
IRIS27 
Author name (not in the first submission): Title  
 
 

Knowledge Integrated Agent Technology with 
CommonKADS 

Author name: (do not add in this first submission) 

Affiliation  
 

Address 
 

e-mail  

 

Abstract: this paper aims to provide first a theoretical discussion of the ontology 
problem in MAS and second an introduction to how to design and implement 
knowledge intensive agents with CommonKADS methodology. The paper is organized 
around three questions: (1) is knowledge a necessary entity in Agent Systems? (2) 
What is the problem for individual knowledge intensive agents to cooperate? (3) 
Provide a possible methodology for design and implement a knowledge intensive 
agent.   

Knowledge is considered to be only emerging during the process when agents 
coordinate, but not an individually possessed entity by some researchers. Some other 
researchers consider knowledge as a starting point, a given entity that is part of the 
notion of an intelligent agent, and focus on knowledge acquisition, inference and 
communication. The paper will first have a discussion on this topic from an angle of 
Activity Theory. Then we have a discussion of the ontology sharing problems in 
MultiAgent Systems (MAS), based on the Distributed Collective Memory. Finally we 
introduce a methodology to build a knowledge intensive agent system in E-health 
area.  

Keywords: Agent Technology, knowledge engineering and management, 
CommonKADS, Distributed Collective Memory (DCM), ontology 
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1. Introduction 

Since its birth in the 1950s, Artificial Intelligence (AI) has been aiming at 
understanding and building intelligent entities. Most experts agree that AI is 
concerned with two basic ideas. First, it involves studying the thought processes 
of humans; second, it deals with representing those processes via machines 
(such as computers and robots) (Russell and Norvig, 1995). The major 
characteristic that distinguishes AI from other Computer Based Information 
Systems (CBIS) is that AI’s major emphasis is knowledge processing (rather 
than data or information processing) (Turban, 2000). This implies that in order 
to understand and mimic human intelligence into computer supported system, 
the realization of proper knowledge components is very important. The 
knowledge components in this paper refer to the knowledge bases or the 
components of IS that access to knowledge bases.  

As a new approach in AI, agent technology is more independent on human 
experts than Expert Systems (ES). An agent is a computer system that is 
situated in some environment, and that is capable of autonomous action in this 
environment in order to meet its design objectives (Wooldridge and Jennings, 
1995). Most of researchers used to use a planner instead of a knowledge 
component to generate actions/plans for an agent to execute. They argue that 
knowledge processing only emerges through interactions in communities of 
intelligent adaptive agents. They believe that knowledge is not in the operation 
of a particular agent but rather in the social processes whereby agents 
coordinate their behaviors(Barabba, 1995, Boyd and Richerson, 1985, Castells, 
1996, Johansson and Nonaka, 1996, Snooks, 1996). Those researchers focused 
so much on the coordination that sometimes they neglected the intrinsic of 
knowledge. And it is this intrinsic of knowledge that determines the necessity to 
have knowledge components in an agent’s architecture.  

2. Knowledge as the entity of an agent   

An agent is said to be intelligent if it is capable of three behaviors: reactivity, 
proactivity, and social ability (Wooldridge, 2001). The reactivity and 
proactivity can be realized through a cybernetic approach(Zhang and Bai, 
2003). With reactivity and proactivity, an agent can be automatic, but not 
autonomous. According to Luck in (Luck and d'Inverno, 1998), ‘autonomous 
agents possess goals which are generated within rather than adopted from other 
agents.’ To be autonomous, an agent should be able of personal social activities, 
e.g. interactions with other agents and the environment. From the perspectives 
of Activity Theory, goals can only be generated from the higher level – 
motivation (Kuutti, 1996). Motivation should be considered on a knowledge 
processing level instead of information processing level, which usually focuses 
on the realization of goals and neglects the context. (See figure 1) This is also 
consistent with the argument in the beginning that “AI’s major emphasis is on 
the knowledge processing instead of data and information processing.”  
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According to Activity Theory, the activity is the basic unit for analysis. An 
activity consists of a chain of actions, which in turn consist of chains of 
operations. Operation, action, and activity are associated with condition, goal, 
and motivation respectively. An operation processes data under certain 
conditions. Operations can be automated with the help of computer systems. An 
action processes information to achieve the goal. Actions need reasoning. An 
activity, which exists in the context, deals with knowledge to keep consistent 
with its motivation. The three levels exist in a hierarchical way. The lower level 
exists in a way of nesting in the upper level. The relationship among knowledge, 
information, and data is consistent with the relationship among activity, action, 
and operation. (see figure 1) 

