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Abstract

In this paperthreedifferentroles of a sharedtask model as an intermediaterepresentatiorof a task are
presented and illustrated by applications developed in coopevetiorindustry. First the role of a shared
task model in knowledge acquisition is discusseabriaof the two applications,decisionsupportin the
domainof soil sanitation,one of the existing generictask modelsfor diagnosticreasoningprovided a
means to structure knowledge acquisition. Ingbeondapplication,diagnosisof chemicalprocesseshe
acquisition processresultedin a sharedtask model for diagnostic reasoningon Nylon-6 production.
Secondly,the role of a sharedtask model in designinguserinteractionis addressedThree levels of
interaction are considered of importance: interaction at the object level, at the level of strafeginces,
and at the level of task modificatiom an applicationin the domainof environmentadecisionmaking,
this led tothe designof a userinterfacebasedon the acquiredsharedtask model, within which all three
levels of interaction were available to usdtmally, the role of sharedtask modelswithin a multi-agent
systemincluding a clarification agentis addressedTwo softwareagentswere designedhat eachsharea
task model with the user: one for a diagnosis task, and one for a clarification task. The shared thedel of
clarification task reflects the sharedtask model of diagnosis;clarification includes clarification of the
overall diagnostic reasoning process. The multi-agent architecture presenteghdsvelopedo support
a user both at the level of the diagnostic task he or she is performirag tredevel of clarification. The
architecture has been applied to diagnosis of chemical processes.

Keywords: sharedtask model, strategicinteraction, user interfaces, cooperative agents, design
support, clarification agent.

1 I ntroduction

Decision supporsystemsare mostoften designedo provide expertuserswith the informationthey
need to solve a problem. More extensive support, however, is providewiwedge-basedystems
that not only are capabtd performingcomplexcomputationbut that also are equippedwith explicit

knowledgeof the decisionprocess.The acquisitionof such knowledgeis not as trivial asit may
seem.Although expertsdiffer in their approachedo problems,in almostall situationsdifferent
alternativesare thoughtthroughand comparedDecisionsupportsystemsdeally supportexpertsin

this process.Not only the opportunityto influencethe approachtakenby systemgfor examplethe

sequencef tasks)is of importance,but also the opportunity to influence the more local levels of

strategic reasoning involved in decision making processes.

User centeredtask analysisis essentialto the designof such systems(Barnard,1993; Brazier &
Treur, 1994). The tasksusersperformin specific decisionmaking situationsmust be identified, in
addition to relations betwednsks.The designerof a system(in generala knowledgeengineer)and

one or more experts must reacbcanmonunderstandingf the tasksinvolved in a specificdecision
making process. The types of decisions an expert user would prefer to make him/herselivayd the
in which an expert user would like to be able to influence a system’s reasoning, must be identified

* Preliminary work on different parts of this paper have been presentedearlier in the following workshop and
conferences: Section 3 in (Brazier, Trand Wijngaards,1996a),Section4 in (Brazier, Treur and Wijngaards,1996b)
and Section 5 in (Jonker and Treur, 1998).



The commonunderstandindpetweerknowledgeengineersand expertuserscan be supportedby a
shared task modeA shared task model can play a different role in different activities:

» During knowledge acquisition, a shared task model is a means to axgomenonunderstanding
of a task in interaction with experts.

» During design of a system, a shared task model can be used
- as a basis for user interaction, and also
- as a basis for the design of a clarification support agent.

In this paper all three roles will be described in more detailllusttatedby exampleghat havebeen
tested. In Section 2 approaches to knowleaigguisitionand modelsof knowledge-basednd multi-

agent systems agescribedIn Section3 it is shownhow sharedtask modelshavebeendeveloped
for two domains: decision support for soil sanitation and diageds$is/lon-6 processesDuring an

acquisitionprocessdifferent types of interactionbetweenexpert usersand a systemdesignedto

support such users, can be identified. In Section 4, an exangblews of a user-interfacdasedon

a shared task model in the domain of decision suppognvironmentadecisionmaking.In Section
5 sharedtask modelsare applied within the multi-agentsystemparadigm:a clarification agentis

constructed. In Section 6 the results are discussed.

2 Knowledge Acquisition

To structurethe exchangeof knowledgebetweena knowledgeengineerand an expertuser often
mediatingrepresentationare used(e.g., Ford, Bradshaw,Adams-Webbe& Agnew, 1993). From
our perspectivepne of the resultsof knowledgeacquisition(and task analysis)is a sharedtask
model: a modelwhich both the knowledgeengineerand one or more expertuser(s)agreeto be an
acceptable representation of the task structure for which support is to be provided.

2.1 A Compositional Approach

The compositionaldevelopmenmethodDESIRE (Designand Specificationof InteractingReasoning
componentsgf. (Brazier, Dunin-Keplicz, Jenningsand Treur, 1997; Brazier, Jonker and Treur,
1998)) is a developmenimethodfor single- or multi-agent systems.The developmentmethod is
supportedoy graphicaldesignsoftware.Translationto an operationalsystemis straightforward;in
additionto the graphicaldesigntools the software environmentincludesimplementationgenerators
with which specificationscan be translatednto executablecodeof a prototype system.Within this
development method knowledge of the following three types is distinguished:

1 process composition

- identification of processes at different process abstraction levels
. input and output information types of each of the processes
. process abstraction hierarchy
. task delegation

- process composition relation
. information exchange
. task control

2 knowledge composition

- identification of knowledge structures at different knowledge abstraction levels
. information types
. knowledge bases
. task delegation
- knowledge composition relation
. composition of information types
. composition of knowledge bases
. relations between knowledge bases and information types

3 relation between process composition and knowledge composition

Process composition identifiéise relevantprocessest differentlevels of (processbstractionand
describes how a process can be defined in terms of (is composed of) lower level processes.



Knowledge composition identifies the knowledge structuresat different levels of (knowledge)
abstraction,and describeshow a knowledge structurecan be defined in terms of lower level
knowledgestructuresThe knowledgeabstractiorevels may correspondo the processabstraction
levels, but this is often not the case.

Eachprocessn a processcompositionusesknowledgestructures Which knowledgestructuresare
usedfor which processess definedby the relation betweenprocesscompositionand knowledge
composition.

2.2 Task Models

A shared task model, as a mediatiegresentationis the resultof negotiationbetweena knowledge
engineerand one or more experts. The purpose of the negotiationis to acquire a common
understandingf the task. An experthas extensive(often implicit) knowledgeof a domainand of

his/her task and strategies kAowledgeengineethasknowledgeof existingmodelsof relatedtasks
which may or may not be applicable, and of ways to modify and combine such modelifumtie
at hand. Abstracttask modelsare often usedto structurethe knowledgeacquisitionprocess.Task
models are similar to models resulting frémsk analysisapproachesuchas KAT/KTS (Johnson&

Johnson, 1991, 1993).

Within DESIRE (Brazier, Dunin-Keplicz, Jenningsand Treur, 1997; Brazier, Jonker and Treur,
1998), a numberof suchabstracttask models, generictask models, exist which are usedfor this
purpose. These models have been defined on the basis of experience and logical analysis. The cc
of a generictask, introducedby Chandrasekara1986, 1990) and Brown and Chandrasekaran
(1989), is comparable to the notiongaineric task modéh thatthey are both genericwith respecto
domains.Generictask modelswithin the DESIRE framework,however,are genericwith respectto
both tasksand domain:generictask modelscan be refinedwith respectto the task by specialisation
(e.g., further decompositionof a subtask)and refined with respectto the domain by instantiation
(e.g., addition of domain-specific knowledge). Moreover, theawggneric task model is specified in
DESIRE is more declarative(with semanticdhasedon temporallogic) thanthe way generictasksare
describedin Chandrasekara(l986, 1990) and Brown and Chandrasekara1989). The integral
approachto levels of abstractionwithin the DESIRE framework supportsthe use of generictask
modelsduring knowledgeacquisition. Different levels of abstractionand compositionplay a role
during the negotiation phase.

