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Abstract

This paper proposes an agent-based system with
Organizational-Learning Oriented Classifier System
(OCS), which is an extension of Learning Classi-
fier System ~CS) into multiple agent environments.
In OCS, each agent is equipped with a correspond-
ing Michigan type LCS and acquires problem solv-
ing knowledge based on the concepts of organizational
learning in management and organizational sciences.
In the proposed system, we further extend OCS to
employ the following characteristics: (1) each agent
solves multi-objective problems, there are some trade-
offs about given problems; (2) the agents compose
multi-classes, and in each class, they pursue different
goals, which might cause conflicts among the classes of
agents, and (3) the agents learn both individually and
organizationally. We have applied the system to
logical Marketing" domain in order to explain competi-
tive and cooperative agent behaviors in developing and
purchasing both economical and ecological products.

Introduction
Recent distributed information systems over the Internet
often reveal very complex phenomena in practical opera-
tion, although they are constructed from very simple soft-
ware components, because the behaviors of the users are
not predictable. To understand the phenomena, we must
develop explainable and executable models to analyze the
activities of organizations, which consist of both human and
artifacts. Computational (and Mathematical) Organization
Theory (COT; CMOT) [Carley 1999] utilizes agent-based
modeling techniques [Axelrod 1997], [Epstein 1996], [Ax-
tel 2000]. By agent modeling, we mean that we develop
models with groups of simple and small software compo-
nents or software agents and that they behave in a given
environment and solve some global problems.

The approaches we address in this paper also employ the
principles of agent-based modeling techniques. To develop
the model, we introduce the concepts of Organizational
Learning in management and organizational sciences [Ar-
gyris 78]. This paper proposes an agent-based social simu-
lation system with Organizational-Learning Oriented Clas-
sifter System (OCS) [Takadama 99a, 99b, 01a, 01b], which
Copyright (~) 2002, American Association for Artificial Intelli-
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is an extension of Learning Classifier System in Genetics-
Based Machine Learning [Goldberg 89], [Lanzi et al., 01]
into multiple agent environments. The proposed system is
characterized by the agents that (I) individually solve multi-
objective problems, (2) pursue different conflict goals, 
they belong to different classes, and (3) learn both individu-
ally and organizationally. Compared with multiagent learn-
ing systems so far (e.g., [AAAI 96]), the proposed system
is so complex that the agents are able to learn from random
initial knowledge and so powerful that they are utilized to
simulate practical social activities. To show the effective-
ness, therefore, we have applied the system to Ecological
Marketing ~lomain in order to explain both competitive and
cooperative agent behaviors in developing and purchasing
both economical and ecological products.

This paper is organized as follows: in section 2, we de-
scribe the background and objectives of the research, in sec-
tion 3, we propose a new OCS based architecture, then using
the proposed model, in section 4, we carry out experiments
on Ecological Marketing simulation. Based on the experi-
ments, section 5 and 6 respectively discuss the issues of or-
ganizational learning and co-evolution learning. Finally, in
section 7, concluding remarks will follow.

Background and Objectives
The literature in COT and/or CMOT frequentiy reports that
small autonomous agents can generate global interesting
structures and behaviors. In more detail, they describe:

(1) some interesting organizational phenomena usually
occur in observing the systems’ behaviors, (2) very subtle
changes of control mechanisms or system parameters will
dramaticaily change the characteristics of the systems, and
(3) there are common face-similarities of behaviors of com-
plex systems, for example, computer systems, social sys-
tems, and economical systems.

However, these researches in the literature only discuss
the emergent properties which can be identified from the ob-
servers’ standpoints, and tend to ignore the design problems
of such multiagent systems. These researches have not yet
attained to describe the flexibility and practicability of prac-
tical information systems. By the word flexibility and prac-
ticability, we respectively mean that ambiguous knowledge
sharing and ongoing adaptation in the context of activities
occur.
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To solve the difficulties, the study on extending the archi-
tecture of learning classifier systems into multiagent envi-
ronments has become popular in recent years. In such envi-
ronments, agents should cooperatively and/or competitively
learn each other and solve a given problem. As stated above,
amongst them, we have conducted the research based on the
concepts of Organizational learning in management and or-
ganizational sciences.

