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Abstract. If knowledge-based systems are to become more competent and robust in
solving real world problems, they need to be able to adapt to an evolving domain
and a changing environment. This paper proposes a computational model - a
framework -for knowledge-intensive problem solving and learning from experience.
The model has been instantiated in an architecture for knowledge-intensive case-
based reasoning and learning called CREEK (Case-based Reasoning through
Extensive Expert Knowledge). The importance of a thorough, extensive knowledge
model to support the reasoning and learning processes is emphasized. In case-based
reasoning a problem is solved by retrieving a similar past problem case, and using
this case in solving the new problem. Learning becomes a process of extracting
relevant information from a problem just solved, and integrating the new case into
the existing case-base.  The computational model presented combines case-based
learning and reasoning with model-based and rule-based methods. The type of
problems addressed are problems within open, weak theory domains.
Keywords:  Machine Learning, Knowledge modelling, Case-Based Reasoning.

1. Introduction

1.1. General

Knowledge acquisition for high quality, expert level, knowledge-based systems is a difficult and time consuming
effort. Such systems are aimed at solving complex real world problems - like medical diagnosis, fault-finding and
repair in industrial processes, design of technical production equipment, planning of financial investments. They
may have to cope with problems on the border of (or slightly outside) their special subject domain. The systems
will have to operate in a continually evolving environment, which requires frequent updating and refinement of a
system's knowledge and problem solving ability. Ideally, a system should be able to update its knowledge after
each problem solving session. The problem of knowledge maintenance is therefore a major challenge for the AI
community. If a system is to continually maintain and improve its problem solving competence,  methods for
automated learning from experience is required. The ability to learn from each attempt to solve a problem during
normal run-time operation will be referred to as sustained learning. We argue that if such a learning process shall
be effective and useful, it should be based on - and focused by - a thorough understanding of the subject domain.
That is, an underlying deep knowledge model should guide the learning of operational knowledge, as well as the
problem solving that makes use of it.

People are good problem solvers because we base our methods on a general understanding of  the  world
we operate  in. We also maintain a memory of past problem-solving episodes integrated into this fundamental
knowledge  structure. While  solving  problems,  we  are frequently  reminded  of  similar  past    problems.
Using    more   general knowledge as support, we are able to adapt the solution (or solution path) of the  retrieved
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case to solving the new problem.  Problem solving  strategies help us to focus  the  use  of  knowledge  within  the
current  context  and according  to  our goals. Through success and failure  in achieving our tasks, we learn to do
things better next time.

This paper describes a computational framework for knowledge-intensive learning and problem solving.
The model combines case-based reasoning [28, 27, 11a, 12a] with methods that utilize generalized knowledge,
i.e. deep models and heuristic rules. A system architecture, called CREEK, has been developed, based on the
framework1. A comparison of the architecture with two other relevant approaches to knowledge-intensive case-
based reasoning - the PROTOS [4, 5] and CASEY [14] systems - is made in [3], and a general overview of the
approach with an example from modelling of a mud diagnosis system is given in [2].

1.2. Problem Solving in the Real World

Most real-world problems that knowledge-based systems are addressing, are open problems. An open problem is
characterized by having a weak or intractable domain theory. That is, there is no theory that completely describes
the problem domain, and from which correct solutions can be derived or proved. Typical weak theory domains are
medical diagnosis, geological interpretation, investment planning, and most engineering domains (i.e. domains that
involve interaction with the external world). A weak domain theory is characterized by uncertain relationships
between its concepts. The stronger the theory, the more certain are its relationships. At the very far end of this
spectrum are the complete theories. The relationships of complete theories are certain,  e.g. as expressed by
standard logical or structural relations. Domains with strong domain theories are, for example, mathematical
domains, 'block worlds' and some games - like checkers and chess. Even some strong theory domains may
incorporate problems that turn out to be open when addressed by a problem solver. Chess, for example, has a
strongest possible - a complete - domain theory, but solving the problem of chess-playing by an implementation of
the theory is violated by its intractability. The concept of a 'winning plan' in chess is theoretically deducible, but
there is no efficient algorithm to infer it in the general case.

Adding to the problems of weak or intractable theories, problem solving in the real world is, in general,
complicated by incomplete and noisy problem specifications. This puts two important requirements on an
intelligent problem solver:

 • The ability to infer missing information, to generate and check expectations, and to justify whether a piece
of information is relevant or not.

• The ability to interact with the information source (usually a human being) in order to extract additional
information,  and for confirmation or rejection of dubious conclusions.

Hence, a real world problem solver should be able to dynamically change the scope and goals of a problem during
problem solving, and to deal with the contradictions and inconsistencies that are introduced in this process. The
basic method that enables a system to infer meaningful results, justify its own decisions, and interact intelligibly
with the user, may be viewed as a process of hypothesis generation followed by producing and evaluating
explanations. In real world, weak theory domains, it is seldom the case that an inferred result can be proved true
or false. Instead, the problem solver has to produce and justify its conclusion by explaining to itself why the
conclusion is a plausible one (see, e.g., [32]). A result derived from a previous problem solving case, for example,
may need to be supported by an explanation based on general domain knowledge. The emphasis on explanation in
the reasoning process requires a thorough and deep knowledge model in order to produce plausible, meaningful
explanations.

1.3. Sustained Learning

A goal of machine learning research is to enable self-learning in computer systems. This goal is approached by
developing theories and methods for processing and retaining observations (facts that are input to the system) in a
way that enables them to be used in future problem solving. This is done either by inducing and saving generalised
forms of the observed facts, or by keeping them as concrete cases from which solutions to similar problems may
later be derived. Learning always imply some kind of generalisation. A fundamental difference in learning
methods is whether the generalisation steps are performed when knowledge is stored (as in induction-based
learning), or when problems are solved (as in case-based reasoning).
                                                  

1The development of CREEK  is part of a Ph.D research - now in its terminal phase - supervised by Professor Arne Sølvberg.
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A fundamental principle for sustained learning is that each problem solving experience is a powerful source
of learning. A necessary criteria for the learning to be successful is that a mistake once made will not be repeated.
A role of the deeper model is to  give  the system  a rich knowledge fundament for problem solving and learning: It
will enable knowledge intensive case-based learning and reasoning by generating explanations to justify reasoning
steps,  extracting  relevant features, retrieving relevant cases, indexing cases and deciding which parts of a case to
store and which previous cases to remove.

