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Introduction

Itisageneraly held position that the process of |earning will improve when learners are
given computer-based tutoring programs that alow for interactive access tuned to the
specific needs of each individual learner. Computer artifacts for learning should
therefore be both interactive and articulated. Interactive learning environments can be
seen as engines for education that facilitate learning by having learners interact with a
simulation of the subject matter.

Designing, diagnosing and controlling the behavior of 'physical’ systemsis an important
feature of daily human activities, both in professional and non-professional situations.
Interacting with physical systems requires comprehension of their behavior, in
particular how manipulations of some aspect of the system will effect its behavior. In
order to teach these behavioral characteristics, quantitative simulations are often used in
computer-based learning environments. However, some behavioral features are hard to
communicate by a computer program that is based on such a quantitative simulation.
Among others, generating causal explanations of the systems' behavior, reasoning from
structure (i.e., deriving the behavior from a given structural description), and
gualitativenessin general (i.e., avocabulary for reasoning about behavior in qualitative
terms) cannot be dealt with adequately. A large part of the research on qualitative
reasoning originated from efforts trying to cope with the limitations that followed from
using quantitative simulators for teaching purposes.

This introduction presents an outline of how qualitative models can be used for
interactive learning environments. The first section will discussin more detail the kind
of learning that the contributions in this special issue are concerned with. The second
section will elaborate on the typical characteristics of qualitative models. During the
past decade a large number of promising results have been achieved by the qualitative
reasoning community, whereas at the same time the limitations of the current techniques
are well understood. The third section presents arange of research topicsthat are
interesting to pursue with respect to using qualitative models in interactive learning
environments. This section is followed by a short overview of the contributionsin this
special issue, which is split into two separate volumes. The introduction ends with some
concluding remarks.



Learning about System Behavior

Learning environments are particularly interesting as artificial worlds with which
learners can interact in order to learn about the behavior of certain systems. In this
section we will describe in more detail the ideas underlying this approach. First, the
notion of 'interacting with the (physical) environment' will be explained. Second, some
ideas on what it meansto learn about system behavior will be discussed, in particular,
the ability to predict and postdict behavior. The third subsection discusses the benefits
of using individualized instruction in combination with simulation models. The last
subsection explains why qualitative models are particularly useful for this purpose.

Interacting with the Physical Environment

Humans have to interact with their physical environment. They have to drive their cars,
operate VCR's, light matches, use telephones, turn on lights, use elevators, open doors,
and so on. In order to deal with these different systems humans have to learn about the
behavior of each of them. They have to learn how the breaks of a car work, how the
buttons must be used in an elevator and how their use differs from buttons on a
telephone or a VCR, that matches can be lit by striking them along specific parts of the
box, that doors usually have a knaob that has to be turned (counter) clockwise or pushed
down, and so forth. During their lives people spend alot of time learning about the
behavior of the huge amount of systems they have to interact with. Sometimes this
learning takes many years of hard work, such as learning how to fly an airplane or how
to operate a power plant.

Researchersin the area of knowledge-based systems have been investigating the
different ways in which humans can interact with physical systems for many years now.
It turns out that three main categories can be identified, namely: (1) controlling and
operating, (2) designing and constructing, and (3) diagnosing and repairing (see for
example Breuker & van de Velde, 1994)). In the case of controlling, the goal of the
human agent is to interact with the system in such away that it performs a specific kind
of, apparently desired, behavior. Characteristic for this situation is also the fact that the
physical structure of the systems does not change, at least not significantly. It isonly
manipulated in order to have it perform the intended behavior. In the case of designing
and constructing, the structure of the system will change. In fact, that is the key notion
in this situation. When designing a system, the goal isto build a physical structure such
that the desired behavior will be performed by it. Many of the systems that surround



humans to date are indeed constructed by humans. It is common in this respect to make
adistinction between systems designed and constructed by humans (artifacts) and
systems not made by humans (natural systems). Finally, in the case of diagnosing and
repairing a system, the system does not show the desired behavior anymore. The goal of
this interaction with a system is to find the cause for the malfunctioning and to repair it.
The latter may require manipulating the structure of the system, such asreplacing a
broken part.

The difference presented here between natural systems and artifactsis of coursejust a
first step in aclassification hierarchy. Usually both categories can be further divided
according to domain specific features. There are for example biological systems,
chemical systems, social systems, economic systems, and so forth. Often the names
given to activities concerned with interacting with these systems differ across these
domains. Also, there are many possible classifications of systems. For thisintroduction
it is sufficient to know that there are many different systems out there in the world with
which humans have to interact in one way or another.

