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Abstract

The lack of suitabletraining and testingdata
is currently a major roadblock in applying
machine-learningtechniquesto dialogueman-
agement.Stochasticmodellingof realusershas
beensuggestedas a solution to this problem,
but to datefew of the proposedmodelshave
beenquantitatively evaluatedon realdata. In-
deed,thereareno establishedcriteria for such
anevaluation.Thispaperpresentsasystematic
approachto testing user simulationsand as-
sessesthemostprominentdomain-independent
techniquesusinga largeDARPA Communica-
tor corpusof human-computerdialogues.We
show that while recentadvanceshave led to
signi�cant improvementsin simulationquality,
simple statisticalmetricsare still suf�cient to
discernsyntheticfrom realdialogues.

1 Intr oduction

Within thebroad�eld of researchonspokendialogue
systems(SDS),the applicationof machine-learningap-
proachesto dialoguemanagementis currentlyattracting
interest(Levin et al., 2000) (Young,2002). The major
motivation driving researchin this areais the hopeof
learningoptimal strategies from data. Yet, it is rarely
the casethat enoughtraining data is available to suf�-
ciently explorethevastspaceof possibledialoguestates
andstrategies.Ironically, thebeststrategy mayoftennot
even be presentin the given dataset.It may thusbe ar-
guedthat an optimal strategy cannotbe learnedfrom a
�x edcorpus,regardlessof thesizeof thetrainingcorpus.

An interestingapproachto solving this problemis to
usesmallcorporato train stochasticmodelsfor simulat-
ing real userbehavior. Oncesucha model is available,
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any numberof dialoguescanbegeneratedthroughinter-
actionbetweenthe simulateduserandthedialoguesys-
tem. The simulateduseralsoenablesus to explore dia-
loguestrategiesthat arenot presentin thegivencorpus.
Thiswaythelearningdialoguemanagercandeviatefrom
theknown strategiesandlearnnew andpotentiallybetter
ones.Figure1 illustratesthelearningsetup.

Figure1: Strategy learningusinga simulateduser

Previousresearchhasdemonstratedthesuccessof the
learningsetup(Levin et al., 2000),(Schef�er , 2002)and
alsoexaminedtheuseof usersimulationfor systemeval-
uation (Eckert et al., 1997). The quality of the user
model, however, hasnot beenthoroughly investigated.
It is indeedunclear, how we canquantitatively evaluate
whetherthesimulateduserresponsesarerealistic,gener-
alisewell to unseendialoguesituationsandresemblethe
varietyof theuserpopulation.

This paper assessesthe most prominent domain-
independentsimulationtechniquesusinga largeDARPA
Communicatorcorpus of human-computerdialogues.
Wedescribewhatmodi�cationsarenecessaryto trainand
test the modelspresentedin the literatureon real data.
We further presenta systematicapproachto evaluating
usersimulations.Ouranalysisshowsthatnoneof thecur-
rentlyavailabletechniquescanrealisticallyreproducethe
varietyof humanuserbehaviour andthatsimplestatisti-
cal measuresaresuf�cient to distinguishsyntheticfrom
real dialogues. We investigatetheseshortcomingsand
outlinesuggestionsfor futureresearch.



2 UserSimulation in SDS

2.1 Intention-baseddialogue

Approachesto usersimulationcanbeclassi�edin anum-
berof ways.Most commonly, onedistinguishessystems
with regardto thelevelof abstractionatwhichthey model
dialogue. This canbe at either the acoustic-,word-, or
intention-level. The latter is a particularlyuseful repre-
sentationof theinteraction,sinceit avoidstheneedto re-
producetheenormousvarietyof humanlanguageon the
level of speechsignalsor wordsequences.

Hence,simulationontheintentionlevel hasbeenmost
popularin recentyears.This approachwas�rst takenby
(Eckertetal.,1997)andhasbeenadoptedin laterworkby
mostotherresearchgroups(Levin et al., 2000),(Schef-
�er , 2002),(Pietquin,2004),(Georgila etal.,2005a).Ex-
amplesof usersimulationon the word or acousticlevel
arerare,but canbefoundin (Watanabeet al., 1998)and
(Lopez-Cozaret al., 2003). Naturally, their portability
andscalabilityis limited.

2.2 Probabilistic vs. Deterministic Simulation

One may further distinguishbetweenprobabilisticand
deterministicusermodels. Whereasprobabilisticmod-
els canbe trainedon dataandallow for some”lifelik e”
randomnessin userbehaviour, deterministicmodelsare
driven by handcraftedrules. For a given dialoguestate
andsystemaction,adeterministicusermodelwill always
producethesameuserresponse.

