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Abstract

In the framework of meeting scheduling problems, we present an approach where for
every agent the behavior of other agents is explained in terms of a common cognitive
structure. This structure accounts for the combination of emotional and intellectual
factors which produce a particular behavior when confronted to a particular situation
generated by an ecology of truly decentralized agents, interacting in a concurrent way.
The cognitive structure is translated into a computational architecture intended for
empirical experimentation. We present a research perspective aimed to investigate
group adaptation and evolution as a consequence of the refinement of every agent
cognitive model that each agent maintain.

*This research has been sponsored in part by CONACYT and ITESM Campus Monterrey.
§This paper appears in the proceedings of the First Iberoamerican Workshop on Distributed Artificial
Intelligence and Multiagent Systems, LANIA & MIA-UV, 1996.



1 Introduction

In Psychology, two broad streams for studying human mind are usually distinguished: on
one hand, the conductist approach tries to relate a stimulus with a response, without any
assumption concerning the internal structure of the subject; on the other hand, the cognitive
point of view supposes the presence of information structures and processes explaining social
behavior '. This distinction has its counterpart in Distributed Artificial Intelligence (DAT)
and Multi-Agent Systems (MAS) 2. In Multi-Agent Systems the conductist view can be
better identified with the reactive agents, whereas the cognitive point of view can be better
identified with the so-called cognitive agents, which has an explicit information processing
structure 2.

The cognitive point of view has much to offer in the field of MAS. Perhaps the most
important aspect is that it offers the possibility of explaining the behavior of agents in terms
of a basic common cognitive structure. For example, if an agent is refusing your proposal in
the context of a negotiation, you may want to know the reason of the refusal, so you can be
more effective in future proposals.

In cognitive modeling of agents there is an implicit assumption of the existence of a
common set of components, in terms of which the explanation of behaviors is formulated.
Examples of those components are memory, reasoning process, and so forth.

While there are many cognitive architectures for agents, we want to focus on a particular
family of problems, namely the meeting scheduling problem, and to devise a cognitive archi-
tecture suited to this problem. In this way, we could test and measure the accurateness of
our agent models.

Meeting scheduling is an everyday task which is a time-consuming, iterative, and somehow
tedious. It can take place between two persons or among several persons. Sometimes,
these people only try to schedule one meeting. However, most of the time people need to
schedule many meetings at the same time taking into account several constraints. In our
daily life, meeting scheduling is a naturally distributed task which, many times, is performed
by secretaries via telephone or, many other times, it is performed by ourselves via electronic
mail.

Each potential attendee needs to take into account his/her own meeting preferences and
calendar availability. Most of the time, each attendee has some uncertain and incomplete
knowledge about the preferences and calendar of the other attendees; in fact, agents usually
try to keep high degrees of calendar and preference privacy. During the process of scheduling
the meeting, all attendees should consider the main group goal (i.e. to schedule a meeting)
but they also take into account individual goals (i.e. to satisfy their individual preferences).

We believe that in order to consider realistic scenarios in meeting scheduling (that is,

!The conductist approach can be better identified by the Watson [61] and Skinner [55] work; and the
cognitive approach has been rapidly emerging since the 60’s, see [27, 17].

2We do not introduce the the DAT/MAS field in this paper, directing the reader to the following references:
the classic DAI reference is [1]; another more recent DAI survey paper is [9]; an interesting comparison
between DAT and MAS can be found in [11]; the proceedings of the First International Conference on Multi-
Agent Systems (ICMAS-95) is [35]; an interesting book chapter describing innovative industrial applications
of DAT is [39]; and a couple of very recently published books are [46, 38].

3In [65], it can be found an interesting discussion about cognitive and reactive agent architectures.



situations close enough to those found when a group of human beings is engaged in a meeting
scheduling process), we need to consider three very important aspects: information privacy,
cognitive modeling, and group adaptation *. We explain these in more detail in the remaining
of the paper.

To begin with, we introduce related work in section 2; next, in section 3, we present a
brief description of our work concerning information privacy in meeting scheduling; later, in
section 4, we describe our current work in cognitive modeling; next, in section 5, we depict
our agent-based architecture; then, in section 7, we go into future work concerning group
adaptation; finally, in section 8, we present the conclusions.

2 Related Work

Regarding the meeting scheduling, we can find several commercial products but they are
just computational calendars with some special features (e.g. availability checkers, meeting
reminders); in [59], a review of several of these products can be found. None of these products
is a truly autonomous agent capable of communicating and negotiating with other agents in
order to schedule meetings in a distributed way taking into account the user’s preferences
and calendar availability.