 Figure 1. Motivation and Knowledge (Based on Kuutti, 1996) 

In (Gaines, 1997), he stated that ‘... knowledge is not in the operation of a 
particular agent but rather in the social processes whereby agents coordinate 
their behaviors. However, much of the literature takes knowledge itself as a 
starting point, a given entity that is part of the notion of an intelligent agent, and 
focuses on knowledge acquisition, inference and communication.’ 

This statement can be separated into two parts. The first sentence implies the 
intrinsic of knowledge. Knowledge is nothing but information in use. The 
borderlines between data, information and knowledge are not sharp, because 
they are relative with respect to the context of use (Schreiber, et al., 1999). If a 
piece of information is put into use, then it can be considered as a piece of 
knowledge. On the other hand, if a piece of information possessed by an agent is 
never used, then it cannot be considered as knowledge. Besides there is no one 
piece of knowledge, but always a group of knowledge pieces. The ‘information in 
use’ implies when we consider information, the focus is put on the interrelation 
of information pieces. In this case, knowledge can be defined as a set of 
interrelated information within a context.  

The second sentence in Gaines’ statement brings up the question: should 
knowledge be considered as a given entity of an agent, or a run-time temporal 
property? The knowledge does exist no matter whether it is being used currently 
(at runtime) or not. At run-time, the ‘emergence’ of knowledge is not a process 
of generation and organization of knowledge itself, but a process of generation 
and organization of the relationships among those knowledge pieces. It is those 
relations that transform information into knowledge. Knowledge component 
should be considered as a given entity of agent. What ‘emerges’ at the run-time 
is not the knowledge itself, but the relationship among them. These run-time 
relationships are either predefined by the agent’s ontology, or learned during 
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the agent’s working process. This is going to be discussed in the following 
sections.  

3. Ontology in agent knowledge base design 

Based on the above discussion, an intelligent agent should be equipped with a 
knowledge component, which makes it operate on a knowledge model level. 
However, the indulgent use of individual knowledge models/components lead 
to conflicts when agents cooperate. Two kinds of conflicts should be treated 
differently: (1) different agents may have different knowledge on the same 
problem; (2) different agents may have different ontologies about the same 
knowledge.  

The first kind of conflicts results from the human personality. Because of the 
personality, different designers give agents different perspectives, from which 
the agents perceive the environments and make actions. Such kind of 
differences among the agents’ knowledge bases should be considered as 
complementary rather than conflicts. Weinberg stated ‘two different 
perspectives (or models) that reveal truths of a system are neither entirely 
independent nor entirely compatible.’ (Weinberg, 1975) Two different kinds of 
knowledge on the same problem situation give their solutions from different 
angles. The relationship between two such kinds of knowledge models should be 
cooperative rather than competitive.  

The second kind of conflicts lies on the ontology level, which means that two 
agents use different concepts to refer to the same object, or the same concept to 
refer to different objects. An agent’s ontology consists of the specification of a 
conceptualization, which includes the ‘concepts’ used to name objects, 
functions, and relations in the agent’s world(Gruber, 1991).  This conflict can be 
resolved in two steps: first, in the beginning of MultiAgent Systems (MAS) 
design, all the agents are equipped with the same ontology. This ontology must 
be consistent with every agent. Thus it may be incomplete in the beginning. The 
second step is based on the agent’s learning capability. Self-learning leads the 
agents to update their ontologies into multi-finality from the same initial state. 
The agents are able to learn from each other to complement and update their 
own ontologies. This learning capability is discussed in the following sub-
section.   

