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Abstract A knowledge representation model called The Memory Map [1] was
used to model the expert and student model of college courses. The students
and expert models were compared and the differences were used to personal-
ize the sequence of learning activities for each student. The personalization
scheme is designed to detect secondary knowledge gaps, i.e., concepts re-
quired to understand more complex concepts, and also estimates the correct
time and place where a learning activity should be introduced. A prototype of
the model was used in an everyday scenario student to model a course and to
see what impact the adaptation had on the students. The model was also used
to model the expert domain of an Intelligent Tutoring System.
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1 Introduction

Artificial Intelligence and Cognitive Science have played an important
role enhancing traditional learning environments to turn them into Intelli-
gent Learning Environments (ILE). Examples of these applications can be
found in the works of knowledge representation [1], cognitive tutors [2],
learning companions [3], emotion detection [4], and question generation [5],
among others. ILEs in general show strong tendencies towards personaliza-
tion; the sequence of learning activities in the learning flow is a central part
of the instructional design process [6] and it is one of the most common
types of personalization, this is the selection of the content and the way it
should be provided. This is important due to the differences in learning be-
tween different students when exposed to same learning experience as a
result of the differences in learning rate, different previous knowledge and
the differences in abilities and competences that each student has. Indeed,
cognitive tutors also referred to as Intelligent Tutoring Systems (ITS), address
this phenomenon by using a scheme of one on one tutoring proposed by
Benjamin Bloom [7]. Sequence adaptation involves adding or subtracting
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learning activities, as well as changing the order in which they are presented
in the original sequence of learning activities [8]. Every day education should
enable students to compensate the knowledge they have missed during their
regular group learning process. This regularization is necessary if the student
is to learn more advance topics effectively. Students learning sequence could
be personalized to allow the development of the lacking knowledge to regu-
larize or to advance the student according to his/her rhythm. To achieve this
kind of personalization a deep understanding of the learner’s knowledge is
required; the Memory Map model allows this representation in a simple,
flexible and complete way. This model allows a complete understanding of
the organization of the knowledge, and shows how the student’s concepts
are linked together with skills; therefore, instructional decisions can be made
to improve the students learning process. The following sections describe the
way in which the model was used for course personalization. In section 2 the
knowledge representation model is presented, in section 3 sequencing of
learning objectives is integrated to the model, in section 4 personalization of
the learning sequences is explained, in section 5 the application of the model
is shown and in section 6 conclusions and future work are presented.

2 Knowledge Representation

The definition of concepts in the MM [1] and the way their behavior are de-
scribed, are influenced by the ideas of Vygotsky’s constructivism [9], Fodor’s
Language of Thought Hypothesis [10] and Hobbes’ Representational Theory
of the Mind [11]. In the MM concepts are defined as dynamic computable
units which are composed of other concepts in combination with a specific
kind of association function which may be seen as attributes for a given con-
text; similar approaches can be found in the works of [12] The MM combines
symbolic representation of semantic networks with what is a distributed
local representation approach found in neural networks [13], i.e. non sym-
bolic systems. This definition of concept and its implications in the model
implementation enables the creation of several learning domains, where
each concept can have different sets of attribute relevancies for different
contexts, and a context can be integrated by one or several domains of
knowledge. Each course is in fact a context integrated by several domains,
for example a course in advanced web programming would be the combina-



tion of the knowledge domains: web, programming, servers, php, perl, javas-
crip and html, among others. Several contexts can coexist within a single
MM, this is a MM with many different domains, this is treated as a student
cognitive profile because it is a natural reflection of the students’ knowledge,
i.e., the brain is not a rigid structure divided by separate domains it is an in-
tertwined associative network which can activate different connections de-
pending on the context [14]. The adaptation of a learning sequence begins
when the MM is first used to model the concepts and associations that a
group of students is expected to learn during the course. This is called the
course-MM and would be equivalent to the expert domain in cognitive agent
architecture; a small extract of a modeled course is presented in Fig. 1.
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Fig. 1. A graphical representation of a segment of the Theory of Computation course the
Memory Map

3 Associative Learning Path

Once the knowledge of the domain is represented in the course-MM,
a sequence layer is added. In this layer the associations are numbered and
treated as learning objectives. The numbers create an order for the learning
activities; this ordered sequence is the course Association Learning Path
(ALP). The types of sequences that can be created in the ALP are based on
Botturi’s Educational Environment Modeling Language E2ML patterns [15],
E2ML is a descriptive and rigorous language for modeling learning objects.
Associations in the MM can be used to describe sub-concepts or attributes of
concepts, therefore they are more specific and that is the main reason for
using them as the learning objectives. Each association, i.e., each learning
objective in the ALP corresponds to a Learning Object LO or to a group of LOs



