Runtime Classification of Agent ServicesPeter Weinstein and William P. BirminghamDepartment of Electrical Engineering and Computer ScienceUniversity of MichiganAnn Arbor, MI 48109-2110{peterw, wpb}@eecs.umich.eduAbstractThe Service Classifier Agent maintains a dynamicontology of agent capabilities. To advertise theirservices, agents define concepts at runtime. Theseconcepts are automatically classified with descriptionlogic. Agents requesting services can select the bestavailable to meet their needs, using queries thatexploit rich knowledge about services and theirrelations to other services.Runtime classification of agent servicesencourages the development of agents to provide newservices. New agents may be utilized immediatelyupon joining a society, without requiring modificationor even notification of existing agents.1. IntroductionWe are interested in societies of agents that are large andevolving. In these distributed systems, agents cooperate tosolve problems. Sometimes, new problems demandcooperation in new combinations, or with previouslyunknown agents. When one agent chooses to work withanother, we call that selecting a service. Services are thecapabilities that agents make available to other agents.In large, evolving societies accurate selection of servicesis a difficult problem. There are too many kinds of agentsfor any agent to know about all of them. New agentsappear, and old agents change their behavior. Furthermore,although we do assume knowledge of common languageand protocols, we consider terminological heterogeneity�when different terms reference equivalent services, or thesame terms reference different services�to be inevitable.Despite adherence to "standards", language use will varybetween agent societies, over time as societies change andgrow, and even within societies, especially when agents aredeveloped by many parties who may never coordinate theirefforts. Without adequate common language,communication�and hence cooperation�is impossible.Thus, the problem of knowledge sharing is at the heart ofthe problem of building large and evolving societies ofagents.To support cooperation between agents and to facilitatechange in agent societies, we are developing the ServiceClassifier Agent (SCA). This agent maintains an ontologythat defines classes of agent services. To advertise, agentsdefine concepts that describe their services at runtime.Description logic is used to automatically classify newconcepts into a subsumption-based taxonomy. We call thistaxonomy a dynamic ontology. In comparison, "static"ontologies are either fixed, or are changed slowly over timeby committees of persons. Runtime service definitions canuse terminology from both static and dynamic ontologies.Previously, ontologies have been used in agent systemsin an essentially static way. Human design teams divide aproblem, assign an agent to each part, and negotiateontology definitions used to describe agent interfaces (thePACT system [Cutkosky 96] is a good example).Henceforth, designers may change definitions, but withincreasing difficulty as the system grows and languagebecomes entrenched in multiple interactions.Runtime classification of services provides severalimportant benefits. First, descriptions of services providedor required do not reference particular agents, addingflexibility and extensibility to the agent system. Second,the expressive power of ontologies supports selection ofagent services with multiple dimensions, at any level ofgranularity, and from multiple perspectives. Third, we canreason about the relationships between services, to selectthe best available service or to manage sets of agentsproviding or seeking services. Finally, there is increasedpotential for developing ways to exploit ontologicaldescriptions and inference to map between similarconcepts, and thus to ameliorate terminologicalheterogeneity.This paper describes an important use of ontology: forclassifying and selecting services in agent systemsdesigned to change and grow. Section 2 explains the high-level design of the SCA. Section 3 describes an initialimplementation, and how the SCA is currently used.Section 4 discusses our plans for future research in thecontext of knowledge sharing and related fields. Section 5concludes.2. Technical approachThe SCA is part of the University of Michigan DigitalLibrary (UMDL) [Birmingham et. al. 94]. Its design ismotivated by the fundamental objectives of the UMDL.We envision a very large library, containing just about anykind of information imaginable — from journals to webpages to scientific data to live musical performances. Weare implementing the UMDL as a society of agents, andconsider this approach to be a research goal as well as ameans. Finally, we plan to achieve the desired scale of theUMDL by making participation in the system attractive tothird party developers. Third parties should be able todevelop new agents to provide content and other serviceswithout great difficulty or expense, and should reap thebenefits of doing so. Although the SCA is part of theUMDL, it is designed for any society of agents that iscomplex and evolving.We use ontologies to represent agent services in theUMDL because the complexity of the digital librarydomain demands expressiveness well beyond thatsupported by relational databases. Services can becharacterized with many dimensions, and may be viewed atmany levels of granularity. Also, a service may berepresented simultaneously from multiple perspectives. Forexample, an agent might seek an agent to recommend acollection of articles on volcanoes, for high-schoolaudiences, to be contracted for via auction.1 Or, the clientmight seek an auction that sells a service to recommendcollections. Both perspectives are represented in thedirected graph of Figure 1 (follow links either from recommend-dlcollection at the top, or auction at the bottomof the figure).Description logic is appropriate for maintaining dynamicontologies because it can do automatic classification. Newconcepts are placed into their proper location in a concepttaxonomy using a subsumption algorithm, based on thestructure and content of their definitions. Concepts in thetaxonomy are partially ordered from general to specific,and may also be connected by a variety of other relations.The concept taxonomy can be used in sophisticated waysto reason about services and their relationships to otherservices. For example, an agent can pose a query to retrievea list of increasingly general services, ranked according tohow specifically they match a multi-dimensional set ofconstraints (a most-specific-subsuming search strategy).Each candidate service is evaluated, for each constraint,based on the path distance in the concept taxonomybetween the request’s ideal role filler and the actual filler inthe service’s concept definition. This type of search isuseful when the service must be appropriate for all possible