3.1 Agent’s learning through DCM 

Williams believes that an agent can describe the environment through the 
following steps (Williams, 2004):  

1. Conceptualization. The conceptualization includes all the objects and 
their relations that the agent presumes to exist within the environment. 
This conceptualization could be done with ‘Distributed Collective 
Memory (DCM)’. DCM is the entire set of concrete objects that exist and 
is accessible by any agent in a MAS. However, agents don’t need to 
conceptualize every object in DCM. They may selectively conceptualize 
those that they are interested in.  
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2. Ontology construction. The ontology of specific agent can be initialized 
by the designer. All agents within a MAS share the same ontology in the 
beginning, although this ontology may be incomplete. It doesn’t matter, 
because it will be complemented through the learning process. The 
learning process is done through two activities: locating similar meaning 
and translating semantic concepts. Each semantic concept has 
corresponding instances or objects existing in DCM. Two agents may use 
the overlapping objects existing in the DCM to interpret the different 
concepts used by them.  

3. Learning key missing descriptors. This is used in the situation that there 
are no overlapping objects in the DCM. When an agent is reasoning with 
the rules in its knowledge base, it may find one or two of the antecedents 
or consequents are missing. This is called ‘key missing descriptor’. This 
may be caused by the blank or non-overlapping between semantic 
concepts. This blank could be caused by the low ability of interpretation. 
In this case, some methods need to be applied to improve the 
interpretation, e.g. Recursive Semantic Context Rule Learning (RSCRL) 
(Williams, 2004). 

With the introduction of Distributed Collective Memory (DCM), agents can 
conduct their individual knowledge processing based on a collective 
conceptualization. This will minimize the conflicts of the ‘sharing meanings’ 
among agents.  

As figure 2 illustrates, the agents perceive the environment in three phases. In 
the first phase, the environment is mapped into the Distributed Collective 
Memory (DCM). DCM selectively stores the objects from the environment. In 
the second phase, the agents selectively make individual conceptualizations of 
the DCM. This is also when the individual ontologies are founded. In the third 
phase, the agents learn from each other to complement their ontologies. This 
learning process is done through finding the common objects from DCM. If the 
concepts in individual ontologies are related to the same objects in DCM, then 
those concepts are said to have the same meaning semantically.  

 

Figure 2.  Agent and DCM 
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4. From knowledge level to operation level 

The above two sections provide a theoretical architecture for agent’s knowledge 
intensive component. That is a hierarchy of Environment-DCM-Ontology-
Individual Agent (figure 2). The next step is to design and implement it into an 
operational level. Since the involving of knowledge, some help from knowledge 
engineering methodology is needed. There are many knowledge engineering 
methodologies nowadays. The one that will be introduced here is called 
CommonKADS(Schreiber, et al., 1999). The CommonKADS enterprise 
originates from the need to build industry-quality knowledge systems on a large 
scale, in a structured, controllable and repeatable way. CommonKADS has been 
gradually developed and validated by many companies and universities in the 
context of the European ESPRIT IT Programme and becomes the standard of 
knowledge systems design and implementation in Europe (CommonKADS, 
1999).  

The whole methodology contains an integrated process from knowledge 
acquisition, representation, modeling, and inferencing, to knowledge model 
design and implementation. The developers of CommonKADS argue that it is 
not necessary to follow all the built-in methods of CommonKADS to accomplish 
a successful knowledge engineering activity. This means we may use our favorite 
methods for specific knowledge acquisition task or modeling task. The elegance 
of CommonKADS exists in its well-defined Knowledge Model structure, which 
actually affected a lot of other knowledge intensive computer system designs, 
e.g. PROTÉGÉ(Musen, et al., 1995, Puerta, et al., 1993), KSM(Cuena and 
Molina, 1994, Molina and Cuena, 1995). In this paper, only the Knowledge 
Model in CommonKADS will be discussed. For more details of CommonKADS 
you may go to (Schreiber, et al., 1999).  

4.1 Knowledge Modeling (KM) in CommonKADS 

The KM in CommonKADS has two characteristics: the first one is to represent 
knowledge assets; the second one is to act as the inference engine. These two 
tasks are realized through a three-layer hierarchy of KM (see figure 3).  

