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Abstract

While dialogue acts provide a useful
schemafor characterizingdialogue be-
haviors in human-computeand human-
humandialogues,their utility is limited

by the huge effort involved in hand-
labellingdialogueswith a dialogueactla-

belling scheme. In this work, we exam-
ine whetherit is possibleto fully auto-
matethe taggingtaskwith the goal of en-
abling rapid creationof corporafor eval-

uatingspolendialoguesystemsaindcom-
paring them to human-humardialogues.
We report results for training and test-
ing anautomaticclassi er to labelthein-

formationprovider's utterancesn spolen
human-computeand human-humardia-
logueswith DATE (DialogueAct Tagging
for Evaluation) dialogue act tags. We
train and test the DATE taggeron var

ious combinationsof the DARPA Com-
municator June-2000and October2001
human-computecorpora,and the CMU

human-humarcorpusin the travel plan-
ning domain. Our resultsshav that we
canachiere highaccuraciesnthehuman-
computerdata, and surprisingly that the
human-computedataimproves accurayg

on the human-humandata, when only
small amountsof human-humartraining
dataareavailable.

1 Intr oduction

Recentresearchon dialogueis basedon the as-
sumptionthat dialogue acts provide a useful way
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of characterizinglialoguebehaiorsin bothhuman-
human (HH) and human-compute(HC) dialogue
(Isardand Carletta,1995; Shribeg et al., 2000; Di
Eugenioetal., 1998;Cattonietal., 2001). Previous
researcthasuseddialogueacttaggingfor taskssuch
asimproving recognitionperformancgShribeg et
al., 2000),identifying importantpartsof a dialogue
(Finke et al., 1998),evaluatingand comparingspo-
kendialoguesystemgWalker et al., 2001c;Cattoni
etal., 2001; Hastieet al., 2002),asa constrainton
nominal expressiongenerationJordan,2000), and
for comparingHH to HC dialogues(Doran et al.,
2001).

Ourwork builds directly on the previous applica-
tion of the DATE (DialogueAct Taggingfor Eval-
uation)taggingschemeto the evaluationandcom-
parisonof DARPA Communicatorialogues. The
hypothesisunderlyingthe use of dialogueact tag-
gingin spolendialogueevaluationis thata systems
dialoguebehaiors have a strongeffectonits usabil-
ity. BecauseCommunicatorsystemshave unique
dialoguestratgies,anda uniqueway of represent-
ing and achieving particularcommunicatre goals,
DATE wasdevelopedto consistentlylabel dialogue
behaiors acrosssystemsso that the potentialutil-
ity of dialogueact taggingcould be explored. In
previous work, Walker and Passonneade ned the
DATE schemeandlabelledthe systenutterancei
theJune2000datacollectionof 663dialoguesrom
nine participating Communicatorsystems(Walker
et al., 2001c; Walker et al., 2001a). They then
derived dialogueact metrics from the DATE tags
and shaved that when thesemetricswere usedin
thePARADISE evaluationframewvork (Walkeretal.,
1997)thatthey improvedmodelsof usersatisaction
by anabsoluté&s , andthatthenew metricscouldbe
usedto understandvhich systems dialoguestrate-
giesweremosteffective.



A major part of evaluationeffort using dialogue
act tagging, however, is to actually label the dia-
logueswith the dialogueacttags. In previous work
(Walker et al., 2001c),the DATE labelling of the
June-200@&orpuswasdoneusinga semi-automatic
methodthat involved collection of a large number
of utterance patternsfrom the different sites par
ticipatingin the collectionand subsequenhandla-
belling of thesepatterns. The 100 coverageand
accurag achieed by the patternmatcherthat was
implementedor labellingthe systenutterancesvas
crucially at the costof maintaininga large labelled
patterndatabasé. Furthermoresincethe collected
patternswere very speci ¢ and often exact dupli-
catesf thesystenutterancei thedialoguesslight
variationsin the systemutteranceover time led to
a reductionin coverageof the patternmatcher For
example,onthe October2001collection,thetagger
wasableto labelonly 60 of thedata. Accounting
for the unmatchedand thus unlabeled)utterances
turnedout againto beatediousprocesof manually
augmentinghe patterndatabasavith new utterance
patterns.

We examine whetherit is possibleto fully au-
tomatethe taggingtask with the goal beingto en-
ablerapid creationof new spolen dialoguecorpora
that canbe submittedto evaluationprocedureghat
rely ontaggingschemesike DATE. Ourhypothesis,
arisingfrom roughqualitative studiesjs thatwithin
thesamedomaintherearelarge similaritiesnotonly
betweendifferent HC dialogues(acrosssystemas
well asover a periodof time) suchasthe Commu-
nicator dialogues,but also betweenHC dialogues
and HH dialogues. Figure 1 shavs a HC dialogue
andFigure2 shavs a HH dialoguefrom the CMU-
corpus(U=user A=humanagent,S=computeisys-
tem) in which the informationproviders' utterances
for informationgatheringandinformationpresenta-
tion acrossboth dialoguesare very similar. Thus,
basedn this andothersimilar obserations,we de-
cidedto testthe extentto which sufciently general
taggingrulescanbe learnedfrom HC datato label
otherHC dataandHH datain similar domainswith
high accurag.

We focus on labelling only the information
providers' side of the dialogues. The primary mo-
tivation for this is to be ableto characterizesystem
dialoguestratgiesfor cross-siteevaluation.System
dialoguebehaiors have alargeimpacton users'ex-

11t shouldbe noted,however, that the task of labelling the
utterancesn the patterndatabasevasstill a considerablesim-
pli cation over entiredialoguesbeinglabelledby humananno-
tators,whichis the usualpracticein taggingtasks.

S: Leaving from Phoenix,And, whatcity areyou ying to?
U: SEOULKOREA

S: Flying from Phoenixto Seoul,Whatdatewould you like
to y?

U: WEDNESDAY OCTOBERELEVENTH

S: Leaving onthe 11thof October Whattime woodjalike to
depart?

