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Abstract—In self-regulated learning ' concept, Intelligent
Tutoring Systems (ITS) can be designed to foster learning
behaviors through pedagogical agents (PAs) that are used for
interactions and exchange information with the human learner.
These agents are intelligent and follow rational behaviors,
but in the case of multi-agent environments they need to be
systematically and specifically designed, however in order to
follow a common goal, different self-regulatory systems have
been designed that use pedagogical agents, but they fail to
constrain the decision making of the agents and maintain a
sequential decision making process during learning interac-
tions with human learners. In this paper, we provide a new
theoretical model for agent-learner interactions in MetaTutor,
a multi-agent hypermedia learning environment, using Markov
decision processes. We theoretically define the agents’ Markov
decisions and their influence on MetaTutor’s performance as
a whole. First, we formally define the Markov architecture
and its parameters. We then link these characteristics to the
pedagogical agents we use in MetaTutor and define different
versions of MetaTutor agents equipped with Markov decision
mechanism. Furthermore, we explore additional details about
agents’ sequential decision making and how reward functions
influence their acting strategies with learners in the learning
environment. We introduce the optimization problem in which
we aim to maximize the expected return of the overall agents’
acts in a self-regulatory system. What specifically distinguishes
this work from the previous proposals in the same domain is its
novelty in continuous decision making mechanism investigation
and performance analysis that improve the applicability of the
proposed adaptive model in a multi-agent ITS like MetaTutor.

Keywords-Pedagogical Agents; Self-Regulated Learning; In-
telligent Tutoring Systems; Markov Decision Process; Multi-
Agent Systems;

I. INTRODUCTION

ITS is developed to foster Self-Regulated Learning (SRL)
systems as they are getting increasingly popular with im-
provements in advanced learning technologies using peda-
gogical agents. PAs are rational and effectively interact with
human learners in order to help them better self-regulate
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their Cognitive, Affective, Metacognitive, and Motivational
(CAMM [2], [10]) learning processes over time. In a typical
learning environment, the intention of the human learner is
unknown to a certain extent. To this end, PAs have to try
different strategies to effectively deal with the variety of
learner-system interaction patterns. Solving this ambiguity
is the main challenge of these agents whose objective is to
optimize the use of self-regulated learning processes by the
students.

In the past few years, there have been a number of
theoretical proposals that model SRL [14], [15] that consider
complex nature of CAMM processes during learning with
intelligent multi-agent learning environments, but they fail
to effectively interact with human learners with uncertain
intentions. The uncertainty is due to the fact that learners
encounter a challenging science topic and they need to
regulate their CAMM processes throughout the learning
task, but they lack the required knowledge and skills to
effectively perform those crucial monitoring and regulation
processes. It can be shown that uncertain systems could
be modelled as Markov Decision Processes (MDPs). Using
MDP framework helps PAs to incorporate uncertainty in
the ITS, and allows actions to be chosen based on an
optimization criteria.

In this paper, we provide a new theoretical model of
agent-learner interaction in MetaTutor [1], [2], a multi-agent
hypermedia learning environment, using MDPs. Specially,
we will define the multi-agent architecture using MDPs to
convert PAs to sequential decision makers that are aimed
at effectively interacting with uncertain human learners and
optimizing their CAMM learning processes. In this regard,
we use the Reinforcement Learning (RL [12]) model as
an effective intellectual learning technique to enhance the
ability of the strategy analysis of PAs. This paper focuses on
how we can define a system designed to scaffold SRL using
MDPs and RL technique to obtain good decisions while
interacting with human learners with a vast range of knowl-
edge, characteristics and attributes. In the proposed MDP, we
present details regarding how the intentions of participants
with MetaTutor can be broken down into different states and
how these states are correlated.

The remainder of this paper is organized as follows. In
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Figure 1.

Section II, we present the related work and specification
of different frameworks compared with the one proposed
in this paper. Section IIT explores preliminary details about
the MetaTutor system that we use as the basis to equip
its developed pedagogical agents with the proposed model.
Section IV takes the discussion to theoretical design and
formation of MDP that is used with PAs. In Section V,
we investigate the log-files and their compatibility to apply
MDP structure to enhance SRL overall performance, and
finally Section VI concludes the paper and discusses future
directions.

