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Abstract

The lack of suitabletraining and testing data
is currently a major roadblock in applying
machine-learningechniquego dialogueman-
agementStochastienodellingof realusershas
beensuggesteds a solutionto this problem,
but to datefew of the proposedmodelshave
beenquantitatvely evaluatedon real data. In-
deed,thereareno establishedriteriafor such
anevaluation.This paperpresents systematic
approachto testing user simulationsand as-
sessethemostprominentdomain-independent
techniquesisinga large DARPA Communica-
tor corpusof human-computedialogues. We
shav that while recentadvanceshave led to
signi cant improvementsn simulationquality,
simple statisticalmetricsare still sufcient to
discernsyntheticfrom realdialogues.

1 Intr oduction

Within thebroad eld of researcton spolendialogue
systemg(SDS), the applicationof machine-learningp-
proachedo dialoguemanagemenis currentlyattracting
interest(Levin et al., 2000) (Young, 2002). The major
motivation driving researchin this areais the hope of
learning optimal strateyies from data. Yet, it is rarely
the casethat enoughtraining datais available to suf-
ciently explorethe vastspaceof possibledialoguestates
andstrat@ies. Ironically, the beststratey may oftennot
even be presentin the given dataset.Ilt may thusbe ar
guedthat an optimal stratey cannotbe learnedfrom a
x edcorpusregardles®f thesizeof thetrainingcorpus.

An interestingapproachto solving this problemis to
usesmall corporato train stochastianodelsfor simulat-
ing real userbehaior. Oncesucha modelis available,
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ary numberof dialoguescanbe generatedhroughinter

actionbetweenthe simulateduserandthe dialoguesys-
tem. The simulateduseralsoenablesus to explore dia-
logue stratgiesthat are not presentn the given corpus.
Thiswaythelearningdialoguemanagerandeviatefrom

theknown strat@iesandlearnnew andpotentiallybetter
ones.Figurel illustratesthelearningsetup.
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Figurel: Strateyy learningusinga simulateduser

Previousresearchhasdemonstratethe succes®f the
learningsetup(Levin etal., 2000),(Schefer, 2002)and
alsoexaminedthe useof usersimulationfor systemeval-
uation (Eckert et al., 1997). The quality of the user
model, however, has not beenthoroughlyinvestigated.
It is indeedunclear how we canquantitatiely evaluate
whetherthesimulateduserresponsearerealistic,gener
alisewell to unseerdialoguesituationsandresemblehe
varietyof theuserpopulation.

This paper assessegshe most prominent domain-
independensimulationtechniquesisinga large DARPA
Communicatorcorpus of human-computerdialogues.
We describavhatmodi cationsarenecessaryo trainand
testthe modelspresentedn the literature on real data.
We further presenta systematicapproachto evaluating
usersimulations Ouranalysisshavsthatnoneof thecur-
rently availabletechniqueganrealisticallyreproducehe
variety of humanuserbehaiour andthat simple statisti-
cal measuregre sufcient to distinguishsyntheticfrom
real dialogues. We investigatetheseshortcomingsand
outlinesuggestionsor futureresearch.



2 UserSimulation in SDS
2.1

Approacheso usersimulationcanbeclassi edin anum-
ber of ways. Most commonly onedistinguishesystems
with regardto thelevel of abstractioratwhichthey model
dialogue. This canbe at eitherthe acoustic-,word-, or
intention-level. The latteris a particularly usefulrepre-
sentatiorof theinteraction sinceit avoidstheneedto re-
producethe enormousrariety of humanlanguageon the
level of speectsignalsor word sequences.

Hence simulationon theintentionlevel hasbeenmost
popularin recentyears.This approachwas rst takenby
(Eckertetal., 1997)andhasbeemadoptedn laterwork by
mostotherresearctgroups(Levin et al., 2000), (Schef-
er, 2002),(Pietquin,2004),(Geogila etal.,2005a).Ex-
amplesof usersimulationon the word or acousticlevel
arerare,but canbe foundin (Watanabest al., 1998)and
(Lopez-Cozaret al., 2003). Naturally, their portability
andscalabilityis limited.

Intention-baseddialogue

2.2 Probabilistic vs. Deterministic Simulation

One may further distinguishbetweenprobabilisticand
deterministicusermodels. Whereasprobabilisticmod-
els canbe trainedon dataandallow for some”lifelik e”
randomnesén userbehaiour, deterministicmodelsare
driven by handcraftedules. For a given dialoguestate
andsystemaction,adeterministiacusermodelwill always
producethe sameuserresponse.
Deterministianodelshave beenusedo evaluatewhich
dialoguestratgieswork well for differenttypesof user
responsegattern(Lin andLee,2001). While they maybe
suitablefor observinggeneralcorrelationsbetweendia-
loguestrateyy, userbehaiour andsystemperformancea
probabilisticmodelis clearlypreferabldor modellingre-
alisticuserbehaiour. Thefollowing sectionswill review
someof the mostprominentwork in this area. Very re-
centwork by (Geogila etal., 2005a)is not coveredhere.

