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DIALOGUE AND
1 CONVERSATIONAL
AGENTS

| wantyouto tell methe namesof the fellows on the St.

Louisteam.

I'm telling you. Who's on rst, What's on second,l

Don't Know is onthird.

You know thefellows' names?

Yes.

Well, then,who's playing rst?

Yes.

| meanthefellow'snameon rst.

Who.

Theguyon rst base.

Whois on rst.

Well whatareyou askin' mefor?

I'm notaskingyou—I'm telling you. Whois on rst.
Who's on First— Bud AbbottandLou Costellos ver
sionof anold burlesquestandard.
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The literature of the fantasticaboundsin inanimateobjectsmagically en-
dowed with sentienceandthe gift of speech.From Ovid's statueof Pygmalion
to Mary Shellg/'s Franlenstein,Cao Xue Qin's Divine LuminescentStone-in-
Waiting in the Court of SunsetGlow to Snav White's mirror, thereis something
deeplytouchingaboutcreatingsomethingandthenhaving a chatwith it. Legend
hasit thatafter nishing his sculptureof MosesMichelangelahoughtit solifelike
thathetappedt onthekneeandcommandedt to speak.Perhapshis shouldnt be
surprising.Languagetself hasalwaysbeenthe mark of humanityandsentience,
and corversation or dialogue is the mostfundamentaland specially privileged  conversion
arenaof languagelt is certainlythe rst kind of languageve learnaschildren,and biaLocue
for mostof us, it is the kind of languageve mostcommonlyindulgein, whether
we areorderingcurryfor lunchor buying postagestampsparticipatingin business
meetingor talking with our families,bookingairline ights or complainingabout
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theweather

This chapterintroducesthe fundamentalktructuresand algorithmsin con-
versational agents alsoknown asspoken dialoguesystemsor spokenlanguage
systems Theseare programswhich communicatewith usersin spolen natural
languagen orderto malke travel arrangementgnswermuestionaboutweatheror
sports,routetelephonecalls, actasa generaltelephoneassistantpr performeven
moresophisticatedasks.

Many of thesetaskshave to do with telephoy; speechdialoguesystemsare
particularlyappropriateor applicationdik e telephon, whereonly a limited key-
boardand/orscreens available (CohenandOviatt, 1995). Oneimportantdomain
for corversationalagentsis travel planning,which hasbeena key concernof di-
aloguesystemssincethe early in uential GUS systemfor planningairline travel
(Bobrow et al., 1977). More recently a numberof spolen languagesystemsor
bookingairline ights werebuilt underthe Air Trafc InformationSystem(ATIS)
(Hemphill et al., 1990)and Communicatoi(?) programs.We will usethis travel
domainasan examplethroughoutthe chapter(aswe usedit to discussgrammar
rulesfor parsingATIS sentencetn Chapter). Figure19.1shavs a sampledia-
loguefrom a Communicatosystemtakenfrom Xu andRudnicky (2000).

S1: Hello. You'vereachedhe[Communicator].Tell meyourfull name

U2: hii'dliketo y to seattletuesdaymorning

S3: Travelingto Seattleon TuesdayAugusteleventhin the morning. Your full name?

U4: [JohnDoe]

S5: Hello, [John],I'm gladto hearfrom you again.You cannow askmefor help.

S6: OK. Let's seel have a United ight departingPittsturgh at ten forty ve a.m.
arriving into Seattleatone fty sevenp.m.Is thatOK?

U7: Yes

S8:  Will youreturnto Pittskurgh from Seattle?

U9: noi will goto LosAngeles

S10: Travelingto Los Angeles.onwhatdate

U11: Sorrycanwego bad to talk aboutthe previousleg again

S12: Forthe rst leg, youareon a United ight 1446departingPittsturgh at tenforty

ve A.M. tomorraw, arriving in Seattleatone fty sevenP.M. Do youwantto take

that?

U13: actuallyi wantto leaveon wednesday

S14: a ight onwednesday

S15: | havea ight departingPittshurghattenforty ve a.m.,arrivesSeattleat one fty
sevenp.m. Is thatOK?

Ul6: Yes

Figure 19.1 The travel domain: a fragmentfrom a successfuktorversationbe-
tweenauser(U) andthe Communicatosystem(S) of Xu andRudnicky (2000).




Anotherusefuldomainis automaticcall routing. The taskof a call routing
systemis to directincomingcallsin atelephoneall center Thejob of the system
is thusto transferthe call to the appropriatdhumanfor solvingthe users problem,
generallybeginning with open-endedjuestiongo the userlike How may| help
you? (Gorinetal., 1997),or How may!| directyour call? (Chu-CarrollandCar
penter 1999). Figure19.2shavs samplecorversationgrom the AT&T How May
| Help You (HMIHY) system(Gorinetal., 1997).

How may| helpyou?

canyoutell mehowmud it is to tokyo?
Youwantto know thecostof acall?
yesthat's right

Pleaséhold on for rateinformation.
How may| helpyou?

what's theareacodefor chicago?
Youwantanareacode.

(silence)

Theareacodefor Chicagois 312.

ncocwcocuucocncow

Figure19.2 Thecall routing/telephon@formationdomain:two actualcorversa-
tionsbetweera user(U) andthe AT&T How May | Help You (HMIHY) system(S)
(Gorinetal.,1997).

A someavhat differentdomain, which is very far from the telephoy area,
is automatictutoring systems.Figure 19.3 shaws part of a dialoguefrom the IT-
SPOKEdialoguesystem(Litman andSilliman, 2004),which useshe Why2-Atlas
text-basedutoring systemasits tutoringbaclend(?).

Section19.1beagins our discussiorof conversationalagentsy overvieving
the architectureof simple spolen languagesystems gspeciallyframe-basedlia-
loguesystemsijntroducingin detail eachof the component®f a typical dialogue
system. Section19.3 discusse$ow to evaluatedialoguesystems. Section19.2
thendescribegshe VXML (Voice XML) languagefor describingsimpledialogue
systemsandwalksthroughsomeexamplesusingform-basedlialogues.We then
turn to two sectionsdescribingmoreadwancedconceptsn dialogue.Section19.4
introduceghe ideaof grounding,andthe useof groundinginformationin dealing
with con rmation anderrors. Section19.5and Section19.6introducetheideaof
speechactsanddialogueactsandthe automaticdetectiorof them. Finally we dis-
cusssomeadvancedtopics, including the advancedBDI (belief-desire-intetion)
paradignor dialogueunderstandinghe MDP (Markov DecisionProcessjnodel
for dialogueunderstandingandsomediscussion®f speechprocessingf human-
humandialogue for examplefor automaticsummarizatiorof meetings.
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S: 1 didn't understandWhatforce actson all objectswithin closeproximity to
earth?

U: uhtheforceof gravity

S: Fine.BesidegheEarths gravitationalforce,arethereary otherforcesacting
onthepersonkeys, andelevator aftertherelease?

U: no

S: Yep. Thus,keepin mind thatafterthe releasethe only force on the person
keys, andelevatoris theforceof gravity. If gravity is theonly forceactingon
anobject,will it bemoving or stayingstill?

U: it will bemoving

S: Fine. Not only arethe person,keys, and elevator moving, they have only
gravitationalforceson them. Whenan objectis falling andhasonly gravita-
tionalforceonit, it is saidto bein what?

U: freefall

Figurel9.3 Thetutoringdomain:partof anactualcorversatiorbetweerastudent
user(U) andthe ITSPOKEsystem(S) of (Litman andSilliman, 2004),basedon the
Why2-Atlastext-basedutoringsystem(?).

19.1 SIMPLE DIALOGUE SYSTEMS

The very simplestdialoguesystem,albeit onefor text ratherthanspeechjs one
whichwe exploredalreadyin Chapter2 for chatterbots¢ike Eliza. TheElizaarchi-
tectureconsistedof a singleread-search-replagxint loop, which readin a user
sentenceran a seriesof regular expressionsubstitutionsand printed out the re-
sultingresponseThe dialoguesystemswve areconcernedvith in this chapterare
vastly more comple, with speechinput and outputand more sophisticatedlia-
loguecontrol. Figure19.4shawvs atypical architecture.

Natural Language
— ﬁgﬁggﬂmon Understandl%g

Dialogue
Manager

PR
Text-to-Speech Natural Langua
= Synthesis Generation

Figure19.4 Simpli ed architectureof the component®f a corversationahgent.
PLACEHOLDERFIGURE.

| Task Manager
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ASR component

The ASR (automaticspeectrecognition)componentakesaudioinput, generally
from thetelephoneandreturnsatranscribedstring of words,asdiscussedh chap-
ters Chapter6 throughChapter7. The ASR systemmay also be optimizedin
variouswaysfor usein corversationalagents. For examplewhile ASR systems
usedfor dictationor transcriptiongenerallyusea single broadly-trained\N-gram
languagemodel, ASR systemsn corversationabhgentgenerallyusemorespeci ¢
languaganodels. Theselanguaganodelsarespeci c to a dialoguestate. For ex-
ample,if the systemhasjust asled the user‘What city areyou departingfrom?”,
the ASR languagemodelcanbe constrainedo only consistof city namespr per
hapssentencesf the form | wantto (leavejdepart)from [CITYNAME]. These
dialogue-state-spec languagemodelscanconsistof hand-written nite-state or
contet-free grammarspor of N-gramgrammarsrainedon subcorporaextracted
from the answerdo particularquestionan sometraining set. Whenthe system
wantsto constraintheuserto respondo thesystems lastutteranceit canusesuch
arestrictive grammar. Whenthe systemwantsto allow the usermoreoptions,it
might mix this state-speci danguagemodelwith amoregeneralanguagenodel.
As we will see,the choicebetweenthesestratgies canbe tunedbasedon how
muchinitiative the useris allowed.

AnotherwaythatASRis in uencedby beingembeddedh adialoguesystem
hasto dowith adaptationSincetheidentity of theuserremainsconstanacrosshe
telephonecall, speakr adaptatiortechniquesan be appliedto improve recogni-
tion asthe systemhearsmoreandmorespeechrom theuser Thustechniquedike
MLLR andVTLN canprovide usefulimprovementsin ASR ratesin a dialogue
situation.

NLU component

TheNLU (naturallanguageunderstandingtomponenbf dialoguesystemanust
produceasemantigepresentatiowhichis appropriatdor thedialoguetask. Many
speech-basatialoguesystemssinceasfarbackastheGUSsysten(Bobrow etal.,
1977),have usedramesastheirsemantigepresentatiorexactly thekind of frame-
and-slotsemanticshatarecommonlyusedin informationextraction,asdiscussed
in Chapterl5. A travel systemjfor example,which hasthe goal of helpinga user
nd anappropriateight, would have aframewith slotsfor informationaboutthe
ight; thusasentencdike Showmemorning ights fromBostonto SanFrancisco
on Tuesdaymight correspondo thefollowing lled-out frame(from Miller etal.
(1994)):

SHOW:

RESTRICTIVE
GRAMMAR
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FLIGHTS:
ORIGIN:
CITY: Boston
DATE:
DAY-OF-WEEK: Tuesday
TIME:
PART-OF-DAY: morning
DEST:

CITY: San Francisco

How doesthe NLU componengeneratehis semantics?n principleary of
themethoddor semanti@analysisdiscussedh Chapterl5 couldbeemployed. For
example,Chapterl5 shavs how a contet-free grammarcould be augmentedvith
semanticattachmentsanda standardCFG parsercanbe usedto build a meaning
for asentenceThe llers of eachframecanthenbe extractedfrom the sentence
meaning.For examplethe SRI GEMINI NLU engineauni cation grammamwith
semantiattachmentds usedin the ATIS andWITAS dialoguesystemg?, ?)

In practicemostdialoguesystemsely onasimpler domain-speci cseman-
tic understandingomponentProbablythemostcommonis theuseof thesemantic
grammarsalsodiscussedn Chapterl5. With thesegrammarsratherthanusinga
syntacticrule with a semanticattachmentthe actualnodenamesn the parsetree
correspondo the semanticentitieswhich are beingexpressed.For example,we
might seegrammarfragmentdik e the following:

LIST I showv mej i wantj cani seg...
DERPART_TIME_RANGE ! (aftefjaroundbefore)HOUR]|
morningj afternoon evening

HOUR I ongtwojthregfour.. jtwelve (AMPM)
FLIGHTS ' (a) ight j ights

AMPM I amjpm

ORIGIN I fromCITY

DESTINATION I toCITY

CITY I Bostonj SanFranciscg Derverj Washington

Thesegrammardake the form of contet-free grammarsandhencecanbe
parsedby ary standardCFG parsingalgorithm,suchasthe CYK or Earley algo-
rithmsintroducedn Chapterl0.

But grammardor thesedomain-speci cdialoguesystemsare often simple
enoughto have minimal or no recursion,and so are often processedy ef cient
nite-state methods.In casesvherethereis somerecursion ef cient augmenta-
tionsof nite-statealgorithmssuchasthe useof recursve transitionnetworkshave
beenapplied(IssarandWard,1993;Wardandlssar 1994).

Theresultof the parseis thusa hierarchicalabelingof theinput string with
semantimodelabels:
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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 eachslotin the framecan
be readalmostdirectly off the resultingparseabove. It remainsonly to put the
llers into somesortof canonicaform (for exampledatescanbe corvertedinto a
DD:MM:YY form, timescanbe putinto 24-hourtime, etc).

The semanticgrammarapproachis very widely used,but hastwo weak-
nesses:rst, it relieson hand-writtengrammarswhich are expensve andtime-
consumingo produce.Secondaswe have describedt sofar, the semantiggram-
marapproachs non-probabilisticwhich malkesit hardto resohe ambiguities.

Onesolutionto both of theseproblemis to usea probabilisticmodellike an
HMM to assignthe semanticslot rolesto wordsin the sentencesin the seman-
tic HMM modelof Pieracciniet al. (1991),for example,the hiddenstatesof the
HMM aresemanticslotlabels,while theobseredwordsarethe llers of theslots.
Figure19.5shawvs a sequencef hiddenstatescorrespondingo slot namesgach
generatinga sequencef obserned words. Note thatthe modelincludesa hidden
statecalledDUMMWhich is usedto generatavordswhich donot Il ary slotsin
theframe.

Show me flights from Boston to San Francisco on Tuesday morning

Figure19.5 ThePieraccinietal. (1991)HMM modelof semanticgor lling slots
in frame-basedialoguesystems.

Thegoalof theHMM modelis to computehelabelingof semantigolesC =
C1;Cp; 556 (C for “cases'or “conceptsthat hasthe highestprobability P(CjW)

N P(WjC)P(C)
argénaxP(CjW) = argC PW
= agmaxP(WjC)P(C) (19.1)
C

N Y
O P(wijw; 1::wq;C)P(wyjC) O P(cijci 1:::¢1) (19.2)
i=2 i=2
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The Pieracciniet al. (1991) modelmakesa simpli cation thatthe concepts
(the hiddenstateskaregeneratedby a Markov procesga conceptM-grammodel),
andthattheobsenrationprobabilitiesfor eachstatearegeneratedy astate-dependent
(concept-dependenword N-gramword model:

P(wijwi 1;::5w1;C) = P(WiWi 13225W N+ 1;Ci) (19.3)

P(cijci 1;:5c1 = P(CGIG 135G m+1) (19.4)

Basedon this simplifying assumptionthe nal equationausedin the HMM
modelareasfollows:

N N
argénaW(CJ'W) = OPWijw 12w n+1;6) O P(GiG 136G m+1) (19.5)
i=2 i=2

Theseprobabilitiescanbetrainedonalabeledtrainingcorpus,in which each
sentenceas hand-labeledvith the concepts/slot-namesssociatedvith eachstring
of words. The bestsequencef conceptsfor a sentenceand the alignmentof
conceptdo word sequences;an be computedby the standaraViterbi decoding
algorithm.

In summarytheresultingHMM modelis a generatre modelwith two com-
ponents.One, correspondindo P(C), representshe choiceof what meaningto
express;it assignsa prior over sequencesf semanticslots, computedoy a con-
ceptN-gram.Thesecondcorrespondingo P(WjC), representthe choiceof what
wordsto useto expresshatmeaningthelikelihoodof a particularstring of words
beinggeneratedrom a givensilot. It is computedby a word N-gramconditioned
on the semanticslot. This modelis very similar to the HMM modelfor named
entity detectionwe saw in Chapterl5.

A problemwith theHMM modelsofaris thatit hasnoability to modelthehi-
erarchicahatureof languagestructure Variousmoresophisticatedersionsof the
HMM modeladdresshis problemby augmentinghe HMM with recursve struc-
ture. For examplethe HiddenUnderstandindvodel (HUM) (Miller et al., 1994,
1996,2000),is basedon stochastiaecursve transitionnetworks (SRTNs), allow-
ing the semanticlabelsto have hierarchyandrecursion. Recallthat a recursve
transitionnetwork is a notationalvariantof a context-free grammar Figure 19.6
shavs a representatiorof the HUM structureof the sentence Pleaseshowme
morning ights fromBostonto SanFranciscoon Tuesday:!

