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Abstract

We describe preliminary researcch on devising intelli gent agents
that can improve the educational effectiveness of coll aborative,
educational computer games. We ill ustrate how these agents can
overcome some of the shortcomings of educational games by
explicitly monitoring how students interact with the games, by
modeling both the students’ cognitive and emotional states, and
by generating calibrated interventions to trigger constructive
reasoning and reflection when needed.

Introduction

In this paper, we eplore the potential of enriching
educational computer games with socialy intelli gent
agents that can help students learn effedively from the
games while maintaining the high level of engagement
and motivation that congtitutes the strong appeal of
dedronic games in non-educational settings.  Our
research is developed in the mntext of EGEMS, the
Eledronic Games for Education in Math and Science
projed at the University of British Columbia (UBC).
EGEMS is an interdisciplinary projed that aimsto explore
the potential of spedally designed computer and video
games in mathematics and science alucation for students
aged 9— 13 Several authors have suggested the potential
of video and computer games as educational tods (e.g. [5,
14, 21]), but little concrete research has been devoted to
how to turn this potential into redlity. As a matter of fact,
studies that have been performed within the EGEMS
projed to test the dfedivenessof educational games have
shown that, while they are almost always highly engaging,
they often do not trigger the cnstructive reasoning and
refledion necessary for learning [12].

For example, the empirical evaluation of Counting on
Frank, a commercial mathematical computer game
designed to help students learn how to solve algebra word
problems, showed that when learning with Counting on
Frank was compared with learning through more
traditional spreadshed-based exercises, the sewnd
modality was more dfedive. This despite the fact that,
adthough the game included espedally entertaining

animations and click-ons that could have distracted the
students, most of them spent a lot of time on the
mathematical activities in the game. The ampirical
evaluation of Super Tangram, a computer game based on
tangram puzzles to increase students understanding of
two-dimensional geometric transformations, showed that
game dfedivenessvaried greatly with the cnditions of
testing, such as the presenceof an active teacher during
the evaluation sessons, the frequency of these sessons and
the degree of connedion with other geometry activities
carried on in the dasgoom. Similar results were achieved
with the evaluation of Phoenix Quest, a game that uses a
story, mathematical puzzle activiti es embedded in the story
and interactive ammmunication between the player and the
story characters to give students practice on fractions,
ratios, negative numbers, coordinates, graph algorithms
and number sequences. The game greatly enhanced
learning when it was coupled with supporting clasgoom
activities such as related pencil and paper worksheds,
group dscussons and journa writing. However, without
these supporting activities, despite enthusiastic game
playing, the learning increase was much more modest.

These results indicate that, although educational computer
games can highly engage students in activities involving
the targeted educational skill s, such engagement, by itsdf,
is often not enough to fulfill the learning and instructional
neads of students. This could be due to several reasons.

One reason could be that even the most carefull y designed
game fails to make students refled on the underlying
domain knowledge and constructively react to the
learning stimuli provided by the game. Insightful learning
requires meta-cognitive skills that foster conscious
refledion upon one's probem solving and performance|2,
4, 24], but refledive agnition is hard work. Posshly, the
high level of engagement triggered by the game activities
act as a didtraction from refledive agnition, when the
game is not integrated with external activities that help
ground the game experienceinto the learning one.

A seond reason might be that, while learning through
educational games and free eploration suit students that



aready posessthe meta-cognitive skill s necessary to learn
from these activities (such as <f-monitoring, sdf-
questioning and sdf-explanation [2]), they are not
sufficient to trigger learning for those students that do not
possessthese skill s.

A third reason could be that the eploratory nature of
games requires more time to achieve the same amount of
learning generated by more guided and focused
educational activities.

Socially Intelligent Agentsas Mediatorsin
Educational Games

Although there is insufficient evidence to understand to
what extent each of the abowe reasons limits the
effediveness of educational games, we believe that all
three have an effed and we argue that this effed can be
greatly reduced by enabling the gamesto

e explicitly monitor how students interact with and learn
from the games; and

e generate alibrated interventions to trigger constructive
reasoning and reflecion when neeled.

However, this must be done without interfering with the
factors that make games fun and enjoyable, such as a
feding of contral, curiosity, triggering of bath intrinsic
and extrinsic fantasies, and challenge [13]. Thus, it is not
sufficient to provide ealucationa games with the
knowledge that makes more traditional Intelli gent
Tutoring Systems effedive for learning: an explicit
representation of the target cognitive skill s, of pedagogical
knowledge and of the student’s cognitive state [20]. It is
fundamental that the ealucational interventions be
delivered within the spirit of the game, by characters that

e arean integral part of the game plot,

e« are @pable of deteding the student’s frustration,
boredom and lack of learning, and

« know how to effedively intervene to corred these
negative enoctional and cogniti ve states.