Deterministicmodelshavebeenusedto evaluatewhich
dialoguestrategieswork well for differenttypesof user
responsepattern(Lin andLee,2001).While they maybe
suitablefor observinggeneralcorrelationsbetweendia-
loguestrategy, userbehaviour andsystemperformance,a
probabilisticmodelis clearlypreferablefor modellingre-
alisticuserbehaviour. Thefollowing sectionswill review
someof the mostprominentwork in this area. Very re-
centwork by (Georgila etal., 2005a)is not coveredhere.

2.3 The Bigram Model

Stochasticmodellingof usersontheintentionlevel is �rst
suggestedasameansof SDSevaluationby Eckert,Levin
and Pieraccini(Eckert et al., 1997). Their work intro-
ducesa Bigram model for predictingthe useractionau

in responseto a givensystemactionas

p = P(au jas): (1)

The Bigram model has the advantageof being purely
probabilisticandfully domain-independent.Its weakness
is that it doesnot placeenoughconstraintson the user
to simulaterealisticbehaviour. Thegeneratedresponses
may correspondwell to the previous systemaction,but
they oftendo not make sensein thewider context of the

dialogue. The authorsnote that the model can be ex-
tendedto ageneraln-grammodelbut dueto datasparsity,
it is usuallyimpossibleto trainn-gramswith n > 2.

Eckertetal. donottraintheBigrammodelonrealdata
or evaluatethequality of thesimulatedoutput.

2.4 The Levin Model

Levin, Eckert andPieraccinidescribehow the pureBi-
grammodelcanbemodi�ed to limit thenumberof model
parametersand to accountfor somedegreeof conven-
tional structurein dialogues(Eckert et al., 1997),(Levin
et al., 2000).Insteadof allowing any userresponse,only
the probabilitiesfor anticipatedtypesof userresponses
arecalculatedfor eachtypeof systemaction. A system
requestfor attributeAx , for instance,is parameterisedus-
ing theprobabilitythattheuseractuallyspeci�esAx and
thathespeci�esn additionalattributes

P(provide Ax jr equest Ax ) (2)

P(njr equest Ax ): (3)

This setof probabilitiesimplicitly characterisesthelevel
of cooperativenessand the degreeof initiative taken by
the usermodel. The Levin model placesstrongercon-
straintson theuseractionsthanthepureBigrammodel,
but it alsomakesassumptionsconcerningthe format of
the dialogue. If the dialogue manageror the antici-
pateddialogueformat changes,a new setof parameters
is needed.

Like theBigrammodel,theLevin modeldoesnot en-
sureconsistency betweendifferentuseractionsover the
courseof a dialogue. The assumptionthat every user
responsedependsonly on the previous systemturn is
�a wed. The useractionscanviolate logical constraints
andthesyntheticdialoguesoftencontinuefor alongtime,
with theusercontinuouslychanginghisgoalor repeating
information.

Levin et al. usetheATIS corpusto train a small sub-
setof their modelparameters,all otherprobabilitiesare
handcraftedusing commonsense.The authorsalso do
notevaluatehow realisticallysimulatedtheresponsesare.
However, theauthorsdemonstratethatthesimulateduser
canbeusedto revealerrorsin thedialoguemanagement
strategy (Eckert et al., 1997)andthat it canbe usedfor
reinforcement-learningof strategies(Levin et al., 2000).

2.5 The Schef�er Model

Schef�er andYoung(Schef�er andYoung,2001)(Schef-
�er , 2002) attemptto overcomethe lack of goal con-
sistency that the Levin model suffers from. Their ap-
proachusesdeterministicrules for goal-dependentac-
tionsandprobabilisticmodellingto coverconversational
behaviour.

To modeltheusergoal,Schef�er andYoungintroduce
�x ed goal structures. Theseconsistof attribute-value



pairswith associatedstatusvariables. All of the possi-
ble ”paths” that a usermay take during a dialogueare
mappedout in advancein the form of a network. The
probabilityof eachroutethroughthenetwork is learned
from training dataandthe explicit representationof the
usergoal ensuresthat the simulateduseralwaysselects
routesin accordancewith hisgoal.Schef�er andYoung's
approachproducespromisingresults,but it is highly task-
dependentandideally requiresanexistingprototypesys-
tem.

Theauthorsaddresstheproblemof evaluatingthesim-
ulateduserby comparingstatisticalpropertiesof thesim-
ulateddialogueswith thoseof thetrainingdatadialogues.
More precisely, they show that thegoal-completiontime
andgoal-achievementratefor differenttasksarecompa-
rablein thesimulatedandrealdialogues.

2.6 The Pietquin Model

Pietquin(Pietquin,2004)combinesfeaturesfrom Schef-
�er andYoung's work with the Levin model. The core
ideais to conditiontheprobabilitiesusedby Levin et al
onanexplicit representationof theusergoal

P(provide Ax jr equest Ax ; goal): (4)

This enablesPietquinto explicitly modelthe dependen-
ciesbetweenauser'sactionsandhisgoal.Pietquinhand-
selectstheprobabilityvaluessoasto ensurethattheuser
actsarein accordancewith his goal throughoutthe dia-
logue.

