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Abstract Conversationalagentsintegratecomputationallinguisticstechniqueswith thecommuni-
cationchannelof theWebto interpretandrespondto statementsmadeby usersin ordinarynatural
language.Web-basedconversationalagentsdeliverhigh-volumesof interactive text-baseddialogs.
Recentyearshave seensigni�cant activity in enterprise-classconversationalagents. This chap-
ter describestheprincipalapplicationsof conversationalagentsin theenterpriseandthe technical
challengesposedby their designandlarge-scaledeployments.Thesetechnicalchallengesfall into
two categories:accurateandef�cient natural-languageprocessing;andthescalability, performance,
reliability, integration,andmaintenancerequirementsposedby enterprisedeployments.

1.1 Intr oduction

TheInternethasintroducedsweepingchangesin every facetof contemporarylife. Businessis
conductedfundamentallydifferentlythanin thepre-Webera.Weeducateourstudentsin new ways,
andwe areseeingparadigmshifts in government,healthcare,andentertainment.At the heartof
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thesechangesarenew technologiesfor communication,andoneof themostpromisingcommuni-
cationtechnologiesis theconversationalagent,whichmarriesagentcapabilitieswith computational
linguistics.

Conversationalagentsexploit natural languagetechnologiesto engageusersin text-based
information-seekingandtask-orienteddialogsfor abroadrangeof applications.Deployedonretail
websites,they respondto customers'inquiriesaboutproductsandservices.Conversationalagents
associatedwith �nancial services'websitesanswerquestionsaboutaccountbalancesandprovide
portfolio information. Pedagogicalconversationalagentsassiststudentsby providing problem-
solving adviceas they learn. Conversationalagentsfor entertainmentare deployed in gamesto
engageplayersin situateddialogsaboutthe game-world events. In comingyears,conversational
agentswill supporta broadrangeof applicationsin businessenterprises,education,government,
healthcare,andentertainment.

Recentgrowth in conversationalagentshasbeenpropelledby theconvergenceof two enabling
technologies.First, theWebemergedasa universalcommunicationschannel.Web-basedconver-
sationalagentsarescalableenterprisesystemsthat leveragethe Internetto simultaneouslydeliver
dialogservicesto largepopulationsof users.Second,computationallinguistics,the �eld of arti�-
cial intelligencethatfocusesonnaturallanguagesoftware,hasseenmajorimprovements.Dramatic
advancesin parsingtechnologies,for example,havesigni�cantly increasednaturallanguageunder-
standingcapabilities.

Conversationalagentsarebeginning to play a particularlyprominentrole in onespeci�c fam-
ily of applications:enterprisesoftware. In recentyears,the demandfor cost-effective solutions
to the customerserviceproblemhasincreaseddramatically. Deploying automatedsolutionscan
signi�cantly reducethe high proportionof customerservicebudgetsdevoted to training and la-
bor costs.By exploiting theenablingtechnologiesof theWebandcomputationallinguisticsnoted
above, conversationalagentsoffer companiesthe ability to provide customerservicemuchmore
economicallythanwith traditionalmodels.In customer-facingdeployments,conversationalagents
interactdirectly with customersto help themobtainanswersto their questions.In internal-facing
deployments,they conversewith customerservicerepresentativesto train themandhelpthemassist
customers.

In this chapterwe will discussWeb-basedconversationalagents,focusingon their role in the
enterprise. We �rst describethe principal applicationsof conversationalagentsin the business
environment.We thenturn to thetechnicalchallengesposedby their developmentandlarge-scale
deployments.Finally, we review the foundationalnaturallanguagetechnologiesof interpretation,
dialogmanagement,andresponseexecution,aswell asanenterprisearchitecturethataddressesthe
requirementsof conversationalscalability, performance,reliability, “authoring,” andmaintenance
in theenterprise.

1.2 Applications

Effective communicationis paramountfor a broadrangeof tasksin the enterprise.An enter-
prisemustcommunicateclearlywith its suppliersandpartners,andengagingclientsin anongoing
dialog—notmerelymetaphoricallybut alsoliterally—is essentialfor maintaininganongoingrela-
tionship.Communicationcharacterizedby information-seekingandtask-orienteddialogsis central
to � vemajorfamiliesof businessapplications:

� Customerservice: Respondingto customers'generalquestionsaboutproductsandservices,
e.g.,answeringquestionsaboutapplyingfor anautomobileloanor homemortgage.

� Helpdesk: Respondingto internalemployeequestions,e.g.,respondingto HR questions.

� Websitenavigation: Guidingcustomersto relevantportionsof complex websites.A “Website
concierge” is invaluablein helpingpeopledeterminewhereinformationor servicesresideon
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acompany'swebsite.

� Guidedselling: Providing answersandguidancein thesalesprocess,particularlyfor complex
productsbeingsoldto novicecustomers.

� Technical support: Respondingto technicalproblems,suchasdiagnosinga problemwith a
device.

In commerce,clearcommunicationis critical for acquiring,serving,andretainingcustomers.
Companiesmusteducatetheir potentialcustomersabouttheir productsandservices.They must
alsoincreasecustomersatisfactionand,therefore,customerretention,by developinga clearunder-
standingof their customers'needs.Customersseekanswersto their inquiriesthatarecorrectand
timely. They arefrustratedby fruitlesssearchesthroughwebsites,longwaitsin call queuesto speak
with customerservicerepresentatives,anddelaysof severaldaysfor emailresponses.

Improving customerserviceandsupportis essentialto many companiesbecausethe cost of
failureis high: lossof customersandlossof revenue.Thecostsof providing serviceandsupportare
highandthequalityis low, evenascustomerexpectationsaregreaterthanever. Achievingconsistent
andaccuratecustomerresponsesis challengingandresponsetimesareoftentoo long. Effectiveness
is, in many cases,furtherreducedascompaniestransitionincreasinglevelsof activity to Web-based
self-serviceapplications,whichbelongto thecustomerrelationshipmanagementsoftwaresector.

