationshipbetweenutterancesandprosodicunits
like the intonation unit (Bois et al., 1983) or intonation phrase (Pierre-INTONATIONPHRASE

humbert,1980; Beckmanand Pierrehumbert,1986) is complicated(Ladd,
1996;FordandThompson,1996;Fordetal., 1996,inter alia) .

19.8 ADVANCED: MARKOV DECISION PROCESSES

Earlier we discussedhow dialoguesystemscould changecon�rmation strategies
basedon context. For exampleif the ASR or NLU con�denceis low, we might
chooseto do explicit con�rmation. If con�denceis high,we might choseimplicit
con�rmation, or even decidenot to con�rm at all. Usinga dynamicstrategy lets
uschoosetheactionwhich maximizesdialoguesuccess,while minimizing costs.
This ideaof changingtheactionsof a dialoguesystembasedon optimizingsome
kindsof rewardsor costsis thefundamentalintuition behindmodelingdialogueas
aMark ov decisionprocess.MARKOVDECISION

PROCESS

A Markov decisionprocessor MDP is characterizedby a setof statesSanMDP

agentcanbein, a setof actionsA theagentcantake, anda reward r(a,s)thatthe
agentreceivesfor takinganactionin astate.Giventhesefactors,wecancompute
a policy p which speci�eswhich actiona the agentshouldtake whenin a given
states, soasto receive thebestreward. To understandeachof thesecomponents,
let's look ata tutorialexampleof anMDP implementationtakenfrom (Levin etal.,
2000).Their tutorial exampleis a ”Day-and-Month”dialoguesystem,whosegoal
is to get correctvaluesof day and month for a two-slot frame via the shortest
possibleinteractionwith theuser.

In principle,astateof anMDP couldincludeany possibleinformationabout
thedialogue,suchasthecompletedialoguehistorysofar. Usingsucharich model
of statewouldmakethenumberof possiblestatesextraordinarilylarge.Soamodel
of stateis usuallychosenwhich encodesa muchmorelimited setof information,
suchasthevaluesof theslotsin thecurrentframe,themostrecentquestionasked
to theuser, theusersmostrecentanswer, theASR con�dence,andsoon. For the
Day-and-Monthexamplelet's representthestateof thesystemasthevaluesof the
two slotsdayandmonth. If we assumea specialinitial statesi and�nal statesf ,
thereareatotalof 411states(366stateswith adayandmonth(countingleapyear),
12 stateswith amonthbut no day(d=0,m= 1,2,...12),and31 stateswith adaybut
no month(m=0,d=1,2,...31)).

Actionsof aMDP dialoguesystemmightincludegeneratingparticularspeech
acts,or performinga databasequery to �nd out information. For the Day-and-
Monthexample,(Levin etal., 2000)proposethefollowing actions:
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� ad: aquestionaskingfor theday
� am: aquestionaskingfor themonth
� adm: aquestionaskingfor boththedayandthemonth
� af : a �nal actionsubmittingtheform andterminatingthedialogue

Sincethegoalof thesystemis to getthecorrectanswerwith theshortestin-
teraction,onepossiblerewardfunctionfor thesystemwould integratethreeterms:

R= � (wini + wene+ wf nf ) (19.31)

Thetermni is thenumberof interactionswith theuser, ne is thenumberof
errors,nf is thenumberof slotswhichare�lled (0, 1,or 2), andthewsareweights.

Finally, a dialoguepolicy p speci�eswhich actionsto apply in which state.
Considertwo possiblepolicies: (1) askingfor day andmonthseparately, and(2)
askingfor themtogether. Thesemight generatethe two dialoguesshown in Fig-
ure19.25.

Figure 19.25 LEVIN FIGURE 2 HERE, NEED TO REDRAW WITH JUST 2
POLICIES,IN REVERSEORDER,after(Levin etal.,2000).PLACEHOLDERFIG-
URE.

In policy 1, theactionspeci�ed for theno-date/no-monthstateis to askfor
a day, while the action speci�ed for any of the 31 stateswherewe have a day
but not a month is to ask for a month. In policy 2, the actionspeci�ed for the
no-date/no-monthstateis to askanopen-endedquestion(Which date) to getboth
a day anda month. The two policieshave differentadvantages;an openprompt
canleadsto shorterdialoguesbut is likely to causemoreerrors,while a directive
prompt is slower but lesserror-prone. Thus the optimal policy dependson the
valuesof theweightsw, andalsoon theerror ratesof theASR component.Let's
call pd the probability of the recognizermakingan error interpretinga monthor
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a dayvalueaftera directive prompt.The(presumablyhigher)probabilityof error
interpretinga monthor dayvalueafteranopenpromptwe'll call po. Thereward
for the �rst dialog in Figure19.25is thus� 3� wi + 2� pd � we. Thereward for
theseconddialogin Figure19.25is � 2� wi + 2� pd � we. Thedirective prompt
policy, policy 2, is thusbetterthanpolicy 1 whentheimprovederrorratejusti�es
thelongerinteraction,i.e.,whenpo � pd > wi

2we
.

In theexamplewe've seensofar, therewereonly two possibleactions,and
henceonly a tiny numberof possiblepolicies. In general,thenumberof possible
actions,states,andpoliciesis quitelarge,andsotheproblemof �nding theoptimal
policy p� is muchharder.

Markov decisiontheorytogetherwith classicalreinforcementlearninggives
usawayto think aboutthisproblem.First,generalizingfrom Figure19.25,wecan
think of any particulardialogueasa trajectoryin statespace:

s1 ! a1;r1 s2 ! a2;r2 s3 ! a3;r3 � � � (19.32)

Thebestpolicy p� is theonewith thegreatestexpectedrewardoverall trajec-
tories.Whatis theexpectedrewardfor agivenstatesequence?Themostcommon
wayto assignutilities or rewardsto sequencesis to usediscountedrewards. HereDISCOUNTED

REWARDS

we computetheexpectedcumulative rewardQ of a sequenceasa discountedsum
of theutilities of theindividual states:

Q([s0;a0;s1;a1;s2;a2 � � �]) = R(s0;a0) + gR(s1;a1) + g2R(s2;a2) + � � � ;(19.33)

The discountfactorg is a numberbetween0 and1. This makes the agent
caremoreaboutcurrentrewardsthanfuturerewards;themorefutureareward,the
morediscountedits value.