LikeSchef�er andYoung,Pietquinrepresentstheuser
goalusingasimpletableof attribute-valuepairs.Theap-
propriatevaluesarerandomlyselectedfrom adatabase.

Pietquinintroducesinterestingdependenciesbetween
the user's goal and his conversationalbehaviour. This
is doneby addingnew statusvariablesto eachattribute-
value pair. The priority variable for instance,governs
how likely theuseris to dropthecorrespondingattribute-
valuepair from his goal. This enablesPietquinto model
how likely a user is to relax a certainconstraint,such
as ”Preferredairline is British Airways”. Pietquinalso
attachesa simplecounterto eachattribute-valuepair to
recordhow oftena pieceof informationhasbeentrans-
mittedto thesystem.The likelihoodof theuserhanging
upbeforecompletingthetaskcanbemodelledasa func-
tion of this variable.

While thesemodelsof usergoal,memoryandsatisfac-
tion arerathercoarse,they illustratethevariousaspectsof
theuserstatewhich in�uence behaviour. It is alsoimpor-
tant to notethatPietquin'smodelis domain-independent
- a de�nite advantageoverSchef�er andYoung'swork.

A majorweaknessof Pietquin'swork howeveris thatit
is not trainedor testedon any realdialoguedata.All the
probabilitiesin his modelarehand-selectedusingcom-
monsense,andno attemptis madeto evaluatehow real-

istic theusersimulationis. Pietquinshowsthatanequiv-
alentrepresentationof hisusermodelcanbefoundin the
form of a BayesianNetwork, but the parametervalues
for this network arealsocopiedfrom theoriginal model
ratherthanlearned.

3 Evaluating UserSimulation

3.1 Overview

Theprevioussectionhasrevieweda 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 assessif theusermodelcangeneratehuman-
like output. Doesit produceresponsesthat a real user
might have given in the samedialoguecontext? Sec-
ondly, we needto assessif thesimulationcanreproduce
the variety of real userbehaviour. This ensuresthat the
modelrepresentsthewholeuserpopulation- not just an
averageuser.

3.2 Comparing Simulated and RealUserResponses

For the�rst partof theevaluation,thedatasetis split into
a traininganda testset.Thedialoguesareassumedto be
annotatedasa sequenceof turns t, with eachturn con-
sistingof avariablenumberof actionsa, asshown in the
sampledialoguein Table1.

Evaluationis doneona turn by turn basis.Eachof the
systemturnsin thetestsetis separatelyfed into thesim-
ulation,togetherwith thecorrespondingdialoguehistory
andthecurrentusergoal.Theresponseturngeneratedby
thesimulateduseris thencomparedto thereal response
givenby theuserin thetestset.

We proposethe useof PrecisionandRecall to quan-
tify how closely the synthetic turn resemblesthe real
userturn. Thesemetricshave not yet beenusedfor user
modelevaluationin SDSdevelopmentbut they areacom-
monmeasureof goodnessin usermodellingoutsideSDS.
(Zukermanand Albrecht, 2001). Recall (R) measures
how many of theactionsin therealreponsearepredicted
correctly. Precision(P) measurestheproportionof cor-
rectactionsamongall thepredictedactions.An actionis
consideredcorrectif it matchesat leastoneof theactions
in therealuserresponse.

P = 100�
Correctly predicted actions

Al l actions in simul ated response
(5)

R = 100�
Correctly predictedactions
Al l actions in real r esponse

(6)

It is of coursenot possibleto specify what levels of
PrecisionandRecallneedto bereachedin orderto claim
thata simulateduseris realistic. Nevertheless,Precision



andRecalloffer a reliablemethodfor comparingsimu-
latedandrealuserresponses.

3.3 Comparing Simulated and RealDatasets

Precisionand Recall deliver a rough indication of how
realistic the bestresponseis that the simulatedusercan
generate.On its own however, this form of evaluationis
not suf�cient. Our goal is not to build a simulateduser
for producingthe singlemostlikely responseto a given
systemaction.A dialoguestrategy mustperformwell for
all kindsof possibleuserresponse,not just theonewith
thehighestprobability. Henceweneedto producealarge
numberof dialogueswith avarietyof userbehaviour. We
thenneedto assessif thesyntheticdatasethasthesame
statisticalpropertiesasthetrainingdataset.

The dif�cult questionis: ”What statisticalproperties
are reliable indicatorsof realistic dialogues?”. In pre-
vious research,dialoguelength, goal achievementrate
and goal completionlength have beenused(Schef�er
and Young, 2001). Thesemetricscan only be consid-
eredroughindicatorsof how realisticthedialoguesare.It
would bepossibleto optimisea usermodelaccordingto
thesecriteriaandstill producenon-sensedialogues.For
instance,giventhattheaveragedialoguelengthfoundin
thetrainingdatawasn turns,thesimulatedusercouldbe
forcedto hangup afterexactly n turns,thusachieving a
perfectevaluationscore.