Themodelfor P(WjC) in theHUM modelis exactly thesameasin the HMM
modeldescribedabore: a concept-speci cword N-grammodel. The modelfor
P(C) is different;insteadof usinganN-grammodelof conceptsthe HUM allows
for hierarchicalstructureby usingan SCFG-like modelof conceptprobabilities,
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nonterminal
nodes

Figure19.6 A structureof a sentencén the HiddenUnderstandindvodel. (from
(Miller etal., 1994))PLACEHOLDERFIGURE.

borravedfrom the TINA modelwe describedelon (Senef, 1995). Theprobabil-
ity of the conceptight generatinghe subconcepsequencairline, ight indica-
tor, t-num, origin, destinations computingby keepinga conceptN-gramfor the
subconcepsequences;onditionedon the parents.This modelis thusa hierarchi-
cal versionof the modelfor generatingvord obserations. Thusfor examplethe
probability of this onenon-terminalexpansionin thetreeis computedasfollows:

P(airline, ight indicator, t-num, origin, destinatiopight) =
P(ight indicatojairline, ight)
P( t-numj ight indicator, ight)
P(originj t-num, ight)::: (19.6)

The two componentf the HUM model are both trainedfrom a labeled
training set, just asthe HMM modelis. The semanticprior P(C) is generated
from a probabilistic nite-state network (a recursve transitionnetwork, or RTN)
of conceptsFigure19.7shavs oneof thesubnetwrksfor the ATIS ight concept;
theFlight frameprobabilisticallygeneratea sequencef slots(date,origin, airline
etc). Thearcson this network representhe (bigram)transitionprobability of one
slotfollowing another Theindividual nodedik e airline actasrecursve jumparcs
in the ATN, calling asubnetwrk for theairline concept.

As with theHMM, decoding(choosinghemostlikely sequencef concepts
for a given sentencelan be donevia the Viterbi algorithm. Sincethe network
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Figure19.7 Thecomputatiorof P(C) from the ProbabilisticRTN corresponding
to the Flight conceptfrom (Miller etal.,1994).PLACEHOLDERFIGURE.

is arecursve transitionnetwork, statesnustbe generatealynamicallyduring the
search.

As Young (2002) points out, one improvementof the hierarchicalHUM
modelin Figure19.6overthe at HMM modelin Figure19.5is thathaving preter
minal labels(like Origin or Des) avoids fragmentingthe training data. In Fig-
ure 19.5, cities are split betweerbeing Origins and Destinations In Figure19.6,
the classcity namecapturedoth kinds of cities,andfactsabouthow the cities t
into larger structureis capturedy the preterminahodes.

Furthercompleity canbe addedto the HUM modelby including syntactic
aswell assemanticknowledgeinto the grammarrules,essentialljcombiningthe
insightsof semantiggrammarsandprobabilisticparsers.The TINA system(Sen-
eff, 1995)is sucha system;Figure19.8shavs anexampleof a syntactic/semantic
parsetree.

Thenodeprobabilitiesin TINA aregeneratedby computingseparaté-gram
grammargor eachnon-terminalconditioneconthepareninon-terminalandtrain-
ing on a hand-labeledrainingset.
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Figure19.8 A parseof asentencén the TINA semantiggrammarfrom (Senef,
1995)).PLACEHOLDERFIGURE.

Generationand TTS components

The generationrcomponenbf a conversationalagentchooseghe conceptdo ex-
presgo theuser plansouthow to expressheseconceptsn words,andassignary
necessaryprosodyto thewords,asdescribedn Chapter20. The TTS component
thentakesthesewordsandtheir prosodicannotationg@ndsynthesizea waveform,
asdescribedn Chapter30. Both thesecomponentsnay be optimizedin various
waysfor usein corversationahgents.

As Chapter20 describesthegeneratiortaskcanbe separatethto two tasks:
whatto say, andhowto sayit. The content planner moduleaddressethe rst
task,decidesvhatcontentio expresso theuser whetherto askaquestionpresent
an answey and so on. The contentplanningcomponeniof dialoguesystemsis
oftenmegedwith thedialoguemanager

The languagegeneration moduleaddressethe secondtask, choosingthe
syntacticstructuresandwords neededo expressthe meaning. Languagegener
ation modulesare implementedin one of two ways. In the simplestand most
commonmethodall or mostof thewordsin the sentenceo be utteredto theuser
areprespeci edby thedialoguedesignerThis methodis known astemplate-based
generation.While mostof the wordsin thetemplateare x ed, templatescanin-
cludesomevariableswhichare lled in by thegeneratgrasin thefollowing:

Whattime doyouwantto leave CITY-ORIG?
Will youreturnto CITY-ORIGfrom CITY-DEST?

A secondmethodfor languagegeneratiorrelies on the natural language
generationtechniquesoveredin Chapter20. Herethe dialoguemanageibuilds
a representationf the meaningof the utteranceto be expressedand passeshis



12

Chapter 19. DialogueandCorversationalAgents

TAPEREPROMPTS

meaningrepresentationo a full generatar Suchgeneratorgenerallyhave three
componentsa sentencelanney surfacerealizer and prosodyassigner A sketch
of this architecturds shavn in Figure19.9.

glontent Content Content Content S i
anner —» Planner Planner gt P
anner | —» Synthesizer
What to Say How to Say it

Figure19.9 Architectureof a generatoffor a dialoguesystem after Walker and
Rambav (2002).PLACEHOLDERFIGURE.LABELS ARE WRONG IN MIDDLE
BOX.

Whichever methodis used,corversationalialogueplacesa numberof con-
straintson the sentenceyeneratorelatedto HumanComputerinteraction(HCI).
Someof theseconstraintarenot thatdifferentthanotherkinds of generationand
re ect thekind of discoursecoherencaliscussedn Chapterl8. For example,as
Cohenet al. (2004)shawv, the useof discoursemarkers and pronounsmakesthe
dialoguein (19.8)morenaturalthanthedialoguein (19.7):

(19.7) Pleasesaythedata.
i5leasesaythe starttime.
i:"'leasesaythe duration.

i5leasesaythe subject.
(19.8) First, tell methedate.

i\'l'ext, I'll needthetime it starts.
Thanks.< pause Now, how longis it supposedo last?

Lastof all, I justneeda brief description...

Anotherimportantcaseof discourseoherenceccurswhenparticularprompts
mayneedto besaidto theuserrepeatedlyln thesecasesit is standardn dialogue
systemgo usetapered prompts, promptswhich getincrementallyshorter The
following examplefrom Cohenetal. (2004)shavs a seriesof taperedorompts:

(19.9) System:Now, what'sthe rst compary to addto yourwatchlist?



Section19.1.  SimpleDialogueSystems

13

Caller: Cisco

System:What's the next compary name?Or, you cansay “Finished?)
Caller:1BM

System:Tell methenext compary name or say “Finished’
Caller:Intel

System:Next one?

Caller: AmericaOnline.

System:Next?

Caller:...

Other constraintson generationare more speci ¢ to spolen dialogue,and
referto factsabouthumanmemoryandattentionalprocesseskor example,when
humansarepromptedo give a particularresponseif taxestheirmemorylessif the
suggestedesponsas the lastthing they hear ThusasCohenet al. (2004) point
out, the prompt“To hearthe list again,say "Repeatlist” is easierfor usersthan
“Say Repeatist' to hearthelist again:

Similarly, presentatiomf long lists of queryresults(e.g.,potential ights, or
movies) cantax users. Thus mostdialoguesystemshave contentplanningrules
to dealwith this. In the Mercury systemfor travel planningdescribedn (?), for
example,a contentplanningrule speci esthatif therearemorethanthree ights
to describeto the user the systemwill just list the availableairlinesanddescribe
explicitly only theearliestight.

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

Dialogue Manager

The nal componenbf adialoguesystemis thedialoguemanagerwhich controls
the architectureand structureof the dialogue. The dialoguemanagetakesinput
from the ASR/NLU componentsmaintainssomesortof state,interfaceswith the
taskmanagerandpassesutputto theNLG/TTS modules.

We saw avery simpledialoguemanagein Chapter2, wherewe introduced
ELIZA. Recallthatthearchitectureof ELIZA's wasa simpleread-substitute-prin
loop. Thesystenreadin asentenceapplieda seriesof text transformationso the
sentenceandthenprintedit out. No statewaskept; thetransformationuleswere
only awareof the currentinput sentenceWhatmalkesa moderndialoguemanager
very differentthanELIZA is bothamountof statethatthemanagekeepsaboutthe
corversationandtheability of the manageto modelstructureof dialogueabore
thelevel of asingleresponse.

Four kinds of dialoguemanagemenarchitecturesare mostcommon. Two
arediscussedhere( nite-state andframe-based)ndtwo arediscussedn the Ad-
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vancedTopicspartof the chapter(plan-basedrchitecturesand Markov Decision
Processnodels). We will alsodiscussa moreadwancedialoguearchitecturethe
BDI architecturein Section19.9.

The simplestdialoguemanagerarchitecturels a nite-state manager. For
example,imagineatrivial airline travel systemwhosejob wasto askthe userfor
a departurecity, a destinatiorcity, a time, andwhetherthe trip wasround-tripor
not. Figure19.10shavs a sampledialoguemanagefor sucha system.The states
of the FSA correspondo questionghatthe dialoguemanageiasksthe user and
thearcscorrespondo actionsto take dependingon whatthe userresponds.

What city are you leaving from?

Where are you going?

|

What date do you want to leave?

¥

Isita

one-way-trip?

Do you want to go from <FROM> to <TO>on <DATE>? What date do you want to return?

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

Yes

[Book the
flight]

Figure19.10 A simple nite-state automatorarchitecturdor adialoguemanager
PLACEHOLDERFIGURE.

This systemcompletelycontrolsthe corversationwith the user It asksthe
usera seriesof questionsignoring (or misinterpretinganything the usersaysthat
is notadirectanswerto the systems question andthengoingonto the next ques-
tion.

Systemghat control the corversationin this way are called systeminitia-
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tive or singleinitiati ve systems.We saythatthe spealer thatis in control of thesvstemmave
conversationhastheinitiati ve. In normalhuman-humarlialogue jnitiative shiftsincLanmimve

backandforth betweerthe participantWalker andWhittaker, 1990). Thelimited
single-initiatve nite-state dialoguemanagerarchitecturesnay be sufcient for
very simpletasks(perhapgor enteringa creditcardnumber or anameandpass-
word, onthe phone).Furthermorethey have theadvantagethatthe systemalways
knows whatquestiorthe useris answering.This meanghesystemcanpreparehe
speechrecognitionenginewith aspeci ¢ languaganodeltunedto answerdor this
guestion.Knowing whatthe useris goingto betalking aboutalsomalesthetask
of the naturallanguageunderstanding@ngineeasier Puresystem-initiatre nite-
statedialoguemanagerrchitecturegsreprobablytoo restricted however, evenfor
therelatively uncomplicatedaskof a spolendialoguetravel agentsystem.

Singleinitiative systemscan also be controlledby the user in which case
they arecalleduser initiati ve systems.Pureuserinitiative systemsare generally
usedfor statelesslatabasgueryingsystemswherethe useraskssinglequestions
of the system which the systemconvertsinto SQL databasejueries,andreturns
theresultsfrom somedatabase.

Theproblemis thatneitherof thesekindsof single-initiatve systemss prac-
tical for the majority of problems.Puresystem-initiatre systemgequirethatthe
useranswerexactly the questionthatthe systemasled. But this canmale a dia-
logueawkwardandannging. Usersoftenneedto be ableto saysomethinghatis
notexactlytheansweto asinglequestiorfrom thesystem.For example,in atravel
planningsituation,usersoftenwantto expressheir travel goalswith complex sen-
tencesthat may answermore than one questionat a time, asin Communicator
example(19.10)repeatedrom Figure19.1,or ATIS example(19.11).

(19.10)Hi I'dliketo y to SeattleTuesdaymorning

(19.11) I wanta ight from Milwaukeeto Orlandooneway leaving after vep.m.
onWednesday

A nite statedialoguesystem astypically implementedcant handlethese
kinds of utterancessinceit requiresthat the useranswereachquestionasit is
asled. Of courseit is theoreticallypossibleto createa nite statearchitecture
which hasa separatestatefor eachpossiblesubsetof questionsthat the users
statementouldbeansweringbut thiswouldrequireavastexplosionin thenumber
of statesmakingthis a dif cult architecturgo conceptualize.

Most nite-systemsdo allow the userto do thingsotherthananswerexactly
the questionwhich the systemasled. The systemsallow universal commands.
Universalsarecommandshatcanbe saidarywherein thedialog. They areimple-
mentedby essentiallyallowing every stateto recognizedhe universalcommands
in additionto theanswerto the questionthatthe systemjust asked. Commonuni-

INITIRIVE

USERNITIAIVE

UNIVERSAL
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MIXEDNITIAIVE

FRAME-BASED

FORM-BASED

versalgncludehelp, which givesthe usera (possiblystate-speci chelpmessage,
start over (or main menu), which returnsthe userto somespeci ed main start
state andsomesortof commando correctthe systems understandingf theusers
last statement.For example,in the travel systemof San-Sgundoet al. (2001),
whenthesystemmisrecognizes users utterancetheusercansaycorrectandthe
systemwill erasethe misrecognitiorandgo back.

But addinguniversalsto a system-initiatre architecturds still insufcient.
Therefore mostsystemsavoid the puresysteme-initiatie nite-state approactand
useanarchitecturghatallows mixed initiati ve, in which corversationainitiative
canshift betweernthe systemanduserat variouspointsin thedialogue.

Onecommonmixedinitiative dialoguearchitecturaelieson the structureof
theframeitselfto guidethedialogue. Theseframe-basedor form-baseddialogue
managersasksthe userquestiongo |l slotsin the frame, but allow the userto
guidethe dialogueby giving informationthat lls otherslotsin the frame. Each
slotin theframemaybeassociatetvith aquestiorto asktheuser of thefollowing
type:

Slot Question

ORIGINCITY “From whatcity areyou leaving?”
DESTINATION CITY “Whereareyougoing?”
DEPARTURETIME “Whenwouldyouliketo leave?”
ARRIVAL TIME “When do youwantto arrive?”

A frame-basedlialoguemanagerthus needsto ask questionsof the user
lling ary slotthatthe userspeci es, until it hasenoughinformationto perform
a databasequery andthenreturnthe resultto the user If the userhappengo
answerntwo or threequestionsat a time, the systemhasto |l in theseslotsand
thenremembenotto askthe userthe associateduestiongor the slots.Not every
slotneedhave anassociatequestionsincethedialoguedesignemaynotwantthe
userdelugedwith questionsNonethelesghesystemmustbeableto Il theseslots
if the userhappendgo specifythem. This kind of form- lling dialoguemanager
thusdoesaway with the strict constraintghatthe nite-state managermposeson
theorderthatthe usercanspecifyinformation.

While somedomainsmay be representabl&ith a singleframe,others,like
the travel domain,seemto requirethe ability to dealwith multiple frames. For
example,oncea frame-basedystemhasperformeda querylooking for ights,
thereis likely to be morethanone ight which meetthe users constraints.This
meansthat the userwill be given a list of choices,A frame-basedystemmight
needanotherkind of frame which hasslots for identifying elementsof lists of
ights (How mud is the r stone?or Is the secondonenon-stop}. Otherframes
might have generalroute information (for questiondike Whid airlines y from
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Bostonto SanFrancisco?, informationaboutairfare practiceqfor questiondike

Do | haveto staya speci c numberof daysto geta decentirfare? or aboutcaror

hotelreserations.Sinceuseranayswitchfrom frameto frame,andsincethey may

answera future questioninsteadof the onethe systemasled, the systemmustbe

ableto disambiguatevhich slotof whichframeagiveninputis supposedo I, and

thenswitchdialoguecontrolto thatframe.A frame-basedystermis thusessentially
a productionrule system. Differenttypesof inputs causedifferent productions
to re, eachof which can exibly Il in differentframes. The productionrules
canthenswitch controlbasedon factorssuchasthe users input andsomesimple
dialoguehistorylike thelastquestiorthatthesystemasled. FIX: Add a sentence
here on Mercury production rules and Galaxy architecture.

The frame-basedr production-ruledialoguemanagerarchitecturethus is
appropriatevhenthesetof possibleactionstheusercouldwantto take is relatively
limited, but wherethe usermight wantto switcharounda bit amongthesethings.

Now thatwe've seerthe frame-basedrchitecturelet's returnto our discus-
sion of corversationainitiative. It's possiblein the sameagentto allow system-
initiative, userinitiative, and mixed-initiatve interactions. We said earlier that
initiative refersto who hascontrol of the corversationat ary 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-Carrolland Brown, 1997). This kind of mixed initiative is
generallyonly possiblein the advancedBDI kinds of dialoguesystemsdescribed
in Section19.9. In form-basedlialoguesystem the term mixed initiative is used
for amorelimited kind of shift, operationalizedhasedon acombinationof prompt
type (openversusdirective) andthe type of grammarusedin the ASR. An open
prompt is onein which the systemgivesthe uservery few constraintsallowing operromet
theuserto respondchowever they pleaseasin:

How may| helpyou?

A dir ective prompt is onewhichexplicitly instructstheusernow torespond, oirectiveromet
asin:

Sayyesif you accepthe call; otherwise sayno.

In Section19.1we de ned arestrictive grammarasalanguagemodelwhich
stronglyconstrainghe ASR systemonly recognizingproperresponseto a given
prompt.

In Figure19.11we thengive the de nition of initiative usedin form-based
dialoguesystemsfollowing Singhetal. (2002)andothers.Hereasysteninitiative
interactionusesadirectve promptandarestrictve grammartheuseris told how to
respondandthe ASR systermis constrainedo only recognizeheresponsethatare
promptedor. In userinitiative, theuseris givenanopenprompt,andthegrammar
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Prompt Type
Grammar Open Directive
Restrictve Doesnt male sensg Systeminitiativ
Non-Restricty Userlnitiative Mix edInitiative

Figure19.11 A standardbperationalde nition of initiative, following following
Singhetal. (2002)andothers.

mustrecognizeary kind of responsesincethe usercould sayarything. Finally,
in amixed initiative interaction the systemgivesthe usera directve promptwith
particularsuggestionfor responsehut thenon-restrictre grammarallows theuser
to respondoutsidethe scopeof the prompt.