Over thepastdecade,customerrelationshipmanagement(CRM) hasemergedasa majorclass
of enterprisesoftware. CRM consistsof threemajor typesof applications:salesforce automa-
tion, marketing,andcustomerserviceandsupport.Salesforceautomationfocuseson solutionsfor
leadtracking,accountandcontactmanagement,andpartnerrelationshipmanagement.Marketing
automationaddressescampaignmanagementandemailmarketingneeds,aswell ascustomerseg-
mentationandanalytics.Customerserviceapplicationsprovide solutionsfor call centersystems,
knowledgemanagement,ande-serviceapplicationsfor Web collaboration,email automation,and
livechat.It is to this third categoryof customerservicesystemsthatconversationalagenttechnolo-
giesbelong.

Companiesstrugglewith the challengesof increasingthe availability andquality of customer
servicewhile controllingtheir costs.Hiring trainedpersonnelfor call centers,live chat,andemail
responsecentersis expensive. Theproblemis exacerbatedby thefact thatservicequality mustbe
deliveredat a level wherecustomersarecomfortablewith theaccuracy andresponsiveness.

Companiestypically employ multiple channelsthroughwhich customersmay contactthem.
Theseincludeexpensive supportchannelssuchasphoneandinteractive voice responsesystems.
Increasingly, they also include Web-basedapproachesbecausecompanieshave tried to address
increasedemandsfor servicewhile controllingthehigh costof human-assistedsupport.E-service
channelsincludelivechatandemail,aswell assearchandautomatedemailresponse.

The tradeoff betweencost and effectivenessin customersupportpresentscompanieswith a
dilemma.Althoughquality human-assistedsupportis themosteffective, it is alsothemostexpen-
sive. Companiestypically suffer from highturnoverrateswhich, togetherwith thecostsof training,
furtherdiminish theappealof human-assistedsupport.Moreover, high turnover ratesincreasethe
likelihood that customerswill interactwith inexperiencedcustomerservicerepresentatives,who
provide incorrectandinconsistentresponsesto questions.

Conversationalagentsoffer a solution to the cost versuseffectivenesstradeoff for customer
serviceand support. By engagingin automateddialog to assistcustomerswith their problems,
conversationalagentseffectively addresssalesand supportinquiries at a much lower cost than
human-assistedsupport. Of course,conversationalagentscannotenterinto conversationsabout
all subjects—becauseof the limitations of naturallanguagetechnologiesthey canonly operatein
circumscribeddomains—but they canneverthelessprovidea cost-effectivesolutionin applications
wherequestion-answeringrequirementsare bounded. Fortunately, the applicationsnotedabove
(customerservice,help desk,websitenavigation,guidedselling,andtechnicalsupport)areoften
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characterizedby subjectmatterareasrestrictedto speci�c productsor services.Consequently, com-
paniescanmeettheir businessobjectivesby deploying conversationalagentsthatcarryon dialogs
abouta particularsetof productsor services.

1.3 TechnicalChallenges

Conversationalagentsmustsatisfytwo setsof requirements.First, they mustprovidesuf�cient
languageprocessingcapabilitiesthatthey canengagein productiveconversationswith users.They
mustbe ableto understandusers'questionsandstatements,employ effective dialogmanagement
techniques,andaccuratelyrespondat each“conversationalturn.” Second,they mustoperateeffec-
tively in the enterprise.They mustbe scalableandreliable,andthey must integratecleanly into
existing businessprocessesandenterpriseinfrastructure.We discusseachof theserequirementsin
turn.
1.3.1 Natural LanguageRequirements

Accurateandef�cient naturallanguageprocessingis essentialfor aneffectiveconversationalagent.
To respondappropriatelyto a user's utterance,1 a conversationalagentmust(1) interprettheutter-
ance,(2) determinethe actionsthat shouldbe taken in responseto theutterance,and(3) perform
theactions,which mayincludereplyingwith text, presentingWebpagesor otherinformation,and
performingsystemactionssuchaswriting informationto a database.

For example,if theuser'sutterancewere:

(1) I would like to buy it now

theagentmust�rst determinetheliteral meaningof theutterance:theuserwantsto purchasesome-
thing, probablysomethingmentionedearlierin theconversation.In addition,theagentmustinfer
thegoalsthat theusersoughtto accomplishby makinganutterancewith thatmeaning.Although
theuser's utteranceis in the form of anassertion,it wasprobablyintendedto expressa requestto
completea purchase.

Oncethe agenthasinterpretedthe statement,it mustdeterminehow to act. The appropriate
actionsdependon thecurrentgoalof theagent(e.g.,sellingproductsor handlingcomplaints),the
dialoghistory (thepreviousstatementsmadeby theagentanduser),andinformationin databases
accessibleto the agent,suchasdataaboutparticularcustomersor products. For example,if the
agenthasthegoalof sellingproducts,thepreviousdiscussionidenti�ed aparticularconsumeritem
for saleat theagent'swebsite,andtheproductcatalogshowstheitemto bein stock,theappropriate
actionmight be to presentan order form andaskthe userto completeit. If insteadthe previous
discussionhadn't clearlyidenti�ed anitem,theappropriateactionmightbeto elicit adescriptionof
a speci�c item from theuser. Similarly, if the item wereunavailable,theappropriateactionmight
beto offer theuseradifferentchoice.

Finally, theagentmustrespondwith appropriateactions.Theappropriateactionsmight include
makinga statement,presentinginformationin othermodalities,suchasproductphotographs,and
taking otheractions,suchas logging information to a database.For example,if the appropriate
actionwereto presentan orderform to the userandaskthe userto completeit, the agentwould
needto retrieve or createa statementsuchas“Great! Please�ll out the form below to complete
your purchase,” createor retrievea suitableWebpage,displaythetext andWebpageon theuser's
browser, andlog theinformation.Figure1.1depictsthedata�o w in aconversationalagentsystem.