Basically, these tharacters must play, in the mntext of the
game, the mediating role that teachers and external
ingructional activities have played duing the most
succesdul evaluations of the EGEMS prototypes. The
requirement that these agents be socialy intdligent is
further enforced by the fact that we are airrently interested
in investigating the elucational potential of multi-player
networked computer games to support collaborative
learning.

Socially Intelligent Agentsto Support Game-Based
Collaborative L ear ning

Effedive llaborative interaction with pees has proven a
succesdul and uniquely powerful learning method [1, 6].
Students learning effedively in groups encourage each
other to ask questions, articulate, explain and justify their
opinions, and elaborate and refled upon their knowledge.
However, effedive group interaction does not just
magicaly happen. Extensive research on collaborative
learning has diown that succesul collaboration depends
upon a number of factors. the mwmposition of the group,
the features of the task, the medium available for
communication, the roles that the group members play
during the interaction, the level of constructive anflict
that the interaction triggers, and the avail ahility of more
knowledgeable group members to hep the less
knowledgeable ones [6, 23]. Some of these factors (such as
the @mposition of the group), neel to be taken into
account when creating the groups. Others can be enforced
during the interaction if there is a human or artificial
agent that oversees the wllaboration processand deteds
when the mnditions for effedive llaboration are not met.
We are working on creating artificial agents that can
provide this mediating role within multi-player, multi-
activity educational games designed to foster learning
through collaboration. As a test-bed for our research we
are using Avalanche, one of the EGEMS prototype games,
in which four players assume the roles of the leading
citizens in a mountain ski town, and work together to deal
with the problems caused by a series of avalanches. The
current set of Avalanche activitiesinclude:

- Med with al the team membersin the Town Hall and
collaboratively answer questions during a press
conference The questions target central points of the
game goals and rules. This activity aims at forcing the
students to understand the game before they start
playing.

- Prime Climb: teams of two players climb icefaces by
seleding numbers relatively prime to those occupied by
other team members (see Figure 1), in order to colled
the data needed to evaluate the aitical mountain zones
that are possble sites for the next avalanche. Before
climbing a mountain, the players need to get certified for
that mountain climbing level, by doing practice dimbs
with an instructor known as “Cod Guy” (the dcharacter
totheright in Figure 1).

- Zone Size: players estimate the area and volume of snow
in the caitical zones using the data they have obtained
from climbing the mountains and from maps.

- Snow Release: based on the information from the Zone
Size activity, players dedde where to placetheir limited
set of explosives and barriers to release snow from the



most dangerous zones without releasing so much snow
that another avalanche istriggered.

Preliminary pilot studies, which focused mainly on the
first two activiti es above, have shown that the @ll aborative
nature of the game triggers a tremendous level of
engagement in the students. However, they also uncovered
the foll owing problems.
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Figure 1: Prime Climb activity in Avalanche

Firgt, given the complexity of the game and the large
amount of avail able activities, students often lose track of
the game goals and of the means available to achieve
them. Although an on-line hypertext help is available,
students almost never lodk at it. They also tend not to read
the fixed set of ingructions that are given by game
characters upon entering some of the game activities.

Semnd, students eventually learn how to play the game,
but they do not necessarily learn the target instructional
knowledge. For example, we observed that, during Prime
Climb, students who did not know about common factors
generdly did not learn from the fixed sequence of
ingructions they recaved from Cod Guy before they
started climbing (see Figure 1). Hence as they were
climbing they often fell. When they tried to find out why,
the information was not easily available. Thus, these
students ended upclimbing by trial and error, exhaustively
trying hexes until they made it to the top. The falling dd
not discourage this behavior. On the mntrary, students
seamed to enjoy sedng their character fall, because the
animation is quite aite. The problem here is twofold: the
game fail s to provide easy accessto the information that
may help students achieve the educational objedives and
adlows dudents to progress toward the game objedives
whil e sidestepping the educational ones.

Third, the game at times fails to trigger effedive
collaboration. For instance some students that seeamed to
be shyer and lessfamiliar with the other group members,
ended up being more and more isolated duing the
interaction. When they had problems and questions, none

of the other players seemed to pay attention or tried to help
them. Other students focused on competition rather than
collaboration. For instance during Prime Climb they
were focusing on getting to the top of a mountain before
their hiking partner or on getting more dimbing
certificates, even when another player was waiting for
them to climb amountain they were already certified for.