2.3 The Bigram Model

Stochastienodellingof usersontheintentionlevelis rst
suggestedsameanof SDSevaluationby Eckert,Levin
and Pieraccini(Eckert et al., 1997). Their work intro-
ducesa Bigram modelfor predictingthe useractionay
in responseo a givensystemactionag

@)

The Bigram model has the advantageof being purely
probabilisticandfully domain-independentts weakness
is thatit doesnot place enoughconstraintson the user
to simulaterealisticbehaiour. The generatedesponses
may correspondvell to the previous systemaction, but
they often do not make sensen the wider context of the

p= P(asjas):

dialogue. The authorsnote that the model can be ex-
tendedo agenerah-grammodelbut dueto datasparsity
it is usuallyimpossibleto train n-gramswith n > 2.

Eckertetal. donottraintheBigrammodelonrealdata
or evaluatethe quality of the simulatedoutput.

2.4 The Levin Model

Levin, Eckert and Pieraccinidescribehow the pure Bi-
grammodelcanbemodi ed to limit thenumberof model
parameterandto accountfor somedegree of corven-
tional structurein dialoguegEckertetal., 1997),(Levin
etal., 2000). Insteadof allowing ary userresponseonly
the probabilitiesfor anticipatedtypesof userresponses
arecalculatedfor eachtype of systemaction. A system
requesfor attributeAy, for instanceijs parameteriseds-
ing the probabilitythatthe useractuallyspeci esA, and
thathespeci esn additionalattributes

P (provide Ayjrequest Ay) (2)

3)
This setof probabilitiesimplicitly characterisethe level
of cooperatienessaandthe degreeof initiative taken by
the usermodel. The Levin model placesstrongercon-
straintson the useractionsthanthe pure Bigram model,
but it alsomakesassumptiongoncerningthe format of
the dialogue. If the dialogue manageror the antici-
pateddialogueformat changesa new setof parameters
is needed.

Like the Bigram model,the Levin modeldoesnot en-
sureconsisteng betweendifferentuseractionsover the
courseof a dialogue. The assumptiorthat every user
responsedependsonly on the previous systemturn is

awed. The useractionscanviolate logical constraints
andthesynthetiadialogueoftencontinuefor alongtime,
with theusercontinuouslychanginghis goalor repeating
information.

Levin etal. usethe ATIS corpusto train a small sub-
setof their model parametersall otherprobabilitiesare
handcraftedusing commonsense. The authorsalso do
notevaluatehow realisticallysimulatedheresponseare.
However, theauthorsdemonstrat¢hatthe simulateduser
canbeusedto revealerrorsin the dialoguemanagement
strategyy (Eckertetal., 1997)andthatit canbe usedfor
reinforcement-learningf strategjies(Levin etal., 2000).

P (njrequest Ay):

2.5 The Schef er Model

Schefer andYoung(Schefer andYoung,2001)(Schef-
er, 2002) attemptto overcomethe lack of goal con-
sisteng that the Levin model suffers from. Their ap-
proachusesdeterministicrules for goal-dependenac-
tionsandprobabilisticmodellingto cover corversational
behaiour.

To modeltheusergoal, Schefer andYoungintroduce
x ed goal structures. Theseconsistof attribute-value



pairswith associatedtatusvariables. All of the possi-
ble "paths” that a usermay take during a dialogueare
mappedout in advancein the form of a network. The
probability of eachroutethroughthe network is learned
from training dataandthe explicit representatiof the
usergoal ensureghat the simulateduseralways selects
routesin accordancvith hisgoal. Schefer andYoung's
approactproducepromisingresults putit is highly task-
dependenandideally requiresanexisting prototypesys-
tem.

Theauthorsaddresshe problemof evaluatingthesim-
ulateduserby comparingstatisticalpropertieof thesim-
ulateddialogueswith thoseof thetrainingdatadialogues.
More precisely they shaw thatthe goal-completiortime
andgoal-achigementratefor differenttasksarecompa-
rablein thesimulatedandrealdialogues.

2.6 The Pietquin Model

Pietquin(Pietquin,2004)combinedeaturefrom Schef-
er and Young's work with the Levin model. The core
ideais to conditionthe probabilitiesusedby Levin et al
on anexplicit representationf the usergoal

P (provide Ajrequest A; goal): (4)

This enablesPietquinto explicitly modelthe dependen-
ciesbetweerausersactionsandhis goal. Pietquinhand-
selectgheprobabilityvaluessoasto ensurehatthe user
actsarein accordancevith his goal throughoutthe dia-
logue.

Like Schefer andYoung,Pietquinrepresentthe user
goalusinga simpletableof attribute-\valuepairs. The ap-
propriatevaluesarerandomlyselectedrom a database.