1 Auction agents provide efficient and flexible resourceallocation, and are a step towards making third partydevelopment for the UMDL economically attractive[Mullen and Wellman 96].situations within the defined scope. On the other hand,search by increasing specificity is appropriate when therequesting agent doesn�t care exactly which service isprovided, as long as it is within the defined scope (most-general-subsumed search). For example, if you aresearching for an image, you might not care if it was in GIFor JPEG format. In general, the classification taxonomycan be used to search for the best available service usingany given quantified definition of �best� (i.e. given a multi-attribute utility function). Alternatively, clients might posea series of queries�for example, to learn about availableoptions within increasingly specific categories of services.Classification taxonomies will be especially valuable toagents that need to manage sets of agents. For example, theUMDL includes an "auction manager agent" that isresponsible for spawning auctions according to the currentsupply and demand for services. The current auctionmanager is very simple, but future versions will needextensive knowledge about services to do their jobeffectively. Different kinds of auctions are appropriate fordifferent kinds of goods; this information is available in theontology. Also, it is necessary to maintain desirablenumbers and ratios of seller and buyer agents. Thesequantities will be controlled by adjusting thegenerality/specificity of the service to be auctioned. Thiscan be accomplished by moving up or down in thedescription logic concept taxonomy, or by generalizing orfurther restricting role fillers.The combination of declarative service descriptions thatdo not reference particular agents, plus the ability to searchfor the best available agent, adds agent-level extensibilityto the UMDL society. If agents request services to meettheir needs with the maximum precision afforded by theontologies, and if they periodically repeat their search forthe best available agent, then if a new agent joins thesociety that can meet their needs better than existingagents, they will automatically switch to using the newagent. For example, a user-interface agent for a middleschool may routinely contract with a database query agentdesigned for K-12 education. A third party developer mightrecognize an opportunity, and introduce a new query agentdesigned specifically for middle schools. The middle-school user-interface agent will then switch to using thenew agent. No modification of the user-interface agent isrequired. Nor is any user intervention or notificationrequired. Thus, as agents evolve to fill increasinglyspecialized niches, the same client request may be satisfiedby increasingly well-matched services. The societyinfrastructure should also ensure that third parties reapsome form of benefit, in accordance with the contributionof their agents make to the society. The result is not only asociety of agents that can easily evolve, but a system thatactively fosters its own evolution.To summarize, ontologies� expressive power, anddescription logic�s ability to automatically classify andreason in other ways, make these tools appropriate for theimplementation of service classification in large andevolving societies of agents.auctionrecommend-dlcollection

contract-viasells

audience

type-of-goodfornon-divisible

ontopictype-of-good

languag

3. An Initial Service Classifier AgentThis section presents an initial implementation of theSCA. We describe our approach to building the underlyingstatic ontologies, the way the SCA is used in the UMDL,and the nature and capabilities of classification and queryrequests. We also discuss a limitation of currently availabledescription logic systems�the rigid dichotomy betweenconcepts and instances�whose significance for serviceclassification was revealed during the SCA�simplementation.The current SCA provides the basic capabilities ofruntime classification and query. It is implemented usingthe UMDL agent class [Durfee, Kiskis, and Birmingham96], and the Loom description logic system [MacGregor93][Brill 93][MacGregor and Brill 92]. An interactivedemonstration of the SCA is available on the web athttp://www.umich.edu/~peterw/Ontology/sca.html.3.1OntologiesThe UMDL ontology currently has three modules. Oneincludes library content and services that we consider to bepart of a "generic" digital library. The second module addsconcepts specific to the UMDL implementation, such asauctions. To avoid reinventing common concepts such as duration or periodical