II. RELATED WORK

We break down the related work into two different
sets where proposed models follow different objectives.
In the first set, we highlight SRL-related papers where
the objective is mainly enhancing ITS’s performance. In
[14], [15], authors propose a theoretical framework of SRL
where self-regulated learning is explained in deep details.
In [3], [5] authors consider SRL as an event and impose
different strategic planning to PAs in order to enhance SRL
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Screenshot of MetaTutor interface.

performance. In [6], [18] the authors provide evidence that
learners of all ages engage in self-regulation during learning.
In [2] authors propose MetaTutor as an example of a multi-
agent system designed to foster learning of science topics. In
[13], [18] authors use PAs to constrain high performance in
maintaining CAMM processes. All the models in the first set
are aimed at optimizing and scaffolding students’ SRL. They
have different assumptions and utilize different environments
and techniques to put the objectives into actions. However,
they fail to develop a complete theoretical model to provide
a systematic computational analysis of the SRL processes
using PAs. We would like to advance the state-of-the-art by
following an expert approach that defines a systematic in-
frastructure for MAS-based environments such as MetaTutor
to allow applying different strategic intellectual techniques to
enhance learners’ overall effective use of SRL strategies and
performance. We define the system in this paper and provide
directions for future work to address the uncertainty problem
and relative issues in a systematic sequential fashion.

The related work in the second set are theoreti-



cal/experimental models that use MDPs, POMDPs (Partially
Observable Markov Decision Processes), and RL to address
similar problems. In [11] the authors survey a consider-
able amount of research in machine learning and pattern
recognition. This work consists of valuable classification
of learning methods considering different aspects. In [4],
[8] authors express great interest in a number of real-world
applications that could be advanced using semi-supervised
learning technique. In [9] authors present a number of
margin-based online learning algorithms for predicting tasks.
Authors consider a sequence of predictions and update steps
of different proposed algorithms based on analytical solu-
tions to simple constrained optimization problems. In [16]
authors propose an online algorithm for planning uncertainty
in multi-agent setting using decentralized-POMDPs. Authors
investigate the coordination with little or no communication
between agents. The goal of coordination is to ensure that
individual decisions of the agents result in (near-)optimal
decisions for the group as a whole. Most of the proposed
frameworks use MDP and different learning techniques to
address a predefined problem. However, the problem might
be not realistic, or results might not turn out to be promising.
In this paper, we model an actual system, MetaTutor, as
MDP and analyse/investigate real data obtained while PAs
are interacting with human learners that are voluntarily par-
ticipating in a two-hour learning session with MetaTutor. We
aim to optimize the sequential decision makings PAs conduct
while interacting with learners with different characteristics.
We explain details of MetaTutor architecture in the next
Section as a background required to comprehend the rest
of this paper.

[II. METATUTOR

MetaTutor [2], [3] is a multi-agent intelligent hypermedia
tutoring environment which contains 41 pages of text and
static diagrams of the human circulatory system organized
by a table of contents displayed in the left pane of the
environment (see Figure 1 for an illustration of the learning
environment). The underlying assumption of MetaTutor is
that students should regulate key cognitive, metacognitive,
and affective processes in order to learn about complex
and challenging science topics. The non-linear, self-paced
structure of the environment allows participants to access
content and navigate to new pages by selecting a subtopic
from headings located in the table of contents or by using the
navigational buttons at the bottom of the screen to progress
forward or backward. A timer, located at the top left-hand
corner of the environment, displays the amount of time
remaining in the session. Four pedagogical agents (Gavin,
Pam, Mary, and Sam) are displayed in the upper right-hand
corner of the environment. These agents provide varying
degrees of prompting and feedback throughout the learning
session to scaffold participants SRL skills and content under-
standing. Each agent serves a different purpose. For exam-
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ple, Gavin the Guide helps participants to navigate through
the system; Pam the Planner guides participants in setting
appropriate goals; Mary the Monitor helps participants to
monitor their progress toward their learning goals; and Sam
the Strategizer helps participants to deploy SRL learning
strategies, such as summarizing and note-taking. Participants
can initiate interactions with these agents and enact specific
SRL learning processes by selecting any feature of the
SRL palette, which is displayed at the right-hand side of
the interface throughout the learning session. Participants
can click on buttons on this palette to deploy planning,
monitoring, or learning strategies. For instance, by using the
SRL palette, participants can take notes or write a summary
of the content, test their understanding of the content by
assessing their understanding and completing a quiz, activate
their prior knowledge of the content, evaluate the relevancy
of the content, or make an inference.

