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Abstract Corversationahgentsntegratecomputationalinguisticstechniquesvith thecommuni-
cationchannelof the Webto interpretandrespondo statementsnadeby usersin ordinarynatural
language Web-basedaorversationahgentseliver high-volumesof interactive text-basedlialogs.
Recentyearshave seensigni cant actiity in enterprise-classorversationalagents. This chap-
ter describeghe principal applicationsof corversationabgentsn the enterpriseandthe technical
challengegosedby their designandlarge-scaledeployments.Thesetechnicalchallengedall into
two categyories:accurateandef cient natural-languagprocessingandthescalability performance,
reliability, integration,andmaintenanceequirementposedby enterprisedeployments.

1.1 Intr oduction

The Internethasintroducedsweepingchangesn every facetof contemporaryjife. Businesds
conductedundamentallydifferentlythanin thepre-Webera. We educateur studentsn new ways,
andwe are seeingparadigmshiftsin governmenthealthcareand entertainment.At the heartof
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thesechangesareneaw technologiegor communicationandoneof the mostpromisingcommuni-
cationtechnologiess thecorversationahgentwhich marriesagentcapabilitieswith computational
linguistics.

Corversationalagentsexploit natural languagetechnologiesto engageusersin text-based
information-seekingndtask-orientedlialogsfor a broadrangeof applications Deployedon retail
websitesthey respondo customersinquiriesaboutproductsandservices.Corversationabgents
associateavith nancial services'websitesanswerquestionsaboutaccountbalancesand provide
portfolio information. Pedagogicatorversationalagentsassiststudentsby providing problem-
solving adviceasthey learn. Corversationalagentsfor entertainmentre deployed in gamesto
engageplayersin situateddialogsaboutthe game-vorld events. In comingyears,corversational
agentswill supporta broadrangeof applicationsin businessnterpriseseducationgovernment,
healthcareandentertainment.

Recenfgrowth in corversationabgentshasbeenpropelledby the corvergenceof two enabling
technologies First, the Web emegedasa universalcommunicationghannel. Web-basedorver-
sationalagentsare scalableenterprisesystemghatleveragethe Internetto simultaneouslhdeliver
dialog servicego large populationsof users.Secondcomputationalinguistics,the eld of arti -
cial intelligencethatfocuseson naturallanguagesoftware,hasseermajorimprovements Dramatic
adwancesn parsingtechnologiesfor example have signi cantly increasedhaturallanguageunder
standingcapabilities.

Corversationabhgentsare beginningto play a particularly prominentrole in onespeci ¢ fam-
ily of applications:enterprisesoftware. In recentyears,the demandfor cost-efective solutions
to the customerserviceproblemhasincreaseddramatically Deploying automatedsolutionscan
signi cantly reducethe high proportionof customerservicebudgetsdevotedto training and la-
bor costs.By exploiting the enablingtechnologie®f the Web andcomputationalinguisticsnoted
above, conversationabgentsoffer companieghe ability to provide customerservicemuch more
economicallythanwith traditionalmodels.In customeifacing deployments corversationahgents
interactdirectly with customergo help themobtainanswergo their questions.In internal-facing
deploymentsthey conversewith customeservicerepresentatiesto train themandhelpthemassist
customers.

In this chapterwe will discussWeb-baseatorversationabgentsfocusingon their role in the
enterprise. We rst describethe principal applicationsof corversationalagentsin the business
ervironment. We thenturn to the technicalchallengegosedby their developmentandlarge-scale
deployments. Finally, we review the foundationalnaturallanguagetechnologie®f interpretation,
dialogmanagemengndresponsexecution,aswell asanenterprisarchitectureghataddressethe
requirement®f corversationakcalability performancereliability, “authoring; and maintenance
in theenterprise.

1.2 Applications

Effective communicationis paramounfor a broadrangeof tasksin the enterprise.An enter
prisemustcommunicateslearlywith its suppliersandpartnersandengagingelientsin anongoing
dialog—notmerelymetaphoricallybut alsoliterally—is essentiafor maintainingan ongoingrela-
tionship. Communicatiorcharacterizethy information-seeking@ndtask-orientedlialogsis central
to vemajorfamiliesof businesapplications:

Customerservice Respondingo customersgeneralquestionsaaboutproductsandservices,
e.g.,answeringjuestionsaboutapplyingfor anautomobiledoanor homemortgage.

Help desk Respondingdo internalemployeequestionse.g.,respondingo HR questions.
Websitenavigation Guidingcustomerso relevantportionsof complex websites A “Website

conciege”is invaluablein helpingpeopledeterminevhereinformationor servicegesideon
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acompaly'swebsite.

Guidedselling Providing answersandguidancen thesalegprocessparticularlyfor complex
productsbeingsoldto novice customers.

Tedhnical support Respondingo technicalproblems,suchasdiagnosinga problemwith a
device.

In commerceglearcommunicationis critical for acquiring,serving,andretainingcustomers.
Companiesnusteducatetheir potentialcustomersabouttheir productsand services. They must
alsoincreasecustomesatisfictionand,therefore customeretention by developinga clearunder
standingof their customersheeds.Customerseekanswerdo their inquiriesthatare correctand
timely. They arefrustratedby fruitlesssearcheshroughwebsites|ong waitsin call queuego speak
with customesservicerepresentaties,anddelaysof severaldaysfor emailresponses.

Improving customerserviceand supportis essentiato mary companiesbecausehe cost of
failureis high: lossof customersandlossof revenue.Thecostsof providing serviceandsupportare
highandthequalityis low, evenascustomeexpectationgaregreatethanever. Achieving consistent
andaccurateustomeresponses challengingandresponsd¢imesareoftentoolong. Effectiveness
is, in mary casesfurtherreducecascompaniegransitionincreasindevelsof actiity to Web-based
self-serviceapplicationswhich belongto the customerrelationshipmanagemengoftwaresector

Over the pastdecadecustomerrelationshipmanagementCRM) hasemegedasa majorclass
of enterprisesoftware. CRM consistsof three major typesof applications: salesforce automa-
tion, marketing,andcustomeirserviceandsupport.Salesforce automatiorfocuseson solutionsfor
leadtracking,accountand contactmanagementnd partnerrelationshipmanagementMarketing
automatioraddressesampaigrmanagemerdéndemail marketingneedsaswell ascustomersey-
mentationand analytics. Customerserviceapplicationsprovide solutionsfor call centersystems,
knowledgemanagementande-serviceapplicationsfor Web collaboration,email automationand
live chat.lt is to thisthird category of customerservicesystemghatcorversationahgenttechnolo-
giesbelong.