U: ANY TIME

S: From Seoul.Are you returningto Phoenix?

U: YES

S: And whatdatedidjawannareturn?

U: SUNDAY OCTOBERFIFTEENTH

S: | may have misheardYou saying the 5th of October
Pleasebe aware that the returndate mustbe later thanthe
departuradate. Pleaseell me whatdateyou would like too
return.

Figurel: Excerptof a HC Dialoguefrom the June-
2000Corpus

U: hello

A: peoplestravel. whatcity doyouwantto y to

U: chicago

A: onwhatdate

U: on the twenty secondof may therewill be two people

travelling

A: whattime doyou needto depart

U: assoonaspossibleafter vep.m.

A: the rst ight after ve p.m. onthatdateis at ve thiry
ve p.m. arriving in chicagoat six oh six p.m. onu.s. air

:isthato'hare

: yesitis

: okay i'll take that

: onwhatdatedo you wantto return

: thefollowing sunday

: atwhattime do you needto depart

crPCcrCc>»C

. i wantto arrive no laterthansevenin theevening

Figure2: Excerptof aHH Dialoguefrom the CMU-
Corpus

perienceandon users'behaior. Furthermoreusers
in the HC dialoguesrarely took initiative andtheir
utteranceshavedvery little variation(Doranetal.,
2001). In addition,we believe thatoncethe system
sideof thedialoguess labelled,it will bemucheas-
ier to labeltheusersideof thedialogues.

We reporttheresultsof applyingarule-induction
methodto train and test DATE taggerson various
combinationsof the DARPA CommunicatorJune-
2000and Octobef2001 HC corpora,andthe CMU
HH corpusin the travel planningdomain. The ac-
curay of a DATE taggertrainedandtestedon the
June-200Ccorpusis 98.5 . On the Octobefr2001
corpus, this tagger achiezes an accurag of only
71.8 , but adding 2000 utterancedrom the 2001
corpusto thetrainingdataimprovesaccurag onthe
restof the 2001 corpusto 93.8 . The accurayg of
a taggertrainedon the HC corporaand testedon
the CMU-corpusis 36.7 (a signi cant improve-
mentover the baselineof 28 ). A DATE tagger
trainedon 305 examplesof the HH dataachiares



anaccurag of 48.75 , but the additionof the HC
training dataimprovesaccurag to 55.5 (majority
classbaseline=28). This pair of resultsdemon-
strategquantitatvely thatthe HC datacanbe usedto
improve performancef ataggerfor HH data.How-
ever, a larger training corpusof HH dataimproves
performanceéo 76.6 accurayg, asestimatedy 20-
fold cross-alidationonthe CMU-corpus.

Section2 describeghe corpora,the DATE dia-
logue act taggingschememethodsfor taggingthe
corporafor the experiments,and the featuresused
to train a DATE dialogueact taggerfor DATE la-
belling of the corpora. Section3 presentsour re-
sults. We postponaliscussiorandcomparisorwith
relatedwork till Section4.

2 Corpus, Data, Methods

Our experimentsapply the rule learning program
RIPPER (Cohen,1996)to train a DATE dialogueact
taggerfor the utterancesf theinformationprovider

in HC and HH travel planning dialogues. Like

otherautomaticclassi ers,RIPPER takesasinputthe
namesof a setof classedo be learned,the names
andrangesof valuesof a x edsetof featues and
training data specifyingthe classand featureval-

uesfor eachexamplein atrainingset. Its outputis

a classi cation modelfor predictingthe classof fu-

tureexamples.n RIPPER, theclassi cationmodelis

learnedusinggreedysearchguidedby aninforma-

tion gainmetric, andis expressedisan orderedset
of if-then rules. Although ary of severalautomatic
classi erscouldbeusedto trainanautomatidATE

tagger RIPPER supportgextual featureswhich are
importantfor this problem,andoutputsif-thenrules
that are easyto understandand which male clear
which featuresare usefulto the DATE taggerwhen
classifyingutterances.

To apply RIPPER, the utterancesin the corpus
mustbeencodedn termsof a setof classegtheout-
putclassi cation)anda setof inputfeatureghatare
usedaspredictordor theclassesBelow wedescribe
the corporatheclassesierivedfrom the DATE tag-
ging schemethe methodsusedfor taggingthe cor
porausingthe DATE schemeandthe featuresthat
areextractedfrom the dialoguein which eachutter
anceoccurs.

2.1 Travel Planning Corpora

Our experimentsautilize bothHC andHH dialogues
in the travel planningdomain. The DARPA Com-
municatorHC dialoguecorpusconsistof the June-
2000 corpus and the Octobef2001 corpus. The

June-2000corpus contains 663 experimental dia-
loguescollectedduring a threeweekperiodin June
of 2000for corversationdetweerhnumanusersand
9 different Communicatoitravel planningsystems.
TheOctober2001corpuscontainsl252experimen-
tal dialogue<ollectedbetweermpril andOctoberof
2001 for conversationsbetweerhumanusersand8
differentcCOMMUNICATOR travel planningsystems.
Thedialoguesnverequitecomple, rangingbetween
simple oneway trips requiringno groundarrange-
mentsto multileg trips to internationalor domes-
tic destinationghat requiredcar and hotel arrange-
ments.Thedialoguegdypically lastedbetweer?2 and
10 minutes. Therewasa greatdeal of variationin
thedialoguestratgiesimplementedy thedifferent
systemspoth betweenthe sitesduring eachcollec-
tion aswell aswithin a singlesite acrosshe differ-
entcollections from 2000to 2001. Therewereato-
tal of 22930systenutterancedn the June-200@or
pusanda total of 69766utterancesn the October
2001 corpus. Eachdialogueinteractionwaslogged
by eachsystemusinga sharedog le standard We
were primarily interestedn threeloggedfeatures:
(1) the text of eachsystemutterance;(2) what the
recognizemunderstoodor eachuserutterance;and
(3) thetranscriptionthateachsite provided for what
theuseractuallysaid.We describebelav in Section
2.4how weusedthesehreelog le featureso derive
thefeaturesusedto trainthe DATE tagger

