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Abstract. Researchers had recently begun to investigate various techniques to
help learners to improve learning effects using e-learning systems. In this paper,
we propose an e-learning architecture with a recommendation module consisting of several different kinds of pedagogical agents which actively participate in
learning processes, provoking learners and motivating them to learn more effectively. Different kinds of agents can be introduced in order to support scaffolding activities in learning programming languages and problem solving.
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1

Introduction

Recently, in different learning environments there has been a trend of using adaptive
and intelligent web-based educational systems. These systems can use different recommendation and scaffolding techniques in order to increase motivation for learning
and to suggest online learning activities or optimal browsing pathways to learners,
based on their different preferences and levels of knowledge. Their main objective is
to adapt and personalize learning to the needs of a learner as much as possible [33].
The task of delivering personalized content is often framed in terms of a recommendation so some recommender systems have been applied in e-Learning environments for recommending objects or concepts that learners should study next [10].
Another approach in designing and developing educational tools include employment of different kinds of agents. For the purpose of our research we distinguish two
groups of agents. The first group consists of pedagogical agents with diverse functionalities and potential. The second group includes harvesting agents employed in
educational environments with the main goal of collecting different learning
resources.
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Pedagogical agents have been defined as “lifelike characters presented on a computer screen that guide users through multimedia learning environments” [13]. Their
main design goal is to engage, motivate, and guide learners through the learning
process. According to [14], one of the main characteristics of pedagogical agents is
interactivity. That is, they not only provide answers and additional learning material,
but also generate questions and propose solutions. Our proposed architecture is based
on two types of pedagogical agents, described later.
In general, a harvester is an object that collects resources and metadata records
from remote repositories. The main advantage of using agents as harvesters is parallel
execution of federated searches in heterogeneous repositories [8]. Additional benefits
come from inter-agent communication and mobility, which, respectively, provide the
means for exchanging the harvested material and reducing the load imposed on the
central repository. Recently, our research has been concentrated on exploring various
ways of using harvesting agents in order to improve learning quality in our tutoring
system [15]. The proposed architecture is designed to employ software agents that
dynamically recognize and propose possible learning material as additional learning
objects to learners. In the future, our intention is to combine various harvested learning components into highly-personalized additional teaching material.
In this paper initial ideas on how to incorporate different kinds of agents – Harvesting, Provoking, and Zestful – into an existing personalized learning and tutoring environment will be presented. The role of each proposed agent is adjusted in order to
increase learners’ motivation and improve the quality of learning, increasing in such a
way the amount of acquired knowledge. In particular, we are concentrating on learning programming languages and solving programming tasks. For our ideas we have
used an improved web-based learning system architecture presented in [19]. The proposed architecture, which provides adaptive courses using hypermedia and recommendations, rose from an existing web-based Java tutoring system Mag [32].
The rest of the paper is organized as follows. In Section 2, an overview of work related to our research is given. Section 3 outlines the vital functionalities of the webbased e-learning architecture, the starting point for our current research. Section 4
describes MagMAS, our proposition of the e-learning architecture which incorporates
three kinds of agents. Section 5 concludes the paper and outlines possible future work.

2

Related work

As our primary goal is to incorporate different kinds/roles of agents in an existing
personalized learning environment for programming languages, in this section we will
shortly discuss agent-oriented learning systems that can help us to distinguish and
tailor our own agents and their particular roles.
A critical analysis of e-learning with hypertext and hypermedia presented in [1] indicates that the usage of this form of learning material can be very challenging for
learners. Hypermedia learning environments should, therefore, incorporate scaffolding in order to help learners in overcoming the obstacles imposed by complex and
challenging topic. The introduction of agent-based support for scaffolding activities is