Giventhis model,it is possibleto show thattheexpectedcumulative reward
Q(s;a) for takinga particularactionfrom a particularstateis thefollowing recur-
sive equationcalledtheBellman equation:BELLMANEQUATION

Q(s;a) = R(s;a) + gå
s0

P(s0js;a) max
a0

Q(s0;a0) (19.34)

What theBellmanequationsaysis that theexpectedcumulative reward for
a givenstate/actionpair is the immediatereward for thecurrentstateplus theex-
pecteddiscountedutility of all possiblenext statess0, weightedby theprobability
of moving to thatstates0, andassumingoncetherewetake theoptimalactiona.

Equation(19.34)makes useof two parameters.We needa modelof how
likely a givenstate/actionpair (s;a) is to leadto a new states0. And we alsoneed
agoodestimateof R(s;a). If wehadlotsof labeledtrainingdata,wecouldsimply
computebothof thesefrom labeledcounts.For example,with labeleddialogues,
we couldsimply counthow many timeswe werein a givenstates, andout of that
how many timeswetookactiona to getto states0, to estimateP(s0js;a). Similarly,
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if we had a hand-labeledreward for eachdialogue,we could build a model of
R(s;a).

Given theseparameters,it turnsout that thereis an iterative algorithmfor
solvingtheBellmanequationanddeterminingproperQ values,thevalueiteration VALUEITERATION

algorithm(). Wewon't presentthishere,but seeChapter17of (RussellandNorvig,
2002) for the detailsof the algorithmas well as further informationon Markov
DecisionProcesses.

How do we get enoughlabeledtraining datato set theseparameters?This
is especiallyworrisomein any real problem,wherethe numberof statess is ex-
tremelylarge. Two methodshave beenappliedin thepast.The�rst is to carefully
hand-tunethe statesandpoliciesso that therearea very small numberof states
andpoliciesthatneedto besetautomatically. In this casewe canbuild a dialogue
systemwhich explorethestatespaceby generatingrandomconversations.Proba-
bilities canthenbesetfrom this corpusof conversations.Thesecondis to build a
simulateduser. Theuserinteractswith thesystemmillions of times,andthesystem
learnsthestatetransitionandrewardprobabilitiesfrom thiscorpus.

Therandomconversationapproachwastaken by (Singhet al., 2002). They
usedreinforcementlearningto makeasmallsetof optimalpolicy decisions.Their
NJFunsystemlearnedto chooseactionswhich variedthe initiative (system,user,
or mixed)andthecon�rmation strategy (explicit or none).Thestateof thesystem
wasspeci�ed by valuesof 7 featuresincluding which slot in the frameis being
worked on (1-4), theASR con�dencevalue(0-5), how many timesa currentslot
questionhadbeenasked,whethera restritive or non-restricive grammarwasused,
andso on. The resultof usingonly 7 featureswith a small numberof attributes
resultedin a small statespace(62 states).Eachstatehadonly 2 possibleactions
(systemversususerinitiative whenaskingquestions,explicit versusno con�rma-
tion whenreceiving answers).They ran the systemwith real users,creating311
conversations.Eachconversationhada very simplebinary reward function; 1 if
theusercompletedthetask(�nding speci�edmuseums,theater, winetastingin the
New Jersey area),0 if theuserdid not. Thesystemsuccessfullearneda gooddi-
aloguepolicy (roughly, startwith userinitiative, thenbackof to eithermixed or
systeminitiative whenreaskingfor anattribute; con�rm only at lower con�dence
values;both initiative andcon�rmation policies,however, aredifferentfor differ-
ent attributes). They showed that their policy actuallywasmoresuccesfulbased
on variousobjective measuresthanmany hand-designedpoliciesreportedin the
literature.

Thesimulateduserstrategy wastakenby (Levin et al., 2000),in their MDP
modelwith reinforcementlearningin the ATIS task. Their simulateduserwasa
generative stochasticmodelthatgiventhesystem's currentstateandactions,pro-
ducesa frame-slotrepresentationof a userresponse.The parametersof thesim-
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ulateduserwereestimatedform a corpusof ATIS dialogues.Thesimulateduser
wasthenusedto interactwith the systemfor tensof thousandsof conversations,
leadingto anoptimaldialoguepolicy.

FIX: Add 2 pgraphs on POMDP, including Roy et al, Young 2002,and
Williams and Young.

19.9 ADVANCED: PLAN-BASED DIALOGUE AGENTS

Oneof the earliestmodelsof conversationalagentbehavior, andalsooneof the
mostsophisticated,is basedon theuseof planningtechniquesfrom earlyAI mod-
els. The idea is that communicationand conversationare just specialcasesof
rationalactionin theworld, andtheseactionscanbeplannedlike any other.

Suchplan-basedconversationagentsareusedin building agentsto helpwith
problemswhereplanningis alreadya necessarypartof thesystem.For example,
the RochesterTRIPS system(Allen et al., 2001)modelsa conversationalagent
that helpswith emergency management(planningwhereandhow to supplyam-
bulancesor personnelin asimulatedemergency situation).Solvingsuchproblems
(e.g.,decidingwhetherandhow to getanambulancefrom point A to point B) re-
quiressophisticatedmodelsof planningandreasoning.Theplan-basedapproach
to dialogueappliesthesesameplanningalgorithmsto conversationaswell.

The ideathat actionsin conversationshouldbe plannedjust like actionsin
the real world takes its fundamentalintuition from the ideasof speechactsde-
scribedin Section19.5. For example,planningcanbe usedto generate speech
acts.Oneagent,seekingto �nd outsomeinformation,couldusestandardplanning
techniquesto comeupwith theplanof askingtheinterlocuterto tell the�rst agent
theinformation.Planningcanalsobeusedto interpret speechacts,by runningthe
planner̀ in reverse'.An agenthearinganutterancecanuseinferencerulesto infer
whatplantheinterlocutermighthave hadto causethemto saywhatthey said.