The HH dialoguecorpusconsistsof the CMU-
corpus(Eskenaziet al., 1999). Dialoguesin the
travel planningdomainwere collectedby the Com-
municator group at Carngjie Mellon University
(CMU), who arrangedwith the onsitetravel ageng
Peoples Travelto recordcallsfrom anumberof vol-
unteersubjectswho called the humantravel agent
to planintendedtrips. Thesecalls werethentran-
scribed and the recordingsand the transcriptions
were madeavailableto membersof the Communi-
catorcommunity Labellersat our site subsequently
segmentedthe travel agentside of the conversation
into utterancesvhereeachutteranceealizeda sin-
gle dialogueact. We usedthis utterancdevel sey-
mentatiornto de ne theunit for taggingin theexper
imentsdescribedbelon. The CMU-corpusconsists
of 38 dialogueswith atotal of 1062travel agentut-
terances.

2.2 ClassAssignment

The classesused to train the DATE tagger are
derived directly from the DATE tagging scheme
(Walker et al., 2001c). DATE classi es eachut-
terancealongthreecross-cuttingprthogonaldimen-



sionsof utteranceclassi cation: (1) a SPEECH ACT

dimension; (2) a CONVERSATIONAL-DOMAIN di-

mension;and(3) a TASK-SUBTASK dimension.The
SPEECH ACT and CONVERSATIONAL-DOMAIN di-

mensionsshouldbe generalacrossdomains,while

the TASK-SUBTASK dimension involves a task
model that is not only domain speci c, but could

vary from systemto systembecausesomesystems
mightmalke ner-grainedsubtaskdistinctions.

The sPEECH ACT dimension capturesdistinc-
tions betweendistinctcommunicatie goalssuchas
requestinginformation (REQUEST-INFO), present-
ing information(PRESENT-INFO) andmakingoffers
(oFfFER) to acton behalfof the caller Thetypesof
speeclactsarespeci edandillustratedin Figure3.

[ Speech-Act Example |
REQUEST-INFO And,whatcity are you ying to?
PRESENT-INFO Theairfare for this trip is 390 dol-
lars.

OFFER Wbuld youTike meto hold this op-
tion?

ACKNOWLEDGMENT T will bookthisTeg.

BACKCHANNEL Okay

STATUS-REPORT Accessinghe database;this might
take a few seconds.

EXPLICIT- Youwill departon Septembetst.Is

CONFIRM thatcorrect?

IMPLICIT- LeavingfromDallas.

CONFIRM

INSTRUCTION Try sayinga shortsentence

APOLOGY Sorry, T didn't undestandthat.

OPENING- Hello. Welcometo theC M U Com-

CLOSING municator

Figure3: ExampleSpeeclActsin DATE

The CONVERSATIONAL-DOMAIN dimensiondis-
tinguisheshetweertalk devotedto thetaskof book-
ing airline resenations (“about-task”) versustalk
devoted to maintainingthe verbal channelof com-
munication (“about-communicatio’) (Allen and
Core, 1997). DATE addsa third domain called
“about-situation-flame”, to distinguish utterances
thatprovide informationabouttheinteractionakton-
text, e.g. Try sayinga short sentenceor | know
about500internationaldestinations

TheTASK-SUBTASK dimensiorfocusse®nspec-
ifying which subtaskof the travel reseration task
the utterancecontritutesto. Some examplesare
given in Figure 4. This dimensiondistinguishes
among 28 subtasks,some of which can also be
groupedat a level belown the top level task. The
TOP-LEVEL-TRIP taskdescribeshetaskwhichcon-
tains as its subtasksthe ORIGIN, DESTINATION,
DATE, TIME, AIRLINE, TRIP-TYPE, RETRIEVAL
andITINERARY tasks. The GROUND taskincludes
both the HOTEL and caRr subtasks. The HOTEL

task includesboth the HOTEL-NAME and HOTEL-
LOCATION subtasks.

Some utterances, especially about-situation-
frameutterancesuchasinstructionsandapologies
arenot speci ¢ to ary task. For example,apologies
made by the system about a misunderstanding
can be madewithin ary subtask. We give these
utterances “meta” valuein thetaskdimension.

[ Task Example |

TOP-LEVEL-  Whatareyourtravelplans?

TRIP

ORIGIN And,whatcity are youleavingfrom?

DESTINATION And,wheeareyou ying to?

DATE Whatdaywouldyouliketo leave?

TIME Departingat whattime?.

AIRLINE Did youhavean airline prefeence?

RETRIEVAL Accessindghe databasehis mighttake a
few seconds.

ITINERARY Theairfare for thistrip is 390dollars.

GROUND Did youneedio male anygroundarrange-
ments?.

HOTEL Did youneeda hotel?.

HOTEL- Do youhavea preferredhotelchain?.

NAME

HOTEL- Wbuld youTike a hotelnear downtownor

LOCATION neartheairport?.

CAR Do youneeda carin SanJose?

CAR-TYPE Whatkind of car did youwant?

CAR-RENTAL Do youhavea preferredrentalagency?

Figure4: ExampleSubtasksn DATE

It is possibleto achieve very specic labelling
of systemutterancedy applying all three dimen-
sionssimultaneously For example,one setof out-
put classesfor the DATE tagger consistsof the
combinationof all three classesso that an utter
ancesuchas| foundthree ights that matd your
requestis classied as ABOUT-TASK:PRESENT-
INFO:FLIGHT.2 However, the DATE schemealso
makes it possibleto train and test a DATE tag-
gerfor just the SPEECH-ACT dimensionor just the
TASK dimension. Figure 5 shawvs utterancedrom
a June-2000dialogue fragmentthat are classi ed
alongeachof thethreeDATE dimensions.

