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BACKGROUND

Traditionally multi-agent learning is considered as the
intersection of two subfields of artificial intelligence:
multi-agent systemsand machinelearning. Conventional
machinelearning involvesasingle agent that istrying to
maximisesome utility function without any awareness of
existence of other agents in the environment (Mitchell,
1997). Meanwhile, multi-agent systems consider mecha-
nismsfor theinteraction of autonomousagents. L earning
system is defined as a system where an agent learns to
interact with other agents (e.g., Clouse, 1996; Crites &
Barto, 1998; Parsons, Wooldridge & Amgoud, 2003).
There are two problems that agents need to overcomein
order to interact with each other to reach their individual
or shared goals: since agents can be available/unavail-
able(i.e., they might appear and/or disappear at any time),
they must beabletofind each other, and they must beable
tointeract (Jennings, Sycara& Wooldridge, 1998).

Contemporary approaches to the modelling of learn-
ing systemsin amulti-agent setting do not analyse nature
of learning/cognitive tasks and quality of agents' re-
sourcesthat haveimpact on the formation of multi-agent
system and its learning performance.

It isrecognised that in most cognitively driven tasks,
consideration of agents’ resource quality and their man-
agement may provide considerableimprovement of per-
formance process. However, most existing process mod-
els and conventional resource management approaches
do not consider cognitive processes and agents' re-
source quality (e.g., Norman et al., 2003). Instead they
overemphasi sethetechnical components, resource exist-
ence/availability problems. For thisreason, their practical
utilisationisrestricted to those applicationswhereagents’
resourcesarenotacritical variable. Formal representation
and incorporation of cognitive processes in modelling
frameworksisseen asvery challenging for systemsengi-
neering research.

Therefore, future work in engineering the learning
processes in cognitive system is considered with an
emphasison cognitive processes and knowledge/skillsof
cognitive agentsasaresourcein performance processes.
Thereare many issuesthat need new and further research
in engineering cognitive processes in learning system.

New/novel directionsin the fields of systems engineer-
ing, machinelearning, knowl edge engineering, and math-
ematical theories should be outlined to lead to the devel -
opment of formal methodsfor themodelling and engineer-
ing of learning systems. This article describes a frame-
work for formalisation and engineering the cognitive
processes, which is based on applications of computa-
tional methods. The proposed work studies cognitive
processes, and considers a cognitive system as a multi-
agents system.

This project brings together work in systems engi-
neering, knowl edge engineering and machinelearning for
modelling cognitive systems and cognitive processes. A
synthesis of formal methods and heuristic approachesto
engineering tasksisused for the eval uation, comparison,
analysis, evolution and improvement of cognitive pro-
cesses.

In order to define learning processes, cognitive pro-
cesses are engineered viaastudy of knowledge capabili-
tiesof cognitive systems. Wearenot interestedin chaotic
activitiesandinteractionsbetween cognitive agents(since
cognitive tasks require self-managing activities/work),
nor interested in detailed tasks descriptions, detailed
steps of tasks performance and internal pathways of
thoughts. Rather, we are interested in how available
knowledge/skills of cognitive agents satisfy required
knowledge/skills for the performance of the cognitive
tasks.

The proposed research addresses the problem of
cognitive system formation with respect to the given
cognitivetasksand considersthe cognitive agent’ scapa-
bilities and compatibilities factors as critical variables,
because these factors have an impact on the formation of
cognitive systems, the quality of performance processes
and applications of different learning methods.

Itisrecognised that different initial knowledge capa-
bilities of the cognitive system define different perfor-
manceand requiredifferent hybridlearning methods. This
work studies how cognitive agents utilise their knowl-
edge for learning the cognitive tasks. L earning methods
lead the cognitive agent to the solution of cognitivetasks.
The proposed research considers a learning method as a
guidetothesuccessful performance. Thatis, initial knowl-
edge capabilities of cognitive agents are correlated with
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learning methods that define cognitive processes. An
analysisof impact of different cognitive processeson the
performance of cognitive agents is provided.

Thiswork ensures support for a solution to resource-
based problemsinknowledgeintegration and scheduling
of cognitive processesto form acapablecognitivesystem
for learning the required tasks.

AIMS AND OBJECTIVES

Theaimsof theproject areto develop aformal method for
the modelling and engineering of cognitive processes.
Capability and compatibility factorshaveanimpact onthe
formation of cognitive systems, the performance pro-
cesses and define different learning methods. Therefore
this work studies cognitive processes and knowledge
capabilities of cognitive systems to ensure the required
level of the learning and performance of the cognitive
systems. In order to support the formation of a cognitive
system that will be capable of learning the required tasks
within the given constrains, this work addresses prob-
lems of the knowledge integration and scheduling for
cognitive system modelling, taking into account critical
capability and compatibility factors. Study of learning
conditionsin cognitive systemsdefinesanimportant task
of the proposed project.

Theindividual measurable objectives are:

. Evaluation of knowledge integration and schedul-
ing approaches in cognitive systems.

. Eval uation of existing machinelearning approaches
in cognitive systems.

. Determination of theimpact of capability and com-
patibility factors ontheformation of cognitive sys-
tems.

. Development of knowledgeintegration metrics.

. Development of knowledge integration modelsfor
the formation of the cognitive systems.

. Development of scheduling modelsfor learning of
cognitive systems.

METHODOLOGY AND
JUSTIFICATION

Inorder toidentify thebest |learning processesweanalyse
the cognitive processes. A scenario for engineering the
cognitive processes is based on the following steps
(Figurel).

The methodol ogy of the proposed project is based on
thefollowing new theoretical basis (Plekhanova, 2003).

. Profile Theory and Machine Learning: For formal
modelling of complex systemsweutilisetheprofile
theory (Plekhanova, 1999a). A profileisconsidered
asamethod for describing and registering multifac-
eted propertiesof objects. Thereareimportant prac-
tical applicationsof theprofiletheory (Plekhanova,
20003, 2000b). For instance, internal properties of
the system elements such as capability and compat-
ibility factors are critical variables in modelling,
design, integration, devel opment and management
of most modern complex systems and their struc-
ture. Table 1 provides a comparison of capability
and compatibility problems of technical and soft
systems.

Figure 1. A scenario for engineering the cognitive processes
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