Learning about Systems and their Behavior

The large number of systems poses a big problem to humans, for they are born without
knowledge of these systems, and yet, at some point in their lives they have to interact
with these systems. One approach would be to have humans interact individually with
these systems and |et them discover the crucia insights by themselves. This would of
course not be a very efficient approach. First of al, it would be very expensive and
maybe even traumatic. Think of al the children that know nothing about cars and would
get run over by them while trying to discover 'what kind of behavior this system might
produce’. Secondly, people can reason about the behavior of a system asit evolvesin
time. Thisis of course where education comes in: Teachers spend alot of time teaching
learners about the behavior of systemsin the physical world and, more specifically, how
to interact with them. The basic ideais that learners have to acquire appropriate models
of physical systems and their behavior. These models provide the basis for successful
interaction with these systems (cf. Clancey, 1986). From a pragmatic point of view, ‘an
appropriate model' implies at least two important notions, namely prediction and
postdiction (or explanation) of the behavior of some system (cf. Kleer, 1984; Forbus,
1984). In order to perform these reasoning capabilities a person has to be able to
identify some physical structure as a stand-alone unit (a system) with its own individual
behavior. A person should then be able to identify the behaviors of this system that are
important to him or her, and be able to either predict how these will change in the near



future, or explain how they came about following some previous behavior. Itis
important to realize that both prediction and postdiction require causal models of the
system’ s behavior that enable someone to relate some set of behaviors at timet; to
some set of behaviors at time to, Also important is the fact that the whole notion of an
‘appropriate model' is arelative one. Different goals require different models. For
someone driving acar, it is sufficient to observe ared traffic light and be able to predict
that it will turn green at some point in the near future. If, however, the red light turns off
without the green one being lit, the driver should be able to explain that thisis probably
due to some power failure or to the light bulb being broken. Usually there will be more
behavioral cuesin the environment to disambiguate the possible interpretations. If for
example other traffic lights are still red or green then the chance of a power failureis
less likely. The electrician who hasto repair the traffic lights has different goals
compared to the car driver and therefore uses a different set of (more detailed) models.
In an educational context, this means that depending on the goals to be achieved,
specific models have to be learned, or taught.

Using Computers and Simulation Models

Today computers alow learnersto learn about system behavior in away that advances
the traditional classroom oriented approach in a number of ways. First, there isthe
notion of individualized instruction. Learning will improve when learners are given
computer-based tutoring programs that allow for interactive access tuned to the specific
needs of each individual learner (cf. Wenger, 1987). Next to using individualized
tutoring, the use of simulations of real-world systems has a number of advantagesin
itself (cf. Jong, 1991). If, for example, thereal system cannot be accessed by the learner
then computer models can provide interactive learning environments which are full of
genuine stimuli that closely resemble the important characteristics of the original
system, particularly if multimediafeatures are included (cf. Schank & Cleary, 1995). In
addition, manipulations may be carried out with the model of the system that are
undesirable (too expensive or too dangerous) under normal conditions. Safety critical
operations, as for example required for operating power plants, can be carried out as
many times as needed without making many additional costs. Also, in the case of a
nuclear driven power plant, a series of meltdowns does not provide any danger to the
outside world. Simulation models can also be used to build environments that could
never exist in reality. Often these impossible worlds, for example no gravity on earth,
can be very illustrative and therefore helpful for learners to acquire crucial insights (e.g.
ARK, Smith et al., 1987). Computer simulations also allow one to manipul ate time, and
by doing so speed up or slow down the behavior of some system. This allows learnersto



access more global notions of how the behavior of systems evolvesin time (e.g. global
climate changes or pollution processes) or to study complex and rapidly changing
phenomena step by step and in close detail (e.g. chemical reactions or electrical
phenomena).

What kind of Models?

Research shows that simulations are only effective when the actions of the learners are
monitored by ateacher (human or computer) and guidance is provided (cf. Elsom-Cook,
1990; Hulst, 1996). As we are concerned with computer simulations the question is how
to relate tutoring activities to ingredients of the simulation model. In order to connect
the two, the simulation model has to provide handles by which it can be accessed for
tutoring purposes. Thisis an old issue already faced in early programs such as Steamer
(Hollan et al., 1987) and Sophie (Brown et al., 1982), and very much the basic problem
that gave rise to fundamental research areas such as qualitative reasoning (Bobrow,
1984). What does it take to build articulated models (see e.g. Forbus & Fakenhainer,
1992)? Although on the one hand it is easy to understand the essence of building
articulated models, thisis often not understood by engineers and other highly trained
expertsin physics and related areas. It is only in automated tutoring situations, when the
computer program has to generate and provide feedback to the learner by itself, that one
realizes what is missing in a quantitative simulation model for that purpose. It turns out
that there is awhole vocabulary and a corresponding reasoning strategy that experts use,
which is not available by itself from the quantitative model (Kleer, 1990). Something
has to be added in order for the computer to have access to that kind of knowledge.
Before going into detail about what has to be added and how, let us first point out the
problem by means of asimple example.

InFig. 1 aset of containersis shown. Each container is closed by a piston and contains

an amount of gas.
State 1

State 2

State 3

Figure 1: A container-piston situation




Using Boyle' slaw, V*P=n*r*T, we can easily compute the values for Pressure given
different values for Volume and afixed value for n*r*T as shown in Table 1.

