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Abstract. Designing an Interactive Learning Environment (ILE) requires work
within a multi-disciplinary team [9]. In this paper, we describe the designing
process of the ILE AMBRE, the purpose of which is to teach methods. We
show how, based on didactic work, we chose to represent the expert knowledge
to be taught to the learner through Artificial Intelligence techniques. We also
describe how we adjusted the Case-Based Reasoning paradigm (CBR), derived
from Artificial Intelligence, to teaching abstract knowledge based on problem
classes. Last we describe a Cognitive Psychology experiment we conducted in
order to test the appropriateness of the thus designed EIAH to the goals of the
AMBRE project.

1 Introduction

This paper describes the multidisciplinary work conducted in the framework of the
AMBRE project. The purpose of the project is to complete an Interactive Learning
Environment (ILE) to teach methods. Derived from didactic studies, these methods
are based on a classification of problems and solving tools.

In order to teach abstract knowledge, we suggest to use the Case-Based Reasoning
paradigm (CBR). Our theory is that the use of cases already experienced by the
learner to solve problems and the comparison between experienced cases and
problems to be solved can help the learner acquire abstract knowledge (schemata,
problem classes).

In the first part of this paper, we describe the knowledge that we would like the
learner to acquire through the AMBRE ILE, and how we represent it within an
Artificial Intelligence system. We then present how such expertise can be connected
with CBR, and describe existing work regarding ILE using CBR. In a third section,
we show the teaching process, which the AMBRE project is based on, as well as the
first ILE prototype implemented. We finish with a description of an experiment
intended to test the appropriateness of the prototype to the goals of the project, the
results of the experimentation leading us to express recommendations for designing
the AMBRE ILE.



2 How to Represent the Knowledge to Be Taught?

Didactic studies suggest teaching explicitly the methods, which, in a small domain,
help to guide the problem solving process [14][15]. These methods are based on a
classification of problems and of solving tools. They help select the solving technique
that is best suited to a given problem.

As part of the AMBRE project, we consider relying on a problem solver to help the
learning, particularly in order to provide the learner with explanations. The problem
solver should therefore work according to the methods it wishes to have acquired, not
according to the most general expert methods of the domain [4]. Thus, the solver
should be designed and derived from the targeted knowledge.

In order to represent such knowledge, we use the SYRCLAD [7] solver architecture
which enables to explicit in a declarative way a problem classification and the
reformulation and solution knowledge associated with it. Thus it enables to model the
knowledge to be observed in learners, not only the knowledge of an expert.

In a given domain, an expert (didactician, teacher...) defines a hierarchy of
problem classes. In order to be able to use that hierarchy to classify a problem, an
expert should define the reformulation knowledge that allows computing the values of
discriminating attributes of the classification hierarchy. Some classes in the hierarchy,
referred to as operational, are specific enough for each one to be associated with a
solving technique suited for the problems in that class (according to the system).

Solving a problem then consists first of all in an operationalisation phase, where
the system uses the reformulation knowledge and the domain problem classification
graph to determine what class the problem is in and to build a new model of that
problem (referred to as operational model). This model is mainly composed of the
discriminating attributes of the hierarchy, but also of attributes which distinguish the
problem from its class. This operational model no longer has surface features (i.e.
problem elements irrelevant to the solution) of the descriptive model. The solving in
itself then consists in applying the solving technique associated with the class of
problem to the operational model, in order to get a solution to the posed problem.

The purpose of the AMBRE project is to design an ILE the purpose of which is to
have the learner acquire a solving method based on a problem class hierarchy and on
solving techniques associated with those classes. However, it does not always seem
appropriate to present such a hierarchy to the learner explicitly. In some domains, the
terms defining solving techniques and classes are not necessarily used institutionally
and are unknown to the learners. Therefore we consider a process where the learner is
more active, where he or she builds his own method, by representing a class of
problem by a prototype problem. We believe that the case-based reasoning paradigm
can help the learner acquire such a method.