Thethreeprimarycomponentsin theprocessingof eachutteranceareshown in Figure1.2.The
�rst componentin this architecture,the Interpreter, performsfour typesof analysisof the user's
statement:syntactic,discourse,semantic,andpragmatic.Syntacticanalysisconsistsof determining

1An utteranceis aquestion,imperative, or statementissuedby a user.
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thegrammaticalrelationshipsamongthewordsin theuser'sstatement.For example,in thesentence

(2) I would likea fastcomputer

syntacticanalysiswouldproduceaparseof thesentenceshowing that“wouldlike” is themainverb,
“I” is the subject,and“a fastcomputer”is the object. Although many conversationalagents(in-
cludingtheearliest)rely on patternmatchingwithout any syntacticanalysis[Weizenbaum,1966],
this approachcannotscale. As the numberof statementsthat the agentmustdistinguishamong
increases,the numberof patternsrequiredto distinguishamongthe statementsgrows rapidly in
numberandcomplexity.2 Discourseanalysisconsistsof determiningtherelationshipsamongmul-
tiple sentences.An importantcomponentof discourseanalysisis referenceresolution, the taskof
determiningtheentity denotedby a referringexpression,suchasthe“it” in, “I would like to buy it
now.” A relatedproblemis interpretationof ellipsis, that is, materialomittedfrom a statementbut
implicit in theconversationalcontext. For example,“Wireless”means,“I would like thewireless
network” in responseto thequestion,“Are you interestedin a standardor wirelessnetwork?”, but
the sameutterancemeans“I want the wirelessPDA” in responseto the question,“What kind of
PDA would you like?”

Semanticanalysisconsistsof determiningthemeaningof thesentence.Typically, this consists
of representingthestatementin acanonicalformalismthatmapsstatementswith similarmeaningto
a singlerepresentationandthatfacilitatestheinferencesthatcanbedrawn from therepresentation.
Approachesto semanticanalysisincludethefollowing:

� Replaceeachnounandverbin aparsewith awordsensethatcorrespondsto asetof synony-
mouswords,suchasWordNetsynsets[Fellbaum,1999].

2In fact,conversationalagentsmustaddresstwo formsof scalability:domainscalability, asdiscussedhere,andcompu-
tationalscalability, which refersto theability to handlelargevolumesof conversationsandis discussedin Section1.3.2.
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� Representthestatementasa caseframe[Fillmore, 1968],dependency tree[Harabagiuet al.,
2000],or logical representation,suchas�rst orderpredicatecalculus.

Finally, the Interpretermustperformpragmaticanalysis,determiningthe pragmaticeffect of
theutterance,thatis, thespeech(or communication)act[Searle,1979]thattheutteranceperforms.
For example,“Can you show me the digital camerason sale?” is in the form of a question,but
its pragmaticeffect is a requestto displaycamerason sale. “I would like to buy it now” is in the
form of a declaration,but its pragmaticeffect is alsoa request.Similarly, thepragmaticeffectof “I
don't have enoughmoney,” is a refusalin responseto thequestion“Would you like to proceedto
checkout?” but a requestin responseto “Is thereanythingyouneedfrom me?”

The interpretationof theuser's statementis passedto a Dialog Manager, which is responsible
for determiningthe actionsto take in responseto the statement.The appropriateactionsdepend
on the interpretationof theuser's statementandthedialogstateof theagent,which representsthe
agent'scurrentconversationgoal. In thesimplestconversationalagents,theremaybeonly a single
dialog state,correspondingto the goal of answeringthe next question. In morecomplex agents,
a userutterancemay causea transitionfrom onedialog stateto another. The new dialogstateis,
in general,a functionof thecurrentstate,theuser's statement,andinformationavailableaboutthe
userandtheproductsandservicesunderdiscussion.Determininga new dialogstatemaytherefore
requiredatabasequeriesandinference.For example,if the user's statementis, “What patchdo I
needfor my operatingsystem?”andtheversionof theuser'soperatingsystemis storedin theuser's
pro�le, thenext dialogstatemayre�ect thegoalof informing theuserof thenameof thepatch.If
theversionof theoperatingsystemis unknown, thetransitionmaybeto adialogstatere�ecting the
goalof eliciting theoperatingsystemversion.

TheDialogManageris responsiblefor detectingandrespondingto changesin topic. For exam-
ple, if a user's questioncan't beansweredwithout additionalinformationfrom theuser, thedialog
statemustberevisedto re�ect thegoalof eliciting theadditionalinformation. Similarly, if a user
fails to understanda questionandasksfor a clari�cation, the dialog statemustbe changedto a
statecorrespondingto thegoalof providing theclari�cation. Whenthegoalof obtainingadditional
informationor clari�cation is completed,theDialog Managermustgracefullyreturnto thedialog
stateat which theinterruptionoccurred.

The�nal componentis theResponseGenerator. Responsesfall into two categories:communi-
cationsto the user, suchastext, Web pages,email, or othercommunicationmodalities;andnon-
communicationresponses,suchasupdatinguserpro�les (e.g.,if theuser'sstatementis adeclaration
of informationthat shouldbe remembered,suchas“My OS is Win-XP”), escalatingfrom a con-
versationalagentto a customerservicerepresentative (e.g., if the agentis unableto handlethe
conversation),andterminatingthedialogwhenit is completed.Theresponsesmadeby theagent
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dependon thedialogstateresultingfrom theuser's statement(which representstheagent's current
goals)andtheinformationavailableto theagentthroughits dialoghistory, inference,or otherdata
sources.For example,if thecurrentdialogstatecorrespondsto thegoalof informingtheuserof the
costof anitemfor saleata websiteandthepricedependsonwhethertheuseris a repeatcustomer,
theresponsemightdependontheinformationin thedialoghistoryconcerningthestatusof theuser
andtheresultof queriesto productcatalogsconcerningalternativeprices.

Responsestypically includereferencesto existing contentthathasbeencreatedthroughoutthe
enterprise.Repurposingcontentis particularly importantwhen the productsandservicesthat a
responseaddresseschangecontinually. Centralizedauthoring,validation,andmaintenanceof re-
sponsesfacilitateconsistency anddrasticallyreducemaintenancecosts.