\' P n*r*T
S 1 10 10
st 2 2 5 10
st 3 5 2 10

Table 1. Quantitative values for V*P=n*r*T

In fact, all kinds of calculations can be made as long as only one of the valuesis
unknown. Looking at Table 1, we human beings can easily see that increasing values
for V arefollowed by decreasing values for P. However, in the formula V*P=n*r*T
there is nothing that captures this notion explicitly. Something has to be added to this
equation in order to derive that P and V have some kind of monotonic relationship. At
least some procedure is required that compares the values of P and V and comes up with
this notion (which is by the way arather difficult machine learning problem). But for
tutoring purposes we do not want to depend on quantitative values, per se. Not only are
they unavailable in many domains and specific situations, such an approach aso ignores
the fact that there exists this rich vocabulary that people use to communicate about the
behavior of (physical) systems. In the case of the container-piston example, we would
like to have accessto a set of primitives represented in a computer program in such a
way that it allows the following kind of utterances: “if V increases then P decreases’.
Moreover, we would like this language to be general and reusable for many different
domains, including non-physics domains such as for example economics (Berndsen,
1992) and ecology (Salles et al., 1996). This is where qualitative reasoning comesin.
Qualitative reasoning provides a vocabulary (an ontology if one likes) by which
computer programs can reason about the behavior of systemsin such away that these
computers can communicate about the behavior of these systems with humans. We refer
to this notion as 'knowledge communication about system behavior'.

Characteristics of Qualitative Models

During the past decade many important ideas have been presented by the qualitative
reasoning community (see e.g. Weld & Kleer, 1990). It is far beyond the scope of this
section to come up with a complete overview of all that research. Instead this section
will point out some of the main characteristics that are of interest for using qualitative
modelsin interactive learning environments (for more details see also Bredeweg, 1992).



Reasoning from Structure

An important starting point for qualitative reasoning is the notion of ‘reasoning from
structure'. This means that the behavior of some system is derived by analyzing its
structural appearance. An essential step in the construction of a qualitative model is
therefore to determine how entities from the physical redlity are represented in the
model. Two types of abstraction have been given much attention: (1) modeling the
physical world as components connected by conduits (Kleer, 1984), and (2) modeling
the physical world as a set of physical objects that interact via processes (Forbus, 1984).
Each of these abstractions provides specific guidelines according to which systems must
be modeled. These guidelines can in addition be used for developing general purpose
libraries. As soon as amodel has been constructed for a certain part of the physical
world, thismodel can be stored in alibrary and used again in new situations.

Quantities and changing Behavior

In aqualitative model, behavior istypically represented by quantities, which can be
assigned certain qualitative values and have a derivative that specifies a direction of
change. The latter may effect the former to change and by doing so represent changing
behavior. The values a quantity can have are represented as a quantity space (a set of
values, usually consisting of aternating points and intervals). The most general quantity
space defines three values for a quantity: negative [-], zero [0] and positive: [+] (see Fig.
2).
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Figure 2: A general quantity space

This set of valuesis applicable to many quantitiesin many different situations. Take for
example an amount of water: Ay, Qualitatively speaking Aw=[+] could mean that there

is an amount of water, and Aw=[0] that there is no water (Aw=[-] could then mean that
there is a shortage of water). The interpretation of a qualitative value usually depends on

the kind of quantity that has been assigned the value. Consider for example a pressure
difference between the input and output of avalve. Pin-out=[+] could mean that the

pressure at the input of the valveis higher, Pin-out=[0] could mean that thereis no



pressure difference (Pin=Pout) and Rn-out=[-] could mean that the pressure at the
output is higher.

The general quantity space {-,0,+} may not always capture the typical characteristics of
adomain in sufficient detail. In those situations a domain specific quantity spaceis
required. This can for example be true for the quantity temperature when it refers to the
temperature of some substance. Typically a quantity space as shown in Fig. 3 will then
be required in order to model the different aggregation phases (qualitative states) of the
substance.

Absolute Freezing/ Boailing/ Infinity
nil melting condensing (plus)
point point point (c0t)
Solid Liquid Gas
Solid & Liquid Liquid & Gas

Figure 3: A typical quantity space for physics problems

Choosing the appropriate quantity space for a quantity is often a difficult problem.
Obvioudly, if we refer to the human body temperature we do not want the model to
represent solid, liquid and gas. A more useful quantity space for the quantity
temperature in amedical domain would be: below normal (low), normal, above normal
(high), as for example shown in Fig. 4.

O = ~ O = - O

Minimum LOW o Maximum

Figure 4. A typical quantity space for medical domains

As mentioned before, derivatives are used to represent the dynamic aspects of system
behavior, but again only using qualitative terms. For example: Aw=[+] & dAw=[-],
means that in the current situation the amount of water is decreasing. Termination rules
are then used to determine whether the behavior in the current situation may change and
lead to a new state of behavior. In this situation, the amount of water may become [Q] in
the next state. This specific inferenceis based on the limit rule (cf. Kleer, 1984) and
reads as follows: IF aquantity has avaue and it is decreasing (0=[-]) THEN this
quantity will reach the next lower value from its quantity space. More complex
representations, such as using higher order derivatives, have also been discussed (see
for example (Kleer & Williams, 1991).



Dependencies and Causality

An important characteristic of qualitative modelsis the notion of dependencies between
guantities and the causality that can be modeled by these. Well understood
dependencies are influences, proportionalities (Forbus, 1984) and regular qualitative
(in)equalities (cf. Simmons, 1986; Williams, 1988). A simple example as shown in Fig.
5 may help to explain some of the basic ideas. It describes how an energy flow will
restore the equilibrium between two objects that differ in temperature.