Wearguethatalargesetof measuresis neededto cover
a variety of dialogueproperties.For our evaluation,we
divide theseinto threegroups:

1. The �rst group of experimentsinvestigateshigh-
level featuresof thedialogue.How long do thedia-
logueslastandhow muchinformationis transmitted
in individualturns?How activearethedialoguepar-
ticipants?

2. Thesecondgroupof experimentsanalysesthestyle
of the dialogue. This aims to producea more �ne
grainedpicture of the systemand userbehaviour.
We investigatethe frequency of different speech
actsandanalysewhatproportionof actionsis goal-
directed,whatpart is takenup by dialogueformali-
tiesetc.We alsoexaminetheuser'sdegreeof coop-
erativeness.

3. Thethird andlastgroupof experimentsinvestigates
the successrateandef�ciency of the dialogues.In
particular, we look at goal achievementratesand
goal completiontimes. This helpsus to evaluateif
misunderstandingsaremodelledwell.

In closingthissection,it shouldberemarkedthatall of
thestatisticalmeasuressuggestedhereareonly indicators
of how gooda simulationtechniqueis. It is not possible
to specifywhat rangeof valuesa syntheticcorpusneeds

to satisfyin orderto be suf�ciently realistic. Moreover,
no guaranteecan be given that a simulateddialogueis
realistic even if all of its propertiesare identical to the
trainingdata.

Yet, the set of measuresforms a helpful toolkit for
comparingsimulationtechniquesand identifying possi-
ble weaknesses.The testscover dialoguelength, style
andef�ciency. In addition,thevarietyof measuresis suf-
�ciently largeto ensurethatausermodelcannotbeeasily
trainedsoasto achieveperfectscoresoneachof them.

4 Experimental Setup

4.1 Training and TestingData

Datafrom theDARPA Communicatorprojectis usedfor
all of of the experimentspresentedin this paper. The
full corpusconsistsof 4 datasets,recordedusingsystems
from ATT, BBN, CMU andSRI. The 4 setsaddup to a
total of 697dialogues.Eachof the four setsis split into
training andtestingdata,with a ratio of 90:10. Further
informationregardingthecontentandannotationof data
canbefoundin (Georgila et al., 2005b).

All of the datasetscontainslot-�lling dialoguesfrom
the travel booking domain,covering �ight-, hotel- and
rental car-reservations. The dialogue systemsdiffer
slightly in the wording of their prompts and in their
choiceof dialoguestrategy andthelanguageunderstand-
ing componentsarenot equallypowerful. On the inten-
tion level however, thegeneralstructureof thedialogues
is very similar. The systemscover roughly the same
bookingdetailsandthey areall almostentirelydrivenby
system-initiative.

Usermodeltrainingis doneontherecogniseduserout-
put ratherthan the referencetranscriptions. The simu-
lation thus effectively combinesthe userand the com-
municationchannel.No separateerrormodellingis per-
formed.

4.2 DialogueAnnotation

The dialoguedatais automaticallyconvertedto the fol-
lowing format:Eachdialogueis asequenceof alternating
userandsystemturns. Eachturn t containsoneor more
actions.Eachactiona consistsof a speechact (compul-
sory), an attribute (optional) and a value (optional). A
snippetof asampledialogueis shown in Table1.

We alsoadd”hangup”actionsto theendof eachdia-
logue.Consideringtheactof ”hangingup” asanaction,
helpsus to train usermodel parametersconcerningthe
likelihoodof a userhangingup in agivendialoguesitua-
tion.

4.3 Predicting Attrib ute Values

For thepurposeof ourevaluation,weimplementandtrain
the Bigram, Levin andPietquinmodels. Noneof these



Turn Spkr. Actn. Speechact,Attribute,Value
t1 Sys a1 greeting

a2 requestinfo orig city
t2 User a3 provide info orig city boston
t3 Sys a4 implicit con�rm orig city oslo

a5 requestinfo destcity
t4 User a6 no answer

a7 provide info orig city boston
t5 Sys a8 apology

a9 explicit con�rm orig city boston
t6 User a10 yesanswer

Table1: Sampledialogue

modelshasbeenfully appliedto realdatabeforeandwe
found that a numberof modi�cations werenecessaryto
be ableto actuallytrain themodels.The Bigrammodel
andtheLevin model,for example,includetheprediction
of attribute valuesin the usermodel. This meansthat
differentprobabilitiesareestimatedfor useractionswith
differentvalues,say, provide inf o orig city london
andprovide inf o orig city boston.