Using plansto generateandinterpretsentencesin this way requirethat the
plannerhave goodmodelsof what its own goalsandknowledgeare,aswell as
the goalsandknowledgeof the interlocuter. Theseplannersthusneedto model
thebeliefs, desires, andintentions (BDI) of theinterlocuter, andhenceplan-based
modelsof dialoguearereferredto asBDI models.BDI modelsof dialoguewereBDI

�rst introducedby Allen, Cohen,Perrault,andtheir colleaguesandstudentsin a
numberof in�uential papersshowing how speechactscouldbegenerated(Cohen
andPerrault,1979),andinterpreted(PerraultandAllen, 1980;Allen andPerrault,
1980).In aparallelline of research,Groszandhercolleaguesandstudentsshowed
how usingsimilarnotionsof intentionandplansallowedthekind of conversational
structureandcoherencediscussedin Chapter18to beappliedto dialogue.Wewill
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exploreboththeselinesof researchin thissection.

Conversational Implicatur e

One of the guiding motivations for the BDI paradigmfor building plan-based
agentsis the role that inferenceplaysin conversation.We begin with that moti-
vation,consideringtheway the interpretationof anutterancerelieson morethan
just the literal meaningof the sentences.Considerthe client's responseC2 from
thesampleconversationin Figure19.17,repeatedhere:

A1: And, whatdayin May did youwantto travel?
C2: OK uh I needto betherefor ameetingthat's from the12thto the15th.

Noticethattheclientdoesnot in factanswerthequestion.Theclientmerely
statesthat he hasa meetingat a certaintime. The semanticsfor this sentence
producedby a semanticinterpreterwill simply mentionthis meeting. What is it
that licensesthe agentto infer that the client is mentioningthis meetingso asto
inform theagentof thetravel dates?

Now consideranotherutterancefrom the sampleconversation,this oneby
theagent:

A4: . . .There's threenon-stopstoday.

Now this statementwould still be true if therewereseven non-stopstoday,
sinceif therearesevenof something,thereareby de�nition alsothree.But what
the agentmeanshereis that therearethreeand not more than thr eenon-stops
today. How is theclient to infer thattheagentmeansonly thr eenon-stops?

Thesetwo caseshavesomethingin common;in bothcasesthespeakerseems
to expectthehearerto draw certaininferences;in otherwords,thespeaker is com-
municatingmoreinformationthanseemsto bepresentin theutteredwords.These
kind of exampleswerepointedout by Grice (1975,1978)aspartof his theoryof
conversational implicatur e. Implicatur e meansa particularclassof licensedin- IMPLICATURE

ferences.Griceproposedthatwhatenableshearersto draw theseinferencesis that
conversationis guidedby asetof maxims, generalheuristicswhichplayaguiding MAXIMS

role in the interpretationof conversationalutterances.He proposedthe following
four maxims:

� Maxim of Quantity: Be exactlyasinformative asis required: QUANTITY

1. Make your contribution as informative as is required(for the current
purposesof theexchange).

2. Do notmake yourcontribution moreinformative thanis required.

� Maxim of Quality: Try to make yourcontribution onethatis true: QUALITY

1. Do notsaywhatyoubelieve to befalse.
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2. Do notsaythatfor whichyou lackadequateevidence.

� Maxim of Relevance: Be relevant.RELEVANCE

� Maxim of Manner: Be perspicuous:MANNER

1. Avoid obscurityof expression.
2. Avoid ambiguity.
3. Be brief (avoid unnecessaryprolixity).
4. Be orderly.

It is theMaxim of Quantity(speci�cally Quantity1) thatallows thehearerto
know thatthreenon-stopsdid notmeansevennon-stops. Thisis becausethehearer
assumesthespeaker is following themaxims,andthusif thespeaker meantseven
non-stopsshewould have saidseven non-stops(“as informative asis required”).
The Maxim of Relevanceis what allows the agentto know that the client wants
to travel by the12th. Theagentassumestheclient is following themaxims,and
hencewouldonly have mentionedthemeetingif it wasrelevantat thispoint in the
dialogue.Themostnaturalinferencethatwould make themeetingrelevant is the
inferencethattheclient meanttheagentto understandthathis departuretime was
beforethemeetingtime.

Plan-Inferential Inter pretation and Production

The insight of the Griceanapproachto comprehensionsummarizedin the previ-
oussectionis that in orderto understand,thehearermustmake inferencesabout
the speaker's knowledgeand intention. This ideaunderliesthe useof the plan-
ning paradigmin conversationalagents.In this sectionwe sketchtheBDI model,
exploringhow aplan-basedagentmight replacethehumantravel agentin thecon-
versationalfragmentdiscussedabove. We'll look at oneexampleof plan-based
comprehensionandone(simpler)exampleof plan-basedproduction.

First let's considerhow a plan-basedagentcould act as the humantravel
agentto understandsentenceC2 in thedialoguerepeatedbelow:

C1: I needto travel in May.
A1: And, whatdayin May did youwantto travel?
C2: OK uh I needto betherefor ameetingthat's from the12thto the15th.

As the previous sectiondiscussed,the Griceanprinciple of Relevancecan
be usedto infer that the client's meetingis relevant to the �ight booking. The
systemmayknow thatonepreconditionfor having a meeting(at leastbeforeweb
conferencing)is beingat theplacewherethemeetingis in. Oneway of beingat
a placeis �ying there,andbookinga �ight is a preconditionfor �ying there.The
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systemcanfollow thischainof inference,abducingthatuserwantsto �y onadate
beforethe12th.

Next, considerhow ourplan-basedagentcouldactasthehumantravel agent
to producesentenceA1 in thedialogueabove. In a plan-basedmodelof this inter-
action,theplanningagentwouldreasonthatin orderto helpaclientbooka�ight it
mustknow enoughinformationaboutthe�ight to bookit. It reasonsthatknowing
themonth(May) is insuf�cient informationto specifya departureor returndate.
Thesimplestwayto �nd outtheneededdateinformationis simplyto asktheclient.