Companiesstrugglewith the challengesf increasingthe availability and quality of customer
servicewhile controlling their costs.Hiring trainedpersonnefor call centersjive chat,andemail
response&enterss expensve. The problemis exacerbatedby the factthat servicequality mustbe
deliveredat alevel wherecustomersarecomfortablewith theaccurag andresponsieness.

Companiegdypically emplogy multiple channelsthroughwhich customeranay contactthem.
Theseinclude expensve supportchannelssuchas phoneand interactive voice responsesystems.
Increasingly they also include Web-basedapproachedecausecompanieshave tried to address
increasedemanddor servicewhile controllingthe high costof human-assistesupport.E-service
channelsncludelive chatandemail,aswell assearchandautomatedmailresponse.

The tradeof betweencostand effectivenessin customersupportpresentscompanieswvith a
dilemma. Although quality human-assistesupportis the mosteffective, it is alsothe mostexpen-
sive. Companiesypically suffer from highturnoverrateswhich, togethemwith the costsof training,
further diminish the appealof human-assistesupport. Moreover, high turnover ratesincreasethe
likelihoodthat customerswill interactwith inexperiencedcustomerservicerepresentaties, who
provideincorrectandinconsistentesponseto questions.

Corversationalagentsoffer a solutionto the cost versuseffectivenessradeof for customer
serviceand support. By engagingin automatedlialog to assistcustomerswith their problems,
corversationalagentseffectively addresssalesand supportinquiries at a much lower cost than
human-assistedupport. Of course,corversationalagentscannotenterinto corversationsabout
all subjects—becausa the limitations of naturallanguagetechnologieghey canonly operatein
circumscribedlomains—Iit they canneverthelesprovide a cost-efective solutionin applications
where question-answeringequirementsare bounded. Fortunately the applicationsnoted above
(customerservice,help desk,websitenavigation, guidedselling, andtechnicalsupport)are often
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characterizethy subjectmatterareagestrictedo speci ¢ productsor services Consequentlycom-
paniescanmeettheir businessobjectivesby deplgying corversationabgentshat carry on dialogs
abouta particularsetof productsor services.

1.3 TechnicalChallenges

Conversationahgentanustsatisfytwo setsof requirementsFirst, they mustprovide sufcient
languageprocessingapabilitiesthatthey canengagen productive corversationsvith users.They
mustbe ableto understandisers'questionsand statementsemploy effective dialog management
techniquesandaccuratelyrespondat each“conversationaturn” Secondthey mustoperateeffec-
tively in the enterprise. They mustbe scalableandreliable,andthey mustintegratecleanlyinto
existing businesgprocesseandenterprisanfrastructure We discusseachof theserequirementsn
turn.

1.3.1 Natural LanguageRequirements

Accurateandef cient naturallanguagerocessings essentiafor aneffective corversationahgent.
To respondappropriatelyto a users utterance, a corversationahgentmust(1) interpretthe utter
ance,(2) determinethe actionsthat shouldbe takenin responseo the utteranceand(3) perform
the actions,which mayincludereplyingwith text, presentindVeb pagesor otherinformation,and
performingsystemactionssuchaswriting informationto a database.

For example,if theusersutterancewere:

(1) I wouldliketo buy it now

theagentmust rst determingheliteral meaningof theutterancetheuserwantsto purchasesome-
thing, probablysomethingmentionedearlierin the corversation.In addition,the agentmustinfer
the goalsthatthe usersoughtto accomplishby makingan utterancewith that meaning.Although
the users utterances in the form of anassertionjt wasprobablyintendedto expressa requesto
completea purchase.

Oncethe agenthasinterpretedthe statementjt mustdeterminehow to act. The appropriate
actionsdependon the currentgoal of the agent(e.qg.,selling productsor handlingcomplaints) the
dialog history (the previous statementsnadeby the agentanduser),andinformationin databases
accessiblgo the agent,suchas dataaboutparticularcustomersor products. For example,if the
agenthasthe goalof sellingproductsthe previousdiscussioridenti ed a particularconsumeitem
for saleattheagentswebsite andthe productcatalogshavstheitemto bein stock,theappropriate
actionmight be to presentan orderform and askthe userto completeit. If insteadthe previous
discussiorhadnt clearlyidenti ed anitem, theappropriateactionmightbeto elicit adescriptionof
a speci c item from theuser Similarly, if the item wereunavailable,the appropriateactionmight
beto offer the usera differentchoice.

Finally, theagentmustrespondwith appropriateactions.Theappropriateactionsmightinclude
makinga statementpresentingnformationin othermodalities,suchasproductphotographsand
taking otheractions,suchaslogging informationto a database.For example,if the appropriate
actionwereto presentan orderform to the userand askthe userto completeit, the agentwould
needto retrieve or createa statemensuchas“Great! Pleasell outthe form below to complete
your purchasé, createor retrieve a suitableWeb page displaythe text and\Web pageon the users
browser andlog theinformation.Figurel.1 depictsthedata o w in a corversationahgentsystem.