We foundthatthis approachled to severedatasparsity
problemswhenappliedto a real corpus. Datasetssuch
as the Communicatorcorpuscontaina large numberof
possiblevaluesfor eachattribute.Thenumberof possible
combinationsof useraction,attributeandvalueprohibits
usfrom reliablyestimatingaprobabilityfor eachone.

It is thusnot possibleto implementtheBigrammodel
andtheLevin modelin their original form. For this eval-
uationwe chooseto adaptboth modelsin the following
way: The speechact andattribute aremodelledproba-
bilistically, assuggestedby the respective authors. The
attribute-value is determinedby the usergoal, as sug-
gestedby Schef�er andYoung. This ensuresthat suf�-
cient trainingdatais availableto train all modelparame-
ters. It further improvesthemodelasit ensuresthat the
samevalueis providedif theuseris askedmultiple times
for thesameattribute.SeeFigure2 for anillustration.

To allow for ”lifelik e” randomnessin theusergoal,we
useaprobabilisticdomainmodel.At thestartof eachdi-
alogue,a usergoal is randomlyconstructedaccordingto
theprobabilitydistributionoverall theattributesandval-
uesfoundin thetrainingdata.Weusethisdomainmodel
for all of our simulatedusers.Testingis not doneon the
attribute-value,only on thespeechactandtheattribute.

4.4 Bigram Model Implementation

Theoriginal Bigrammodelasdescribedby Eckert et al.
assumesthat dialogueis a sequenceof alternatinguser
andsystemactions.Underthis assumption,thenext user
actionis predictedbasedon theprevioussystemaction.

In real dialogues,dialogueturns can include several

Figure2: Responsegeneration

actions.The assumptionthatactionai canbe predicted
from ai � 1 is henceno longervalid. Thesampledialogue
in Table1 illustratesthis well: actiona4 triggersaction
a6, which in turn triggersactiona8.

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

For our implementation,we choosethe following
workaround:Bigramsarestill estimatedon an ”action”
basis,but the probability P(au jas) is interpretedas the
probability that the userresponsecontainsau whenthe
previoussystemturncontainsactionas .

We further implementa simple back-off mechanism
to accountfor systemactionsthatappearin thetestdata
but have not appearedin the trainingdata.For theseac-
tions,no bigramis trainedduring parameterestimation.
In thesecases,we backoff to theunigramprobabilityof
eachuseraction.

4.5 Levin Model Implementation

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

To accountfor thesedifferencesin the systemaction
set,weparameterisetheLevin usermodelusingaslightly
modi�ed setof probabilities. A positive responseto an
explicit con�rmation of attributeAx , for instance,is pa-
rameterisedas

P(yes answerjexplicit conf ir m Ax ): (7)



Similarmodi�cationsaremadefor theotheruserandsys-
tem actionsthat were not presentin the dialoguedata
availableto Levin et al.

4.6 Pietquin Model Implementation

As describedin Section2.6,thePietquinmodelis anex-
tensionof theLevin model. The coreideaof Pietquin's
work is to condition the usermodel parameterson the
usergoal. In a real dataset,however, it is not possible
to estimateaprobabilityfor everyconceivablecon�gura-
tion of usergoal. Thenumberof possiblecombinations
of useractionsandusergoalsis far too large to obtain
reliableprobabilityestimates.

Our workaroundfor this problemis to condition the
probabilities on selectedpropertiesof the user goal,
rather than its full state. For instance,we checkif an
attributeis presentin thegoalor not,or if it hasbeenpro-
vided beforeor not. This geatly reducesthe numberof
parametersandavoidsdatasparsityproblems.

4.7 UserGoal Infer ence

The dataavailable to us did not containannotationsre-
gardingthe speci�cs of the usergoals. We were able
to automaticallyinfer theseby scanningthe parsedref-
erencetranscriptionsof the user utterances. For ev-
eryprovide inf o action,thecorrespondingattributeand
value were addedto the usergoal. When two actions
contradictedeachother(i.e. sameattribute,but different
value)the lateronewasassumedto overwritetheearlier
one.Countswererecordedto trackhow ofteneachpiece
of informationhadbeentransmittedto the systemover
thecourseof thedialogue.

As explainedby (Schef�er andYoung,2001),theau-
tomaticinferenceof usergoalsfrom dialoguesis not un-
problematic.Thetrueusergoalcanneverbeknownsince
theachievedgoalmaynotbetheonethattheuserstarted
outwith. It is impossibleto ascertainwhichgoalsarein-
deedcompletedcorrectlyandwhichare�a wedby recog-
nition errors. User goalsmay alsochangeasusersbe-
comeawareof systemlimitations.

4.8 DialogueManager Implementation

To generatedialogues,the simulateduserneeds”a dia-
loguepartner”to interactwith. Thestraightforwardstrat-
egy would be to take oneof the original dialogueman-
agersfrom ATT, BBN, CMU or SRI.Sincenoneof these
wasavailableto us,theonly alternativewasto implement
a new dialoguemanager(DM). To make full useof the4
training datasets,we choseto build a DM which is ”an
average”of thefour originaldialoguemanagers.