Both of thesecases,planningfor understandingand planningfor genera-
tion, can be modeledin the BDI framework. In the rest of this section,we'll
�esh out the sketchy outlinesabove. We'll begin by summarizingPerraultand
Allen's formal de�nitions of belief anddesirein thepredicatecalculus.We'll rep-
resent“SbelievesthepropositionP” asthetwo-placepredicateB(S;P). Reasoning
aboutbelief is donewith a numberof axiomschemasinspiredby Hintikka (1969)
(suchasB(A;P) ^ B(A;Q) ) B(A;P^ Q); seePerraultandAllen (1980)for de-
tails). Knowledgeis de�ned as“true belief”; SknowsthatP will berepresentedas
KNOW(S;P), de�ned asfollows:

KNOW(S;P) � P^ B(S;P)

Thetheoryof desirerelieson thepredicateWANT. If anagentSwantsP to
betrue,wesayWANT(S;P), orW(S;P) for short.P canbeastateor theexecution
of someaction.Thusif ACT is thenameof anaction,W(S;ACT(H)) meansthat
SwantsH to do ACT. Thelogic of WANT relieson its own setof axiomschemas
just like thelogic of belief.

TheBDI modelsalsorequireanaxiomatizationof actionsandplanning;the
simplestof theseis basedon a set of action schemas basedon the simple AI ACTIONSCHEMA

planningmodelSTRIPS(FikesandNilsson,1971). Eachactionschemahasa set
of parameterswith constraintsaboutthetypeof eachvariable,andthreeparts:

� Preconditions:Conditionsthatmustalreadybetrue in orderto successfully
performtheaction.

� Effects: Conditionsthat becometrue asa resultof successfullyperforming
theaction.

� Body:A setof partiallyorderedgoalstatesthatmustbeachievedin perform-
ing theaction.

In thetravel domain,for example,theactionof agentA booking�ight F1 for client
C mighthave thefollowing simpli�ed de�nition:

BOOK-FLIGHT(A,C,F) :
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Constraints: Agent(A)^ Flight(F)^ Client(C)
Precondition:Know(A,departure-date(F)) ^ Know(A,departure-

time(F)) ^ Know(A,origin-city(F)) ^
Know(A,destination-city(F))̂ Know(A,�ight-type(F)) ^
Has-Seats(F)̂ W(C,(BOOK(A,C,F)))^ . . .

Effect: Flight-Booked(A,C,F)
Body: Make-Reservation(A,F,C)

CohenandPerrault(1979) andPerraultand Allen (1980)usethis kind of
actionspeci�cationfor speechacts.For examplehereis PerraultandAllen's def-
inition for two speechacts. INFORM is the speechact of informing the hearer
of someproposition(theAustin/SearleAssertive, or DAMSL STATEMENT). The
de�nition of INFORM is basedon Grice's (1957)ideathata speaker informsthe
hearerof somethingmerelyby causingthehearerto believe thatthespeaker wants
themto know something:

INFORM(S,H,P):
Constraints: Speaker(S)^ Hearer(H)̂ Proposition(P)
Precondition:Know(S,P)^ W(S,INFORM(S,H, P))
Effect: Know(H,P)
Body: B(H,W(S,Know(H,P)))

REQUEST is the directive speechact for requestingthe hearerto perform
someaction:

REQUEST(S,H,ACT):
Constraints: Speaker(S)^ Hearer(H)̂ ACT(A) ^ H is agentof ACT
Precondition:W(S,ACT(H))
Effect: W(H,ACT(H))
Body: B(H,W(S,ACT(H)))

Let's now seehow aplan-baseddialoguesystemmight try to understandthe
sentence:

C2: OK uh I needto betherefor a meetingthat's from the12th to the
15th.

We'll assumethesystemhastheBOOK-FLIGHT planmentionedabove. In
addition,we'll needknowledgeaboutmeetingsandgettingto them,in theform of
theMEETING, FLY-TO, andTAKE-FLIGHT plans,sketchedbroadlybelow:

MEETING(P ,L,T1,T2):



Section19.9. Advanced:Plan-basedDialogueAgents 55

Constraints: Person(P)̂ Location(L) ^ Time(T1) ^ Time(T2) ^ Time(TA)
Precondition: At (P, L, TA)
Before(TA, T1)
Body: ...

FLY-TO(P, L, T):
Constraints:Person(P)̂ Location(L) ^ Time(T)
Effect: At (P, L, T)
Body: TAKE-FLIGHT(P, L, T)

TAKE-FLIGHT(P , L, T):
Constraints: Person(P)̂ Location(L) ^ Time(T) ^ Flight (F) ^ Agent(A)
Precondition: BOOK-FLIGHT (A, P, F)
Destination-Time(F)= T
Destination-Location(F)= L
Body: ...

Now let's assumethat an NLU modulereturnsa semanticsfor the client's
utterancewhich (amongotherthings)includesthefollowing semanticcontent:

MEETING (P, ?L, T1, T2) Constraints:P= Client ^ T1 = May 12 ^ T2 = May 15
Our plan-basedsystemnow hastwo plansestablished,oneMEETING plan

from this utterance,and one BOOK-FLIGHT plan from the previous utterance.
Thesystemimplicitly usestheGriceanRelevanceintuition to try to connectthem.
SinceBOOK-FLIGHT is a preconditionfor TAKE-FLIGHT, thesystemmayhy-
pothesize(infer) thattheuseris planningaTAKE-FLIGHT. SinceTAKE-FLIGHT
is in thebodyof FLY-TO, thesystemfurtherinfersa FLY-TO plan. Finally, since
theeffectof FLY-TO is apreconditionof theMEETING, thesystemcanunify each
of thepeople,locations,andtimesof all of theseplans.Theresultwill bethatthe
systemknows thattheclientwantsto arrive at thedestinationbeforeMay 12th.

Let's turn to the detailsof our secondexample;how our plan-basedagent
couldactasthehumantravel agentto producesentenceA1, repeatedhere:

C1: I needto travel in May.
A1: And, whatdayin May did youwantto travel?