Figure 1 shows a basic scheme for sustained learning. The middle box illustrates - at an abstract level - the
necessary steps:  First,  make an internal description of the problem, i.e. try to understand the problem by
representing it within the system's internal knowledge model. Next, use whatever type of knowledge and reasoning
method appropriate to produce a satisfactory solution to the problem. Finally, retain knowledge learned from this
experience, so that the same or a similar problem may be solved with less user interaction, or more efficiently, in
the future.

understand 
problem

 
  learn 

attempt to  
solve problem

USER 
 
(EXPERT) 

NEW PROBLEM 
  * features 
  * goals

KNOWLEDGE 
  * strategies, tasks 
  * domain object                                                                                            
      model 
      - concepts 
      - rules 
  * previous cases

control flow 
knowledge and information flow

KNOWLEDGE-BASED SYSTEM

Figure 1: Sustained learning through problem solving
The figure shows a model of sustained learning. Knowledge - of different types - is used
for learning as well as problem solving, and gets updated by the learning methods. The
model incorporates user interaction both in problem solving and learning.

None  of today's commercially available machine learning systems are able to learn continually from
experience in real world environments; nor are classical induction methods like ID3 [27a], Version Space [22] and
AQ [20]. Beside being unable to take advantage  of an evolving knowledge base in their learning process, these
methods also assume a classical view of concept definition. This view defines a concept as a  set  of  attributes
that  are  singly necessary and jointly sufficient to classify examples of  a  concept.  Such  definitions  may  be
adequate  for mathematical  and  other  strictly  formal  concepts, but as shown by several authors [41, 33, 31] it
is extremely difficult to present classical definitions of  naturally occurring concepts  like  'game', 'bridge', 'chair',
'car', 'bird', etc. Smith & Medin [33] distinguish  between the 'classical', the 'probabilistic' (degree of
prototypicality) and the 'exemplar' (purely extensional) view of concept definitions. Natural concepts are defined
intensionally by a set of typical  properties - i.e. a set of default properties - and/or extensionally as the set of
individes, or exemplars, that are classified by the concept. Methods that try to learn non-classical concept
definitions  need  support  from an extensive domain model in  order  to  explain  why  an  exemplar is within the
range of a concept, why  some  features  are  more  relevant  than  others,  etc.

2. An integrated framework
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This paper describes the CREEK framework for supporting the development and maintenance of competent
systems that learn from experience. The three properties listed below should be satisfied by the resulting systems.
Hence these system properties defines the  requirements of the framework:

• An expressive and extendible knowledge representation formalism, enabling an explicit and thorough
modelling of relevant knowledge types.

• Problem solving and reasoning methods that are able to effectively combine reasoning from past cases with
reasoning within a competent and robust model of more general domain knowledge.

• A learning method that is able to retain concrete problem solving experiences, and integrate  each
experience into the knowledge model in a way that gradually improves knowledge quality and problem
solving performance.

Although differing in its case-based approach, the CREEK approach has some similarities with other systems that
take a knowledge modelling approach to machine learning, such as the BLIP [23] and DISCIPLE [35] systems.
They all address learning and problem solving in weak theory domains, and include user interaction in their
learning methods. Another common feature with CREEK and DISCIPLE is the emphasis on learning as a
continous knowledge maintenance (knowledge refinement) process. But while DISCIPLE learns by generalizing
an experience into a rule, CREEK learns by retaining the specific experience in a form that enables it to be used to
solve similar problems later. IN addition to the case learning method, CREEK differs from both DISCIPLE and
BLIP in its emphasis on a thorough, tightly coupled domain model - enabled by an expressive and flexible
representation language, its explicit representation of control knowledge, and its combined reasoning methods.

2.1. Basic notions

Unfortunately, there is no common consensus in the AI field about the meaning of basic terms. We will therefore
start by describing the meaning and inter-relationships of some central terms frequently referred to in this paper,
namely the terms problem solving, learning, reasoning, and inference  The way the terms are used in this report
implies a three-level process structure as shown below:

Problem solving Learning

Reasoning Learning method

Inference

KNOWLEDGE BASE

Figure 2: Structure of knowledge based processes

Problem solving is a process that takes a problem description, a goal, and a knowledge base as input, and
derives a solution that satisfies the goal. The goal contains a specification of the requirements that must be
fulfilled in order for a result to be a solution to the problem. A problem may be structured as sub-problems, and
the problem solving process correspondingly split into sub-processes. The ability to solve problems is part of an
agent's expertise, which includes domain knowledge, control strategies (plans), and reasoning methods.

Learning  is a process that takes an existing problem solving system and new information as input, and
derives a system where the quality and/or efficiency of problem solving is improved. To learn may, of course, be
regarded as a problem in its own right, and problem solving could be said to subsume learning. To avoid
confusion, problem solving will here solely refer to solving application problems.
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Reasoning is a process that take some facts and a goal as input, and derives a result by applying one or
more inference methods to a body of knowledge. Reasoning may be regarded as a more general term than problem
solving, in the sense that its input and output may be any kind of information, not necessarily a problem
description and a solution. Reasoning is also a sub-process of problem solving, since it is used to derive results
that contribute to solving a problem. The term reasoning is most often used in connection with problem solving,
and characterizes parts of the problem solving process, as in rule-based reasoning, model-based reasoning, case-
based reasoning. Being a general process of deriving a result through inference, reasoning is also involved in
some learning processes - and particularly in knowledge-intensive learning. In the machine learning literature,
however, terms like learning method or learning algorithm  are more frequently used when talking about
particular sub-processes of learning, reserving the term reasoning to the problem solving process. This is also the
view adopted in our work.

Inference denotes the lowest level of processes in the hierarchy, i.e. the building blocks for reasoning and
learning. The inference methods define the primitive operations on the knowledge, and hence, the basis for its
semantic interpretation. There are three basic types of inference processes:

• Deduction, which is a truth preserving inference process where an inference step typically is a logical
derivation of a theorem from a theory that is assumed to be both consistent and complete. Deduction is
based on a universal inference rule, like modus ponens. As an inference rule of first order predicate logic,
deduction guarantees the truth of the conclusion given the truth of the premisses. But the requirements on
the knowledge as a  non-contradictory set of theorems are often hard to meet in real world contexts.

• Abduction, also called inference to the best explanation, is a kind of reverse deduction that preserves
falsity, not truth. An abductive conclusion therefore has to be supported by an explanation that leaves the
particular conclusion as the best choice. Abduction is also called plausible inference ([Charniack-84]), and
is closely tied to generation and evaluation of explanations. Abduction  is considered to be the kind of
inference typically made in diagnosis (at a top level, at least) where a set of symptoms infers a fault by
being explained by the fault, i.e. by generating a plausible argument that supports a particular fault and
weakens competitive fault hypotheses.