Taggingutteranceslongthe SPEECH ACT dimen-
sionprovidesthemostgeneratagging.Thislevel of
categorizationis task-independerdand possiblysit-
uationindependentie. from HC to HH dialogues.
Onesetof experimentssimply testsperformanceof
a DATE taggerfor the speech-actimensionon the
HC dialoguedata.In addition,we alsotraina DATE
taggeron the HC dialoguesusing only the speech

2DATE labelsthatarespeci edfor all thethreedimensions
have thedimensiorvaluesgivenin three elds separatedy “:".
The rst eld containghevaluefor the Conversational-Domain
Dimension,the secondor the Speech-AcDimension,andthe
third for the Task-SubtasPimension.



actdimensiorfor the purposeof applyingit to atest
setof the CMU-corpusof HH dialogues’

2.3 Preparation of Training and TestData via
DATE Tagging

TheDATE labellingof the June-200@latawasdone
with a semi-automatidagger: an utteranceor ut-
terancesequencés identi ed andlabelledautomat-
ically by referenceto a databaseof utterancepat-
ternshand-labelledvith DATE tags. The collection
and DATE labelling of the utterancepatternswas
donein cooperationwith site developers. As dis-
cussedabore, thesepatternsfor the 2000 dataset
wereoften quite speci ¢, andofteninvolved whole
utterancesHowever, sincethe systemsisetemplate
basedgenerationand have only a limited number
of ways of sayingthe samecontent,relatively few
utterancepatternsneededo be hand-labelledvhen
comparedo the actualnumberof utterance®ccur
ring in the corpus. Furtherabstractionon the pat-
ternswas donewith a named-entitylabellerwhich
replacesspeci c tokensof city namesairports,ho-
tels, airlines,dates times, cars,andcarrentalcom-
panieswith their generictype labels. For example,
what time do you want to leave AIRPORT on

DATE-TIME ? is the typed utterancefor what
time do youwantto leaveNewark Internationalon
Monday? For the 2000tagging,the numberof ut-
terancedn the patterndatabasevas 1700 whereas
the total numberof utterancesn the 663 dialogues
was22930. The named-entityabellerwasalsoap-
plied to the systemutterancesn the corpus. We
collectedvocalulary lists from all the sitesfor the
named-entityabellingtask. In mostcasessystems
had preclassi edthe individual tokensinto generic
types.

The taggerimplementsa simple patternmatch-
ing algorithmto do the dialogueact labelling: for
eachutterancepatternin the patterndatabasethe
taggerattemptsto nd a matchin the dialogues;
if the matchsucceedsthe DATE label of that pat-
ternis assignedo thematchingutterancen thedia-
logue. The matchingignorespunctuatiorsincesys-
temsvary in theway they recordpunctuatiorf:

Certainutterancedave differentcommunicatre
functionsdependingon the context in which they

3Tagging utterancesalong the TASk dimensionmay pro-
vide aroughnotionof discourseseggmentatiorin thatutterances
aboutthe sametask may be groupedtogether Due to lack of
spacehowever, we do not presentesultsfor tasktagging.

“4Ignoringpunctuatiordoesnot, however, createanutterance
segmentatiorproblemfor thetagger We assumeéhatthe utter
ancesin the patterndatabaserovide the referencepoints for
utteranceboundaries.

occur For example, phraseslike leaving in the

DATE-TIME are implicit con rmations when
they constituteanutterancentheirown, but arepart
of the ight informationpresentationvhenthey oc-
curembeddedh utterancesuchasl haveone ight
leavingin the DATE-TIME . To preventincor
rectlabellingfor suchambiguousasesthe pattern
databasés sortedsothatsub-patternarelistedlater
thanthe patternswithin which they are embedded,
andthe patternmatcheris forcedto matchpatterns
in their orderof occurrencen thedatabase.

Dialogue Lodfile:
from Systems

Named Entity|
Labeller

Named-Entity
Lists from
Systems

'

Dialogues with
Named-Entity
Labels

Pattern Databa
with DATE
Classification

DATE
Pattern Matche

[ DATE contextual rules|

DATE
Labelled Dialogues

Figure6: TheDATE DialogueAct Tagger

While thistaggerachived 100 accurag for the
2000databy usingmary speci ¢ patternsywhenap-
plied to the 2001 corpusit was able to label only
60 of the data. On examinationof the unlabelled
utteranceswe found that mary systemshad aug-
mentedheirinventoryof named-entitytemsaswell
assystemutterance$rom the 2000to the 2001 data
collection. As a result,therewere mary new pat-
ternsunaccountedor in the existing named-entity
lists aswell asin the patterndatabase.In an at-
temptto cover the remaining40 of the data,we
thereforeaugmentedhe named-entitylists by ob-
taining a new setof preclassi edvocalulary items
from the sites, and added800 hand-labelledpat-
ternsto the patterndatabase.For the labelling of
ary additionalunaccounted-fopatternswe imple-
menteda contetual rule-basedpostprocessothat
looks at the surroundingdialogue acts of an un-
matchedutterancewithin a turn andattemptso la-
belit. The contetual rulesareintendedto capture



rigid systemdialoguebehaiors that are re ected
in the DATE sequencewvithin aturn® For exam-
ple, onevery frequentlyoccurringDATE sequence
within system turns is abouttask:preseninfo: ight,
abouttask:preseninfo:price, abouttask:ofer:ight.  The
rule usingthis contextual informationcanbe infor-
mally statedas follows: if in a turn, the rst two
utterancesare labelled as abouttask:preseninfo: ight
andabouttask:preseninfo:price, andthe third utterance
is unlabelled,assignthe third utterancethe label
abouttask:ofer: ight. Not all turn-internalDATE se-
guencesare usedas contetual rules, however, be-
causemary of themarehighly ambiguous.For ex-
ample aboutcommunicaton:apology:mesdu_rejectcanbe
followedby a systeminstructionaswell asary kind
of requesfor information(typically) repeatedrom
the previous systemutterance.Figure 6 shaws the
currentDATE taggingsystem,augmentedvith the
DATE rule-basegostprocessor

With the 2000 taggeraugmentedvith the addi-
tional named-entityitems, utterancepatterns,and
the postprocesspmwe were ableto label 98.4  of
the (69766)utterancesn the2001corpus.