3 Shared Task Modelsin Knowledge Acquisition

The use of shared task models in knowledge acquisitiorb®illustratedby examplesn the areaof
diagnosis.In most situationsin which diagnosisis required not all relevantfacts are known in
advance. In practice, in fact, diagnosis is not often based on conmitetaation. The acquisitionof
additional (observation)information is an essentialpart of most diagnosticprocessesin general,
diagnosis includes a number of subprocessesasithe determinatiorof hypothesesthe choiceof
applicable observationsthe performanceof observations,and the interpretationof observation
results. Strategic considerations such as the suitability of an observation, the likeliness of a hypott
beingtrue, andthe costand effect of an observationplay an importantrole in theseprocessesA
numberof existing (generic)task modelsfor diagnosticreasoningin which strategicknowledgeis
explicitly modelled are described in this sectibhesemodelsare usedin interactionwith expertsto
structure acquisition of sharedtask models of diagnostic reasoning for specific domains of
application.

In Section3.1 a genericmodel for diagnosticreasoningis described.Two specialisation®f this
model are presented Bections3.2 and 3.3. The processof knowledgeacquisitionis illustratedfor
two domains in Sections 3.4 and 3.5.

3.1 The Generic Task Model six for Diagnostic Reasoning

As describedabove sharedtask models are acquiredin interaction with experts,using existing
(generic)task modelsto structurethe processof knowledgeacquisition.A generictask model of
diagnosticreasoningdesignedor this purpose(Treur, 1993; Brazier & Treur, 1994)is shownin
Figure 1.
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Figure 1. Tasks withinSIX: a generic task model of diagnostic reasoning.

In this model five tasks are distinguished:hypothesis determination, hypothesis validation, observation
determination, hypothesis evaluation and diagnostic process coordination. The task hypothesis determination
reasonsaboutthe appropriatenessf possible hypotheseswithin a given state of the diagnostic
process and determinegich hypothesesreto be further investigated.The task hypothesis validation
validates hypotheses by determining appropriate observatimhesvaluatinghypothese®n the basis
of results of performing these observations. The dagkvation determination analyseghe currentstate
of the diagnostic process with respect to observation perfornaamiseterminesvhich observations
are most appropriate.The task hypothesis evaluation performsthe observations,and determinesthe
relation betweenthe observationresults and the current hypotheses.The task diagnostic process
coordination analysesthe implications of the observationresultsfor the hypothesesand determines
which hypothesesre rejectedand which are confirmed.On the basisof an analysisof the current
overall state of the diagnostic procets® decisionto concludethe diagnosticprocessmay be made.
If, however,the diagnosticprocessis continued,the requiredsubsequenprocessegfor example,
determination of hypotheses or observations) are identified.

Diagnosticreasoningprocessesanbe basedon causalor on anti-causaldomainknowledge.In the
first casederivationsaboutthe domainfollow the direction of causality:the predicted observable
consequenceare derived from hypothesegpossiblecauses) after which (someof) the predicted
observations are verified. For this typereasoningcausalknowledgeis requiredthat specifieshow

the causal consequences of hypotheses can be derived (e.g., represented by a causal network).

In the secondcasethe domain knowledge is used to derive hypothesesfrom information on
observablegsymptoms).Here the direction of derivation is againstthe direction of causality: it
proceeds from observable findings (in particular, those that actually were observed) to thd~causes
this type of reasoning knowledgeis requiredthat specifieshow hypothesesan be derived from
observable findings: this type of knowledge is called anti-causal knowledge.

In both casesstrategicreasoningis requiredto determinethe appropriatehypotheseson which to
focusandthe appropriateobservationgo be performed,as modelledby the generictask model for
diagnostic reasoningix described above. This generic task maxdei be refined by specialisatiorio
two slightly different modelsfor diagnosticreasoningoasedon causaldomainknowledgeand anti-
causal domain knowledge, respectively. These specialisations are described in Sections 3.2 and

3.2 A Specialisation of the Generic Task Model for Anti-causal Diagnostic
Reasoning

The specialisatiorfor diagnosticreasoningbasedon anti-causaldomain knowledgeis obtainedby
decomposing the taskpothesis evaluation task into two subtasksbservation performance and observation
result interpretation, @S shown in Figure 2.
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Figure 2. Tasks within a task model for diagnostic reasoning based on anti-causal knowledge.

The task observation performance iS responsiblegor the “execution” of the observationselectecby the

task observation determination. The resultsof the observatiormay be acquireddirectly by object level
interactionwith an expertuser, or may be acquiredautomaticallyfrom other systems.No further
reasoning about the domain is performed in this task. The acquired observation information is use
the task observation result interpretation t0 draw conclusionsaboutthe hypothesespy meansof the
available anti-causal domain knowledge.

3.3 A gpecialisation of the Generic Task Model for Causal Diagnostic Reasoning

The specialisationfor diagnosticreasoningbasedon causal domain knowledge is obtained by
decomposingdhe observation determination task into two subtasksobservation generation and observation
selection, as shown in Figure 3.

causal diagnosis
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Figure 3. Tasks within a task model for diagnostic reasoning based on causal knowledge.

The taskobservation generation takes the hypothesis on which it is focussed as its inputisind causal
domain knowledge observable causal consequencesare derived. These observable causal
consequenceare predictionsof the findings that should be observedif the hypothesishold. The
predicted findings, influenced by the assurhggothesis are suitablecandidatesor observationgo
be selected. The taskservation selection analyses the candidatasd selectsone or more observations
on the basis of this analysis.

3.4 A Shared Task Model for Soil Sanitation

One domain in which a shared task model was developeteractionwith expertsis the domainof

soil sanitation(Boelens,1991). During the acquisitionprocesshe generictask model of diagnostic
reasoning(sixX) presentedabove played an important role. This model was used to structure
interaction with the experts. In this section the domain of soil sanitation is introdudedication of

the requiredfunctionality of a supportsystemis given andfinally the acquisitionof the sharedtask
model is described.

3.4.1 Soil Sanitation

Soil sanitation is a relatively young but fast-growing area of expeRakitedsoil is found in many
locations (in the Netherlands at least several thousandjegrehdingon the severityof the pollution
the soil may needto be sanitized.At the level of provincial andlocal authoritiesthe problemof soil
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sanitationusually is encounteredluring urbanrenewal.Pragmaticsolutionsare often chosen.Such
solutionsare basedon two major decisionshow the site is to be sanitizedand how the soil can be
disposed.

Severalproceduresiavebeenformulatedconcerningsoil sanitation.Inventory researchprovidesan
indication of the different types of contaminations. Initial investigations aim to provide a global insig
in the nature and concentrations of the contaminants. Further investigaticentratesn the nature,
extentand concentration®f the contaminationsas well as the spreading-probabilitiesThe goal of
theseinvestigationsis to provide enoughinformation for the sanitation procedure.The sanitation
procedure consists of a comparison of plossiblesanitationalternativeson environmentaltechnical

and financial aspects. Sanitation is planned and executed.

The domain of sanitation consiststgpesof contaminationgound (heavymetals,cyanide,aliphatic
or hydrocarbons,aromatic compounds,and volatile helogenichydrocarbons)and types of soail

(sandy, loamy, loamy and clayey, peaty, and mixed). Ttygssare only top-levelsof taxonomies.
Possible(general)sanitationtechniquesare: removing the contamination preventspreadingof the

contamination(isolation), or changeof the function of the site. When removingthe contamination
either the soil is not removed (in situ techniques) or the soil is dug up. A soil sarattdroativeis a
plan: one or more pollution remedial techniques are applied to the polluted site.

3.4.2 Acquisition of a Shared Task Model for Soil Sanitation

Experts working in the domain of soil sanitation were aware of the need for more sSogpmosing

the best soil sanitation alternative. Although large bodies of knowledge are available the experts lac
support for flexible use of that knowledge. Ideally, éxpertsshouldbe ableto influencethe useof

the knowledge,when knowledgeis usedand what sanitationalternativesor observationanay be
investigated.

The following knowledge was readily available in pre-defined procedures and/or algorithms:

» How to chooseremedialtechniquesdasedon their technologicafeaturesandthe situation at

the polluted site.

How to combine pollution remedial techniques into sanitation alternatives.

How to predict the results of sanitation alternatives, based on the situation at the polluted sii
How to compare sanitation alternatives to environmental standards or constraints.