Different Roles of Agents in Personalized Programming Learning Environment

163

one of the primary goals of our approach and the proposed architecture incorporates
two kinds of scaffolding agents.
The majority of tutoring systems for learning programming languages are just
well-formatted versions of lecture notes or textbooks. Some of these systems JavaBugs [27] and JITS [29, 30], are used for learner assessment, while others like Jeliot
3 and Logic-ITA [3, 17], offer basic tutoring. One of the interesting systems for our
research is Java Intelligent Tutoring System (JITS) [30]. JITS implements Java Error
Correction Algorithm (JECA), that enables compilers to identify source code errors
more clearly, and to intelligently fix the code accordingly. In our approach some of
these functionalities will be included in two kinds of agents (Provoking and Zestful).
Jeliot 3 is a program animation tool that displays graphically the execution of Javabased object-oriented programs. In the future work, a similar functionality will be
added along with our pedagogical agents.
Agents are used as means of extending intelligent tutoring and course recommendation in different systems: Educ-MAS [11], MathTuthor [5], and ABITS [4]. Instead
of using harvesting agents, however, these systems usually offer metadata authoring
tools. Some of these concepts, combined with our own experience in developing educational environments [16, 19, 23] are incorporated in our proposed agent architecture
which includes Harvesting, Provoking and Zestful agents.
Agent Based Search System (ABSS) [22] and the AgCAT system [2] represent more
complete agent-based frameworks for harvesting learning objects. ABSS seems to be
more powerful as it uses Personal Agents to offer personalized search capabilities,
customized presentation of the available material, etc. The general architecture which
encompasses harvesting agents used in our approach [15] is similar to ABSS and AgCAT. However, while metadata harvesting agents in ABSS and AgCAT constantly
monitor the changes in remote repositories, harvesting agents in our system are dispatched to remote LO repositories in response to an automatically detected decline in
learner’s performance. Additionally our system includes agents that monitor the
learner’s progress through a course, and obtain new learning material as needed.
In order to assess motivational and learning impact pedagogical agents have on
learners, an in-depth analysis of 39 studies has been presented in [13]. The initial
conclusion was discouraging – only 5 studies have reported advantages of using
agents on learning, while in only 1 study a positive impact of pedagogical agents on
the motivation has been recorded. However, after further analysis it was noted that
only 15 studies featured a control group (i.e. without an agent), while only 4 out of
these 15 applied motivational measures. Therefore, the proposal is for researchers to
focus on examining the circumstances (e.g. the environment, domains, levels of design, etc.) under which the use of agents yields in an improved learning outcome.
One of the important factors of the effects of pedagogical agents outlined in [13] is
their graphical representation. It was observed that the use of a pedagogical agent can
have negative effects on the learning outcome, if learners dislike the agent’s visual
appearance. Similarly, in [12] visual clues are defined as important factors people rely
on in order to form expectations for guidance and interaction.
A successful usage of an animated pedagogical agent was reported in [28].
The agent, a lifelike character with gesture support, was incorporated into an existing

164

M. Ivanović et al.

intelligent tutoring system SQL-Tutor for learning SQL. A study was then carried out,
showing that learners who have been using the agent found the SQL-Tutor system to
be “more enjoyable and helpful.” When compared to our proposed pedagogical
agents, the agent used with SQL-Tutor is relatively simple, and was employed just as
a more pleasant way of presenting the learning material.
Obviously, there is a lot of ongoing research in the field of agent-based e-Learning
systems. Although existing systems do include sophisticated metadata harvesting
approaches, they do not seem to incorporate agents in both the metadata harvesting,
and the course recommendation levels. This is the goal of our proposed architecture.

3

Architecture of the Existing Tutoring System

The architecture of the e-learning/tutoring system which represents the starting point
for our agent-oriented approach is an extension of an existing web-based Java tutoring
system Mag [16] that has been developed at our Department. Mag is system designed
to help learners in studying programming languages during different courses [31]. It is
an interactive system that allows learners to use teaching material prepared for programming languages and to test the acquired knowledge within appropriate courses.
Mag is a multifunctional educational system that fulfills three primary goals [18]:
• Provide a tutoring system for learners in a platform-independent manner
• Provide teachers with useful reports that identify the strengths and weaknesses of
the learner’s learning process
• Provides a rapid development tool for creating basic elements of tutoring systems:
new learning objects, units, tutorials, and tests
In spite of the fact that this system is designed and implemented as a general tutoring system for different programming languages, the first completely developed and
tested version was used only for the introductory Java programming course.
Different techniques must be implemented to adapt content delivery to individual
learners in accordance to their learning characteristics, preferences, styles, and goals.
In order to support adaptive learning and personalization of the content delivery, the
system administrators must constantly measure the learner’s knowledge and progress,
build learner model, and redirect the course as needed. The first version of Mag was
further extended with an introduction of two general categories of personalization:
• Content adaptation – presenting the content in different ways, according to the
domain model and information obtained from the learner model.
• Link adaptation – the system modifies the appearance and/or availability of every
link that appears in a course web page, in order to show to the learner whether the
link leads to interesting new information, to new information the learner is not yet
ready for, or to a page that provides no new knowledge.
Open standards, like XML, RDF and OWL [20, 24] needed to be used in order to
allow the specification of ontologies to standardize and formalize meaning and to
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Fig. 1. Web-Based Learning Architecture

