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Abstract. Group creativity is a hot topic in the creativity literature, yet no me-
thod to obtain the most creative teams given a group of individuals is available.
We introduce here a method for building creative teams, based on unsupervised
learning and implemented with support from a multiagent system. Our first ex-
periments with using this method for grouping learners involved in online
brainstorming are presented as well.
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1 Introduction

The concept of group creativity has been lately in the attention of educational institu-
tions and companies alike. However, it is quite challenging to determine in which way
the interactions that take place inside a group result in either increases or decreases in
creative group performances. Creative learning is concerned with instructional
processes that focus on the development of creative abilities of individuals. Collabor-
ative creative learning approaches learning that results from interactions and collabo-
rations that take place between learners and that aspires to enhance creativity at both
individual level and group level. Group creativity may be improved by providing
appropriate contextual instructional environments and by organizing the individuals in
suitable groups [1]. Computer Supported Collaborative Learning (CSCL) has ap-
peared as a reaction to software used previously in learning, which have been forcing
learners to study and learn as isolated individuals [2]. In CSCL, learning is obtained
by computer-supported interactions both between learners and between learners and
teachers. Thus CSCL is defined as a field of study centrally concerned with meaning
and the practices of meaning-making in the context of joint activity and the ways in
which these practices are mediated through designed artifacts [3].

In this paper, we introduce a method of grouping team members in creative groups
whose creativity is increased iteratively during the process. Our method is based on
an adapted version of the unsupervised learning algorithm introduced by Watkins in
[4] and it is under implementation with support from a multiagent system. We have



experimented with this method for grouping learners involved in a CSCL process by
building up on the results obtained in our previous works [5, 6], which have ap-
proached the triggers that influence creativity in learning groups.

The structure of the paper is as follows: the next section presents the related work,
the third one introduces our multi-agent system for building creative groups within
CSCL processes, with which we have done some preliminary experiments presented
in Section 4, and the last section include some conclusions and future work ideas.

2 Related Work

In this section we overview the related work, and point out some ideas that we have
based our work on.

2.1 Creativity in Groups

Creativity is a concept highly debated in the psychological literature. Sternberg and
his co-authors view creativity as the ability to produce work that is novel (i.e., origi-
nal, unexpected), high in quality, and appropriate [7]. The challenge of understanding
creativity has lead to the elaboration of many theories, for instance the investment
theory of creativity proposed in [8, 9]. According to it, creative people are the ones
who are willing and able to, metaphorically, buy low and sell high in the realm of
ideas. Buying low refers to work on ideas that are unknown or unpopular, which
have, however, built-in potential for growth. It is quite common that when such ideas
are introduced for the first time they may encounter resistance. Nevertheless, a crea-
tive person would persist resisting to this opposition, and s/he will, eventually “sell”
high, a new, powerful, or popular idea, achieving this way a creativity habit [9].
The creativity is multifaceted and it can be assessed by measuring fluency (creative
production of nonredundant ideas, insights, problem solutions, or products), original-
ity (uncommonness or rarity of these outcomes), and flexibility (how creativity mani-
fests itself when using comprehensive cognitive categories and perspectives) [10].

Nevertheless, group creativity is a recent topic in the literature, and it is seen as
one of the expression of the social nature of the creative act [11]. However, group
creativity means more that summing up the individual creativities of the members, as
the interactions that take place between them within the group, the diversity of their
backgrounds, abilities, and knowledge generate added value in creative processes.
Baruah and Paulus approach the importance of interactions between the group mem-
bers and their role in stimulating creative processes and point out that synergy refers
to the added gain of collaboration within the group, which is obtained as a result of
the stimulation, both cognitive and motivational, that results from these interactions.
Further, based on the theoretical bases of synergy, the authors identify the cognitive,
social, and motivational factors that influence the increase of group creativity: ex-
change of ideas, potential for competitiveness that allow individuals to compare their
performances with the ones of their teammates, concept, product and perspective
sharing, intrinsic motivation, openness to new experiences, etc. [12].