How to weight between various (groups of) evaluation criteria for sanitation alternatives.
How to performsensitivity analysisto determinewhich type of additional investigationsis
most effective with regard to selecting the best alternative.

Initial analysisof the experts’reasoningprocessto find the bestalternativefor a specific situation
given the option to collect additionmformation aboutthe situation,is, in fact, a form of diagnosis.
Experts agreed that this generic task model (the generic task model for diagnostic reasoning, desc
in Section3.1) provideda basisfor subsequendiscussion.The mappingof the terminologyin the
domain to the terminology in which the generic task model is presented,was relatively
straightforward:sanitationalternativesin this domain are hypotheses performanceof “additional
investigation” is the performanceof observations,and acquired information correspondsto
observation results. The resulting task decomposition is shown in Figure 4.



Soil Sanitation Diagnosis

Hypothesis
Validation

Hypothesis Observation Observation Diagnostic

Determinafon Determination Evaluation Process
| Evaluation
| 1 | |
Femedal Sanitation Observation Fesults
Techniques Altem ative Performance Interpretation

Deemination  Composiion l

Investigation  Investigation

E xecu tion Execution
Preparation
| | I
Sanitafon dddifonal
Altemafve Results vs. e 1. Investigation Additional
Fesults Standards Criteria Sensitivity Efiects Investigation
Predicicn Comparison Weighing Analysis Predcfon Selection

Figure 4. Task decomposition of Soil Sanitation Diagnosis.

Hypothesis determination

During knowledge acquisition it became clear that the determinatitie ofostappropriatesanitation
alternatives,should be seenas two separatetasks. The first is the determinationof the most
appropriate technique for the reductiminone or more pollutantsat a polluted site (remedial techniques

determination task). Thesecondis the formulationof alternativeqi.e. hypothesesbn the basisof the
available remedial techniquesrtation alternative composition task).

Observation determination

The most extensiverefinementof the generictask model was made with respectto observation
determination. Different subtaskswere identified using different types of knowledge (including the
knowledge mentioned above) to determine the most appropriate observation.

Predictionsaboutthe (expected)reductionsof pollutantsat a particular site, are made using the
available knowledge mentionedbove(sanitation alternative results prediction task). Available knowledge
is alsousedto determinethe goodnes®f reductions measuredigainstdirectiveson soil sanitation
and constructionmaterials(results vs. standards comparison task). Separateknowledgeis availableto
decidehow importantdifferent criteria arein the evaluationof sanitationalternativey(criteria weighting
task).

Expertsemploy sensitivity analysisto determinewhich observationsre mostinterestingin view of

existing uncertaintieqsensitivity analysis task). The knowledgeexpertshaveof modelsto predict the

effect of observations on the criteria was also identdied separatdask (additional investigation effects

prediction task). On the basisof the knowledgeobtainedby the performanceof the above mentioned
subtasksa decisionis madeasto which additionalinvestigationsshould be performedtaking cost
and durationddditional investigation selection task).

Observation performance

Before actually performingobservationgxpertsreasonaboutthe information they expectto acquire
andthe way in which additionalinvestigationsshouldbe performed(investigation execution preparation
task). This task is distinguishedfrom the actual performanceof the additional investigations
(investigation execution task).



Result interpretation

Further decomposition of resultgerpretationwas not necessarythe resultsof the observationsare
interpreted.

Diagnostic process coordination

Expertsrecognizedhe appropriatenessf a taskfor evaluationof the statusof the process.On the
basis of this analysis experts decide whether to pursue further analysis of a situation, or not.

3.5 Shared Task Models in Diagnosis of Chemical Processes

In a completelydifferent domain,namelythe domainof nylon production,the samesix modelwas
usedduring knowledgeacquisitionto structurediscussionswith an expertin this field. The expert
involved identified the need for a system to support him irdignosticprocess hopefully reducing
the needfor frequenton-sitediagnosis.The nylon productionprocesswas describedn detailanda
few examplesof typesof problemswith which the expertis confrontedwere discussedAs it was
unclear how, in general, the expert structurecphizessof diagnosisthe two specialisation®f the
SIX task model describedin Sections3.2 and 3.3: the causaland the anti-causaldiagnosistask
models, were introduced.

Initially, the process of nylon production in principle is based on c&nsavledgein the domainsof

physics and chemistry, the knowledge engineers involved expected the diagnostic ploebsséol
on causalreasoning.The task model for causal diagnostic reasoningwas introduced. Further
discussion and analysis of cases of diagnostic processes, however, showedrtp#te diagnostic
processn this domainhypotheseshemselvegould be confirmedor rejectedon the basisof direct
observation,.e., no causalor anti-causalknowledgeat all was required.In addition caseswere
identified in which hypothesesvhich could not be confirmed or rejectedon the basis of direct
observation, played an important role. In theaseghe expertusedanti-causaknowledgeto derive
hypotheses from observed findings.tAis point the task modelfor anti-causadiagnosticreasoning
was introduced. The two models we@mpared andthe expertconcludedthat, in general the anti-

causalmodel was most applicable even though he realisedthat in some, more exceptional(and
complicated) situations, the causal model would be more applicabidi¢h observabldindings are
derived from hypotheses)he task hypothesis determination was further refined: a (limited) numberof

possible hypotheses are first identified, one of which is chosen for festharination.The first task
Is delegated to the system, the second to the expert user. By modelling the taskawy ttig expert
userexplicitly anddirectly influencesthe reasoningprocess.The needfor such strategicinteraction
was identified during the knowledge acquisition process

The shared taskodel designedor diagnosticNylon-6 productionprocesss a specialisatiorof the
generictaskmodel for diagnosticreasoningbasedon anti-causalknowledge,presentedn Section
3.3. The first versionof a systemfor diagnosisof Nylon-6 production processesasedon this
model, has been implemented and is currently being evaluated. In other donttaérsamechemical
plant, the causal model has shown to be more applicable.

4 Designing User I nteraction on the Basis of a Shared Task M odel

A shared task model cde usedto designthe interactionwith the user.In the caseof expertusers,
differentlevelsof interactioncan be distinguishedA systemdesigneddevelopedand implemented
for the RIVM (the Dutch Research Institute for Environmental Studies) WBKIRS (Foundationfor
Knowledge-Based®ystems)or environmentatecisionsupportis usedto illustrate the knowledge
includedin a sharedtaskmodel, but also how the modelwas usedto structureinteractionwith the
user.

In Section 4.1 levelsf interactionare describedwvhich canbe modelledvia a sharedtask model. In
Section 4.2, the generic task model of design is described, which is used develop taskaredel
for environmental decision makindescribedn Section4.3. In Section4.4 the levelsof interaction
in the shared task model for environmental decision support are discussed.



4.1 Levels of strategic interaction

Within the context of a given task often specific sub-tasks may be assigned to eithgettieseror

the system.For example the systemmay discoverthat certaininformation, requiredto be able to
provide an answeo a specificuser'srequeston a relatedissue,is unknownto the system.This is

the case when, for example, the user has not yet made specific facts about a current problem kno
the system.This type of interaction,objectlevelinteraction in which one of the parties(often the
user) is requested to provide facts of this type, is not uncommon to knowledge-based systems.

Interaction between the expert user and the system is, however, oftsiigbtig different nature.In
design and decision making processes expert fregngentlywish to influencethe factorson which
designs/decisions are basétk goals,the heuristicsemployed,preferencesassumptionsusing the
systemto explorethe resultsof different strategiesInteractionat this level, the level of strategic
preferencesis not uncommonwithin the tasksexamined,but is not often includedin knowledge-
based system design.

Although a shared task model is the result of interaction with an expert usegtihescessarilythe”
correctmodel of a task for all problemsin all domains.The expertuser may want to be able to
influence, for example, the sequencingor choice of sub-tasksin a particular situation. The
design/decisiorsupportsystemwith which the userinteractsshouldmakethis possible.This is not
only of importance for the individual expert for which a system may bhaeadesignedbut alsofor
other expert users (often the expert involved in the design of a system represents a&xfzessstor
which the system is designed) for which the model can beassemodel of consensusThis model
may needo be adaptedor individual experts.This level of interactionhasbeentermedthe level of
task model modification
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Figure 5. Top level of generic task model of design.