Though there are various definitions and discussions
about organization learning in the literature [Argyris 78],
[Duncan 79], [Kim 93], by organizational learning, we mean
that it is the process for the organization to learn to solve
a given problem, which cannot be solved by each individ-
ual agent in it, because of the insufficient capability of the
agent. The approaches to learning multiagent systems are
classified in the following two categories. The one is that
all agents in the system pursue the same goal, and the other
is that multiple classes of agents pursue different conflicting
goals and affect each other in the problem solving processes.
In both approaches, agents learn individually, however, from
our organizational learning viewpoints, the former aims at
acquiring the ability to get better solutions of the problem
by exchanging or transferring adaptation behaviors among
the agents. On the other hand, the latter alms at acquiring
the ability to how to act from the feedback from the environ-
mental changes due to the activities of the classes of agents.

From the technical view points, there has been a number
of studies in the co-evolution of populations in GA and mul-
tiagent learning literature. For example, [Rosin 97] proposes
a method of "competitive coevolution," in which fitness
is based on direct competition among individuals selected
from two independently evolving populations of "hosts" and
"parasites." [Bull 96] proposes a multi plied learning ap-
proach because the agents do not influence each other in
their learning processes. [Grefenstette 96] describea exper-
iments with co evolutionary approaches, that are similar to
ecological environments where species adapt in evolve in in-
teraction with each other. [Haynes 97] analyzes cross over
operators and fitness functions that allow to rapidly evolve
a team of agents with good task performance. [Sikora 94]
integrates a similarity-based learning program and GA op-
erations. Compared with such researches, in this paper, we
emphasize the concepts of organizational learning and the
application of learning classifier systems in Genetics-Based
Machine Learning [Goldberg 89] into multiagent learning.

We have developed the architecture of Organizational-
learning oriented Classifier System (OCS). In OCS, we have
focused upon the former type organizational learning by the
rule or classifier exchange mechanism [Takadama 99a, 99b,
01a, 01b]. However, the techniques we have implemented in
OCS so far are only applicable to the agents with the same
internal models and the same goals. Therefore, in this paper,
we address the development of the latter type organizational
learning in the OCS architecture in which multiple classes
of agents may have different internal models.

When we develop a learning multiagent system, we often
meet the following four difficulties:

¯ Agents may solves Multi-objective problems:

When acting as individuals, the agents may individually
achieve more than one objective at the same time. This
means that agents must solve multi-objective problems.
For example, in the Ecological Marketing domain de-
scribed later, the agents meet the tradeoffs between eco-
nomical and ecological goods.

¯ Agents may pursue different conflicting goals:
While agents act for their objectives, the agents may have
different weights on their multiple objectives. Further-
more, in the environment where agents act, there may be
multiple classes of agents. A group of agents with the
same objectives forms an agent class. The agents in a
same class may cooperatively imitate, learn, and adapt to
the activities of the other agents in the same class. How-
ever, the agents who belong to different classes may pur-
sue different conflicting goals. In the Ecological Market-
ing domain, one agent group is corresponding to the sup-
plier class and the other is corresponding to the consumer
class. Both class agents would like to contribute the envi-
ronmental problems, however, from the economical view
point, the objectives are conflicting.

¯ Agents may live in multiple environments:
If there are multiple environments, each environment re-
quires some specific activities to the agents living in it.
Agent must adopt the requirements, as they are ones of
the agents objectives.

Our purpose of this research is that we extend the archi-
tecture of the original OCS in order to develop more general
social simulation models for analyzing distributed informa-
tion systems with multiple classes composed of such agents
with multiple objectives. In the following sections, we will
describe the concepts and validate the effectiveness.

Organlzational-learnlng oriented Classifier
System and its Extension

In this section, we propose a new architecture with extension
of the OCS to simulate the agent with the characteristics ex-
plained so far.

Brief Description of Organizational-learning
Oriented Classifier System

Figure 1 shows the OCS architecture extended from con-
ventional Learning Classifier System (LCS) [Goldberg 89]
with organizational learning methods. The system solves
a given problem with multi-agents organizational learning
where the problem cannot be solved by the sum of individual
learning of each agent. In OCS, we introduce the four orga-
nizational learning mechanism proposed in [Kim 93]: (a)
Individual single loop learning, CO) Individual double loop
learning, (c) organizational single loop learning, and (d) 
ganizational double loop learning. Each learning mecha-
nism respectively corresponds to (a) reinforcement learning
(or modification of weights) of classifiers in each agent, Co)
new classifier or rule generation via genetic operations in
each agent, (c) the exchange mechanism of good classifiers
among various agents, and (d) collective knowledge reuse
for new problems.
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Agents divide given problems by acquiring their own ap-
propriate functions through interaction among agents We as-
sume that a given problem cannot be solved at an individual
level.