Thenew DM includesthefeatureswhich arecommon
to all of theoriginal dialoguemanagersandit structures
thedialoguein a similar way. Like all theoriginal man-
agers,the new DM covers �ight bookings(origin and

destinationcity, departingdateand time, return �ight)
andgroundarrangements(hotellocation,hotelchain,car
rental).

The new DM can processany of the user speech
actspresentin the data. This includesyes answer and
no answer actions,which needto becorrectlyresolved
accordingto thedialoguecontext. TheDM canalsohan-
dle user-initiative, i.e. processmultiple piecesof incom-
ing information. To resemblethe dialoguemanagersin
thetrainingdata,however, it doesnotencourageuserini-
tiative. EachDM turncontainsatmostonerequest inf o
action.

For eachslot,theDM usesasimplestatemachine.The
stateof theslot informsthedialoguemanagerwhataction
to take next to �ll andcon�rm the slot. As canbe seen
in Figure3, theDM canreject,implicitly con�rm or ex-
plicitly con�rm incominginformation,basedon thecon-
�dence scoreof the incomingaction. Con�dencescores
for eachuseractionarerandomlyselectedfrom a�at dis-
tribution. The thresholdlevels for rejection,implicit or
explicit con�rmation canbesetsothattheir relative pro-
portionresemblesthatfoundin thetrainingdata.Thebe-

Figure3: Dialoguemanageragenda

haviourof thedialoguemanagerinvolvesnoactualaccess
to �ight, hotelor carbookingsystems.Sinceall interac-
tion occurson the intention level, no databaseretrieval
needsto beimplemented.

With regardsto evaluation,it is dif�cult to quantifythe
effect of usinga new DM on thequality of thesimulated
dialogues.Quiteclearly, if thenew DM behavesverydif-
ferentlyfromtheoriginalDM thatwasusedfor collecting
thetrainingdatafor thesimulateduser, thenthesynthetic
datacan never matchthe real dataexactly - no matter
how goodthe simulateduseris. Sincethe training data
is recordedwith many differentdialoguemanagers,it is
alsoquestionableif a singleDM cangeneratethe same
varietyof dialogues.

The fact that the trainingdatais recordedusing4 dif-
ferentDMs is a greatadvantagefor us. It enablesus to
quantify how muchuserbehaviour canvary dueto dif-
ferencesin experimentalsetupanddialoguestrategy. By



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

5 Evaluation Results

As explainedin section3, theevaluationis split into two
main parts. The �rst part comparessimulateduserre-
sponsesto realuserresponsesin anunseentestset.This
assesseshow realistic the bestresponseis that the sim-
ulatedusercanpredict. The secondpart comparescor-
poraof simulateddialoguesto real corpora. This eval-
uateshow well thesimulationcoversthe varietyof user
behaviour in thetrainingdata.

5.1 Evaluation of the BestResponse

As describedin Section3.2,we usePrecisionandRecall
to measurethesimilarity betweensimulatedandrealuser
responses.Theresults(Table2) show thatthescoressig-
ni�cantly improve from theBigramto theLevin model.
It is interestingto notethat the jump in precisionclearly
exceedsthe jump in recall. This is due to the fact that
theBigrammodeloutputsamuchgreaternumberof user
actionsthanthe Levin model. We will con�rm anddis-
cussthisproblemin 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 theLevin modelis notable,but not as
dramaticas the gapbetweenthe Bigram and the Levin
model. This is natural, consideringthat the Pietquin
modelmaybeviewedasanextensionof theLevin model.

Therelativerankingof thethreemodelsis asexpected:
As the level of sophisticationrises,theperformanceim-
proves. Also asexpected,the trainingdataperformance
is slightly betterthanthetestdataperformance.

5.2 Evaluation of the GeneratedCorpus

In thesecondpartof theevaluation,we testhow well the
usermodelscover the variety of the userpopulationin
thetrainingdata.A corpusof 150dialoguesis generated
with eachof theusermodelsthroughinteractionwith the
dialoguemanager(DM). Thestatisticaldistributionof the
syntheticcorpusis thencomparedto thetrainingdata,as
describedin Section3.3.

As describedin Section4.8, our evaluation experi-
mentsarerun with a DM that is different from the one
usedto collectthetrainingdatafor thesimulateduser. It

is interestingto investigatewhateffect thedialogueman-
agerhasonuserbehaviour. Wethereforeshow individual
measurementsfor eachof thefour datasetsaswell asthe
full training corpus(denotedby ”ALL”). The rangeof
valuesspannedby the four DMs is the target range for
thesimulateddialogues.Variationswithin this rangecan
beattributedto thedialoguemanagerandtheexperimen-
tal setup.