However, there has been much research work in meeting scheduling. Most of the earliest
work reached interesting but limited success, see [30, 23, 31] for details.

We can found some interesting approaches in Artificial Intelligence such as [37] and
[36]; this work focus in learning user preferences but they do not take to much attention
to the social and distributed implications of the distributed meeting scheduling process.
Eventually, our agents could collaborate with these systems/agents in order to get the user
meeting preferences.

We can find other research work in Distributed Artificial Intelligence. Sen & Durfee’s
work [47, 48, 49, 50, 51] has been focused on solving the meeting scheduling problem using
a centralized host agent capable of communicating with all other agents in order to schedule
meetings using a negotiation protocol based on contracts [56]; the main purpose of the host
agent is to coordinate the search for a feasible schedule taking into consideration attendees’
calendars. However, user preferences are not taken into account during the meeting sche-
duling process. They have focused their research on several search biases to get different
density profiles in agents’ calendars.

Other recent work in distributed meeting scheduling is due to Ephrati, Zlotkin and Ro-
senschein [12]. They present an alternative approach which is economic in flavor. They
analyze tradeoffs between the mechanism complexity and information preferences and they
introduce the Clarke Tax Mechanism as a method for removing manipulability from them.

In [58], Sycara and Liu present another approach based on modeling and communication
of constraints and preferences among the agents. Here the agents are capable of negotiating
and relaxing their constraints in order to find and reach agreement on schedules with high
joint utility. Using this model, agents also can react and revise the schedule in response to

“However this does not mean that the inherent scheduling problem (which is known as an NP-complete
problem [19]) does not have enough importance to be considered.



dynamic changes.

Regarding agent cognitive modeling we can find a lot of work in Distributed Artificial
Intelligence and Multi-Agent Systems fields. As we will see in next paragraphs, most of that
work has been done on modeling knowledge, beliefs, intentions, plans, and goals.

Some general introductions to modeling formalisms can be found in [24, 33, 63]. As
introduction references to the DAI work on modeling knowledge and beliefs, the reader can
see [13] and [25]. Another interesting reference with complexity results for modal logics of
knowledge and beliefs is [26].

There are also other more utilitarian and game-theoretic approaches to agent cognitive
modeling; as good examples and for further references see Durfee, Gmytrasiewicz & Vidal’s
work [10, 22, 60] and Werner’s work [62].

Cohen and Levesque [5] proposed agent models based on beliefs and goals. However, per-
haps the most common approach in cognitive modeling is to use the beliefs-desires-intentions
paradigm, see [45]; however, there have been other approaches, such as that taken by Shoham
[53], Singh [54], and Krauss [34].

[64, 66] are very good collections of recent papers in Intelligent Agents whose approach
is strongly oriented to agent modeling theories, architectures and languages.

Finally, in regard to group behavior research we can also find much work. In fact, many
of this research overlap the cognitive modeling field discussed earlier.

Traditionally, group creation, behavior and adaptation have been usually study by Social
Psychology and Sociology. However, recently we can find a lot of work related to group
behavior in Distributed Artificial Intelligence and, specially, in Multi-Agent Systems.

Some of this research deals with issues such as commitments, intentions and coordination
algorithms (e.g. [5, 8]). There is also much work in group negotiation (e.g. [57]). Further-
more, there is too much effort towards standard communication languages and knowledge
sharing mechanisms (e.g. [14, 15]).

Although Fox [18] pointed out the great importance of organizational adaptation, there
has been little research on group adaptation, learning, and auto-organization in DAI field.
Some of the earliest work in this area are [7, 2, 6, 21].

However, interest in these kind of topics has rapidly been reaching the interest of MAS
community. For instance, there has been at least one workshop on these topics this year
—Adaptation, Co-evolution and Learning in Multiagent Systems in the AAAT Spring Sym-
posium Series; and two more workshops will be held this year —Learning Complex Behaviors
in Adaptive Intelligent Systems in the AAAT Fall Simposium Series and the AAAI-96 Inter-
national Workshop on Intelligent Adaptive Agents.

3 Meeting Scheduling

In [20], we presented some of our preliminary experimental results in Multi-Agent Meeting
Scheduling. In our work, we view meeting scheduling as a distributed task where each agent
knows its user preferences and calendar availability in order to act on behalf of its user. Our
multi-agent system is based on the communication protocol presented earlier in [58]. Using
Allegro CLOS, we implemented our system which consists of truly autonomous software
agents running, as independent processes, on different computers.