Thethreeprimarycomponentén the processingf eachutteranceareshavn in Figure1.2. The

rst componentn this architecturethe Interpretey performsfour typesof analysisof the users
statementsyntacticdiscoursesemanticandpragmatic. Syntacticanalysisconsistof determining

1An utteranceis a questionjmperatie, or statemenissuedby a user
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Figurel.1l: Data o w in acorversationahgent

thegrammaticatelationship@amongthewordsin theusers statementFor example,in thesentence
(2) 1wouldlikeafastcomputer

syntacticanalysiswould producea parseof thesentencehaving that“wouldlike” is themainverb,
“I” is the subject,and“a fastcomputer”is the object. Although mary corversationabgents(in-

cludingthe earliest)rely on patternmatchingwithout any syntacticanalysigWeizenbaum1966],
this approachcannotscale. As the numberof statementshat the agentmust distinguishamong
increasesthe numberof patternsrequiredto distinguishamongthe statementgrows rapidly in

numberandcomplexity.? Discourseanalysisconsistsof determiningthe relationshipsamongmul-

tiple sentencesAn importantcomponenbf discourseanalysisis refeenceresolution the task of

determiningthe entity denotedby a referringexpressionsuchasthe“it” in, “I would lik e to buy it

now.” A relatedproblemis interpretatiorof ellipsis thatis, materialomittedfrom a statemenbut

implicit in the corversationakontext. For example,“Wireless”means,‘| would like the wireless
network” in responseo the question,’Are you interestedn a standardr wirelessnetwork?”, but

the sameutterancemeans’l wantthe wirelessPDA” in responsdo the question,“What kind of

PDA wouldyoulike?”

Semantianalysisconsistof determiningthe meaningof the sentenceTypically, this consists
of representinghestatemenin acanonicaformalismthatmapsstatementsvith similar meaningo
asinglerepresentatioandthatfacilitatesthe inferenceghatcanbedrawn from therepresentation.
Approacheso semantia@analysisincludethefollowing:

Replacesachnounandverbin a parsewith aword sensdhatcorresponds$o a setof synory-
mouswords,suchasWordNetsynsetgFellbaum,1999].

2|n fact, conversationabhgentsmustaddresswo forms of scalability: domainscalability, asdiscussedhere,andcompu-
tational scalability, which refersto the ability to handlelarge volumesof conversationsandis discussedn Sectionl.3.2.
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Figurel.2: The primary naturallanguagecomponentsf a corversationahgent

Representhe statementsa caseframe[Fillmore, 1968],dependengtree[Harabagiuetal.,
2000],or logical representatiorsuchas rst orderpredicatecalculus.

Finally, the Interpretermust perform pragmaticanalysis,determiningthe pragmaticeffect of
theutterancethatis, the speech{or communicationpact[Searle, 1979]thatthe utteranceperforms.
For example,“Can you showv me the digital camerason sale?” is in the form of a question,but
its pragmaticeffectis a requesto displaycamerasn sale. “I would like to buy it now” is in the
form of adeclarationput its pragmaticeffectis alsoa requestSimilarly, the pragmaticeffect of “I
don't have enoughmoney,” is arefusalin responséo the question“Would you like to proceedo
checlout?” but arequesin responseo “Is thereanything you needfrom me?”

The interpretationof the users statements passedo a Dialog Manageywhich is responsible
for determiningthe actionsto take in responseo the statement.The appropriateactionsdepend
on theinterpretatiornof the users statemenandthe dialog stateof the agent,which representshe
agents currentcorversatiorgoal. In the simplestcorversationahgentstheremaybeonly a single
dialog state,correspondingo the goal of answeringthe next question. In more complex agents,
a userutterancemay causea transitionfrom onedialog stateto another The new dialog stateis,
in generalafunction of the currentstate the users statementandinformationavailableaboutthe
userandthe productsandservicesunderdiscussionDetermininga new dialog statemaytherefore
requiredatabaseueriesandinference. For example,if the users statements, “What patchdo |
needfor my operatingsystem?”andtheversionof theusers operatingsystemis storedin theusers
pro le, the next dialog statemayre ect the goal of informing the userof the nameof the patch. If
theversionof the operatingsystems unknawn, thetransitionmaybeto adialogstatere ecting the
goalof eliciting the operatingsystenwversion.

TheDialog Manageris responsibldor detectingandrespondingo changesn topic. For exam-
ple,if ausers questioncant be answeredvithout additionalinformationfrom the user the dialog
statemustberevisedto re ect the goal of eliciting the additionalinformation. Similarly, if a user
fails to understandh questionand asksfor a clari cation, the dialog statemustbe changedo a
statecorrespondingo the goalof providing theclari cation. Whenthegoalof obtainingadditional
informationor clari cation is completedthe Dialog Managemustgracefullyreturnto the dialog
stateatwhichtheinterruptionoccurred.

The nal components the Responsé&eneratarResponsefall into two cateyories: communi-
cationsto the user suchastext, Web pages,email, or othercommunicatiormodalities;and non-
communicatiomesponsesuchasupdatinguserpro les (e.g.,if theusersstatemenis adeclaration
of informationthat shouldbe rememberedsuchas“My OSis Win-XP"), escalatingrom a con-
versationalagentto a customerservicerepresentatie (e.g.,if the agentis unableto handlethe
corversation) andterminatingthe dialog whenit is completed.The responsesnadeby the agent

6 M. P, Singh,ed.
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dependbn thedialogstateresultingfrom the users statemenfwhich representshe agents current
goals)andtheinformationavailableto the agentthroughits dialog history, inference or otherdata
sourcesFor example,if thecurrentdialogstatecorrespondso thegoalof informingthe userof the
costof anitemfor saleatawebsiteandthe price depend®n whetherthe useris arepeatcustomer
theresponsenightdependntheinformationin thedialoghistoryconcerninghe statusof theuser
andtheresultof queriesto productcatalogsoncerningalternatie prices.

Responsetypically includereferenceso existing contentthathasbeencreatedhroughouthe
enterprise. Repurposingcontentis particularly importantwhen the productsand servicesthat a
responseaddresseshangecontinually Centralizedauthoring,validation,and maintenancef re-
sponsegacilitateconsisteng anddrasticallyreducemaintenanceosts.