related to that specific attribute or attributes of the concept, in some cases
the whole concept which implies all the associations of the concept. In [1] an
association is equivalent to learning objectives and learning objectives can be
achieved through any of their associated LO. Sequence modeling is tradi-
tionally systems such as IMS-Learning Design [16] are centered in activities,
more flexible and precise ALPs can be designed through the conceptual ap-
proach for the focus is the development of the concept the activities used to
achieve it are the means not ends, however, context independent and modu-
lar LOs become more difficult to design when pursuing a pure conceptual
approach. An example of the sequence layer of the course MM is shown in
fig. 2 through the red numbers, where the first learning objective of the lexi-
cal analysis is to understand the use of lexemes and their notation, the se-
quence structure of the ALP represented through EML notation is presented
in fig. 3.
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Fig. 2. The red numbers indicate the order of the ALP in the Memory Map, this is the order in
which learning activities are to be presented to students by default

4 Learning Path Personalization

For personalization an overly Model approach is used [17], the student mod-
el subset for that context (student MM) is a subset of the expert model
(course MM) in that context, i.e., the subset of knowledge of the student for
domain A, must be a subset of the knowledge for the course knowledge for
that same domain. The Stud-MM and the Exp-MM subsets of that context
are compared to determine the presence or absence of concepts and associ-
ations in the Stud-MM. Taking this into account a Stud-ALP is created for
each student, this new Stud-ALP is a personalized version of the course
course-ALP. The personalized ALP will integrate recursively all the extra asso-



ciations and concept a student is missing and remove those concepts and
associations which she/he already knows in order to satisfy the course ALP.
A general example of the process will is as follows: Figure 1 shows the Exp-
MM with a single domain: “lexical analysis”, since there is only that domain
then the Exp-Domain is the entire Exp-MM, figure 2 and 3 show the Exp-
Domain with the general sequence for the course-ALP, if the Stud-Domain
for the same domain has most of the associations and concepts in the course
then his personalized learning path will be the one presented in figure 4;
since the student knows the majority of the content there is no inclusion of
new concepts or associations. The personalized ALP is created simply by de-
leting the associations already known by the user from the Sequence in fig-
ure 3, giving as a result the ALP that is presented on figure 4.
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Fig. 3. A graphic representation of the ALP in EML, the type of operation: All, Join, Select or
sequence is specified in the association.
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Fig. 4. The personalized ALP of a student that knows most of the concepts from figure 1

In contrast, the case where a student lacks basic concepts and asso-
ciations and therefore is provided with further content is shown in figure 5.
This previous knowledge must be specified in the Exp-Domain as such, but it
is not included in the course ALP, it will only show up in the personalized ALP
of students who lack the previous concepts. Basic operations performed on a
course ALP include: Simple Inclusion, Deep/Recursive inclusion, Deletion,



Modification. In practice basic ALP personalization is achieved through an
iterative process, where student knowledge is periodically measured through
evaluations mapped to particular learning objectives, the results of these
evaluations are used to modify the students MM. If the students do not yet
have a MM then an initial diagnostic evaluation is required, before the learn-
ing period starts. The learning sequence personalization could be carried out
in real time if evaluation tools for knowledge and skills in real time were
available, however since this is not the case, evaluations are carried out in
iterative stages through the duration of the course.
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Fig. 5. The personalized ALP of a student who knows some concepts but lacks previous
knowledge required to fulfill the ALP.

5 Application

For the application an implementation of the model was done by defining an
XML Schema xmls, the schema is then mounted to object structure in Java
using JAXb. The inference algorithms for knowledge extraction use custom-
ized Iterative Depth Search First IDSF with filters. Further reading on the
structure of the model and knowledge extraction can be found in [1]. As part
of the model capability testing, the MM was used to model three different
kinds of courses: Theory of Computation T.C. a partial course, Artificial Intel-
ligence A.l. a complete course, and Searching Algorithms S.A. for an ITS.
Teachers modeled their course-MMs, the curricula objectives and the course
syllabus (the thematic content) were used as a starting point to establish the
MM first concepts and associations, i.e., learning objectives. These objectives
were refined to match specific Learning Objects. LO were extracted from
official repositories such as Merlot and Temoa. At the end of the course stu-



dents answered a survey regarding their experience of the personalization of
the course, performance was also measured to establish correlations among
personalization with the MM and performance. Both T.C. and A.l. were test-
ed with groups of 30 students each, the groups were divided into two
groups, one with personalized learning courses and one without it. They
were not informed to which group they belonged in order to avoid any bias.
Through the duration of the course, students were provided with comple-
mentary LOs according to what each stud-ALP suggested. The stud-ALP indi-
cated what LO to select, as well as the moment in which to present the activ-
ity, this was done by coordinating the dates of course milestones such as
weekly labs and evaluations of key concepts, with the sequence dictated by
the stud-ALP. In the T. C. course the default ALP was an initial sequence of 27
associations, students who had a perfect score in the diagnostic evaluation
remained with the default ALP, it should be noted that this case happened
only once, which corroborates that most students come with faulty previous
knowledge and misconceptions. Students lacking previous knowledge had
their ALP personalized, the average personalized ALP sequence was 33 asso-
ciations and there was one student who’s personalized ALP had more than
40 associations. The modeling of the A.l. course ALP had 74 associations; the
average of personalized ALP was 86 associations. The ITS follows the tradi-
tion Nwanna architecture [18] and uses the MM, not to personalize ALPs, but
to build entirely new ones by reacting to the student’s performance. The MM
was successfully used to model the expert domain and student domain in the
three cases: for partial domains of knowledge, complete domains of
knowledge and as the Expert Model for an ITS system. From this evidence we
conclude that the MM is a flexible model that can be used both for ILE as
well as for ITS.