Pietquinintroducesinterestingdependenciebetween
the users goal and his corversationalbehaiour. This
is doneby addingnew statusvariablesto eachattribute-
value pair. The priority variablefor instance,governs
how likely theuseris to dropthe correspondingttribute-
valuepair from his goal. This enablesPietquinto model
how likely a useris to relax a certainconstraint,such
as"Preferredairline is British Airways”. Pietquinalso
attachesa simple counterto eachattribute-value pair to
recordhow oftena pieceof informationhasbeentrans-
mittedto the system.Thelikelihoodof the userhanging
up beforecompletingthetaskcanbe modelledasa func-
tion of this variable.

While thesemodelsof usergoal,memoryandsatishc-
tion arerathercoarsethey illustratethevariousaspect®f
theuserstatewhichin uence behaiour. It is alsoimpor-
tantto notethat Pietquins modelis domain-independent
- ade nite advantageover Schefer andYoung'swork.

A majorweaknessf Pietquinswork howeveris thatit
is not trainedor testedon ary realdialoguedata.All the
probabilitiesin his modelare hand-selectedsing com-
monsenseandno attemptis madeto evaluatehow real-

istic theusersimulationis. Pietquinshavs thatanequiv-
alentrepresentatioof hisusermodelcanbefoundin the
form of a BayesianNetwork, but the parametewvalues
for this network arealsocopiedfrom the original model
ratherthanlearned.

3 Evaluating User Simulation

3.1 Overview

The previous sectionhasreviewed a numberof different
usersimulationtechniques.To date,few of thesehave
beenevaluatedon real data. In part this is due to the
lack of a suitableevaluationmethodology It is indeed
not clearwhatconstitutesa "realistic” simulation.

In our view, evaluationmustcover two aspects First,
we needto asses# theusermodelcangeneratdhhuman-
like output. Doesit produceresponseshat a real user
might have given in the samedialoguecontet? Sec-
ondly, we needto asses# the simulationcanreproduce
the variety of real userbehaiour. This ensureghatthe
modelrepresentshe whole userpopulation- notjustan
averageuser

3.2 Comparing Simulated and Real User Responses

Forthe rst partof theevaluation thedatasets splitinto
atrainingandatestset. Thedialoguesareassumedo be
annotatedas a sequencef turnst, with eachturn con-
sistingof avariablenumberof actionsa, asshovnin the
sampledialoguein Table1.

Evaluationis doneon aturn by turn basis.Eachof the
systemturnsin thetestsetis separatelyed into the sim-
ulation,togethemith the correspondinglialoguehistory
andthecurrentusergoal. Theresponseéurn generatedby
the simulateduseris thencomparedo therealresponse
givenby theuserin thetestset.

We proposethe useof Precisionand Recallto quan-
tify how closely the syntheticturn resembleghe real
userturn. Thesemetricshave not yet beenusedfor user
modelevaluationin SDSdevelopmenbutthey areacom-
monmeasuref goodnes usermodellingoutsideSDS.
(Zukermanand Albrecht, 2001). Recall (R) measures
how mary of theactionsin therealreponsearepredicted
correctly Precision(P) measureshe proportionof cor
rectactionsamongall the predictedactions.An actionis
considerectorrectif it matchesatleastoneof theactions
in therealuserresponse.

Correctly predicted actions

P = 100 . —
All actions in simul ated response

(5)

Correctly predicted actions ©)
All actions in real response
It is of coursenot possibleto specify what levels of

PrecisiomndRecallneedto bereachedn orderto claim
thata simulateduseris realistic. NeverthelessPrecision

R = 100




and Recall offer a reliable methodfor comparingsimu-
latedandrealuserresponses.

3.3 Comparing Simulated and Real Datasets

Precisionand Recall deliver a rough indication of how
realisticthe bestresponsas that the simulatedusercan
generate On its own however, this form of evaluationis
not sufcient. Our goalis notto build a simulateduser
for producingthe singlemostlikely responseo a given
systemaction.A dialoguestratey mustperformwell for
all kinds of possibleuserresponsenot just the onewith
thehighestprobability Hencewe needto producealarge
numberof dialogueswith avarietyof userbehaiour. We
thenneedto asses# the syntheticdatasehasthe same
statisticalpropertiesasthetrainingdataset.

The dif cult questionis: "What statisticalproperties
are reliable indicatorsof realistic dialogues?”. In pre-
vious researchdialoguelength, goal achiesementrate
and goal completionlength have beenused (Schefer
and Young, 2001). Thesemetricscan only be consid-
eredroughindicatorsof how realisticthedialoguesare. It
would be possibleto optimisea usermodelaccordingto
thesecriteriaandstill producenon-sensalialogues.For
instancegiventhatthe averagedialoguelengthfoundin
thetrainingdatawasn turns,the simulatedusercouldbe
forcedto hangup after exactly n turns,thusachiezing a
perfectevaluationscore.

We arguethatalargesetof measuress neededo cover
a variety of dialogueproperties.For our evaluation,we
divide theseinto threegroups:

1. The rst group of experimentsinvestigateshigh-
level featuresof the dialogue.How long do the dia-
loguedastandhow muchinformationis transmitted
in individualturns?How active arethedialoguepar
ticipants?