How doesa plan-basedagentknow to ask questionA1? This knowledge
comesfrom the BOOK-FLIGHT plan, whosepreconditionswere that the agent
know a variety of �ight parametersincluding the departuredateandtime, origin
anddestinationcities,andsoforth. UtteranceC1 containstheorigin city andpartial
informationaboutthe departuredate; the agenthasto requestthe rest. A plan-
basedagentwould useanactionschemalike REQUEST-INFO to representaplan
for askinginformationquestions(simpli�ed from CohenandPerrault(1979)):
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REQUEST-INFO(A,C,I) :
Constraints: Agent(A)^ Client(C)
Precondition:Know(C,I)
Effect: Know(A,I)
Body: B(C,W(A,Know(A,I)))

Becausetheeffectsof REQUEST-INFO matcheachpreconditionof BOOK-
FLIGHT, theagentcanuseREQUEST-INFO to achieve themissinginformation.

This overview of theBDI modelwasof necessityvery brief. Theinterested
readershouldconsulttheliteraturesuggestedat theendof thechapter.

DialogueStructure and Coherence

Section?? describedanapproachto determiningcoherencebasedon a setof co-
herencerelations.In orderto determinethatacoherencerelationholds,thesystem
mustreasonabouttheconstraintsthat therelationimposeson the information in
the utterances.We will call this view the informationalapproachto coherence.
Historically, theinformationalapproachhasbeenappliedpredominantlyto mono-
logues.

TheBDI approachto utteranceinterpretationgivesriseto anotherview of co-
herence,whichwewill call theintentional approach.Accordingto thisapproach,
utterancesareunderstoodasactions,requiringthatthehearerinfer theplan-based
speaker intentionsunderlyingthemin establishingcoherence.In contrastto the
informationalapproach,the intentionalapproachhasbeenappliedpredominantly
to dialogue.

Theintentionalapproachwedescribehereis dueto GroszandSidner(1986),
who arguethata discoursecanberepresentedasa compositeof threeinteracting
components:a linguistic structure, anintentional structure, andanattentionalLINGUISTIC

STRUCTURE
INTENTIONAL
STRUCTURE state. Thelinguisticstructurecontainstheutterancesin thediscourse,dividedinto
ATTENTIONALSTATE ahierarchicalstructureof discoursesegments.(Recallthedescriptionof discourse

segmentsin Chapter18.) Theattentionalstateis adynamically-changing modelof
theobjects,properties,andrelationsthataresalientat eachpoint in thediscourse.
Thisalignscloselywith thenotionof adiscoursemodelintroducedin theprevious
chapter. Centering(seeChapter18) is consideredto beatheoryof attentionalstate
in this approach.

We will concentratehereon thethird componentof theapproach,theinten-
tional structure,which is basedon the BDI modelof interpretation.The funda-
mentalideais thata discoursehasassociatedwith it anunderlyingpurposethatis
heldby thepersonwho initiatesit, calledthediscoursepurpose(DP). Likewise,DISCOURSE

PURPOSE

eachdiscoursesegmentwithin thediscoursehasa correspondingpurpose,called
a discoursesegmentpurpose(DSP).EachDSPhasa role in achieving theDP ofDISCOURSE

SEGMENTPURPOSE
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thediscoursein which its correspondingdiscoursesegmentappears.Listedbelow
aresomepossibleDPs/DSPsthatGroszandSidnergive.

1. Intendthatsomeagentintendto performsomephysicaltask.
2. Intendthatsomeagentbelieve somefact.
3. Intendthatsomeagentbelieve thatonefactsupportsanother.
4. Intendthatsomeagentintendto identify anobject(existing physicalobject,

imaginaryobject,plan,event,eventsequence).
5. Intendthatsomeagentknow somepropertyof anobject.

As opposedto the larger setsof coherencerelationsusedin informational
accountsof coherence,GroszandSidnerproposeonly two suchrelations:domi-
nanceandsatisfaction-precedence. DSP1 dominatesDSP2 if satisfyingDSP2 is
intendedto provide part of the satisfactionof DSP1. DSP1 satisfaction-precedes
DSP2 if DSP1 mustbesatis�edbeforeDSP2.

As anexample,let's considerthedialoguebetweena client (C) anda travel
agent(A) thatwesaw earlier, repeatedherein Figure19.26.

C1: I needto travel in May.
A1: And, whatdayin May did youwantto travel?
C2: OK uh I needto betherefor ameetingthat's from the12thto the15th.
A2: And you're �ying into whatcity?
C3: Seattle.
A3: And whattimewouldyou like to leave Pittsburgh?
C4: Uh hmmI don't think there's many optionsfor non-stop.
A4: Right. There's threenon-stopstoday.
C5: Whatarethey?
A5: The �rst onedepartsPGH at 10:00amarrivesSeattleat 12:05their time.

Thesecond�ight departsPGHat 5:55pm,arrivesSeattleat 8pm. And the
last�ight departsPGHat 8:15pmarrivesSeattleat10:28pm.

C6: OK I' ll take the5ish�ight on thenightbeforeon the11th.
A6: On the 11th? OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air

�ight 115.
C7: OK.

Figure19.26 A fragmentfrom a telephoneconversationbetweena client (C) and
a travel agent(A) (repeatedfrom Figure19.17).

Collaboratively, the caller andagentsuccessfullyidentify a �ight that suits
thecaller's needs.Achieving this joint goal requiredthata top-level discoursein-
tentionbesatis�ed,listedasI1 below, in additionto severalintermediateintentions
thatcontributedto thesatisfactionof I1, listedasI2-I5:
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I1: (IntendC (IntendA (A �nd a �ight for C)))
I2: (IntendA (IntendC (Tell C A departuredate)))
I3: (IntendA (IntendC (Tell C A destinationcity)))
I4: (IntendA (IntendC (Tell C A departuretime)))
I5: (IntendC (IntendA (A �nd anonstop�ight for C)))

IntentionsI2–I5 are all subordinateto intention I1, as they were all adoptedto
meetpreconditionsfor achieving intentionI1. This is re�ected in thedominance
relationshipsbelow:

I1 dominatesI2
I1 dominatesI3
I1 dominatesI4
I1 dominatesI5

Furthermore,intentionsI2 andI3 neededto besatis�edbeforeintentionI5, since
theagentneededto know thedeparturedateanddestinationcity in orderto start
listing nonstop�ights. This is re�ectedin thesatisfaction-precedence relationships
below:

I2 satisfaction-precedesI5
I3 satisfaction-precedesI5

Thedominancerelationsgive riseto thediscoursestructuredepictedin Fig-
ure19.27.Eachdiscoursesegmentis numberedin correspondencewith theinten-
tion numberthatservesasits DP/DSP.