We have run several experiments in order to explore the tradeoffs between meeting quality
and efficiency when varying some experimental parameters. Our experiment results showed
how the calendar and preference privacy affect the scheduling efficiency and the meeting
joint quality under different experimental scenarios. We believe that these variables play a
key role in the distributed meeting scheduling task, specially if we are interested in building
distributed systems with truly autonomous and independent agents where there is not a
specific centralized host agent.

These experiments have shown that when agents schedule meetings trying to keep their
privacy, our multi-agent system behaves in a more stable way with better average fastness
reaching the best possible meeting joint qualities. This is of particular interest to us because
people always try to keep both kinds of calendar and preference privacies most of the time.

So our multi-agent system shows how we can provide automated support for the meeting
scheduling task taking into account user preferences and keeping information privacy. The
results obtained through experimentation have confirmed some interesting points because
they show some aspects of realistic scenarios where agents try to satisfy their own preferences
keeping their information privacy.

However, we have been working under some key assumptions: Our agents accept in
advance the protocol and coordination policies. Our agents agree in meeting locations, since
we have not model this parameter in our system yet. Our agents are honest; that is, they do
not try to take advantage of the exchanged information in order to manipulate the outcome
of the negotiation. They always try to reach the optimal joint meeting quality and, as human
beings, they first relax their preferences before failing to reach an agreement, as it has been
presented in [44].

As we will see in next sections, we intend to let agents learn and infer other agents’
mental attitutes and behaviors in order to model more complex and realistic scenarios where
agents need to adapt to the others in totally distributed (descentralized) environments.

4 Cognitive modeling

When we try to make cognitive models about other people, the first problem is to identify the
factors that are involved in the group problem-solving process. For instance, we frequently
take into consideration factors such as the particular event factors, our believes about other
agents’ attitudes, feelings, and capabilities in addition to our own personality °.

Figure 1 shows how we can model an agent when it is engaged in a group problem-
solving process. As we can see, attitudes, moods ¢, event factors and capabilities affect our
current dispositions and feelings. Furthermore, our desires and preferences can be affected,
on one hand, by the event factors and our capabilities, and, on the other one, by our current
dispositions and feelings. This model can be used for defining the operation of an agent, and
it also can be used by an agent in order to have a cognitive model about other agents.

We are using here the term personality as the set of distinctive and basic human features, such as:
attitudes, capabilities, and moods.

SWe are using here the term moods with a very similar connotation to that used for humors in the middle
age; that 1s, it is the set of distinctive emotions and feelings of a person or agent.
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Figure 1: Actors and roles in agent modeling

Knowledge about other agents’ personalities (i.e. knowledge about their moods, attitu-
des, and capabilities) can be very useful for predicting their desires, preferences, intentions,
and goals under some particular event. In addition to these predictions, our own desires and
preferences can be used as inputs to an evaluation process which gets a set of goals which
can be used by other processes such as planning, design, scheduling, group coordination,
negotiation, adaptation, and so forth.

Obviously, the quality and effectivity of agent’s actions depend on the correctness of the
agent’s predictions which are based on the agent cognitive models maintained by the agent.

In the following subsections we discuss some particular cognitive factors that we have
identified in the meeting scheduling domain. First, we introduce these factors in a completely
intuitive way; after this, we will discuss how to deal with their precise meaning.

4.1 Attitudes

By attitudes we mean a fixed (that is, relatively invariant with time) bias toward certain
kinds of actions. For example, an individualist agent tends to give priority to its own interest,
in contrast with a collaborator agent, which favor the group’s interest.

We can detect the following distinctive agent attitudes in a meeting scheduling scenario:

Social attitudes. We categorized here those attitudes related to social or group activi-
ties. Some attitudes that we can find in this category are: collaborator, individualist,
altruist, selfish, benevolent, malevolent, etc.

Calendar attitudes. In the meeting scheduling domain, we can observe, on one hand, peo-
ple biased to form calendars with meeting clusters and, on the other one, people biased
to form calendars with uniform distributions of meetings. Some attitudes that we can
identified under this category are: being biased to meet in the morning, afternoon or
nigth; being biased to meet as soon as possible; being biased to meet always in a speci-



fic day of the week; being biased to form calendar with uniform meeting distributions;
and so forth.