On the bottom of KM there is a layer called Domain Knowledge Layer, which is 
used to represent knowledge. The representation of knowledge in 
CommonKADS can be considered as a mixture of semantic network and Object-
Attribute-Value pair(Curtis, 1998). The network is organized with UML. The 
organization of Domain Knowledge Layer looks quite similar as the Entity-
Relation model in relational database system. The word ‘concept’, instead of 
‘object’, is used to describe the entities. ‘Relation’ is used instead of ‘link’ in 
semantic network.  
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 Figure 3. Knowledge Model in CommonKADS 

What’s more, CommonKADS ‘strives for a fine-grained structure in which we 
divide the knowledge base up into small partitions (e.g. rule sets) that share a 
similar structure’(Schreiber, et al., 1999) Instead of a huge flat knowledge base, 
which is full of ‘if…then…’ clauses, the knowledge base in CommonKADS is 
divided into some ‘rule sets’. In each rule set, the rules share the same structure, 
the same rule-type name, and the same domain where their antecedents and 
consequents come from. The representation of knowledge in Domain 
Knowledge Layer is called Domain Schema.  

The second part of Domain Knowledge Layer is the knowledge base. Knowledge 
base is divided into two slots. The first slot ‘imports/uses’ the corresponding 
domain schema. The second slot is full of the ‘rules’ that use the specific ‘rule-
types’ from the specific Domain Schema.  

The Inference Knowledge Layer is made up of inferences and transfer functions. 
Those inference structures are given by CommonKADS but not limited. 
Knowledge engineers can adopt, revise, or give up them based on their own 
preferences. Inference Knowledge Layer resembles the inference engine of 
Expert Systems.  

Task Knowledge Layer contains those knowledge assets generated from 
knowledge acquisition activity, e.g. Organization Model-3. These knowledge-
intensive tasks are divided into two categories: analytic task and synthetic task. 
Analytic and synthetic tasks are divided into ten sub-tasks. And each sub-task 
has a pre-defined ‘inference-structure’ on the Inference Knowledge Layer.  

4.2 Design and implementation of knowledge level model  

This section mainly explores an E-health scenario within the background of 
previous discussions. The scenario is taken from the home care of diabetic 
patients. Studies in the USA (AmericanDiabetesAssociation, 1989) and in 
Sweden (Rachmani, et al., 2002) showed that the self-treatment and 
supervision of diabetic patients can greatly increase their quality of their daily 
life if they are provided with reliable and easy access to their care providers 
(doctors, nurses, relatives, etc.). Most diabetic patients regularly contact with 
their care providers in various ways.  The patients and the care providers 
(doctors and nurses) together form a team. Previous researches 
(AuditProjectSyd, 2002, OVK, 2000, Tillit, 2002) indicated that the 

Task 

Inference Inference 

Domain Schema Knowledge Base 

Task Knowledge Layer 

Inference Knowledge Layer 

Domain Knowledge Layer 



IRIS27 
Author name (not in the first submission): Title  
 
 

communication between all the team members are essential. A shared 
communication platform among care providers and patients is in strong need.  

We hereby discuss a possible solution to this communication problem based on 
knowledge integrated agent technology. Within the diabetes-care team, each 
team member is equipped with mobile device which is also an Information 
System. A team member with the corresponding mobile information system is 
considered as an agent. Thus the patients and the care-providers with their 
mobile devices form a Multi-Agent System. Since the medical treatment is a 
knowledge intensive area, we decide to adopt a knowledge management 
approach, which is described above. We consider our communication platform 
as a Multi-Agent System that is knowledge-intensive.  

4.2.1 Three design activities 

As an application of the theoretical discussion above, we design the MAS into 
four levels: Environment, DCM, Ontology, and Individual Agent. The main 
design and implementation activities are: DCM design, ontology design, and 
individual agent architecture design1.  

1. DCM design: this is the subtle part of the MAS. DCM in E-health 
communication platform is designed as a (meta) database that includes 
all the concrete objects. This database is accessible by any agent in MAS. 
However, the agent doesn’t need to conceptualize all the objects in DCM. 
DCM exists as a middle-level between the environment and agents. If the 
agents directly perceive the environment without DCM, there are 
conflicts existing in their perceptions. With the introduction of DCM, the 
environment is perceived by the whole system (MAS). This has two 
benefits: first, the environment is simplified into DCM. The agents only 
perceive those that exist in DCM. Second, the agents communicate better. 
Compared with the environment, DCM is more stable. The objects in 
DCM are static in some sense. Thus agents can communicate through the 
common and static objects in DCM.  