2. Thesecondgroupof experimentsanalyseghe style
of the dialogue. This aimsto producea more ne
grainedpicture of the systemand userbehaiour.
We investigatethe frequeng of different speech
actsandanalysewhatproportionof actionsis goal-
directed,whatpartis taken up by dialogueformali-
tiesetc. We alsoexaminethe users degreeof coop-
eratveness.

3. Thethird andlastgroupof experimentsnvestigates
the successateandef ciency of the dialogues.In
particular we look at goal achiezementratesand
goal completiontimes. This helpsusto evaluateif
misunderstandinggremodelledwell.

In closingthis sectionjit shouldberemarledthatall of
thestatisticaimeasuresuggestetiereareonly indicators
of how gooda simulationtechniqués. It is not possible
to specifywhatrangeof valuesa syntheticcorpusneeds

to satisfyin orderto be sufciently realistic. Moreover,
no guaranteecan be given that a simulateddialogueis
realisticevenif all of its propertiesare identicalto the
trainingdata.

Yet, the set of measuredorms a helpful toolkit for
comparingsimulationtechniguesand identifying possi-
ble weaknesses.The testscover dialoguelength, style
andef ciency. In addition,thevarietyof measuress suf-
ciently largeto ensurdghatausermodelcannotbeeasily
trainedsoasto achieve perfectscoreson eachof them.

4 Experimental Setup

4.1 Training and TestingData

Datafrom the DARPA Communicatoprojectis usedfor
all of of the experimentspresentedn this paper The
full corpusconsistsof 4 datasetsiecordedusingsystems
from ATT, BBN, CMU andSRI. The 4 setsaddup to a
total of 697 dialogues.Eachof thefour setsis split into
training andtestingdata,with a ratio of 90:10. Further
informationregardingthe contentandannotatiorof data
canbefoundin (Geogilaetal.,2005b).

All of the datasetsontainslot- lling dialoguesfrom
the travel booking domain, covering ight-, hotel- and
rental carresenations. The dialogue systemsdiffer
slightly in the wording of their promptsand in their
choiceof dialoguestratgyy andthelanguagaunderstand-
ing componentsarenot equally powerful. On the inten-
tion level however, the generaktructureof the dialogues
is very similar. The systemscover roughly the same
bookingdetailsandthey areall almostentirelydrivenby
system-initiatve.

Usermodeltrainingis doneontherecognisediserout-
put ratherthan the referencetranscriptions. The simu-
lation thus effectively combinesthe userand the com-
municationchannel.No separaterror modellingis per
formed.

4.2 DialogueAnnotation

The dialoguedatais automaticallycorvertedto the fol-
lowing format: Eachdialogueis asequencef alternating
userandsystemturns. Eachturnt containsoneor more
actions.Eachactiona consistsof a speechact (compul-
sory), an attribute (optional) and a value (optional). A
shippetof a sampledialogueis shavn in Table1.

We alsoadd”hangup”actionsto the end of eachdia-
logue. Consideringhe actof "hangingup” asanaction,
helpsus to train usermodel parametergoncerningthe
likelihoodof auserhangingupin a givendialoguesitua-
tion.

4.3 Predicting Attrib ute Values

Forthepurposeof ourevaluation weimplementandtrain
the Bigram, Levin and Pietquinmodels. None of these



Turn Spkr Actn. Speechact,Attribute, Value
t Sys a greeting Corpus .
a, requeslinfo orig_city Domain Model
to User as provide.info orig_city boston lmnstrm
implicit_con rm orig_ci I
t3 Sys a4 P Cstn.c? d f'tg city oslo User Model of
as requesinio aesicity Conversational User Goal
t4 User as no_answer Behaviour
ay provide.info orig_city boston i !
ts Sys ag apology Select speech act
. . . - Select value
ag  explicit_con rm orig_city boston and attribute
te User ap Yyesanswer

Tablel: Sampledialogue

modelshasbeenfully appliedto realdatabeforeandwe
foundthata numberof modi cations were necessaryo
be ableto actuallytrain the models. The Bigram model
andthe Levin model,for example,includethe prediction
of attribute valuesin the usermodel. This meansthat
differentprobabilitiesareestimatedor useractionswith
differentvalues,say provide.inf o orig_city london
andprovide_inf o orig_city boston

We foundthatthis approacHed to severedatasparsity
problemswhenappliedto a real corpus. Datasetssuch
asthe Communicatorcorpuscontaina large numberof
possiblevaluesfor eachattribute. Thenumberof possible
combination®f useraction,attribute andvalueprohibits
usfrom reliably estimatinga probabilityfor eachone.

It is thusnot possibleto implementthe Bigram model
andthe Levin modelin their original form. For this eval-
uationwe chooseto adaptboth modelsin the following
way: The speechact and attribute are modelledproba-
bilistically, assuggestedy the respectre authors. The
attribute-value is determinedby the usergoal, as sug-
gestedby Schefer andYoung. This ensureghat suf-
cienttrainingdatais availableto train all modelparame-
ters. It furtherimprovesthe modelasit ensureghatthe
samevalueis providedif theuseris asledmultiple times
for thesameattribute. SeeFigure2 for anillustration.