Participants overall learning goal and sub-goals are dis-
played at the top of the interface, and they can select
to manage or prioritize their self-set sub-goals. MetaTu-
tor tracks all participant interactions and records user and
system actions in a log file. These log files are uploaded
to a database, which is then mined for information about
participant interactions, including number of times visiting
relevant pages, duration of visitation to each page, duration
of time viewing images, navigational path, and responses to
quizzes and tests. Thus, log files allow for a rich analysis
of SRL processes, participant behavior, and comprehension
while users interact with MetaTutor. In the next Section,
we discuss the formation and use of MDP with PAs where
the obtained information from the learner could be used as
a means to develop the optimum strategy. In this system,
PAs investigate different strategies to effectively cope with
learners with a range of knowledge and different attitudes.
Using Markov sequential decision makings, PAs follow
the best strategy while considering learner’s path through
progress of SRL.

IV. PEDAGOGICAL AGENTS USING MARKOV DECISION
PROCESSES

A. MDP Architecture

Markov Decision Processes (MDPs) provide a mathemat-
ical framework for modeling decision making in situations
where outcomes are somehow random and partly under the
control of a decision maker. MDPs have proved very useful
for planning and learning under uncertainty because they
study a wide range of optimization problems solved via dy-
namic programming. MDPs offer a natural extension of these
frameworks for operative multi-agent systems. In this paper,
we adopt an MDP framework to model MetaTutor PAs to
constrain an adaptive dynamic sequential decision making
procedure. In this regard, we define PAs as sequential
decision makers using MDPs as a mathematical framework
to address the decision making processes where outcomes
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Figure 2. MetaTutor’s designed state diagram in accomplishment of a

sub-goal (SG).

are partly under control [7]. In fact system components could
adopt any unpredictable strategy and are not completely
controlled by PAs. In MetaTutor, PAs are effective in helping
students to plan and monitor their learning, and use effec-
tive learning strategies. However, they do not have control
regarding learners’ overall progress through the content of
the learning environment. Therefore, MDPs are extremely
useful in optimizing such complex systems via the use
of reinforcement learning techniques [12]. More precisely,
MDP is a discrete time stochastic control process. That
means at each time step, the process is in some state , and
the pedagogical decision maker may choose any action that
is available in the current state. The process responds at
the next time step by randomly moving into a new state,
and giving the decision maker a corresponding reward. The
assigned reward is influenced with a range of parameters that
are defined in the multi-agent environment (e.g. MetaTutor).
The probability that the process moves into its new state is
influenced by the chosen action. Specifically, it is given by
the state transition function. Thus, the next state exclusively
depends on the current state and the decision maker’s action.
But given and, it is conditionally independent of all previous
states and actions; in other words, the state transitions of an
MDP possess the Markov property (that we represent in the
Definition 1). In the following, we formally define a MDP.
Definition 1 (MDP). A Markov decision process is a tuple
<1,5,{A;},{%}, P, R, b° > where
o [ is a finite set of agents indexed 1, ..., n. Notice that
when n = 1, a MDP is equivalent to a single-agent
MDP. In MetaTutor we have four agents which with
the learner makes n = 5.
o S is a finite set of system states. A state summarizes
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all the relevant features of the dynamical system and
satisfies the Markov property. That is the probability
of the next state depends only on the current state and
the joint action, not on the previous states and the joint
actions:

P(s's%,a%, ..., s ot st at) = P(sP st af)

We consider the Markov property to omit error might
come through when analysing the previous histories
of interactions. In fact, we use previous data while
proposing the best action in the current state. That
means, over time PAs might change their action while
being influenced with learner’s characteristics, prior
knowledge, and attitude. Figure 2 provides a prelim-
inary state diagram that is used to assist a learner to
accomplish a sub-goal (SG) set earlier in the learning
session with MetaTutor. This could be carried out using
a sequence of SGs. The state diagram mainly consists of
two separate parts associated with the SG setting phase
and the learning phase. When finished learning about
a SG, the learner takes the generated quiz to conclude
the SG and moves on to the next one.