3 Use Case—Based Reasoning

3.1 From SYRCLAD to CBR

Case-Based Reasoning can be described as a set of sequential steps (elaborate,
retrieve, adapt, test/revise, store) that is often represented by a cycle [13]. We liken
such a cycle (steps in bold type in Figure 1) to a solving method implemented with
the SYRCLAD architecture (steps in italics type in Figure 1).
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Fig. 1. SYRCLAD and the CBR cycle

The problem reformulation step can be seen as a target case elaboration step, even if
that step is then advanced since it uses classification knowledge and reformulation
knowledge. The problem classification can also be matched with a source case
retrieval step, the retrieved source case then constituting the prototype case of the
problem class that a SYRCLAD solver would have determined. Adapting the solving of
that source case to the target case is then like applying the solving technique to the
operational class represented by the prototype. In order to store the solved problem,
one can consider that the SYRCLAD solver connects the new case with a problem
class. The SYRCLAD solver does not use the revision step of usual CBR cycle, since
the solving is always correct. In the AMBRE ILE, revision is included in each step of
the cycle, as it is explained in part 4.

Our objective is to have acquired a solving method based on a problem class
hierarchy by presenting examples of solved problems to the learner, and guiding the
solution of new problems using case-based reasoning. We wish the « expert-student »
knowledge after the learning can be modelled like in Figure 2: based on a cases base,
the learner has built operational classes represented by a prototype problem, and these
problem classes can be organised in a hierarchy.
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3.2 CBR Uses in ILE

The CBR paradigm is a technique that has already been used in various parts of an
ILE.

Modelling the learner’s knowledge can be done using CBR [18], like the
assessment of the leaner [10]. By comparing the learner’s model with other learners’
assessments (forming a cases base), CBR can also help select a learning strategy [5],
or build a path in a hypertext [8].

The closest application of our theory is Case-Based Teaching [17]. Systems based
on this learning strategy present a close case to the learner when the leaner is having
difficulty solving a problem, or when facing a problem he or she never came across
before (in a new domain or a new type). In these systems there are several levels of
interactivity between the learner and the computer environment [19]. The learner can
ask the system to find a similar example and explain how that case was solved; the
system can also offer the entire solution to the learner’s exercise like in CATO [1].

The Virtual Participant [12] is an example of case-based teaching. It is a virtual
assistant intervening in virtual lectures to present cases to the learners. The cases base
includes problems posed by persons taking part in the lecture, and solutions (offered
by the same persons). This environment has been tried in a course where forum type
lectures were given. From one year to the other, the participants experienced similar
problems; thus the Virtual Participant helps meet their expectations more efficiently
by offering similar cases experiences by previous year students.



4 The Learning Principle in AMBRE

In the case of the AMBRE project, the purpose was to have the learner acquire a
solving method for problems in one domain. To do so, the first step is to present him,
in an interactive manner, the solving of a few typical problems (serving as cases base
initialisation). The learner is then assisted in solving new problems (usually in the
same class as the submitted examples): the environment guides the learner’s solving
of the problem by following each step of the CBR cycle (see Figure 3). Elaboration,
retrieval, adaptation and storage are done by the learner, but guided by the system.
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Fig. 3. The solving steps in AMBRE

4.1 Elaboration of the Target Case

The first step consists in reformulating the problem to be solved. The learner is asked
to build a new formulation of the submitted problem, step by step. Actually this task
consists in identifying the structural features of the problem to be solved (i.e. relevant
features for the solution, as opposed to surface features), by finding attributes of the
operational problem model. The system relies on the classification graph to guide the
reformulation. It reviews the student’s answers and explains possible mistakes in
order to reach an agreement with the student on a correct reformulation. The
reformulation (operational model) no longer has most of the initial problem’s surface
features, and becomes a reference for the remainder of the solving.