To allow for "lifelik e” randomnesg theusergoal,we
usea probabilisticdomainmodel. At the startof eachdi-
alogue,a usergoalis randomlyconstructedaccordingto
the probability distribution over all theattributesandval-
uesfoundin thetrainingdata.We usethis domainmodel
for all of our simulatedusers.Testingis not doneon the
attribute-value,only onthe speectactandtheattribute.

4.4 Bigram Model Implementation

The original Bigrammodelasdescribedby Eckert et al.
assumeshat dialogueis a sequencef alternatinguser
andsystemactions.Underthis assumptionthe next user
actionis predictedbasedn the previous systemaction.
In real dialogues,dialogueturns can include several

request_info attr=x
Incoming system action

provide_irfo attr=x val=y
Outgoing user action

Figure2: Responsgeneration

actions. The assumptiorthatactiona; canbe predicted
froma; 1 ishencenolongervalid. The sampledialogue
in Table1 illustratesthis well: actionay triggersaction
as, whichin turntriggersactionasg.

However, it is also not possibleto estimate”turn bi-
grams”,i.e. estimateP (t;jt; 1) insteadof P(ajja; 1).
Sincethenumberof actionsperturnis variable thenum-
ber of possibleturn combinationswill inevitably cause
datasparsityproblems.

For our implementation,we choosethe following
workaround:Bigramsare still estimatedon an"action”
basis,but the probability P (a,jas) is interpretedasthe
probability that the userresponseontainsa, whenthe
previoussystemturn containsactionas.

We further implementa simple back-of mechanism
to accountfor systemactionsthatappearin the testdata
but have not appearedn thetraining data. For theseac-
tions, no bigramis trainedduring parameteestimation.
In thesecaseswe backoff to the unigramprobability of
eachuseraction.

4.5 Levin Model Implementation

TheLevin modelhasto beadaptedo thedialogueformat
presentin the Communicatordata. Relaxingquestions
("Would you alsoconsideranotherairline?”), for exam-
ple, were anticipatedby Levin et al. but do not exist in
the Communicatodata. Insteadthe dialoguemanagers
spenda considerableamountof time on grounding(im-
plicitly or explicitly con rming piecesof information).

To accountfor thesedifferencesn the systemaction
set,we parameteristheLevin usemrmodelusingaslightly
modi ed setof probabilities. A positive responseo an
explicit con rmation of attribute A, for instancejs pa-
rameterise@s

P (yes.answerjexplicit .confirm Ay):

()



Similarmodi cationsaremadefor theotheruserandsys-
tem actionsthat were not presentin the dialoguedata
availableto Levin etal.

4.6 Pietquin Model Implementation

As describedn Section2.6,the Pietquinmodelis anex-

tensionof the Levin model. The coreideaof Pietquins

work is to condition the usermodel parameteron the

usergoal. In a real datasethowever, it is not possible
to estimatea probabilityfor every concevablecon gura-

tion of usergoal. The numberof possiblecombinations
of useractionsand usergoalsis far too large to obtain
reliableprobability estimates.

Our workaroundfor this problemis to conditionthe
probabilities on selectedpropertiesof the user goal,
ratherthan its full state. For instance,we checkif an
attributeis presentn thegoalor not, or if it hasbeenpro-
vided beforeor not. This geatlyreduceshe numberof
parameterandavoids datasparsityproblems.

4.7 UserGoalInference

The dataavailableto us did not containannotationge-
gardingthe speci cs of the usergoals. We were able
to automaticallyinfer theseby scanningthe parsedref-

erencetranscriptionsof the user utterances. For ev-

eryprovide_inf oaction,thecorrespondingttributeand
value were addedto the usergoal. Whentwo actions
contradictedeachother(i.e. sameattribute, but different
value)the later onewasassumedo overwritethe earlier
one.Countswererecordedo trackhow ofteneachpiece
of information had beentransmittecto the systemover
the courseof thedialogue.

As explainedby (Schefer andYoung,2001),the au-
tomaticinferenceof usergoalsfrom dialogueds not un-
problematic.Thetrueusergoalcanneverbeknown since
theachievedgoalmaynotbethe onethattheuserstarted
outwith. It isimpossibleto ascertairwhich goalsarein-
deedcompleteccorrectlyandwhich are a wedby recog-
nition errors. User goalsmay also changeas usersbe-
comeawareof systemlimitations.

4.8 DialogueManager Implementation

To generatedialogues the simulateduserneeds’a dia-
loguepartner’to interactwith. Thestraightforvardstrat-
egy would be to take one of the original dialogueman-
agersdrom ATT, BBN, CMU or SRI. Sincenoneof these
wasavailableto us,theonly alternatve wasto implement
anew dialoguemanagefDM). To make full useof the4
training datasetswe choseto build a DM which is "an
average”of thefour original dialoguemanagers.
Thenew DM includesthe featuresvhich arecommon
to all of the original dialoguemanagersandit structures
the dialoguein a similar way. Like all the original man-
agers,the new DM covers ight bookings(origin and

destinationcity, departingdate and time, return ight)
andgroundarrangementghotellocation,hotelchain,car
rental).