Communication attitudes. We have also observed that there are some attitudes related
to the communication process. Some attitudes that can be categorized here are: talk
active, passive agents, conformist, nonconformist, etec.

4.2 FEvent factors

In order to try to differentiate each event that can arise in a meeting scheduling scenario,
we can take into account the following factors:

Meeting features. We have identified some relevant meeting characteristics, such as: the
meeting goal, compulsory meeting degree (compulsory/optional), meeting attendees,
attendees hierarchy, meeting deadline.

Agents’ actions/proposals. In the general case, it is necessary to take into account other
agents’ actions; however, for the time being, we have decided only to consider the
agents’ proposals and counter-proposals as their observable actions in our meeting
scheduling domain.

Temporal Factors. We have identified that there are also other time-related factors, such
as: being close to the meeting deadline and being far from the meeting deadline.

4.3 Capabilities

For the time being, we have decided to take into account only the agent’s calendar availability
as the agent’s capability to meet. However, we could consider much more complex capability
factors in this and other domains, such as software/hardware failures.

4.4 Moods

As we previously mentioned, we use the term moods with a very similar connotation to the
medieval humors; this is in the sense of being a set of distinctive emotions and feelings of
a person or agent. So that here we could take into consideration only those features that
traditionally have been known as people humors. However, we consider here a lot of feelings
and emotions that can be used to distinguish a person or agent, such as:

Affects. These are some special kind of social emotions such as: friendlessness, love, hate,
gratitude, admiration, resentment, etc.

Emotions. We distinguish here other more non-social or impersonal feelings such as: sad-
ness, happiness, anger, sorrow, shame, distress, etc.



4.5 Dispositions and feelings

In our model, we use the term dispositions as a kind of current temporal attitudes that
emerge in each particular situation and are determined by our distinctive attitudes, moods,
capabilities, and the particular event factors.

Likewise, we use the term feelings as a kind of current temporal moods that also arise
in each particular event. These feelings are determined by our distinctive moods, attitudes,
capabilities, and the particular factors of the situation.

4.6 Semantics

The precise meaning of the cognitive components is currently being defined following a kind
of “operational semantics”, that is, a definition of their meaning in terms of the behavior
of a given interpreter. The interpreter is to be the algorithm for combining the cognitive
components so that a specific preference —and ultimately a behavior— is generated. Of course,
this definition does not pretend to account for a general definition of terms like “happiness”
but just to be a working definition for the specific context of meeting-scheduling problems.

4.7 The modeling process

To model agents’ attitudes, capabilities, dispositions, etc. means to infer them from their
observed agents’ behavior. This behavior includes mainly the messages sent (or the absence
of such messages) by the agent being modelled to other agents. Clearly the inference of
other’s attitudes from their behavior is not a deterministic activity since a single action
could be a consequence of many different cognitive profiles. In this way, modeling can be
viewed as an iterative and gradual process, where every new piece of information about a
particular agent —that is, its recent behavior— is analyzed in such a way that the model of
that agent is further refined. The more the modeling process is refined, the more accurate
the models could be.

In Psychology, attributions is the term for describing the process of giving an explanation
to an observed action. Attributions could be computationally calculated by a backward-
chaining process relying on a base of known traits and observed behaviors. This base would
account for the cognitive model represented in figure 1.

This is a form of hypothetical reasoning, sometimes referred to as abduction [3, 28].
In [41, 42], it is proposed a computational system capable of obtaining the abducentes or
explanations for a given observation. Other possibility is the use of Bayesian networks [40, 43]
to calculate the probability of a certain cognitive profile to explain an observed behavior.
Currently we are considering these methods for calculating the cognitive models explaining
the agents’ behavior.

5 Agent architecture

We have also been working in the design of an agent architecture for supporting further
development on our multi-agent meeting scheduling system.



|
Agenda Thinker — |
I

A
- A A
Agent Models 9 |
Models Maintainer e 1
n |
Calendar t _— Agent B
|
I
C |

Tofe=RfO0QOZ

e ! -
Current Moods .
i & Predictor n |
Meetings < H !
Attitudes
e ! 1
r
0 i !
T , 1
Calendar a !
Maintainer [~ | Evaluator — e ‘
e |
N 1
(N 1

[ User Interface j

Figure 2: Agent-based architecture

Our agent architecture is an agent-based architecture; that is, we implement each module
as an independent process capable of sending and receiving messages in an asynchronic
way. Each process/agent is responsible for performing some particular activities. The group
activity gives life to the entire meeting scheduling agent. The architecture is shown in
figure 2. This figure shows the module/agents (displayed as rounded squares), databases
(displayed as squares), and the relationships between them.