A; is the finite set of actions available to pedagogical
agent ¢ and A = X, A; is the set of joint actions,
where a = (ai,...,a,) denotes a joint action. We
assume agents do not observe which actions are taken
by others at each time step. In fact, we abstract the set
of actions just to the joint action to avoid losing the
generality of MetaTutor and steps in state transitions.
We are mainly interested in managing the optimum
SRL process, and improving the coordination and coop-
eration of the PAs. In Table I, we list the set of actions
on the top row. The Table represents the initial (no
observation yet) transition probability that PAs (as a
group) might use while they are in different states.

Q; is the finite set of observations available to agent
i and Q@ = X;cr€); is the set of joint observations,
where 0 = (01, ..., 0,,) denotes a joint observation. We
assume each agent observes its own component at each
time step.

P is the transition probability table. P(s|s, a) denotes
the probability that taking joint action a in state s re-
sults in transition to state s’. P describes the stochastic
influence of actions on the environment. We assume
that the transition probabilities are stationary, which
means that they are independent of the time step.
R:Sx A — Ris areward function. R(s,a) denotes
the reward obtained from taking joint action a in state s.
R specifies the agents’ goal. It is an immediate reward
for agents taking the joint action in some state. The
agents do not generally observe the immediate reward
at each time step, although their local observation may
determine that information.

b° € A(S) is the initial belief state distribution. It is a



Table 1
METATUTOR’S INITIALIZED STATE/ACTION TRANSITION PROBABILITY.

H Reload  Complete  Refuse SG  Accept SG  Encourage Reselect ~ Warn Low Performance ~ Accept Reading  Refuse Reading
Start 40% 60% 0 0 0 0 0 0
Set SG 20% 0 35% 35% 0 10% 0 0
Not Matched 20% 0 20% 20% 20% 20% 0 0
tries > 3 20% 0 0 0 50% 30% 0 0
SG Selected 10% 80% 5% 0 0 5% 0 0
S-D Learning 10% 0 0 0 5% 5% 40% 40%
Relevant Page 30% 10% 0 0 0 5% 40% 15%
Irrelevant Page 30% 0 0 0 10% 15% 15% 30%
Prompts 20% 40% 0 0 5% 5% 15% 15%
Quiz 10% 50% 0 0 30% 10% 0 0
Conclusion 50% 0 0 0 40% 10% 0 0
PA1 PA2 the observations to the others for better decision makings).
v $ The communication is assumed to be instantaneous. That
Pigis L Communications Plan means a message is received without any delay. In Figure
3, we explore more details about how the two agents can
instantaneously communicate and plan while each one is
v ¥ using its own decision making procedure. Online planning
01 0z is executed in parallel by all PAs, interleaving planning and
Execute World Execute execution.
ai az
B. Sequential Decision Making
Y h 4 In the previous Subsection, we formally defined the
Update Update Markov decision process that is compatible with MetaTutor’s
infrastructure with pedagogical agents. In this Subsection,
| l we explore more details about the sequential decision mak-
ing that PAs maintain over the MetaTutor learning session.
Figure 3. MetaTutor’s online planning framework for two PAs. So far, we know the set of states S and actions A. We also

vector that specifies a discrete probability distribution
over S that captures the agents’ common knowledge
about the starting state.