• Induction is a process that synthesizes a general description (e.g. a concept definition) from a set of
examples and, possibly, counterexamples. Induction is similar to abduction in that the truth of the
premisses (the examples) does not guarantee the truth of the conclusion (the generalization). Therefore, an
inductive conclusion should also be supported by a justification.

Deductive inference is a strong method, but its applicability for reasoning is limited by assumptions that do
not generally hold for real world situations: A world - typically assumed to be closed - where all phenomena (all
properties of concepts) are either true or false, and a consistent domain theory by which any proposed fact may be
proved to be true or false. The advantage of inductive and abductive inference methods is that they are not
necessarily subject to the limitations of first order logic: The world may be viewed more realistically as an open,
dynamically changing environment. Concepts may be described in terms of typical features or default values
which may be inherited to more specific concepts, and replaced by local values if these later become available. A
disadvantage is that the particular inference methods needed has to be defined by the system developer, leading to
a complex and often unclear definition of knowledge semantics. (The issue of deductive vs. non-deductive
inferences and reasoning is given a deep and thorough discussion by the collection of papers in [18]).

Based upon the three inference types described, a range of inference methods have been developed in AI.
An inference method specifies a way to derive new information from existing knowledge in an actual
representation system. Examples are specific methods for chaining of rules, for inheritance of properties in
network hierarchies, for matching of concept schemas, etc. Inference methods may be put together to form
inference structures (like Clancey's inference structure for heuristic classification [10]).

2.2. A model of knowledge

2.2.1. Knowledge types
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A thorough knowledge model of a domain contains different types of knowledge. In order to reason with various
knowledge types, the system needs to know their different properties. That is, the system should contain an
explicit model (meta model) of its own knowledge structure.

A given piece of knowledge may be classified by its position on a set of knowledge dimensions (figure 3).
The following four knowledge dimensions reflects important semantic aspects of knowledge, from the perspective
of knowledge-intensive problem solving and learning:

Knowledge level refers to whether the knowledge describes concepts of the application domain - called
object knowledge - or the use and control of the object knowledge - called control knowledge. Knowledge depth
refers to a scale  from fundamental, theoretical, deep model or ´first principles´ knowledge, up to readily
applicable rules of thumb or concrete past experiences that directly associate a solution with a set of problem
descriptors. Knowledge generality  classifies knowledge according to how large a space of the real world it
describes. Conceptual model knowledge is typically general knowledge, since it contain class definitions,
described by general relationships with other classes. A more shallow type of general knowledge is typically held
within heuristic rules. A more specific type of knowledge is the knowledge contained in past episodes and concrete
experiences, for example previously solved cases. Knowledge role  is a dimension related to the use of knowledge.
It splits into two subclasses: Descriptive knowledge - defining conceptual structures, stating established facts and
assumptions - and operational knowledge, like a direct association between an input descriptor and a goal concept,
or an action sequence that may be activated in order to reach a particular goal. The fifth dimension shown in
figure 3 is related to the syntactic form of the knowledge, i.e. whether it is expressed as a concept network, if-then
rules or units of cases.

Explicating these dimensions makes it possible to attack some of the major problems of today's knowledge
based systems, by:

• Explicit modelling of problem solving and learning strategies, which enables a system to
reason about strategies as well as object knowledge

• Combining shallow and deep knowledge, which may be present both at the control level and at the object
level (although control level knowledge typically is shallow)

• Problem solving by combining previous experiences with more generally applicable knowledge
• Relating knowledge to its role in problem solving and learning, extending the notion of knowledge to include

methods and procedures as well as concept schemas and heuristic rules

knowledge

level depth role form

object level

control level

search control

strategy

deep
shallow

conceptual
model

heuristic rule

solved case

descriptive 
operational

reasoning method

strategy

inference method

task procedure

heuristic rule
solved case

case
rule

procedure

has-subclass

multiple entries in italics
has-dimension

concept
network

conceptual
model

complete partitioning

generality

general
specific

heuristic rule

solved case

conceptual 
model

Figure 3: Dimensions of Knowledge
The four semantic - and one syntactic (form) - dimensions for characterizing knowledge,
described by specializing them into subclasses.

2.2.1. The knowledge network
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The term knowledge model refers to the total network of concepts and relations of different types - including
heuristic rules - as well as the collection of past cases. The nodes in the network are concepts (entities as well as
relation type concepts), and the links are relations. A relation is also a concept with its own definition. Cases and
rules are coupled to the conceptual network model by having all their descriptors explicitly defined in the model.

A knowledge model should be viewed as a single, tightly coupled network of concept definitions, heuristic
rules, past cases, procedures, methods, and strategies. The basis for the system's understanding is the fundament
of descriptive knowledge formed by explicit definitions of all terms used in the various submodels.

2.2.2. A model of expertise

When the 'traditional' notion of knowledge is extended to incorporate reasoning methods and problem solving
strategies as well, it is often referred to as expertise (e.g. [40]). Human learning is to a large extent an automatic
mechanism, but experts also acquire knowledge about how to learn, which may also be used deliberately to
improve learning. This knowledge is used together with domain knowledge to decide, for example, which parts of
an experience are worth remembering, and whether some feasible generalisations should be made.

expertise-model

strategy 
model

reasoning
model

model-based 
reasoning

rule-based 
reasoningcase-based 

reasoning

learning
model

case-based 
learning (cbl)

explanation-based 
learning (ebl)

problem solving
model

definitional knowledge 
model

conceptual
model

case
model

rule
model

has-part

task
model

diagnosis-
and-repair 
strategy

diagnostic
task

repair
task

reasoning 
method

reasoning
structure

similarity-based 
learning (sbl)

Figure 4: A Component Model of Expertise
The figure shows components of the expertise model, with control knowledge for
diagnosis-and-repair type of problems.

The extension of the knowledge concept towards expertise, in the sense sketched here, is a consequence of
recognizing problem solving and learning methods as knowledge to be modelled and represented, just as factual,
object level domain knowledge. In addition to the structural component model of expertise shown in figure 4, a
functional model - a methodology for integrating and controlling the submodels - is needed. In the KADS project
[6, 40] an approach to modelling of problem solving expertise has been developed, based on four layers  of expert
knowledge: object domain layer, inference layer, task layer, and strategic layer.
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Problem solving  specific knowledge 
• strategic
• task
• inference
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Common knowledge model
• strategic
• task
• inference
• object 

Learning specific knowledge
• strategic
• task
• inference
• object

has-sub-
model

Figure 5: Integrated Four-Layered Expertise Model
The KADS four-layer model may be used as a basis for modelling learning competence
as well as problem solving competence by integrating separate problem solving and
learning knowledge into a common knowledge model.