De ning initiative asa propertyof the promptandgrammaitypein this way
allows systemdo dynamicallychangetheir initiative type for differentusersand
interactions.Novice users,or userswith high speectrecognitionerror, might be
bettersened by more systeminitiative. Expertusers,or thosewho happento
speakmorerecognizablymight do well with mixed or userinitiative interactions.
Wewill seelaterhow machindearningtechniquesanbeusedto choosdnitiative.

We will returnto more advanceddialogue managerarchitecturesn Sec-
tion 19.9.

19.2 VOICEXML

VOICEXML

VXML

VoiceXML is the Voice ExtensibleMarkup Language an XML-baseddialogue
designlanguageeleasedy the W3C. The goal of VoiceXML (henceforthvxml)
isto createsimpleaudiodialoguesf thetypewe have beendescribingmakinguse
of ASRandTTS, anddealingwith very simplemixed-initiatve in a frame-based
architectureWhile vxml is morecommonin thecommerciaratherthanacademic
setting, it offers a cornvenientsummaryof the dialoguesystemdesignissueswe
have discussedandwill continueto discuss.

A vxml documentontainsa setof dialogs,eachof which canbeaformor a
menu We will limit oursehesto introducingforms; see(?) for moreinformation
on vxml in general. The VXML documentin Figure 19.12de nes a form with
a single eld named'transporttype'. The eld hasan attachedprompt, Please
chooseairline, hotel,or rentalcar, which canbe passedo the TTS system It also
hasa grammar(languaganodel)whichis passedo the speeclrecognitionengine
to specify which wordsthe recognizeris allowed to recognize. In the example
in Figure19.12,the grammarconsistsof 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. Useris
promptedandtheresponsés thenrepeatedack.

A <form> generallyconsistsof a sequencef <field> s,togetherwith a
few othercommands.The examplebelov hasone eld. Each eld hasa name
(the nameof the eld below is transporttype ) which is alsothe nameof the
variablewherethe users responsevill be stored. The promptassociatedvith the
eld is speci edviathe<prompt> command.Thegrammarassociateavith the
eld isspeci edviathe<grammar> commandVoice XML supportyariousways
of specifyinga grammay including XML SpeechGrammay ABNF, andvarious
commerciaktandarddjke NuanceGSL.Wewill beusingtheNuanceGSL format
in thefollowing examples.

The VoiceXML interpreterwalks througha VXML form in documentor-
der, repeatedlyselectingeachitem in the form. If thereare multiple elds, the
interpreterwill visit eachonein order The interpretationordercanbe changed
in variousways,aswe will seelater The examplein Figure19.13shavs aform
with three elds, for specifyingthe origin, destinationand ight dateof anairline
ight.

The prologueof the exampleshavs two global defaultsfor error handling.
If the userdoesnt answeraftera prompt(i.e., silenceexceedsa timeoutthresh-
old), the VoiceXML interpreterwill play the <noinput> prompt. If the users
sayssomethingbut it doesnt matchthe grammarfor that eld, the VoiceXML
interpretemwill play the <nomatch> prompt. After ary failure of this type, it is
normalto re-askthe userthe questionthat failed to get a response.Sincethese
routinescanbe calledfrom ary eld, andhencethe exactpromptwill bedifferent
every time, VoiceXML providesa <reprompt\>  commandwhich will repeat
the promptfor whatever eld causedheerror.

Thethree elds of thisform shav anotheifeatureof Voice XML, the<filled>
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<noinput>
I'm sorry, | didn't hear you. <reprompt/>
</noinput>
<nomatch>
I'm sorry, | 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>
</ffilled>
<[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>
</ffilled>
</field>
<field name="departdate" type="date">
<prompt> And what date do you want to leave?  </prompt>
<filled>
<prompt> OK, on <value expr="departdate"> </prompt>
<ffilled>
</field>
<block>
<prompt> OK, | 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>

Figure19.13 A VXML scriptfor aform with 3 elds, which con rms each eld
andhandleghenoinput andnomatch situations.

tag. The<filled>  tagfora eld is executedby theinterpretelassoonasthe eld
hasbeenlled by theuser Here,thisfeatureis usedto give theuseracon rmation
of theirinput.

Thelast eld, departdate ,shavsanotheifeatureof Voice XML, thetype
attribute. VoiceXML 2.0speci esse/enbuilt-in grammatypes,boolean ,currency
date ,digits ,number ,phone ,andtime . Sincethetypeofthis eld isdate ,
the speechrecognizemwill be automaticallypassed languagemodel (grammar)
whichonly allows datesandwe don't needto specifythegrammaihereexplicitly.

Figure19.14givesa nal examplewhich shavs mixedinitiative. In amixed
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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">
<I[ CDATA[
Flight ( ?[
(i [wanna (want to)] [fly go])
('d like to [fly go
([Gi 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)]  Cityy) {<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")}
1> </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>
</ffilled>
</field>
<field name="destination">
<prompt> And which city do you want to go to? </prompt>

<filled>
<prompt> OK, to <value expr="destination"> </prompt>
</ffilled>
</field>
<block>
<prompt> OK, | 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 specifythe origin or destinatiorcities or both. Usercanrespondo theinitial
promptby specifyingorigin city, destinatiorcity, or both.

initiative dialogue,userscanchoosenot to answerthe questionthatwasasled by
the system. For example,they might answera differentquestion,or usea long
sentencéo Il in multiple slotsatonce.Thismeanghatthe Voice XML 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 atestthatkeepsa eld
from beingvisited. The default guardconditionfor a eld teststo seeif the eld' s
form itemvariablehasavalue,andif sothe eld is notinterpreted.

Figure 19.14 also shavs a much more complex use of a grammar This
grammaris a CFG grammarwith two rewrite rules,namedFlight andCity .
The NuanceGSL grammarformalismusesparenthese§ to meanconcatenation
and squarebraclets[] to meandisjunction. Thusa rule like (19.12) meansthat
Wantsentence canbe expandedasi want to fly ori want to go,
andAirports  canbeexpandedassan francisco  ordenver .

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

Grammarrules canrefer to othergrammarrules recursiely, andsoin the
grammaiin Figurel9.14we seethegrammarfor Flight  referringto therule for
City . VoiceXML grammargake theform of CFGgrammarsvith optionalseman-
tic attachmentsThesemantiattachmentfor theCity rule passesipthecity and
statenameasits semantics The semanticattachmentsor the Flight  rule takes
thisvalueandpasst up lling inthecorrectslot(<origin>  or<destination> ).
Becausdrigure19.14is a mixed initiative grammay the grammarhasto be appli-
cableto ary of the elds. Thisis doneby makingthe expansionfor Flight be
a disjunction;notethatit allows the userto specifyonly the origin city, only the
destinatiorcity, or both.

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

19.3 DIALOGUE SYSTEM EVALUATION

An optimal dialoguesystemis onewhich allows a userto accomplishtheir goals
(maximizingtasksuccessyvith theleastproblems(minimizing costs).A number
of metricsfor eachof thesetwo criteriahave beenproposed.

Task Completion Success: Tasksuccessanbemeasuredby evaluatingthecor

rectnessof the total solution. For a frame-basedirchitecture this might be the
percentagef slotsthat were lled with the correctvalues,or the percentagef

subtaskshatwerecompletedPolifroni etal., 1992).Sincedifferentdialoguesys-
temsmay be appliedto differenttasks,it is hardto comparethemon this metric,

so Walker et al. (1997) suggestedising the Kappacoefcient, k, to computea

completionscorewhich is normalizedfor chanceagreementaind betterenables
cross-systermomparison.
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METHODOLOGY BoOX: DESIGNING DIALOGUE SYSTEMS

How doesa dialoguesystemdeveloperchoosedialoguestratgies,archi-
tecturesprompts,errormessagesandsoon? Thethreedesignprinciples
of GouldandLewis (1985)canbesummarizecs: UserCentered Design:
Studythe userandtask,Build simulationsand prototypesand lteratvely
testthemontheuserand x theproblems.

1. Early Focuson Usersand Task: Understandhe potentialusers
andthe natureof the task, via interviens with usersandinvestigationof
similar systemsStudyof relatedhuman-humaxlialoguesanalsobe use-
ful, althoughthelanguagen human-machinéialoguess usuallysimpler
thanin human-humaulialogues.

2. Build Prototypes: In Wizard-of-Oz(WOZ) or PNAMBIC (Pay
No Attentionto the Man Behlndthe Curtain) systemsthe usersinteract
with whatthey think is a softwaresystemut is in facta humanoperator
(*wizard”) behindsomedisguisinginterface software (e.g. Gould et al.,
1983;Goodetal., 1984;FraselandGilbert,1991). (Thenamecomedrom
the childrens book TheWzard of Oz (Baum,1900),in which the Wizard
turnedoutto bejustasimulationcontrolledby amanbehindacurtain.)A
WOZ systemcanbe usedto testoutanarchitecturevithoutimplementing
the completesystem;only the interfacesoftwareanddatabaseseedto be
in place. Thewizard's linguistic outputcanbe be disguisedby a text-to-
speecltsystem.lt is dif cult for the wizardto exactly simulatethe errors,
limitations,or time constraint®f arealsystemyresultsof WOZ studiesare
thussomevhatidealized.

3. lterative Design: An iterative designcycle with embeddediser
testingis essentiain systenmdesign(Nielsen,1992;Coleetal.,1994,1997;
Yankelovich et al., 1995; Landauer1995). For exampleStifelmanet al.
(1993)and Yankelovich et al. (1995) found that usersof speechsystems
consistentlytried to interruptthe system(bargein), suggestingi redesign
of the systemto recognizeoverlappedspeech. Kamm (1994) and Cole
etal. (1993)foundthatdir ective prompts (“Say yesif youaccepthecall,
otherwise,saynad’) or the useof constrainedorms (Oviatt et al., 1993)
producedbetterresultsthanopenpromptslike “Will youaccepthecall?”.

Summary of Cohen'srecommendationson prompt design,taper-
ing, etc Summary of Cohen'srecommendationson errors
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CONCEPT
ACCURRY

Finally, Walker et al. (2001) notesthat sometimeghe users perceptionof
whetherthey completedthe taskis a betterpredictorof usersatisictionthanthe
abore measuresin morerecentstudieson evaluationof dialoguesystemsWalker
etal. (2002)givesusersanon-line suney aftercompletinga dialogue which ask
for ayes-noanswerasto whetherthetaskwascompleted.

Ef ciency Cost: Ef ciency costsaremeasuresf thesystems ef ciency athelp-
ing users.This canbe measuredia thetotal elapsedime for the dialoguein sec-
onds,the numberof total turnsor of systemturns,or the total numberof queries
(Polifroni etal., 1992).Othermetricsincludethe numberof systenmon-responses,
andthe“turn correctionratio”. the numberof systemor userturnsthatwereused
solelyto correcterrors,divided by thetotal numberof turns(DanieliandGerbino,
1995;HirschmanandPao,1993).

Quality Cost: Quality costmeasurestheraspectof theinteractionthat affect
users'perceptiorof thesystem.Onesuchmeasuras thenumberof timesthe ASR
systenfailedto returnary sentencegr thenumberof ASRrejectionprompts(’l'm
sorry | didn't understandhat’). Similar metricsincludethe numberof timesthe
userhadto baige-into the systemor thenumberof time-outpromptsplayedwhen
theuserdidn't respondjuickly enough A numberof quality metricsdealwith how
well the systemunderstoodandrespondedo the user This canincludethe inap-
propriateneséwhetherverboseor ambiguouspf the system$ questionsanswers,
anderrormessage&Zueetal., 1989),or the correctnessgor partialcorrectnessf
eachquestion answey or errormessagé€Zue et al., 1989; Polifroni et al., 1992).
A very importantquality costis conceptaccuracy or concepterror rate, which
measureshe percentagef semanticconceptsthat the NLU componenteturns
correctly For frame-basedarchitectureshis canbe measuredy countingthe per
centagef slotsthatare lled with thecorrectmeaning.For exampleif thesentence
*| wantto arrive in Austinat5:00' is misrecognizedo have thesemanticSDEST-
CITY: Boston,Time: 5:00” the conceptaccurag would be 50% (oneof two slots
arewrong)(?).

How shouldthesesuccessandcostmetricsbe combinedandweighted?The
PARADISE algorithm (Walker et al., 1997) (PARAdigm for Dlalogue System
Evaluation)appliesmultiple regressionto this problem. The algorithm rst uses
guestionnaireto assigneachdialoguea usersatishctionrating. A setof costand
success$actordik e thoseabove is thentreatedasa setof independenttactors;mul-
tiple regressionis usedto train aweight(coefcient) for eachfactor measuringts
importancein accountingfor usersatistction. Figure19.15shavs the particular
modelof performancehatthe PARADISE experimentshave assumedEachbox
is relatedto asetof factorghatwe summarize@nthepreviouspage.Theresulting
metric canbe usedto comparequite differentdialoguestratgjies.



Section19.3.  DialogueSystemEvaluation

25

MAXIMIZE USER SATISFACTION

MAXIMIZE TASK
SUCCESS

MINIMIZE COSTS

EFFICIENCY QUALITY
MEASURES MEASURES

Figure 19.15 PARADISE's structureof objectvesfor spolen dialogueperfor
mance After (Walker etal.,2001).

The usersatishctionrating is computedoy having userscompletea suney
with questionsuchasthosein Figure19.16,probingtheir perceptiorof different
aspectof the systems performancgShribeg et al., 1992; Polifroni et al., 1992;
Stifelmanet al., 1993; Yanlkelovich et al., 1995). Surweys in PARADISE studies
aremultiple choice,with theresponsemappednto therangeof 1to 5. Thescores
for eachquestionarethenaveragedo getatotal usersatishctionrating.

Wasthe systemeasyto understan® (TTS Performance)

Did the systemunderstanavhatyou said?(ASR Performance)

Wasit easyto nd themessage/ ight/trairyouwanted?Task Easé

Wasthe paceof interactionwith the systemappropriate¥Interaction Pace

Did you know whatyou couldsayat eachpoint of thedialogue2User Expertise)
How oftenwasthe systemsluggishandslow to reply to you? (SystemResonsg
Did the systemwork the way you expectedhjim to? (ExpectedBehavior)

Do youthink you'd usethe systemin the future? (Futur e Usg

Figure19.16 Usersatishctionsurwey, adaptedrom (Walkeretal.,2001).

Walker etal. (2001,2002)appliedthe PARADISE algorithmto threediffer-
entdialoguesystemsandfoundthatthreefactorsthatwereoftenthebestpredictors
of usersatishctionwere (1) the averageconceptaccurayg for thewhole dialogue,
(2) theusers (binary) opinionaboutwhetherthey completedhetasksuccessfully
and(3) thetotal elapsedime.
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19.4 GROUNDING, CONFIRMATION, AND ERRORS

Thesimple nite-state andforms-baseadystemsawve discussedh the previous sec-
tion areonly capableof handlingrelatiely limited dialoguesdealingwith only the
simplestof the phenomenahatcharacterizérue uent dialogues.In the next few
sectionswe will introducea numberof more sophisticatedheoreticalideasand
practicaltechniquesleadingupto progressiely moreandmorepowerful dialogue
systemsWe begin in this sectionwith theideaof grounding.

Grounding

Dialogueis a collective actperformedby the speakr andthe hearer Oneimplica-
tion of this collectvenesss that,unlike in monologuethespealkrandhearemust

COMMORROUND constantlyestablishcommon ground (Stalnaler, 1978),the setof thingsthatare
mutually believed by both spealkers. The needto achiee commongroundmeans
GROUND thatthe hearermustground or acknowledgethe spealker's utterancesmakingit

ACKNGVLEDGE clearthatthehearethasunderstoodhe spealkr's meaningandintention. As Clark
(1996)pointsout, peopleneedclosureon their actions;he phraseghis asfollows
(after(Norman,1988)):

Principle of closue. Agentsperformingan action requireevidence,
sufcient for currentpurposesthatthey have succeedeth performing
it.

Groundingis alsoimportantwhenthe hearemeeddo indicatethatthe speakr has
notsucceedeth performinganaction.If thehearehasproblemsn understanding,
shemustindicatetheseproblemgo thespealer, againsothatmutualunderstanding
caneventuallybeachiered.

Let's begin by discussingvaysthatthe hearer(call her B) canuseto ground
the speakr A's utterance.Clark and Schaefer(1989) discuss ve main typesof
methodsprderedrom wealestto strongest:

1. Continued attention: B shaws sheis continuingto attendandthereforere-
mainssatis edwith A's presentation.
2. Relevant next contribution: B startsin onthenext relevantcontrikution.

3. Acknowledgement:B nodsor saysacontinuetike uh-huh yeah or thelike,
or anassessmerntike that's great
4. Demonstration: B demonstrateall or part of what shehasunderstoodA
REFORMUIING to mean,for exampleby reformulating (paraphrasingi\'s utterancepr by
COLLABORAVE collaborative completion of A's utterance.