We conducteda handevaluationof 10 dialogues
whichwe selectedandomlyfrom eachsystem.The
evaluationof the total 80 dialoguesshaws that we
achieyed96 accurag onthe2001tagging.

In order to label the HH corpus of 1062 ut-
teranceswe startedwith 10 dialogues(305 utter
ances)labelledwith the CSTAR dialogueact tag-
gingschemgFinke etal., 1998;Doranetal., 2001).
We automaticallycorvertedthelabelsto DATE, and
then hand-correctedhem. We labelledthe rest of
the HH databy training a DATE tagger applyingit
to the remainderof the corpus,andhand-correcting
theresults.

2.4 Feature Extraction

Thecorpusis usedto constructhemachindearning
featuresasfollows. In RIPPER, featurevaluesare
continuous(numeric),set-\alued (textual), or sym-
bolic. We encodeceachutterancen termsof a set
of 19 featureghatwereeitherderived from thelog-
les, derived from humantranscriptionof the user
utterancesor represenaspect®f the dialoguecon-
text in which eachutteranceoccurs.

The completefeature set used by the machine
learneris describedn Figure 7. The featuresfall
into threecateyories: (1) target utterance features
; (2) contextfeatures; and(3) whole dialoguefea-
tures

5The log le standarddistinguishessystemand user turns
within thedialogues.

target utterance features utt-string contains-wod-
FLIGHT-or-AIRLINE, contains-wod-HOTEL-or-
ROOM, contains-wod-RENTRAL-or-CAR  contains-
word-CITY-or-AIRPORT contains-wod-DATE-TIME,
pattern-length

context features  left-sys-utt-string right-sys-utt-

string, da-num position-in-turn  left—dacontgt1,
left-da-cont&t2,  usrorig-string,  usrtyped-string
rec-orig-string rec-typed-stringisr-rec-string-identity

whole dialoguefeatures system-nameéurn-number

Figure7: Featuresisedby the MachineLearner

Thetarget utterance featuresincludethe target
utterancestring for which the dialogueact is to
be predicted (utt-string, and a set of features
derived from the named-entityabelling aboutwhat
semantictypesare instantiatedn the taget string.
For example the feature contains-wod-FLIGHT-
or-AIRLINE is representedy a booleanvariable
specifying whether the utterancestring contains
the words FLIGHT or AIRLINE. Similar features
are contains-wod-HOTEL-o-ROOM, contains-
word-RENRL-or-CAR  contains-wod-CITY-or-
AIRPORT and contains-wod-DATE-TIME The
pattern-lengthfeatureencodeghe charactedength
of the tamget utterance. The motivation for these
featuresis to representasic aspectsof the tamget
utteranceeg.qg. its length,andthe lexical itemsand
semantidypesthatappeatin the utterance.

The context features encode simple aspects
aboutthe context in which the taiget utteranceoc-
curs. Two of theserepresentthe system utter
ancestringsto the left andright of the target ut-
terance(left-sys-utt-stringand right-sys-utt-strig).
The left-da-contgtl and left-da-contgt2 features
representhe left unigramandbigramdialogueact
contet of the tamet utterance;this goesbeyond
the tamget turn to only the last dialogueactin the
previous systemturn. The da-numfeatureencodes
the numberof dialogueactsin the tamget turn and
the position-in-turnfeatureencodeghe position of
the tamet utterancein its turn. In addition, the
users previousutterances representedspartof the
contet, both in termsof automaticallyextractable
featuredike what the automaticspeechrecognizer
thoughttheusersaid(rec-orig-string, andaversion
of this on which the named-entitytabellerhasbeen
run (rec-typed-string as well asin termsof hu-
mangeneratedranscription®f the users utterance.
Featuresbasedon the transcriptionsinclude the
original human transcription(usrorig-string and
the transcriptionafter named-entitytagging (usr
typed-striny. Theusrrec-string-iderity featureis a



| TrainingData | TestData

| Dim | Maj. CI. Baseline | Acc. (SE) |

JUNE-2000 4fold Xval JUNE-2000 All 6.45% 98.5% 0.11%
JUNE-2000 OCTOBER-2001 All 9.52 71.82 0.17
JUNE-2000 & 2000 ex- | October2001w/out2000 | All 10.18 93.82 0.09
amplesof October2001

Tablel: Resultsfor Identifying Three-Wy DATE Tagsin the October2001 CommunicatoiCorpus,(Dim
= Dimensionof Date usedfor outputclassi cation (Maj. Cl. = Majority Class,Acc = Accurag, SE =

StandarcError)

booleanfeaturebasedon comparingthe users tran-
scribedutterancewith the recognizes hypothesis
of what the usersaid, using simple string-identity
Someapplicationsof DATE taggingwould not use
featuresderived from humangeneratedranscrip-
tions so the experimentsbelow reportaccurag g-
uresfor DATE taggerswhich ignorethesefeatures.
The motivation for the contect featuresis to repre-
sentaspectsof the context in which the utterance
occursin termsof a window of surroundindexical
itemsanddialogueacts.

Thewhole dialoguefeaturesarethe nameof the
site whosesystemgeneratedhe dialogue(system-
namg, andthe turn numberof the target utterance
within the whole dialogue(turn-numbey. For HH
dialoguesthe system-namaasthe value “human”.
The motivation for including the system-naméea-
tureis to seewhetherthereareary aspect®f thedi-
alogueactrealizationghatarespeci c to particular
systems. The motivation for the turn-numberfea-
tureis thatparticulartypesof dialogueactsaremore
likely to occurin particularphase®f thedialogue.