A brief description of each component of the agent-based architecture is presented as
follows:

User interface. This module is responsible of the interaction with the user. It sends and
receives user messages and forwards them to the appropriate module in the adequate
format. This module would communicate with the user using any appropriate language
such as a graphical and/or natural language.

Agent interface. This module is responsible of the interaction with other agents. It sends
and receives other agent messages and forwards them to the appropriate module using
the adequate format. In order to ensure agent generality this module can use a standard
communication protocol such as KQML [16].

Agenda. This module is composed by two submodules:

Calendar. This is the database where all the agent meeting information is stored.

Calendar manipulator. This module is responsible of managing the calendar data-
base. This module can receive updating and/or retrieval messages from the other
modules and it can send the respective answer messages.

Thinker This module is responsible of doing all those cognitive process that gives inte-
lligence to the agent. This module is more complex than the previous one and it is
constituted by having several submodules, such as:



Negotiator. Once that this module receive a particular goal from the Evaluator mo-
dule, the Negotiator module is responsible for performing the appropriate strate-
gies of negotiation, argumentation and persuasion.

Model Maintainer. This module is responsible of inferring, learning, creating and
adapting agent models using the agent cognitive model discussed in a previous
section.

Predictor. This module is responsible of making predictions about the other agents’
desires, preferences and goals based on the models created by the Model Main-
tainer module.

Evaluator. This module is responsible of evaluating the predictions about other agents,
the own moods and attitudes, and the particular meeting features in order to
create current goals that are sent to the Negotiator module which takes a specific
action (proposal/counter-proposal) or strategy.

Current Meetings. This is a database with all the meeting features information is
stored. Remember that each meeting scheduling agent is capable of processing
several meeting processes at the same time.

Moods & Attitudes. This is another database where the basic cognitive personality
of the meeting scheduling agent is stored.

Agent Models. This database stores all the cognitive agent models that are managed
by the Models Maintainer module.

This is an initial architecture which can be easily updated. In fact, this is why we have
implemented under an agent-based fashion. We believe that this characteristic gives us

modularity and encapsulation enough to be able to develop our architecture towards any
appropriate future direction.

6 The Schedule Game

We felt the need of an interesting environment in which to carry out some experiments.
Further, we needed a framework rich enough to:

e Allow for cooperative as well as individualistic actions;

e Show or hide agent’s private information and goals;
o Define different action styles or “roles” played by the participating agents;

o Make it useful and interesting to discover and model the other agents’ roles and cha-
racteristics from their behavior.

In order to fulfill the requirements outlined above, we defined a competitive game which

can be played by persons as well as by agents.



The goal of the players is to accumulate points, winning the player who accumulates
more points in a fixed number of “rounds”.

In each round the players “bid” for each one for a specific hour, winning the group of
players which totalizes the greatest “count”. A count is obtained by simply adding the values
that each hour has for each player. Here comes the interesting point: the different hours
could have different values for the different players, according to a “role” randomly assigned
to each player at the beginning of the game. There are five “roles”, with the following points
assigned to the hours:

The early-rising , who prefers to schedule meetings as early as possible; the points for
each of the hours (from 9 a.m. to 4 p.m.) are 8, 7, 6, 5, 4, 3, 2, 1.

The night owl , who prefers to schedule meetings as late as possible; the points assigned
to the hours are 1, 2, 3, 4, 5, 6, 7, 8.

The extreme , who either tries to schedule meetings early in the morning or as late as
possible; the values of the hours are 8, 6, 4, 2, 1, 3, 5, 7.

The medium , who prefers to schedule meetings around the middle of the working day;
the values of the hours are 1, 3, 5, 7, 8, 6, 4, 2.

The flat , who does not care about the hour of the meeting. The values of the hours are

all 4.

The counting procedure is performed by an external “referee”, which announces the
winner group, but keeps for him the exact amount of points earned by each team and player.
Only after, say, 10 rounds, when the game is over, the exact count is announced to every
player.

The mechanism outlined above mimics the situation where a group of working people
tries to reach an agreement scheduling a meeting, of course, with some major simplifications.

The analogy of the schedule game with the “real” schedule is stressed by the following
considerations:

e The players are forced to reach an agreement with other players, because otherwise
they could not win.

e For the sake of their own interest, the players should try to maximize his/her group’s
count.

e The individual utility is also considered, as the players in the winning group receive
his/her own contribution, which should then be as high as possible.