A Comprehensive Computational M odel of
Effective Collaborative Learning

The abowe eamples clearly show that Avalanche @n
greatly benefit from the addition of socially inteli gent
agents that help students find their way through the game,
trigger congtructive learning and refledion, and help
mediate and structure the ollaborative interaction. The
game aready uses a few characters to deliver canned
ingructions, like Cod Guy in Figure 1, but as we said
earlier, students pay little attention to these instructions
and seldom benefit from them. We are working on
enriching these and additional characterswith:

e explicit models of the elucational activities they are
asociated with, of the emotional sates that can
influence learning from these activities and of effedive
coll aborative interaction.

* the @pahility of moddling, from the interaction with the
game, the agnitive and meta-cognitive skills of the
players, along with their emotional statesand the status
of the cllaborative interaction;

* the @pahility of making intelli gent dedsions as to when
and how to intervene to improve dfedive wllaboration
and learning, without compromising the level of
motivation and engagement fueled by the game.

Architecture

Figure 2 sketches our proposed general architedure
underlying the functioning of socialy inteligent
characters in the @ntext of a multi-player, multi-activity
educational game. As dudents engage in the different
activities available within the game, their behavior is
monitored by the agents currently involved in the
interaction, through their Behavior Interpreters. Each
Behavior Interpreter spedalizes in interpreting actions
related to a spedfic student’s behavior (e.g., behavior
related to game performance meta-cognitive sKills,
collaboration and emotional reaction) and updites the
corresponding elements in the student model of the player
its agent isinteracting with.

A Game Actions Interpreter, for instance processs all the
student’s game actions within a spedfic activity, which
then can be used to infer information on the student
cogniti ve and meta-cogniti ve skill s.
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Figure 2: Architecture for multi-player, multi-activity educational games based on socially intelligent agents

A Meta-Cogntive Behavior Interpreter tradks all those activity seeded by the student himself or suggested by the
student’s adions beside game adions that can indicae Game Manager. The pod of parthers from which the

meta-cognitive adivity, such as utterances and eye or Collaboration Manager can seled collaboration partners
mouse movements expressng refledion and exploration, includes bath the other players or the artificial agents
and peses them to the student model as further evidence available for that activity. Thus, if no aher player can
of the student’s meta-cogritive sKill s. currently be an adequate partner for a student, because of

incompatible  @gnitive or emotional  states, the

Eadch agent then usesthe information in the student model ; e
Collaboration Manager can suggest an artificial agent asa

and the expertise encoded in its knowledge base (that X e
depends on that agent's role in the game) to generate  PAtner (like in Figure 2, the Pee Agent seleded for
adions that help the student lean better from the adivity Student N in activity K ).

sheisinvalvedin. The artificial agents related to each game activity have
The agents in the architedure include a Game Manager, expertise that all ow them to play spedfic roles within that
the Collaboration Manager and agents related to spedfic activity. So, for instance, a Help agent (like Help Agent for
game activities (like Help Agent for activity A and Peg  2CtiVity A in Figure 2) will have expert knowledge on the
Agent for activity K in Figure 2). The Game Manager activity actions and on the underlymg instructional
knows about the structure of the game and gudes the ~ domain, aong with knowledge of the emotional states that
students through its activities. The Collaboration Manager can influence the benefits of providing help and
is in charge of orchestrating effedive ollaborative ~ Pedagogical knowledge on how to provide this help
behavior. As shown in Figure 2, its Behavior Interpreter effedively. This knowledge may include information on

captures and decodes all those students actions that can how to trigger constructive learning through the dicitation
indicate wllaboration or lack thereof, along with the of meta-cognitive ills such as sf-explanation or seif-

related emotional reactions. The actions that pertaintothe ~ Monitoring, in which case the agent will include a
Collaboration Manager include sdeding adequate Behavior Interpreter to capture behavior related to these

collaboration roles and partners for a student within an sills. Pear agents, on the other hand, will have game and



domain knowledge that is incomplete to different extents,
so that they can be seleded by the Coll aboration Manager
to make the student play spedfic collaborative rolesin the
activity (such asinstructor or learning companion).

Student Models

The student models in our architedure are based on the
probabili stic reasoning framework of Bayesian networks
[17] that alows performing reasoning under uncertainty
by relying on the sound foundations of probability theory.
One of the main objedions to the use of Bayesian
networks is the difficulty of asdgning accurate network
parameters (i.e. prior and conditional probabiliti es).
However, even when it is the @se that the parameters
cannot be reliably spedfied by experts or learned from
data, providing estimates for them allows the designer to
clearly define the assumptions the mode must rely upon
and to revise the asaumptions by trial and error on the
model performance Thus, we believe that Bayesian
networks provide an appropriate formalism to model and
integrate in a principled way the multiple sources of
uncertainty involved in monitoring a student’s cognitive
and emotional states, and the unfolding of a coll aborative
interaction.