The new DM can processary of the user speech
actspresentin the data. This includesyes_answer and
no_answer actions,which needto be correctlyresohed
accordingo thedialoguecontext. TheDM canalsohan-
dle userinitiative, i.e. processnultiple piecesof incom-
ing information. To resemblethe dialoguemanagersn
thetrainingdata,however, it doesnotencourageiserini-
tiative. EachDM turncontainsatmostoner equest_inf o
action.

For eachslot,theDM usesasimplestatemachine.The
stateof theslotinformsthedialoguemanagewhataction
to take next to Il andcon rm the slot. As canbe seen
in Figure3, the DM canreject,implicitly con rm or ex-
plicitly con rm incominginformation,basecdn thecon-
dence scoreof theincomingaction. Con dencescores
for eachuseractionarerandomlyselectedrom a at dis-
tribution. The thresholdlevels for rejection,implicit or
explicit con rmation canbe setsothattheir relative pro-
portionresembleshatfoundin thetrainingdata.Thebe-

receive provide_info
with high
confidence

receive
provide_info

with very low
confidence

send implicit
confirmation

receive no_answer
or provide_info
with different value

receive yes_answer
of provide_info with
same value

receive provide_info
with low confidence

send explicit
confirmation

Figure3: Dialoguemanageagenda

haviour of thedialoguemanagemvolvesnoactualaccess
to ight, hotelor carbookingsystemsSinceall interac-
tion occurson the intention level, no databaseetrieval
needgo beimplemented.

With regardsto evaluation,it is dif cult to quantifythe
effect of usinganew DM on the quality of the simulated
dialoguesQuiteclearly, if thenew DM behaesvery dif-
ferentlyfromtheoriginal DM thatwasusedfor collecting
thetrainingdatafor the simulateduser thenthesynthetic
datacan never matchthe real dataexactly - no matter
how goodthe simulateduseris. Sincethetraining data
is recordedwith mary differentdialoguemanagersit is
alsoquestionabléf a singleDM cangeneratdhe same
variety of dialogues.

The factthatthe training datais recordedusing4 dif-
ferentDMs is a greatadwantagefor us. It enableausto
quantify how muchuserbehaiour canvary dueto dif-
ferencesn experimentaketupanddialoguestrateyy. By



comparingthe four original DMs, we can sketch out a
targetrangefor our simulateddialogues.

5 Evaluation Results

As explainedin section3, the evaluationis split into two
main parts. The rst part comparessimulateduserre-
sponseso realuserresponsef anunseertestset. This
assessebow realisticthe bestresponsas that the sim-
ulatedusercanpredict. The secondpart comparesor-
poraof simulateddialoguesto real corpora. This eval-
uateshow well the simulationcoversthe variety of user
behaiour in thetrainingdata.

5.1 Evaluation of the BestResponse

As describedn Section3.2,we usePrecisionandRecall
to measurehesimilarity betweersimulatedandrealuser
responsesTheresults(Table2) shav thatthe scoressig-
ni cantly improve from the Bigramto the Levin model.
It is interestingto notethatthe jumpin precisionclearly
exceedsthe jump in recall. This is dueto the factthat
theBigrammodeloutputsamuchgreatemumberof user
actionsthanthe Levin model. We will con rm anddis-
cussghisproblemin moredetaillater. ThePietquinmodel

Train Test
Precision Recall Precision Recall
BIG 19.74 24.11 17.83 21.66
LEV 43.11 35.07 37.98 31.57
PTQ 45.00 36.35 40.16 33.38

Table2: Precisionandrecallscores

outperformsboth the Bigram and the Levin model. Its
improvementover the Levin modelis notable but notas
dramaticas the gap betweenthe Bigram and the Levin
model. This is natural, consideringthat the Pietquin
modelmaybeviewedasanextensionof theLevin model.

Therelative rankingof thethreemodelsis asexpected:
As the level of sophisticatiorrises,the performancem-
proves. Also asexpected the training dataperformance
is slightly betterthanthetestdataperformance.

5.2 Evaluation of the GeneratedCorpus

In the secondpartof the evaluation,we testhow well the
usermodelscover the variety of the userpopulationin
thetrainingdata.A corpusof 150dialoguess generated
with eachof theusermodelsthroughinteractionwith the
dialoguemanage(DM). Thestatisticadistributionof the
syntheticcorpusis thencomparedo thetrainingdata,as
describedn Section3.3.

As describedin Section4.8, our evaluation experi-
mentsarerun with a DM thatis differentfrom the one
usedto collectthetraining datafor the simulateduser It

is interestingo investigatevhateffectthedialogueman-
agerhasonuserbehaiour. We thereforeshav individual
measurement®r eachof thefour datasetaswell asthe
full training corpus(denotedby "ALL"). The rangeof

valuesspannedy the four DMs is the target range for

the simulateddialogues Variationswithin this rangecan
beattributedto the dialoguemanageandthe experimen-
tal setup.