Temperature 1 > Temperature 2

A A

P+ g P+

Flow (of energy)

JI t
Heat 1 Heat 2

Figure 5: A simple heat flow process

Forbus refers to this specific partial model (or model fragment) as a heat flow process
(notice that aliquid flow process would look the same except for using different
quantities: Pressure, Amount, and Flow of liquid). This processis stored in alibrary of
model fragments and applies to any situation (structural description or scenario) in
which there appear two objects that differ in temperature (see Fig. 6a). If the description
applies, the inequality between the temperatures causes a flow of energy between the
objects that increases the amount of energy in the colder object and decreases the
amount of energy in the warmer object. These dependencies are modeled by influences
(I- & 1+). The changes that are caused by these influences are further propagated via the
proportional dependencies (P- & P+) that exist between the temperatures and the heats
within each object. These changes in temperature will then effect the inequality between
the temperatures and lead to a new state of behavior in which the temperatures have
become equal .

A heat flow process may apply to many different physical situations as for example
shown in Fig. 6 (6a: two objects differing in temperature that are moved towards each



other, 6b: a container-piston assembly containing a gas that is being heated, and 6c: a
kettle containing water that is being heated).

Object 1 Object 2 *I

a two objects b: container-piston C: kettle
Figure 6: Three heat exchanging situations

Depending on that specific situation the effects of the heat flow may be different. It
may, for example, be the case that more than one process effects some quantity. In that
case the resulting change in this quantity may be ambiguous, or not, depending on the
kind of influences introduced by the processes and the magnitude of these influences.
See for example Forbus (1990) for more details on this matter. Another aspect is
concerned with the type of change that may occur once quantities are increasing and
decreasing. In the example of the two objects (Fig. 6a), an inequality between the two
guantities changes to an equality. But in some situations, as for example the kettle
heating situation in Fig. 6¢, this may not happen. It is very likely that the boiler stays
much hotter than the water that is being heated by it. Therefore, the water temperature
will not become equal to the temperature of the heat source, but instead it will change
its value from being in between freezing point and boiling point to being at the boiling
point (see aso Fig. 3). In the new behavioral state the water will start to boil.

Other ways of deriving causal interpretations have aso been proposed. Causal ordering
(Iwasaki & Simon, 1986) is probably the best known in this respect. Instead of having
specific causal interpretations attributed to certain types of dependencies, this method
uses the order in which (in)equalities are used by the equation solver as the basis for the
causal interpretation. In Top & Akkermans (1991) thisisreferred to as mathematical
causality as opposed to physical causality discussed above.

Constructing a Running Model

Knowledge about the behavior of partial physical structures, such as the above
described collections of objects and their heat exchanges, can be stored in alibrary of
model fragments. Also the rules for determining state changes can be stored. Together



with aninitial structural description (scenario) they can be presented as input to a
qualitative simulator (prediction engine) and by doing so have this simulator construct a
‘running model' of the system. Thisis shown in Fig. 7. Provided with a structural
description the qualitative simulator will try to find model fragments that apply to that
situation. In the figure thisis referred to as specification (or classification).

State of behavior 1

Structural Description

(scenario) Changed date...
ecify
(find applicable Sate of behavior 3 ﬁ’:gnﬂ‘;"rﬁﬁs |

Model Fragments)

State of behavior ...

Library of

Library of
Model Fragments

Transtion rules

Figure 7: Inferring states of behavior

Possibly this inference process may lead to more than one state of behavior for the
system. After this the qualitative engine will look for changes in the current state(s) of
behavior. Given these changes, some of the applicable model fragments may not apply
anymore and therefore the specification inference has to be done again. Thisinference
cycle may continue until no new changes are found by the qualitative simulator. A

possible output of aqualitative simulator for the kettle heating scenario is shown in Fig.
8.

The boiler
explodes, because the
internal substance

pressure is too
%\ o
ANANANANA
The water
temporature strts boiing Alhe water
- P . has turned to
and pressure steam is
) steam
% increase generated
Heater|
What happens? The substance

temperature and
the temperature
of the heater
become equal

Figure 8: Behavioral states for the kettle heating scenario

For atutoring situation a'full’ prediction of all possible behaviors of a system is usualy
not needed. Instead, specific trajectories of possible behaviors are often more useful. In
the literature on qualitative simulation this issue has not been given much attention. It is



one of the problemsthat has to be tackled in order to use qualitative models for tutoring
purposes.

Using QR models in ILE

Qualitative techniques provide powerful means to construct cognitive engines for
education. This section discusses some of the main research areas that have to be
addressed in order to successfully use qualitative techniques for that purpose.