The four-layer model in KADS is developed as a model of problem solving expertise. Hence, it differs from
our expertise model in that learning competence is not incorporated. This is the traditional view of expert
knowledge, but viewing learning competence as a kind of knowledge seems the right approach when integrated
methods for problem solving and learning are aimed at. However, the generic nature of the four-layer model
makes it suitable to describe learning competence as well - as illustrated in figure 5.

The object layer (called 'domain layer' in KADS) basically consists of knowledge in the form of conceptual
models, past cases and heuristic rules. Task independent knowledge is a basis for problem solving as well as
learning. At the inference level, most methods will be general - applicable to problem solving and learning alike,
some will be specific for certain kinds of problem solving and learning methods.  Problem solving tasks and
learning tasks are different, and will have different task structures. The same is true for strategies, but a top level
strategy is also needed, describing how to combine problem solving and learning - e.g. when to  solve the problem
(a subproblem), and when to (partially) learn. By sharing some knowledge structures between the learning and the
problem solving model, both learning and problem solving competence can be described by the four-layer model.

2.2.3. Knowledge representation

Within this framework, representational explicitness is also facilitated by representing relations as a type of
concept.

A concept is either an entity  or a relation. A relation is the link in a relationship of two or more concepts.
An attribute-relation  is commonly regarded as a unary relation, describing an intrinsic property of a concept. An
attribute relation has no explicit semantical content. For example,

my-car:  red, big,old

expresses that my-car has the three attributes red, big and old1. This way to express concept properties, features,
is common in classical, syntax oriented machine learning methods. Attribute expressions involve implicit
relations. A relation like has-attribute, has-feature, or has-property may be assumed as a hidden, un-named
attribute-relation.

Knowledge-intensive problem solving and learning methods should make use of explicit relationships in
their understanding and reasoning processes. Attributes should be replaced by semantic relations whenever such
relations are known:

        my-car:  has-color  red,  has-size  big,  has-age  old.

                                                  
1To be correct, the implicit attribute names are colour, size and age, with the explicit attribute values as shown.
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Has-color, etc. are concepts with their own definition within the knowledge model, describing, e.g., what it
means to have color. Being able to represent relations as concepts is a requirement for thorough knowledge
modelling, and an important characteristic of our framework.

Entities are split into primitive and complex entities. Primitive entities corresponds to semantical primitives
of the domain. For example, a physical object  is an object that occupies a part of physical space, characterized
by a particular volume, shape, mass, etc. An abstract object is a non-physical object, like a mathematical point or
line, a measurement, or a hypothesis. A state  is a coherent characterization of a part of the world with particular
properties, an event  is a transition between states, and a process  is a sequence of events. Complex entities range
from simple statements (relationships) to large conceptual structures (models).

Relations are also grouped into subclasses with characteristic properties. Properties of relations are
important for generating and evaluating explanations (section 2.3.1).

The core frame representation system of CREEK has been implemented on a TI Explorer in CommonLisp.
A separate, internal knowledge-base holds an explicit model of generic representational structures like  case-
frame, rule-frame, transitive-slot, constraint-facet, etc. This knowledge base defines general properties of
representational terms, which are used by the system in its control procedures. CREEK is linked to the
METAKREK knowledge acquisition environment [34, 1, 39, 25], which enables graphical editing of knowledge
structures1.

2.3. Problem solving

This section presents a broad, general model of problem solving, reasoning and learning where the generation and
evaluation of explanations play a core part. The approach described partly draws upon results from theories and
research on human cognitive processes. This is founded on the belief that a computational model for robust
problem solving in real world complex domains should to some extent take advantage of existing theories of
human problem solving. After all, people have shown to be the most successful problem solvers to date. This is
not taking the stance that a goal of AI is to emulate human reasoning per se, the rationale is a pragmatic one: In
order to build computer-based problem solvers at an expert level, look for justified and plausible models of human
problem solving to start out from.

2.3.1. Explanation

Classifying an example as an instance of a concept, selecting relevant symptoms from a set of observations,
choosing the best diagnostic hypothesis on the basis of relevant findings, assessing the plausibility of a derived
result, etc., may be viewed as processes of producing the necessary explanations to derive, support or justify a
result. When receiving a patient with the problem “I have this pain in the lower right region of my abdomen, what
is the diagnosis?”, a physician will typically use his knowledge to explain to himself that it is likely to be an
appendicitis, or a strained muscle, or a sub-dermal inflammation, or whatever fault he regards as reasonable given
the observations and the current situation context. Generating and evaluating explanations then become an
essential part of the reasoning process itself. The central role of explanations in learning and AI in general is
discussed by Kodratoff in [13]. Schank (in [31]) argues that the capability of an agent to explain to itself why
something is the case, or how a result was derived, is a requirement for understanding, and hence for intelligent
behaviour. He further argues that the most important driving force behind learning is an expectation failure,
where the recognition of a failure is followed by an attempt to explain why the expected result was wrong.

What, then, characterizes a good explanation? There seem to be consensus among various schools that
correctness  - or truth in a deductive sense - is not a sufficient criteria for a good explanation (see the discussion
following McDermott’s critique of logisism [18]). Is correctness, then, a necessary criteria for a good
explanation? McDermott argues that an explanation may be good merely by making the observed facts probable,
not necessarily proving their truth. Another argument is related to the role of pragmatics: An explanation may be a
good one (in a certain context) even if it hides facts that under other circumstances would be regarded as
important for understanding a phenomenon. An example is the deliberate hiding or twisting of truth for
pedagogical purposes. In the history of science there are a lot of examples of explanations that served perfectly as
explanations of phenomena and to the advancement of science, although being false: The earth as the centre of the
solar system, an ‘ether’ substance for propagation of electromagnetic waves, etc. Achinstein (in [Achinstein-85])
argues that:
                                                  

1Another approach to machine learning within METAKREK, also with relevance to the ACKnowledge project [17a] is discussed in
[5a].
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“The goodness or worth of an explanation is multidimensional; correctness is only one dimension in
an evaluation. An explanation is evaluated by considering whether, or to what extent, certain ends are served. The
ends may be quite varied. They may concern what are regarded as universal ideals to be achieved, particularly in
science, e.g. truth, simplicity, unification, precision. Other ends are more “pragmatic” ”.

This view is supported by Thagaard [36]:

“Of course, formalization of some sort will be necessary for any computational implementation of scientific
knowledge, but it will have to be directed toward procedural issues rather than logical rigour. The emphasis on
syntax that is endemic to the view of theories as axiom systems leads to the neglect of semantic considerations
crucial to the understanding of conceptual development, and to the neglect of pragmatic considerations that are
crucial to justification and explanation.”