5.2.1 High-level Dialogue Features

The rst group of experimentscovers the following
statisticaldialogueproperties:

Dialoguelength, measuredn the numberof turns
pertask: meanvarianceandshapeof distribution

Turnlength,measuredn the numberof actionsper
turn: meanyvarianceandshapeof distribution

Participantactivity asa ratio of systemanduserac-
tionsperdialogue

Figure4 shavsthe meanvaluesfor dialoguelength(=
tasklength)andturnlength. ThePietquinmodelachiezes
avery goodresultfor dialoguelength,missingthe mean
lengthof thetrainingdataby lessthan2 turns. TheLevin
modelis further away from the training dataresult, but
it is still within the target range. The Bigram model
performsvery badly - the dialoguesnish far too early.
Analysisof the simulateddialoguesshows that the user
is very uncooperatie,causinghesystento nish thedi-
aloguebeforecompletingary booking. This will alsobe
con rmed by very low goal completionrateslaterin the
evaluation.
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Figure4: Meantaskandturnlength

We foundthatthe standardieviation of thetasklength
is too smallin all of the simulateddatasetsThe shapeof
thedistributions(Figure5) con rms this. The curvesfor
the Levin modelandthe Pietquinmodellook betterthan
for the Bigrammodel,but their tails arestill too at.

Interestinglytheresultsfor turnlengthlook better As
shawvn in Figure 4 the meansof the simulateddatasets
andthetrainingdataarenicely aligned.Only the Bigram
modelproducedar too mary actionsperturn. The aw



—PTQ

—BIG
LEY
\ :ALL
t t t t t L =
1| 45 / 75 1| 1B 1D

Figure5: Tasklengthdistribution

leadingto this problemis the assumptiorthat eachsys-
tem actiontriggersexactly one useraction. In real dia-

loguestherelationshipis not necessarilyl to 1. An open
guestionsuchas’How may | help you?”, for instance,
canleadthe userto respondwith several piecesof infor-

mation. An implicit con rmation or an apology on the
otherhand maytriggernouserresponsatall. Thelatter
caseis very commonin realdialogues|eadingto alower

averagenumberof actionsperturn.

The Levin modeland the Pietquinmodel achieve al-
mostperfectresultsfor the standardieviation of theturn
length.Looking atthe shapeof their distributions(Figure
6), we canseethatthey closelyresembleheshapeof the
trainingdatadistribution.
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Figure6: Turnlengthdistribution

The next experimentinvestigateslialogueparticipant
activity. Figure7 shaws the ratio of uservs. systemac-
tions. The lower partof the barindicatesthe percentage
of useractionswhile theupperpartrepresentsystemac-
tions.

Onceagain,the Bigrammodelis far outsidethe target
range.As con rmed by thepreviousexperimenttheuser
is "talking too much”. The Levin andthe Pietquinmodel
achieve almostidentical scores.Both modelsareinside
thetargetrangeandnot far from thetrainingdataresult.

5.2.2 Dialogue Style and Cooperativeness

The next group of experimentscovers the following
statisticalproperties:

Figure7: Ratioof uservs. systemactions

Frequeny of differentuserandsystemspeech-acts
(averagenumberof occurrencegperdialogue)

Proportionof goal-directedictiongrequestindpro-
vide information) vs. groundingactions (explicit
andimplicit con rmations)vs. dialogueformalities
(greetingsapologiesinstructionsys. unrecognised
actions(unknawn).

Numberof timesa pieceof informationis requested,
provided, re-requestedndre-providedin eachdia-
logue

The histogramin Figure 8 shaws the frequeng of
the most dominantuser and systemspeechacts. The
rst three bins cover user actions: "provide.info”,
"yes/naanswer” and "unknown”. The last two bins
are for system actions: ’requestinfo” and "ex-
plicit/implicit_con rm”.
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Figure8: Histogramof speechacts

Secondly we group all userand systemactionsinto
catgyories,asshovn in Figure9. This allows usto inves-
tigatewhat proportionof the dialogueis spenton goal-
directedactions,groundingactionsanddialogueformal-
ities. Sincethe numberof unrecognisedectionsis high,
a separatecatagory is createdfor theseactions. Hang-
up actionsare not includedin this analysis,sinceevery
dialoguecontainsexactly onehang-upaction.



Ouranalysisshowvsthattherelative orderingof actions
is fairly similarfor thefour realsystemsIn thesimulated
datasetghenumberof "unknown” useractionss clearly
too low. This indicatesthat misunderstandingare not
simulatedwell. At thesametime, the proportionof goal-
directedactionss toolow comparedo groundingactions
anddialogueformalities.