Selecting and sequencing subject matter

One set of problems that has to be tackled concerns the things the learning environment
will present to the learner(s) to interact with. This may include issues such as global
curriculum planning, model selection for each of the topics that the learner hasto
acquire knowledge about, and detailed specifications of the exercises or assignments
that the learner hasto carry out. Relevant from a qualitative reasoning point of view is
that all the decisions on these issues, and the automated procedures following from that,
will be grounded in terms of a qualitative ontology as much as possible. In order to
clarify what is meant by this, imagine a causal model that may be generated by a
gualitative engine for the contai ner-piston assembly shown in Fig. 6b. Usually such a
model istoo big to be comprehensible for alearner in one go. What is heeded in such
situationsis a procedure that guides the learner through the model in smaller and
understandable steps. For this purpose the ontology of qualitative models can be used. It
can be regarded as a kind of metalanguage (cf. Harmelen, 1991) in which the steps can
be defined. Consider the following procedure:

1. Focus on the quantities of objects and assemblies

2. Follow the causal paths

3. Focus on processes (and follow causal paths)

4. Consider transition to successive states of behavior (and repeat steps)

The rational behind this procedure would read as follows: learners must first identify the
objectsin the simulated system and their important quantities. Next, or while
considering a specific object, they have to learn about the causal dependencies for each
object and aggregate. Depending on the specific causal structure for the container-piston
assembly, learners will be confronted by the environment on issues concerning the
guantities (and objects) relevant to: (1) the gasin the container closed by a piston, (2)



the air surrounding this assembly and (3) the heat source. The third major step concerns
the introduction of the processes. In the container-piston assembly there are at |east four
processes. One heat flow process from the heat source to the gasin the container, one
from this gas to the surrounding air, one from the heat source to the surrounding air, and
one 'move’ process effecting the position of the piston. The typical steps for discussing
each of the processes with the learner are:

1. Find the appropriate inequality between the involved quantities

2. Discussthe flow (in the example: energy) and the initial changes (viainfluences)
that follow from that

3. Usethe causal paths to explain how theinitial changes are further propagated (via
proportionalities) and possibly restore the equilibrium

The last step in dealing with processes relates to the fourth step of the previous
procedure. The changes represented by the derivatives of the quantities may lead to new
states of behavior either because inequalities between quantities may change or because
quantities take on different values from their quantity spaces.

This procedure of selecting and sequencing subject matter isonly afirst step in showing
how the qualitative ontology can be used as a basis for driving the interactive learning
environment. Many additional problems have to be solved, such as determining how to
automatically generate questions and assignments to present to the learner. In dealing
with these issues we can also draw from other, sometimes more traditional, approaches
to instructional design. The project SMISLE (Jong et al., 1994) for example, presents a
set of general assignments that can be used for different situations. However, many of
these approaches are not automated, i.e. similar to traditional CAl, the interaction with
the learner has to be specified over and over again for each new situation. An interesting
guestion is how we can ground these approaches, and thus automate them, by using a
qualitative ontology.

Some interesting publications in this direction have been published. White &
Frederiksen (1990) present their causal model progression as an approach to specifying
the notion of problem complexity in terms of a qualitative model. Falkenhainer &
Forbus (1991) try to solve another part of the same puzzle with their compositional
modeling approach. Here the question is how to find the minimum set of model
fragments needed for simulating the behavior of a system and to answer adequately a
specific question. Sime (1995) tackles the problem from yet a different angle. She
discusses how a specific approach to learning can be operationalised in terms of a
gualitative ontology (see also thisissue).



It isimportant to realize that not all didactic aspects can be grounded in a qualitative
ontology. For example, when proceeding through successive states of a simulation, how
often should a specific causal structure that reappears in a number of states be discussed
with alearner? After a certain number of times the learner may have understood the
phenomena and may want to move on. If the learning environment keeps bringing up
this specific causal structure the learner will get bored or irritated and loose interest for
the environment. However, people tend to forget things and, in order to prevent this,
important issues have to be rehearsed sufficiently. It is not likely that the qualitative
ontology will provide much leverage for determining how to deal with these issues.
Research from other areas such as cognitive and learning sciences have to be applied for
this purpose. However, from a pragmatic point of view we can circumvent the problem
by giving an amount of navigation control to the user. For example, after having
correctly processed a causal structure once, the learner may skip it in successive states
of behavior. In fact, finding an optimal point in using both the learners own control and
the assignments set by the environment provides an interesting research question.

Cognitive Diagnosis

When the learning environment is not one of free exploration, but meant to guide the
learner towards some kind of understanding and mastering of the domain, the system
will have to be able to detect missing knowledge or misconceptions on the part of the
learner. Relying on the learner himself to ask for additional information is usually not
enough (they are often unaware of their knowledge gaps), but even in the case of a
request for help, the system will in most cases have to do some reasoning in order to
decide what exactly it isthe learner needs to know. In order to detect or infer learners
needs for additional information, the system first of al needs to know the ‘ correct’
conceptions and skills; usualy thisis represented in the domain model. Next, it hasto
use this ‘correct’ or norm model to either interpret the learner’ s request for help, or to
compare the learner’ s answer or action to it, to see whether that deviates from the norm.
When the learner’ s behavior deviates from the norm, it is an indication for missing
knowledge or a misconception on the part of the learner (especially when accompanied
by arequest for help). In that case the system could try to pinpoint the exact piece of
knowledge that is missing or incorrect. This processis usually referred to as (cognitive)
diagnosis. The outcome of this diagnostic process should be either alack of knowledge
or amisconception of the learner (cf. Winkels, 1992; Bredeweg & Winkels, 1994). For
diagnostic methods we can turn to the field of model based diagnosis, as some people
have suggested (cf. Self, 1992; Bredeweg & Breuker, 1993).



