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Abstract. This paper proposes an approach for creating and testing
an multiagent systems based adaptive social educational game (SEG),
QuizMASter, using the concept of simulated learners to overcome exper-
imentation complexity and unpredictable student availability, as is typi-
cal with online learning environments. We show that simulated learners
can play two roles. First, it can be used for testing the game planning,
scheduling and adaptive assessment algorithms. With some degree of suc-
cess met with our initial experimentation with QuizMASter, advanced
planning and coordination algorithms are now needed to allow the game-
based assessment platform to realize its full potential. The multi-agent
system approach is suitable for modeling and developing adaptive be-
haviour in SEGs. However, as we have found with our early prototypes,
verifying and validating such a system is very difficult in an online context
where students are not always available. MAS-based assessment game
planning and coordination algorithms are complex and thus need sim-
ulated learners for testing purposes. Second, to overcome unpredictable
student availability, we modeled QuizMASter as a new class of socio-
technical system, human-agent collective (HAC). In the system, human
learners and simulated learners (smart software agents) engage in flexi-
ble relationship in order to achieve both their individual and collective
goals, while simulated learners are selected for serving as virtual team
members.

Keywords: social educational agents, multiagent systems, simulated
learners

1 Introduction

For decades, educational games have proven to be an effective means to motivate
learners and enhance learning. Social (multi-player) educational games (SEGs)
offer many opportunities to improve learning in ways that go beyond what a
single-player game can achieve because SEGs allow players to be social, compet-
itive, and collaborative in their problem solving. The presence of other players
can be used to increase playability and to help teach team-work and social skills.
SEGs promote intragroup cooperation and intergroup competition [1]. However,
existing SEGs share many of the shortcomings of classroom role-playing. Setting
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up existing SEGs is logistically challenging, expensive, and inflexible. Further-
more, players become bored after going through existing SEGs once or twice.

To test such a social educational game, we face two difficulties. One is how to
test the planning and scheduling algorithms. Another is how to meet the need
of agile team formation. In SEGs, group formation has big impact on group
learning performance. Poor group formation in social games can result to homo-
geneity in student characteristic such that the peer learning is ineffective. Thus,
there is a need to constitute a heterogeneous group SEGs that constitutes stu-
dents with different collaborative competencies and knowledge levels. However,
without empirical study it becomes difficult to conclude which group character-
istics are desirable in the heterogeneity as different game-based learning needs
may require different group orientations. Previous research has focused on var-
ious group orientation techniques and their impact on group performance like
different learning styles in group orientation [2—4]. However, there is need to in-
vestigate the impact of other group orientation techniques on group performance
like grouping students based on their collaboration competence levels. Further-
more, most of the previous research in group-formation focuses on classroom
based learning. Also, it lacks the true experiment design methodology that is
recommended when investigating learning outcomes from different game-based
learning strategies. Simulated learners methodology [5] has shown a promising
way to solve these challenges.

In this paper, we show that simulated learners can play two roles. First,
it can be used for testing the game planning, scheduling and adaptive assess-
ment algorithms. Second, working with human learners and forming human-
agent collectives (HAC), simulated learners serve as virtual team members to
enable asynchronous game-based learning in a context where student availabil-
ity is unpredictable. This paper is structured as follows: In Section 2 we discuss
recent advancements and related work. Section 3 describes QuizMASter. Section
4 presents the proposed architecture for development of QuizMASter. Section
5 explains how we intend to use simulated learners for testing QuizMASter.
Finally, Section 6 concludes.