Enterpriseapplicationsof conversationalagentsimposeseveralconstraintsnotgenerallypresent
in other forms of conversationalagents.First, high accuracy andgracefuldegradationof perfor-
manceareveryimportantfor customersatisfaction.Misunderstandingsin whichtheagentresponds
asthoughtheuserhadstatedsomethingotherthanwhat theuserintendedto say(falsepositives),
canbe very frustratinganddif�cult for the agentto recover from, particularly in dialog settings.
Oncetheagenthasstarteddown thewrongconversationalpath,sophisticateddialogmanagement
techniquesarenecessaryto detectandrecover from theerror. Uncertaintyby theagentaboutthe
meaningof a statement(falsenegatives)canalsobe frustratingto theuserif theagentrepeatedly
asksusersto restatetheir questions.It is oftenpreferablefor theagentto presenta setof candidate
interpretationsandasktheusersto choosetheinterpretationthey intended.

Second,it isessentialthatauthoringbeeasyenoughto beperformedby non-technicalpersonnel.
Knowledgebasesaretypically authoredby subjectmatterexpertsin marketing,sales,andcustomer
caredepartmentswhohave little or no technicaltraining.They cannotbeexpectedto createscripts
or programs;they certainlycannotbe expectedto createor modify grammarsconsistingof thou-
sandsof productions(grammarrules).Authoringtoolsmustthereforebeusableby personnelwho
arenon-technicalbut who cannonethelessprovide examplesof questionsandanswers.State-of-
the-artauthoringsuitesexploit machine-learningandothercorpus-basedandexample-basedtech-
niques.They inducelinguistic knowledgefrom examples,soauthorsaretypically not evenaware
of the existenceof the grammar. Hiding the detailsof linguistic knowledgeandprocessingfrom
authorsis essentialfor conversationalagentsdeliveredin theenterprise.

1.3.2 Enterprise Delivery Requirements

In additionto thenaturallanguagecapabilitiesoutlinedabove, conversationalagentscanbeintro-
ducedinto theenterpriseonly if they meettheneedsof a largeorganization.To do so, they must
providea“conversationalQoS”thatenablesagentsto enterinto dialogswith thousandsof customers
on a largescale.They mustbe scalable,provide high throughput,andguaranteereliability. They
mustalsooffer levels of securitycommensuratewith the conversationalsubjectmatter, integrate
well with theexistingenterpriseinfrastructure,providea suiteof contentcreationandmaintenance
toolsthatenabletheenterpriseto ef�ciently authorandmaintainthedomainknowledge,andsupport
a broadrangeof analyticswith third-partybusinessintelligenceandreportingtools.

Scalability. Scalabilityis key to conversationalagents.Becausethe typical enterprisethatde-
ploysaconversationalagentdoessoto copewith extraordinarilyhighvolumesof inboundcontacts,
conversationalagentsmustscalewell. To offer a viable solutionto the contemporaryenterprise,
conversationalagentsmustsupporton the orderof tensof thousandsof conversationseachday.
Careful capacityplanningmust be undertaken prior to deployment. Conversationalagentsmust
bearchitectedto handleongoingexpandedroll-outs to addressincreasedusercapacity. Moreover,
becausevolumescanincreaseto very high levelsduringcrisisperiods,conversationalagentsmust
supportrapidexpansionsof conversationson shortnotice. Becausevolumeis dif�cult to predict,
conversationalagentsmustbe ableto dynamicallyincreaseall resourcesneededto handleunex-
pectedadditionaldialogdemand.

PracticalHandbookof InternetComputing 7
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Performance. Conversationalagentsmustsatisfyrigorousperformancerequirements,which
aremeasuredin two ways.First,agentsmustsupplyaconversationalthroughputthataddressesthe
volumesseenin practice.Althoughtheloadsvary from oneapplicationto another, agentsmustbe
ableto handleon theorderof hundredsof utterancesperminute,with peakratesin thethousands.
Second,agentsmustalsoprovideguaranteeson thenumberof simultaneousconversations,aswell
asthenumberof simultaneousutterances,thatthey cansupport.In peaktimes,a largeenterprise's
conversationalagentcan receive a very large volumeof questionsfrom thousandsof concurrent
users,which mustbeprocessedasreceivedin a timely mannerto ensureadequateresponsetimes.
As a roughguideline,agentsmustprovide responsetimes in a few millisecondsso that the total
responsetime (includingnetwork latency) is within therangeof oneor two seconds.3

Reliability . For all seriousenterprisedeployments,conversationalreliability andavailability
is critical. Conversationalagentsmustbe ableto reliably addressusers'questionsin the faceof
hardwareandsoftwarefailures.Failover mechanismsspeci�c to conversationalagentsmustbe in
place. For example,if a conversationalagentserver goesdown, thenongoingandnew conversa-
tionsmustbeprocessedby remainingactive servers,andconversationaltranscriptloggingmustbe
continueduninterrupted.For somemissioncritical conversationalapplications,agentsmayneedto
be geographicallydistributedto ensureavailability, andbothconversationalknowledgebasesand
transcriptlogsmayneedto bereplicated.

Security. Thesecurityrequirementsof theenterpriseasawhole,aswell asthoseof theparticu-
lar applicationfor whichaconversationalagentis deployed,determineits securityrequirements.In
general,conversationalagentsmustprovide at leastthesamelevel of securityasthesiteon which
it resides.However, becauseconversationscancoverhighly sensitive topicsandrevealcritical per-
sonalinformation,the securitylevels at which conversationalagentsmustoperatearesometimes
higherthantheenvironmentthey inhabit. Agentsthereforemustbeableto conductconversations
over securechannelsandsupportstandardauthenticationandauthorizationmechanisms.Further-
more,conversationalcontentcreationtools(seebelow) mustsupportsecureeditingandpromotion
of content.

Integration. Conversationalagentsmustintegratecleanlywith existing enterpriseinfrastruc-
ture. In the presentationlayer, they must integratewith contentmanagementsystemsand per-
sonalizationengines.Moreover, the agent's responsesmustbe properlysynchronizedwith other
presentationelements,andif thereis a visual manifestationof an agentin a deployment(e.g.,as
anavatar),all mediamustalsobecoordinated.In theapplicationlayer, they musteasilyintegrate
with all relevantbusinesslogic. Conversationalagentsmustbe ableto accessbusinessrulesthat
areusedto implementescalationpoliciesandotherdomain-speci�cbusinessrulesthataffect dia-
log managementstrategies. For example,agentsmustbe ableto integratewith CRM systemsto
opentroubleticketsandpopulatethemwith customer-speci�c informationthatprovidesdetailsof
complex technicalsupportproblems.In thedatastoragelayer, conversationalagentsmustbeable
to easilyintegratewith back-of�ce datasuchasproductcatalogs,knowledgemanagementsystems,
anddatabaseshousinginformationaboutcustomerpro�les. Finally, conversationalagentsmust
provide comprehensive (andsecure)administrative toolsandservicesfor day-to-daymanagement
of agentresources.