Enterpriseapplicationf corversationahgentdmposeseveralconstraintsiotgenerallypresent
in otherforms of corversationalagents. First, high accurag and gracefuldegradationof perfor
manceareveryimportantfor customesatisaction. Misunderstanding® whichtheagentresponds
asthoughthe userhadstatedsomethingotherthanwhat the userintendedto say (falsepositives),
canbe very frustratingand dif cult for the agentto recover from, particularlyin dialog settings.
Oncethe agenthasstarteddown the wrong corversationapath, sophisticatedlialog management
techniguesarenecessaryo detectandrecover from the error. Uncertaintyby the agentaboutthe
meaningof a statementfalsenegatives)canalsobe frustratingto the userif the agentrepeatedly
asksusersto restatetheir questionslt is often preferablefor the agentto presenta setof candidate
interpretation@ndaskthe usergo chooseaheinterpretatiorthey intended.

Secondit is essentiathatauthoringbeeasyenougho beperformedoy non-technicapersonnel.
Knowledgebasesretypically authoredby subjectmatterexpertsin marketing,salesandcustomer
caredepartmentsvho have little or notechnicaltraining. They cannotbe expectedo createscripts
or programsithey certainly cannotbe expectedto createor modify grammarsconsistingof thou-
sand=f productionggrammarules). Authoringtools mustthereforebe usableby personneivho
arenon-technicabut who cannonethelesprovide examplesof questionsand answers.State-of-
the-artauthoringsuitesexploit machine-learningind othercorpus-basedndexample-basedtiech-
nigues. They inducelinguistic knowledgefrom examples,so authorsaretypically not even aware
of the existenceof the grammar Hiding the detailsof linguistic knowledgeand processingrom
authorss essentiafor corversationabgentsleliveredin the enterprise.

1.3.2 Enterprise Delivery Requirements

In additionto the naturallanguagecapabilitiesoutlinedabove, corversationabgentscanbe intro-
ducedinto the enterpriseonly if they meetthe needsof a large organization.To do so, they must
providea“conversationaQoS”thatenablesgentgo enterinto dialogswith thousandsf customers
on alarge scale. They mustbe scalable provide high throughput,andguaranteeeliability. They
mustalso offer levels of securitycommensuratavith the cornversationakubjectmatter integrate
well with the existing enterprisanfrastructureprovide a suiteof contentcreationandmaintenance
toolsthatenabletheenterpriseo ef ciently authorandmaintainthedomainknowledge andsupport
abroadrangeof analyticswith third-partybusinessntelligenceandreportingtools.

Scalability. Scalabilityis key to corversationahgents.Becausehe typical enterprisghatde-
ploys acorversationahgentdoessoto copewith extraordinarilyhigh volumesof inboundcontacts,
corversationalhgentsmustscalewell. To offer a viable solutionto the contemporaryenterprise,
corversationalagentsmust supporton the order of tensof thousandf corversationseachday:.
Careful capacityplanningmust be undertalen prior to deployment. Cornversationalagentsmust
be architectedo handleongoingexpandedoll-outsto addressncreasedisercapacity Moreover,
becauserolumescanincreaseo very high levelsduring crisis periods,conversationabgentanust
supportrapid expansionof cornversationn shortnotice. Becausesolumeis dif cult to predict,
corversationalagentsmustbe ableto dynamicallyincreaseall resourcesieededo handleunex-
pectedadditionaldialogdemand.

PracticalHandbookof InternetComputing 7
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Performance. Corversationalgentsmustsatisfyrigorousperformancerequirementsyhich
aremeasuredn two ways. First, agentamustsupplya corversationathroughputhataddressethe
volumesseenin practice.Althoughtheloadsvary from oneapplicationto anotheragentsmustbe
ableto handleon the orderof hundredsof utterancegper minute,with peakratesin thethousands.
Secondagentanustalsoprovide guaranteesn the numberof simultaneousorversationsaswell
asthe numberof simultaneousitterancesthatthey cansupport.In peaktimes,a large enterprises
corversationalagentcan receve a very large volume of questionsfrom thousandof concurrent
userswhich mustbe processe@sreceivedin atimely mannerto ensureadequateesponseimes.
As a roughguideline,agentsmustprovide responsdimesin a few millisecondsso that the total
responséime (includingnetwork lateng) is within therangeof oneor two seconds’

Reliability. For all seriousenterprisedeployments,corversationareliability and availability
is critical. Corversationalagentsmustbe ableto reliably addresausers'questionsn the faceof
hardwareandsoftwarefailures. Failover mechanismspeci c to conversationahgentamustbein
place. For example,if a corversationalgentsener goesdown, thenongoingandnew corversa-
tionsmustbe processedtby remainingactive seners,andcornversationatranscriptiogging mustbe
continueduninterrupted For somemissioncritical corversationabpplicationsagentsnay needto
be geographicallydistributedto ensureavailability, andboth corversationaknowledgebasesand
transcripogsmay needto bereplicated.

Security. Thesecurityrequirement®f theenterpriseasawhole,aswell asthoseof theparticu-
lar applicationfor which a corversationahgentis deployed,determinéts securityrequirementsln
generalcorversationahgentamustprovide at leastthe samelevel of securityasthe site on which
it resides However, becauseornversationsancover highly sensitve topicsandreveal critical per
sonalinformation, the securitylevels at which corversationakgentsmustoperateare sometimes
higherthanthe environmentthey inhabit. Agentsthereforemustbe ableto conductcorversations
over securechannelsandsupportstandardauthenticatiorand authorizatiormechanismsFurther
more,corversationatontentcreationtools (seebelon) mustsupportsecuresditingandpromotion
of content.