In model based diagnosis, one can distinguish two processes: generating hypotheses and
testing them (cf. Davis & Hamscher, 1988). Most teaching systems that do diagnosis
use decision tree-like structures, where tests are directly associated with hypotheses. In
the case of an explicit and cognitively plausible domain model, for instance a qualitative
model, we can use this norm model for generating hypotheses in a more systematic
way. There are basically two ways to do that, depending on (our understanding of) the
domain: by ‘decomposition’ and by ‘ specialization’. The first method assumes a
hierarchical structure of parts or components at the domain level. In principle the
diagnostic processis very simple: partition the system according to its decomposition
and eliminate the correctly functioning parts by testing. The second approach,
generating hypotheses by ‘ specialization’, requires less structure in the domain, and
works by descending taxonomies (e.g. asin heuristic classification; Clancey, 1985).
Hypotheses can be tested against the data of the actual behavior of the learner,
previously acquired data about the learner's knowledge and competence at the task (as
reflected by alearner model), or by presenting a new problem to the learner that will
discriminate between competing hypotheses. In principle, there are two solutions for
picking the next problem: either selecting the best (most discriminating) problem from a
stored set, or constructing acritical test on the basis of the current hypothesis set.

The outcome of this diagnostic processis a‘faulty component’. What can be wrong
with each of these elements? In analogy with troubleshooting of artifactsit can be said
that either the particular component does not work at all (the learner does not possess or
cannot retrieve the particular knowledge), or it functions incorrectly (the learner has a
misconception). The first case isrelatively easy to check (we are not concerned with
computational tractability for the moment). The second case is more difficult. If the
correct version of the knowledge is replaced by something else, what isit replaced
with? A pragmatic solution would be to provide the system with ‘fault models' that
reflect (common) misconceptions (as e.g. proposed by Koning et al., 1996).

Take the container-piston situation in Fig. 6b as an example. A learner is asked to
predict what will happen. Suppose he or she predicts the piston will move outwards (to
the left), i.e. the volume of the gaswill increase. “ And next?’ we might ask. “It will
keep on moving outwards until we turn off the heat source, or it drops from the
container”, the learner replies. Thisis certainly alikely possibility, but only one of the
two. Another possibility the qualitative reasoning engine comes up with, isthat the
piston will stop moving at a certain moment, because the flow of energy from the
source to the gas will be equal to the flow of energy from the gas to the outside world.
The pressure of the gas will therefore not increase anymore, and the piston will cometo
ahold. One possible explanation (hypothesis) of why the learner does not see this



possibility, isthat the learner misses the heat flow process between the gas and the
world in his or her model altogether. Another hypothesisis that the learner just forgot
about the possibility that the two flows of energy might be equal. When the learner
model does not help us to distinguish between the two possibilities, we may decide to
ask the learner a question, or to present a new problem that will resolve the ambiguity,
or perhaps even reveal or trigger the missing part of his or her model to the learner. We
might ask the learner to tell or show us all heat flow processesin the situation. If the
learner only indicates the one between the source and the gas, we may try to direct the
learner’ s attention to the increasing temperature of the gas and the difference with the
outside temperature. We may also opt for the presentation of anew ‘problem’. It would
have to focus on the relation between the two heat flow processes, for instance onein
which the heat sourceisvery small.

Whatever the solution, the important thing here is that the qualitative ‘norm’ model
enables us to detect a possible lack of knowledge or misconception on the part of the
learner, and can be used to suggest likely candidates for them as well. Many problems
still remain in this diagnostic process, e.g. finding the right level of abstraction for
hypotheses, ensuring the cognitive tractability and plausibility of the norm models (cf.
Koning & Bredeweg, thisissue), managing the search space for the diagnostic engine,
generating or finding fault models, constructing critical tests, etc.

Generating Explanations

Qualitative domain models facilitate the generation of explanationsin severa ways.
First and foremost, as was mentioned before, they provide a vocabulary and conceptual
framework to talk and think about the domain. They deal with ‘quantities’,
‘components’, ‘ processes’, ‘influences’, etc., instead of with mathematical functions.
Most qualitative models also provide direct access to the structure of the system it
represents. This can be used to describe the physical structure in terms of components
and sub-components, and their function, to the learner. As a mechanism for generating
explanations for these static model elements, one could use schemata of rhetorical
predicates, as described by McKeown (1985) for database objects. She identified
severa answer schemata for specific question types of users about these objects. An
exampleisthe ‘identification’ schemafor providing definitions, that includes the
description of ‘type’ and ‘constituency’ relations, ‘ concept attributes’, and will give an
example. For instance, for the kettle example in Fig. 6¢, an identification schema could
be used to describe the concept of a‘ contained liquid’ when the learner asks about it,



such as: “A contained liquid isaliquid that is contained by a container. An exampleis
contained-liquidl that is contained by containerl.”.