5. Display: B displaysverbatimall or partof A's presentation.
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Let'slook for examplesof thesein a human-humawlialogueexample . We'll
bereturningto this examplethroughouthe chapter;in orderto designa moreso-
phisticatednachinedialogueagentjt helpsto look athow ahumanagentperforms
similartasks.Figure19.17shaws partof adialoguebetweera humantravel agent
anda humanclient.

Ci1. ...l needto travel in May.

Ai1:  And,whatdayin May did you wantto travel?

C,. OKuhl needto betherefor ameetingthat's from the 12thto the 15th.

A2: Andyou're ying into whatcity?

Cs:. Seattle.

Asz:  Andwhattime would youlike to leave Pittsturgh?

Cs:  Uh hmml don't think theres mary optionsfor non-stop.

A4 Right. Theresthreenon-stopgoday

Cs: Whatarethey?

As: The rst onedepartsPGH at 10:00amarrives Seattleat 12:05their time.
Thesecondight departsPGH at 5:55pm,arrives Seattleat 8pm. And the
last ight departPGHat8:15pmarrivesSeattleat 10:28pm.

Cs: OKI'll take the5ish ight onthenightbeforeonthe11th.

As. Onthe 11th? OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air
ight 115.

C;: OK.

Figure19.17 A fragmentfrom atelephonecorversatiorbetweera client (C) and
atravel agent(A).

UtteranceA 1, in whichtheagentrepeatsn May, repeatedbelow in boldface,
shaws the strongesform of grounding,in which the hearerdisplaystheir under
standingoy repeatingverbatimpartof the speakrswords:

Ci: ...l needtotravel in May.
A1. And,whatdayin May did you wantto travel?

This particularfragmentdoesnt have an exampleof an acknowledgment
but theres anexamplein anotherfragment:

C. Hewantsto y from Boston
A: Mm hmm
C. to BaltimoreWashingtorinternational

Theword mm-hmmhereis a continuer, alsooften calleda backchannelor

anacknowledgementtoken. A continueris ashortutterancevhichacknavledges sckcHanneL

thepreviousutteranceshaving thespeakrthatsheis understanéndhencecueing
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the other spealer to continuetalking (Jeferson, 1984; Scheloff, 1982; Yngve,
1970).

In Clark and Schaefes third method,the spealr startsin on their relevant
next contrikution. We seea numberof examplesof this in the sampledialogue
above, for examplewherethespeakrasksaquestiorandtheheareanswerdt. In a
moresubtlebut veryimportantkind of groundingact,thespealkr cancombinethis
methodwith thepreviousone.For examplenoticethatwheneertheclientanswers
a question the agentbegins the next questionwith And The Andindicatesto the
clientthattheagenthassuccessfullyunderstoodhe answetto thelastquestion:

And, whatdayin May did youwantto travel?
Andyou're ying into whatcity?

And whattime would you like to leave Pittslurgh?

Groundingis not just an interestingtidbit abouthumanconversation;it is
importantto the designof a corversationagent,and hasplayeda large role in
recentresearch.Corversationalagentsneedto groundin orderto behae in the
way that humansexpectof a cornversationalpartner Stifelmanet al. (1993)and
Yankelovich et al. (1995) found that usersof speech-basethterfacesare often
confusedvhenthe systemdoesnt give theman explicit acknavledgemensignal
afterprocessingheusers utterancesCohenetal. (2004)givesa speci c example
of this, notingthatit is importantfor dialoguesystemdo grounda users negative
responseo a systems offer. For example,the useof Okaymakes(19.13)a more
naturalresponse¢han(19.14):

(19.13) System:Did you wantto review somemoreof your personapro le?
Caller:No.
System:Okay what's next?

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

To understand secondkey function of groundingin corversationalagents,
we have to remembewhy humangroundin the rst place:becauséor all itsrich-
nessjlanguages a prettythin channeffor two independenmindsfull of informa-
tion to sendeachothervastswathsof thatinformationfor completeunderstanding.
Languagés thusfraughtwith misunderstandingspishearingsandmiscommuni-
cationin general. Groundingis part of the processby which spealers dealwith
theseproblemssoasto achieve mutualunderstanding.
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Con rmation

In adialoguesystem mishearingsarea particularlyimportantclassof problems,
becausespeectrecognitionhassucha high errorrate. It is thereforeimportantfor
dialoguesystemgo male surethatthey have achieredthecorrectinterpretatiorof
the users input. This is generallydoneby con rmation with the user A system
usingthe explicit con rmation strat@y asksthe usera directquestionto con rm
their understandingHere aretwo examplesof explicit con rmationsfrom travel
planningdialoguesystemsThe (boldface)con rmation questionsarebothyes-no
guestionspneusinga singlesentencethe otherpresentinga declaratie sentence
followedby atagquestion(a shortquestionphrasdike “right?” or “isn't it?”):

Which city do youwantto leave from?

Baltimore.

Do you want to leave from Baltimore?

Yes.

I'dliketo y from Derver Coloradato New York City on Septem-

bertwenty rst in themorningon United Airlines

S: Let'sseethen. | have you going from Derver Colorado to New
York on Septembertwenty rst. Is that correct?

U: Yes

A systerrusingtheimplicit con rmation strat@y, ratherthanaskingadirect
gquestionusesthe demonstation or displaygroundingstratgiesdescribedhbore,
con rming to the userby repeatingoackwhatthe systemunderstoodhe userto
have said:

clcrcow

U: | wantto travel to Berlin

S: When do you want to travel to Berlin?

U2: Hil'dliketo y to SeattleTuesdayMorning

A3: Traveling to Seattleon Tuesday August eleventh in the morn-
ing. Yourfull name?

Explicit andimplicit con rmation have complementarystrengths. Explicit
con rmation makesit mucheasieffor usergo correctthesystems misrecognitions
sincethe usercansimply answerno' to the con rmation question(Danieli and
Gerbino,1995; Krahmeret al., 1999). But explicit con rmation is awkward and
increaseshelengthof the corversation(DanieliandGerbino,1995;Walker et al.,
1998). Theexplicit con rmation dialoguefragmentsabose soundnon-naturabnd
de nitely non-human;mplicit con rmation is thus much more corversationally
natural.

While early dialoguesystemgendedio choseeitherexplicit or implicit con-

rmation, recentsystemsaremoreadaptve, changingtheir con rmation stratgy

EXPLICIT
CONFIRMAON

IMPLICIT
CONFIRMAON
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from sentenceo sentence.Variousfactorscanbe usedin makingthis decision.
The mostimportantfactoris somemeasureof ASR performance.A numberof
systemsfor example,usethe acousticcon dencethatthe ASR systemassigngo
anutterancecomputedrom theacoustidog-likelihoodof the utteranceto decide
whetherto malke an explicit con rmation. Suchsystemsexplicitly con rm sen-
tencesfor which the recognizemwasnot con dent of its output(Bouwmanetal.,
1999; San-Sgundoet al., 2001; Litman et al., 1999; Litman andPan, 2002).Re-
centresearcthasfocusedon more sophisticatedneasure®f con dencethat go
beyond acousticlog-likelihood, suchas prosodicfactors;for exampleutterances
with longerprior pauseskO0 excursionsandlongerdurationsarelikely to be mis-
recognized(Litmanetal., 2000). Anotherimportantfactorin decidingwhetherto
explicitly con rm is thecostof anerror;obviously beforeactuallybookinga ight
or moving mong in anaccountgxplicit con rmation is important(Kamm, 1994;
Cohenetal., 2004). All of thesefactorscanthusbe combinedn amachindearn-
ing approacho predictwhetherexplicit con rmation shouldbeused.Section19.8
introduceghe marlov decisionprocesgfMDP) modelof dialogue,in whichrein-
forcementearningcanbe usedto optimally choosestratgieslike explicit versus
implicit con rmation.

Rejection

Con rmationis just oneoptionthata systemhasto expresdack of understanding.
Anotheroptionis rejection. An ASR systemrejectsan utteranceby giving the
userapromptlike I'm sorry, | didn't undestandthat, asin the VXML nomatch
promptswe sav in Sectionl9.2. Rejectiormighthapperwhenthe ASR con dence
is solow, or the bestinterpretationis so semanticallyill-formed, thatthe system
canberelatively surethatthe users inputwasnotrecognizedatall. Systemgshus
mighthave athree-tieredevel of con dence;belown acertaincon dencethreshold,
an utteranceis rejected. Above the thresheld,it is explicitly conrmed. If the
con denceis evenhigher theutterancas implicitly con rmed.

Sometimesitterancesirerejectedmultiple times. This might meanthatthe
useris usinglanguagehatthe systems unableto follow. Thuswhenanutterance
isrejectedsystemftenfollow astratey of progressve prompting or escalating
detail (Yankelovich etal., 1995;7?) asshavn in thefollowing examplefrom Cohen
etal. (2004):
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System: Whenwould youlike to leave?

Caller: Well, um, | needto bein New York in time for the rst World
Serieggame.

System: <reject. Sorry | didn't getthat. Pleasesaythe monthand
dayyou'd liketo leave.

Caller: | wannago on October fteenth.

In this example,insteadof just repeating Whenwould you like to leave?',
the rejectionprompt gives the caller more guidanceabouthow to formulatean
utterancethe systemwill understand.If the caller's utterancegetsrejectedyet
again,the promptcanre ect this ('l still didn't getthat'), andgive the callereven
moreguidance.An alternatve stratgy for error handlingis rapid reprompting,
in which the systemrejectsan utteranceust by saying“I'm sorry?” or “What
wasthat?”. Only if the caller's utterancas rejecteda secondime doesthe system
startapplyingprogressie prompting.Cohenetal. (2004)summarizegxperiments
shawving thatuserggreatlypreferrapidrepromptingasa rst-level errorprompt.

Insteadof rejectingor con rming entire utterancesit would be nice to be
ableto clarify only the partsof theutterancehatthe systemdidn't understandif a
systencanassigncon denceatamore ne-grainedlevel thantheutteranceit can
clarify suchindividual elementsia clari cation subdialogues

Error handling

Despiteall theclevernessve usein designingcon rmation andrejectionstratgies,
dialoguesystemswill still make mistales. Onekind of erroroccursasa resultof
rejectionor con rmation. If the systemmisrecognizesn utteranceandeitherre-
jectsor usesexplicit or implicit con rmation mechanismgheuserhasachanceo
correctthe error, perhapdy repeatinghemseles, or rephrasinghe utterancepr
by saying'no' to the con rmation questionandsoon. Suchutterancesrecalled
corrections Themostcommoncauseof correctionds ASR errors.Handlingcor
rectionsis animportantpartof errorhandling.Dialoguesystemsieedto recognize
that usersare doing a correction,and then gure out what the useris trying to
correct,perhapdy interactingwith theuserfurther

Unfortunately correctionsareactuallyharder to recognizehannormalsen-
tences.(Swertset al., 2000)found that correctionsn the TOOT dialoguesystem

were misrecognizedbouttwice asoften (in termsof WER) asnon-corrections.

One reasonfor this is that spealers usea very different prosodicstyle for cor
rections,a style calledhyperarticulation. In hyperarticulatedpeechsomepart
of the utterancenasexaggeratecenegy, duration,or FO contours,suchas| said
BAL-TI-MORE,not Boston(?; Oviattetal., 1998;Levow, 1998;Hirschbeg et al.,
2001).Besidegheseprosodicfacts,whatarethelexical andsyntacticcharacteris-

RAPID
REPRMPTING

CLARIFICAON
SUBDIALOGUES

CORRECTIONS

HYPERARCULA-
TION
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ticsof correctionsKrahmeretal. (1999)andLevow (1998)foundthatcorrections
weregenerallylongerthannon-corrections(Swertset al., 2000)characterize ve

kindsof stratgiesusersuse:repetition(REP),paraphras€PAR), addtaskrelevant

content{ADD), omit content{OMIT), andbothaddandomit content.An example
dialogueis shavn in Figure19.18.(Swertsetal., 2000)foundthatabouttwo-third

of all correctionswvererepetitionsandomissionsparaphrasavaslesslikely to be

used.

Turn Corr
Type

S  Onwhichdayof theweekdoyouwantto leave?
S  Sorry, | didn't hearanything from you. Pleasetell me your departure
date
U Umtomorow NA
S  You cansaythe departuredate. For example,you cansay 'today' or
"tomorran’. Or you cansay'Monday', 'Tuesday',Wednesday'...

U  Tomorrow REP

S  You cansaythe departuredate. For example,you cansay 'today' or
"tomorran'. Or you cansay'Monday', 'Tuesday',Wednesday'...

U  Satuday PAR

S  Doyouwantto leave on Saturday?

U Yes

S  Whattime doyouwantto leave?

U Eighto'clock A M

S  Doyouwantto leave aroundtenoclockp-m

U  Eighto'clock OoMIT

S  Doyouwantto leave aroundtenoclockp-m

U No OMIT

S  Whattime doyouwantto leave?

U  Eighto'clock AM ADD

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

We saw in the previous sectionthat machinelearningapproachesould be
usedto automaticallyidentify systemerrorssuchas misrecognitions.The same
sortsof approachesanbe usedto automaticallyidentify usercorrectionsof these
errors. Variousresearcherf_evow, 1998; Hirschbeg et al., 2001; Bulyko et al.,
2004) have built classi ersfor decidingif an utterancesvasa correction. These
classi ersusefeaturedike lexical information (wordslike “no”, “correction”, “|
dont”, swearwords), prosodicfeatures(variouskinds of increasesn FO range,
pauseduration,and word durationfeaturesthat correlatewith hyperarticulation,
generallynormalizedby the valuesfor previous sentencesfeaturesndicatingthe
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totallengthof theutterancen wordsor secondsyariousASR featuregcon dence,
languaganodelprobability),andvariousdialoguefeatures.(Bulyko et al., 2004)
shaved how this kind of error correctorcould be integratedinto a dialogueman-
ager addingthe “error correctionsubsystem'shawvn in Figure 19.19. The node
labeled checkfor errorcorrection’in this gure implementsa correction-detecto
like thosediscussedbove.

Figure19.19 Errorcorrectionsubsystentomponenbf a dialoguemanagerfrom
(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
operatoras a 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
routing dialoguespneswherethe userhangsup, oneswherea monitoringhuman
decidedto stepin andtake over the call, and oneswherethe systemroutedthe
call incorrectly They traineda RIPPERCclassi er on a wide variety of prosodic,
NLU, anddialoguefeatures,extractedfrom the rst exchange( rst two turns)
from a dialogue. The bestpredictorof a problematicdialoguewasif the NLU
con dencescorefor thetop-ranledinterpretatiorwaslow andtherewastouchtone
(DTMF) inputin the userutterance.Anotherpredictorfor problematicdialogues
waslong utterancesvherethe differencebetweerthe con dencescoresof thetop
andsecond-rangd interpretationsvaslow.
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PERFORMA/E

SPEECKACTS

ILLOCUTIONABRCE

19.5 DIALOGUE ACTS

An importantinsightaboutcorversationdueto Austin (1962),is thatanutterance
in adialoguds akind of action beingperformedoy thespealr. Thisis particularly
clearin performative sentencebke thefollowing:

(19.15) I namethis shipthe Titanic.
(19.16) | secondhatmotion.
(19.17) I betyou vedollarsit will snawv tomorraw.

Whenutteredby the properauthority for example,(19.15)hastheeffect of chang-
ing the stateof the world (causingthe ship to have the nameTitanic) just asary
actioncanchangehestateof theworld. Verbslike nameor secondwvhich perform
this kind of actionarecalledperformatve verbs,andAustin calledthesekinds of
actionsspeechacts WhatmakesAustin's work sofarreachings thatspeectacts
arenotcon nedto thissmallclassof performatve verbs.Austin's claimis thatthe
utteranceof ary sentencén arealspeectsituationconstituteghreekinds of acts:

locutionary act: theutteranceof a sentencevith a particularmeaning.
illocutionary act: theactof asking,answeringpromising,etc.,in utteringa
sentence.

perlocutionary act: the(oftenintentional)productionof certaineffectsupon
thefeelings,thoughtsor actionsof theaddresse# utteringa sentence.

For example, Austin explains that the utteranceof example (19.18) might have
theillocutionary force of protestingandthe perlocutionaryeffect of stoppingthe
addressefrom doingsomethingpr annging theaddressee.

(19.18) Youcant dothat.

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

Assertives: committingthe spealer to somethings beingthe case(sugyest-

ing, puttingforward, swearing boasting concluding.

Directives: attemptsby the spealer to get the addresse¢o do something

(asking ordering requestinginviting, advising begging).

Commissives: committingthespealerto somefuturecourseof action(promis-

ing, planning vowing betting opposing.

Expressves: expressinghe psychologicaktateof the spealker abouta state

of affairsthanking apolajizing welcomingdeploring
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Declarations: bringing abouta differentstateof the world via the utterance
(includingmary of the performatve examplesabove; | resign You're r ed)

While speechactsprovide a usefulcharacterizationf onekind of pragmatic
force, morerecentwork, especiallycomputationatvork in building dialoguesys-
tems,hassigni cantly expandedhis corenotion, modelingmorekinds of conver-
sationalfunctionsthat an utterancecan perform. The resultingenrichedactsare
often calleddialogue acts (Bunt, 1994) or conversational moves (Paver, 1979;
Carlettaet al., 1997b). The phrase dialogueact' is unfortunatelyambiguous.As
BuntandBlack (2000)pointout, it hasbeenvariouslyusedo looselymean speech
act,in thecontet of adialogue'(Bunt, 1994),to meanacombinatiorof thespeech
actandsemantidorceof anutterancgBunt, 2000),0r to meananactwith internal
structurerelatedspeci cally to its dialoguefunction (Allen andCore,1997). The
third usages perhapghe mostcommonin theliterature,andwe will mainly rely
onit here.