Integration. Corversationabhgentsmustintegratecleanlywith existing enterprisenfrastruc-
ture. In the presentatiorayer, they mustintegrate with contentmanagemensystemsand per
sonalizationengines. Moreover, the agents responsesnustbe properly synchronizedwith other
presentatiorelementsandif thereis a visual manifestatiorof an agentin a deployment(e.g.,as
an avatar),all mediamustalsobe coordinated.In the applicationlayer, they musteasilyintegrate
with all relevantbusinesdogic. Corversationalgentsmustbe ableto accesdusinessulesthat
areusedto implementescalatiorpoliciesand otherdomain-speci cbusinessulesthat affect dia-
log managemenstratgyies. For example,agentsmustbe ableto integratewith CRM systemsto
opentroubleticketsandpopulatethemwith customerspeci c informationthat providesdetailsof
comple technicalsupportproblems.In the datastoragdayer, corversationabgentamustbe able
to easilyintegratewith back-ofce datasuchasproductcatalogsknowledgemanagemergystems,
and database$ousinginformation aboutcustomerpro les. Finally, corversationalagentsmust
provide comprehensie (andsecure)administratve tools andservicesfor day-to-daymanagement
of agentresources.

To facilitateanalysisof the wealthof dataprovidedby hundredof thousand®f corversations,
agentanustintegratewell with third-partybusinessntelligenceandreportingsystemsAt runtime,
this requiremenimeansthat transcriptsmustbe loggedef ciently to databasesAt analysistime,
it meansthatthe datain “conversationmarts” mustbe easily accessibldor reportingon and for
runningexploratoryanalyses.Typically, the resultinginformationandits accompawing statistics
provide valuabledatathat are usedfor two purposes:improving the behaior of the agent,and
trackingusers'interestsandconcerns.

3In well-engineeredorversationahgentsresponsdéimesarenearlyindependenof thesizeof the subjecmattercovered
by theagent.

8 M. P, Singh,ed.
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1.4 Enabling Technologies

Thekey enablingtechnologiesor Web-basedorversationahgentsaareempirical,corpus-based
computationalinguisticstechniqueswhich permitdevelopmenbf agentdy subject-matteexperts
who arenotexpertin computertechnologyandtechniquesor robustly deliveringcorversationsn
alargescale.

1.4.1 Natural LanguageProcessingrechnologies

Natural languageprocessingNLP) is one of the oldestareasof Arti cial Intelligenceresearch,
with signi cant researctefforts datingbackto the 1960s.However, progressn NLP researctwas
relatively slow duringits rst decaded®ecausenanualconstructiorof NLP systemsvastime con-
suming,dif cult, anderrorprone. In the 1990s,however, threefactorsled to an acceleratiorof
progressn NLP. The rst wasdevelopmentof large corporaof taggedtexts, suchasthe Brown
Corpus,the PennTreebanLDC, 2003],andthe British NationalCorpus[Bri, 2003]. Thesecond
factorwasdevelopmenf statistical machine-learningandotherempiricaltechniquedor extract-
ing grammarspntologiesandotherinformationfrom taggedcorpora.CompetitionssuchasMUC
and TREC [Nat, 2003], in which alternatve systemswere comparedhead-to-hea®n common
taskswereathird driving force. Thecombinatiornof thesefactorshasled to rapidimprovementsn
techniquedor automatinghe constructiorof NLP systems.

The rst stagein the interpretationof a users statementsyntacticanalysis,startswith tok-
enizationof the users statementthatis, division of theinputin a seriesof distinctlexical entities.
Tokenizationcan be surprisinglycomplex. Onesourceof tokenizationcompleity is contraction
ambiguity which canrequiresigni cant contetual informationto resohe, e.g.,“John's going to
school”vs. “John's goingto schoolmakeshim happy.” Othersourcesf tokenizationcomplexity
includeacroryms(e.g.,“arm” canmean’adjustableratemortgage’aswell asabodypart),technical
expressionge.g.,"10BaseT canbewritten with hyphensor spacesasin “10 BaseT”), multi-word
phrasege.g.,"l likedietcoke” vs. “when| dietcokeis onething | avoid”), andmisspellings.

The greatestadvancesin automatecconstructionof NLP componenthave beenin syntactic
analysis.Therearetwo distinctstepsin mostimplementation®f syntacticanalysis:part-of-speech
(POS)tagging;andparsing.POStaggingconsistof assigningo eachtokena partof speechndi-
catingits grammaticafunction,suchassingularnounor comparatie adjectve. Thereareanumber
of learningalgorithmscapableof learninghighly accuratePOStaggingrulesfrom taggedcorpora,
includingtransformation-baseehdmaximumentropy-basedapproachepBrill, 1995;Ratnaparkhi,
1996].

Two distinctapproache$o parsingareappropriatdor cornversationabgents.Chunking,or ro-
bust parsing,consistsof using nite-state methodsto parsetext into chunks,thatis, constituent
phrasesvith no post-headnodi ers. Therearevery fastandaccuratdearningmethodsfor chunk
grammargCardieetal., 1999;Abney, 1995]. Thedisadwantageof chunkingis that nite-state meth-
odscan't recognizestructureswith unlimitedrecursionsuchasembeddedlausege.g.,“l thought
thatyou saidthatl couldtell youthat...”). Contet-freegrammarsanexpressunlimitedrecursion
at the costof signi cantly more complex andtime-consumingparsingalgorithms. A numberof
techniqueshave beendevelopedfor learningcontect-free grammardrom tree banks[Sta, 2003].
Theperformancef themostaccurateof thesetechniquessuchaslexicalizedprobabilisticcontext-
free grammargCollins, 1997], can be quite high, but the parsetime is often quite high aswell.
Web-basedatonversationahgentanay berequiredto handlea large numberof userstatementger
secondsoparsingtime canbecomeasigni cant factorin choosingbetweeralternatve approaches
to parsing.Moreover, themajority of statementslirectedto corversationahgentsareshort,without
complex embeddedtructures.
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The reference-resolutiotaskof discourseanalysisin generalis the subjectof active research
[Ref,2003],but acircumscribedollectionof rulesis suf cient to handlemary of themostcommon
casesor example,receng is a goodheuristicfor the simplestcasef anaphoraesolution.e.g.,
in the sentencé3), “one” is morelik ely to referto “stereo”thanto “computer”