2 Related Work

Researchers have found that learning can be more attractive if learning experi-
ences combine challenge and fun [6]. As social networks have become popular
applications, they have given rise to social games. This kind of game is played
by users of social networks as a way to interact with friends [7] and has be-
come a part of the culture for digital natives. Social games have unique features
that distinguish them from other video games. Those features are closely linked
with the features of social networks [8]. Social games can make a contribution
to social learning environments by applying game mechanics and other design
elements, ‘gamifying’ social learning environments to make them more fun and
engaging. For games to be effective as a learning tool, a delicate balance must
be maintained between playability and educational value [9,10], and between
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game design and learning principles. Methods have been proposed for making
valid inferences about what the student knows, using actions and events ob-
served during gameplay. Such methods include evidence-centered-design (ECD)
[11,12]; the learning progressions model [13], the ecological approach to design
of e-learning environments [14], stealth assessment [15], game analytics [16], and
learning analytics [17]. Most of the new concepts target an ever-changing learn-
ing environment and learner needs, as today’s education moves toward a digital,
social, personalized, and fun environment. Moreover, as is the case for all com-
petitive games, an equal match between players is essential to self-esteem and
to maintain a high degree of player interest in the game. Hence, we need mech-
anisms and models that can aggregate the current performance and preferences
of players, and accurately predict student performance in the game. Software
agents have been used to implement consistent long-term intelligent behaviour
in games [18], multi-agent collaborative team-based games [19], and adaptive
and believable non-player character agents simulating virtual students [20]. The
use of agent technologies leads to a system characterized by both autonomy
and a distribution of tasks and control [21]. This trend has two aspects. First,
game-based learning activities should be carefully orchestrated to be social and
enjoyable. Second, game scheduling and coordination should be highly adaptive
and flexible. However, nobody has yet developed models, algorithms, and mech-
anisms for planning, scheduling, and coordination that are suitable for creating
and testing SEGs.

3 QuizMASter

QuizMASter is designed to be a formative assessment tool that enables students
to be tested within a multi-player game [22]. Two or more students simultane-
ously log in remotely to the system via a Web-based interface. Each student is
represented by one avatar in this virtual world. Students are able to view their
own avatar as well as those of their opponents.

Each game has the game-show host who is also represented by an avatar
visible to all contestants [22]. The game-show host poses each of the game ques-
tions to all the contestants. The students hear the voice of the host reading each
question and view them displayed on their screens. They individually and inde-
pendently from one another answer each question by, for instance, selecting an
answer from available choices in a multiple-choice format. Each correct answer
would receive one mark. Figure 1 shows a screen shot of QuizMASter.

3.1 Characteristics of QuizMASter

The environment for QuizMASter has the following characteristics:

Flexibility. The environment for QuizMASter needs flexibility for game enact-
ment, to be able to cope with dynamic changes of user profiles, handle fragmen-
tation of playing and learning time needed to accomplish activities and tasks,
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Fig. 1. QuizMASter in Open Wonderland

adequately handle exceptional situations, predict changes due to external events,
and offer sufficient interoperability with other software systems in educational
institutions. Individual learners have particular interests, proficiency levels, and
preferences that may result in conflicting learning goals.

Social ability and interactivity. The environment for QuizMASter should
encourage interaction and collaboration among peers, and should be open to
participation of students, teachers, parents, and experts on the subjects being
taught. Web 2.0 has had a strong influence on the ways people learn and access
information, and schools are taking advantage of this trend by adopting social
learning environments. One way to engage learners in a collaborative production
of knowledge is to promote social rewards.

User control. One of the most desirable features of social education games is
to empower players with control over the problems that they solve. For example,
in QuizMASter, students, parents, and teachers can design new rules to create
their own games and modify the game elements to fit different knowledge levels.

Customization. Customization is a core principle that helps accommodate
differences among learners [23]. Teachers could build a QuizMASter that has its
own style and rules to determine the game’s level of difficulty, to gear the game
for specific goals or a specific group of learners. Some teachers may be interested
in sharing collections of rules to fit the learning and play styles of their students.
Like teachers, learners/players can be co-creators of their practice space through
building new game scenarios, creating their own rules, sharing their strategies
and making self-paced challenges [23].
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4 The Proposed Architecture

Multi-agent technologies are considered most suitable for developing SEGs as
it will lead to systems that operate in a highly dynamic, open, and distributed
environment. In an MAS-based SEG, each learner/player is represented as an
autonomous agent, called learner agent. MAS technologies, such as goal orienta-
tion and the Belief-Desire-Intention (BDI) paradigm, is used as the foundation
for the agent architecture. These learner agents are able to reason about the
learning goals, the strengths and weaknesses of learners and update the learner
models.