2.2 Modeling Group Creativity

The work of Amabile introduces the componential theory of creativity, along with the
elements that influence creativity [13]. Three of them concern the individual level:
domain-relevant skills, creativity-relevant processes, and task motivation. The fourth
component is external to the individual: the social environment in which the work
takes place. Domain-relevant skills refer to knowledge and expertise of the individual
in a specific field. Creativity-relevant processes include individual characteristics that
favor creativity: cognitive style, personality traits etc. Internal motivation of the indi-
vidual is captured in the task-motivation component. Moreover, the author points out
that a central tenet of the componential theory is the intrinsic motivation principle of
creativity. In his model of group creativity, Sawyer sees creativity as a synergy be-
tween synchronic interactions and diachronic exchanges [14]. While developing his
multilevel model of group creativity, Taggar highlights that besides including creative
members, team creativity is significantly influenced by relevant processes that
emerge as part of group interaction [15]. In their theoretical multilevel model of
group creativity, Pirolla-Merlo and Mann explain how creativity evolve over time
within teams and how it is influenced by the “climate” of creativity [16]. The contex-
tual factors that influence creativity presented in [17] are divided in three categories:
(1) factors that facilitate team creativity (supervisory and co-workers support, psycho-
logical safety, group process), (2) factors that obstruct the generation of creative ideas
(conformity, insufficient resources, bureaucratic structure), and uncertain factors
(team diversity, conflicts in teams, group cohesion).

The interactionist model of creative behavior at the individual level of Woodman
et al. provides an interactionist perspective on organizational creativity. Thus, group
creativity is seen as a function of individual creative behavior “inputs”, the interac-
tion of the individuals involved (e.g. group composition), group characteristics (e.g.,
norms, size, degree of cohesiveness), group processes (e.g., approaches to problem
solving), and contextual influences (e.g. the larger organization, characteristics of
group task). Further, organizational creativity is considered to be a function of the
creative outputs of its component groups and contextual influences (organizational
culture, reward systems, resource constraints, the larger environment and so on).
This multifaceted mix boosts the gestalt of creative output (new products, services,
ideas, procedures, and processes). When building creative groups several features
may be considered, at various levels: individual (cognitive abilities/style, personality,
intrinsic motivation, knowledge), group (cohesiveness, size, diversity, role, task, prob-
lem-solving approaches), and organizational (culture, structure, strategy, technology,
resources, rewards etc.) [18, 19, 20].

2.3 Similar Approaches of Building Creative Groups

Limited experiments with grouping students in creative teams are available in the
literature. In [21], the authors present their work on using learning styles for grouping
students involved in collaborative learning. A research project that investigates empir-
ically whether knowledge sharing in community contexts can result in group know-
ledge that exceeds the individual knowledge of the group’s members is done in [22].



The authors see that as the hallmark of collaborative learning, understood in an em-
phatic sense. An experimental study that evaluated the assumption that shared cogni-
tion influences the effectiveness of collaborative learning and it is crucial for cogni-
tive construction and reconstruction of meaning is presented in [23]. A model of col-
laborative learning that aimed to build an intelligent collaborative learning system
able to identify and target group interaction problem areas is available in [24]. Intense
social interaction and collaboration is proven to contribute to the creation of a com-
munity of learning that nurtures a space for fostering higher order thinking through
co-creation of knowledge processes in a case study presented in [25]. In [26], groups
are classified and guided toward the optimal class that is a high performing coopera-
tive group with positive interdependence. The issue of identifying peers and checking
their fittingness for collaboration, as an essential pre-collaboration task, is approached
in [27], where is shown that a more personalized cooperation can take place provided
that individual tastes and styles of the peers are taken into consideration. In [28], the
authors are concerned with the liberating role of conflict in group creativity, as a
possible approach for weaknesses of group creativity, such as social loafing, produc-
tion blocking, and evaluation apprehension. They have carried out an experiment in
two countries to prove that brainstorming may benefit significantly from dissent, de-
bate, and competing views, stimulating this way divergent and creative thought.

3 GC-MAS - A Multiagent System for Building Creative
Groups

In this section we introduce our multi-agent system for building creative groups that
we have experimented with in CSCL processes. Our approach is similar to the ones
presented in Subsection 2.3, being concerned with teaming up individuals in the most
appropriate teams with respect to creativity, but it is innovative in the sense that
grouping students in creative teams in an iterative, semi-automated process has not
been performed in our country or worldwide, up to our knowledge. Moreover, our
first experiments are focused on online brainstorming to address some of the short-
comings of the face-to-face one revealed in the literature. Within our current stage of
our work we focus on individual components of creativity when building the learning
groups likely to be creative. The architecture of the system is presented in Fig. 1 and
it includes the following agents (except for CommGC, all the other are task agents):

 The Communication Agent (CommGC) that has a dual role, being responsible
with interfacing with the users (both students and instructors) and with the
agents, along with managing the activities of the other agents;

 The Creative Groups’ Builder (BuildGC) that is an agent that assists the in-
structor in the construction of the creative groups based on an unsupervised
learning algorithm and various classification techniques;

 The Creativity Evaluation Agent (EvalGC) that has a support role in assess-
ment of group creativity;

 The Creativity Booster (EnvrGC) that stimulates the development and the
maintenance of creative contextual environments that provide for increasing
group creativity;



 The Glue Role Agent (GlueGC) that supports the instructor in seeking out
and taking on otherwise neglected tasks that have potential to facilitate crea-
tive group performances;

 The Facilitator Agent (FCL-GC) that supports the facilitator in helping
groups to interact more efficiently;

 The Team Relational Support Agent (TRS-GC) that supports the team mem-
bers in providing support for the other group members.