(3) | wantacomputeranda stereaf oneis onsale

Far fewer resourcesare currently available for semanticand pragmaticanalysisthanfor syn-
tacticanalysis but severalongoingprojectsprovide usefulmaterials.WordNet,a lexical database,
hasbeenusedto provide lexical semanticgor thewordsoccurringin parsedsentencefellbaum,
1999]. In the simplestcase pairs of wordscanbe treatedas synorymousif they are membersof
a commonWordNetsynorym set? FrameNets a projectthat seeksto determinethe conceptual
structurespr frames,associatedvith words[Baker et al., 1998]. For example,the word “sell” is
associatedn the context of commercewith a seller a buyer, a price,andathing thatis sold. The
“sell” framecanbe usedto analyzetherelationshipsamongthe entitiesin a sentencéaving “sell”
asthemainverh FrameNets basednamoregenericcaseframerepresentatiothatorganizesen-
tencesaroundthe main verb phrase assigningotherphrasego a small setof roles,suchasagent,
patient,andrecipient[Filmore 67]. Most approache$o pragmaticanalysishave relied on context
to disambiguat@monga smallnumberof distinguishableommunicatie actsor have usedadhoc,
manuallyconstructedulesfor communicatie-actclassi cation.

Figure 1.3 displaysthe stepsin the interpretationof sentencg1) above. The rst stepis POS
tagging,usingthe PennTreebankPOStags. Next, thetaggedtext is parsedwith a simplecontext-
freegrammar The pronouns;1” and“it,” arereplacedn the discourseanalysisstep,basedon the
rulesthat”l” refersto theuser in this casecustomel0237,andthat“it” refersto the mostrecently
mentionednoun phrase. The resulting parsetree is corvertedto a case-frameepresentatiorin
which“lik " is the mainverb, customel0237is the agent,anda caseframeinvolving “buy” is the
patient.In the pragmaticanalysisstep,theverb“lik e” with a caseframeasits patientis interpreted
astheillocutionaryaction“request’with theembeddedaseframeasthething requestedThe nal
resultof theinterpretatiorprocesss thenpassedo the Dialog Manager

Threeapproachebave commonlybeenappliedto dialogmanagementThe rst approactuses
a nite-state automatonFSA) asa dialog model. Transitionsin the FSA correspondo individual
statementsandstateorrespondo agentgoals. TheFSA approachis suitablefor simpledialogsin
which all possiblesequencesf dialogstatescanbeanticipated However, it is ill-suited for dialogs
in whichthe orderof statementss unpredictablethe usermaysupplyseveralpiecesof information
in a single utterancepr mixed initiative dialogs,i.e., dialogsin which corversationakontrol can
move betweeninterlocutors. Mixed initiative occurswhen one personanswersa questionwith
anotherquestion,as when additionalinformation is neededtio answera question. Considerthe
following dialog:

User: Do | qualify for a loan?

Agent:  What was your income last year?

User: Does money | 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 aquestiorfrom theuseraboutqualifyingfor aloan,but to answethequestion
the agentneedsnformationaboutthe users income. The agentthereforechangeshefocusto the
users income. However, the userneedsadditionalinformation aboutwhat quali es asincome

4For example,“tail” and“tag” belongto a WordNetsynsethatalsoincludes‘chase, “chaseafter” “trail,” and“dog”
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to answerthe agents question,so the usertakesthe initiative again. Onceagain,the agentcan
only answerthe questionby askingan additionalquestionaboutwhethera transferof money was
income. After the userprovidesthe information neededby the agent,the agentcan answerthe
previousquestiorby the userconcerningncome allowing theuserto answetthe previousquestion
aboutincome. The agentthenreturnsto the goal of eliciting theinformationneededo answerthe
original question.

A secondapproactto dialogmanagemensuitedfor informationelicitation systemsusesem-
platesor frameswith slots correspondingo the informationto be elicited. This handlesunpre-
dictable statemenbrder and compoundstatementsnore effectively thanthe FSA approach put
provideslittle supportfor mixed-initiative dialog.

The third approachusesa goal stackor an agendamechanisnto managedialog goals. This
approachcanchangetopics by pushinga goal statecorrespondindo a new topic onto the stack,
thenpoppingthe stackwhenthe topic is concluded.The goal-stackapproaclis more complex to
designthanthe FSA or templateapproachedyut is ableto handlemixed-initiative dialogs.

Continuingthe exampleof sentenc€1) above, sincethe Dialog Managerhasreceived a “re-
guest”’communicatie actfrom the Interpretemwith content:

Buy
Agent:  cust0237
Patient: computer9284

theDialogManageshouldchangestate githerby following atransitionin anFSA correspondingo
arequesto buy or by pushingontoa goalstacka goalto completearequestedale.|f the patientof
thebuy requesthadbeenunspeci ed thetransitionwould have beento a dialogstatecorresponding
to thegoalto determinghething thatthe userwishesto buy.

A changen dialog stateby the Dialog Managemivesriseto call to the Responsé&eneratoto
take oneor moreappropriatexctionsjncludingcommunicationso theuserandnon-communication
responsesTypically, only cannedext is used but sometimegemplateinstantiationReiter, 1995]
is used. In the currentexample,a dialog statecorrespondingo the goal completinga requested
purchasef acomputemight causehe Responsé&eneratoto instantiatea templatewith slotsfor
thecomputemodelandprice. For example thetemplate

Great! <computer model> is on sale this week for just <price>!
might beinstantiatecas
Great! Power server 1000 is on sale this week for just $1,000.00!

Similarly, othercommunicatiommodalities,suchasWeb pagesandemail messages;anbe imple-
mentedastemplatesnstantiatedvith contet-speci ¢ data.

Over the courseof a deployment,the accurag of a well-engineeredtorversationakgentim-
proves. Both falsepositives and false negatives diminish over time as the agentlearnsfrom its
mistalkes. Learningbegins beforethe go-live in “pre-training” sessionsand continuesafter the
agentis in high-wlumeuse.Evenafteraccurag rateshave climbedto very high levels,learningis
neverthelesg€onductedn anongoingbasisto ensurghatthe agents contentknowledgeis updated
asthe productsandservicefferedby thecompary change.