4.2 Retrieval of a Source Case

The second step of the solving consists in the learner comparing the problem to be
solved with those he or she has already solved by identifying differences and
similarities in each case. He or she should choose the prototype problem (source case)
that seems the nearest to the problem to be solved, such nearness being based on
reformulated problems, not on surface features. By choosing a prototype exercise, the
learner implicitly identifies the class of problems associated with the problem to be
solved. The system diagnoses the student’s proposal and may suggest and justify a
better choice, in order to reach an agreement with the student on the reference
problem.



4.3 Adaptation of the Source Case Solution to the Target Case

In order to complete the solving, the learner should adapt the solution of the source
case (the reference problem) to the target case (the problem to be solved). At this
point, we are hopeful that little by little, the learner will relate a solving plan to the
problem class. The system prepares such an adaptation by outlining differences and
similarities between the source case and the target case. When both cases belong to
the same operational class, adapting the solution of the prototype problem comes to
applying the solving technique associated with its respective class to the values of the
significant attributes of the problem to be solved (those that distinguish the problem
from the class it is an instance of). The solving technique, known to the system, is not
explicitly known to the learner. That is why the learner should rely on the source case
solution and adapt it to the target case.

It can be considered that in a first phase, the system will show the learner how to
carry out the adaptation step with an example, in order to introduce the interface tools
helping to achieve the adaptation. When the learner puts forward an adaptation
resulting in a solution proposal, the system diagnoses the proposal and may provide
explanations on corrections to be made in order to reach a correct solution.

4.4 Storage of the Target Case

Once the problem is solved, the learner should add it to the cases base, i.e. insert it in
the problems structure he or she has built. During that phase, the learner should
identify, explicitly this time, the problem class associated with the problem to be
solved. This task will often consists in relating the new case to a prototype problem,
therefore in inserting it in a group of existing problems. A group of problems includes
all problems in the same operational class. Obviously the learner should be given an
opportunity to change the selection of the prototype problem representing a group. In
addition, it may be advisable that the prototype problems all belong to the same
family of problems (in the meaning of surface features), so as to better focus on
structure differences.

It may occur that the new case does not belong to an existing group of problems,
and the learner can then create a new group whose prototype problem is the problem
he or she has just solved. It may also occur that one (or several) sub-groups of
problem need to be created within a group, the sub-group being also represented by a
prototype problem. The purpose is to represent an operational class, sub-class of
another operational class; to the sub-class is related a more specific solving technique
than the one related to the parent class.

Last, the learner should be given tools to help him, if he or she wishes, distinguish
problem groups from one another, by building an initial hierarchy. To do so, it is
advisable that he or she uses attributes of operational models, which he or she is
familiar with through the problem reformulation step.



5 Prototype Evaluation

A prototype of the AMBRE ILE was made (see Figure 4 for the retrieval step) for the
numbering problem domain (final scientific year level)'. The prototype reproduces the
operation of the system with a limited number of problems, as the Artificial
Intelligence modules of the systems have not been integrated yet. Indeed, for the
AMBRE environment to provide the functions described in the above section,
conventional ILE modules, i.e. the expert module, the learner’s model, the diagnosis
module, the educational module and the aid and explanation module should be
completed and the SYRCLAD solver integrated.
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Fig. 4. The prototype retrieval step

Prior to developing the entire ILE, we wanted to assess the impact of the CBR
paradigm on method learning by observing, at first, the behaviour of users with the
prototype.

As part of this preliminary evaluation, conducted according to cognitive
psychology techniques, two hypotheses were tested:
¢ the use of CBR paradigm facilitates the induction of problems categories,

o the use of the CBR paradigm helps improve the learner’s performance by problem
solving.
Below, we describe the experiment conducted and the results obtained.

! The problem class hierarchy for this domain was determined as part of the "Combien?" work
group, composed of Artificial Intelligence researchers and mathematic teachers [6].



5.1 Experimentation

This first evaluation consists of a comparison study of the use of two prototypes; the
first prototype guides the solving according to the ILE AMBRE principle, and therefore
integrates the CBR paradigm. The second prototype offers, as a control condition, a
simple solving of the same exercises in the same environment, but without any special
guiding.