enable the reuse and interoperability. Fig. 1 shows the adapted architecture of the first
version of Mag [31], which was developed on the basis of experiences with similar
web-based learning systems [6, 20, 25], as well as ontology-supported adaptive webbased education systems [7, 9].
The core of the system includes adaptation model, learner model, application
model, and domain model. The domain model represents storage for all essential concepts, tutorials, and tests in the domain. The whole course is divided into units which
are all consisted of several lessons. Each lesson consists of three basic parts: tutorials,
programs/examples connected to tutorials, and tests (an unlimited number of examples and tests can be attached). At the end of each lesson a post-test is conducted. A
test contains several multiple-choice questions and code completion tasks that learners have to solve and present the level of acquired knowledge. Provoking and Zestful
agents have to play essential role in this process. The application model applies different strategies/techniques to ensure efficient tailoring of the learning content and
personalized tasks to individual learners. It supports the given pedagogical strategy.
The adaptation model follows the instructional directions specified by the application model and creates navigation sequence of resources recommended for the particular learner. Therefore the idea is to incorporate Provoking and Zestful agents in the
adaptation model (more details are presented in next section). These two components
are separated in order to provide an easier addition of new content clusters and adaptation of functionalities.
Each learner model is a collection of both static (personal data, specific course
objectives, etc.) and dynamic (marks, scores, time spent on specific lesson, etc.)
data about the learner, as well as a representation of learner’s performances and learning history. Within the session monitor component, the system gradually builds the
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learner model during each session, in order to keep track of the learner’s actions and
his/her progress, detect and correct errors and possibly redirect the session as needed.
The adaptation model is also responsible for building and updating characteristics of
the learner model and for personalization of the application to the learner. It processes
the changes in the learner’s behavior (e.g. learner’s activities) and provides an adaptation of visible aspects of the system accordingly. Its main tasks also include the storage and management of course data, various ways of presenting courses to learners,
provision of reports and test results etc.
Educational ontologies for different purposes must be included, i.e. for presenting a
domain (domain ontologies), for building the learner model (learner model ontologies), or for presenting activities in the system (task ontologies) [25]. A repository of
ontologies must be built in order to achieve easier knowledge sharing and reuse, more
effective learner modeling, and easier extension of the system.

4

MagMAS – An Agent-Oriented e-Learning Architecture

In this section we will present main ideas and functionalities of the new agentoriented e-learning architecture named MagMAS, which is an upgraded version of the
existing web-based Java tutoring system Mag [16].
In the course of further improvements of the original Mag, three different levels
of personalization (based on levels of increasing abstraction and sophistication)
that must be included in the Mag system [19] have been suggested in [9, 26]:
Self-Described Personalization, Segmented Personalization, and Cognitive-Based
Personalization.
Research presented in this paper is concentrated on the Segmented Personalization
style of learning, with the following characteristics: learners will be grouped into
smaller, identifiable and manageable clusters, based on their common attributes (e.g.
class and age), preferences, and survey results. Parts of the instructions are then tailored to these groups, and are applied in the same or similar way to all members within a single group. Learning material will also be clustered by its purpose, based on the
benefits it delivers to learners. In spite of the fact that the Mag system supports three
types of tasks/questions [16] – Multiple-choice of syntax check, Multiple-choice of
execution results, and Code completion – the focus of the research in this paper will
be on the last type.
Within the Code completion type of questions, a problem is presented in form of a
skeleton program with parts of the code missing. The learner is expected to enter the
appropriate code snippet according to the program specification. Code completion
tasks are used to check the learner’s programming skills: if he/she has difficulties with
a particular kind of questions or tasks, the system will increase their number in the
next session in order to provide the learner with additional opportunities for improving the skills in mention.
The contribution of this paper is outlined in Fig. 2. It shows how application and
domain models of the original Mag system were updated to include Provoking and
Zestful pedagogical agents.
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Fig. 2. Architecture of the proposed MagMAS agent-based e-learning system