, we embed the UMDL ontologies inthe Frame Ontology and others in the library of ontologiesmaintained by the Knowledge Systems Lab at Stanford[Farquhar 96]. The third module includes agent servicesdefined at runtime. In Figure 2, the thin line around theSCA represents a �conceptualization boundary�, definedby the set of terminology available in its ontologies for useby agents wishing to communicate with the SCA. This lineis jagged to show that new concepts are added to thedynamic ontology, as illustrated by the Query PlannerAgent�s classification request in Figure 2.ServiceClassifierAgent(SCA)digital libraries

static ontologiesUMDLdigitallibraryQuery PlannerAgent dynamic ontologyagentservices

I plan queriesfor high-schoolscienceCall your serviceQP-HS-SCI

To facilitate development of ontology definitions, up-to-date versions are maintained in stylized natural language[Uschold and King 95].2 Eventually we hope to automate,as much as possible, translations from natural language toKIF, and from KIF to Loom and other representationsystems using Ontolingua [Gruber 93]. We now translatemanually, directly from English to Loom. We do notattempt to keep the Loom ontologies up-to-date with thenatural language versions, which are currently in flux.3.2ProtocolThe procedure for advertising capabilities in the UMDLinvolves two agents in the UMDL infrastructure, the SCAand the Registry. The SCA maintains a knowledge base ofagent services. The Registry maintains a relationaldatabase, which includes the network addresses ofindividual agent instances. If agent addresses were storedin the SCA knowledge base as instances of the agentservice concepts, this would greatly simplify reasoningabout those instances (as required, for example, by theauction manager described in Section 2). The Registry,however, is used to maintain instances of agents because ofits capabilities for large-scale database management(features related to concurrency, recoverability, queryoptimization, data distributability, and so on). Figure 3summarizes the protocol for classification and query.Agent interactions are labeled by their relative order ofoccurrence.Service ClassifierclientserverRegistry

1. service descriptionservice label

2.advertise3. query service descriptionbindings4. query service labelagent addressesFigure 3: Service classification and query protocolTo advertise, an agent submits a service description tothe SCA, and in return receives a service label. The servicedescription is in the syntax of Loom concept expressions,and uses terminology from the static UMDL ontologies,the dynamic agent-services ontology, or both. Agents thenuse their service labels to advertise in the Registry.To query for available services a client agent follows aprocedure similar to that for classification. The clientsubmits a service description to the SCA using Loom’squery expression syntax. It receives a list which includeszero or more labels for services that match the description.The client then uses a label to query the Registry about theavailability of agent instances.If an agent provides multiple services, it classifies eachone separately. For example, the same database queryagent may have behaviors that make it suitable either for

2 Our current natural language definitions, along withexplanatory diagrams and text, may be viewed athttp://www.umich.edu/~peterw/Ontology/ontology.html.Figure 2: Dynamic ontology nested in static ontologies

schools, or for businesses. This agent would advertise inthe Registry with two relatively specific labels, rather thanone general label that encompasses both school andbusiness users. Although Loom does accept disjunctiveconcept definitions, overuse causes performance toseriously degrade.It is also possible for several different kinds of agents toprovide the same service. For example, a digital-format-translation agent may be able to translate a document fromMicrosoft Word to ClarisWorks, and a deliver-magazines agent may do the same. If the delivery agent advertises itstranslation capabilities as a separate service, and thetranslation agent does not distinguish itself with anyattributes available in the ontologies, then the SCA willrecommend the same label to both agents. In this case theservice-requesting agent receives multiple agent addressesfrom the Registry, and typically chooses between them inan agent-dependent way.3.3ClassificationAn agent requesting classification submits a servicedescription to the SCA, and also a preferred label. TheSCA responds in one of three ways:• If the service description is classified as a newconcept, the preferred label is returned as therecommended service label.• If the service description is equivalent to a service thathas already been classified, then the previouslyexisting label will be returned.• If the concept is new but the label has already beenused for another service description, the SCAgenerates a new label automatically.Figure 4 is an example of a description for a service torecommend a collection on the topic science, for middleschool audiences. The first line indicates inheritance fromthe recommend-dlcollection concept, and the second andthird lines further restrict the values of its slots. An initialcolon (:) identifies a Loom keyword. Other symbols arefrom the ontologies.(:and recommend-dlcollection (:filled-by recommend-dlcollection.has.audience middle-school) (:filled-by recommend-dlcollection.has.topic science))3.4QueriesLoom’s query expression language has full first orderexpressiveness. Variables may be chained to traverseontology relationships, either to restrict matches to serviceswith specified role fillers, or to reveal fillers for servicesthat are otherwise selected. If the query is successful, theSCA returns a list of sets of bindings, where each setincludes a value for each variable in the query expression.If multiple sets of bindings are returned, the client mayanalyze the values of secondary variables to determinewhich service label to use.The example in Figure 5 asks for a service torecommend a collection, where the service is suitable foran audience that is a kind of school. Symbols that start witha question mark (?) are variables.Loom’s query language can be extended with custompredicate functions that accept or reject every combinationof bindings considered by the query. In Figure 6 theconcept