Before and after the training with the prototype (see Figure 5), the learners solve
two paper-pencil tasks:

e aproblem solving task helping to measure the learners’ performance,

e a problem categorisation task (classification of ten exercises wordings based on
solution similarity) providing indication of learners’ classification.

The experiment was conducted with 64 students in their final scientific year, in the

classroom in order to reproduce actual use conditions.

The tasks offered in pre-test and post-test were analysed and compared. For the
categorisation task, the classifications given by the learners were subjected to a
descriptive analysis using the Barthélémy and Guénoche taxonomy [2]. For the
problem-solving task, the answers were processed using a variance analysis.

Prototype use traces were also analysed in order to observe software use conditions
and determine most frequent errors.

pre-test training phase post-test
CBR prototype
reformulate
/ store refrieve \{

I Exercice solving l adapt I Exercice solving l
I Problem categorisation l Control prototype I Problem categorisation l
\’ problem /
solution

Fig. 5. Experimentation plan

5.2 Results and Discussion

First of all the results of this first experiment show that the prototype using the CBR
paradigm facilitates problem classifying according to relevant features for the solving,
but only with some learners. Then, during the post-test, there is no significant
problem solving performance difference between both groups (those using the CBR
prototype and those using the control prototype). In addition, use traces outline the
difficulties experienced by the learners in finding the closest source exercise in the
retrieval step; they often proceed by trial-error. Thus, even if the reformulation step
helps explain structure features, it does not facilitate the use of such features in the
retrieval step.



Therefore these results do not validate our hypotheses (problem category induction
facilitation and improved problem solving performance). One could assume these
disappointing results come from the difficulty experienced by some learners during
the retrieval step (the way we presented this step on the interface should be
improved). These results are also partly due to the lack of system flexibility, which
does not allow the learner to circulate between the various process steps.

5.3 Advice for Designing the ILE

The results of the experiment underline the need to improve the ILE prototype before
carrying on with the tests. The retrieval step seems the most important one to develop.
There should be more incentives to compare the target problem and the typical
problems. To do so, we should offer tools to the learner facilitating such comparison.
We have already imagined the techniques which in the next version of the prototype,
will help outline the similarities and differences between the problem to be solved and
the case base derived problems. In addition, transition from one step to the other
should be made possible so the learner may understand the impact of the choice of the
typical problem on the remainder of the resolution (the adaptation step), and so he or
she can relate the retrieval and storage step. One can assume that by offering greater
freedom for movement between CBR steps, the learner’s awareness of the
relationship between such steps will be made easier. The integration of artificial
intelligence modules in the prototype should add flexibility, particularly for this point.

6 Conclusions and Prospects

This paper described the AMBRE ILE project, which relies on the CBR solving cycle
to have the learner acquire a problem solving method based on a classification of
problems in the domain. For this study, we designed and implemented a prototype of
the ILE using the CBR paradigm to facilitate method learning by guiding the student
towards problem classification and solving tools. Thus we took into account, in
addition to the CBR paradigm, cognitive psychology studies that demonstrate the
importance of using examples when elaborating abstract knowledge [3]. In order to
assess the impact of this paradigm on problem classification and solving tools, we set
up an experiment comparing the prototype to a prototype without CBR.

Although the results of this first cognitive evaluation do not confirm our
hypotheses, they give a better understanding of the learner’s behaviour and views.
This enables us to express recommendations that should make easier, in the AMBRE
ILE, the learner’s classification of problems and solving tools. The new prototype,
integrating at least part of the artificial intelligence modules, and taking into account
the recommendations expressed after the first experiment, should help us set up new
experiments with a view to assessing the impact of the CBR on learning problem
classes and on learning solving tool classes. A longitudinal study would also be useful
to observe the learner’s problem classification as time passes. Last, additional
experiments on learning from examples will help provide a better understanding of
how to induce some learning processes, and thereby help method teaching.
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