2. Ontology design: this is where CommonKADS helps. The Domain 
Schema from CommonKADS is used to conceptualize the objects in DCM 
into the individual agent’s ontology. As figure 2 shows, the ontology 
belongs to individual agent. This has two meanings. First, the individual 
agents just conceptualize those objects that they are interested in. 
Second, different agents may give the same object different semantic 
meanings. For example, a concrete person, Maria, is conceptualized by 
the Doctor, Hans, as a diabetic patient; Maria can also be conceptualized 
by the Nurse, Lena, as the disabled person who needs home service. 
Within the E-health communication platform, different roles will be 
divided. Each role is considered as a sort of agents and is assigned with 
the same or similar ontology. The conceptualization is conducted at run-
time. The process is done through assigning the concrete objects (from 
DCM) to the concepts in agent’s ontology, which is initialized in his/her 
mobile device. The ontology also provides the base for the design of 
agents’ knowledge bases.  

                                                 
1 Since the project just started, some of the work discussed here will be conducted in the future. 
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3. Individual agent architecture design: the task and inference levels are 
presented by the individual agent. The current popular agent architecture 
is based on the BDI model (Wooldridge, 2001). Basically BDI model 
resolves the plan-generating problems, which is how to decompose an 
inference into actions. This is more or less a question of efficiency and 
effectiveness and can be resolved through optimization. However, the 
decomposition from task to inference is much more flexible, and depends 
more on the context or environment where the agent exists in. Besides 
efficiency and effectiveness, elegancy and moral perspectives are needed 
to consider. This needs a support from knowledge level, which is not 
provided by the BDI model. To be able of such activities, the E-health 
agent is designed to possess knowledge components. The knowledge 
components of an agent consist of knowledge base and inference engine. 
Since the diabetic patients are intended to be able of self-treatment, the 
agent (the mobile device) is capable of reasoning to some extent. Some 
researchers have been working in this area and have got quite promising 
results, e.g., PROTÉGÉ(Musen, et al., 1995, Puerta, et al., 1993), 
KSM(Cuena and Molina, 1994, Molina and Cuena, 1995).  This is a quite 
limited discussion here due to the paper’s extent. Some detailed research 
and discussion will be done in future papers.  

4.2.2 An E-health scenario  

Figure 4 illustrates a typical scenario in E-health area. An aged person usually 
needs several kinds of medical treatments and home service at the same time. 
The E-health communication platform aims to provide all the team members 
with a network (MAS) within which all the members can communicate better. 
The figure 4 tells a story of an aged person called Maria. She has diabetes. And 
she is also too old to live alone. She is unable to do some housework, e.g., 
cleaning, shopping (since she is too old to drive). However, she wants to live 
normally in her house, instead of going to the old people’s home. Thus there are 
at least three members in her communication network: herself, her house 
service provider – nurse Lena, and her diabetic doctor – Hans. In Doctor Hans’ 
ontology, Maria is his patient who needs medical treatment for diabetes Type 1. 
Hans can use his knowledge or his knowledge intensive information systems to 
help him make decisions for the treatments. On the other hand, nurse Lena 
consider Maria as her home service receiver. Lena helps Maria do some 
housework. In a simple case, a schedule book is very convenient to the job.  

There are some issues that should be noted: first, all the team members can be 
found in DCM. However, in Doctor Hans’ ontology there exist only his patients. 
So does nurse Lena.  

Second, Doctor Hans and nurse Lena need to communicate from time to time. 
Such communication is done through their shared ‘object’ – Maria. The 
communication platform provides facilities for such kind of conversations.  
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Figure 4. Agents sharing one DCM 

5. Conclusion  

Knowledge, as the necessity for intelligent activities, cannot be neglected in 
agent’s architecture. One of the important issues of knowledge based systems is 
the sharing meaning among various agents within MAS. DCM provides not only 
a foundation for all the agents to share their individual ontologies, but also the 
possibility that agents may learn from each other to complement and update 
their individual knowledge bases. Three design activities are given with the 
introduction of CommonKADS in this paper. Those activities are applied into E-
health scenario in a hierarchical way. The results of this paper will be applied to 
the design of an E-health communication platform for diabetic treatments.  

In the end, when this paper is finished, the E-health communication platform is 
still under construction. The paper starts the discussion, which will contribute 
to the platform design and implementation. Besides the agent technology, 
various technologies may be integrated with the communication platform, for 
example, semantic web, or a knowledge intensive web service. Some discussions 
of real world approaches will follow this paper in future.  
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