Let's begin by looking at onesetof dialogueactsthatis usedfor a particular
domainof task-orienteddialogue. The Verbmobil corpusconsistsof two-party
schedulingdialoguesjn which the speakrswereasledto plana meetingat some
future date. This datawasusedto designcorversationabgentsvhich would help
with thistask.A dialogueacttagsetshavnin Figure19.20,wasdesignedotagthe
dialoguefunction of eachof the sentence# the corpus. Notice thatit hasmary
very domain-speci ctags, suchas SUGGEST, usedfor when someoneproposes
a particulardateto meet,and ACCEPT and REJECT, usedto acceptor rejecta
proposafor adate.

The goal of this dialogueact tagsetis to help build a corversationalagent
which could discussmeetingschedulingin a complex mixed-initiatve way, al-
lowing the userandthe systemto make proposalsacceptandrejectthem, make
counterproposalsandin generabehae in waysthatwould behardto t into the
simpleform- lling dialoguesdiscussedn Section19.1. In orderto do this, the
systemhasto be ableto knowv whenthe userhasasled a questionor whetherthe
userhasjustrejecteda proposalfor a meetingon a particulardate. Similarly, the
systemhasto beableto usethe properdialogueactto make a proposato theuser
or aska question. Thus dialogueact recognitionand dialogueact planningare
crucialstepsin building moresophisticateégents.

DIALOGUECT

MOVES

Many dialogueacttagsetsisedfor thesgpurposesrequitedomain-dependent.

Thereis one effort to develop a more domain-independerdialogueact tagging
schemethe DAMSL (DialogueAct Markupin SeveralLayers)architecturgAllen
andCore,1997;Walker etal., 1996;Carlettaetal., 1997a;Coreetal., 1999).
DAMSL draws inspirationfrom the work on groundingdiscussedn Sec-
tion 19.4 (Clark and Schaefer 1989; Clark, 1996), on repair (Scheloff et al.,
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[Tag Example |
THANK Thanks

GREET Hello Dan

INTRODUCE It'smeagain

BYE Allright bye

REQUEST-COMMENT
SUGGEST

REJECT

ACCEPT
REQUEST-SUGGEST
INIT

GIVE_REASON
FEEDBACK
DELIBERATE
CONFIRM

CLARIFY

DIGRESS
MOTIVATE
GARBAGE

How doesthatlook?
fromthirteenththroughseventeenttdune

No Friday I'm booledall day
Satudaysoundsne,

Whatis a goodday of theweekfor you?

| wantedto male an appointmentvith you
Becausd havemeetingsall afternoon

Okay

Letmechedk mycalendarhere

Okay thatwouldbewonderful

Okay doyoumeanTuesdayhe 23rd?

[we couldmeetfor lunch] andeatlots of ice cream
We shouldgo to visit our subsidiaryin Munich
Oops,I-

Figure 19.20  The 18 high-level dialogueactsusedin Verbmobil-1,abstracted
overatotal of 43 morespeci ¢ dialogueacts.Examplesarefrom Jekatet al. (1995).

1977),andontherelationof utteranceso the precedingandsucceedingliscourse
(Allwoodetal., 1992;Allwood,1995;Scheyloff, 1968,1988). For example draw-
ing on Clark and Allwood's work, the DAMSL tag setdistinguishesetweernthe
forward looking andbackward looking function of an utterance.The forward
looking function of an utterancecorresponds$n mary waysto the Searle/Austin
speechact, althoughwith a richer hierarchicalstructure(not discussecere)and
morefocuson task-orientedlialogue:

ForwardLooking Function

STATEMENT

INFO-REQUEST

CHECK

aclaimmadeby thespealer
aquestiorby the spealer
aquestionfor con rming information

INFLUENCE-ON-ADDRESSEE (=Searles directives)

OPEN-OPTION
ACTION-DIRECTIVE

aweaksuggestioror listing of options
anactualcommand

INFLUENCE-ON-SPEAKER  (=Austin'scommissves)

OFFER

COMMIT

CONVENTIONAL

OPENING
CLOSING
THANKING

spealer offersto do something,
(subjectto con rmation)

spealeris committedto doingsomething
other

greetings

farewvells

thankingandrespondingo thanks
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The backward looking function of DAMSL focuseson the relationshipof
an utteranceo previous utterancedy the otherspeakr. Theseincludeaccepting
andrejectingproposalgsinceDAMSL is focusedon task-orientedlialogue),and
groundingandrepairacts:

Backward Looking Function

AGREEMENT spealer's responseo previousproposal
ACCEPT acceptingheproposal
ACCEPTPART acceptingsomepartof the proposal
MAYBE neitheracceptinghor rejectingtheproposal
REJECTPART rejectingsomepartof the proposal
REJECT rejectingthe proposal
HOLD putting off responseyisuallyvia subdialogue
ANSWER answeringa question
UNDERSTANDING whetherspealer understoogrevious
SIGNAL-NON-UNDER. spealerdidn't understand
SIGNAL-UNDER. spealer did understand
ACK demonstrategdtia continueror assessment
REPEA-REPHRASE demonstratedia repetitionor reformulation
COMPLETION demonstratedia collaboratve completion

Figure19.21shawvs alabelingof our samplecorversationusingversionsof
the DAMSL ForwardandBackwardtags.

19.6 AUTOMATIC INTERPRETATION OF DIALOGUE ACTS

The previous sectionintroduceddialogueactsand other actities that utterances
canperform. This sectionturnsto the problemof identifying or interpretingthese
acts.Thatis, how dowe decidewhethera giveninputis a QUESTION,a STATE-
MENT, a SUGGEST(directive), or anACKNOWLEDGEMENT?

At rst glance this problemlookssimple. We sav in Chapted thatyes-no-
guestionsn Englishhave aux-inversion (the auxiliary verb precedeshe subject)
statementbave declaratie syntax(no aux-inversion),andcommandsave imper
ative syntax(sentencewith no syntacticsubject) asin example(19.19):

(19.19) YES-NO-QUESTION Will breakbstbe senedon USAir 15577?
STATEMENT | don't careaboutlunch
COMMAND Shav me ights from Milwaulkeeto Orlando.
It seemsirom (19.19)that the surface syntaxof the input oughtto tell us what
illocutionaryactit is. Alas, asis clearfrom Abbott and Costellos famouswho's
on First routine at the beginning of the chapter things are not so simple. The
mappingbetweersurfaceform andillocutionaryactis notolbviousor evenone-to-
one. For example,the following utterancespolento an ATIS systemlookslike a
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[assert] Ci1: ...I needtotravel in May.

[info-req,ack] Ai1: And,whatdayin May did you wantto travel?

[assertanswer] C,: OK uhl needto betherefor a meetingthat's from the 12th
to the 15th.

[info-req,ack] A2: Andyou're ying into whatcity?

[assert,answer] Cs: Seattle.

[info-req,ack] As3:  And whattimewould youliketo leave Pittshurgh?

[check,hold] Cs:  Uhhmml don't think theres mary optionsfor non-stop.

[accept,ack] Az Right.

[assert] Theresthreenon-stopgoday

[info-req] Cs:  Whatarethey?

[assert, open- As: The rst onedepart£GHat10:00amarrivesSeattleat 12:05

option] theirtime. Thesecondight departsPGHat5:55pm,arrives

Seattleat 8pm. And the last ight departsPGH at 8:15pm
arrivesSeattleat 10:28pm.

[accept,ack] Cs: OKI'll takethe5ish ight onthenightbeforeonthe11th.

[check,ack] Ag: Onthellth?

[assert,ack] OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air
ight 115.

[ack] C;: OK.

Figure 19.21 A potentialDAMSL labelingof the corversationfragmentin Fig-
urel9.17.

YES-NO-QUESTIONmeaningsomethindik e Are youcapableof giving mea list
of...?

(19.20) Canyou give mealist of the ights from Atlantato Boston?

In fact, however, this personwasnot interestedn whetherthe systemwas
capableof giving alist; this utterancevasactuallya polite form of aDIRECTIVE
or a REQUEST, meaningsomethingmorelike Pleasegive mea list of.... Thus
whatlooksonthe surfacelike aQUESTIONcanreallybea REQUEST.

Similarly, what looks on the surfacelike a STATEMENT canreally be a
QUESTION. A very commonkind of question,calleda CHECK question(Car
lettaetal., 1997b;Labosr andFanshel, 1977),is usedto askthe otherparticipant
to con rm somethingthat this other participanthasprivileged knovledgeabout.
TheseCHECKsarequestionshut they have declaratre surfaceform, asthebold-
facedutterancan thefollowing snippetfrom anothetravel agentcorversation:
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A OPEN-OPTION I waswantingto make somearrangement$or
atrip thatI'm goingto betakinguh to LA uh
beginning of theweekafternext.

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

B CHECK And you saidyou wantedto travel nextweek?

A ACCEPT Uhyes.

Utterancesvhich useasurfacestatemento aska questionpr asurfaceques-

tion to issuea requestare calledindir ect speechacts How cana suriaceyes- D'RECIPEECH

no-questiorike Canyou give mea list of the ights from Atlantato Boston?be
mappednto thecorrectillocutionaryact REQUEST?

Dialogueactinterpretatiorcanbeapproachetlk e ary othersupervisedalas-
si cation task, by treatingthe dialog actlabelsashiddenclassego be estimated
by a statisticalalgorithmtrainedon a corpusof dialogueghatis hand-labeledvith
dialogueactsfor eachutterance.Mary differentfeaturessuchaslexical, collo-
cational,syntactic prosodic,or corversational-strcture cues have beenproposed
for dialogueact interpretation. Which cuesare useddependson the individual
system. Many systemgrely on the fact thatindividual dialogueactsoften have
what Goodwin (1996) calleda microgrammar; speci ¢ lexical, collocation,and
prosodicfeatureswhich are characteristiof them. Thesesystemsalsorely on
corversationaktructure. The dialogue-acinterpretatiorsystemof Jurafsly etal.
(1997),for example relieson 3 sourcef 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 agoodcuefor a YES-NO-QUESTION. Loudness
or stresxanhelpdistinguishtheyeahthatisanAGREEMENTfrom theyeah
thatisaBACKCHANNEL.

3. Conversational Structur e: A yeahwhichfollows a proposals probablyan
AGREEMENT, ayeahwhichfollowsanINFORM s probablyaBACKCHAN-
NEL.

One popularstatisticalmodelfor integrating thesecuesinto a dialogueact
classi eris to usethe HMM structurethatwe've seenfor conceptiabelingin Fig-
ure 19.5(WoszczynaandWaibel, 1994; Reithingeret al., 1996;Kita et al., 1996;
Tayloretal., 1998;Stolcle etal., 2000).

NEW EIGUREHERE

Figure19.22 HMM approacho dialogueactrecognition.

In the HMM approachgivenall availableevidenceE abouta conversation,

MICROGRAMMAR
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thegoalisto nd thedialogueactsequenc® = fdj;dy:::;dyg thathasthehigh-
estposteriorprobability P(DJE) giventhatevidence(asusualherewe usecapital
lettersto meansequencespplying Bayes'Rulewe get

D agmaxP(DjE)
D

P(D)P(E|D)
P(E)
agmaxP(D)P(EjD) (19.21)
D

argmax
D

Our suney abore suggestshatusefultypesof evidenceinclude (atleast)prosody
and lexical/collocationinformation. If we malke the simplifying (but of course
incorrect)assumptiorthatthe prosodyandthe wordsareindependentye canes-
timatethe evidencelikelihoodfor asequencef dialogueactsD asin (19.22):

P(EID)
D

P(FjD)P(WjD) (19.22)
agmaxP(D)P(FjD)P(W;jD) (19.23)
D

The resultingequation(19.23) thus hasthreecomponentspne for eachof
thekindsof cuesdiscussedbove. Let'sbrie y discussachof thesethreecompo-
nents.

The prior probability of a sequencef dialogueactsP(D) actsasa modelof
corversationaktructure.Drawing ontheideaof adjaceng pairs(Schaloff, 1968;
Sacksetal., 1974)introducedabore, we canmalke the simplifying assumptiorthat
conversationaktructureis modeledasaMarkov sequencef dialogueacts(Nagata
andMorimoto, 1994; SuhmandWaibel, 1994; Warnlke et al., 1997; Chu-Carroll,
1998;Stolcle etal., 1998; Tayloretal., 1998):

)
P(D) = O P(dijdi 1::0 m+1) (19.24)
i=2
WoszczynaandWaibel (1994)give the dialogueHMM shawvn in Figure19.23for
aVerbmobil-like appointmenschedulingask.

Thelexical componenbf the HMM likelihood,designedo capturethe mi-
crogrammastructureof eachdialogueact,is generallymodeledoy trainingasep-
arateword-N-gramgrammaifor eachdialogueact,justaswe sawv with theconcept
HMM (seee.qg., NagataandMorimoto, 1994;SuhmandWaibel,1994;Mastetal.,
1996; Jurafsly et al., 1997; Warnke et al., 1997; Reithingerand Klesen, 1997;
Tayloretal., 1998):

N
P(WJD) = QP(Wijwi 1::W n+1;0) (19.25)
i=2
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Figure19.23 A dialogueactHMM (afterWoszczynaandWaibel (1994))

Prosodiomodelsof dialogueactmicrogrammarely on accentspoundaries,
or their acousticcorrelatedike FO, duration,andenegy. For examplethe pitch
rise at the endof YES-NO-QUESTIONS canbe a usefulcuefor augmentingexi-
cal cues(SagandLiberman,1975; Pierrehumbert1 980; Waibel, 1988; Daly and
Zue, 1992; Kompeet al., 1993; Taylor et al., 1998). Declaratve utteranceglike
STATEMENTS) have nal lowering: adropin FO at the end of the utterance rinaLoverinG
(Pierrehumbert] 980).

Shribeg etal. (1998) trainedCART-styledecisionreesonsimpleacoustically-
basedprosodicfeaturessuchasthe slopeof FO at the end of the utterancethe
averageenengy atdifferentplacesin theutteranceandvariousdurationmeasures,
normalizedn variousways. They foundthatthesefeaturesvereuseful,for exam-
ple,in distinguishingthe four dialogueactsSTATEMENT (S), YES-NO QUESTION
(QY), DECLARATIVE-QUESTIONS like CHECKS (QD) andwH-QUESTIONS (QW).
Figure19.24shaws the decisiontreewhich givesthe posteriorprobability P(djF)
of adialogueactd type given sequencef acousticfeatures~. Note thatthe dif-
ferencebetweenS and QY toward the right of the treeis basedon the feature
norm _fO _diff (normalizeddifferencebetweemmeanF0 of endandpenultimate
regions),while the differencebetweentWQ and QD at the bottomleft is basedon
utt _grad , whichmeasure&0 slopeacrosgshewholeutterance.

Decisiontreesproducea posteriorprobability P(dj f), andequation(19.23)
requiresa likelihood P(Fjd). Thereforewe needto massagehe output of the
decisiontree by Bayesianinversion(dividing by the prior P(d;) to turnit into a
likelihood. If we make the simplifying assumptiorthatthe prosodicdecisiongor
eachsentencareindependenbf othersentencesye arrive at the following nal
equationfor HMM taggingof dialogueacts:

D = amgmaxP(D)P(FjD)P(WjD)
D
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oo N P(djF) R :
= OP(dijdi 1::0i m+1) O 5775~ O P(Wijwi 1::Wi N+ 1;0i)(19.26)
i=2 =1 P(d) i
StandardHMM decodingechniqueglike Viterbi) canthenbeusedto search
for this most-probablsequencef dialogueactsgiventhe sequencef input utter

ances.
SQYQWQD
0.250.250.25 0.25

cont_speech_frames < 196.5\ cont_speech_frames >= 196.5

QW s
0.2561 0.1642 0.2732 0.3065 \_0.2357 0.4508 0.1957 0.1178

end_grad < 32.345 | end_grad >= 32.345 cont_speech_frames_n < 98.334

Qw Qv s s
02327 0.2018 0.1919 0.37 02978 0.09721 0.41810.186% \_0.2581 0.2984 0.2796 0.164 02191 05637 0.1335 0.0836

f0_mean_zcv < 0.76806 \ fO_mean_zcv >= 0.76806 norm_f0_diff < 0.064562 norm_f0_diff >= 0.064562

S Qw S Qv
0.276 0.2811 0.1747 0.2683 0.1859 0.116 0.2106 0.4875 0.3089 0.3387 0.1419 0.210 0.1857 0.241 0.4756 0.097,

cont_speech_frames_n < 98.388\ cont_speech_frames_n >= 98.388 f0_mean_zcv < 0.76197 \ f0O_mean_zcv >= 0.76197

Qw s s Qw
0.2935 0.1768 0.2017 0.328 0.2438 0.4729 0.125 0.1583 0.3253 0.4315 0.1062 0.1, 0.2759 0.1517 0.2138 0.3586

utt_grad <-36.113 | utt_grad >=-36.113 stdev_enr_utt < 0.02903 stdev_enr_utt >= 0.02903

Qw QD Qw s
0.20440.11350.1362 0.5459 \_0.3316 0.2038 0.2297 0.2348  \_0.3069 0.08995 0.1799 0.4238 \_0.2283 0.5668 0.1115 0.09339

Figure19.24 Decisiontreefor theclassi cationof STATEMENT (S), YES-NOQUESTIONS(QY),
WH-QUESTIONS(QW) and DECLARATIVE QUESTIONS(QD), after Shribeg et al. (1998). Each
nodein thetreeshaws four probabilities,onefor eachof thefour dialogueactsin theorderS, QY, QW,
QD; themostlik ely of thefour is shavn asthe labelfor the node.

cont_speech_frames_n >= 98.334

The HMM methodis only oneway of solving the problemof dialogueact
identi cation. Variousmethodshave beenapplied,suchasTransformation-Based
Learning(Samueletal., 1998). In Section19.9we will introducethe BDI model,
which incorporatesa muchmorecomplex modelof speechact/dialogueactinter

pretationbasedn plan-inference.