4.1 A generic task model of design

This sectionbriefly explainsthe generictask modelof design(referredto as GTMD) introducedby
Brazier,Langen,Ruttkay and Treur (1994), and describedin (Brazier, Langen, Treur, Wijngaards
andWillems, 1996)for (parametric)designof elevators GTMD is usedto structurethe acquisition
process, clearly distinguishing three sub-tasks, each focusing on reasoning about one of the follo
three aspects:



» requirements and preferences,
« the design object, and
» (co-ordination of) the overall design process.

This model is generic in the sense that it describes design independent of the domain of agpticatiol
the designtask(in the samesenseas Brown and Chandrasekara(i1989), Chandrasekara(iL986,
1990)), but alsoin the sensethat it describesdesignat a high level of abstraction.GTMD clearly
specifiesa role for design history and design rationale within each of the three sub-tasksof
design.Figure 5 shows a simplified picture of GTMD. The figure shows the compiesigmt which

is amodelof the designtaskasa whole. The designtaskis composedof three sub-tasksdesign
processco-ordination, requirementqualification set manipulation and design object description
manipulation, whichare modelledby the componentsiesign process co-ordination, RQS manipulation and

DOD manipulation, respectively. In the sequegquirementgualification setwill often be abbreviatedas
RQSanddesign object descripticas DOD.

The task of designprocessco-ordinationis to determinethe future courseof the designprocess:
should the design process continue or not, and d&&mrdingto which strategy.For example after
RQS manipulation has delivered a new RQS, design proaessrdinationmay proposeto proceedwith

DOD manipulation in order to make a DOD that satisfies the current requirements, @kpegific earlier
design as a starting point.

The task o0RQS manipulatiofs to generate an RQS based onrtbedsand desiresof, for example,
a client. Part of the taskis to analysewhetherthe current RQS includes (apparently)conflicting
requirements andrhetherall requirementst includesare sufficiently refinedto be usedasinput for
DOD manipulation. Anotherpartis to resolveany conflicts that are detectedand to refine any require-
ments that need to be further detailed.

The task of DOD manipulationis to generatea DOD. A DOD is most frequently a partial design
description,that often containsinconsistentinformation and often does not satisfy (or may even
violate) the requirementon which the designprocesss focused.However, the ultimate goal is to
acquirea DOD that is complete,consistentand satisfactory.A DOD is completeif it containsall
information that is relevantto the processof creating the design object (through assembly,
construction, fabrication, manufacturing, or any offleem of implementation)A DOD is consistent

if it doesnot containcontradictoryinformation. A DOD is satisfactorywith respectto an RQS if it
satisfies each of the requirements in the RQS (e.g., the requirements on which the RQS focusses

4.2 A Shared Task Model for Environmental Decision Making

The task of constructingcombinationsof possiblepolitical environmentalmeasuresvhich can be
takento reducespecific types of pollution, is a task with which most governmentsare faced. In
general this taskis done“by hand” using modelswith which the resultof a particular measureon
emission factors can be calculated. These systems mostioftest supportthe processof choosing
and combining (sets of) measures which together should reach a given goal.

Within the SKBS project (supportedby RIVM and the Dutch Ministry of Economic Affairs) the
decisionmaking/desigrprocessentailedin this particulartask has beenanalysedand modelled.In
interaction with policy makers a shared task model has been developed for the task of désigming,
given set of goals (with respect to the reduction of future emissions of polluting matters; g.ga NO
set of environmental measures for processes in, e.g., metal industry, oil refineries, traffic, agriculti
these processes form a taxonomy. This shared task model and its role in the dategactbnwith

the expert user will be discussed below. Based on the knowteddginedn this sharedtask model

and further analysis the interactive decision support sysseEhas been developed.
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Figure6. User interface including the shared task model (translated from Dutch).

4.2.1 The shared task model: task decomposition and delegation

Basedon the generictask modelfor designtasks,a sharedtask model was developedand usedin
communicationwith expertsin this field. The main tasks for environmentalpolicy making as
distinguished in the generic task model of design, are:

» Acquireproblem statement. To acquirethe user’s goals, in termsof overall emissionsfor
specific polluting matters.

* Manipulate requirements qualification sets. To determine requirements (and their
gualifications) at different levels of abstraction on future emissions for the various processes

» Manipulate design object description§o determine sets of measures for different processes.
» Design process coordinationlo coordinate the overall design strategy.

The sharedtask model includes more detailed knowledge of each of thesemain tasks and the
delegationof sub-tasks.A pictorial representatiorof decompositionand information exchangeas
shown in Figure 6, provides the basis for the user interface oEt&ESystem.

Acquire problem statement

To acquirethe problemstatement userspecifiesa list of desiredreductionsfor mattersdistributed
over different regions (see Figure 7). The system completes thisyliaddingdesiredreductionson

processeghat are logically implied by desiredreductionsspecified by the user). The two tasks
relevant to this process are:

» determine problem statement specification (user)
» refine problem statement (system)

Manipulate requirement qualification sets

The task of defining priorities and relations between requirements(requirementqualifications)
involves theuserspecifyingthe extentto which eachof the processesvolved shouldcontributeto
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the requiredreduction.The systemusestheseparameterso determinea refinement(distribution) of
the emissionrequirementgo the lower levelsof processe#n the taxonomy.Furthermore the user
specifiesparameterdo be used for the measureset selection: costs, future expandability, social
acceptability.The systemcalculategelative measureselectionparametergrom theseuser specified
parameter (by normalisation). The tasks distinguished in this context are:

» determine emission requirement refinement parameters (user)
» refine emission requirements (system)

* determine measure selection parameters (user)

» determine relative measure selection parameters (system)

r,.;? Determine Problem Statement Specification R
Matters: Processes: Geographic Units:
— — -
ammonia . |production of foodproducts FRIESLAND
|carbon monoxide - production of rubber and syr GELDERLAND
production of chemical wast GRONINGEN
production of wood and furn LIMBURG
production of textile industi NOORD-BRABANT
— production of tanneries INOORD—HOLLHND
production of painting busin OVERIJSSEL
production of transshipment UTRECHT

ZEELAND
[ZUID-HOLLAND

[growth of remaining sources
production of remaining che

Lle]_»
"I

Matter: Selected Processes: Selected Geogr. Units:
carbon monoxide — —
energy from waste - NOORD-HOLLAND -
gas usage ZUID-HOLLAND
v v
coal usage
nuclear energy usage
0il usage
Reduction(%): 12 alv| gasoline usage
— —

Previous ) Mext ) 0K ) Remove )

Figure 7. Determine problem statement: specification of user goals.

Manipulate design object descriptions

Given a set of requirementsa set of measuresieedsto be found. The system determineswhich
measuresare applicable.Basedon the applicability of the measuresand the measureselection
parameters determined in the previous task, the system selects a set of measaetss phésented
to the userwho canthenindicatethat he/sheacceptsor rejectsthe proposedsetof measureslf the
user accepts the proposed set of measures the system determines the emissions impfiet:ttgdhe
set. This is performedby a calculation-intensivesystemwhich predictsthe effects of measureon
future emissionson the basisof modelsdesignedor this purpose(the RIM+ system).If the set of
measureshas been rejectedthe emissionsare not determinedbut the next task, (decide about
continuation) described below, is performed. The following tasks are distinguished:

» determine applicable measures (system)
» select measure set (system)

» evaluate selected measure set (user)

* determine emissions (system)
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Design process co-ordination

The co-ordinationof the overall design strategyis a task in itself. In principle, the systemhas
sufficient knowledgeto be able to co-ordinatethe design processaccordingto a global design
strategy.However, at somepointsin the processhe user may wish to influencethe strategy.For
example, after the emissions fselectedsetof measuregin fact for a numberof them)havebeen
determined the resultsare presentedo the user who can indicate whether this is a satisfactory
solution or not. The two sub-tasks are:

» decide about design process continuation (user)
» determine design process continuation (system)

4.4 Levels of interaction in the example shared task model

In this section the levels of interaction in the shared task model for environmental deggpontare
discussed.