The notion  of knowledge coherence - as a relaxation of the formal notion of consistency - has been
adopted by several authors (e.g. [10, 16]), but there exists no known models or theories of knowledge coherence
applicable to our framework. Thagaard, however, (in [37]) proposes an interesting theory of knowledge coherence
called explanatory coherence. Coherence, in this theory, is primarily related to a set of propositions. It only
makes sense to talk about coherence of a single proposition if viewed with respect to another proposition or set of
propositions. The notion of acceptability  is introduced to characterize the coherence of a  single proposition with
respect to a set of different propositions.

What we need in our modelling framework is a computational model of explanation. This model should be
based on relevant general theories of what explanations are, and how they function in problem solving. Essential
parts of such a theoretical basis was described in the preceding section. The model of explanation within our
framework is based upon the following fundamental principles:

• Correctness - in the broad sense that includes plausibility - is regarded as a necessary requirement for a
good and useful explanation.

• A plausible result is viewed as a product of an abductive reasoning chain, i.e. as a product of an inference
to the best explanation. This view to abductive reasoning and explanation is close to the views expressed
by several philosophers with a computational view to epistemological problems (as briefly reviewed in
[37]).

• A body of knowledge need to be coherent. in order to be useful for inferencing.An explanation produced
within a knowledge model is valid only if it does not 'incohere' with other explanations that explain the same
phenomena. The notion of coherence in our model has the same role as consistency in a model which
assumes complete domain theories. Coherence is a much weaker term than consistence, and expresses a
context dependent, global evaluation of a knowledge model. The knowledge model will typically contain
submodels that are locally consistent.

An explanation in CREEK is a chain of relationships between two concepts, for example:

low-battery-voltage is-negation-of high-battery-voltage
engine-does-not-turn is-negation-of engine-turns
engine-does-not-start is-negation-of engine-starts

high-battery-voltage causes  starter-motor-turns
starter-motor-turns  causes engine-turns  
engine-turns  is-necessary-requirement-for engine-starts

explaining why a low battery voltage causes an engine not to start1.

2.3.2. Phases in Problem Solving

A lot of research in cognitive psychology and artificial intelligence have addressed the issue of breaking the
problem solving process into subphases. A basic view in AI is to view problem solving as search in a problem
                                                  

1To make a useful explanation out of such a sequence of relationships, an appropriate interpreter is needed in order to draw the
necessary intermediate inferences. In this example, the following three plausible inference rules are needed:

If A causes B, and If B causes C, Then A causes C
If A is-necessary-requirement-for B, Then (negation-of A) implies (negation-of B)
If A causes B, and If A' is-negation-of A, Then A' implies (negation-of B).
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space. The problem space consists of an ultimate goal state, an initial state, and intermediate states representing
subgoals and states derived from the initial state. Problem solving, then, involves finding a sequence of operators
that transform the initial state into the goal state, thereby achieving the goal. Many problem solving models have
been developed to describe how goals may be split into subgoals, how operators are formed or selected, etc. (e.g.
the Soar model [15]). A phase model of problem solving - as described here - is a more abstract model of the
problem solving process at a strategic level, specifying when to do what, rather than how to do it.

Below, the framework's top level problem solving model is outlined. It is partially based on psychological
models, like Polya's model [26]. The model identifies three phases that describe the problem solving process in
general, irrespective of whether a problem is solved by direct association, by a more elaborative inferencing
process, or both.

A problem solving process has - at the top level - the following three phases:

A.  Understanding the problem
B.  Generating plausible solutions
C.  Selecting a good solution

Although the process starts with A and ends with C, problem solving is generally not a strictly sequential
process. It is rather a cyclic activity of A-B-C-A, A-B-A, and B-C-B cycles, which may be recursively called on
subproblems.

A. Understanding the problem
The first step is an attempt to understand the problem. An agent - human or artifact - competent of solving

problems in a domain, is viewed as having a knowledge model - a cognitive model - within which understanding,
learning and problem solving takes place (three interesting cognitive models are described in [29, 12, 21]). The
cognitive model holds the structures, concepts and methods of the agent's expertise. In order to understand a
problem, the input description has to be interpreted by this model. The interpretation process may be viewed as a
series of coherent explanation processes that select relevant descriptors from noisy ones, identify inter-
relationships among them, and test if the given and inferred facts make sense.

Understanding then becomes a process of elaborating upon the problem description using the cognitive
model: When an agent is presented with a new piece of information, an attempt is made to integrate the new fact
into the existing knowledge. This may be viewed as explaining the new fact within the existing cognitive model, by
generating confirmations or plausible justifications to support - or reject - the new information. The integration
process checks for immediate contradictions and infers implications (associated facts) recursively.

B. Generating plausible solutions
The next major phase is to generate a set of plausible solutions, i.e. a set of possible solutions that has been

justified in the sense that they achieve the goal without contradicting important constraints. A plausible solution
may also have a trace attached to it, that explains (supports) the solution.

Having understood the problem implies that some knowledge structures have been activated. To understand
a car-starting problem, for example, concepts like car-starting, starter, starting-fault, battery, etc. are likely to
have been activated, along with a lot of associated entities, relations, possible faults, repair actions, alternative
ways to start a car, etc. Given the observations, the goal of getting the car started, and knowledge about car-
starting problems, a competent problem solver will arrive at some candidate solutions to the problem. This may be
done by adapting a solution from a previous case, by rule chaining, or by inferencing in a deeper model of
knowledge. Further elaboration may take place immediately to strengthen or weaken some of the candidates, for
example by creating multiple explanations for supporting an hypothesis or looking for  contraindications. The
eventual result is a set of hypotheses that are believed strongly enough to be subjects for further evaluation.

C. Selecting a good solution
The last stage is an evaluation of plausible solutions in order to select a good solution (preferably the best)

to the problem. This phase is characterized by the fact that a single solution candidate has to be chosen (only one
solution can be the first one to try out), and a strategy and criteria for selection must be a part of the domain
model. The user may play a central role in this phase.

If the selected solution is found unacceptable, a re-iteration of the problem solving process takes place (in
principle), where the problem description may be stripped by removing irrelevant descriptors, and expanded by
parts of the current system state, like derived consequences of the initial description, unacceptable solution types,
and reasonable assumptions.
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The figure below summarizes the roles of the three phases:

Problem 
description

Elaborated problem 
representation

Set of plausible 
solutions

Solution

UNDERSTAND GENERATE SELECT

Figure 6: Main Phases of Problem Solving
The figure illustrates the UNDERSTAND - GENERATE - SELECT process of
knowledge-intensive problem solving, transforming a problem description into a
solution.