3 Results

Giventhe corporaandfeaturesdescribedabove, we
constructeda set of training andtest les for use
with the RIPPER engine. Eachspolen dialogueut-
teranceby the systemor by the humantravel agent
in the corporaare representedn termsof the fea-
turesand classvaluesdescribedabose. Oneof the
primarygoalsin theseaexperimentss to testtheabil-
ity of the trained DATE taggerto learnand apply
generalrules for dialogueact tagging. In the HC
data, we examine how a DATE taggertrained on
theJune-200@orpusperformson the October2001
corpus,with andwithout 2000labelledexamplesof
October2001 training data. For the HH data, we
examinehow a DATE taggertrainedon thetwo HC
corpora(June-200@ndOctober2001) performson
theCMU-corpuswith andwithout305utterancesf
HH labelledtraining data. We rst reportaccurag
resultsfor a DATE taggertrainedandtestedon the

HC June-2000and October2001 corporaandthen
reportresultsfor theHH CMU-corpus.

Human-Computer Results Table1 shaws that
the reportedaccuraciegor the HC experimentsare
signifcantlybetterthanthebaselinen eachcaseand
the differencesbetweenthe rows are also statisti-
cally signi cant. The rst row shaws that the ac-
curay of a DATE taggertrained and testedusing
four-fold cross-walidation on the June-200Qdatais
98.5 with a standarderror of only 0.11 . This
indicatesthat after training on 75 of the data,
thereare few unexpectedutterancesn the remain-
ing 25 . However, the secondrow shaws that a
DATE taggertrainedon the 9 systemsepresented
in the June-2000corpus and testedon the (sub-
set)8 systemgepresenteth the October2001 cor
pusonly achieres 71.82 accurag. This roughly
matchesour earlier nding in Section2.3 thatdur
ing theintenal from June-200Qo April-2001 when
the 2001 datacollectionbegan, mary changeshad
beenmadeto the Communicatorsystemsand that
thelearnedrulesfrom the June-200@atawere not
ableto generalizeaswell to the October2001 cor
pus.. Thethird row shavs thatthe overall variation
in thedatais still low: when2000labelledexamples
of theOctober2001dataareaddedo the June-2000
datafor training,the accurag increaseso 93.82 .
This suggestshataddinga smallamountof new la-
belledtrainingdatafor successie versionsof a sys-
temwould supporthigh accurag DATE taggingfor
thenew versionof the system.

Someof the rulesthat RIPPER learnedfrom the
HC corporafor predicting the DATE tag for ut-
terancesrequestinginformation about the origin
city, e.g. What city are you departing from?,
and requestinginformation about the destination
city, e.g. Whee are you travelingto?, are shovn
in Figure 8. The gure shaws that all of the
rulesfor both abouttask:requestinfo:orig_city andsmall
abouttask:requestinfo:destcity utilize the utter
ancestring feature. This suggestshat singlewords
in utterancexan be regardedasreliableindicators



| TrainingData | TestData | Dim | Maj. CI. Baseline | Acc. (SE) |
JUNE-2000 4fold Xval JUNE-2000 SFRA | 31.28 99.1 .09
JUNE-2000 OCTOBER-2001 SFA | 31.28 82.57 0.14
JUNE-2000 & 2000 ex- | October2001w/out2000 | SFA | 30.88 95.68 0.08
amplesof Octobefr2001

Table2: Resultsfor Identifying Speech-AcDATE tagsin the October2001 CommunicatoiCorpus,(Dim
= Dimensionof Dateusedfor outputclassi cation(SFA = SpeechAct, Maj. Cl. = Majority Class,Acc =

Accurag, SE= StandarcError)

of DATE tags. More interestingly the words uti-
lized areintuitively plausiblefor thetravel planning
domain. For example,the learnedquestionwords
suchaswhich, whee andwould are signi cant for
utteranceghat have requestinfo astheir SPEECH-
ACT dimension.The wordscity, airport, from, des-
tination and departingare signi cant predictorsof
utteranceghat have orig_city and destcity astheir
taskdimension.

if utt-string contains city
pattern-length 38

or if utt-stringcontainsairport pattern-length 38

or if utt-stringcontainscity  pattern-length 17 pattern-
length 15

or if utt-string containsfrom
stringcontainsWhere

or if utt-stringcontainscity  utt-stringcontainssay

or if utt-stringcontainsDEPARTING

or if utt-stringcontainswhich  utt-stringcontainsFrom
or if utt-string containscity  system-name=IBM utt-
stringcontainsdeparture

or if utt-string contains y
left-sys-utt-stringcontainscity
or if utt-stringcontainsy  utt-stringcontainsO
then abouttask:requestinfo:orig_city

utt-string contains from

pattern-length 66 utt-

utt-string containswhich

if utt-stringcontainswhere —utt-stringcontainsmust
or if utt-stringcontainscity  pattern-length 35

or if utt-stringcontainsWhere

or if utt-stringcontainsdestination

or if utt-stringcontainsDESTINATION

or if utt-stringcontainswhich utt-stringcontainscity
or if utt-stringcontainswhere

or if utt-stringcontainsWOULD

then abouttask:requestinfo:destcity

Figure 8: Rules for DATE tags
abouttask:requestinfo:orig_city and
abouttask:requestinfo:destcity  for  Training

on the June-2000Corpus and 2000 Examplesof
October2001Corpus.

Human-Computer Speech-Act Results Be-
cause the DATE scheme describes utterances
in terms of SPEECH-ACT, CONVERSATIONAL-
DOMAIN andTASK dimensionsit is alsopossibleo
extract from the compositelabelsand examinethe

DATE taggemerformancdor theindividual dimen-
sions.HerewefocusontheSPEECH-ACT dimension
since,asmentionedabore, it is morelikely to gen-
eralizeto HH travel dialoguesandto othertaskdo-
mains. Table2 shaws theresultsfor a DATE tagger
trainedandtestedon only the SPEECH-ACT dimen-
sion. Thereportedaccuraciesresignifcantlybetter
thanthebaselinén eachcaseandthedifferencede-
tweentherows arealsostatisticallysigni cant. The
resultssupportouroriginal hypothesisshaving that
the June-2000sPEECH-ACT DATE taggergeneral-
izesmorereadily to the October2001 corpus,with
an accurag of 82.57 (Row 2). Furthermoreas
before,even a small amountof training datafrom
the2001corpusmakesasigni cant improvementin
accurag t0 95.68 (Row 3), whichis closeto the
99.1 accurayg (Row 1) reportedfor training and
testingon the June-200Qorpusas estimatedoy 4-
fold cross-alidation.