Object level interaction

Within the shared task model the only exchange of factual information is initiatixe systemwhen
the system presents the selected setaeasuresThis is one-sidednteraction:the useris not given
the opportunity tachangeobject-levelinformation on the measureshemselvesThe user’sinfluence
on the combination of measures is limited to the specification of strategic preferences.

r.s’ Determine Measure Selection Parameters

Costs: § 0 ] e
Future Expandability: 28 0 | =i

J 100
1100

J 100

Social Acceptability: 14 0 ] =i

J 100

Goodness-Fitfactor: 57 0 | co—

)

Figure 8. Strategic preferences: Determine Measure Selection Parameters.

Interaction at the level of strategic preferences

Most interaction within the sharedtask model is directly related to the user’s preferencesand
requirementsvith respectto the choiceof measuresThis level of interaction,the level of strategic
preferences, is modelled in:

» Establishing the initial goals of the design process (see Figure 7).

* Providing strategicpreferenceon the mannerin which requirementsshould be refined or
distributed over the various processes

Specifying strategic preferencesn measureset selection(see Figure 8). They are in fact soft
requirements; they guide the reasoning strategy for a (preferred, optimal) set of measures.

Interaction at the level of task model modification

This most global level of interactionis relatedto the global sequencingof tasks: under which
conditions which sub-taskhouldbe performed.Interactionat this level is for example:after having
seenthe selectedset of measuresthe user decideswhich sub-taskis to be performed:determine
measureselectionparametersgetermineemissionrequirementrefinementparametersor determine
emissions (see Figure 9).
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r,.-,) Evaluate Selected Measure Set

Analyse Measure Sets:

Analyse Measure Sets )

Next Action:

Determine Measure
Selection Parameters

Emission Requirement
Refinement Parameters

Determine Emission )

Figure 9. Task model modification.

5 Shared Task Models asa Basisfor a Clarification Agent

5.1 Shared Task Models in the Multi-Agent Paradigm

The agent paradigm provides a useful perspective to model co-op&etiiceena userand a system
on a complexask, suchasdiagnosisie.g., (Brazierand Treur, 1994). By consideringthe userand
the diagnosticsupportsystemboth as agents,a numberof notions from the areaof multi-agent
systemscanbe exploited, such as autonomy,pro-activenes&and reactivenes®f both agents,and
communication and co-operation between the agents (Castelfranchi, 1995; Jennings, 1995;
Wooldridgeand Jennings,1995ab).When humanagentswvork togetherwith automatedagentsin a
co-operativetask, clarification is often neededFor example,clarification may be neededaboutthe
meaningof termsusedin the task, but also on the process;e.g., on the overall problem solving
methodthat is followed in the task, or on a specific sub-taskthatis performed.Clarification canbe
consideredas a complextask, which is at a meta-levelwith respectto the (object) task on which
clarification is generatedUsually, human agentscan clarify many aspectsby themselves,but
sometimeshey may needsupportfrom anotheragentwhich co-operateswith the humanagentto
perform the clarification task.

This perspectiveappliedto a diagnostictaskresultsin a multi-agentarchitectureconsistingof three
agents: theiser, the diagnosticsupportagent andthe clarification supportagent Eachpair of these
agents has interaction: the user and the diagnostic support agent co-ofbeatéjecttask, the user
andthe clarification supportagentco-operatein the clarification task, and the clarification support
agentmonitors and inspectsthe diagnosticsupportagent, the user, and their interaction. In the
approachintroducedhere, the user and the diagnosticsupportagenthave a sharedmodel of the
diagnostictask, whereasthe user and the clarification supportagenthave a sharedmodel of the
clarification task. The shargdsk modelfor clarification reflectsthe sharedtask modelof diagnosis;
clarification includes clarification of the overall diagnostic reasoningprocess. The architecture
introducedin this paperhasbeenappliedto chemicalprocessdiagnosis,n co-operatiorwith Dutch
chemical industry, as a continuation of the research on diagnosis of Nylon 6 described in Section

In Section5.2 the overall multi-agentarchitectureis introduced.In Section5.3 the (shared)task
models for both the diagnostbjecttask andthe clarification task are briefly introducedand related
to the three agents.In Section5.4 the agent models of the diagnostic support agent and the
clarification supportagentare discussedn somemore detail and the interactionpatternbetweenthe
agents is discussed. Section 5.5 addresses example clarification processes and the knowledge u

5.2 The Multi-Agent Architecture

In this section a multi-agent architecture is proposed in which three agedtstinguishedthe user,
the diagnosticsupportagentandthe clarification supportagent.As both the userandthe diagnostic
supportagentmay needinformationfrom the externalworld (for exampleon resultsof inquiries or
observations performed to acquire additional information), interaction with the external world needs
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be explicitly modelled.In Figure 10 the top level composition(i.e., abstractingfrom the internal
structure of the agents) is depicted.

user control info to expl

control and obs info from user

diagnostic

<I support
< agent

results and requests

expl infc

control and obs info from csi user selected tests

diagnostic info Testresults

I world
system selected tests

world info

clarification

support

agent

Figure 10. Top level composition of the multi-agent system.

The user,the diagnosticsupportagentand the clarification supportagentare autonomousand in

principle run in parallelThey all reasonandreacton the basisof their own knowledge,but alsoon

the basis of information provided by communication with other agentelas®tvationn the external
world. Theclarification supportagentalmostcontinually interactswith the diagnosticsupportagent:
the diagnosticsupport agentkeepsthe clarification supportagentinformed of the statusof the
diagnostic process-he clarification supportagentcanexplicitly requestadditionalinformationfrom

the diagnosticsupportagent,for example,to analysea specific line of reasoning.The diagnostic
supportagentandthe clarification supportagentcommunicaténformationto the user, who in turn

may communicateadditional information on the basis of which a diagnosticand/or clarification
processmay continue.The weak agentnotion (cf. Wooldridge and Jennings,1995a) provides a
useful conceptto model the interactive concurrentprocessesnvolved. On the basisof this agent
notion the requiredknowledgeand behaviouris specifiedat a conceptuallevel. The weak agency
characteristicgutonomy reactivenesspro-activenesgand social abilities all apply in the contextof

application.

5.3 The Shared Tasks Models for Diagnostic Task and Clarification Task

The shared task models for diagnosis and clarificationbsiliscussedn relationwith the agentsin
which they occur: the diagnosticsupportagentin Section5.3.1, the clarification supportagentin
Section 5.3.2, and the user in Section 5.3.3. Each of these agents is mad=ilethgto the notion
of weak agency:the weak-agencycharacteristicare realisedby the tasksdistinguishedwithin an
agent.

diagnostic support agent

hypothesis validation hypothesis determination own process control

I I I [ I I I I

observation hypothesis
determination evaluation

hypothesis hypothesis

HVPC generation selection

HDPC coordination  results evaluation

Figure 11. Processes at different abstraction levels withindthgnostic support agent.
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5.3.1 The Processes within the Diagnostic Support Agent

The diagnostic support agent has diagnosis as its main task. Its task compodématesiin Figure
11. Similar to Section3, the diagnostictask hasthreemaintasks:(1) to coordinateand control the
diagnostic problensolving procesq2) to determinehypothesego be consideredand (3) to validate
these hypotheses. To determuaich hypothesesreto be considereda numberof hypothesesre
generatedcand one or more are selected.To validate hypothesesa number of observationsare
determined and performed, and the hypotheses evaluated on the basis of the observation results.

5.3.2 The Processes within the Clarification Support Agent

The following global categoriesor levels of clarification can be distinguished: terminological
clarification, clarification osyntax(of expected input), clarification of the diagnogtiocessEachof
the differentlevels of clarification neededis modelledas a separatdask both within the userand
within the clarification support agent.

clarification support agent

process syntax terminology own process
clarification clarification clarification control
| | | | 1
hypothesis validation  hypothesis determination L results
process analysis process analysis pCPC coordination evaluation
| | | [ | I
observation hypothesis hypothesis  hypothesis
determination evaluation HVPAPC selection generation HDPAPC
process process process process
analysis analysis analysis analysis

Figure 12. Processes at different abstraction levels withinctixdfication support agent.