2.4. An Explanation Based Model of Reasoning

A reasoning model is a further specification of some parts of the problem solving process. Within the perspective
of the problem solving model just described, a reasoning process is a successive combination of various inference
methods (like matching, property inheritance, constraint propagation, rule chaining), guided and supported by
explanation methods that focus on the current goal and context of the process. The reasoning process  is based on
a combination of the three reasoning types model-based reasoning, case-based reasoning and rule-based
reasoning.

Clancey's heuristic classification model is a well known example of a high level  inference structure, what
here will be referred to as a reasoning model. The basic inference step is the heuristic match, characterized by an
experienced relationship or a poorly understood correlation.

Clancey's model is inadequate as a basic reasoning model within our framework, for the following two
reasons:

First, the heuristic classification model is motivated by analysing and describing rule-based systems (the
model is based on an abstraction of MYCIN [7]). A heuristic rule is a direct association between input data
generalisations and a generalised conclusion, e.g.:

(ignition-key turned) AND  (lamps (all dark))  ==>  electrical-system-fault

Our reasoning model needs to cover for case-based reasoning and deeper, model-based reasoning as well. Case-
based reasoning involves an associational match between input and conclusion - as rule-based reasoning does -
but at the instance level rather than at an abstract level:

car-starting-case-351
time  early-morning
ignition-key  turned
lamps  (all dark)
radio  (not working)
battery-voltage ok
fault  starter-solenoid-defect

Second, even if a heuristic relation expresses an association that has shown to be useful, it may be
explainable by a deeper knowledge model, if such a model exists in the system. The kind of knowledge rich
systems aimed at in this paper will always have a deeper conceptual model of knowledge, which may be used for
justification of heuristic relations as well as deep model reasoning. The interaction between general heuristics and
deeper knowledge must therefore be expressible within our reasoning model.Clancey's model does not capture the
kind of reasoning and inference methods required to utilize a thorough domain model in this way.

What is needed, then, is a more general reasoning model, where Clancey's model may be viewed as a
submodel for one type of reasoning. Other models, like Chandrasekaran's framework based on generic tasks [8],
and J. McDermott's model [19] based on a kind of generic task called role limiting methods, provides a more
general and flexible model of problem solving and reasoning.
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The notion of a generic task represents an interesting view to reasoning and problem solving. It differs from
some other modular frameworks (e.g. KADS [6]) in that domain knowledge is partitioned into task specific units,
coupled to its use and associated with corresponding task specific control strategies and inference methods. The
framework described in this paper is based on the assumption that task-specific knowledge is useful and relevant
for modelling specific parts of a knowledge model, but also that large portions of knowledge and inferencing is of
a general nature. Concrete experience from past cases, for example, is a typical example of task-specific
knowledge. However, in order to achieve the high degree of understanding that is required by competent and
robust knowledge based systems, a lot of knowledge will have to be of general nature. The role of the more
general knowledge is (at the object level) to generate supporting explanations from the general knowledge model
when this is needed, and (at the control level) to be the 'glue' necessary for the system to understand the inter-
relationships between more specific task-related knowledge (e.g. by explaining why a certain strategy is better
than another in a certain situation). In addition, an important role of general knowledge is to be the knowledge
fundament to fall back on when more specific knowledge fails or does not apply.

Our model of reasoning emphasizes the generation and evaluation of explanations to support both abstract
and concrete associations and elaborate deep model reasoning.  Given some findings and a goal, a reasoning
process may, at a general level, be described by three sub-processes:

1.  Activating knowledge structures
2.  Explaining candidate facts

3.  Focusing on a conclusion 

A reasoning process is viewed as a process of activating a certain part of the existing knowledge - including
triggering of hypotheses and goals1 , explaining to what extent the activated parts form a coherent knowledge-
structure, and focusing within the explained structure, returning an explicit answer or just the final state of the
system, as illustrated in figure 7. Note that this reasoning model is at level below the problem solving model
shown in figure 6. Thus, the reasoning within a problem solving step (Generate, say) may involve all three steps
of the reasoning model.

Problem description

Activated knowledge 
structure

Justified knowledge
structure

Conclusion

ACTIVATE

EXPLAIN

FOCUS

Figure 7: The Explanation-based Reasoning Model
The framework's generic model of reasoning, subsuming deep model reasoning as well
as model-supported case-based and rule-based reasoning.

Characteristic roles of each phase:

1. Activating knowledge structures
ACTIVATE initially sets up the knowledge structure by marking network concepts that matches terms of

the input description (data describing the problem, and goals)1 as active. Other concepts are activated by
mechanisms that trigger activation of associated concepts. This spreading of activation has to be controlled in
                                                  

1Goals are end-states to be achieved, while hypotheses are assertions to be confirmed or rejected.  The notions of goal and
hypothesis are to be interpreted in a general sense. They cover intermediate goals and hypotheses set up by the system during
reasoning, as well as top level goals (like ‘find-fault)’. A hypothesis may be an expected value of a problem descriptor as well as a
possible solution to the problem.

1In addition, some problem solvers accept an input type referred to as support knowledge, i.e. input intended as support for the
problem solving, reasoning and/or learning process. Support knowledge is control level knowledge like what problem solving strategy
to use (first), what task model or reasoning method to apply, etc. Since the role of support knowledge is to take some of the burden
away from the system's own control level reasoning, and since our framework does not assume that support knowledge is entered, it is
not further discussed in this paper.
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some way, either implicitly by limiting the types and numbers of associative links, or by explicitly controlling the
selection of links to spread along dependent on the problem solving state of the system. For example, if a
diagnosis system is trying to infer what new measurements to take, it may choose another subset of triggering
associations than if it is trying to generate possible diagnostic hypotheses. Explicitly defined concepts as well as
relationships (facts) may be activated. Examples of activation spreading is similarity matching of cases, rule
chaining, propagation of constraints and deriving of consequences in semantic networks. The purpose of this step
is to activate possible candidate concepts. Even if some control knowledge is available to constrain and guide the
process, the activation phase is not necessarily a very knowledge-intensive process.

2. Explaining candidate facts
EXPLAIN starts to work on the activated concepts, and its job is to use the knowledge (and the user, if

necessary) to justify, confirm or reject candidate facts by producing supporting explanations. For example, if two
activated facts contradict, the one with the strongest explanation will be chosen. The strength of explanatory
support depends on the strength of single explanation chains as well as the number of alternative explanations that
support the fact. The goal of the reasoning process, e.g. the particular subproblem to solve, focuses the generation
of explanations. The outcome of the explanation phase is a coherent knowledge structure and a set of supported
hypotheses that are good candidates for achieving the goal of the reasoning process.