?service is accepted if the recommenddlcollection.has.topic slot is filled with the value science

,or is not filled at all.Wrappers are special SCA functions that are invokedonce for the entire query. Whereas predicate functionsexecute within Loom queries, wrapper functions typicallyinclude a Loom query. Figure 7 shows an example of themost-specific-subsuming wrapper function. The constraintsidentify a list of candidate sets of bindings. They areimplemented as a Loom query. Here, the query selects only services for audiences that are schools

, and whose topic is a kind of

. Thepreferences identify an ideal candidate. Here, candidateservices are ranked by inheritance distance between theirtype of audience and a concept that subsumes middleschool

, and their topic and a subsumer of earth-science

.The audience preference is prioritized to be twice asimportant as the topic preference. Also, because(hypothetically) the ontology differentiates topics moredensely than audiences, candidate services are penalizedless for each inheritance link required for the topicpreference, than for the audience preference.(:wrapper #�most-specific-subsuming�(:and (recommend-dlcollection ?service)(recommend-dlcollection.has.audience ?service ?audience)(school ?audience)(recommend-dlcollection.has.topic ?service ?topic)(science ?topic))�((middle-school ?audience) (earth-science ?topic)):priorities �(2 1):attenuation-factors �(0.6 0.8))Figure 7: A most-specific-subsuming query3.5Concepts and instancesIn Loom, and other currently available description logicsystems, there is a deeply rooted bifurcation between thehandling of concepts, which denote sets of objects, andinstances, which denote individual objects. Historically,this dichotomy developed partially as part of thephilosophy of clarifying links, and partially to enablehighly expressive languages for assertions whilemaintaining computational tractability for classification ofconcept definitions. Unfortunately, the split betweenFigure 4: A classification service description(:and (recommend-dlcollection ?service) (recommend-dlcollection.has.audience ?service ?audience) (school ?audience))Figure 5: A query service description(:and (recommend-dlcollection ?service) (:predcall #’same-filler-or-none ?service ’recommend-dlcollection.has.topic ’science))Figure 6: A query with a custom predicatecon-straintsprefe-rences concepts and instances has undesirable consequences forthe SCA. See Brachman et. al. [91] for a description ofconsequences for other systems, and Woods [91] for adesign for a more flexible description logic.For example, classification operates on concepts, butretrieval is over instances. To be able to query serviceconcepts, therefore, the SCA declares each service conceptto be an instance of itself. Thus, the concept classified bythe example in Figure 4 is A-KIND-OF recommenddlcollection