To facilitateanalysisof thewealthof dataprovidedby hundredsof thousandsof conversations,
agentsmustintegratewell with third-partybusinessintelligenceandreportingsystems.At runtime,
this requirementmeansthat transcriptsmustbe loggedef�ciently to databases.At analysistime,
it meansthat the datain “conversationmarts” mustbe easilyaccessiblefor reportingon andfor
runningexploratoryanalyses.Typically, the resultinginformationandits accompanying statistics
provide valuabledatathat are usedfor two purposes:improving the behavior of the agent,and
trackingusers'interestsandconcerns.

3In well-engineeredconversationalagents,responsetimesarenearlyindependentof thesizeof thesubjectmattercovered
by theagent.
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1.4 Enabling Technologies

Thekey enablingtechnologiesfor Web-basedconversationalagentsareempirical,corpus-based
computationallinguisticstechniques,whichpermitdevelopmentof agentsby subject-matterexperts
whoarenotexpertin computertechnology, andtechniquesfor robustlydeliveringconversationson
a largescale.

1.4.1 Natural LanguageProcessingTechnologies

Natural languageprocessing(NLP) is oneof the oldestareasof Arti�cial Intelligenceresearch,
with signi�cant researchefforts datingbackto the1960s.However, progressin NLP researchwas
relatively slow duringits �rst decadesbecausemanualconstructionof NLP systemswastime con-
suming,dif�cult, anderror-prone. In the 1990s,however, threefactorsled to an accelerationof
progressin NLP. The �rst wasdevelopmentof large corporaof taggedtexts, suchas the Brown
Corpus,thePennTreebank[LDC, 2003],andtheBritish NationalCorpus[Bri, 2003]. Thesecond
factorwasdevelopmentof statistical,machine-learning,andotherempiricaltechniquesfor extract-
ing grammars,ontologies,andotherinformationfrom taggedcorpora.Competitions,suchasMUC
and TREC [Nat, 2003], in which alternative systemswere comparedhead-to-headon common
tasks,werea third driving force.Thecombinationof thesefactorshasled to rapidimprovementsin
techniquesfor automatingtheconstructionof NLP systems.

The �rst stagein the interpretationof a user's statement,syntacticanalysis,startswith tok-
enizationof theuser's statement,that is, division of theinput in a seriesof distinct lexical entities.
Tokenizationcanbe surprisinglycomplex. Onesourceof tokenizationcomplexity is contraction
ambiguity, which canrequiresigni�cant contextual informationto resolve, e.g.,“John's going to
school”vs. “John's goingto schoolmakeshim happy.” Othersourcesof tokenizationcomplexity
includeacronyms(e.g.,“arm” canmean”adjustableratemortgage”aswell asabodypart),technical
expressions(e.g.,“10BaseT”canbewrittenwith hyphensor spaces,asin “10 BaseT”), multi-word
phrases(e.g.,“I likediet coke” vs. “when I diet coke is onething I avoid”), andmisspellings.

The greatestadvancesin automatedconstructionof NLP componentshave beenin syntactic
analysis.Therearetwo distinctstepsin mostimplementationsof syntacticanalysis:part-of-speech
(POS)tagging;andparsing.POStaggingconsistsof assigningto eachtokena partof speechindi-
catingits grammaticalfunction,suchassingularnounor comparativeadjective. Thereareanumber
of learningalgorithmscapableof learninghighly accuratePOStaggingrulesfrom taggedcorpora,
includingtransformation-basedandmaximumentropy-basedapproaches[Brill, 1995;Ratnaparkhi,
1996].

Two distinctapproachesto parsingareappropriatefor conversationalagents.Chunking,or ro-
bust parsing,consistsof using �nite-state methodsto parsetext into chunks,that is, constituent
phraseswith no post-headmodi�ers. Therearevery fastandaccuratelearningmethodsfor chunk
grammars[Cardieetal.,1999;Abney, 1995].Thedisadvantageof chunkingis that�nite-statemeth-
odscan't recognizestructureswith unlimitedrecursion,suchasembeddedclauses(e.g.,“I thought
thatyousaidthatI couldtell youthat. . . ”). Context-freegrammarscanexpressunlimitedrecursion
at the costof signi�cantly morecomplex and time-consumingparsingalgorithms. A numberof
techniqueshave beendevelopedfor learningcontext-free grammarsfrom treebanks[Sta,2003].
Theperformanceof themostaccurateof thesetechniques,suchaslexicalizedprobabilisticcontext-
free grammars[Collins, 1997], canbe quite high, but the parsetime is often quite high aswell.
Web-basedconversationalagentsmayberequiredto handlea largenumberof userstatementsper
second,soparsingtimecanbecomeasigni�cant factorin choosingbetweenalternativeapproaches
to parsing.Moreover, themajorityof statementsdirectedto conversationalagentsareshort,without
complex embeddedstructures.
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The reference-resolutiontaskof discourseanalysisin generalis thesubjectof active research
[Ref,2003],but acircumscribedcollectionof rulesis suf�cient to handlemany of themostcommon
cases.For example,recency is a goodheuristicfor thesimplestcasesof anaphoraresolution,e.g.,
in thesentence(3), “one” is morelikely to referto “stereo”thanto “computer.”