DS1

C1 DS2 DS3 DS4 DS5

A1–C2 A2–C3 A3 C4–C7

Figure19.27 DiscourseStructureof theFlight ReservationDialogue

Onwhatbasisdoesthissetof intentionsandrelationshipsbetweenthemgive
riseto a coherentdiscourse?It is their role in theoverall plan thatthecaller is in-
ferredto have. Weassumethatthecallerandagenthave theplanBOOK-FLIGHT
describedon page54. This plan requiresthat the agentknow the departuretime
anddateandsoon. As wediscussedabove,theagentcanusetheREQUEST-INFO
actionschemefrom page56 to asktheuserfor this information.

DiscoursesegmentsDS2andDS3arecasesin whichperformingREQUEST-
INFO succeedsfor identifying the valuesof the departuredateand destination
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city parametersrespectively. SegmentDS4is alsoa requestfor a parametervalue
(departuretime), but is unsuccessfulin that the caller takesthe initiative instead,
by (implicitly) askingaboutnonstop�ights. SegmentDS5leadsto thesatisfaction
of thetop-level DP from thecaller's selectionof a nonstop�ight from a shortlist
thattheagentproduced.

Subsidiarydiscoursesegmentslike DS2 and DS3 are also called subdia-
logues. Thetypeof subdialoguesthatDS2andDS3instantiatearegenerallycalledSUBDIALOGUES

knowledgepreconditionsubdialogues(Lochbaumetal.,1990;Lochbaum,1998),
sincethey areinitiatedby theagentto helpsatisfypreconditionsof a higher-level
goal (in this caseaddressingtheclient's requestfor travel in May). They arealso
calledinformation-sharing subdialogues(Chu-CarrollandCarberry, 1998). INFORMATION­SHARING

SUBDIALOGUES

Determining Intentional Structure Algorithms for inferring intentionalstruc-
turein dialogue(andspokenmonologue)work similarly to algorithmsfor inferring
dialogueacts. Many algorithmsapply variantsof the BDI model (e.g.,Litman,
1985;GroszandSidner, 1986;Litman andAllen, 1987;Carberry, 1990;Passon-
neauandLitman, 1993;Chu-CarrollandCarberry, 1998). Othersrely on similar
cuesto thosedescribedfor utterance-andturn-segmentationon page45, includ-
ing cuewordsandphrases(Reichman,1985;GroszandSidner, 1986;Hirschberg
andLitman, 1993),prosody(GroszandHirschberg, 1992; Hirschberg andPier-
rehumbert,1986; Hirschberg andNakatani,1996),andothercues. For example
Pierrehumbertand Hirschberg (1990) argue that intonationaleventslike certain
boundary tonesmightbeusedto suggestadominancerelationbetweentwo into-
nationalphrases.

Inf ormational vs. Intentional Coherence As wejustsaw, thekey to intentional
coherencelies in theability of thedialogueparticipantsto recognizeeachother's
intentionsandhow they �t into theplansthey have. Ontheotherhand,aswesaw in
thepreviouschapter, informationalcoherencelies in theability to establishcertain
kindsof content-bearingrelationshipsbetweenutterances.Soonemight askwhat
therelationshipbetweentheseare: doesoneobviate theneedfor theother, or do
we needboth?

MooreandPollack(1992),amongothers,have arguedthat in factboth lev-
els of analysismustco-exist. Let us assumethat after our agentandcaller have
identi�ed a �ight, theagentmakesthestatementin passage(19.35).

(19.35) You'll wantto bookyour reservationsbeforetheendof theday.
Proposition143goesinto effect tomorrow.

Thispassagecanbeanalyzedeitherfrom theintentionalor informationalperspec-
tive. Intentionally, theagentintendsto convincethecallerto bookherreservation
beforethe endof the day. Oneway to accomplishthis is to provide motivation
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for this action,which is the role served by uttering the secondsentence.Infor-
mationally, thetwo sentencessatisfytheExplanationrelationdescribedin thelast
chapter, sincethe secondsentenceprovidesa causefor the effect of wanting to
bookthereservationsbeforetheendof theday.

Dependingon the knowledgeof the caller, recognitionat the informational
level might leadto recognitionof the speaker's plan, or vice versa. Say, for in-
stance,that the caller knows that Proposition143 imposesa new tax on airline
tickets, but did not know the intentionsof the agentin uttering the secondsen-
tence.Fromtheknowledgethata way to motivateanactionis to provide a cause
that hasthat actionasan effect, the caller cansurmisethat the agentis trying to
motivatetheactiondescribedin the �rst sentence.Alternatively, thecallermight
have surmisedthis intention from the discoursescenario,but have no ideawhat
Proposition143 is about. Again, knowing the relationshipbetweenestablishing
a cause-effect relationshipandmotivating something,the caller might be led to
assumean Explanationrelationship,which would requirethat sheinfers that the
propositionis somehow badfor airline ticket buyers(e.g.,a tax). Thus,at leastin
somecases,bothlevelsof analysisappearto berequired.

DialogueManagementin a Plan-basedConversationalAgent

The morecomplex representationalandreasoningcomponentsof the BDI archi-
tecturehave implicationsalsofor dialoguemanagement.Figure19.28shows the
dialoguemanageralgorithmfor theTRAINS-93systemAllen etal. (1995),Traum
andAllen (1994).TheTRAINS systemis aconversationalagentthatassistsauser
in managinga railway transportationsystemin a microworld. For example,the
userand the systemmight collaboratein planningto move a boxcarof oranges
from onecity to another. The TRAINS dialoguemanagermaintainsthe �o w of
conversationandaddressesthe conversationalgoals(suchascomingup with an
operationalplan for achieving the domaingoal of successfullymoving oranges).
Todothis,themanagermustmodelthestateof thedialogue,itsown intentions,and
theuser's requests,goals,andbeliefs. Themanagerusesa conversationact inter-
preterto semanticallyanalyzetheuser's utterances,adomainplannerandexecuter
to solve the actualtransportationdomainproblems,anda generatorto generate
sentencesto theuser.