3. Focusing on a conclusion
FOCUS is the final step, that use constraints and pragmatic criteria on the conclusion to check a candidate

conclusion, or select a conclusion if more than one candidate for satisfying the goal came out of the explaining
phase. While EXPLAIN generated support and evaluated its hypotheses according to whether a conclusion make
sense and may be useful, FOCUS refines and adapts the candidate set in order to pick the best (i.e. most
plausible) conclusion.

This three-phase model focuses on knowledge-intensive reasoning, but is also general enough to subsume
most reasoning schemes used in AI systems. ACTIVATE may trigger hypotheses in a data-driven or goal-driven
manner, by chaining of rules, retrieving of past cases, or inheritance in hierarchical knowledge models. It may
associate facts on the basis of shallow or deep knowledge, and at the object level or control level. Many expert
systems (e.g. OPS5-based, PROSPECTOR-like and MYCIN-like systems) do most of their reasoning within
ACTIVATE. The EXPLAIN step play a minor role in these systems, since they generally do associational
reasoning based on shallow, compiled knowledge. SELECT may be a calculation of probabilities or a decision
based on control heuristics.

The model should not be viewed as a strictly sequential process. For example, instead of initially activating
all possibly relevant structures, a reasoning process may activate one or a few structures, try to explain the
consequences and expectations they generate, activate new structures, etc.

2.4.2. Reasoning from Past Cases

The reasoning model described above subsumes knowledge-intensive case-based reasoning. A generic model of
reasoning from past cases contains the following three steps:

1. Activate: Retrieve a set of cases that matches the current problem according to some criteria. This step
activates cases that will be subject for further examination.

2. Explain: Evaluate the applicability (relevance) of retrieved cases to the current problem. This involves
looking for contradictions, checking constraints, generating and testing expectations set up by the retrieved
case.

3. Focus: Adapt the solution (or solution method) of the case to the new problem. The adaption may be a
simple transfer of the past solution to the new problem, or an elaborative process of modifying the solution
to better fit the current problem. A modification process would typically involve a generalization of the past
solution followed by  a specialization satisfying constraints of the current problem.

At a more detailed level, each step in the RETRIEVE-EVALUATE-ADAPT cycle should be regarded as
separate tasks. The  ACTIVATE-EXPLAIN-FOCUS process - being a general model of explanation-based



15

reasoning - is then recursively applicable to each task1. This illustrates the generic role of the reasoning model as a
generator and evaluator of explanations.

Problem description

Activated cases
Justified, matching 
cases

Conclusion

Retrieve virtually 
matching cases 

Evaluate applic- 
ability of cases

Adapt solution of 
best matching 
case

Figure 8: Main Steps in Reasoning from Past Cases

2.5. Learning

2.5.1. An Explanation Based Model of Sustained Learning

The learning model is tightly integrated with problem solving. The focus is on how to capture relevant experience
from a problem solving session, and make it available for solving similar problems later. The learning model
integrates a case-based and explanation-based learning approach, with a learning apprentice view.

Schank has studied explanation mechanisms related to learning in people [30, 32], and views learning as a
process of explaining a failed expectation2:

"What situation needs to be explained? People have powerful models of the world. Through these models,
which are based on the accumulated set of experiences that a person has had, new experiences are interpreted.
When the new experiences that a person perceives fit nicely into the framework of expectations that has been
derived from experience, an understander has little problem understanding. However, often a new experience is
anomalous in some way; it doesn't correspond to what we expect. In that case, we must reevaluate what is going
on. We must attempt to explain why we were wring in our expectations. We must do this, or we will fail to grow
as a result of experiences. Learning requires expectation failure and the explanation of expectation failure." 

Within our framework, learning in a knowledge rich domain is viewed as a process of

1. Observing phenomena
2. Inferring consequences, i.e. generating expectations
3. Trying to explain what is observed and inferred
4. When expectations fail, trying alternative explanations or asking for more information
from the external environment
5. Extracting new knowledge relevant for future problem solving
6. Updating the knowledge model

When the learning 'starts', the system state is an activated structure of knowledge representing an
understanding of the actual problem, and a plausible, explained solution. This activated structure should not be
regarded as fixed, however, since the learning task may infer new information that lead to contradictions within
the structure.  Resolving such contradictions may introduce changes in the knowledge structure.  Given this
assumption, the learning process may be described generally as follows:

1. Extracting learning sources
2. Constructing new knowledge structures
3. Storing and indexing

                                                  
1The whole process is controlled at the task level, using criteria for evaluating the conclusions of each sub-process - along with

threshold values for their acceptance/rejection.
2From [Scank-86c], page 144.
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These steps - with corresponding types of input/output data - are illustrated in figure 9.

Activated knowledge
structure

Training set Modifications and
Extensions

Improved knowledge
model

EXTRACT

CONSTRUCT

STORE

Figure 9: A Model of Learning from Experience
The knowledge structure that has been activated during problem solving is the primary
source of learning. A subset of structures (e.g. input descriptors, goals, successful
solution path, failed attempts) is extracted as the 'training set' to actually learn from. The
middle step - CONSTRUCT - may be viewed as the primary learning step. The new case
and/or general knowledge structures that has been constructed are finally associated with
index concepts (important features, remindings to similar cases, etc.) for later retrieval.

1. Extracting learning sources
This subprocess is active throughout problem solving, and its task is to keep track of information and

knowledge that later will be used as sources of learning. Some methods use the problem description given as input
to the system together with the problem solution as the only type of candidate examples for learning, while other
methods also learn from inferred facts and traces of the problem solving process. The set of learning sources form
a selected training set that is given as input to the constructive learning method.

This step is absent in knowledge-poor, similarity-based learning methods: Since no knowledge model is
available to guide the selection and extraction of relevant training instances, they are all regarded as equally
relevant.