(3) I wantacomputeranda stereoif oneis onsale

Far fewer resourcesarecurrentlyavailablefor semanticandpragmaticanalysisthanfor syn-
tacticanalysis,but severalongoingprojectsprovideusefulmaterials.WordNet,a lexical database,
hasbeenusedto provide lexical semanticsfor thewordsoccurringin parsedsentences[Fellbaum,
1999]. In the simplestcase,pairsof wordscanbe treatedassynonymousif they aremembersof
a commonWordNetsynonym set.4 FrameNetis a project that seeksto determinethe conceptual
structures,or frames,associatedwith words[Baker et al., 1998]. For example,theword “sell” is
associated,in thecontext of commerce,with a seller, a buyer, a price,anda thing that is sold. The
“sell” framecanbeusedto analyzetherelationshipsamongtheentitiesin a sentencehaving “sell”
asthemainverb. FrameNetis basedonamoregenericcaseframerepresentationthatorganizessen-
tencesaroundthemainverbphrase,assigningotherphrasesto a small setof roles,suchasagent,
patient,andrecipient[Filmore 67]. Most approachesto pragmaticanalysishave reliedon context
to disambiguateamongasmallnumberof distinguishablecommunicativeactsor haveusedadhoc,
manuallyconstructedrulesfor communicative-actclassi�cation.

Figure1.3 displaysthestepsin the interpretationof sentence(1) above. The �rst stepis POS
tagging,usingthePennTreebankPOStags.Next, thetaggedtext is parsedwith a simplecontext-
freegrammar. Thepronouns,“I” and“it,” arereplacedin thediscourseanalysisstep,basedon the
rulesthat“I” refersto theuser, in this casecustomer0237,andthat“it” refersto themostrecently
mentionednoun phrase. The resultingparsetree is convertedto a case-framerepresentationin
which “lik e” is themainverb,customer0237is theagent,anda caseframeinvolving “buy” is the
patient.In thepragmaticanalysisstep,theverb“lik e” with a caseframeasits patientis interpreted
astheillocutionaryaction“request”with theembeddedcaseframeasthethingrequested.The�nal
resultof theinterpretationprocessis thenpassedto theDialogManager.

Threeapproacheshave commonlybeenappliedto dialogmanagement.The�rst approachuses
a �nite-stateautomaton(FSA) asa dialogmodel. Transitionsin theFSA correspondto individual
statements,andstatescorrespondto agentgoals.TheFSAapproachis suitablefor simpledialogsin
whichall possiblesequencesof dialogstatescanbeanticipated.However, it is ill-suited for dialogs
in whichtheorderof statementsis unpredictable,theusermaysupplyseveralpiecesof information
in a singleutterance,or mixed initiative dialogs,i.e., dialogsin which conversationalcontrol can
move betweeninterlocutors. Mixed initiative occurswhen one personanswersa questionwith
anotherquestion,as when additionalinformation is neededto answera question. Considerthe
following dialog:

User: Do I qualify for a loan?
Agent: What was your income last year?
User: Does money I can get from my parents count as income?
Agent: Do you have to pay the money back?
User: Yes.
Agent: Money you have to pay back is not income.
User: Then my income was about $45000
Agent: Do you own anything that could be used as collateral?

Thedialogstartswith aquestionfrom theuseraboutqualifyingfor aloan,but to answerthequestion
theagentneedsinformationabouttheuser's income.Theagentthereforechangesthefocusto the
user's income. However, the userneedsadditional information aboutwhat quali�es as income

4For example,“tail” and“tag” belongto aWordNetsynsetthatalsoincludes“chase,” “chaseafter,” “trail,” and“dog.”
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to answerthe agent's question,so the usertakes the initiative again. Onceagain,the agentcan
only answerthequestionby askinganadditionalquestionaboutwhethera transferof money was
income. After the userprovidesthe informationneededby the agent,the agentcananswerthe
previousquestionby theuserconcerningincome,allowing theuserto answerthepreviousquestion
aboutincome.Theagentthenreturnsto thegoalof eliciting the informationneededto answerthe
originalquestion.

A secondapproachto dialogmanagement,suitedfor informationelicitationsystems,usestem-
platesor frameswith slots correspondingto the information to be elicited. This handlesunpre-
dictablestatementorder andcompoundstatementsmore effectively than the FSA approach,but
provideslittle supportfor mixed-initiativedialog.

The third approachusesa goal stackor an agendamechanismto managedialog goals. This
approachcanchangetopicsby pushinga goal statecorrespondingto a new topic onto the stack,
thenpoppingthestackwhenthe topic is concluded.Thegoal-stackapproachis morecomplex to
designthantheFSAor templateapproaches,but is ableto handlemixed-initiativedialogs.

Continuingthe exampleof sentence(1) above, sincethe Dialog Managerhasreceived a “re-
quest”communicativeactfrom theInterpreterwith content:

Buy
Agent: cust0237
Patient: computer9284

theDialogManagershouldchangestate,eitherby followingatransitionin anFSAcorrespondingto
arequestto buy or by pushingontoagoalstackagoalto completearequestedsale.If thepatientof
thebuy requesthadbeenunspeci�ed,thetransitionwouldhavebeento adialogstatecorresponding
to thegoalto determinethething thattheuserwishesto buy.

A changein dialogstateby theDialog Managergivesriseto call to theResponseGeneratorto
takeoneor moreappropriateactions,includingcommunicationsto theuserandnon-communication
responses.Typically, only cannedtext is used,but sometimestemplateinstantiation[Reiter,1995]
is used. In the currentexample,a dialog statecorrespondingto the goal completinga requested
purchaseof a computermight causetheResponseGeneratorto instantiatea templatewith slotsfor
thecomputermodelandprice.For example,thetemplate

Great! <computer model> is on sale this week for just <price>!

might beinstantiatedas

Great! Power server 1000 is on sale this week for just $1,000.00!

Similarly, othercommunicationmodalities,suchasWebpagesandemailmessages,canbeimple-
mentedastemplatesinstantiatedwith context-speci�c data.

Over the courseof a deployment,the accuracy of a well-engineeredconversationalagentim-
proves. Both falsepositivesand falsenegativesdiminish over time as the agentlearnsfrom its
mistakes. Learningbegins beforethe go-live in “pre-training” sessionsand continuesafter the
agentis in high-volumeuse.Evenafteraccuracy rateshaveclimbedto veryhigh levels,learningis
neverthelessconductedonanongoingbasisto ensurethattheagent'scontentknowledgeis updated
astheproductsandservicesofferedby thecompany change.