5.2.1 High-level DialogueFeatures

The �rst group of experimentscovers the following
statisticaldialogueproperties:

� Dialoguelength, measuredin the numberof turns
pertask:mean,varianceandshapeof distribution

� Turn length,measuredin thenumberof actionsper
turn: mean,varianceandshapeof distribution

� Participantactivity asa ratio of systemanduserac-
tionsperdialogue

Figure4 showsthemeanvaluesfor dialoguelength(=
tasklength)andturnlength.ThePietquinmodelachieves
a very goodresultfor dialoguelength,missingthemean
lengthof thetrainingdataby lessthan2 turns.TheLevin
model is further away from the training dataresult,but
it is still within the target range. The Bigram model
performsvery badly - the dialogues�nish far too early.
Analysisof the simulateddialoguesshows that the user
is veryuncooperative,causingthesystemto �nish thedi-
aloguebeforecompletingany booking.This will alsobe
con�rmed by very low goalcompletionrateslater in the
evaluation.

Figure4: Meantaskandturn length

Wefoundthatthestandarddeviationof thetasklength
is too smallin all of thesimulateddatasets.Theshapeof
thedistributions(Figure5) con�rms this. Thecurvesfor
theLevin modelandthePietquinmodellook betterthan
for theBigrammodel,but their tailsarestill too �at.

Interestingly, theresultsfor turn lengthlook better. As
shown in Figure 4 the meansof the simulateddatasets
andthetrainingdataarenicelyaligned.Only theBigram
modelproducesfar too many actionsper turn. The �a w



Figure5: Tasklengthdistribution

leadingto this problemis the assumptionthat eachsys-
tem actiontriggersexactly oneuseraction. In real dia-
loguestherelationshipis notnecessarily1 to 1. An open
questionsuchas ”How may I help you?”, for instance,
canleadtheuserto respondwith severalpiecesof infor-
mation. An implicit con�rmation or an apology, on the
otherhand,maytriggernouserresponseatall. Thelatter
caseis verycommonin realdialogues,leadingto a lower
averagenumberof actionsperturn.

The Levin modeland the Pietquinmodelachieve al-
mostperfectresultsfor thestandarddeviationof theturn
length.Lookingat theshapeof theirdistributions(Figure
6), wecanseethatthey closelyresembletheshapeof the
trainingdatadistribution.

Figure6: Turn lengthdistribution

The next experimentinvestigatesdialogueparticipant
activity. Figure7 shows the ratio of uservs. systemac-
tions. The lower partof thebar indicatesthepercentage
of useractionswhile theupperpartrepresentssystemac-
tions.

Onceagain,theBigrammodelis far outsidethetarget
range.As con�rmedby thepreviousexperiment,theuser
is ”talking toomuch”. TheLevin andthePietquinmodel
achieve almostidenticalscores.Both modelsareinside
thetargetrangeandnot far from thetrainingdataresult.

5.2.2 DialogueStyleand Cooperativeness

The next group of experimentscovers the following
statisticalproperties:

Figure7: Ratioof uservs. systemactions

� Frequency of differentuserandsystemspeech-acts
(averagenumberof occurrencesperdialogue)

� Proportionof goal-directedactions(requestandpro-
vide information) vs. groundingactions(explicit
andimplicit con�rmations)vs. dialogueformalities
(greetings,apologies,instructions)vs. unrecognised
actions(unknown).

� Numberof timesapieceof informationis requested,
provided,re-requestedandre-providedin eachdia-
logue

The histogramin Figure 8 shows the frequency of
the most dominantuser and systemspeechacts. The
�rst three bins cover user actions: ”provide info”,
”yes/noanswer” and ”unknown”. The last two bins
are for system actions: ”requestinfo” and ”ex-
plicit/implicit con�rm”.

Figure8: Histogramof speechacts

Secondly, we group all userand systemactionsinto
categories,asshown in Figure9. Thisallowsusto inves-
tigatewhat proportionof the dialogueis spenton goal-
directedactions,groundingactionsanddialogueformal-
ities. Sincethenumberof unrecognisedactionsis high,
a separatecategory is createdfor theseactions. Hang-
up actionsarenot includedin this analysis,sinceevery
dialoguecontainsexactlyonehang-upaction.



Ouranalysisshowsthattherelativeorderingof actions
is fairly similar for thefour realsystems.In thesimulated
datasets,thenumberof ”unknown” useractionsis clearly
too low. This indicatesthat misunderstandingsare not
simulatedwell. At thesametime,theproportionof goal-
directedactionsis toolow comparedto groundingactions
anddialogueformalities.