Typically, threemechanism$iave beenputin placefor quality improvement.First, transcripts
of corversationsareloggedfor of ine analysis.This “conversatiormining” is performedautomat-
ically andaugmentedvith a subjectmatterexpert's input. Secondgnterprise-classorversational
agentsystemsncludeauthoringsuitesthat supportsemi-automatedssessmertf the agents per
formance.Thesesuitesexploit linguistic knowledgeto summarizea very largenumberof questions
posedby userssincethe mostrecentreview period(i.e., frequentlyon the orderof severalthousand
corversationsjnto a form thatis amenableo humaninspection. Third, the corversationabkgent
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Figurel.4: An enterprisaleploymentschemdor corversationabgents

performsa continuousself-assessmem evaluatethe quality of its behavior. For example,well-
engineeredorversationabhgentgenerateon denceratingsfor eachresponsavhichthey thenuse
bothto improvetheir performancendto shapehe presentatiomf the summarizedogsfor review.

1.4.2 Enterprise Integration Technologies

Corversationabgentssatisfy the scalability performancereliability, security andintegrationre-
guirementdy employing thedeploymentschemelepictedn Figurel.4. They shouldbedeployed
in ann-tier architecturein which clusteredcorversationacomponentsre housedn application-
appropriatesecurityzones. When a users utterances submittedvia a browser it is transported
usingHTTP or HTTPS.Uponreachingthe enterprises outermostre wall, the utterances sentto
the appropriatéVeb sener, eitherdirectly, or usinga dedicatechardwareload balancer Whena
Web sener recevesthe utteranceijt is submittedto a corversationsener for processingln large
deployments submissiorto corversatiorsenersmustthemselesbeloadbalanced.
Whenthecorversatiorsenerrecevestheutteranceit determinesvhetheranew corversations
beinginitiated,or whethertheutterancébelongsto anongoingcorversationFor new corversations,
the corversationsener createsa corversationinstance. For ongoing corversations|t retrieves
the correspondingcornversationinstance which containsthe stateof the corversation,including
the dialog history® Next, the corversationsener selectsan available dialog engineand passes
the utteranceand corversationinstanceto it for interpretationdialog managementandresponse
generation.In somecasesthe corversationsener will invoke businesdogic andaccessxternal
datato selectthe appropriateesponser take the appropriateaction. Somebusinessulesanddata
sourceswill be housedbehinda secondre wall for furtherprotection.For example,a corversation
senermayusethe CRM systento inspecttheuserspro le or to openatroubleticketandpopulate

5For deploymentswhere corversationsneedto be persistedacrosssessiongdurable conversations, the corversation
sener retrievestherelevantdormantcornversationby indexing on the usersidenti cation andthenre-initiatingit.
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it with datafrom the currentcorversation.In the courseof creatinga responsethe corversation
agentmayinvoke a third-partycontentmanagemergystemandpersonalizationginego retrieve
(or generatejhe appropriateesponse&ontent.

Oncelanguageprocessings complete the corversatiorinstances updatedandrelevantdatais
loggedinto the corversationrmart, which is usedby the enterprisefor analytics,reportgeneration,
and continuedimprovementof the agents performance.The responsés then passedackto the
corversatiorsener andrelayedto the Web sener, whereanupdatedview of theagentpresentation
is createdwith the new response.Finally, the resultingHTML is transmittedbackto the users
browser

Scalability. This deploymentschemeachievesthe scalability objectivesin threeways. First,
eachcorversationsener containsa pool of dialog engines. The numberof dialog enginesper
sener can be scaledaccordingto the capabilitiesof the deploymenthardware. Second,corver-
sationsenersthemselescanbe clusteredtherebyenablingrequestdfrom the Web senersto be
distributed acrossthe cluster Corversationinstancesanbe assignedo ary available corversa-
tion sener. Third, storageof the knowledgebaseand corversationmart utilize industry-standard
databasescalingtechniquego ensurehatthereis adequateapacityfor requestandupdates.

Performance. Corversationahgentssatisfythe performanceequirement®y providing a pool
of dialogenginedor eachcorversatiorsenerandclusteringconversatiorsenersasneededGuar
anteeson throughputsare achieved by ensuringthat adequatecapacityis deployed within each
corversatiorsener andits dialogenginepool. Guaranteesn the numberof simultaneougorver-
sationsthat canbe held are achieved with the samemechanismsif a large numberof utterances
are submittedsimultaneouslythey are allocatedacrosscorversationseners and dialog engines.
Well-engineeredcorversationabgentsare deployed on standardenterprise-classeners. Typical
deploymentsdesignedo comfortablyhandleup to hundredsof thousandof questionsper hour
consistof oneto four dual-processoseners.

Reliability. A givenenterprisecansatisfythe reliability andavailability requirement$y prop-
erly replicating cornversationresourcesacrossa sufcient numberof corversationseners, Web
seners,anddatabasegswell asby taking advantageof thefault tolerancemechanismemployed
by enterpriseseners.Becausenaintainingconversatiorcontexts, includingdialoghistoriesis crit-
ical for interpretingutterancesin somedeploymentsit is particularlyimportantthatdialogengines
be ableto accesghe relevant context information, but neverthelesse decoupledrom it for pur-
posesof reliability. This requirements achieved by disassociatingonversationinstancesrom
individual dialogengines.

Security. The deploymentframeavork achievesthe securityrequirementghroughfour mech-
anisms.First, corversationatraf ¢ over the Internetcanbe securedvia HTTPS. Second corver-
sationseners shouldbe deployed within a DMZ to provide accessy Web seners but to limit
accesdrom external systems. Dependingon the level of securityrequired,corversationseners
aresometimesplacedbehindinternal re wall to increasesecurity Third, usingindustry standard
authenticatiorand authorizationmechanismsinformationin the knowledgebase aswell asdata
in the corversationmart, can be securedrom unauthorizedaccesswithin the organization. For
example the contentassociateavith particularknowledgebaseentriesshouldbe modi ed only by
designatedsubjectmatterexpertswithin a speci ¢ businesaunit. Finally, for somecorversational
applicationsenduseramay needto be authenticatedothatonly contentassociatedvith particular
rolesis communicatedvith them.