Thealgorithmkeepsa queueof conversationactsit needsto generate.Acts
areaddedto thequeuebasedon grounding, dialogueobligations, or theagent's
goals. Recallfrom Section19.4thatutterancescanbegroundedvia acknowledge-
ment(uh-huh, ok), demonstration/display (repeatingback),or makinga relevant
next contribution. Obligationsareusedin theTRAINS systemto enablethesys-
temto correctlyproducethesecond-pairpartof anadjacency pair. Thatis, whena
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DIALOGUE MANAGER

while conversation is not finished
if user has completed a turn
then interpret user's utterance
if system has obligations
then address obligations
else if system has turn
then if system has intended conversation acts

then call generator to produce NL utterances
else if some material is ungrounded
then address grounding situation
else if high-level goals are unsatisfied
then address goals
else release turn or attempt to end

conversation
else if no one has turn
then take turn
else if long pause
then take turn

Figure19.28 A dialoguemanager, modi�ed from TraumandAllen (1994).

userREQUESTssomethingof thesystem(e.g.,REQUEST(Give(List)))anobliga-
tion is createdto addresstheREQUESTeitherby acceptingit, andthenperforming
it (giving the list) or by rejectingit. As for goal, for the travel agentdomain,the
dialoguemanager'sgoalmightbeto �nd outtheclient's travel goalandthencreate
anappropriateplan.

Let'spretendthatthehumantravel agentfor theconversationin Figure19.26
was a systemand explore what the stateof a TRAINS-style dialoguemanager
would have to beto actappropriately. Considerthestateof thedialoguemanager
afterthe�rst utterancesin oursampleconversation:

C1: I wantto go to Pittsburgh in May.

Heretheclient/userhasjust �nished a turn with an INFORM speechact. Thesys-
temhasthediscoursegoalof �nding outtheuser's travel goal(e.g.,“Wantingto go
to Pittsburgh on may15 andreturning. . . ”), andcreatinga travel plan to accom-
plish thatgoal. The following tableshows thesystemstate:obligations,intended
speechactsto bepassedto thegenerator, theuser's speechactsthatstill needto be
acknowledged,discoursegoals,andturnholder:
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Discourseobligations: NONE
Turnholder: system
Intendedspeechacts: NONE
Unacknowledgedspeechacts: INFORM-1
Discoursegoals: get-travel-goal,create-travel-plan

After the utterance,the dialoguemanagerdecidesto addtwo conversation
actsto thequeue;�rst, toacknowledgetheuser's INFORM act(via “addressground-
ing situation”), and second,to ask the next questionof the user (via “address
goals”). This reasoningwould beworkedout by thesystem's STRIPS-styleplan-
nerasdescribedon page54; giventhegoalget-travel-goal, theREQUEST-INFO
actionschematells thesystemthataskingtheusersomethingis onewayof �nding
it out. Theresultof addingthesetwo conversationactsis:

Intendedspeechacts: REQUEST-INFORM-1,ACKNOWLEDGE-1

Thesewouldbecombinedby averyclevergeneratorinto thesingleutterance:

A2: And, whatdayin May did youwantto travel?

Note that groundingis achieved by the discoursemarker (and) andby repeating
backthe monthnameMay. The requestfor informationis achieved via the wh-
question.

Let's skip aheadto the client's utteranceC4, an indirect requestaskingthe
agentto checkonnon-stop�ights.

A3: And whattime wouldyou like to leave Pittsburgh?
C4: Uh hmmI don't think there's many optionsfor non-stop.

Let'sassumethatourdialogueactinterpretercorrectlyinterpretsC4 asREQUEST-
INFORM-3. Thestateof theagentafterclientutteranceC4 is then:

Discourseobligations: address(REQUEST-INFORM-3)
Turnholder: system
Intendedspeechacts: NONE
Unacknowledgedspeechacts: REQUEST-INFORM-3
Discoursegoals: get-travel-goal,create-travel-plan

Thedialoguemanagerwill �rst addressthediscourseobligationof respond-
ing to the user's requestby calling the plannerto �nd out how many non-stop
�ights thereare. The systemmustnow answerthe questionandalsogroundthe
user's utterance.For a directrequest,theresponseis suf�cient grounding.For an
indirect request,an explicit acknowledgementis an option; sincethe indirect re-
questwasin theform of a negativecheckquestion,theform of acknowledgement
will beright (no would have alsobeenappropriatefor acknowledginga negative).
Thesetwo actswill thenbepulledoff thequeueandpassedto thegenerator:
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A4: Right. There's threenon-stopstoday.

Although this TRIPS dialoguemanagersuccessfullydealswith grounding
andotherdiscourseobligations,it hasseverallimitations.Themanagerhasto deal
with issuesfrom groundingto problemsolving, including both task-level plan-
ning (booking �ights) and discourse-level planning,as well as maintainingdis-
coursecontext. Thereis no way for theinterpretationandgenerationcomponents
to communicatedirectly. A more recentdialoguemanagementarchitecturefor
TRIPSis shown in Figure19.29.Heretask-speci�cplanningandproblemsolving
is parceledout to aseparateTaskManager. TheInterpretationManagerrecognizes
rich dialogactsincludingproblem-solvingacts,andkeepsdiscoursecontext. The
Generationmanageris sensitive to this knowledge. The Behavioral agentplans
behavior basedon its own goalsandobligationsaswell asuserutterances.

Figure 19.29 DialogueSystemArchitectureof the TRIPS system,after (Allen
etal., 2001).PLACEHOLDERFIGURE.
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19.10 SUMMARY

Conversational agentsarea crucial speechandlanguageprocessingapplication
that arealreadywidely usedcommercially. Researchon theseagentsreliescru-
cially onanunderstandingof humandialogueor conversationalpractices.

� Dialoguesystemsgenerallyhave 5 components:speechrecognition,natural
languageunderstanding,dialoguemanagement,naturallanguagegeneration,
andspeechsynthesis.They mayalsohavea taskmanagerspeci�c to thetask
domain.

� Dialoguearchitecturesfor conversationalagentsinclude�nite-statesystems,
frame-basedproductionsystems,Markov DecisionProcesses,andBDI (belief-
desire-intention) models.

� Groundingand initiative arecrucial humandialoguephenomenathat must
alsobedealtwith in conversationalagents.