The actual clarification processis performedby the two agentsin co-operation.In addition the
clarification supportagenthas an own processcontrol task. In Figure 12 the clarification support
agent's composition is depicted. Note tthettask modelfor proces<larification hasan object-meta
relation with the task model of diagnosis.For eachof the subtasksof diagnosisa meta-taskis
modelled that monitors and clarifies this specific subtask. fiklscompositionis usefulto structure
the process of process clarification.

5.3.3 The Tasks of the User

The tasks of the user are twofold: diagnosis and clarificafibaformeris performedby the userin

co-operation with the diagnostic support agent, the latteooperationwith the clarification support
agent. To obtain insight in the agents, their tasks, and their interactions, assuhedasksof the
user can be modelled. In Figure 18eerepresentationf the assumedisertask compositionof the
diagnostic support agent (it is the intersectiofrigures11 and 13). The taskmodelfor clarification
within the useris sharedwith the clarification supportagent(it is the intersectionof Figures12 and
13). Which of the tasks ia sharedtask modelactuallyis performedby the one agentandwhich by

the other (and which by both), depend=n the taskdivision. In Section7 an exampletask division

and interaction pattern are discussed.

user

process syntax terminology hypothesis hypothesis own process
clarification clarification clarification validation determination control

| T 1 m— T —
hypothesis hypothesis . . . :
validation determination PCPC hyp(l)th?ss do[hsen./atltgn hVPIOtI:_eS'S hypothe[;ls HDPC  coordination relsul:s
process analysis process analysis evaluation etermination selection generation evaluation
observation  hypothesis hypothesis hypothesis
determination  evaluation ypapc Selection generation HDPAPC
process process process process
analysis analysis analysis analysis

Figure 13. Assumed tasks of theser.
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5.4 Models for Diagnostic Support Agent and Clarification Support Agent

In this section the agent architectures for the diagnostic suggemtand for the clarification support
agent are discussed.

( diagnostic support agent task cor )

diagnosisequestsio s

I oPC I
diagnosisrequest _|

hd procesqin
hd crite'ﬁ eques

hv criteria feques
hv procesqint

criterig to he
worldl state infp to h

eval info tojoutpt

_l world statg]info requps
criteria to hy

world state info to h Y,

evalinfo

Figure 14. Top level composition of théiagnostic support agent.

5.4.1 The Diagnostic Support Agent

In contrast tanostof the literatureon diagnosis the modelof diagnosisusedin this paperis in the
first placea processmodel. It modelsthe processof focusing on appropriatehypothesego be
investigated andeterminesvhich observationsreto be performedfor the focus hypothesesThus
the decisionmakingin the courseof the diagnosticprocesss modelled,whereasliterature such as
(Reiter, 1987) addresses diagnosis from a static pdowiew, assuminghatall relevantobservation
results are already given.

( hypothesis determinatiaask contrc )

diagnosis requests to
diagnosis reques I HDPC I ]

diagnosis requests to ng world state info reques

ng criteria reques

hyp cwe ng process inf

hypothesis
generation

Figure 15. Composition ohypothesis determination.

criteffa to h
eval info to h¢

hs process int
selected hypothe:

selectioninfo

Following the task composition explained in Section 3.1, the diagnostic support agenpizsedf
threecomponentgseeFigure 14): own process control, hypothesis determination (Which determineshe
focus hypothesesthosethat should be investigated)and hypothesis validation (which takes care of
investigation whether a focus hypothesis should be confirmed or rejected). The compopetiss
control IS composedf two sub-componentsirocess coordination andresults evaluation. The component
hypothesis determination iS composed ofhe threesub-componentsypothesis determination process control,
hypothesis generation (Which generates the options for fodugothesesand hypothesis selection (which
selects one of the options); see Figure 15.
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( hypothesis validation task cor )

diagnosis reque:

diagnosis requests to selected observatio

od criteria reques
od process inf

] - g

oi process inf
evaluation resul

obs cwi

observation
determinatior

focus hyp to ¢
observations to

critefia to ot

focus fjyp to ¢
critefia to o

Figure 16. Composition othypothesis validation.

The componenthypothesis validation IS also composedof three sub-componentgsee Figure 16):
hypothesis validation process control, observation determination (Which determineghe observationghat are
relevantfor the focus hypothesis,and are not yet performed), and hypothesis evaluation (which
evaluates the focus hypotheses in the light of the results of observations that have been pdriorme:
the componemypothesis evaluation any of the staticapproacheso diagnosisavailablein the literature
(e.q., Reiter, 1987) can be incorporated.

5.4.2 The Clarification Support Agent

Composition at the top level of the clarification support agetéjsctedin Figure 8. Whenrequired,

the clarification supporagentreceivesspecificrequestdor clarification from the user. Furthermore,

the clarification support agenéceivesinformationfrom the diagnosticsupportagenton the basisof
which the diagnosticprocesscanbe fully (continually) monitored.The clarification supportagent’s

own process control analyses an incoming request, and determines which type of clarification is require
terminology clarification, syntaglarification or proces<clarification. After this, the right component
addresses the clarification request. Terminology clarification and syntax clarificatioot aliecussed

in further detail in this paper.

Explanation orthe processcanbe generatedy the componengprocess clarification at any point in the
diagnosticprocess.Often clarification of the diagnosticprocessinvolves clarification of previous
steps in the process in addition to the current status, and passiblyesthe future processaswell.
A requestoften refersto the currentstepin the process,but may also refer (either explicitly, or
implicitly) to previous (or subsequent) steps.

( )

( clarification supportagemt task control )

clar requests from |

clar requests to :

clar request

process cle

diagnostic process monitoring ir

clar requests to

terminolog)
I clarificatior I _|
term clal

\ J/

Figure 17. Composition of the top level of thearification support agent.
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In some cases, clarification of the entire diagnostic process is requested. During process claaificati
usermay requestfurther clarification on the syntaxor on terms. The processclarification task co-
ordinates the design of the contents of clarification in interaction with the user.

( process clarification task conti )

Jclar requests to hdj
PCPC I
|clar requests to hvy

clarrequests from hvy

clarrequest

clarrequest
from hdpi

hypothesis

hypothesis
I determinatiol I I validation I arocess clar frpm hvj
hd proces process process
monitorig infc analysis —| analysis

hv process monitoring in

arocess clar frpm hdy

.

J/
Figure 18. Composition oforocess clarification.

The architectureof the proces<clarification componenof the clarification supportagentmirrors the
model of the diagnostic processwithin the diagnostic support agent. It is composedof three
componentgseeFigure 18): process clarification process control, hypothesis determination process analysis
and hypothesis validation process analysis. The componenthypothesis determination process analysis is
composef three sub-componentsiypothesis determination process analysis process control, hypothesis
generation process analysis @Ndhypothesis selection process analysis (See Figure 19).

e A
( hypothesis determination process analysis task c¢ )
clarrequest
from hspi ————
HDPAPC
clar
clarrequest: — requests
to output
clarrequests from hgy
clarrequests to hgy hypothesis
generation
hg process monitoring in P
Jhap 9 process arocess clar frofh hgy
analysis =
slarrequests to hsf ( hypothesis \
selection
] process
SProcess monitoring M analysis ProCess clar from ns| >
~——oo
\. J

Figure 19. Composition ohypothesis determination process analysis.

The componenthypothesis validation process analysis IS also composedof three sub-components:

hypothesis validation process analysi_s process control, observation determination process analysis, and hypothesis
evaluation process analysis (See Figure 20).
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i o )
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. J/

process clar from od|

Figure 20. Composition dfypothesis validation process analysis.

The componentprocess clarification first classifiesthe clarification requestaccordingto whether it

concern<larification of the overall tasksor clarification of the processwithin a specific task. This

classificationis performedby the componentprocess clarification proces control. If clarification of the

overall task is requested the compongesikss clarification proces control generates global explanation.
If clarification of the processwithin a task is required,this is delegatedo the specific component
within the clarification supportagentrelatedto that task. For example,the componenthypothesis

generation process analysis determineglarification of the processwithin the task hypothesisgeneration
of the diagnosticsupportagent. The componentshypothesis selection process analysis, observation

determination process analysis, andhypothesis evaluation process analysis Of the clarification supportagent
play a similar role with respectto the componentsypothesis selection, observation determination, and
hypothesis evaluation Of the diagnostic support agent.