Fig. 1. GC-MAS - the bird’s eye view architecture of the system

CommGC has a horizontally stratified structure, in which each level is connected
directly to both the input sensors and the output actors (software entities that perform
particular actions). Each level acts as an individual agent that provides the expected
action. CommGC has two levels as follows: (1) the social level that ensures the com-
munication with the other agents, the users, and with the external environment, as a
true personal/interface agent, and (2) the administrative level that coordinates the
actions of all the agents, so CommGC acts as a middle agent as well (see Fig. 2).

Fig. 2. CommGC– the agent’s architecture

The agents BuildGC, EvalGC, EnvrGC, GlueGC, TRS-GC are execution agents
that perform precise actions in the process of construction of the creative groups.
They have a very simple structure, are goal-oriented, and they use plans libraries or
classification techniques to perform their duties, as it can be seen in Fig. 3.



Fig. 3. The architecture of an execution agent

BuildGC - The Creative Groups’ Builder aims at construction and iterative refine-
ment of creative groups taking into account the components that generate creativity,
their interdependencies that have effect on creativity and the purpose of  building of
creative groups (because, generally, the creativity of the group is sought for a specific
goal - to solve a problem, to complete a task etc.). The data inputs for BuildCG are:

 Student data that include the individual characteristics that influence (both
positively and negatively) the group creativity;

 Group data that contain the purpose of constructing creative groups (the
problem to be solved, the task to be completed, the research to be undertaken
etc.), the group size, the diversity of group members and so on;

 Support data that is generated by both users and other agents autonomously
or as a result to the queries addressed by BuildGC.

The output data of BuildGC consists of both the most creative learning groups builda-
ble and the queries to other users and agents with respect to the process of the group
construction. BuildGC works using a module that includes various classification tech-
niques (naïve Bayes and neural network based classifiers, decision trees, and support
vector machines) to group learners. In our first experiment we had used a Naïve
Bayes classifier, which is a probabilistic classifier based on Bayes theorem [29].
A detailed description of the Bayesian networks-based classification techniques can
be found in [30]. The current reasoning process of the BuildCG agent is based on a
combined approach between an adapted version of the Q-learning algorithm [4] and a
classification technique based on Bayesian networks. In brief, this algorithm is a re-
ward learning algorithm that starts with an initial estimate Q(s, a) for each pair <state,
action>. When a certain action a is chosen in a state s, the system (BuildCG) gets a
reward R(s, a) and the next state of the system is acknowledged. The Q-learning algo-
rithm estimates the function value-state-action as follows:
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Where   (0,1) is the instruction rate,   (0,1) is the discount factor, and s’ is the
state reached after executing the action a in the state s.

The way in which the values for the instruction rate and for the discount factor are
selected is presented in [31]. Value 0 for the instruction rate means that the value for



Q is never updated, and that the system never learns. Selection of a high value for this
rate means that learning is faster. When the instruction rate equals 1 it means that the
immediate reward is much more important than a past reward. For dynamic environ-
ments a balance between the immediate rewards and the past rewards is sought for. In
our first experiments we had used a 0.5 instruction rate. The discount factor has val-
ues between 0 and 1. Closeness to 1 means that a future reward is more important to
the system than an immediate reward.