19.7 ADVANCED ISSUE: COMPUTATIONAL PROCESSING OF HUMAN-
HUMAN DIALOG

In addition to work on building conversationalagents,computationaldialogue
work also focuseson human-humardialogue. Human-humardialogueis inter
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estingfor taskslike automaticallytranscribingor summarizingousinessmeeting,
close-captioningl'v shaws like news interviews, or building personatelephone
assistantthatcantake noteson telephonecorversations.

Human-humarspeechhas a numberof differencesfrom human-machine
speechHuman-humaudialoguegyenerallyaremorecomple thanhuman-machine
dialogues,with more syntacticvariation, more pronounswith more distantan-
tecedentg$?; Guindon,1988;?), andmorecase®f massve phoneticreduction.

Onekey taskin human-humadialoguethatdoesnotoccurin human-machine
dialoguehasto dowith turnandutterancesggmentationin therestof this section,
we have choserthis oneresearchareaasa archetypataskfor human-humanlia-
logue.

Turnsand Utterances

Dialogueis characterizetyy tur n-taking; Spealkr A sayssomethingthenspeakr Turnaking
B, thenspealkr A, andsoon. How do speakrsknow whenis the propertime to
contrikute their turn? Considerthetiming of the utterancesn normalhumancon-
versations. First, humandialoguehave relatively little noticeableoverlap. That
is, the beginning of eachspealer's turn follows the endof the previous speakr's
turn.Theactualamountof overlappedspeechin AmericanEnglish conversation
seemdo be quite small; Levinson(1983) suggestshe amountis lessthan5% in
general,andprobablylessfor certainkinds of dialoguelik e the task-orientedli-
aloguein Figure19.17. If speakrsarent overlapping,perhapshey arewaiting
a while afterthe otherspeakr? This is alsovery rare. The amountof time be-
tweenturnsis quite small, generallylessthana few hundredmillisecondsevenin
multi-party discourse.In fact, it may take morethanthis few hundredmillisec-
ondsfor the next spealkr to planthe motorroutinesfor producingtheir utterance,
whichmeanghatspeakrsbegin motorplanningfor their next utteranceéoeforethe
previous speakr has nished. For this to be possible,naturalcorversationmust
be setup in sucha way that(mostof thetime) peoplecanquickly gure outwho
shouldtalk next, andexactly when they shouldtalk. This kind of turn-takingbe-
havior is generallystudiedin the eld of Conversation Analysis (CA). In akey conversromarsis
corversation-analyc paper Sackset al. (1974)amguedthat turn-takingbehaior,
atleastin AmericanEnglish,is governedby a setof turn-takingrules. Theserules
apply at a transition-r elevance place or TRP; placeswherethe structureof the
languageallows speakr shift to occur Hereis a simpli ed versionof the turn-
taking rules,groupedinto a singlethree-partule; seeSackset al. (1974)for the
completerules:

(19.27) Turn-taking Rule. At eachTRP of eachturn:
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ADRACENCYAIRS

SIGNIFICANT
SILENCE

DISPREFERRED

UTTERANCE

a. If duringthisturnthe currentspealr hasselectedA asthenext
speakrthenA mustspeaknext.

b. If thecurrentspeakr doesnot selectthe next spealkr, ary other
speakr maytake thenext turn.

c. If nooneelsetakesthenext turn, the currentspeakr maytake the next
turn.

Thereare a numberof importantimplicationsof rule (19.27)for dialogue
modeling. First, subrule(19.27a)implies thatthereare someutterance$y which
the speakr speci cally selectswho the next spealer will be. The mostobvious
of thesearequestionsjn which the speakr selectsanotherspeakr to answerthe
question.Two-partstructuredike QUESTION-ANSWER arecalledadjacencypairs
(Schaloff, 1968); otheradjacenyg pairsinclude GREETING followed by GREET-
ING, COMPLIMENT followed by DOWNPLAYER, REQUEST followed by GRANT.
We alreadysaw in the previous sectionthat thesepairs of dialogueactsandthe
dialogueexpectationghey setup play animportantrolein dialoguemodeling.

Subrule(19.27a)also hasan implication for the interpretationof silence.
While silencecanoccurafter ary turn, silencewhich follows the rst partof an
adjaceng pair-partis signi cant silence For exampleLevinson(1983)notesthe
following examplefrom AtkinsonandDrew (1979); pausdengthsaremarkedin
parenthesefn seconds):

(19.28) A: Istheresomethingootheringyou or not?
(2.0)
A: Yesorno?
(1.5)
A: Eh?
B: No.
SinceA hasjust asled B a question,the silenceis interpretedas a refusal
to respondor perhapsa dispreferred responsda responselike saying“no” to a
requestwhich is stigmatized).By contrast,silencein otherplaces,for example
a lapseafter a speakr nishes a turn, is not generallyinterpretablen this way.
Thesefactsarerelevantfor userinterfacedesignin spolendialoguesystemsusers
aredisturbedoy the pausesn dialoguesystemsausedy slov speechrecognizers
(Yanlkelovich etal., 1995).

Automatic segmentationof utterancesin human-human corversation

Anotherimplicationof (19.27)is thattransitionsbetweerspeakrsdon't occurjust
arnywhere;thetransition-r elevance placeswherethey tendto occuraregenerally
atutterance boundariesThis bringsusto the next differencebetweerspolendi-
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alogueandtextual monologueg(of coursedialoguecanbe written andmonologue
spolen; but mostcurrentapplicationsof dialogueinvolve speech)the spolen ut-
terance versusthe written sentence Recallfrom Chapter9 thatutterancesliffer
from written sentencen a numberof ways. They tendto be shortey are more
likely to besingleclausesthesubjectsareusuallypronoungatherthanfull lexical
nounphrasesandthey include lled pausestepairsandrestarts.

Onevery importantdifferencenot discussedn Chapter9 is thatwhile writ-
ten sentencesnd paragraphsre relatively easyto automaticallysegmentfrom
eachother utterancesandturnsare quite comple to segment. Utterancebound-
ary detectionis importantsincemary computationatlialoguemodelsarebasedn
extractingan utteranceasa primitive unit. The segmentationproblemis dif cult
because single utterancemay be spreadover severalturns,or a singleturn may
include several utterances.For examplein the following fragmentof a dialogue
betweemtravel agentandaclient, theagents utterancestretchesver 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
atseventhirty p.m.

C: Seventhirty.

A: andinto uh SanFranciscaateight fty seven.

By contrastthe examplebelon hasthreeutterancesn oneturn:
(19.30)
A: Threetwo threeandseven veone.OK andthendoesheknow there

is a nonstopthatgoesfrom Dullesto SanFrancisco?Ansteadof con-
nectionthroughsSt. Louis.

Algorithms for utterancesggmentationare basedon mary boundarycues
suchas:

cuewords: Cue(or “clue”) wordslike well, and sg, etc.,tendto occuratthe cueworos

beginningsandendsof utterancegReichman;1985;Hirschbeg andLitman,
1993).

N-gram word or POSsequencesSpeci ¢ word or POSsequencesftenin-
dicateboundariesN-gramgrammarsanbetrainedon atraining setlabeled
with specialutterance-boundg tags,andthena decodercan nd the most
likely utterancéooundariesn anunlabeledestset(Mastetal., 1996;Meteer
andlyer, 1996;Stolcke andShribeg, 1996;HeemarandAllen, 1999).

prosody: Prosodicfeaturedike pitch, accent,phrase- nallengtheningand
pausedurationplay a role in utterance/turrsggmentation,as discussedn
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INTONAIGRRASE

Chapter4, althoughthe relationshipbetweenutterancesnd prosodicunits
like the intonation unit (Bois et al., 1983) or intonation phrase (Pierre-
humbert,1980; Beckmanand Pierrehumbert1986)is complicated(Ladd,
1996;FordandThompson,1996;Ford etal., 1996, inter alia) .

19.8 ADVANCED: MARKOV DECISION PROCESSES

MARKV DECISION
PROC

MDP

ESS

Earlier we discussedow dialoguesystemscould changecon rmation stratgies
basedon contet. 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 evendecidenotto con rm atall. Usinga dynamicstratgy lets
us choosethe actionwhich maximizesdialoguesuccesswhile minimizing costs.
This ideaof changingthe actionsof a dialoguesystembasedon optimizingsome
kindsof rewardsor costsis thefundamentaintuition behindmodelingdialogueas
aMark ov decisionprocess

A Markov decisionprocessor MDP is characterizedby a setof statesS an
agentcanbein, a setof actions A the agentcantake, andareward r(a,s)thatthe
agentrecevesfor takinganactionin a state.Giventhesefactors we cancompute
a policy p which speci eswhich actiona the agentshouldtake whenin a given
states, soasto receve the bestreward. To understanaéachof thesecomponents,
let'slook atatutorialexampleof anMDP implementatioriakenfrom (Levin etal.,
2000). Theirtutorial exampleis a "Day-and-Month”dialoguesystemwhosegoal
is to get correctvaluesof day and monthfor a two-slot frame via the shortest
possibleinteractionwith theuser

In principle,a stateof anMDP couldincludeary possibleénformationabout
thedialogue suchasthecompletedialoguehistorysofar. Usingsucharich model
of statewould make thenumberof possiblestatesextraordinarilylarge. Soamodel
of stateis usuallychosenwhich encodesa muchmorelimited setof information,
suchasthevaluesof theslotsin the currentframe,the mostrecentquestionasled
to the user the usersmostrecentansweythe ASR con dence,andsoon. For the
Day-and-Monthexamplelet's representhe stateof the systemasthevaluesof the
two slotsday andmonth If we assumea specialinitial states; and nal statess,
thereareatotal of 411 state{366statesvith adayandmonth(countingleapyear),
12 stateswith amonthbut noday(d=0,m=1,2,...12) and31 stateswith adaybut
nomonth(m=0,d=1,2,...31)).

Actionsof aMDP dialoguesystemmightincludegeneratingparticularspeech
acts,or performinga databasejueryto nd out information. For the Day-and-
Month example,(Levin etal., 2000)proposehefollowing actions:
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ay4: aquestiomaskingfor theday

am: aquestionaskingfor themonth

agm: aquestionaskingfor boththe dayandthe month

a;: a nal actionsubmittingtheform andterminatingthe dialogue

Sincethe goal of the systemis to getthe correctanswewith the shortesin-
teraction,onepossiblerewardfunctionfor the systemwould integratethreeterms:

R= (winj + Wghe+ Wins) (19.31)

Thetermn; is the numberof interactionswith the user ne is the numberof
errors,ns isthenumberof slotswhichare lled (0, 1, or 2), andthewsareweights.

Finally, a dialoguepolicy p speci eswhich actionsto applyin which state.
Considentwo possiblepolicies: (1) askingfor day and monthseparatelyand(2)
askingfor themtogether Thesemight generatehe two dialoguesshavn in Fig-
ure19.25.

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

In policy 1, the actionspeci ed for the no-date/no-montistateis to askfor
a day, while the action speci ed for ary of the 31 stateswherewe have a day
but not a monthis to askfor a month. In policy 2, the action speci ed for the
no-date/no-montistateis to askan open-endedjuestion(Which date to getboth
a day anda month. The two policieshave differentadvantagesan openprompt
canleadsto shorterdialoguesbut is likely to causemoreerrors,while a directve
promptis slower but lesserrorprone. Thusthe optimal policy dependson the
valuesof the weightsw, andalsoon the errorratesof the ASR componentLet's
call pg the probability of the recognizemmakingan error interpretinga monthor
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DISCOUNTED
REVARDS

BELLMAEQUTION

adayvalueatfteradirectve prompt. The (presumablyhigher)probability of error
interpretinga monthor day valueafteran openpromptwe’ll call p,. Thereward
for the rst dialogin Figure19.25isthus 3 w;+2 pg We. Therewardfor
theseconddialogin Figure19.25is 2 w;+2 pg We Thedirective prompt
policy, policy 2, is thusbetterthanpolicy 1 whentheimproved errorratejusti es
thelongerinteraction,.e.,whenp, pq > %‘e

In the examplewe've seensofar, therewereonly two possibleactions,and
henceonly a tiny numberof possiblepolicies. In general the numberof possible
actions statesandpoliciesis quitelarge,andsotheproblemof nding theoptimal
policy p is muchharder

Markov decisiontheorytogethemith classicakeinforcementearninggives
usaway to think aboutthis problem.First,generalizingrom Figure19.25,we can
think of ary particulardialogueasatrajectoryin statespace:

1! a1t ! a2r2ss! azrs (19.32)

Thebestpolicy p istheonewith thegreatesexpectedewardoverall trajec-
tories.Whatis the expectedrewardfor a given statesequenceThemostcommon
way to assigrutilities or rewardsto sequencess to usediscountedrewards Here
we computethe expectedcumulatve reward Q of a sequencasadiscountedsum
of theutilities of theindividual states:

Q(so;a0;s1;81;%;8 1) = R(So;a0) + OR(S1;@1) + FR(S @)+ 5(19.33)

The discountfactorg is a numberbetween0 and1. This makesthe agent
caremoreaboutcurrentrewardsthanfuturerewards;themorefutureareward, the
morediscountedts value.

Giventhis model,it is possibleto shav thatthe expectedcumulatve reward
Q(s;a) for takinga particularactionfrom a particularstateis the following recur
sive equationcalledthe Bellman equation:

Q(s;a) = R(s;a) + gq P(s]s a) maé\xQ(sQ, a) (19.34)
So a

Whatthe Bellmanequationsaysis that the expectedcumulatve reward for
a given state/actiorpair is theimmediatereward for the currentstateplus the ex-
pecteddiscountedutility of all possiblenext statess’, weightedby the probability
of moving to thatstates®, andassumingoncetherewe take the optimalactiona.

Equation(19.34) makes useof two parameters.We needa modelof how
likely a given state/actiorpair (s, a) is to leadto a new states® And we alsoneed
agoodestimateof R(s;a). If we hadlots of labeledtrainingdata,we couldsimply
computeboth of thesefrom labeledcounts. For example,with labeleddialogues,
we could simply counthow mary timeswe werein a given states, andout of that
how mary timeswe took actiona to getto states®, to estimateP(s§s; a). Similarly,
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if we had a hand-labeledeward for eachdialogue,we could build a model of
R(s a).

Given theseparametersit turnsout thatthereis an iteratve algorithm for
solvingthe BellmanequatioranddeterminingproperQ values thevalue iteration
algorithm(). Wewon't presenthishere but seeChapterl 7 of (RussellandNorvig,
2002)for the detailsof the algorithmaswell as further information on Markov
DecisionProcesses.

How do we get enoughlabeledtraining datato settheseparameters?This
is especiallyworrisomein ary real problem,wherethe numberof statess is ex-
tremelylarge. Two methodshave beenappliedin the past.The rst is to carefully
hand-tunethe statesand policies so that thereare a very small numberof states
andpoliciesthatneedto be setautomatically In this casewe canbuild a dialogue
systemwhich explore the statespaceby generatingandomcorversations Proba-
bilities canthenbe setfrom this corpusof cornversations.The seconds to build a
simulateduser Theuserinteractswvith thesystemmillions of times,andthesystem
learnsthe statetransitionandreward probabilitiesfrom this corpus.

Therandomcornversationapproachwastaken by (Singhetal., 2002). They
usedreinforcementearningto make a smallsetof optimalpolicy decisions.Their
NJFunsystemlearnedto chooseactionswhich variedthe initiative (system,user
or mixed)andthecon rmation stratgy (explicit or none).The stateof the system
was speci ed by valuesof 7 featuresincluding which slot in the frameis being
worked on (1-4), the ASR con dencevalue (0-5), how mary timesa currentslot
guestionhadbeenasled, whethera restritive or non-restrioie grammamwasused,
andsoon. Theresultof usingonly 7 featureswith a small numberof attributes
resultedin a small statespace(62 states).Eachstatehadonly 2 possibleactions
(systemversususerinitiative whenaskingquestionsexplicit versusno con rma-
tion whenreceving answers).They ran the systemwith real users,creating311
corversations.Eachcorversationhada very simplebinary reward function; 1 if
theusercompletedhetask( nding speci ed museumstheaterwinetastingn the
New Jersg area),0 if the userdid not. The systemsuccessfulearneda gooddi-
aloguepolicy (roughly startwith userinitiative, thenback of to eithermixed or
systeminitiative whenreaskingfor anattribute; con rm only atlower con dence
values;bothinitiative andcon rmation policies,however, aredifferentfor differ-
entattributes). They shaved thattheir policy actuallywasmore succesfubased
on variousobjectve measureshan mary hand-designegoliciesreportedin the
literature.