Figure9: Proportionof dialoguespenton goal-directed
actions, grounding actions, dialogue formalities, un-
recognisedactions.All barsshow the percentageof ac-
tionsin thecorrespondingclass,i.e. thefour barsaddup
to 100%

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

To evaluatethecooperativenessof thesimulateduser,
weexaminehow oftenattributesarerequested,provided,
re-requestedand re-provided per dialogue(Figure 10).
Theresultscon�rm thatthesimulateduserin theBigram
modelis tooactive: Theratiobetweenprovide inf oand
request inf o actionsis tilted towardsthe useractions.
The Levin and the Pietquinmodelsshow a ratherlarge
numberof provide inf o andrequest inf o actions.The
ratiobetweensystemrequestsandcorrespondinguserre-
sponses,however, is very similar to the training data.
This shows that the degree of user cooperativenessis
modelledfairly well.

5.2.3 DialogueSuccessRateand Ef�ciency

The �nal group of experimentscovers the following
statisticalproperties:

� averagegoal/ subgoalachievementrate

� meanandvarianceof thegoalcompletiontime

Figure11 shows the goal achievementratesandgoal
completiontimesfor the four real systemsandthe three
simulatedsystems.We areonly showing the resultsfor
�ight-bookings here,but a similar analysiscanbe done
for hotel-reservationsandrental-carbookings. We have
assumedthatasubgoalis completedwhenthesystemac-
knowledgesthecorrespondingbooking.

Figure11: Flight goalcompletionrates(percentageof di-
alogueswith successfullycompletedsubgoal)andcom-
pletion times(in dialogueturns,thin lines indicatestan-
darddeviation).

As expected,the Bigram model producesvery poor
results. The performanceof the Levin andthe Pietquin
model is more interesting. Our analysisshows that the
simulatedusersmorefrequentlyachieve their goals,but
that the averagecompletiontime is longer. A possible
explanationfor this may be that the user's level of per-
sistenceandpatienceis not modelledwell. Realuser's
seemto bemorelikely to hangupif thedialogueprogress
is slow.

Anotherplausibleexplanationis thatrealuserscanbe
roughlydividedinto a largegroupof novicesandasmall
group of experts. The latter group is aware of system
limitations andcompletesthe dialoguesuccessfullyand
quickly. Thenovices,on theotherhand,tendto engage
in long,error-pronedialoguesthatdonot leadto success-
ful completion.This dependency betweenuserexpertise
anduserbehaviour is notaccountedfor in our implemen-
tations.

Analysis of the dialogue transcriptionsshows that
many realusersproducespecialrequests,suchas”a win-
dow seaton the plane” or ”rental car-insurance”. This
groupof novice usersappearsto be underrepresentedin
the simulateddatasets. Our experimentscon�rm this:
”specialrequests”areusuallyparsedas”unknown” and



this type of actionis signi�cantly lessfrequentin simu-
lateddatasets.

Interestingly, thePietquinmodelperformsworsethan
the Levin model for the goal completionmetrics, al-
thoughit explicitly takestheusergoalinto consideration.
It appearsthat the model in its currentform is too con-
straining. The assumptionthat the usergoal stays�x ed
over the courseof a dialogueis not correct. Secondly,
the Pietquinmodel encouragesthe usernot to mention
attributeswhich are not part of his goal. While this is
conceptuallycorrect,it seemsto havenegativeeffectson
userbehaviour whenthegoalrepresentationcannotcap-
turethecomplexity of realusergoals.

Manualanalysisof thesimulateddialoguesalsoshows
that the �rst phaseof the dialogue(greeting, instruc-
tion, exchangeof �ight bookingdetails)is fairly realis-
tic, presumablybecauseit follows dialogueconventions
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

Thispaperhaspresentedadetailedevaluationof themost
prominentdomain-independentapproachesto stochastic
usersimulationbasedon a large corpusof real human-
computerdialogues.The natureof thesimulationprob-
lemis suchthatnosinglemeasureof goodnessexists,but
wehavedemonstratedthatasetof metricscanbeusedto
identify thestrengthandweaknessesof eachmethod.

Our resultsshow thattheworksof Levin andPietquin
haveledto goodimprovementsin usersimulationquality.
BothapproachesclearlyoutperformtheBigrambaseline.
However, theresultsalsoshow thatthesimulateddatasets
canstill bedistinguishedfrom realdatasetsusingsimple
statisticalmetrics.Ouranalysisindicatesthatit mayben-
e�cial to distinguishbetweendifferentusergroups,for
instanceby trainingmultiple usermodelswith (say)dif-
ferentlevelsof expertise.Furtherresearchis alsoneeded
on modellingusergoalsandon modellingdialoguemis-
understandings.We hopeto addresstheseproblemsin
futurework.

We believe thatit maybeparticularlybene�cial to de-
velop a betterrepresentationof the usergoal. To cover
realisticdialogues,we mustacknowledgethatusergoals
canhavehierarchicalstructures- andthatthesestructures
can evolve over time. The Hidden VectorStateModel
(Young,2002)hasrecentlybeenintroducedasa method
for learninghierarchicaldependenciesandwe intendto
investigateits usefor usermodelling.
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