Typically, threemechanismshave beenput in placefor quality improvement.First, transcripts
of conversationsareloggedfor of�ine analysis.This “conversationmining” is performedautomat-
ically andaugmentedwith a subjectmatterexpert's input. Second,enterprise-classconversational
agentsystemsincludeauthoringsuitesthatsupportsemi-automatedassessmentof theagent's per-
formance.Thesesuitesexploit linguisticknowledgeto summarizeaverylargenumberof questions
posedby userssincethemostrecentreview period(i.e., frequentlyon theorderof severalthousand
conversations)into a form that is amenableto humaninspection.Third, the conversationalagent
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Figure1.4: An enterprisedeploymentschemefor conversationalagents

performsa continuousself-assessmentto evaluatethe quality of its behavior. For example,well-
engineeredconversationalagentsgeneratecon�denceratingsfor eachresponsewhichthey thenuse
bothto improvetheir performanceandto shapethepresentationof thesummarizedlogsfor review.

1.4.2 Enterprise Integration Technologies

Conversationalagentssatisfythe scalability, performance,reliability, security, andintegrationre-
quirementsby employing thedeploymentschemedepictedin Figure1.4. They shouldbedeployed
in an n-tier architecturein which clusteredconversationalcomponentsarehousedin application-
appropriatesecurityzones. Whena user's utteranceis submittedvia a browser, it is transported
usingHTTP or HTTPS.Uponreachingtheenterprise's outermost�re wall, theutteranceis sentto
the appropriateWeb server, eitherdirectly, or usinga dedicatedhardwareload balancer. Whena
Web server receivestheutterance,it is submittedto a conversationserver for processing.In large
deployments,submissionto conversationserversmustthemselvesbeloadbalanced.

Whentheconversationserverreceivestheutterance,it determineswhetheranew conversationis
beinginitiated,or whethertheutterancebelongsto anongoingconversation.For new conversations,
the conversationserver createsa conversationinstance. For ongoingconversations,it retrieves
the correspondingconversationinstance,which containsthe stateof the conversation,including
the dialog history.5 Next, the conversationserver selectsan available dialog engineand passes
the utteranceandconversationinstanceto it for interpretation,dialog management,andresponse
generation.In somecases,theconversationserver will invoke businesslogic andaccessexternal
datato selecttheappropriateresponseor take theappropriateaction.Somebusinessrulesanddata
sourceswill behousedbehinda second�re wall for furtherprotection.For example,a conversation
servermayusetheCRM systemto inspecttheuser'spro�le or to openatroubleticketandpopulate

5For deploymentswhereconversationsneedto be persistedacrosssessions(durable conversations), the conversation
server retrievestherelevantdormantconversationby indexing on theuser's identi�cation andthenre-initiatingit.

PracticalHandbookof InternetComputing 13



Agents Lester, Branting,& Mott

it with datafrom the currentconversation.In the courseof creatinga response,the conversation
agentmayinvokea third-partycontentmanagementsystemandpersonalizationenginesto retrieve
(or generate)theappropriateresponsecontent.

Oncelanguageprocessingis complete,theconversationinstanceis updatedandrelevantdatais
loggedinto theconversationmart,which is usedby theenterprisefor analytics,reportgeneration,
andcontinuedimprovementof the agent's performance.The responseis thenpassedbackto the
conversationserverandrelayedto theWebserver, whereanupdatedview of theagentpresentation
is createdwith the new response.Finally, the resultingHTML is transmittedback to the user's
browser.

Scalability. This deploymentschemeachievesthe scalabilityobjectivesin threeways. First,
eachconversationserver containsa pool of dialog engines. The numberof dialog enginesper
server canbe scaledaccordingto the capabilitiesof the deploymenthardware. Second,conver-
sationserversthemselvescanbe clustered,therebyenablingrequestsfrom the Web serversto be
distributedacrossthe cluster. Conversationinstancescanbe assignedto any availableconversa-
tion server. Third, storageof the knowledgebaseandconversationmart utilize industry-standard
databasescalingtechniquesto ensurethatthereis adequatecapacityfor requestsandupdates.

Performance.Conversationalagentssatisfytheperformancerequirementsby providing a pool
of dialogenginesfor eachconversationserverandclusteringconversationserversasneeded.Guar-
anteeson throughputsare achieved by ensuringthat adequatecapacityis deployed within each
conversationserver andits dialogenginepool. Guaranteeson thenumberof simultaneousconver-
sationsthat canbe held areachieved with the samemechanisms:if a large numberof utterances
are submittedsimultaneously, they are allocatedacrossconversationserversanddialog engines.
Well-engineeredconversationalagentsaredeployed on standardenterprise-classservers. Typical
deploymentsdesignedto comfortablyhandleup to hundredsof thousandsof questionsper hour
consistof oneto four dual-processorservers.

Reliability . A givenenterprisecansatisfythereliability andavailability requirementsby prop-
erly replicatingconversationresourcesacrossa suf�cient numberof conversationservers, Web
servers,anddatabases,aswell asby takingadvantageof thefault tolerancemechanismsemployed
by enterpriseservers.Becausemaintainingconversationcontexts,includingdialoghistories,is crit-
ical for interpretingutterances,in somedeploymentsit is particularlyimportantthatdialogengines
be ableto accessthe relevant context information,but neverthelessbe decoupledfrom it for pur-
posesof reliability. This requirementis achieved by disassociatingconversationinstancesfrom
individualdialogengines.

Security. The deploymentframework achievesthe securityrequirementsthroughfour mech-
anisms.First, conversationaltraf�c over the Internetcanbe securedvia HTTPS.Second,conver-
sationservers shouldbe deployed within a DMZ to provide accessby Web servers but to limit
accessfrom externalsystems.Dependingon the level of securityrequired,conversationservers
aresometimesplacedbehindinternal�re wall to increasesecurity. Third, usingindustrystandard
authenticationandauthorizationmechanisms,informationin the knowledgebase,aswell asdata
in the conversationmart, canbe securedfrom unauthorizedaccesswithin the organization. For
example,thecontentassociatedwith particularknowledgebaseentriesshouldbemodi�ed only by
designatedsubjectmatterexpertswithin a speci�c businessunit. Finally, for someconversational
applications,endusersmayneedto beauthenticatedsothatonly contentassociatedwith particular
rolesis communicatedwith them.