Thus, for example, the early-rising tries to schedule the meeting as early as possible, in
order both to contribute to the group’s count and to receive his/her individual points.

One of the design goals for the schedule game was that it should be useful for the players
to guess the others’ roles. In the schedule game, each player should try to present a bid
which is interesting for other players. This is most efficiently done if the player knows —or



guesses correctly— the other players’ roles. For example if [ am a “medium” and I guess
that some of the players are early-rising, then I could bid for an hour in the first part of the
working day.

The strategies in the schedule game could be fairly complex. Fach player bids for the
hour s/he believes will get the highest sum, adding all players” bids. But you will not help
to win a player you think has already a clear advantage over you, so probably you will prefer
to arrive to an agreement with other players.

7 Towards group adaptation

One of the most intriguing aspects of multi-agents systems is how a group behavior emerges
from the interaction of individual agents. There are many interesting group behaviors,
such as: different mechanisms of group creations, disintegration and modification; groups
interacting with other groups; people joining to and leaving groups in a concurrent way;
people becoming involved in several groups; formation of coalition and blocks among agents
for achieving a common goal, and so forth. And all this is possible with people (agents)
usually having individual motivations, beliefs, and goals that can be similar or different
along several groups; inside a group, people regularly have different attitudes (e.g. altruist,
malevolent, cooperative); sometimes it is possible to see groups with some global goals but
with different members’ individual goals.

It could seem that if there are many individual and group factors, all of them interacting
in a concurrent and decentralized way, it would be impossible to see group adaptation and
evolution showing better global performance. However, it is not the case. In general, groups
evolve and adapt in spite of several apparent negative factors as it can be observed in several
human and animal group scenarios.

We can face much of these situations in the decentralized meeting scheduling domain.
When we have a truly decentralized multi-agent meeting scheduling scenario (i.e. a situation
where there is not a specific host agent nor a fixed centralized protocol), we can face problems
such as group adaptation and learning; that is, the group must be able to learn and adapt
to itself as a whole in order to develop better performance.

We think (and hope) that our work and results in this domain can be migrated to other
domains that also face truly decentralized group problem-solving processes (e.g. distributed
decision-making)

As we have already said, we have realized that if we want to tackle more realistic scenarios,
agent cognitive models need to take into account other agents’ feelings, attitudes, capabilities,
traits and moods. In particular, we think that this kind of modeling is specially important
in group adaptation.

Although there could be other more reactive or conductist approaches, our hypothesis is
that agent cognitive modeling is specially important in order to achieve a successful group
adaptation; furthermore, we maintain that besides intentions and goals cognitive models
need to take into consideration such things as personality and moods.

Using the cognitive models and agent architecture discussed earlier, we intend to develop
several experimental group scenarios in order to test our hypotheses. Our basic research
questions are:



o What cognitive factors are critical in group behavior such as group creation, adaptation
and dissolution?

o How does agent cognitive modeling help to improve group performance?

e How do personality, moods, attitudes and feelings affect group adaptation?

In the long term, we have some special interest in a particular social phenomenon: the
apparent non-explainable global group behavior arising from concurrent and decentralized
individual behaviors. This kind of systemic and holistic approach has been treated by others
in different domains and contexts, for instance: mind conceptualization in Philosophy [29],
the Gestalt approach in Psychology [32], enterprise organization in Business Management
[52, 4].

We also think that agent cognitive modeling is specially important in explaining this
global and systemic group behavior. Our basic research questions here are:

e How global behavior emerges from individual (cognitive) factors?

e How can we develop social cognitive models from individual agent cognitive ones?

Our final intention is not only to explain group behavior in terms of agent cognitive models
but also to develop suitable mechanisms for creating societies of artificial and intelligent
agents capable of behave, learn, and adapt in a concurrent, decentralized, and independent
way.

8 Conclusions

Modeling is an ubiquitous activity in real-life when you are trying to arrive to an agreement.
You have to suppose counterparts’ intentions and goals based on what you think their per-
sonality is; and the more accurate your predictions are, the more adequate your behavior
is.

In this paper we presented a cognitive style modeling aimed to characterize other agents in
a meeting scheduling activity. As we have done in our previous work, we will substantiate the
adequateness of our cognitive models by doing simulation-based empirical experimentation.

One aspect we will delve into is group adaptation and evolution in meeting scheduling
domains as theirs individuals “learn” —that is, model— other agents’ cognitive traits.
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