Human-Human Results In orderto examine
whetherthereis ary generalizationfrom labelled
HC datato HH datafor the sametask, we apply a
DATE taggertrainedon only the SPEECH-ACT di-
mension.The rst row of Table3 shavs thatwhen
aDATE taggeris trainedon only theHC corpusand
testedontheHH corpusthattheaccurayg is 36.72
(a signi cant improvementover the baseline).This
resultdemonstrateguantitatvely thatthe HC data
canbe usedto improve performanceof ataggerfor
HH data.

Now, let us considera situationwherewe only
have 305HH labelledutterance$rom 10 of theHH
dialoguedo train a DATE tagger Row 2 shawvs that
weachiere48.75 accurag whentestingonthere-
mainderof the HH corpus. However if we addthe
HC datato the training set, the accurag improves
signi cantly to 55.48 (Row 3). Again this result
demonstrateguantitatvely thatthe HC datacanim-
prove performancef ataggerfor HH data.

Row 4 shavs thatthe utility of theHC corpusde-
creasedf larger amountsof HH labelleddataare
available; using95 of the datato train and test-



| TrainingData | TestData

| Maj. Cl. Baseline | Acc. (SE) ]

JUNE-2000 & OcCTOBER- | CMU-CORPUS 28.07 36.72 2.76
2001

305CMU-CORPUS CMU-coRrPUS - 305 43.93 48.75 1.82
JUNE-2000, OCTOBER- | CMU-CcORPUS - 305 28.04 55.48 1.81
2001 & 305CMU-CORPUS

CMU-CcORPUS 20fold Xval CMU-CorpPUSs | 54.14 76.56 1.03

Table 3: Resultsfor Identifying DATE Speech-Acflagsin the CMU Human-HumarCorpus(Maj. Cl. =
Majority Class,Acc. = Accurag, SE= StandardcError)

ingon5 with 20-fold cross-alidationachiezesan
accurag of 76.56 .

Examinationof the errorsthat the taggermakes
indicatesboth similarities and differenceshetween
HH andHC dialogues.For example,informationis
presentedn smallinstallmentsn the HH dialogues
whereasinformation presentatiorutterancesn the
HC dialoguedendto beverylong. Theinformation
presentatiomtterancesn HH dialogueghenappear
to be syntacticallysimilar to the implicit con rma-
tionsin the HC data. Finally, someutterancetypes
thatareveryfrequentin theHC datasuchasinstruc-
tionsrarelyoccurin theHH dialogues.

The rules that are learnedfor a DATE tagger
trainedontheHC corporaandthe HH CMU-corpus
for the offer SPEECH-ACT arein Figures9 and 10.
Therearetwo main conclusionghat canbe dravn
from these gures aboutthegeneralizatioirom HC
to HH corporain the SPEECH-ACT dimension.First,
in general,a larger numberof rulesarelearnedfor
the HH data,suggestinghat thereis greatervaria-
tion for thesamespeechactin HH dialoguesWhile
this is not surprising,thereis alsosigni cant over-
lap in the featuresandvaluesusedin therules. For
example,the utterancestring featureutilizes words
suchasselect,ight, do,okay ne, thesen bothrule
sets.

4 Discussionand Future Work

In summaryour resultsshav that: (1) It is possi-
ble to assignDATE dialogueacttagsto systemut-

terancesn HC dialoguesfrom mary differentsys-
temsfor the samedomainwith highaccurag; (2) A

DATE taggertrainedon datafrom anearlierversion
of the systemonly achiezesmoderateaccurag ona
later versionof the systemwithout a small amount
labelledtrainingdatafrom thatlaterversion;(3) La-

belledtrainingdatafrom HC dialoguesanimprove

the performancef a DATE taggerfor HH dialogue
whenonly a small amountof HH training datais

available.

Previous work has also reportedresultsfor di-
alogueact taggers,using similar featuresto those
we use,with accuraciesangingfrom 62 to 75
(ReithingerandKlesen,1997; Shribeg etal., 2000;
Samueletal., 1998). Our bestaccurayg for the HC
datais 98 . Thebestperformancdor the HH cor
pusis 76 accurag for the cross-alidation study
usingonly HH data. However, accuracieseported
for previous work are not directly comparableto
oursfor several reasons.First, someof our results
concernlabelling the systemside of utterancesn
HC dialoguesfor the purposeof automaticevalua-
tion of systemperformancelt is mucheasierto de-
velopahighaccurayg taggerfor HC dialoguethanit
is for HH dialogue.

We alsoappliedthe DATE taggerto HH dialogue,
andfocusedon thetravel agentsideof thedialogue.
Herethe accuracieshatwe reportaremorecompa-
rablewith thatof otherresearcherdyut large differ-
encesshouldneverthelesde expecteddueto differ-
encesin the typesof corpora,dialogueact tagging
schemesandfeaturesused.

We consideredhe possibility of generatingdia-
logue actsautomaticallyin the log les. This idea
was attractve becauseit is possibleto easily im-
plementthe generatiorof dialogueactstagsin the
log les. Large amountsof human-computedata
would then be available for the human-humara-
belling taskor for evaluationefforts. However, this
turnedoutto beimpracticalbecauseve foundit dif-
cult to getdialoguedesignersacrossthe different
participatingsitesto agreeon a labelling standard.
We thereforebelieve that machinelearning meth-
odsfor classi cationsuchasthe onediscussedhere
mightstill benecessaryo automatdghetaggingtask
for rapidevaluationandlabellingefforts.