� Speakingin dialogueis a kind of action;theseactsarereferredto dialogue
acts. Automatic interpretationof dialogueactsrequiresthe useof lexical,
syntactic,andprosodicknowledge.

� Human-humandialogueis anotherimportantareaof dialogue,relevantespe-
cially for suchcomputationaltasksasautomatic meetingsummarization.

� Dialogueexhibits intentional structure in addition to the informational
structure, includingsuchrelationsasdominanceandsatisfaction-precedence.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Early work on speechand languageprocessinghad very little emphasison the
studyof dialogue.Oneof theearliestconversationalsystems,ELIZA, hadonly a
trivial productionsystemdialoguemanager;if thehumanuser's previoussentence
matchedthe regular-expressionpreconditionof a possibleresponse,ELIZA sim-
ply generatedthat response(Weizenbaum,1966). The dialoguemanagerfor the
simulationof the paranoidagentPARRY (Colby et al., 1971),wasa little more
complex. Like ELIZA, it wasbasedon a productionsystem,but whereELIZA's
ruleswerebasedonly onthewordsin theuser'sprevioussentence,PARRY' srules
alsorely onglobalvariablesindicatingits emotionalstate.Furthermore,PARRY' s
outputsometimesmakesuseof script-like sequencesof statementswhenthecon-
versationturnsto its delusions.For example,if PARRY' s anger variableis high,
hewill choosefrom a setof “hostile” outputs. If the input mentionshis delusion
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topic, hewill increasethevalueof his fear variableandthenbegin to expressthe
sequenceof statementsrelatedto hisdelusion.

The appearanceof moresophisticateddialoguemanagersawaited the bet-
ter understandingof human-humandialogue.Studiesof thepropertiesof human-
humandialoguebeganto accumulatein the1970's and1980's. TheConversation
Analysiscommunity(Sackset al., 1974;Jefferson,1984;Schegloff, 1982)began
to studythe interactionalpropertiesof conversation. Grosz's (1977)dissertation
signi�cantly in�uenced thecomputationalstudyof dialoguewith its introduction
of the studyof substructuresin dialogues(subdialogues),and in particularwith
the �nding that “task-orienteddialogueshave a structurethatcloselyparallelsthe
structureof the taskbeingperformed”(p. 27). The BDI model integratingear-
lier AI planningwork (FikesandNilsson,1971)with speechact theory(Austin,
1962; GordonandLakoff, 1971; Searle,1975a)was �rst worked out by Cohen
andPerrault(1979),showing how speechactscouldbegenerated,andPerraultand
Allen (1980)andAllen andPerrault(1980),applyingtheapproachto speech-act
interpretation.

SeeWalker and Whittaker (1990) and Chu-Carrolland Brown (1997) for
morewaysof de�nining initiative in dialogue.

Models of dialogueas collaborative behavior were introducedin the late
1980's and 1990's, including the ideasof referenceas a collaborative process
(Clark andWilkes-Gibbs,1986),andmodelsof joint intentions (Levesqueet al.,
1990), and shared plans (Groszand Sidner, 1980). Relatedto this areais the
studyof initiati ve in dialogue,studyinghow the dialoguecontrol shifts between
participants(Walker andWhittaker, 1990;SmithandGordon,1997).

FIX: Add ATT work from 1990sinto this history
FIX: Add more on survey chapters: McTear 2002,Sadekand DeMori

EXERCISES

19.1 List thedialogueactmisinterpretationsin theWho's On First routineat the
beginningof thechapter.

19.2 Write a �nite-state automatonfor a dialoguemanagerfor checkingyour
bankbalanceandwithdrawing money atanautomatedtellermachine.

19.3 Dispreferredresponses(for exampleturning down a request)are usually
signaledby surfacecues,suchassigni�cant silence.Try to noticethenext timeyou
or someoneelseuttersadispreferredresponse,andwrite down theutterance.What
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aresomeothercuesin theresponsethatasystemmightuseto detectadispreferred
response?Considernon-verbalcueslike eye-gazeandbodygestures.

19.4 Whenaskedaquestionto whichthey aren't surethey know theanswer, peo-
ple usea numberof cuesin their response.Someof thesecuesoverlapwith other
dispreferredresponses.Try to noticesomeunsureanswersto questions.Whatare
someof thecues?If you have troubledoingthis,you mayinsteadreadSmithand
Clark (1993)which lists somesuchcues,andtry insteadto listenspeci�cally for
theuseof thesecues.

19.5 The sentence“Do you have the ability to passthe salt?” is only inter-
pretableasa question,not asan indirect request.Why is this a problemfor the
BDI model?

19.6 Most universitiesrequireWizard-of-Ozstudiesto beapprovedby a human
subjectsboard,sincethey involve deceiving thesubjects.It is a goodidea(indeed
it is often required)to “debrief” the subjectsafterwardsandtell themthe actual
detailsof thetask.Discussyouropinionsof themoralissuesinvolvedin thekind of
deceptionsof experimentalsubjectsthattake placein Wizard-of-Ozstudies.

19.7 Implementa small air-travel help system. Your systemshouldget con-
straintsfrom the userabouta particular�ight that they want to take, expressed
in naturallanguage,anddisplaypossible�ights on a screen. Make simplifying
assumptions.You may build in a simple�ight databaseor you may usea �ight
informationsystemon thewebasyour backend.

19.8 Augmentyour previous systemto work over the phone(or alternatively,
describetheuserinterfacechangesyouwouldhave to make for it to work over the
phone).Whatwerethemajordifferences?

19.9 Designa simple dialoguesystemfor checkingyour email over the tele-
phone.Assumethatyouhadasynthesizerwhichwouldreadoutany text yougave
it, anda speechrecognizerwhich transcribedwith perfectaccuracy. If you have a
speechrecognizeror synthesizer, youmayactuallyusetheminstead.

19.10 Testyouremail-readingsystemonsomepotentialusers.If youdon't have
anactualspeechrecognizeror synthesizer, simulatethemby actingasthe recog-
nizer/synthesizeryourself.Choosesomeof themetricsdescribedin theMethodol-
ogyBox on page22 andmeasuretheperformanceof yoursystem.
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