In MetaTutor, PAs have full source of information about
other PAs in the learning environment. However, they have
limited source of information regarding the observations that
other agents had during their interaction with the learner. To
this end, PAs must reason about the histories of other PAs
and how these histories affect their own interactions. Agents’
communication can resolve this problem by sharing private
information such as sensory data. Communication is used
to improve the performance of PAs as a group. In MetaTu-
tor, we consider direct communication and use the sync
communication model [17] where each pedagogical agent
broadcasts a part of its local information (mainly consist of
its new observations) to other agents. The communication
language simply allows transmission of the agents’ actions-
observation histories. Designing a general communication
strategy, we determine when to communicate, with whom to
communicate, and what to send. MetaTutor’s detailed fea-
tures are compatible to sync communication language. The
communication is started by Gavin (the pedagogical guide
agent who starts interacting with the learner and transfers

know about the state/action probability transitions. We now
need to define the reward function that evaluates the reward
R associated with state transition (s to s’) via a particular
action (a). In MetaTutor, PAs’ interactions with human
learners and states/actions/transitions could be compared
with the ones associated to the ideal learner representing
the case where the learner navigates through system states
with the best (e.g., most effective in time and learning
management) strategy. The reward R (see Equation 1) would
be always the portion of current progress pgy, over the ideal
process obtained from the ideal learner pg;. The progress
pgr, is a function of current time ¢, learner’s knowledge k,
his/her goal of learning g, and the efficiency e towards reach-
ing the goal. These parameters are continuously updated
throughout the learning session. In function f, we compare
the goal/knowledge status proportional to the remaining time
where 7" denotes the total SRL session time. The parameter
e is rated via PAs during the learning session and denotes
the efficiency in learning the content.

pgr

R=R, =" (1
V2%
where L
pgrL = fL(tak7g7e) = g—v__t xe
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Figure 4. A sample log-file of a learner while interacting with PAs. In

this part, a SG is ideally selected.

Considering the reward function obtained from Equation
1, we can reward the state/action transition to reward the
state transition to s’ from state s while taking action a
(R(s,a,s")). This reward rates the movement maintained
towards the predefined objective in the learning session. So
the path (pt(s1, a1, s2, as, ..., S¢, at, S¢+1)) with the length of
t could be also rewarded. Equation 2 evaluates the reward
associated to a particular path of state/action transition in
SRL session. Parameter p denote the time discount factor
(u € [0,1)) to promote the recent state/transition reward.
The idea is to prevent equally considering rewards associated
to different times of SRL session.

t
_ Zﬂi—l
i=1

In sequential decision making, PAs follow a policy © that
maximizes the rewards of the navigation path following O.
Equation 3 evaluates the expected return dedicated to policy

R(pt) X 2

R(Sia Qg s $i+1)

O.
E®©)= Y p(ptl©) x R(pt) 3)
plePATH
where .
p(pt[©) = p(s1) Hp®(5i+1|5iaai)

i=1

The objective is to find an optimum policy ©* that
maximizes the expected return (£(©)). This is maintained
via different strategy analysis and is a form of optimization
problem with its corresponding constraints. In MetaTu-
tor, PAs investigate different policies that influence the
state/action navigation path (pt) and enhance their adopted
policy expected value over time. We investigate different
strategies and let the optimization problem find the best
reward over the sequential decision making processes main-
tained by PAs. In the following Section, we extend more
details about the solution plans we provided for MetaTutor
for optimum decision making procedures.
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Load(Prior knowledge, learner expectation)

/

#

%}

Stop

#tries< 3
Start introducing SG setting phase
Point out learner’s previously mentioned prior knowledge
Link the prior knowledge to the selective SG

increase #tries
Analyze the selected SG

Feedback on learner’s choice and how well being selective

increase #5G

#5G=2
Analyze 5G set —> Stop
Figure 5. A solution plan for SG setting phase.

V. OBSERVATIOS

The analyses of the log-file data explores details in
different aspects of individual learner’s interactions with
MetaTutor. We map this file (see Figure 4) to the proposed
state diagram and highlight the state transitions. We use the
log-file data as an additional resource to the reinforcement
learning technique that PAs are equipped with. We anticipate
that results will show how effective MDP would be in en-
hancing the quality of learning in multi-agent environments.