Integration. Corversationahgentsn the framework integratecleanlywith the existing IT in-
frastructureby exposingagentintegrationAPls andaccessingndutilizing APIs providedby other
enterprisesoftware. They typically integratewith J2EE-and.NET-basedWeb servicesto invoke
enterprise-speci dusinesdogic, contentmanagemensystems personalizatiorengines,knowl-
edgemanagemenapplicationsand CRM modulesfor customersegmentationand contactcenter
managemenin smallerervironmentst is alsousefulfor corversationahgentso accesshird-party
databaseghousing,for example,productcatalogsand customerecords)via mechanismsuchas
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JDBCandODBC.

In summarywell-engineereaorversationabgentautilizing the deploymentschemedescribed
above satisfy the high-wolume corversationdemandsexperiencedn the enterprise. By housing
dialog enginesn a securedistributedarchitecturethe enterprisecandeliver a high throughputof
simultaneousorversationgeliably, integrateeffortlesslywith the existing environment,andscale
asneeded.

1.5 Conclusion

With advancesn computationalinguistics,well-engineereatorversationabhgentshave begun
to play anincreasinglyimportantrolein theenterprise By takingadvantageof highly effective pars-
ing, semanti@nalysisanddialogmanagemertechnologiesgorversationahgentsclearlycommu-
nicatewith usergo provide timely informationthathelpsthemsolve their problems While agiven
agentcannothold corversationsaboutarbitrary subjectsjt canneverthelesengagen productive
dialogsaboutaspeci c compaly'sproductsandservices With large-scaleleploymentsthatdeliver
high volumesof simultaneousornversationsanenterpris&eanemploy corversationahgentdo cre-
atea cost-efective solutionto its increasingdemandgor customerservice guidedselling, website
navigation,andtechnicalsupport. Unlike the monolithic CRM systemsof the 1990s,which were
very expensve to implementandwhosetangiblebene ts werequestionableself-servicesolutions
suchascorversationabgentsare predictedby analyststo becomeincreasinglycommonover the
next few years.Becausevell-engineeredornversationahgentsoperatingin high volumeenviron-
mentsoffer a strongreturnon investmentnda low total costof ownership,we canexpectto see
themdeployedin increasinghumbersThey arecurrentlyin usein large-scalepplicationsy mary
Global2000companiesSomeemploy external-facingagentonretail sitesfor consumeproducts,
while othersutilize internal-facingagentsto assistcustomerservicerepresentatieswith support
problems.

To be effective, cornversationahgentamustsatisfythe linguistic andenterprisearchitecturee-
quirementsoutlined above. Without a robust languageprocessingacility, agentscannotachiese
accurag ratesnecessaryo meetthe businesobjectivesof an organization.Corversationahgents
thatarenot scalablesecurereliable,andinteroperablavith thelT infrastructurecannotbe usedin
largedeplgyments.

In additionto thesetwo fundamentatequirementstherearethreeadditionalpracticalconsider
ationsfor deplgying corversationahgents First, contentreusds critical. Becausef thesigni cant
investmentin the contentthat residesin knowledge managemensystemsand on websites,it is
essentiafor corversationabhgentso have the ability to leveragecontentthathasalreadybeenau-
thored. For example,cornversationabhgentsfor HR applicationamustbe ableto provide accesgo
relevantpersonnepoliciesandbene tsinformation. Secondall authoringactiities mustbe sim-
ple enoughto be performedby non-technicapersonnelSomeearly corversationahgentsequired
authorsto performscriptingor programmingpy authors.Theserequirementsreinfeasiblefor the
technicallyuntrainedpersonnetypical of the divisionsin which agentsareusuallydeployed, such
as customercareand productmanagementFinally, to ensurea low level of maintenanceffort,
corversationabgentamustprovide advancedearningtoolsthatautomaticallyinducecorrectdialog
behaviors. Without a sophisticatedearningfacility, maintenancenust be provided by individu-
als with technicalskills or by professionakerviceorganizationspoth of which are prohibitively
expensve for large-scaledleployments.

With adwvancesn the state-of-the-arbf their foundationaltechnologiesaswell aschangesn
functionality requirementsvithin the enterprise corversationabgentsare becomingincreasingly
centralto a broadrangeof applications. As parsing,semanticanalysis,and dialog management
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capabilitiescontinueto improve, we are seeingcorrespondingncreasesn both the accurag and
uidity of corversationsWe arealsoseeingagraduaimovementowardsmultilingualdeployments.
With globalizationactiities andincreasednternationalizatiorefforts, companiefiave begunto ex-

ploremultilingual contentdelivery. Overtime, it is expectedhatcorversationabgentswill provide
corversationsn multiple language$or language-speci avebsitedeployments.As text-mining and
guestion-answeringapabilitiesimprove, we will seeanexpansionof agents'corversationahbili-

tiesto includeanincreasinglybroadrangeof “source”materials.Coupledwith advancesn machine
learning,thesedevelopmentsare further reducingthe level of humaninvolvementrequiredin au-
thoringandmaintenanceFinally, asspeectrecognitioncapabilitiesimprove, we will begin to see
a convergenceof text-basedcorversationabgentswith voice-drivenhelp systemsandIVR. While

today's speech-basedorversationalagentsmustcopewith much smallergrammarsand limited
vocahularies—conersationswith speech-basedgentsare much more restrictedthan thosewith

text-basedagents—tomorna's speech-basedgentswill bring the samedegreeof linguistic pro-

ciency thatwe seein today's text-basedagents.In short,becauseonversationabgentsprovide

signi cant value,they arebecomingan integral componenbf businesgprocesseshroughoutthe
enterprise.
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