As already mentioned, to each lesson an arbitrary number of code completion tasks
is attached. At the end of the lesson, the learner is required to conduct a post-test offered by the system. It includes mainly code completion tasks that evaluate the acquired programming knowledge and skills. Newly introduced Provoking and Zestful
agents play an essential role in this process. They try to motivate the learner to correctly apply the acquired programming knowledge that was presented to him/her during the appropriate tutorial, and also illustrated by several accompanying examples.
After a completed lesson, the set of tasks to be accomplished by the learner will be
chosen intelligently, based on the stored learner model, but also on the learner’s immediate reactions to agents’ proposals. For each programming task, a numerous hints
are prepared (by teacher, in this version of system) and attached to code completion
tasks in the domain model. Hints are prepared in two forms: the first form includes
useful hints which will be used by Zestful agent, while the second form includes provoking/somehow wrong hints which will be used by Provoking agent.
Both Zestful and Provoking agents have the same goal – to increase the learner’s
quality of learning – but approach to this task differently. The Zestful agent offers
hints that, in the usual methodology of teaching programming languages, represent
useful directions for problem solving as propositions of appropriate solutions to the
given problem. The Provoking agent, on the other hand, tries to steer the process of
learning and problem solving in a bad direction by offering wrong parts of the code.
That is, it offers false hints and suggests bad solutions to the given problem. The basic
rationale behind this approach is to encourage learners not to follow the tutor’s instructions blindly, but rather to employ critical thinking and, in the end, they themselves decide on the proper solution to the problem.
In the rest of the section we will shortly present an example of how our agents act
in order to direct the learner. The task is to complete a Java program for calculating
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the first 10 members of the Fibonacci sequence. The problem is presented in a form of
skeleton program with a specific area for entering the code snippet. The teacher has
prepared several positive and provoking hints, which the agents use to stimulate the
learner to reach the correct solution using the for statement. Some possible
hints/appropriate sentences agents will use during conversation are:
Zestful Agent
1. for (int i = ?; i < 10; i++){} – “What should be the starting index?
Remember that the first element of the Fibonacci sequence has the index 0, while
the expression for calculating other elements is fi = fi-1 + fi-2”
2. for (int i = 0; i <= ?; i++){} – “What should be the ending index? Although you need 10 numbers, remember that the index of the first element is 0.”
3. for (int i = 0; i < 10; ?){} – “Should you use ++i or i++ to modify the
value of i? Remember that this modification is always executed at the end of the
for loop.”
Provoking Agent
1. for (int i = ?; i < 10; i++){} – “What should be the starting index?
Hint: the first element of the Fibonacci sequence is often denoted as f0”
2. for (int i = 0; i <= ?; i++){} – “What should be the ending index?
Hint: look at the initialization of the array f – how many elements does it have?”
3. for (int i = 0; i < 10; ?){} – “Should you use ++i or i++ to modify the
value of i? Remember that ++i first increases the value of i, and then uses the
new value in an expression.”

5

Conclusions and Future Work

During the last couple of years we have been conducting development and implementation of several different learning tools and architectures, starting from traditional
approaches [16, 23, 32] and towards the incorporation of recent approaches like recommender systems, personalized content delivery [19], usage of agents [15]. Our
first attempt resulted in incorporating harvesting agents that facilitate process of obtaining new/additional learning material for existing course material. In this paper we
went a step ahead as our primary goal was to include different kinds of pedagogical
agents in the environment for learning programming languages. Introduced pedagogical (Zestful and Provoking) agents actively participate in learning processes, provoking and motivating learners to learn more effectively.
Of course, these initial ideas have to be further improved and practically implemented and evaluated. Additional efforts have to be put into obtaining more sophisticated useful and provoking hints, nevertheless they are prepared in advance by
teacher or harvested from different learning repositories.
On the other hand there are some additional rooms for improvements. For example
Moodle [21] system has been used within the majority of computer courses at our
Department. The learners have been accustomed to using Moodle as the fundamental
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tool for learning activities. The client front-end of the system could be therefore designed as a Moodle plug-in. In this way, we will be able to seamlessly introduce the
system to learners, i.e. in a, for them, familiar learning environment.
Finally some further improvements of the system could be directed in the domain
of code visualization and animation. Both kinds of agents introduced in MagMAS
could be enhanced by this functionality, having in mind tools like Jeliot 3.
Acknowledgements. The work is partially supported by Ministry of Education,
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