The results and ensuing proposed architecture will demon-
strate the advantage of using intelligent, multi-agent comput-
erized learning environments to advance our understanding
of what, how, when, and why students’ know and feel during
complex learning episodes. The data sources will provide
evidence that has the potential to advance current concep-
tual, theoretical, methodological, and analytical frameworks
related to SRL processes. These advances will in turn allow
researchers to design more effective multi-agent learning
environments that are sensitive and responsive to students’
cognitive, metacognitive, affective, and motivational needs
during learning. In addition, the proposed architecture has
the potential to advance current systems by: emphasizing
a coordinated effort in understanding and sharing CAMM
processes across agents; coordinating efforts in sharing data
about individual students as key in; fostering the right
amounts and types of scaffolding, feedback, and adaptivity
(for each CAMM process and across CAMM processes);
facilitating the development of a more accurate student
model; leading to more accurate inferences about students’
understanding of the content and ability to regulate certain
aspects of their learning.

Using the proposed architecture, and with the study on
the log data, we provide solution plans in algorithmic forms
to enhance the performance while using Markov decision
processes. As shown in Figure 5, in sub-goal setting phase,
there are a number of states where we might encounter. This
depends on learner’s selected actions and strategic behaviors.



Dealing with this various state transitions, we impose some
restrictions to narrow down the choices. In this algorithm,
we mainly highlight the role of number of tries, which
represent learner’s attempts in selecting an appropriate sub-
goal. We lead the state navigator path to visit to states where
the learner needs more directions and assistance, while the
number of attempts in sub-goal selection has exceeded the
predefined threshold. In this solution plan, learner’s selected
sub-goal is analysed and the corresponding feedback is
provided via the interfering pedagogical agent. This phase
is finalized when the learner has successfully selected two
relative sub-goals.

The solution plan proposed in Figure 5 has limitations
with respect to unexpected issues where the learner might
by chance has selected an appropriate sub-goal and has
difficulty matching another relevant sub-goal. We have
extended the proposed solution plan in Figure 6 where
we provide more flexible state navigation system. In the
extended algorithm, the interfering pedagogical agent starts
by highlighting sub-goal setting strategies and upon recipe
of a proposal, the agent provides detailed feedback on the
proposed sub-goal and the selecting strategy. In case the
proposal was not relevant, the agent would explain more
about the sub-goal strategies of selection, and leads the
learner to either reselect a sub-goal or to the suggested sub-
goal. The same idea would be applied to the second proposed
sub-goal until learner can successfully finalize two relative
sub-goal setting phase. The provided algorithms enhance the
decision making performance while each action is analysed
with respect to the associated reward. We essentially obtain
an optimum navigation path where states associated to
different parts of the system are visited.

VI. CONCLUSION

This paper provides a proposition for a novel multi-agent
system design for MetaTutor as an agent-based learning
environment where pedagogical agents coordinate with one
another to facilitate SRL processes. The proposed model
points out Markov decision processes and how they are
implemented in MetaTutor with four pedagogical agents.
Our objective is to enhance the efficiency of the system as a
whole, in terms of scalability, complexity, and data analysis.
We apply reinforcement learning technique to capture best
features where agents obtain best reward as a pay off to
their strategic behaviors. We also extended our discussion
of agents’ mental state to regulate their inter-communication
protocols. Our model proposes the following advantages: (1)
the characteristics of a Markov decision processes are stated
and implemented in a real world application of MetaTutor to
facilitate self-regulated learning; (2) we proposed an agent
communication protocol that enhances system performance
in analysing large scale data obtained from interacting
with different learners over two-hour sessions; and (3) our
reinforcement learning algorithm helps the agents’ com-
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Figure 6. Extended solution plan for SG setting phase.

munication protocol to effectively extend their knowledge
representation and cooperation between different agents.

In future research, we plan to extend our study towards a
performance analysis of MetaTutor, where four pedagogical
agents could effectively interact with a human learner and
one another. We intend to propose different mechanisms to
develop adaptive multi-agent communication and decision
making to represent an optimally efficient MetaTutor to
facilitate self-regulatory processes. We also intend to ap-
ply different machine learning techniques to use previous
experience in agents’ further decision making procedures.
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