Thesimulateduserstratgy wastaken by (Levin etal., 2000),in their MDP
modelwith reinforcementearningin the ATIS task. Their simulateduserwasa
generatre stochastianodelthatgiven the systems currentstateandactions,pro-
ducesa frame-slotrepresentationf a userresponse.The parameter®f the sim-

VALUHTERAION
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ulateduserwere estimatedorm a corpusof ATIS dialogues.The simulateduser
wasthenusedto interactwith the systemfor tensof thousand®of corversations,
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

BDI

One of the earliestmodelsof corversationalagentbehaior, andalsoone of the
mostsophisticateds basedn the useof planningtechniquesrom early Al mod-
els. The ideais that communicationand corversationare just specialcasesof
rationalactionin theworld, andtheseactionscanbe plannedike ary other
Suchplan-basedorversationagentsareusedin building agentgo helpwith
problemswhereplanningis alreadya necessarypart of the system.For example,
the RochestelTRIPS system(Allen et al., 2001) modelsa cornversationalagent
that helpswith emegeny managemenfplanningwhereandhow to supply am-
bulancesor personnein a simulatedemepgeng situation).Solvingsuchproblems
(e.g.,decidingwhetherandhow to getanamlulancefrom point A to point B) re-
quiressophisticatednodelsof planningandreasoning.The plan-baseapproach
to dialogueappliesthesesameplanningalgorithmsto conversationaswell.
Theideathat actionsin conversationshouldbe plannedjust like actionsin
the real world takes its fundamentaintuition from the ideasof speechactsde-
scribedin Section19.5. For example,planningcan be usedto geneate speech
acts.Oneagentseekingo nd outsomeinformation,couldusestandarglanning
techniqueso comeup with the planof askingtheinterlocuterto tell the rst agent
theinformation.Planningcanalsobe usedto interpret speechacts,by runningthe
plannerin reverse'. An agenthearinganutterancecanuseinferencerulesto infer
whatplantheinterlocutemight have hadto causeéhemto saywhatthey said.
Using plansto generateandinterpretsentencen this way requirethatthe
plannerhave good modelsof whatits own goalsandknowledgeare, aswell as
the goalsand knowledgeof the interlocuter Theseplannersthusneedto model
thebeliefs desires andintentions (BDI) of theinterlocuterandhenceplan-based
modelsof dialoguearereferredto asBDI models.BDI modelsof dialoguewere
rst introducedby Allen, Cohen,Perrault,andtheir colleaguesandstudentsn a
numberof in uential papersshaving how speectactscould be generatedCohen
andPerrault,1979),andinterpreted PerraultandAllen, 1980;Allen andPerrault,
1980).In aparallelline of researchGGroszandhercolleaguesindstudentshaved
how usingsimilar notionsof intentionandplansallowedthekind of conversational
structureandcoherencealiscussedh Chapterl8to beappliedto dialogue.We will
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exploreboththesdinesof researclin this section.

Conversational Implicatur e

One of the guiding motivations for the BDI paradigmfor building plan-based
agentss therole thatinferenceplaysin cornversation. We begin with that moti-
vation, consideringhe way the interpretationof an utterancerelieson morethan
just the literal meaningof the sentencesConsiderthe client's responseC, from
the samplecorversationin Figure19.17 repeatedere:

A1. And, whatdayin May did you wantto travel?
C,: OK uhl needto betherefor ameetingthat's from the 12thto the 15th.

Noticethattheclientdoesnotin factanswerthe question.Theclient merely
statesthat he hasa meetingat a certaintime. The semanticdor this sentence
producedby a semantidnterpreterwill simply mentionthis meeting. Whatis it
thatlicensesthe agentto infer thatthe client is mentioningthis meetingso asto
inform the agentof thetravel dates?

Now consideranotherutterancefrom the sampleconversation,this one by
theagent:

Ay ...Theresthreenon-stopdoday

Now this statementvould still be trueif therewere sezen non-stopgoday
sinceif thereareseven of somethingthereareby de nition alsothree. But what
the agentmeanshereis thattherearethreeand not more than thr ee non-stops
today How is theclientto infer thattheagentmeansonly thr eenon-stops?

Theseawo casedhave somethingn common;in bothcaseshespeakr seems
to expectthehearerto draw certaininferencesin otherwords,thespealkris com-
municatingmoreinformationthanseemso be presenin theutteredwords. These
kind of exampleswerepointedout by Grice (1975,1978)aspartof his theoryof
corversational implicatur e. Implicatur e meansa particularclassof licensedn-  vpLicrure
ferencesGrice proposedhatwhatenableearerdo drav theseinferencess that
conversationis guidedby a setof maxims, generaheuristicsvhich play aguiding  maxivs
role in the interpretatiorof cornversationalutterancesHe proposedhe following
four maxims:

Maxim of Quantity: Be exactly asinformative asis required: QUANTITY

1. Make your contritution asinformative asis required(for the current
purpose®f theexchange).
2. Do notmake your contritution moreinformatve thanis required.

Maxim of Quality: Try to make your contritution onethatis true: QUALITY
1. Do notsaywhatyou believe to befalse.
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RELEXNCE

MANNER

2. Do notsaythatfor which you lack adequatevidence.

Maxim of Relevance: Berelevant.
Maxim of Manner: Be perspicuous:

1. Avoid obscurityof expression.

2. Avoid ambiguity

3. Be brief (avoid unnecessargrolixity).
4. Beorderly

It is the Maxim of Quantity(speci cally Quantityl) thatallows the hearetto
know thatthreenon-stopslid notmeansesennon-stopsThisis becaus¢hehearer
assumeshespeakr is following the maxims,andthusif the speakr meantseven
non-stopsshewould have saidseven non-stopq“as informative asis required”).
The Maxim of Relevanceis what allows the agentto know thatthe client wants
to travel by the 12th. The agentassumeshe client is following the maxims,and
hencewould only have mentionedhe meetingif it wasrelevantatthis pointin the
dialogue.The mostnaturalinferencethatwould make the meetingrelevantis the
inferencethatthe client meantthe agentto understandhathis departurdgime was
beforethe meetingtime.

Plan-Inferential Inter pretation and Production

Theinsight of the Griceanapproachto comprehensiosummarizedn the previ-
oussectionis thatin orderto understandthe hearermustmale inferencesabout
the spealker's knowledgeand intention. This ideaunderliesthe useof the plan-
ning paradigmin conversationaklgents.In this sectionwe sketchthe BDI model,
exploring how aplan-base@gentmightreplacethe humantravel agentin thecon-
versationalfragmentdiscussedabore. We'll look at one exampleof plan-based
comprehensioandone(simpler)exampleof plan-basegbroduction.

First let's considerhow a plan-basechgentcould act as the humantravel
agentto understandgentence; in thedialoguerepeatedelon:

C1: | needto travel in May.
A1. And, whatdayin May did you wantto travel?
C,: OK uhl needto betherefor ameetingthat's from the 12thto the 15th.

As the previous sectiondiscussedthe Griceanprinciple of Relevancecan
be usedto infer that the client's meetingis relevant to the ight booking. The
systemmay know thatonepreconditionfor having a meeting(at leastbeforeweb
conferencing)s beingat the placewherethe meetingis in. Oneway of beingat
aplaceis ying there,andbookinga ight is a preconditionfor ying there.The
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systemcanfollow this chainof inferenceabducinghatuserwantsto y onadate
beforethe 12th.

Next, considethow our plan-base@dgentcouldactasthe humantravel agent
to producesentencé\; in thedialogueabove. In a plan-basednodelof this inter
action,theplanningagentwouldreasorthatin orderto helpaclientbooka ight it
mustknow enoughinformationaboutthe ight to bookit. It reasonghatknowing
the month(May) is insufcient informationto specifya departureor returndate.
Thesimplestwayto nd outtheneededlateinformationis simplyto asktheclient.

Both of thesecases planningfor understandingand planningfor genera-
tion, can be modeledin the BDI framewvork. In the restof this section,we'll
esh out the sketchy outlinesabore. We'll begin by summarizingPerraultand
Allen's formal de nitions of beliefanddesirein the predicatecalculus.We'll rep-
resent SbelievesthepropositionP” asthetwo-placepredicateB(S, P). Reasoning
aboutbeliefis donewith a numberof axiom schemasgnspiredby 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 berepresenteds
KNOW(S P), de ned asfollows:

KNOW(SP) P~B(SP)

Thetheoryof desirerelieson the predicateWANT. If anagentSwantsP to
betrue,we sayWANT (S, P), orW(S, P) for short.P canbea stateor theexecution
of someaction. Thusif ACT is the nameof anaction,W(S ACT(H)) meanghat
SwantsH to do ACT. Thelogic of WANT relieson its own setof axiomschemas
justlike thelogic of belief.
The BDI modelsalsorequireanaxiomatizatiorof actionsandplanning;the
simplestof theseis basedon a setof action schema basedon the simple Al actiorscrema
planningmodel STRIPS(FikesandNilsson,1971). Eachactionscheméhasa set
of parametersvith constaints aboutthetype of eachvariable,andthreeparts:

Preconditions:Conditionsthatmustalreadybe truein orderto successfully
performtheaction.

Effects: Conditionsthatbecometrue asa resultof successfullyperforming
theaction.

Body: A setof partially orderedgoalstateghatmustbeachiezedin perform-
ing theaction.

In thetravel domain for example theactionof agentA booking ight F1 for client
C might have 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)) A Know(A,origin-city(F)) A
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-Reseration(A,FC)

Cohenand Perrault(1979) and Perraultand Allen (1980) usethis kind of
actionspeci cationfor speeclacts. For examplehereis PerraultandAllen's def-
inition for two speechacts. INFORM is the speechact of informing the hearer
of someproposition(the Austin/SearléAssertiveor DAMSL STATEMENT). The
de nition of INFORM is basedon Grice's (1957)ideathata speakr informsthe
hearemf somethingnerelyby causinghe hearetto believe thatthe speakr wants
themto know something:

INFORM(S,H,P):
Constraints: Spealer(S)" Hearer(H)Y* Proposition(P)
Precondition: Know(S,P)* W(S,INFORM(S,H, P))
Effect: Know(H,P)
Body: B(H,W(S,Knav(H,P)))

REQUEST is the directve speechact for requestinghe hearerto perform
someaction:

REQUEST(S,H,ACT):
Constraints: Spealer(S)" Hearer(H* ACT(A) * His agentof ACT
Precondition: W(S,ACT(H))
Effect: W(H,ACT(H))
Body: B(H,W(S,ACT(H)))

Let's now seehow aplan-basedlialoguesystemmighttry to understandhe
sentence:

C,: OK uh| needto betherefor a meetingthat's from the 12thto the
15th.

We'll assumehe systemhasthe BOOK-FLIGHT planmentionedabore. In
addition,we’'ll needknowledgeaboutmeetingsandgettingto them,in theform of
theMEETING, FLY-TO, andTAKE-FLIGHT plans,sketchedoroadlybelow:

MEETING(P,L,T1,T2):
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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(PRL,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-ime(F)=T
Destination-Location(FF L
Body:

Now let's assumehatan NLU modulereturnsa semanticdor the client's
utterancevhich (amongotherthings)includesthefollowing semanticcontent:

MEETING (P,?L,T1,T2) Constraints:P=Client® T1=May 12" T2 =May 15
Our plan-basedystemnow hastwo plansestablishedpne MEETING plan
from this utteranceand one BOOK-FLIGHT plan from the previous utterance.
Thesystemimplicitly usesthe GriceanReleranceintuition to try to connecthem.
SinceBOOK-FLIGHT is a preconditionfor TAKE-FLIGHT, the systemmay hy-
pothesizdinfer) thattheuseris planninga TAKE-FLIGHT. SinceTAKE-FLIGHT
is in thebody of FLY-TO, the systemfurtherinfersa FLY-TO plan. Finally, since
theeffectof FLY-TO is apreconditiorof theMEETING, thesystencanunify each
of the people Jocations,andtimesof all of theseplans. Theresultwill bethatthe
systemknows thatthe client wantsto arrive at the destinatiorbeforeMay 12th.
Let's turn to the detailsof our secondexample; how our plan-basecagent
couldactasthehumantravel agentto producesentencd\ 1, repeatechere:

C1: | needto travel in May.
A1. And, whatdayin May did you wantto travel?

How doesa plan-basedagentknow to ask questionA1? This knowvledge
comesfrom the BOOK-FLIGHT plan, whosepreconditionswvere that the agent
know a variety of ight parametersncludingthe departuredateandtime, origin
anddestinatiortities,andsoforth. UtteranceC, containgheorigin city andpartial
information aboutthe departuredate; the agenthasto requestthe rest. A plan-
basedagentwould useanactionschemdike REQUESTINFO to represena plan
for askinginformationquestiongsimpli ed from CohenandPerrault(1979)):
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LINGUISTIC
STRICTURE

INTENTIONAL
STRICTURE

ATTENTIONAATATE

DISCOURSE
PURPOSE

DISCOURSE
SEGMENFPURPOSE

REQUEST-INFO(A,C,I) :
Constraints: Agent(A)~ Client(C)
Precondition: Know(C,I)
Effect: Know(A,l)
Body: B(C,W(A,Know(A,l)))

Becauseheeffectsof REQUESTINFO matcheachpreconditionrof BOOK-
FLIGHT, theagentcanuseREQUESTINFO to achieze the missinginformation.

This overview of the BDI modelwasof necessityery brief. Theinterested
readershouldconsulithe literaturesuggesteat the endof the chapter

Dialogue Structure and Coherence

Section?? describedan approacho determiningcoherencdasedon a setof co-
herenceelations.In orderto determinghata coherenceelationholds,thesystem
mustreasormaboutthe constraintghatthe relationimposeson the information in
the utterances.We will call this view the informational approachto coherence.
Historically, theinformationalapproacthasbeenappliedpredominantiyto mono-
logues.

TheBDI approacho utterancenterpretatiorgivesriseto anothewiew of co-
herencewhichwewill call theintentional approachAccordingto thisapproach,
utterancesreunderstoodsactions requiringthatthe heareiinfer the plan-based
speakr intentionsunderlyingthemin establishingcoherence.ln contrastto the
informationalapproachthe intentionalapproacthasbeenappliedpredominantly
to dialogue.

Theintentionalapproaciwe describehereis dueto GroszandSidner(1986),
who aiguethata discoursecanbe representedsa compositeof threeinteracting
componentsa linguistic structur e, anintentional structure, andanattentional
state Thelinguistic structurecontaingheutterancesn thediscoursedividedinto
ahierarchicaktructureof discoursesegments.(Recallthe descriptionof discourse
sgmentdn Chapterl8.) Theattentionaktateis adynamically-changig modelof
the objects,propertiesandrelationsthataresalientat eachpointin the discourse.
Thisalignscloselywith the notionof adiscoursemodelintroducedn the previous
chapter Centering(seeChapterl8)is consideredo be atheoryof attentionaktate
in this approach.

We will concentratdereon thethird componenbf theapproachtheinten-
tional structure,which is basedon the BDI modelof interpretation. The funda-
mentalideais thata discoursenasassociatedavith it anunderlyingpurposehatis
held by the personwho initiatesit, calledthe discoursepurpose(DP). Likewise,
eachdiscoursesggmentwithin the discoursehasa correspondingpurpose called
adiscoursesegmentpurpose(DSP).EachDSPhasarole in achieving the DP of
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thediscoursen which its correspondingliscoursesggmentappearsListed belov
aresomepossibleDPs/DSPshat GroszandSidnergive.

1.

Intendthatsomeagentintendto performsomephysicaltask.

2. Intendthatsomeagentbelieve somefact.
3.
4. Intendthatsomeagentintendto identify an object(existing physicalobject,

Intendthatsomeagentbelieve thatonefactsupportsanother

imaginaryobject,plan,event,eventsequence).

. Intendthatsomeagentknow somepropertyof anobject.

As opposedo the larger setsof coherenceelationsusedin informational

accountf coherenceGroszand Sidnerproposeonly two suchrelations:domi-
nanceandsatisfaction-precedence DSP; dominatedDSP; if satisfyingDSP; is
intendedto provide part of the satishctionof DSP;. DSP; satishction-precdes
DSPR, if DSP; mustbesatis ed beforeDSP..

As anexample,let's considerthe dialoguebetweena client (C) anda travel

agent(A) thatwe saw earlier repeatedherein Figure19.26.

C]_Z
Cz:

C32

CGZ

C7Z

A1

Ay

AGZ

| needto travel in May.

And, whatdayin May did you wantto travel?

OK uhl needto betherefor ameetingthat's from the 12thto the 15th.
Andyou're ying into whatcity?

Seattle.

And whattime would you like to leave Pittshurgh?

Uh hmml don't think theres mary optionsfor non-stop.

Right. Theres threenon-stopgoday

Whatarethey?

The rst onedepartsPGH at 10:00amarrives Seattleat 12:05their time.
Thesecondight departsPGH at 5:55pm,arrives Seattleat 8pm. And the
last ight departPGHat8:15pmarrivesSeattleat 10:28pm.

OK I'll take the5ish ight onthenightbeforeonthe11th.

On the 11th? OK. Departingat 5:55pmarrives Seattleat 8pm, U.S. Air
ight 115.

OK.

Figure19.26 A fragmentfrom atelephonecorversatiorbetweera client (C) and
atravel agent(A) (repeatedrom Figure19.17).