6 Conclusions & Future Work

A knowledge representation model was used to create a sequence personali-
zation system, the system was tested in two groups with 30 students each.
The MM was successfully used for the representation of both student model-
ing and expert modeling in both domains and was also used to develop an
ITS. Though the experiments were meant to test the applicability of the MM



in learning environments, they also pave the road for future work regarding

the actual impact in student performance, this is due to the nature of the

research, only long term measurements can provide evidence that the per-

sonalization of ALPs have a positive impact on the overall learning process.

References

1.

13.

14.
15.

16.

17.

18.

Ramirez, Carlos and Valdes, Benjamin. A General Knowledge Representation Model for
the Acquisition of Skills and Concepts. International Journal of Software Science and
Computational Intelligence (1JSSCI) 2, no. 3: 1-20 (2010)

Baker, Ryan S J, Albert T Corbett, Kenneth R Koedinger, Shelley Evenson, Ido Roll, Angela
Z Wagner, Meghan Naim, Jay Raspat, Daniel J Baker, and Joseph E Beck. Adapting to
When Students Game an Intelligent Tutoring System. In: Proceedings of the 8th Interna-
tional Conference on Intelligent Tutoring Systems, 392-401 (2006)

Ramirez J, Boulay BD. Expertise, Motivation and Teaching in Learning Companion Sys-
tems. International Journal of Artificial Intelligence in Education, 14:67-106 (2004)
Ramirez C, Concha C, Valdes B. Cardiac Pulse Detection in BCG Signals Implemented on a
Regular Classroom Chair Integrated to an Emotional and Learning Model for Personaliza-
tion of Learning Resources. In: Richards LG, Curry K, (eds.) The 40th Annual Frontiers in
Education (FIE) Conference. IEEE, Arlington Virginia (2010)

Boyer, K. E., LAHTI, W. J., PHILLIP Sab, R., WALLI Sab, M. D., VOUK, M. A,, & LESTER, J. C..
An Empirically-Derived Question Taxonomy for Task-Oriented Tutorial Dialogue. In S. D.
Craig & D. Dicheva (Eds.), the 14 AIED Workshops Proceedings, pp. 9 (2009)

Gagne, Robert M., Walter W. Wager, Katharine Golas, and John M. Keller. Principles of In-
structional Design. Wadsworth Publishing (2004)

Bloom, B. The 2 Sigma Problem: the search for methods of group instruction as effective
as one-to-one tutoring. Educational Researcher, 13, 4—-16. (1984)

Brusilovsky, P. Adaptive Hypermedia. User Modeling and User-Adapted Interaction 11:
87-110 (2001)

. Vygotsky, Lev. Thought and Language. Ed. Alex Kozulin. MIT Press, New York (1986)
10.
11.
12.

Fodors, J. A. The Language of Thought. Harvard U. Press, July. Cambridge (1975)

Hobbes, T. Elements of Law, Natural and Political. Routledge (1969)

Wang, Y. The OAR Model of Neural Informatics for Internal knowledge Representation in
the Brain. Int’l Journal of Cognitive Informatics and Natural Intelligence;1(3):66-77 (2007)
Rumelhart, D.E. & Mcclelland, J.L. Parallel distributed processing: explorations in the mi-
crostructure of cognition. Foundations vol. 1 Cambridge, MA: MIT Press. (1986)

Pinker, S. How the Mind Works. W. W. Norton & Company; 672 (1999)

Botturi, L. E2ML Educational Environment Modeling Language. Thesis, University of Lu-
gano Faculty of Communication Science (2003)

Koper, R., & Tattersall, C. Learning Design: A Handbook on Modelling and Delivering Net-
worked Education and Training. Springer, Heidelberg (2005)

Sosnovsky, S., Dolog, P., & Henze, N. Translation of overlay models of student knowledge
for relative domains based on domain ontology mapping. R. Luckin, K. R. Koedinger, & J.
Greer, (Eds.)Frontiers in Artificial Intelligence in Education Building Technology Rich
Learning Contexts That Work, IOSPress, 158, 289-296 (2007)

Nwana, H. Intelligent tutoring systems. Artificial Intelligence Review, 4(4), 251-277 (1990)