As partof thelSLE NSF/EUproject,thelabelled
corpusthatwe developedfor this work will soonbe
releasedy theLDC, andotherresearcherwill then
be ableto utilize it to improve uponour results. In
addition,we believe this corpuscouldbeusefulasa



training resourceor spolen responseenerationn
dialoguesystemsFor example thedialogueactrep-
resentatiorcanbe usedto provide a broadrangeof
text-planninginputsfor a stochasticsentenceplan-
nerin the travel domain(Walker et al., 2001b),or
to representhe systems'dialoguestratgiesfor re-
inforcementlearning (Walker, 2000; Schefer and
Young,2002). In future work, we hopeto demon-
stratethatfeaturesderived from the labelling of the
systemside of the dialoguecan alsoimprove per
formanceof a dialogueacttaggerfor the humanut-
terancesn the dialogue,andto conductadditional
analyseslemonstratinghe utility of thisrepresenta-
tion for cross-siteevaluation.
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[ Speakr Utterance | C-Domain | SpeechAct | Task

SYS Welcome. about-task opening/closing | meta
You areloggedin asa guestuser about-frame | instruction meta
Youmaysayrepeathelpmeout, startover, or, that'swrong, | about-frame | instruction meta
you canalsocorrectandinterruptthe systematary time. about-frame | instruction meta
Whatairportwoodjaliketo y outof? about-task request-info orig-city

USER | MIAMI FLORIDA

SYS Leaving from Miami, about-comm | implicit-con rm orig-city
And, whatcity areyou ying to? about-task request-info dest-city

USER | MINNEAPOLIS MINNESOTA

SYS Flying from Miami to Minneapolis, about-comm | implicit-con rm orig-city,  dest-

city

Whatdatewould youliketo y? about-task request-info depart-date

USER | UH MONDAY OCTOBERTWENTY THIRD

SYS Leaving onthe23rdof October about-comm | implicit-conf date
And whattime didjawannaleave? about-task request-info time

USER | UH LATE MORNING

SYS FromMinneapolis. about-comm | implicit-conf origin
Are you returningto Miami? about-task request-info trip-type

USER | UM

SYS Are you goingbackto Miami? about-task request-info trip-type
Pleasesayyesor no. about-frame | instruct meta

USER | NO

SYS Okay; it will justtake amomentwhile T Took. about-task status-report retrieval

SYS | found3 ights from Miami to MinneapolisonOctober23rd | about-task present-info itinerary
. For optiononel have a ight with United departingat 10
A M andarriving at3 P M with onestopwer and
Ticket priceis 390dollars. about-task present-info price
Pleasesaynext option,or, ight details,or, I'll takeit. about-task offer itinerary

USER | TLL TAKE IT

SYS Great!T amaddingthis ight to youritinerary about-task acknaviedge booking
Okay, Is Minneapolisyour nal destination? about-task request-info trip-type

USER | YESITIS

SYS WouldyoulTike to make ary groundarrangements? about-task offer ground

USER | NO

SYS Now, would youTik e to heara summaryof youritinerary? about-task offer itinerary

USER | YESPLEASE

SYS Okay HereS your itinerary On October23rd Northwest | about-task present-info itinerary

Flight 123departdVliami at2 P M, arrivesPittsturghat4 30
P M connectingto NorthwestFlight 146 that departsPitts-
burgh at5 P M andarrivesMinneapolisat 7 P M.

Figure5: Dialoguelllustrating the Corversational-DomainSpeech-Actand Task-Subtasbimensionsof

DATE




if Teft-contextI=SFA-present-info pattern-length 25 position-in-turn 2 right-sys-utt-stringcontainsnone
or if left-contxt2=SMA-present-info-SR-present-info  system-name=RT

or if right-sys-utt-stringcontainsalso  left-sys-utt-stringcontainsat

or if utt-stringcontainsselect

or if utt-stringcontainscon rm

or if utt-stringcontains ne

or if right-sys-utt-stringcontainslocations  utt-stringcontainsif

or if left-contxt2=SRA-implicit-con rm-SPA-instruction utt-stringcontainsWhich

or if utt-stringcontainsOkay utt-stringcontains ight

or if left-context2=SPA-explicit-con rm-SPA-acknavledgement utt-stringcontains ight
or if utt-stringcontainsthese utt-stringcontainsAre

or if rec-orig-stringcontainssixteenth utt-stringcontainsDo

then offer

Figure9: Ruleslearnedor DATE SPEECH-ACT offer usingJune-200@lus2000Examplesof October2001
asTraining

if Teft-sys-utt-stringcontainSNUMBER"™  pattern-length 25 right-sys-uft-stringcontainsnone  utt-stringcontainsOK
or if position-in-turn 2  left-sys-utt-stringcontainsdollars  pattern-length 55 contains-verd-CITY-or-AIRPORT=false
or if utt-stringcontainsthis  pattern-length 37  contains-vord-FLIGHT-or-AIRLINE=true
or if left-sys-utt-stringcontainsper da-num 2

or if right-sys-utt-stringcontainsrate

or if utt-stringcontainsthese

or if utt-stringcontainsitinerary pattern-length 41

or if utt-stringcontainsresenation

or if utt-stringcontainsselect

or if utt-stringcontainsbook utt-stringcontainsit

or if utt-stringcontainswhether

or if utt-stringcontainsOK  utt-stringcontainsls

or if utt-stringcontainsMAKE

or if utt-stringcontainsone right-sys-utt-stringcontainsnone

or if utt-stringcontains ne

or if utt-stringcontainsKay

or if right-sys-utt-stringcontainslocations

or if utt-stringcontainsTHE  utt-stringcontainsLIKE

or if left-sys-utt-stringcontainsover  utt-stringcontainsight  utt-stringcontainswould
or if utt-stringcontainstake  utt-stringcontainsDo

or if left-sys-utt-stringcontainsyes  utt-stringcontainswhat  utt-stringcontains ight

then offer

Figurel10: Ruleslearnedfor DATE SPEECH-ACT offer using305 CMU-CorpusUtterancessTraining