, and also IS-A recommend-dlcollection

.More seriously, Loom refuses to classify a conceptdescription based on role fillers that are instances. Forexample, a service description exactly like that in Figure 4,except for biology instead of science, would not besubsumed by the concept in Figure 4, because the :filled-bykeyword indicates an instance role filler rather than aconcept value restriction.Currently available description logics view concepts asPlatonic ideals. Concepts never change. All dynamic fluxin the system pertains to instances only. From thisperspective, classification according to instantiatedattributes is undesirable�because instances can change,and that would require changing the classification of theconcept as well [Brachman et. al. 91 p. 424].Because the SCA needs to retrieve service conceptsbased on role fillers, we need to fill our roles withinstances. Several approaches can be used to work aroundthe problem. None of them, however, are fully satisfactory.Our current approach is to establish subsumption outsideof Loom: the query wrapper functions described in Section3.4, for example, operate directly on the subsumptionrelationships of the individual role values, rather than onthe subsumption relationships of the full service concept.Alternatively, trickier concept definitions could berequired. The example in Figure 8 automatically tells theknowledge base about instances (with the :filled-bykeyword) that correspond to concept roles (defined with:exactly). The role number restriction is overlyconstraining, but this is required, in combination with:default inference, to avoid deducing multiple instancefillers (one for each of the concept’s subsuming services).A third work-around would be to parse the Loomconcept definitions, and tell the knowledge base that aninstance exists for each concept value restriction.4.DiscussionThis section discusses our plans for future developmentin the context of research in knowledge sharing and relatedfields. Our goal is knowledge sharing that supportscooperation in societies of agents that are large, dynamic,evolving, and terminologically heterogenous. The currentSCA, however, is not really doing knowledge sharing,because we represent services with a particularrepresentation system rather than an interchange format.Nor does it support large societies, in which, by definition,no agent can know about all of the agents. Nor do weaddress terminological heterogeneity, since all agents thatwish to communicate with the SCA must subscribe to theSCA�s ontologies. We intend to rectify these deficienciesby extending service classification to include capabilitiesfor language sharing, translation, and management ofmultiple SCAs.4.1Related researchThe methods developed for selecting agent services insocieties of agents have corresponded roughly to theproblem addressed by the system. For example, inCooperative Distributed Problem Solving [Gasser andHuhns 89], agents usually know a priori about all of thetypes of agents in the system. Agents contact each otherusing a name server, or somewhat more generally, byadvertising using a compile-time label with some sort ofbroker agent (such as the UMDL Registry Agent).Many societies of agents have been developed to findinformation on the Internet. Sometimes agents are used torepresent individual pieces of information, such as "for-sale" and "to-buy" ads. Then, instead of brokers,decentralized clustering of agents based on semanticdistance measures can be used to organize inter-agentcontacts [Foner 95]. The problem of matching clientrequests to service descriptions is identical to that faced byagent service brokers, however. Solutions have appliedvarious techniques from information retrieval and artificialintelligence. These may be characterized on a spectrum inwhich there is a tradeoff between the precision andreliability of the match, and the amount of domain-specificknowledge required. For example, keyword-basedmatching is universally available, but is neither precise ordependable. Techniques based on word co-occurrence canimprove results, but require a scoped corpus ofrepresentative documents to provide the statistics. Patternmatching and unification algorithms use local contextaround keywords to improve matching, and these can beaugmented with inference rules that know about thecontent of expected messages [Kuokka and Harada 95]. Onthe knowledge-intensive end of the spectrum, context logic[Guha 92] can be used to translate rigorously betweenrequests and service descriptions [Fikes et. al. 95].One agent that uses extensive knowledge structures tomatch a client request to available services is the UMDL’sQuery Planning Agent [Vidal and Durfee 95]. This agentrecommends a library collection agent to match the multi-dimensional requirements of a user agent’s query. Ahierarchy of topics borrowed from the library worldprovides the ability to broaden or narrow queries, and athesaurus is used to bridge between the words in the query (define-concept ’QP-School-Science :is ’(:and recommend-dlcollection (:exactly 1 recommend-dlcollection.has.audience middle-school) (:exactly 1 recommend-dlcollection.has.topic biology)) :default ’(:and (:filled-by recommend-dlcollection.has.audience middle-school) (:filled-by recommend-dlcollection.has.topic biology)))Figure 8: An integrated concept/instance definition and the topic hierarchy. The Query Planning Agent isimplemented as a rule-driven plan-execution agent. Thecontent language, however, and the method of matchingrequests to services is essentially ad hoc and domainspecific.Progress towards reusable ontologies now makescommunication between agents in large andterminologically heterogenous societies a plausible goal. Itis not