Figure9: Proportionof dialoguespenton goal-directed
actions, grounding actions, dialogue formalities, un-

recognisedactions. All barsshaw the percentagef ac-

tionsin the correspondinglass,i.e. thefour barsaddup

to 100%

Figure10: Dialogueef ciency (thin linesshow std. devi-
ation)

To evaluatethe cooperatienesf the simulateduser
we examinehow oftenattributesarerequestedprovided,
re-requestednd re-provided per dialogue (Figure 10).
Theresultscon rm thatthe simulateduserin the Bigram
modelistoo active: Theratio betweerprovide_inf oand
request.inf o actionsis tilted towardsthe useractions.
The Levin andthe Pietquinmodelsshav a ratherlarge
numberof provide_inf oandrequest_inf oactions.The
ratio betweersystenrequestandcorrespondingiserre-
sponseshowever, is very similar to the training data.
This shaws that the degree of user cooperatrenessis
modelledfairly well.

5.2.3 Dialogue Succes®Rate and Ef ciency

The nal group of experimentscoversthe following
statisticalproperties:

averagegoal/ subgoakchiezementrate
meanandvarianceof the goalcompletiontime

Figure 11 shaws the goal achievementratesand goall
completiontimesfor the four real systemsandthe three
simulatedsystems.We are only showving the resultsfor

ight-bookings here, but a similar analysiscan be done

for hotel-reserationsandrental-carbookings. We have
assumedhata subgoals completedvhenthe systemac-
knowledgeghe correspondindpooking.

Figurell: Flightgoalcompletionrates(percentagef di-
alogueswith successfullycompletedsubgoal)andcom-
pletiontimes(in dialogueturns,thin linesindicatestan-
darddeviation).

As expected,the Bigram model producesvery poor
results. The performanceof the Levin andthe Pietquin
modelis moreinteresting. Our analysisshows that the
simulatedusersmore frequentlyachiese their goals, but
that the averagecompletiontime is longer A possible
explanationfor this may be that the users level of per
sistenceand patienceis not modelledwell. Realusers
seemo bemorelikely to hangugf thedialogueprogress
is slow.

Anotherplausibleexplanationis thatreal userscanbe
roughlydividedinto alarge groupof novicesanda small
group of experts. The latter group is aware of system
limitations and completeghe dialoguesuccessfullyand
quickly. The novices,on the otherhand,tendto engage
in long, errorpronedialogueghatdo notleadto success-
ful completion.This dependeng betweeruserexpertise
anduserbehaiour is notaccountedor in ourimplemen-
tations.

Analysis of the dialogue transcriptionsshows that
mary realusergproducespecialrequestssuchas’a win-
dow seaton the plane” or "rental carinsurance”. This
groupof novice usersappeargo be underrepresented
the simulateddatasets. Our experimentscon rm this:
"specialrequestsare usually parsedas”"unknown” and



this type of actionis signi cantly lessfrequentin simu-
lateddatasets.

Interestingly the Pietquinmodelperformsworsethan
the Levin model for the goal completion metrics, al-
thoughit explicitly takesthe usergoalinto consideration.
It appearghatthe modelin its currentform is too con-
straining. The assumptiorthat the usergoal stays x ed
over the courseof a dialogueis not correct. Secondly
the Pietquinmodel encourageshe usernot to mention
attributeswhich are not part of his goal. While this is
conceptuallycorrect,it seemdo have negative effectson
userbehaiour whenthe goalrepresentatiogannotcap-
turethecompleity of realusergoals.

Manualanalysisof thesimulateddialoguesalsoshovs
that the rst phaseof the dialogue (greeting, instruc-
tion, exchangeof ight bookingdetails)is fairly realis-
tic, presumablybecausét follows dialoguecorventions
whicharemodelledwell by Levin andPietquin.Thesec-
ond phase(modi cation of booking details, re-retrieval
of suitable ights, etc.)is lessrealistic,possiblybecause
it is morestronglydrivenby theusergoal.

6 Discussionand Future Work

Thispaperhaspresenteédetailedevaluationof themost
prominentdomain-independeratpproacheso stochastic
usersimulationbasedon a large corpusof real human-
computerdialogues.The natureof the simulationprob-
lemis suchthatno singlemeasuref goodnesexists,but
we have demonstratethata setof metricscanbe usedto
identify the strengthandweaknessesf eachmethod.

Ourresultsshav thattheworks of Levin andPietquin
haveledto goodimprovementsn usersimulationquality.
Both approacheslearlyoutperformtheBigrambaseline.
However, theresultsalsoshow thatthesimulateddatasets
canstill bedistinguishedrom real datasetsisingsimple
statisticalmetrics.Ouranalysisndicateghatit mayben-
e cial to distinguishbetweendifferentusergroups,for
instanceby training multiple usermodelswith (say)dif-
ferentlevelsof expertise.Furtherresearchs alsoneeded
on modellingusergoalsandon modellingdialoguemis-
understandings We hopeto addresgheseproblemsin
futurework.

We believe thatit maybe particularlybene cial to de-
velop a betterrepresentatiomf the usergoal. To cover
realisticdialogueswe mustacknavledgethatusergoals
canhavehierarchicabtructures andthatthesestructures
canevolve over time. The Hidden Vector StateModel
(Young,2002)hasrecentlybeenintroducedasa method
for learninghierarchicaldependencieand we intendto
investigatats usefor usermodelling.
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