Process explanation has been designed to be concise. An expldmatiener,canreferto concepts
that have been used in a previous task. For example, if a user as&spéujific symptomhasto be

observedthe explanationrefersto the selectedhypothesis.The userthen may want to know the

origin of this selected hypothesis. In this case the userasiafpr additionalclarification. Additional

clarificationis providedby the clarification agent.In this approachthe clarification processcan be

interactively and iteratively deepened, depending on the detail desired by the user.

5.4.3 Task Division and Interaction between the Agents

In this section, the task division and interaction pattern betweeagtrdsare discussedy meansof
an example pattern.

An Example Task Division between User and Diagnostic Support Agent

For the application to chemical process diagnosisylaich the exampleis based the following task
division between user and diagnostic support agent was used:

* hypothesis generation

user provides initial symptoms
diagnostic support agent generates hypotheses on the basis of initial symptoms
e hypothesis selection
user provides information on the chemical process configuration
diagnostic support agent determines a first selection (which is presented to the user)
user selects one of the hypotheses from the presented list
» observation determination
diagnostic support agent suggests an observation of a symptom to the user
* hypothesis evaluation
user provides the observation result
diagnostic support agent derives conclusions about the focus hypotheses
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An Example Interaction Pattern

The usermay perform both clarification tasksand diagnostictasksand switch betweerthem at any
moment. Both types of tasks are supported: the diagrtasksby the diagnosticsupportagent,and
the clarification tasks by the clarification suppagent.The following interactionpatternshowshow
these three agents and their contributions to the process are co-ordinatecexartipke the point in
the processat which the useris expectedto provide input on the hypothesisto be selectedis
discussed. The process proceeds as shown in Figure 21.

active components explanation
and interactions

dsa - hypothesis selection | The diagnostic support agent determines a list of hypotheses as as first selection

dsa -> user The diagnostic support agent communicates this list of hypotheses to the user

user - process clarification | The user reads the list of hypotheses and tries to clarify the current state of the
process, determines a lack of clarification, and generates a clarification request

user ->csa The user communicates the clarification request to the clarification support agent
csa - proces clarification The clarification support agent analyses the clarification request and generates an
explanation
user <- csa The clarification support agent communicates the explanation to the user

user - process clarification | The user reads the explanation and integrates it with his or her own clarifications

user - hypothesis selection | Clarification is satisfactory, the user selects one of the hypotheses

dsa <- user The user communicates the selected hypothesis to the diagnostic support agent

Figure 21. An example interaction pattern between the three agents.

5.5 Clarification Processes and Required Knowledge

In this section the types of clarification requests tdaatbe handledby the clarification supportagent
arediscussedandthe clarification processs illustratedby showing for someexampleclarification
requests how they are handled.

5.5.1 Types of Clarification Requests that can be Handled

The modelfor diagnosticproces<clarification canbe usedto answer,amongothers, the following
processclarification requestyin these example questionsthe pointers ‘this’ and ‘these’ refer to
specific instances that can be indicated by the user):

*  Where are we in the process ?

e What are we doing ?

¢ Why do | need to give initial symptoms here ?

¢ Why do | need to give these particular initial sympt@ms

¢« Why is this hypothesis in the list of displayed hypotheses ?

¢ Why do | need to select a hypothesis ?

e Why was this hypothesis focussed upon ?

e Which hypotheses were selectable ?

«  Which selectable hypotheses have not (yet) been selected ?

¢ Why is this hypothesis not in the list of displayed hypotheses ?
¢ Whydo | need to perform a test here ?

¢ Why is this test suggested ?

e Why is this test not suggested ?

«  How was this hypothesis found (why is this hypothesis correct) ?
Why was this hypothesis rejected ?

¢ Which hypotheses were rejected ?

e Which hypotheses that were selected were neither rejected nor confirmed ?

21



¢« Why was this selectable hypothesis not confirmed ?

¢ Which hypotheses were not considered ?
e Why was this hypothesis not considered
¢« Why was this selected hypothesis not confirmed nor rejected ?

For some of these clarification requests it is shown tm@wlarification can be generatedand which
knowledgestructuresare used. The generatedexplanationinstancegtexts, but in somecasesalso
graphics) are of soHxplanation_texts. Some ofthe instancesare generic;they are specifiedas objects
of the sort Explanation_texts: the namesof the texts. In the implementationthe actual explanation
instanceto which the namerefersis displayed.Most explanationinstancesconsist of a generic
template text in which reference is made to one or more specific symptoms or hypdthesetexts
are parameterised and are specified by functions with parameters as arguments.

5.5.2 Knowledge Required

To be able to provide clarification, the clarificatisapportagentrequiresat leastthe following types
of meta-information and meta-knowledge:

1. Status information about the actual and planned diagnostic process
Information about the diagnostic process refers to information on the diagmuostessas performed
by the user and the diagnostic support agent:

» aboutthe previousprocessuntil the time point at which the requestfor clarification is put
forward

» about the planned diagnostic process.
This information is dynamicallyacquiredby the clarification supportagentduring the processby
monitoring the user and the diagnostic support agent during their diagnostic reasonirigraation.
For example, the generated list of hypotheses is recorded, together with information on which of tt
have been chosen previously, and which were confirmed or rejected.

2. Knowledge about relations between the concepts involved in the diagnostic reasoning process
To be able to generateexplanationaboutthe possibleand actual reasoningstepsin the diagnostic
process the following types of meta-knowledge are required:

» relations between initial symptom information and generated hypotheses

» relations between hypotheses and the observations required to confirm or reject them
This staticknowledge is part of the specification of the clarification support agent.

5.5.3 Example Clarification Processes

In this sectionan example clarification is shown to illustrate the clarification processand the
knowledge used within the clarification support agent.

At any momentin the diagnosticprocess,it is assumedhat the user can also perform his or her
clarification task, and if the clarification generated by the user is not sufficieetdorpleone of the
following two questions can be generated.

*  Where are we in the process ?
¢ What are we doing ?

These questions are input for the clarification support agent in the form

required_process_clar(where_are_we)
required_process_clar(what_are_we_doing)

For the first question the clarification support agent's compomefatss clarificatioprocess control USES
the knowledge

if required_process_clar(where_are_we) and current_task(T:Tasks)
then selected_process_explanation(task_text(T:Tasks), where_are_we)

It derives

selected_process_clar(task_text(t), where_are_we)
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wheret is the current task in therocess.The text referredto by task_text(t) is givenin the form of a

graphical representation of the overall diagnostic task model, with colour or blinking to ivdibele
task is currently being performed,and a short descriptionof the aim of the task (see below for

instances of these task descriptions).

From the secondquestionalsothe first questionis derivedwithin process_clarification_process_control,
using the knowledge

if required_process_clar(what_are_we_doing) then required_process_clar(where_are_we)
In addition, by the rule

if required_process_clar(what_are_we_doing)

then selected_process_explanation(general_task_model_text, what_are_we_doing)
it is derived
selected_process_clar(general_task_model_text, what_are_we_doing)

The explanationtext referredto by general_task_model_text IS given in the form of a graphical
representation ahe overall diagnostictask model, with colour or blinking to indicatewhich taskis
currently being performed, and, in additidrgm eachof the displayedcomponents hyperlinkto a
short text to explain the task.