clear, however, if societies of agents whereontologies are used in a static way to define agentinterfaces (see Figure 2) are scalable. Consider the PACTsystem [Cutkosky 96][Olson et. al. 95]. Every agent isassociated with a set of KIF ontologies that defines theterminology that may be used to communicate with thatagent. The sets of ontologies subscribed to by variousagents necessarily overlap, but need not be identical. Theontologies may potentially be reused in different problemcontexts, as long as the vocabulary remains appropriate.The problem is that usually vocabulary does not remainappropriate from one context to another. This is partlybecause of the richness of the interconnected relationshipsthat give words meaning; i.e., frames for importantconcepts tend to have lots of slots.The problem is that meaning derives from context, ratherthan entirely from the word itself. For example, user agentsmay select among query planning agents on the basis of thecharacteristics of library content, in library collections, thatthe planner agents know about. If a book is aboutvolcanoes and written for high-school students, and thebook is in a collection, and a query planner knows aboutthat collection, then the query planner can help the user tofind that book. Although the attributes of audience and topic are extrinsic to the query planner itself, neverthelessthey are needed as slots (necessary conditions) of thatconcept’s frame. It is not difficult, in a knowledge base, topropagate extrinsic attributes using transitive inferencerules, starting from the concepts for which they areintrinsic (this capability is built into the representationlanguage used in CYC [Lenat and Guha 90]). What isneeded, however, is a way to separate intrinsic andextrinsic attributes such that adequate definitions ofconcepts can be automatically recreated in differentcontexts.For societies of agents to scale, we need to be able totranslate between ontologies, so that local systems candevelop their own terminology as needed for localproblems. Context logic [Guha 92] can be used to translateprecisely between terms in different ontologies, but therequired mapping axioms are very difficult to develop. Webelieve that approaches that do "rough mapping" havemore promise. All of these methods start with some sort ofoverlap between the source and target ontologies. Thisoverlap can be in the form of shared "typical" instances[Lehmann and Cohn 94], shared concepts [Campbell andShapiro 95], or shared parents from which terms in thesource and target ontologies inherit [Weinstein 95]. Manyof the rough mapping algorithms work by identifyingcorrespondences between subgraphs in the source andtarget ontologies, similar to certain techniques developedfor research in analogy [Gentner 89].4.2Future developmentIn the future, service classifiers will be used to selectagent services in increasingly large and terminologicallyheterogenous societies. This will require the developmentof capabilities for language sharing and translation. It willalso require multiple service classifiers, and a way tomanage their organization and interaction.The SCA should accept descriptions in a knowledge-interchange language such as KIF, not a syntax required fora particular representation system such as Loom. Thistransition will present some obstacles, but nothinginsurmountable. It will be necessary to execute atranslation tool (such as Ontolingua) at runtime, withoutsignificantly slowing performance. More seriously, it willbe necessary to either remove, or avoid, the gap inexpressiveness between the interchange language and therepresentation language. Ontolingua cannot translate allKIF content into any given target language, because notarget language can express everything that KIF can.Progress, however, is being made towards increasing theexpressiveness of description logic systems without losingadequate computational tractability. For example, the PCDescription Classifier [MacGregor 94] has full first-orderexpressive power for concepts, extended with sets,cardinality, equality, scalar inequalities, and predicatevariables. Hopefully, new description logics will bedeveloped that avoid the unnecessarily strong dichotomybetween concepts and instances. A system that learns howto translate concepts between ontologies, for example,would need to be able to modify concepts withoutdestroying individuals defined as instances of thoseconcepts.We are currently working on two complementarystrategies for translating terminology between ontologies.One idea, that we call "reclassification", is appropriatewhen most terms are shared. Consider a client agent whoseontologies include a concept that expresses a need, but theconcept is not part of the classifier’s ontologies. If theconcept is defined using terms that are in the UMDLontology, then the client can ask the SCA to classify it.Figure 9 illustrates this situation. The unshared concept inthe other agent’s ontologies that requires translation isshown with an oval. Related, shared concepts are shownwith small rectangles. In case 1, the classifier already hasan equivalent definition, whose label it returns, thustranslating the unshared concept. In case 2, the classifierdoes not have an equivalent definition. Instead, it learns anew concept. A third case, not shown in Figure 6, occurs ifthe classifier does not have an equivalent concept, but thelabel is already used. In this case the classifier generates anew label. In situations where the concept to be translatedhas slots with concepts that are not shared, it might bepossible to achieve translation by recursive application ofreclassification on the slot concepts. Reclassification, however, does not work when there are cycles of unsharedconcepts.