2. Constructing new knowledge structures
A method for storing a problem solving experience in a new case may be characterized by the answers to

the following four questions:

• What determines whether a new case should be constructed?
- degree of dissimilarity with closest case
- failed attempt to solve problem
- successful attempt to solve problem

• What is to be stored in a case?
- problem description
- solution
- trace of problem solving path
- dead ends (attempted paths that failed)
- explanation chains
- dependencies, preconditions for activation
- remindings to other cases

• How general is the contents of a case?
- cases are distinct individuals
- cases are hierarchical structures
- cases are generalised to rules

• How to modify the existing case structure?
- changing strength of remindings
- merging with new case



17

Within the framework presented here, explanation-based methods are related to the notion of knowledge
integration, i.e. integrating a new piece of knowledge by explaining it using existing knowledge. In other words,
new knowledge is learned in the sense that it is 'understood' by being explained on the basis of what is already
known. Models of learning as knowledge integration has been developed, e.g., by Murray and Porter  [24], and
Van de Velde [38]. The model of Murray and Porter is particularly interesting, since its development has been
guided by experiments within a very knowledge-intensive environment: The CYC system [17].  Knowledge
integration is also an important issue for knowledge acquisition tools in general. In the ACKnowledge project
[17a] - an ESPRIT project aimed at developing an advanced knowledge engineering workbench - integrating
knowledge acquired by different tools into an existing knowledge base is a crucial problem that needs to be solved.
A method, partly based on Murray's model, has been studied [11].

3. Storing and indexing
Learning is not successful unless updates and refinements are available for new problems. The storing

problem is to decide what form the knowledge should be saved in, and where it should be put. Essential questions
for characterizing a case-based learner's storing and indexing scheme are:

• Are cases separate knowledge units, or are they virtual structures of connected nodes?
• How are cases indexed (if at all)?
• What kind of indexing vocabulary is used?

The storing problem related to indexing for efficient later retrieval, is the main task here. If knowledge is
learned in a generalised form, and integrated into a conceptual knowledge model or a rule set, the problem is what
existing concepts and rule structures to update. If a case is to be stored, the problem is what concepts to use as
pointers to the case, and how structure the index network. In both situations it is a question of creating the
necessary remindings and associations to new pieces of knowledge (concepts, cases, rules).
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2.5.2. Learning by Retaining Past Cases

It should be clear from the previous section that case-based learning is the primary learning paradigm
within this framework. In order to cover the integration of explanation-based methods, The EXTRACT-
CONSTRUCT-STORE model illustrated in figure 9 subsumes case-based as well as explanation-based

Activated knowledge
structure

Relevant problem descriptors,  
solutions and annotations

Modified case set

Improved case 
structure

Mark relevant parts 
of the current case

Build a new case, and/or 
modify  exisiting cases

Create and/or update 
remindings and other 
indices, and save case(s)

Figure 10: Main Steps in Learning by Retaining Past Cases

learning methods. Focusing on the case-learning mechanism alone, the model gets specialized to the one illustrated
in figure 10. In CREEK, the cases are stored and indexed by a method based on the PROTOS [5] model. Each
case is indexed to by a set of remindings, i.e. features that has occured as input descriptors. Remindnigs may point
directly to a problem solution instead of a case.

2.6. An integrated model of problem solving, reasoning and learning

Figure 11 summarizes the framework's model of problem solving, reasoning and learning. It shows how the
submodels  presented in this chapter interact and cooperate. The middle part of the figure shows the basic problem
solving steps: UNDERSTAND-GENERATE-SELECT. The underlying reasoning process within each phase is
represented by the ACTIVATE-EXPLAIN-FOCUS cycle. During problem solving, and after the problem has
been solved, the learning process extracts relevant sources for learning, which is used to construct new (or
modified) knowledge structures. The final step of the EXTRACT-CONSTRUCT-STORE learning process is to
index and save new knowledge constructs for retrieval in future problem solving.

Based on the framework presented here, a system architecture (the CREEK system) has been designed
[2,3]. The CREEK system addresses classification problems, in particular problems involving diagnosis and
repair tasks. A fundamental component of the architecture is a common knowledge 'pool' in which all conceptual
knowledge is defined. Four different modules represent, respectively ,an object level model of the domain
(concepts, cases and rules - where the concepts are part of the common knowledge pool), and three specific
control level models: A diagnosis-and-repair process model, a combined reasoning model, and a learning
model. The control models contain definitions of control level concepts, rule and procedures. So far, the
representation system and a set of basic inference methods for reasoning and learning have been implemented1.

The diagnosis-and-repair model is a generic knowledge model of diagnosis and repair tasks. It contains
concepts like test-result, hypothesis, diagnosis, repair-action, etc., and how such concepts are interrelated. The
combined reasoning model contains a strategy for deciding what type of knowledge to apply first, given a
particular problem. Basically, case-based reasoning is tried if the problem features give a reminding to a case that
is strong enough. Problem features are input features and features derived from input features by spreading
activation along a particular set of relation in the conceptual model. The learning model contains concepts and
heuristics to guide the extraction of knowledge to store in a case, to control the feature generalization process
during merging of cases, etc.

 The problem of oil well drilling fluid (mud) supervision, fault finding and treatment has been the
application in focus when developing the CREEK system. This is a complex diagnostic task, where the processes
of diagnosis and treatment typically are interleaved. The problem is open, has a weak domain theory, and problem
                                                  

1As a part of their Master thesis research projects on combined case-based and inductive learning, and on multi-paradigm
reasoning, respectively, Velitchko Koulitchev [15a] and Christian Larssen [15b] wrote a case matcher and generalizer, and integrated a
rule chainer within the CREEK representation system.
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solving requires interaction with the user. The application domain is summarized in [1], which also contains an
example of how to represent object- and control level knowledge within the CREEK representation system.

Current research in knowledge-intensive, combined methods for problem solving and learning that
incorporate case-based reasoning include the PROTOS [5], CASEY [14], JULIA [12b], CHEF [11a], and
GREBE [5b]. Characteristics of the CREEK approach - compared to these systems - is the strong role of a
thorough and comprehensive model of general, conceptual knowledge for support of the case-based (and -to some
extent - rule-based) processes. Further, CREEK has an explicit model of problem solving strategy (not elaborated
in this paper). The learning method in CREEK basically learns new cases, but is also able to update its general
domain model through interaction with the user. None of the other approaches listed above unifies these properties
into a single computational model.
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Figure 11: The Framework's Model of Integrated Learning,
Problem Solving and Reasoning

The figure illustrates the top level flow of control and information in problem solving
and learning. For clarity, only some of the interactions between processes and the
activated parts of the knowledge base is shown: the information flow to and from
problem solving processes, and input to the initial learning process. The activated
knowledge structure interacts with all subprocesses, and the gray area in the figure may
be pictured as lying beneath all subprocesses shown.

3. Conclusion
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The framework and computational model presented in this paper forms a basis for developing knowledge-
intensive problem solvers that learn from experience, and that are able to use previously solved problem cases to
solve new problems. We have argued that such a conceptualization of a knowledge-based system is a significant
step in development of more competent, robust, and adaptive systems. That is, the kind of systems we will need to
meet the challenge of expert systems for real world, complex problems.
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