Integration. Conversationalagentsin theframework integratecleanlywith theexisting IT in-
frastructureby exposingagentintegrationAPIsandaccessingandutilizing APIsprovidedby other
enterprisesoftware. They typically integratewith J2EE-and.NET-basedWeb servicesto invoke
enterprise-speci�cbusinesslogic, contentmanagementsystems,personalizationengines,knowl-
edgemanagementapplications,andCRM modulesfor customersegmentationandcontactcenter
management.In smallerenvironmentsit isalsousefulfor conversationalagentsto accessthird-party
databases(housing,for example,productcatalogsandcustomerrecords)via mechanismssuchas
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JDBCandODBC.
In summary, well-engineeredconversationalagentsutilizing thedeploymentschemedescribed

above satisfy the high-volumeconversationdemandsexperiencedin the enterprise.By housing
dialogenginesin a securedistributedarchitecture,theenterprisecandeliver a high throughputof
simultaneousconversationsreliably, integrateeffortlesslywith theexisting environment,andscale
asneeded.

1.5 Conclusion

With advancesin computationallinguistics,well-engineeredconversationalagentshave begun
to playanincreasinglyimportantrolein theenterprise.By takingadvantageof highly effectivepars-
ing, semanticanalysis,anddialogmanagementtechnologies,conversationalagentsclearlycommu-
nicatewith usersto providetimely informationthathelpsthemsolve theirproblems.While agiven
agentcannothold conversationsaboutarbitrarysubjects,it canneverthelessengagein productive
dialogsaboutaspeci�c company'sproductsandservices.With large-scaledeploymentsthatdeliver
highvolumesof simultaneousconversations,anenterprisecanemploy conversationalagentsto cre-
atea cost-effectivesolutionto its increasingdemandsfor customerservice,guidedselling,website
navigation,andtechnicalsupport.Unlike themonolithicCRM systemsof the1990s,which were
very expensive to implementandwhosetangiblebene�tswerequestionable,self-servicesolutions
suchasconversationalagentsarepredictedby analyststo becomeincreasinglycommonover the
next few years.Becausewell-engineeredconversationalagentsoperatingin high volumeenviron-
mentsoffer a strongreturnon investmentanda low total costof ownership,we canexpectto see
themdeployedin increasingnumbers.They arecurrentlyin usein large-scaleapplicationsby many
Global2000companies.Someemploy external-facingagentsonretail sitesfor consumerproducts,
while othersutilize internal-facingagentsto assistcustomerservicerepresentativeswith support
problems.

To beeffective,conversationalagentsmustsatisfythe linguistic andenterprisearchitecturere-
quirementsoutlinedabove. Without a robust languageprocessingfacility, agentscannotachieve
accuracy ratesnecessaryto meetthebusinessobjectivesof anorganization.Conversationalagents
thatarenot scalable,secure,reliable,andinteroperablewith theIT infrastructurecannotbeusedin
largedeployments.

In additionto thesetwo fundamentalrequirements,therearethreeadditionalpracticalconsider-
ationsfor deploying conversationalagents.First,contentreuseis critical. Becauseof thesigni�cant
investmentin the contentthat residesin knowledgemanagementsystemsand on websites,it is
essentialfor conversationalagentsto have theability to leveragecontentthathasalreadybeenau-
thored. For example,conversationalagentsfor HR applicationsmustbeableto provide accessto
relevantpersonnelpoliciesandbene�ts information. Second,all authoringactivities mustbesim-
pleenoughto beperformedby non-technicalpersonnel.Someearlyconversationalagentsrequired
authorsto performscriptingor programmingby authors.Theserequirementsareinfeasiblefor the
technicallyuntrainedpersonneltypical of thedivisionsin which agentsareusuallydeployed,such
ascustomercareandproductmanagement.Finally, to ensurea low level of maintenanceeffort,
conversationalagentsmustprovideadvancedlearningtoolsthatautomaticallyinducecorrectdialog
behaviors. Without a sophisticatedlearningfacility, maintenancemustbe provided by individu-
als with technicalskills or by professionalserviceorganizations,both of which areprohibitively
expensivefor large-scaledeployments.

With advancesin the state-of-the-artof their foundationaltechnologies,aswell aschangesin
functionality requirementswithin the enterprise,conversationalagentsarebecomingincreasingly
centralto a broadrangeof applications.As parsing,semanticanalysis,anddialog management
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capabilitiescontinueto improve, we areseeingcorrespondingincreasesin both the accuracy and
�uidity of conversations.Wearealsoseeingagradualmovementtowardsmultilingualdeployments.
With globalizationactivitiesandincreasedinternationalizationefforts,companieshavebegunto ex-
ploremultilingualcontentdelivery. Over time,it is expectedthatconversationalagentswill provide
conversationsin multiple languagesfor language-speci�cwebsitedeployments.As text-miningand
question-answeringcapabilitiesimprove,we will seeanexpansionof agents'conversationalabili-
tiesto includeanincreasinglybroadrangeof “source”materials.Coupledwith advancesin machine
learning,thesedevelopmentsarefurther reducingthe level of humaninvolvementrequiredin au-
thoringandmaintenance.Finally, asspeechrecognitioncapabilitiesimprove,we will begin to see
a convergenceof text-basedconversationalagentswith voice-drivenhelpsystemsandIVR. While
today's speech-basedconversationalagentsmustcopewith much smallergrammarsand limited
vocabularies—conversationswith speech-basedagentsaremuch more restrictedthan thosewith
text-basedagents—tomorrow's speech-basedagentswill bring the samedegreeof linguistic pro-
�ciency that we seein today's text-basedagents.In short,becauseconversationalagentsprovide
signi�cant value, they arebecomingan integral componentof businessprocessesthroughoutthe
enterprise.
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