Other agentClassifier (case 1)()classify use term use termClassifier (case 2)new

We also intend to answer requests for services in whichmost of the terms are not in the SCA�s ontologies. We willassume, however, that some of the structure of all conceptdefinitions is shared, by inheritance from terms inontologies shared by both agents. We will also assume anormalizable syntax for requests, by expecting all serviceconcepts to inherit from a generic concept for service.To match a request for services, we will build andevaluate alternative rough mappings between the sourceand target concepts [Weinstein 95]. Mappings are sets ofone-to-one correspondences between nodes in subgraphs inthe source and target concepts. Our mappings are �rough�because correspondences are not exact. The strength ofeach correspondence is a function of the link proximitybetween its concepts and their least general subsumingconcept in the union of concept taxonomies. The largestand most coherent (densely linked) mappings are evaluatedas the best. Currently, the mapping evaluation function isvalid for comparing alternative mappings to match twoconcepts, but not for comparing mappings for matchesbetween different pairs of concepts. To decide whether torecommend a candidate service to the requesting agentrequires a technique for comparing rough mappingsbetween different pairs of concepts. We are consideringusing abduction for this purpose.Finally, service classification in large societies of agentswill require many SCAs. Each SCA will subscribe to someset of static ontologies, and maintain one or more dynamicontologies. In cases where multiple SCAs are needed tosupport a single community (defined by a single dynamicontology of agent services), a single SCA will do allclassification, but new concepts will be replicated to otherSCAs that handle queries. The quality of translationsbetween agents in different communities will depend onthe degree of shared concept structure (the proximity of theconcepts� parents in the shared ontologies).To support society-wide searches for the best availableservice, ontologies of ontologies will prove useful. Meta-service classifier agents will help agents select service-classification service. The structure and behavior of meta-service classifiers will differ from that of regular serviceclassifiers only in the content of their ontologies.5.SummaryThe SCA maintains a dynamic ontology of agentservices. Agents define concepts to advertise theirservices. Description logic classifies these concepts into asubsumption-based taxonomy. Agents seeking servicesquery the knowledge base to learn what is available.Runtime classification of agent services has thefollowing advantages. First, service descriptions do notreference particular agents. When new agents areintroduced they are immediately utilized on the basis oftheir service descriptions, without requiring anymodification of existing agents. Second, the expressivepower of ontologies can represent complexity in domainsthat are inherently multi-dimensional and multi-perspective. Third, the high degree of organization whichdescription logic imposes on the space of services supportssophisticated queries that utilize rich knowledge aboutservices and the relationships between services. Finally, byproviding public access to dynamic repositories ofontological knowledge, service classifiers will facilitate thedevelopment of ways to translate between ontologies,either precisely (as in reclassification), or loosely (as withrough mapping). The effectiveness of translation willdepend on the requirements of the situation, and the extentof shared structure and terminology in the conceptdefinitions of the communicating agents.Runtime classification of services gives agents muchgreater flexibility than does hard-coded selection ofservices using static ontologies, or dynamic selection ofservices using less expressive representations. Agentinteractions in large and evolving societies of agents maybecome quite complex. Task planners, auction managers,and other intelligent agents will use knowledge embodiedin dynamic ontologies to manage this complexity in avariety of ways.AcknowledgmentsThis work was supported by the NSF/ARPA/NASADigital Library Initiative under grant CERA IRI-9411287.ReferencesBrachman, R. J.; McGuinness, D. L.; Patel-Scheider, P. F.;Resnick, L. A.; and Borgida, A. 1991. Living withCLASSIC: When and How to Use a KL-ONE-LikeLanguage, pp. 401-56 in Sowa, J. F. (editor), Principles ofSemantic Networks, Morgan Kaufmann Publishers, SanMateo, California.Brill, D. 1993. Loom Reference Manual, Version 2.0.University of Southern California.http://www.isi.edu/isd/LOOM/documentation/LOOM-DOCS.html.Figure 9: Reclassification to translate a term with sharedslot concepts