Another clarification requestcan arise during hypothesisselection,at the momentthat the user
receives the list of hypotheses selected by the diagnostic support agent:

«  Why is this hypothesisl:Hyps in the list of generated hypotheses ?
This question is handled by the compongpdthesis generation process analysis; it IS represented as
required_process_clar(why_generated(H:Hyps))

First, by the componemptocess clarification process control the questionis classifiedasoneto be treated
by the componemiypothesis generation process analysis: Using the knowledge

if required_process_clar(why_generated(H:Hyps)) then required_process_clar_type(hypothesis_generation)
the component process clarification process control generates

required_process_clar_type(hypothesis_generation)

Note that this is a casein which the questiongoesbackto an earliertask in the process.Next,
hypothesis generation process analysis ProCeSSes the question using the knowledge

if required_process_clar(why_generated(H:Hyps)) and is_positive_support_for(S:Symptoms, H:Hyps)
and has_been_observed(S:Symptoms)

then selected_process_explanation(hyp_generation_text(H:Hyps, S:Symptoms), why_generated(H:Hyps))
For a number of symptoms, conclusions that are drawn contain the expression
hyp_generation_text(H:Hyps, S:Symptoms)

Based on these conclusions the following text is displayed:

Because of the initimymptoms:symptoms that were observed, and the fact that hypothesigps
can cause these symptoms, the hypothesis was one of the generated possible hypotheses
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6 Discussion

In this paperan approachto user-centerediesignis presentecand illustrated on the basis of the
development of four applicatiort$ knowledge-intensiveecisionsupportsystems.To modela task
in which an expert user and an intelligent decision support system collaborate, appropriate
intermediate representations of the task at hand must be designeliff@rieat roles of a sharedtask
modelas an intermediataepresentatiof the task (within which different levels of specificity are
modelled), have been addressed in Sections 3, 4 and 5.

Sharedtask models and descriptionsof systems,have been developedusing the compositional
developmenmethodDESIRE (Brazieret al., 1997; Brazieret al., 1998). One of the advantage®f
DESIRE s its suitability for developmentf both single- and multi-agentsystems.The declaractive
natureof specificationin DESIRE was of particular importanceto modelilng strategic preference
interactionbetweenthe userandthe decisionsupportsystem.Explicit, declarativerepresentatiorof
strategic knowledge (for which modelling primitives exist withieSIRE) allows strategicknowledge
itself to be subjectof interaction,both from the userto the system(which preferencesold, which
relationsbetweenpreferencegxist, etc. influencingthe system’sreasoningstrategy),and from the
system to the user (which preferences have been fulfilled, to which extent, etc.).

Within DESIRE existing abstractmodels of generic tasks, provide a meansto structure initial
interactionwith the expertuserduring the acquisitionof a sharedtaskmodel. A numberof agreed,
sharedtask models have developedwithin applications (decision support systems)in different
domains.

In thefirst application,decisionsupportin the domainof soil sanitation,one of the existinggeneric
taskmodelsfor diagnosticreasoningoasedon anti-causaknowledgeprovideda meansto structure
knowledgeacquisition The sharedtask model developedfor this domain was, in the end, a
specialisationof this existing generictask model. In the seconddomain discussedin the paper,
diagnosisof chemicalprocessesiwo existing generictask modelsfor diagnosticreasoningwere
introduced:the first one basedon causalknowledge,and later in the acquisitionprocessa model
basedon anti-causaknowledge.In contrastto the knowledgeengineers’expectationsthe model
basedon causalknowledgewas not in line with the expert’s diagnosticapproach.The anti-causal
model, however,was useful: the acquisitionprocessesultedin a sharedtask model for diagnostic
reasoning of Nylon-6 production as a specialisation of this model.

In the third applicationa sharedtask modelwas basedon an existinggenericmodel of design. The

third domainof applicationis environmentablecisionmaking. Threelevelsof user interaction were
consideredf importanceby the expertusers:interactionat the objectlevel, at the level of strategic
preferences, and at the lew#ltask modification. This led to the designof a userinterfacebasedon

the acquired shared task model. Within this user intedldbreelevels of interactionwere available
to expert users.

The fourth applicationaddressethe useof a sharedtask model within a multi-agentsystem.Two
softwareagentswere designedhat eachsharea task modelwith the user:onefor a diagnosistask,

and one for a clarification task. The multi-agent architecture presented has been developed to supj
user both at the level of the diagnostic task he or gherfermingand at the level of clarification. In
co-operation with the Dutch chemical indus$M the architecturehasbeenappliedto diagnosisof
chemicalprocessesThe objectiveis to makeit easierfor a userto work with a diagnosticsupport
system by adding the clarification support agent, and thus to contributarésuccessfubpplication

of diagnosticsupport systemsin chemical industry. The genericity of the architecturemakes it
reusable for various tasks and domaifos,diagnostisand othertasks,within chemicalindustry and
beyond.

To designmulti-agentsystems the compositionaldevelopmentnethodDESIRE hasturnedout quite
useful. The approach of compositional modelling fromudti-agentperspectivevas chosento make
explicit the different interactionsof the partiesinvolved, and to support dynamic, event-driven
behaviour.The co-operatingagentscan behavein a reactivemanner,but can also be pro-active by

taking the initiative. In the perspectivgout forward in (Dieng, Giboin, Tourtier,and Corby, 1992),
among others, it was argued that in interactive processesnvolving knowledge-basedsupport
systems,explanationis crucial and that agent-basednodelling could turn out useful for that. In
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(Liebermann,1997), interfaceagentsare descibedhat supportsearchfor information. A difference
with our approachis that no explicit taskmodelis involved andthat no explanationis given on the
processon the basisof sucha task model. The sametype of difference can be found with the
approach described in (Barrett, Maglio, and Kellem, 1997). Another differititehe referencesas
mentioneds thatin our approachthe architectures basedon an explicit compositionalarchitecture,
which supports maintainability and reuse.

In comparison, the CommgnaDS model set (see (de Hoog, Martil, Wielinga, Taylor, Brightl van
de Velde, 1994)) includes: an organisation model, artastkel, an agentmodel, an expertisemodel,
a communication model anddg@signmodel. An organisationmodelanalyseghe impactof a system
in and on an organisation.tAsk modetlescribes the tasks related to the realisation of a function
organisationindependenbf the agentresponsiblefor the performanceof the tasks. A task model,
however, when complete, relates each tasitagent.Agentsare describedn an agentmodel The
capabilitiesof an agentare describedin an expertisemodel Strategicknowledgeis defined by
inferenceand task aspectsof the problem solving knowledge included in an expertise model.
Communicationtasks, definedin a communicatiormode]| are specifiedin terms of user models
(definedin an agentmodel) andtransfertasks(definedin an expertisemodel). Importantdecisions
made during the design of an application together forrdebision model

na

Not all of the threelevelsof interaction(objectlevel interaction,interactionat the level of strategic
preferencesand interactionat the level of task composition)distinguishedin section4 are easily
distinguishedwithin CommonKADS. Object level interactionis defined by transfer tasks. How
interactionat the level of strategicpreferencesr task model modification can be modelledis less
clear. One option is to use the task layer of the expertisemodel, anotheris to use the REFLECT
principle (see van Harmelen, Wielinggredeweg,Schreiber Karbach,Reinders,Vol3, Akkermans,
Bartsch-Sporl & Vinkhuyzen, 1992). Using the task layer to model these levels of interactiootmay
be appropriate,as domain specific (strategic) knowledgeis involved, which then would not be
specified at the domain layer and inference layer of the expertidel. This is, therefore,not a very
elegantsolution. The REFLECT approachmodelsan entire expertise-modein the domain layer of
another expertise model. Explicit strategic reasoning can be modelled withappinagachput entails
the (recursive) combination of two expertise models for this purpose.

Reasoning about states of different reasoning processes is quite camifimorexample multi-agent
situations. TheCommormADS frameworkdoesnot include constructsor modelswhich canbe used
for this purpose. The semanticsRESIRE, however,basedon temporallogic (statesandtransitions
between states) has been designed to model interaction between components@ybietasks)by
explicit specification of transitions between states.

From the aboveit follows thatthe way in which the threelevels of interactionare incorporatedinto
one knowledgebasedsystemis not as transparenin CommorkADS as in DESIRE In DESIRE the
levels of abstraction and temporal semantics facilitate the modelling of these levels of interaction.

The role of shared task models in situations in which more than two parties (ageimeplaesl, is a
current focus of further research.A sharedtask model is an agreedmodel: in some situations
agreement makpe reachedetweenmorethantwo parties(resultingin a situationcomparablego the
situation described above for two parties), but in other situatifiesent modelsof a taskmay exist
betweenparties,thus requiring “attunement’betweenparties.Suchcollaborativetasks are currently
being analysed.
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