Collaboratvely, the callerandagentsuccessfullyidentify a ight that suits

the caller's needs.Achieving this joint goalrequiredthata top-level discoursén-
tentionbesatis ed,listedasl1 below, in additionto severalintermediatententions
thatcontritutedto thesatistctionof 11, listedas|2-I5:
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I1: (IntendC (IntendA (A nd a ight for C)))

12: (IntendA (IntendC (Tell C A departuredate)))

13: (IntendA (IntendC (Tell C A destinatiorcity)))

14: (IntendA (IntendC (Tell C A departurdime)))

I5: (IntendC (IntendA (A nd anonstopight for C)))
Intentions|2—15 are all subordinateto intention |1, asthey were all adoptedto
meetpreconditiondor achiezing intentionl1. Thisis re ectedin the dominance
relationshipdelow:

I1 dominated2

I1 dominated3

I1 dominated4

I1 dominated5
Furthermorejntentionsl2 andI3 neededo be satis ed beforeintentionl5, since
the agentneededo know the departuredateanddestinatiorcity in orderto start
listing nonstopights. Thisisre ectedin thesatishction-precedwe relationships
below:

I2 satishction-precees|5

I3 satishction-precees|5

Thedominanceelationsgive riseto the discoursestructuredepictedin Fig-
ure19.27.Eachdiscoursesegmentis numberedn correspondenceith theinten-
tion numberthatsenesasits DP/DSP

DS1

C, DS, DS DS, DSs
| b

A1-C Ax-C Az C—CG

Figure19.27 DiscourseStructureof the Flight ReserationDialogue

Onwhatbasisdoesthis setof intentionsandrelationshipdpetweerthemgive
riseto acoherendiscourset is theirrolein the overall plan thatthe calleris in-
ferredto have. We assumehatthe callerandagenthave the planBOOK-FLIGHT
describecbn page54. This planrequiresthat the agentknow the departurdime
anddateandsoon. As we discussedbove, theagentcanusethe REQUESTINFO
actionschemdrom page56 to askthe userfor thisinformation.

DiscoursessggmentdDS2andDS3arecasesn which performingREQUEST
INFO succeeddor identifying the valuesof the departuredate and destination
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city parametersespeciiely. SgmentDS4is alsoarequesfor a parameteralue
(departureime), but is unsuccessfuin thatthe callertakesthe initiative instead,
by (implicitly) askingaboutnonstopights. SegmentDS5leadsto the satishction
of thetop-level DP from the caller's selectionof a nonstopight from a shortlist
thattheagentproduced.

Subsidiarydiscoursesegmentslike DS2 and DS3 are also called subdia-

logues Thetypeof subdialoguethatDS2andDS3instantiatearegenerallycalledueoiaLocues

knowledgepreconditionsubdialoguegl_ochbaumetal., 1990;Lochbaum 1998),
sincethey areinitiated by the agentto help satisfypreconditionsof a higherlevel
goal (in this caseaddressindhe client's requestor travel in May). They arealso

calledinformation-sharing subdialoguegChu-CarrollandCarberry 1998). INFORMACBHARING

Determining Intentional Structure Algorithmsfor inferring intentionalstruc-
turein dialogue(andspolenmonologue)ork similarly to algorithmsfor inferring

dialogueacts. Many algorithmsapply variantsof the BDI model (e.g., Litman,

1985; Groszand Sidner 1986; Litman andAllen, 1987; Carberry 1990; Passon-
neauandLitman, 1993; Chu-Carrolland Carberry 1998). Othersrely on similar

cuesto thosedescribedor utterance-andturn-sgmentationon page45, includ-

ing cuewordsandphrasegReichman1985;GroszandSidner 1986;Hirschbeg

andLitman, 1993), prosody(Groszand Hirschbeg, 1992; Hirschbeg and Pier

rehumbert,1986; Hirschbeg and Nakatani,1996),and othercues. For example
Pierrehumberand Hirschbeg (1990) argue that intonationaleventslike certain
boundary tonesmight be usedto suggesa dominanceelationbetweertwo into-

nationalphrases.

Informational vs. Intentional Coherence Aswe justsaw, thekey to intentional
coherencdies in the ability of the dialogueparticipantso recognizeeachothers
intentionsandhow they t into theplansthey have. Ontheotherhand,aswe sawv in
thepreviouschapterinformationalcoherencdiesin the ability to establisicertain
kinds of content-bearingelationshipdetweerutterancesSoonemight askwhat
therelationshipbetweerntheseare: doesoneobviate the needfor the other or do
we needboth?

Moore andPollack(1992),amongothers,have arguedthatin factbothlev-
els of analysismustco-exist. Let us assumehat after our agentand caller have
identi ed a ight, theagentmalkesthe statemenin passag¢19.35).

(19.35) You'll wantto bookyour reserationsbeforethe endof theday
Propositionl43goesinto effecttomorraw.

This passageanbeanalyzeckitherfrom theintentionalor informationalperspec-
tive. Intentionally the agentintendsto corvince the callerto book herreseration
beforethe end of the day Oneway to accomplishthis is to provide motivation
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for this action, which is the role sened by uttering the secondsentence.Infor-
mationally the two sentencesatisfythe Explanationrelationdescribedn the last
chapter sincethe secondsentenceprovides a causefor the effect of wantingto
bookthereserationsbeforetheendof theday

Dependingon the knowledgeof the caller, recognitionat the informational
level might leadto recognitionof the spealer'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 utteringthe secondsen-
tence.Fromthe knowledgethata way to motivatean actionis to provide a cause
that hasthat actionasan effect, the caller can surmisethat the agentis trying to
motivatethe actiondescribedn the rst sentenceAlternatively, the caller might
have surmisedthis intentionfrom the discoursescenariobut have no ideawhat
Proposition143is about. Again, knowing the relationshipbetweenestablishing
a cause-dect relationshipand motivating something the caller might be led to
assumean Explanationrelationship,which would requirethat sheinfers thatthe
propositionis somehw badfor airline ticket buyers(e.g.,atax). Thus,atleastin
somecasesbothlevelsof analysisappeato berequired.

Dialogue Managementin a Plan-basedConversational Agent

The more complex representationadndreasoningcomponent®f the BDI archi-
tecturehave implicationsalsofor dialoguemanagementFigure 19.28shawvs the
dialoguemanagenlgorithmfor the TRAINS-93systemAllen etal. (1995),Traum
andAllen (1994). The TRAINS systemis a conversationabhgentthatassistauser
in managinga railway transportatiorsystemin a microvorld. For example,the
userand the systemmight collaboratein planningto move a boxcarof oranges
from onecity to another The TRAINS dialoguemanagemaintainsthe o w of
corversationand addresseghe conversationalgoals(suchas coming up with an
operationabplan for achiezing the domaingoal of successfullynoving oranges).
Todothis,themanagemustmodelthestateof thedialoguejts own intentionsand
the users requestsgoals,andbeliefs. The manageusesa corversationactinter
preterto semanticallyanalyzethe users utterancesa domainplannerandexecuter
to solve the actualtransportatiordomain problems,and a generatoito generate
sentenceto theuser

Thealgorithmkeepsa queueof conversationactsit needso generate Acts
areaddedto the queuebasedon grounding, dialogue obligations, or the agents
goals Recallfrom Section19.4thatutterancesanbegroundedvia acknavledge-
ment(uh-huh ok), demonstration/dispja(repeatingback), or makinga relevant
next contritution. Obligationsareusedin the TRAINS systemto enablethe sys-
temto correctlyproducethe second-paipartof anadjaceng 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 dialoguemanagermodi ed from TraumandAllen (1994).

userREQUESTssomethingf thesystem(e.g.,REQUEST(Giwe(List)))anobliga-
tionis createdo addresshe REQUESTeitherby acceptingt, andthenperforming
it (giving thelist) or by rejectingit. As for goal, for the travel agentdomain,the
dialoguemanages goalmightbeto nd outtheclient's travel goalandthencreate
anappropriatelan.

Let's pretendhatthe humantravel agentfor thecorversationn Figurel9.26
was a systemand explore what the stateof a TRAINS-style dialoguemanager
would have to beto actappropriately Considerthe stateof the dialoguemanager
afterthe rst utterance#n our samplecorversation:

Ci: | wantto goto Pittshurgh in May.

Herethe client/userhasjust nished aturnwith anINFORM speechact. The sys-
temhasthediscourseyoalof nding outtheuserstravel goal(e.g.,“Wantingto go
to Pittsturgh on may 15 andreturning...”), andcreatinga travel planto accom-
plish thatgoal. Thefollowing tableshaws the systemstate:obligations,intended
speeclactsto bepassedo thegeneratqrthe users speectactsthatstill needto be
acknavledged discoursegoals,andturn holder:
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Discourseobligations: NONE

Turn holder: system

Intendedspeechacts: NONE
Unacknavledgedspeechacts: INFORM-1

Discoursegoals: get-travel-goal,create-trael-plan

After the utterancethe dialoguemanagerdecidesto addtwo corversation
actstothequeue;rst, toacknavledgetheusers INFORM act(via “addresgground-
ing situation”), and second,to ask the next questionof the user (via “address
goals”). This reasoningvould be worked out by the systems STRIPS-styleplan-
nerasdescribedn page54; giventhe goal get-travel-goa) the REQUESTINFO
actionschemdellsthe systemhataskingtheusersomethings oneway of nding
it out. Theresultof addingthesetwo conversationactsis:

Intendedspeectacts: REQUESTINFORM-1,ACKNOWLEDGE-1

Thesewvouldbecombinedy avery clever generatointo thesingleutterance:
Az And, whatdayin May did you wantto travel?

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

Let's skip aheadto the client's utteranceC,, anindirectrequestaskingthe
agentto checkon non-stopights.

A3: And whattime wouldyoulike to leave Pittshurgh?
C4: Uh hmml dont think theres mary optionsfor non-stop.

Let'sassumehatourdialogueactinterpretercorrectlyinterpretsC, aSREQUEST-
INFORM-3. The stateof theagentafterclientutteranceC, is then:

Discoursenbligations: address(REQESTINFORM-3)
Turn holder: system

Intendedspeectacts: NONE
Unacknavledgedspeechacts: REQUESTINFORM-3
Discoursegoals: get-travel-goal,create-trael-plan

Thedialoguemanagewill rst addresshediscourseobligationof respond-
ing to the users requestby calling the plannerto nd out how mary non-stop
ights thereare. The systemmustnow answerthe questionandalsogroundthe
users utterance For a directrequestthe responses sufcient grounding.For an
indirectrequestan explicit acknavledgemenis an option; sincethe indirectre-
guestwasin theform of a nggativecheckquestionthe form of acknavledgement
will beright (nowould have alsobeenappropriatdor acknavledginga negatie).
Thesetwo actswill thenbepulledoff thequeueandpassedo thegenerator:



Section19.9.  Advanced:Plan-base®ialogueAgents 63

A4: Right. Theresthreenon-stopgoday

Although this TRIPS dialoguemanagersuccessfullydealswith grounding
andotherdiscoursebligations,jt hasseverallimitations. Themanagehasto deal
with issuesfrom groundingto problemsolving, including both task-level plan-
ning (booking ights) anddiscourse-ieel planning,aswell as maintainingdis-
coursecontet. Thereis noway for the interpretatiorandgeneratiorcomponents
to communicatedirectly A more recentdialoguemanagemenarchitecturefor
TRIPSis shavn in Figure19.29.Heretask-speci cplanningandproblemsolving
is parceledutto aseparatdaskManager ThelnterpretatiorManagerecognizes
rich dialogactsincluding problem-solvingacts,andkeepsdiscoursecontect. The
Generatiormanageris sensitve to this knowledge. The Behavioral agentplans
behaior basednits own goalsandobligationsaswell asuserutterances.

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

Conversational agentsarea crucial speechandlanguageprocessingapplication
that are alreadywidely usedcommercially Researcton theseagentsreliescru-
cially onanunderstandingf humandialogueor corversationapractices.

Dialoguesystemgyenerallyhave 5 componentsspeectrecognition,natural
languagaunderstandingdialoguemanagementjaturallanguagegeneration,
andspeectsynthesisThey mayalsohave ataskmanagespeci c to thetask
domain.

Dialoguearchitecture$or corversationahgentgnclude nite-state systems,
frame-basedproductionsystemsMarkov DecisionProcessesndBDI (belief-
desire-intention) models.

Groundingand initiative are crucial humandialoguephenomendhat must
alsobedealtwith in corversationahgents.

Speakingn dialogueis a kind of action;theseactsarereferredto dialogue
acts Automaticinterpretationof dialogueactsrequiresthe useof lexical,
syntacticandprosodicknovledge.

Human-humanlialogueis anotherimportantareaof dialogue relevantespe-
cially for suchcomputationatasksasautomatic meetingsummarization.

Dialogue exhibits intentional structure in addition to the informational
structur g, includingsuchrelationsasdominanceandsatisfaction-precedence

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Early work on speechand languageprocessinghad very little emphasison the
studyof dialogue.Oneof the earliestcorversationakystemsELIZA, hadonly a
trivial productionsystemdialoguemanagerif the humanusers previous sentence
matchedthe regularexpressionpreconditionof a possibleresponseELIZA sim-
ply generatedhat responsdWeizenbaum 1966). The dialoguemanageifor the
simulationof the paranoidagentPARRY (Colby et al., 1971), wasa little more
compl. Like ELIZA, it wasbasedon a productionsystem,but whereELIZA's
ruleswerebasednly onthewordsin theusers previoussentencePARRY' srules
alsorely on globalvariablesndicatingits emotionalstate.FurthermorePARRY' s
outputsometimesnakesuseof script-like sequencesf statementsvhenthe con-
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 increasehe valueof his fear variableandthenbegin to expressthe
sequencef statementselatedto his delusion.

The appearancef more sophisticatedlialoguemanagerswaited the bet-
ter understanding@f human-humamlialogue. Studiesof the propertiesof human-
humandialoguebeganto accumulaten the 19705 and19805. The Corversation
Analysiscommunity(Sackset al., 1974; Jeferson,1984; Scheloff, 1982)began
to studythe interactionalpropertiesof conversation. Groszs (1977) dissertation
signi cantly in uenced the computationaktudy of dialoguewith its introduction
of the study of substructuresn dialogues(subdialogues)andin particularwith
the nding that*“task-orienteddialogueshave a structurethatcloselyparallelsthe
structureof the task being performed”(p. 27). The BDI modelintegrating ear
lier Al planningwork (FikesandNilsson,1971)with speechacttheory (Austin,
1962; Gordonand Lakoff, 1971; Searle,1975a)was rst worked out by Cohen
andPerraul(1979),shaving how speeclactscouldbegeneratedandPerrauliand
Allen (1980)andAllen andPerrault(1980),applyingthe approacho speech-act
interpretation.

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

Models of dialogueas collaboratve behaior were introducedin the late
19805 and 19905, including the ideasof referenceas a collaboratve process
(Clark andWilkes-Gibbs 1986),andmodelsof joint intentions (Levesqueetal.,
1990), and shared plans (Groszand Sidner 1980). Relatedto this areais the
study of initiati ve in dialogue,studyinghow the dialoguecontrol shifts between
participantgWalker 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 thedialogueactmisinterpretationg the Who's On Firstroutineatthe
beginningof thechapter

19.2 Write a nite-state automatonfor a dialoguemanagerfor checkingyour
bankbalanceandwithdraving money atanautomatedeller machine.

19.3 Dispreferredresponsegfor exampleturning down a request)are usually
signaledby surfacecuessuchassigni cant silence.Try to noticethenext timeyou
or someonelseuttersadispreferredesponseandwrite down theutteranceWhat
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aresomeothercuesin therespons¢hatasystenmightuseto detectadispreferred
responseZonsidemon-\erbalcueslike eye-gazeandbodygestures.

19.4 Whenasledaquestiorto whichthey arent surethey know theansweypeo-
ple usea numberof cuesin their responseSomeof thesecuesoverlapwith other
dispreferredesponsesTry to noticesomeunsureanswergo questionsWhatare
someof thecues?If you have troubledoingthis, you mayinsteadreadSmithand
Clark (1993)which lists somesuchcues,andtry insteadto listen speci cally for
theuseof thesecues.

19.5 The sentencé Do you havethe ability to passthe salt? is only inter
pretableasa question,not asan indirect request. Why is this a problemfor the
BDI model?

19.6 MostuniversitiesrequireWizard-of-Ozstudiesto be appraved by a human
subjectdoard,sincethey involve deceving the subjectslt is agoodidea(indeed
it is oftenrequired)to “debrief’ the subjectsafterwardsandtell themthe actual
detailsof thetask.Discussyouropinionsof themoralissuesnvolvedin thekind of
deception®f experimentakubjectghattake placein Wizard-of-Ozstudies.

19.7 Implementa small air-travel help system. Your systemshould get con-
straintsfrom the userabouta particular ight thatthey wantto take, expressed
in naturallanguage and display possible ights on a screen. Make simplifying
assumptions.You may build in a simple ight databaser you may usea ight
informationsystemon thewebasyour baclend.

19.8 Augmentyour previous systemto work over the phone(or alternatvely,
describeheuserinterfacechangeyouwould have to malke for it to work overthe
phone).Whatwerethe majordifferences?

19.9 Designa simple dialoguesystemfor checkingyour email over the tele-
phone.Assumethatyou hada synthesizewhich would readout ary text you gave
it, anda speechrecognizewhich transcribedvith perfectaccurag. If youhave a
speeclrecognizeor synthesizeryou mayactuallyusetheminstead.

19.10 Testyouremail-readingsystemon somepotentialusers.If youdont have
an actualspeectrecognizernr synthesizersimulatethemby actingasthe recog-
nizer/synthesizeyourself. Choosesomeof themetricsdescribedn the Methodol-
ogy Box on page22 andmeasurehe performancef your system.
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