Repository Multi-Agent System Social

Environment Environment Educational
Game Game

Input commangs | Game Engine

(QuizMASter)
— -

Game
Feadback

Student Model

Fig. 2. Architecture for MAS-Based Social Educational Game Environment

Whenever a learner enters the system to play a social educational game, the
learner agent will retrieve her/his learner model and acquire preferences about
the current game-playing, and then send to a game management agent (GMA) of
the system. The GMA is designed for setting up and maintaining teams for the
system. The GMA will assign the learner to participate in a most suitable team
that is undermanned according to the profile and preferences of the learner. The
team will be configured in accordance with the game model by the GMA. Once
the team has been completely formed, the GMA will create a game scheduling
agent (GSA), a game host agent (GHA), and an assessment agent (AA) for
each team. The GSA will continuously generate a game sequence dynamically
adapted to the team’s knowledge level (represented as a combined learner model
[24]. The GHA will receive the game sequence from the scheduling agent and
execute game sequence with the learners in the team. It will also be responsible
for capturing data about learner/player performance. The AA will receive and
interpret game events and communicate with the learner agents to update the
learner model as necessary.

The GSA will dynamically schedule the game on the fly through interacting
with other agents with a coordination mechanism, considering both the cur-
rent world state and available resources, and solving conflicts in preferences and
learning progression between the agents. The goal of the GSA is to optimize
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the playability and educational values. We will model the game elements as
resources. To solve the distributed constraint optimization problem, we are de-
veloping multiagent coordination mechanisms and scheduling algorithms to be
used by the GSA.

Initial Experimental Scope

Evaluate Quiz ltems

Current Iteration

Quiz Items
“e
O Agent
o =
U Resource

Fig. 3. MAS-Based SEG Agent Interaction Model

4.1 Planning and Scheduling Algorithms

The planning algorithms refer to the (local) planning algorithm of learner agents.
To develop planning algorithms for learner agents, the following supporting mod-
els have been taken into consideration: (i) Learner models that accumulate and
represent beliefs about the targeted aspects of skills. They are expressed as prob-
ability distributions for competency-model variables (called nodes) describing
the set of knowledge and skills on which inferences are to be based. (ii) Evidence
models that identify what the learner says or does, and provide evidence about
those skills that express how the evidence depends on the competency-model
variables in a psychometric model. (iii) Task/action models that express situa-
tions that can evoke required evidence. To design an action model, we adopt a
model called Fuzzy Cognitive Goal Net [25] as the planning tool by combining
the planning capability of Goal Net and reasoning ability of Fuzzy Cognitive
Maps (FCMs). These FCMs give the learner agent a powerful reasoning ability
for game context and player interactions, giving the task model accurate context
awareness and learner awareness. We are developing coordination mechanisms
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for the GMA and the GSA to solve the problem of team formation, scheduling
and coordination in a highly flexible and dynamic manner. We considered the
following concepts or methods:

(i) Contract-net protocols (CNPs) are used as a coordination mechanism by
the GMA with a game model repository to timely form a team from all available
players, using mutual selection and exchanging information in a structured way
to converge on assignments. Each involved learner can delegate the negotiation
process to its agent. These agents will strive to find a compromise team-joining
decision obeying hard learning constraints while simultaneously resolving indi-
vidual conflicts of interest.

(ii) The problem of scheduling and customizing a social educational game can
be solved through social-choice-based customization. We view the SEG game-
play design as an optimization problem. Resources must be allocated through
strategically scheduling, and coordinating a group of players according to their
preferences and learning progressions. The constraints include key learning prin-
ciples that inform the design of mechanics: challenge, exploration, risk taking,
agency, and interactions [26-27]. The objective of the GSA is to maximize the
learnability and engagement of the learners in the group. Social choice theory
in MAS concerns the design and formal analysis of methods for aggregating
preferences of multiple agents and collective decision-making and optimizing for
preferences [28-29]. For example, we use a voting-based group decision-making
approach such as Single Transferable Voting [30] to aggregate learner preferences
and learning progression because it is computationally resistant to manipulation
[31]. The purpose is to take information from individuals and combine it to
produce the optimal result.