Modeling cognitive and meta-cognitive skills. Bayesian
networks have been extensively used to build user models
representing domain knowledge and cognitive [11]. In
[3], we have described how to automatically spedfy the
network structure and conditional probabiliti es to model
the relations between problem solving behavior and
domain knowledge. In [4], we have started to extend this
work to moded learning through meta-cognitive skill s that
trigger constructive thinking, in particular to mode
learning of instructional material through self-explanation.
We plan to adapt this approach to student models for
multi-players educational games, to formaize the
probabili stic relationships between game activity, meta-
cognitive skills and learning of the target instructional
knowledge.

Modeling collaboration. A preliminary Bayesian model of
effedive mllaborative interaction has been proposed by
[22]. This modd is based on the findings that succesgul
collaborative learning can be achieved by making group
members adopt different roles during the ollaborative
process such as leader, observer, critic, coach. The model
attempts to trace the progress of group members through
the different collaborative roles by monitoring the actions
that they perform on an interface espedally designed to
reify each role and the actions that pertain to it. As
described earlier, we also adopt a role-based approach to
mode effedive mllaboration, but we @nnot structure and
congtrain the game interface as [22] did, becuse this
would compromise the level of fun and engagement that

students currently experience with Avalanche. Hence, we
nedl to devise aternative ways to capture the cllaborative
roles that students adopt during the interaction. We plan to
start by making the adoption of different coll aborative
roles one of the mandatory game activiti es, orchestrated by
the Collaboration Manager. This will reduce the
collaboration-monitoring probdem to the problem of
verifying that students effedively perform the role they
have been assgned. We are eploring, among other
solutions, the use of speed remgnition technology to
deted speed acts gedfic to certain roles. However, as the
research proceals, we hope to also achieve a better
understanding of how to monitor and support less
constrained coll aboration.

Modeling emotions. Since emotional engagement is the
element that makes educdional games attradive to
leaners, it is fundamental that this variable be acarately
monitored and taken into account by any agent that
generates adions in the game. Starting from existing
reseach onthe structure of emotions [16], we ae working
to include in the game a probabili stic formalization o
relevant emotional states (such as frustration, boredom
and excitement) and their dynamics, as they are
influenced by game dements, tutorial interventions, and
collaborative interadion. The formalizaion will also
include amini-theory of how the players emations can be
deteded. We seek to formalize this theory from current
reseach on technology-enhanced affed communicaion,
which explores ways to measure important aspeds of
emotional information from the human body by @ing, for
example, fadal expressons, vocd intonation, galvanic
skin resporse and heat rate [18].

Action Generators

The adion generator for ead agent in the game relieson a
dedsion-theoretic model of dedsion-making predicting
thst agents act so as to maximize the expeded utility of
their actions [19]. Other researchers have started adopting
a dedsion theoretic approach to regulate the behavior of
interactive agents designed to provide unsolicited help,
eg., to develop desktop asdstants that can dedde when
and how to notify a user of events external to her current
task [9, 10] and to help a computer tutor seled optimal
tutorial actions in the @ntext of coached problem solving
[15]. Also, [7] proposes to use the formalism of dedsion
theory to develop principled definiti ons of emotional states
of rational agents, to be used in the mntext of multi-agent
system appli cations.

In our architedure, the function representing an agent’s
preferences in terms of utility values depends on the role of
the agent in the aeducational structure of the game. So, for
instance the Coallaboration Manager will act so as to
maximize students learning as well as their collaborative



behavior. A Help agent will act to maximize the student’s
understanding of a spedfic activity, while an agent in
charge of diciting a spedfic meta-cognitive skill will
seled actions that maximize this gedfic outcome. All the
agentswill alsoincludein their utility functions the goal of
maintaining the student’s level of fun and engagement
abowve a given threshold, athough the threshold may vary
with the role of the agent. The action generators dedsion-
theoretic models can be represented as influence diagrams
[8], an extension d Bayesian networks devised to model
rational dedsion making under uncertainty. By using
influence diagrams, we @an compactly spedfy how the
different actions available to the Avalanche agents
influence the relevant eements in the student model, such
as cognitive and emotional states or the role-based
formalization of effedive llaboration ill ustrated abowve.
We can also encode the gyent’ s utility function in terms of
these states, thus providing ead agent with a normative
theory of how to intervene in the students game playing
to adieve the best trade-off between engagement and
leaning.

Conclusions

We have presented a preliminary architedure to improve
the dfediveness of collaborative educational games. The
architedure relies on the usage of socialy intéli gent
agents that calibrate their interventions by taking into
account not only the students cognitive states, but also
their emotional states and the unfolding of coll aborative
interactions within the game. We propose to rely on
Bayesian networks and influence diagrams to provide our
agents with a principled framework for making informed
dedsions on the most effedive interventions under the
multiple sources of uncetainty involved in modeling
interaction and learning in multi-player, multi-activity
educational game.
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