Birmingham, W.P.; Drabenstott, K.M.; Frost, C.O.;Warner, A.J.; andWillis, K. 1994. The University ofMichigan Digital Library: This is Not Your Father’sLibrary. In Digital Library ’94 Proceedings, June 1994, 53-60.Campbell, A. E., and Shapiro, S. C. 1995. OntologicMediation: An Overview, the IJCAI95 Workshop on BasicOntological Issues in Knowledge Sharing, August 19-20,1995, Montreal, http://www.csi.uottawa.ca/~doug/ontolWshop/ontolworkshop.html.Cutkosky, M. R. 1996. Agent Based Concurrent Design.Concurrent Engineering V4 N? p. 439 - 437.Durfee, E. H.; Kiskis, D. L. ; and Birmingham, W. P. 1996.The Agent Architecture of the University of MichiganDigital Library. To appear in a Special Issue of the IEEBritish Computer Society Journal of Software Engineeringon Developing Agent Based Systems.Farquhar, A.; Fikes, R.; and Rice, J. 1996. The OntolinguaServer: a Tool for Collaborative Ontology Construction.KAW96. Also available as KSL-TR-96-26.Fikes, R.; Engelmore, R.; Farquhar, A.; and Pratt, W. 1995.Network-Based Information Brokers. Presented at theSpring Symposium on Information Gathering fromDistributed, Heterogenous Environments.http://www.isi.edu/sims/knoblock/sss95/fikes.ps.Foner, L. N. 1995. Clustering and Information Sharing inan Ecology of Cooperating Agents, presented at the SpringSymposium on Information Gathering from Distributed,Heterogenous Environments.http://www.isi.edu/sims/knoblock/sss95/foner.ps.Gasser, L., and Huhns, M. N. (eds). 1989. DistributedArtificial Intelligence. Volume II. Pitman, London,Morgan Kauffman, San Mateo, California.Gentner, D. 1989. The mechanisms of analogical learning,reprinted p. 601-622 in (editors Jude W. Shavlik, ThomasG. Dietterich) Readings in Machine Learning (1990),Morgan Kauffman.Gruber, T. R. 1993. A Translation Approach to PortableOntology Specifications. http://www-ksl.stanford.edu/yearindex.html.Guha, R. V. 1992. Contexts: A formalization and someapplications. Ph.D. dissertation, Stanford University.Kuokka, D., and Harada, L. 1995. Supporting InformationRetrieval via Matchmaking, presented at the SpringSymposium on Information Gathering from Distributed,Heterogenous Environments.http://www.isi.edu/sims/knoblock/sss95/kuokka.ps.Lehmann, F., and Cohn, A. G. 1994. The EGG/YOLKReliability Hierarchy: Semantic Data Integration UsingSorts with Prototypes, Proc. CIKM-94, Third InternationalACM Conference on Information and KnowledgeManagement, ACM Press, New York.Lenat, D. B., and Guha, R. V. 1990. Building LargeKnowledge-Based Systems. Reading, MA: Addison-Wesley.MacGregor, R. M. 1993. Representing Reified Relations inLoom," In Journal of Experimental and TheoreticalArtificial Intelligence, 5:179-183.MacGregor, R. M. 1994. A Description Classifier for thePredicate Calculus, in Proceedings of the Twelfth NationalConference on Artificial Intelligence, (AAAI 94), pp. 213-220, 1994.MacGregor, R. M., and Brill, D. 1992. RecognitionAlgorithms for the Loom Classifier, In Proceedings of theTenth National Conference on Artificial Intelligence,(AAAI 92), pp. 774-779.Mullen, T., and Wellman, M. P. 1996. Market-BasedNegotiation for Digital Library Services. Second USENIXWorkshop on Electronic Commerce, November 1996.http://ai.eecs.umich.edu/people/mullen/papers/usenix/.Olsen, G. R.; Cutkosky, M. R.; Tenenbaum, J. M.; andGruber, T. R. 1995. Collaborative Engineering Based onKnowledge Sharing Agreements. Concurrent EngineeringV3 N2 p. 145 - 159.Uschold, M., and King, M. 1995. Towards a Methodologyfor Building Ontologies, Artificial IntelligenceApplications Institute technical report AIAI-TR-183, July1995.Vidal, J. M., and Durfee, E. H. 1995. Task Planning Agentsin the UMDL. Proceedings of the 1995 IntelligentInformation Agents Workshop.http://ai.eecs.umich.edu/people/jmvidal/papers/tpa/tpa.htmlWeinstein, P. 1995. Matching Expressions withDifferentiated Vocabulary: Technology for KnowledgeSharing in Partially Focused Communities.http://www.umich.edu/~peterw/abstract.vocab.html.Woods, W. A. 1991. Understanding Subsumption andTaxonomy: A Framework for Progress. pp. 45-94 in Sowa,John. F. (ed.), Principles of Semantic Networks, MorganKaufmann Publishers, San Mateo, California.Woods, W. A., Schmolze, J. G. 1992. The KL-ONEfamily, Computers and Mathematics with Applications,23:133-177. Reprinted in Lehmann, F. (ed.), SemanticNetworks in Artificial Intelligence, Pergamon Press.