In our case, we tackle n students. For each student, a characteristic vector that in-
cludes m individual features is constructed, namely (c1, c2, …, cm). A state consists of
this vector and the group number, while an action refers to moving a student to
another group. Q expresses the quality of association between a state and an action.
Our goal is to build the most creative k groups (k being given). To fulfill this goal we
use the GC-Q-learning adapted algorithm, which is presented below:

1. Build a bi-dimensional matrix Q for all the possible pairs <state, action>.
The columns of this matrix consists of (c1, c2, …, cm, no_group, ac-
tion_number, q). The action 1 corresponds to the selection for a particular
student (given by the tuple of his individual characteristics) of the group
number 1 to which he pertains. The action number 2 corresponds to the selec-
tion of group 2, and so on. All the elements in the q column are initialized
with the value 0 or with a random low value;

2. Initialize the optim_policy (in our case is the optimal grouping) with a
guided policy, and Q_optimal with Q;

3. Group the students and undertake working sessions (in our first experiments,
brainstorming), in which the group creativity is assessed and its score is as-
signed to R(s,a). For each such working session, the matrix Q is calculated.

procedure working_session_computation
select action of (optimal_policy)/*student grouping*/
compute R(s,a)/* using agent EvalCG*/
compute table Q /* following the formula (1) */

4. Analyze matrix Q. The optimal policy is given by the action for which
Q_optimal gets the maximum value.

Once the optimal policy consisting in tuples (c1, c2, …, cm, group number) is ob-
tained, predictions for each set of data can be made based on advanced classification
techniques (Bayesian networks, neural networks etc.). The Q values are the same for
all the members of a group.

EvalGC, The Creativity Evaluation Agent supports the instructor in assessing the
group creativity. This agent evaluates the group creativity based on the criteria for
measuring ideation, namely novelty, variety, quantity, and quality introduced in [32].
It uses a plan library to achieve its goals of (1) recording the ideas generated by the
group and classifying them, (2) calculating the frequency of ideas’ production (as the
number of ideas per time unit), and (3) keeping the creativity score and ensuring the
conversation with the instructor via CommGC. EnvrGC, The Creativity Booster aims



to enhance group creativity by providing for contextual environments that provide for
creativeness. The agent works by “pushing on” the creativity triggers identified in our
previous works to obtain a better creativity score for each group [5, 6]. This action is
performed using a fuzzy controller with which we have worked previously. More
details can be found in [6]. GlueGC, The Glue Role Agent is concerned with the
coordination of group members’ contributions and the management of group conflict.
It pro-actively prevents situations in which group members focus entirely on coming
up with their own ideas and ignore completely (to build on) the ideas of others, which
is an essential added value of working together in a group, as it is shown in [33].

4 Experimenting with GC-MAS

In this section we present briefly our first experiments with our system. After clarify-
ing the conceptual aspects of GC-MAS, we have been concerned with investigating
the viability of our approach and therefore we have undertaken a pedagogical experi-
ment with our undergraduates and graduate students in Computer Science. The core
of the experiment consists of brainstorming sessions concerned with the issues that
regard the improvement of the curricula and of the syllabuses of the courses for our
Computer Science programs, both at undergraduate and graduate level. In order to
avoid some of the shortcomings of the face-to-face brainstorming sessions, we have
undertaken these sessions online. This experiment consists in several stages:

 Assessing the individual student creativity with several evaluation tools. For the
time being we have worked with the Gough Creative Personality Scale [34] and
an extended version of Creative Achievement Questionnaire [35] that we have
adapted for Computer Science students. We have chosen to start with Gough be-
cause is simple to use it and interpret it. Within our 27 students, the maximum
score is 10 and the minimum one is -3. The average score is 2.9. In the Gough
Scale the values are between -12 and 18. The student motivation can be low (hav-
ing value 0), middle (1), or high (2);

 Activating BuildCG for the pool of 27 students based on the next procedure:

0. Build matrix Q;
1. Group them, let them have a brainstorming session, and obtain a reward R;
2. Update column q of matrix Q;
3. Iterate step 1,2 for the initial pool of students;
4. Consider (randomly for now) other student pools to undertake step 1,2, 3;
5. Analyze table Q. The optimal policy is given by the action for which

Q_optimal gets the  maximum value;

 Analyzing the preliminary results and improving of the multi-agent system.

Following this simple procedure, BuildCG undergoes a process of unsupervised learn-
ing based on the CG-Q-Algorithm, which associates an action to a state aiming at
increasing the reward. The data from our first experiments are available at
http://www.unde.ro/GC-MAS.zip. We will continue to update this archive.



5 Conclusions and Future Work

We introduced here our semi-automated method of grouping team members in increa-
singly creative groups, which is put to practice by a multiagent system prototype.
Moreover, we had performed some experiments for grouping learners involved in
online brainstorming, the results being encouraging. Future work ideas regard the
improvement of both the method and the working prototype in several directions:
corroborating the results obtained with several creativity evaluation scales, assess-
ment of creativity before and after activities assumed to help trigger creativity, inclu-
sion of contextual and organizational factors, testing the method in other activities,
improving of the algorithm, offering the method as an online open service etc.
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