Besides the static model elements, the reasoning on the basis of the models (pre- and
postdiction) can be used to explain ‘how’ the system works and ‘why’ it behaves asit
does (causality). Provided that the qualitative model has (some) cognitive plausibility
(i.e. can serve as mental model, cf. Gentner & Stevens, 1983), these causal explanations
can be used in teaching (cf. Bredeweg & Schut, 1991). For instance, the model of Fig. 5
can be used to explain what will happen to the temperatures of the two objects. aflow
of energy will occur which will cause an increase of energy in the colder object and a
decrease of energy in the warmer object (influences), which in turn will lead to arising
temperature of the colder object and a dropping temperature of the warmer object
(proportionalities), until both temperatures are equal. For such arelatively simple
model, the process of explaining a causal chain is straightforward, but for more complex
models the reasoning may contain ambiguities, and the chains will be far too long to
communicate to learners. Causal chains at higher levels of abstraction (alarger grain
size) are then needed. This could for instance be achieved by a chunking process, where
paths that do not branch (i.e. there are no alternatives for what can happen) are
collapsed into fewer, or even one step. In the example given above, one could decide to
take the influence and the proportionality in one go, and state that the flow of energy
will ‘cause’ adrop of temperature in the warmer object, and arising temperature in the
colder object. One step further would be to just state that the flow of energy will ‘ cause’
the temperatures to become equal. Later on, one can always expand (parts of) the causal
chain to amore detailed level. What is needed for these types of explanations are more
dynamic mechanisms that are driven by communicative or instructional goals and
intentions (c.f. Winkels, 1992; Vadillo et al., thisissue), rather than the static, content
driven approach of McKeown (1985).

An interesting use could be made of the library of model fragments for explanations,
namely creating analogies (cf. Gentner, 1983). When alearner has been confronted with
the heat flow process of Fig. 5, we could use structure mapping to find the analogous
process of liquid flow and use it either to explain the heat flow (e.g. when the learner
already understands the liquid flow process), or to introduce the liquid flow process
once the learner understands the heat flow process. Suppose for instance that a learner
holds the belief that a heat flow process, as depicted in Fig. 5, terminates when Heat1
and Heat?2 are equal, instead of when the temperatures are equal. Thismay show upin
an example where one object is much larger than the other object. One could use an
analogy with the liquid flow process to show the consequences of that belief. Will there
be aflow of water in the situation of alarge container with water connected through a



tube to amuch smaller container of water, where the fluid heights are equal in both
containers (i.e. the pressures are equal)?

Of course, the story is not as simple as the example seemsto indicate. Not all analogies
are based on structure mapping, and not all analogies one can find will be useful in an
educational setting. Further research will have to unravel other mechanisms for finding
analogies and deciding on their appropriateness (cf. Hofstadter, 1995).

Authoring and Model Construction Support

Authoring for tutoring purposes, and model construction in general, is an area of
research that is largely ignored by the qualitative reasoning community (cf. Schut &
Bredeweg, 1996). As aresult thereis hardly any 'easy-to-use' software available to
support authors during the process of model construction. Two areas of research can be
pointed out. One concerns the development of interfaces that support the task of
constructing qualitative models by an author (and the learning environment that should
accompany this). Thisline of research is closely related to studies in human computer
interaction (cf. Preece et al., 1994). The second area concerns the construction of tools
that automate certain subtasks of the overall authoring task. Consider for example tools
that help the author to diagnose and repair a buggy model. Also machine learning
techniques can used for this purpose (cf. Bratko et al., 1992; Mozetic et al., 1990).

Improving Qualitative Simulators

Many researchers in the qualitative reasoning community are concerned with improving
the reasoning capabilities of the qualitative simulators. Thisistypically what the
majority of the papers presented at the annual qualitative reasoning workshop deal with
(cf. Iwasaki & Farquhar, 1996; Bredeweg, 1995). An interesting topic that gets much
attention is the integration of qualitative and quantitative simulators (cf. Forbus &
Whalley, thisissue). Lately, within the community an awareness has emerged
concerning the importance of task-level reasoning and other more goal directed and
applied research questions. The community is more aware of the fact that the
anticipated use of the qualitative techniques to a large extend determines the specific
improvements that are required. Some extensions specific for tutoring situations have
been described (see for example: Bredeweg et al., 1995; Falkenhainer & Forbus, 1991;
Weld, 1988). Thereis however still alarge area of research to be covered.



How to Teach?

In this introduction to using qualitative techniques as the basis for intelligent smulation
environments we have not made commitments to a specific style of teaching. Using a
qualitative model doesin itself not require a specific choice on this matter. On the one
hand it is possible to construct an interactive environment which allows learners to
freely explore the subject matter. On the other hand, more restricted approaches, such as
guided discovery, or fully tutoring are also possible. Also possible are co-operative and
distributed forms of learning and alternative styles of teaching, such as having learners
design certain behavioral artifacts or diagnose errors. It would in fact be very interesting
to have more research focusing on questions related to how the qualitative ontology can
be used to support these different styles of learning and teaching.