(iii) To support the need for dynamic decision making in the MAS-based
SEG architecture, our current line of investigation is the concept of social choice
Markov Decision Process (MDP) as recently proposed by Parkes and Procaccia
[32]. In a social choice MDP, each state is defined by “preference profiles”, which
contain the preferences of all agents against a set of alternatives for a given sce-
nario. The course of action from any given state is determined by a deterministic
social choice function (the policy, in the context of the MDP) that takes into
account the likelihood of transitions and their rewards. However, a preference
profile is subject to change over time, especially in a live SEG context. For ex-
ample, a learner that unexpectedly answers a question initially deemed beyond
the learner’s perceived level of comprehension would likely trigger a change of
belief in the agents and potentially alter their ranking of alternatives. And since
the number of alternatives in a SEG can be very large, the state space for any
given SEG is huge, making the computation of optimal decision-making policies
excessively difficult. We solve this problem by exploiting symmetries that exist
in certain game types (e.g. in a quiz game SEG format, using a reduced set of
question types that share common characteristics as a basis for alternatives as
opposed to individual questions).
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5 Simulated Learners

It is our view that the Belief-Desire-Intention (BDI) model is ideally suited
for modeling and simulating learner behaviour. According to Jaques and Vicari
(2007) [33], intelligent agents based on Bratman’s Belief-Desire-Intention model,
or BDI agents, are commonly used in modeling cognitive aspects, such as per-
sonality, affect, or goals. Pibil et al. (2012) claim BDI agent architecture is “a
currently dominant approach to design of intelligent agents” [34]. Wong et al.
(2012) describes the suitability of the BDI agent model for applications where
both reactive behavior and goal-directed reasoning are required [35]. Soliman
and Guetl (2012) suggest that BDI maps well onto models for pedagogically
based selection of sub plans within a hierarchical planning strategy — “appren-
ticeship learning model” given as example [36]. They also talks about advantage
of breaking plans down into smaller plans to allow for different “pedagogical
permutations” allowing the agent to adapt to different learning styles, domain
knowledge, and learning goals. Norling (2004) attributes the successful use of
BDI agents for modeling human-like behavior in virtual characters to BDI’s as-
sociation to “folk psychology” [37]. This allows for an intuitive mapping of agent
framework to common language that people use to describe the reasoning pro-
cess. Of particular importance to this study is the way that implementations of
the BDI architecture model long-term or interest goals. We have selected the
Jason™ [38] platform for providing multi-agent BDI programming in AgentS-
peak.

A shortcoming of the BDI paradigm is that although it is intended to be goal-
driven, in most implementations this means/amounts to using goals to trigger
plans, but does not support the concept of long-term goals or preferences [39],
such as a student’s long term learning goals, or the pedagogical goals of a CA.
They feel that these types of goals are difficult to represent in most BDI systems
because they signify an ongoing desire that must be maintained over a long
period of time compared to relative short goal processing cycles. It is left to the
developer to implement this type of preference goal through the belief system
of the agent, modifications to the platform or environment, or other methods of
simulating long-term goals.

Hiibner, Bordini, and Wooldridge (2007) describe plan patterns for imple-
menting declarative goals, with varying levels of commitment in AgentSpeak [40].
Bordini et al. (2007) expand on this in their chapter on advanced goal-based pro-
gramming [38]. While AgentSpeak and Jason support achievement goals, these
patterns are intended to address the lack of support for “richer goal structures”,
such as declarative goals, which they feel are essential to providing agents with
rational behaviour. Pokahr et al. (2005) point out that the majority of BDI
interpreters do not provide a mechanism for deliberating about multiple and
possibly conflicting goals [41]. It is worth noting that there are “BDI inspired”
systems that are more goal-oriented, such as Practionist and GOAL [42]. The
Jason multi-agent platform for BDI agents was selected for this project because
it is a well-established open-source project that is being actively maintained.
It supports both centralized and distributed multi-agent environments. Pibil et
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al. (2012) describes Jason as “one of the popular approaches in the group of
theoretically-rooted agent-oriented programming languages” [34]. A major ad-
vantage of Jason is that it is easy to extend the language through Java based
libraries and other components. Internal actions can allow the programmer to
create new internal functionality or make use of legacy object-oriented code [38].
However, Pibil et al. (2012) caution that the use of such extensions, if used too
heavily, can make the agent program difficult to comprehend without under-
standing the functionality of the Java code [34]. They raise the concern that
novice programmers have few guidelines for choosing how much to program in
AgentSpeak, and how much too program in Java. The usefulness of being able
to extend Jason can be demonstrated by two examples of current research into
integrating BDI with Bayesian Networks. Modeling of some student character-
istics requires a probabilistic model; Bayesian Networks (BN) being a popular
choice in recent years [43-44]. Recent work by Kieling and Vicari (2011) de-
scribes how they have extended Jason to allow a BDI agent to use a BN based
probabilistic model. Similarly, Silva and Gluz (2011) extend the AgentSpeak(L)
language to implement AgentSpeak(PL) by extending the Jason environment.
AgentSpeak(PL) integrates probabilistic beliefs into BDI agents using Bayesian
Networks [45]. Experimentation with QuizMASter to date has enabled the mod-
elling of simulated learners in virtual worlds with an initial focus on their appear-
ance, gestures, kinematics, and physical properties [46]. Recent related research
work in that area has been on the creation of engaging avatars for 3D learn-
ing environments [47]. Employing the theory of Transformed Social Interaction
(TSI) [48], simulated learners were designed with the following abilities:

(i) Self-identification: The self-identification dimension of TSI was imple-
mented using facial-identity capture with a tool called FAtiMA. Each of the
users’ face were morphed with their default avatar agent’s face to capitalize
on human beings’ disposition to prefer faces similar to their own and general
preference of appearing younger (see Fig. 4).

Fig. 4. Transformed Social Interaction — Image Morphing Technique

(ii) Sensory-abilities: Sensory-abilities dimension of TSI were implemented
using a movement and visual tracking capability. The general challenge of sensory
abilities implementation lies in two areas: the complexity of human senses and
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the processing of sensory data of different modality and historicity. For the reason
of simplicity, only visual tracking capability was exploited.

(iii) Situational-context: The situational-context dimension of TSI was im-
plemented by using the best-view feature of Open Wonderland, whereby the
temporal structure of a conversation can be altered.

The main idea of this research has been to explore the methodology for de-
veloping simulated learners for simulating and testing SEGs. That is, behind a
simulated learner is an agent. Or we can say a simulated learner is an agent’s
avatar. All avatars, including real students’ avatars and agent-based simulated
learners, live in the virtual worlds, while the agents live in the multi-agent sys-
tem. The integration of multi-agent systems with virtual worlds adds intelli-
gence to the SEG platform and opens a number of extremely interesting and
potentially useful research avenues concerning game-based learning. However,
the advanced algorithms that support game planning, coordination and execu-
tion are difficult to test with real subjects considering the overhead involved is
seeking authorization and the unpredictable availability of real life subjects in an
online environment. This where an expanded view of simulated learners comes
into play. The advantages of a simulated environment that closely approximates
human behaviour include: (1) It allows for rapid and complete testing of ad-
vanced algorithms for game based adaptive assessment as well as SEG planning,
coordination and execution in a simulated environment. The efficiency of the
algorithms can be measured without first securing the availability of students;
(2) With proper learner modeling and adaptive behaviour, simulated learners
can engage with real life learners in friendly competitive games for the purpose
of formative assessment, again working around the issue of availability of real
students in an online learning environment.

6 Conclusions

As our recent experimentation suggests, many outstanding challenges must be
addressed in developing intelligent SEGs. As we get closer to real world testing
of our experimental game based assessment framework, we are faced with the
complexity of enrolling real life learners in an e-learning environment and the
variability that human interactions introduce in the measurement of adaptive
algorithm efficiency. This is where we see the value of simulated learners. At
this stage of our research, simulated learners have been rendered as Non Person
Characters (NPCs) controlled by BDI agent running in the multi-agent system
based virtual world. Our medium term goal is to extend the existing system
to a particular learning subject (e.g., English language learning) to verify the
effectiveness of the proposed virtual assessment environment and the benefit that
students perceive from interacting with the proposed NPCs.

For simulated learners to be successful in our experimental framework, they
must closely approximate the performance of real learners. The simple, pre-
encoded behaviour we have implemented so far in the NPCs for QuizMASter
will not suffice to demonstrate the efficiency of our adaptive algorithms and
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allow for simulated learner agents to act as virtual players in our game based
assessment framework. Current outstanding research questions within our group
are:

1. How do we add intelligence and adaptive behaviour to the simulated learner
agents while preserving our ability to obtain predictable and repeatable test
results from our adaptive MAS framework?

2. How much autonomy can we afford to give to simulated learners in terms
of independent thought and action, and to which degree should a simulated
learner be able to adjust its behaviour as a function of its interactions with
other agents, including real life learners?

3. How do we incorporate modern game, learning and assessment analytics in
the supporting adaptive MAS framework in order to maximize the value of
simulated learners as a means to perform non-intrusive, formative assess-
ment?
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