Contributions in the two issues

Thisissue contains eight contributions, divided over two separate volumes. All
contributions deal with some of the research topics described in the previous section.
We will shortly introduce them.

I ssue number 1 (thisissue)

Forbus & Whalley describe CyclePad, alearning environment for analyzing and
designing thermodynamic cycles. CyclePad is focused on quantitative analysis of
thermodynamic cycles, but qualitative reasoning is used to rule out physically
impossible designs. It is a good example of aworking and efficient system that
combines quantitative and qualitative modeling for teaching by simulation.

Frederiksen & White argue that causal, typically qualitative models are of particular
importance for obtaining transferable expertise. These models are general enough to be
applicable across certain domains, and yet specific enough to be powerful and allow for
successful and efficient reasoning. Frederiksen & White demonstrate the use of such
causal modelsin ILEsfor electronic troubleshooting, and end with some instructional
implications for the design of computer based learning environments.

Hartley describes how learners acquire knowledge in certain domains of physics using
computer-based tools. In particular, how learners can be guided in changing their mis-



or pre-conceptions about some phenomena, by having them construct qualitative
explanatory models. An experimental study shows that learners did change their ideas
when the interaction was focused on causal reasoning.

Koning & Bredeweg go on to examine whether qualitative models provide the right
vocabulary and reasoning for a dialogue between teachers and learners. In other words,
are qualitative models good candidates for normative, prescriptive models to be used for
teaching? It turns out that their model forms a good basis to start from, but needs to be
extended to allow for task level reasoning which is required for tutoring purposes.

| ssue number 2

Michau et a present an interesting use of QR techniques, which is dlightly different
from the typical 'reasoning from structure' view held usually. It deals with deriving
qualitative features from graphs showing quantitative behavior simulation of a system.
It isessential for control engineering to understand such graphsin terms of critical
qualitative features. These curve classifications are than used in teaching qualitative
estimations of process performance. Their AUTO-DIDACT learning environment
contains amodule (ANAIYS) that is able to do qualitative curve interpretation and can
show the result to the learner, or guide the learner through the interpretation process.

Ploetzner & Spada hold the position that both qualitative and quantitative models are
necessary for successful problem solving, at least in physics. They suggest the use of
qualitative problem representations to facilitate the construction of quantitative problem
representations in two ways. First, they can enable the derivation of additional
guantitative information, and secondly, they can provide constraints to be met by
quantitative representations. Their program SEPIA demonstrates this by solving
guantitative problemsin the domain of classical mechanics successfully and more
efficiently by first forming a qualitative representation of them. The cognitive
simulation model SEPIA also suggests how and where qualitative misconceptions effect
problem solving.

Sime describes her work on MS-PRODS, a learner-centered learning environment to
promote better understanding of a process rig. Emphasisis on the use of different
domain models, both quantitative and qualitative to achieve that understanding. She
introduces seven dimensions to classify the different domain models, and a mechanism
to progress through the models, based on these dimensions. The system could use
severa strategies for model progression. Sime’sinterest is mainly in the Cognitive
Flexibility Theory (CFT) (Spiro & Jehng, 1990) to guide the sequencing. Contrary to



other work, e.g. QUEST (White & Frederiksen, 1990), CFT suggests the alternating use
of different modelsto foster better understanding of the domain, instead of moving from
simple to more complex models.

Vadillo et al. concentrate on the potential use of qualitative models for generating
explanations to help users or learnersto learn a domain. They present an extension of
the INTZA system, atutoring environment for industrial training situations. In order to
provide good behavioral explanations for smulationsin INTZA, they extend domain
models with a qualitative, causal viewpoint. The causal model is obtained by applying
causal ordering (Iwasaki & Simon, 1986) to the set of differential equations that
describes the system. When the user asks for help, or when an error of the user in
performing atask with the simulation has been detected, an explanation involving a
behavioral description of the system is often required. The causal model is used to
generate the content of that behavioral description, and domain independent explanation
strategies are used to present that information to the user in away similar to that used in
Eurohelp (Winkels, 1992).

Concluding Remarks

We have argued that it is useful for people to learn to understand and handle systemsin
the physical world through interacting with computer based simulations. Traditionally,
these simulations are based on mathematical models, that are very efficient, but have
several shortcomings when it comes to explaining them to relative novices. Thisformed
one of the ingpirations for the research in qualitative reasoning. Qualitative domain
models have a number of features that make them very interesting for use in Interactive
Learning Environments (ILES). They provide us with a conceptual framework to talk
and reason about the physical world. The models are explicit and articul ated
representations of systems and their behavior, and can therefore be used for causal
explanations. We have addressed severa research topics related to interactive learning
environments, and tried to show that qualitative models have great potential, notably in
the areas of selecting and sequencing subject matter, cognitive diagnosis, and explaining
domain models and their behavior to learners. We have outlined some ideas of how
these tasks could be aided when the interactive ssmulation is based on a qualitative
model, and suggested research questions to be addressed in the future. Furthermore, we
have mentioned other interesting areas of research related to the use of qualitative
modelsin ILE. The contributionsin this special issue will explore some of the issues
introduced in more depth.
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