The agent in OCS contains the following components:
¯ Problem Solver:

- Detector and Effecter: they translate some parts (sub
environments) of a total environment state into an in-
ternal state (working memory) of an agent, applying
classifiers and/or collective knowledge, and derive ac-
tions based on the information in the working memory.

¯ Memory:

- Collective knowledge memory: It stores a set compris-
ing each agent’s rule set as collective knowledge. In
OCS, all agents share this knowledge.

- Individual knowledge memory: It stores a set ofclassi-
tiers (CFs). In OCS, agents individually store different
CFs that are composed of if-then rules with a strength
weight factor. At first, a given number of rules are gen-
erated in each agent at random, and the initial weights
are set to the same value.

- Working memory: It stores the recognition results of
both sub-environmental states and the internal states of
an action of fired rules.

¯ Learning in OCS:

- Reinforcement Learning: In OCS,the RL mechanism
enables agents to acquire their own actions that are re-
quired to achieve their own goals by tuning the rule
weights. We employ a profit sharing method for the
purpose.

- Rule Generation: The mechanism generates a new rule
when no rules in the individual knowledge can be ap-
plied to the working memory conditions and a rule with
the least weight is deleted.

- Rule Exchange: In OCS, agents exchange rules with
other agents at a particular time interval in order to dis-
tribute more effective rules that cannot be acquired at
the individual level learning. When exchanged, rules
with lower weights are replaced.

- Collective Knowledge Reuse: When the agents have
solved some set of problems, the individual knowl-
edge is chunked and commonly distributed to the all
the agents. The knowledge is stored in order to apply
the future problem solving.

The basic idea of the proposed system in this paper comes
from OCS, however, the proposed system is extended from
the original OCS so that we deal with the agents with the
characteristics described above. We will omit the detailed
descriptions about the system common with the original
OCS The detailed discussion about the mechanisms of the
original OCS is found in [Takadama 01a, 01b].

Coping with Multi-Objective Problems

First, we have changed the form of the classifiers, which are
stored within Individual Knowledge ~module, in order
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Figure 1: Architecture of Organizational-learning Oriented
Classifier System

to cope with multi-objective problems dealt with the agent.
Referring to VEGA (Sehaffer 1985), which implements 
way to deal with multi-objective problems by Genetic Al-
gorithms (GAs), we have applied the principle of VEGA
to Learning Classifier System. Each classifier individually
holds multiple strengths corresponding to each objective.
Each of the strength values means the adaptation score to-
wards the corresponding objectives. The score is calculated
by a method described later. Individual knowledge will be
iteratively improved by reinforcement learning. If two or
more of the agents have the same objectives for their action,
then they are formed in the same class. An agent decides its
action by the following procedures:

(1) Select probabilistieally one of the n objectives about their
actions.

(2) Select some classifiers that match the states of Detector"
of Learning classifier system.

(3) Select one classifier from them according to strengths by
"Roulette Selection" to decide its action.

(4) Apply the classifier to Effecter ito a real action.

Each agent individually has n weight values according
to the corresponding n objectives. In each action, one of
the objectives is probabilistically selected according to the
weight values, and then corresponding actions will be taken.
Thus, by the difference of the weight for each objective, we
represent the agent’s characteristics so that Agent pursues
different goals |

Classifiers are gradually trained via conventional LCS
mechanisms. The learning procedure is as follows:

(1) Select the elite classifiers. Select some fixed number of
excellent classifiers for each n objective. Some fixed ratio
of the selected superior classifiers remains for each objec-
tives according to their weights for each objective.

(2) Select classifiers for crossover operation. First, select two
classifiers from all classifiers randomly. Next, select one
from the two by the tournament selection. At the tour-
nament selection, select one objective, compare the cor-
responding strengths of the two classifiers, and select the
better one for the candidate for the crossover operations.
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(3) Apply genetic operations. According to the general pro-
cedures of GAs, apply crossover, selection, and mutation
operators for the next generation.

Extension for Multi-Class Agents
We have changed OCS to handle multi-class agents. As
shown in Figure 2, multiple classes of agents share the same
environment. However, each agent class has each different
viewpoint to interpret the status of the environment, different
objectives to act, or different actions. To attain this, we de-
sign Effecter iand Detector for each individual class.
By this way, we extend OCS to multi-class agent system
without changing the internal architecture of OCS-agent.

Evaluating Agents’ Actions
We describe a way to evaluate agents’ actions under the re-
quirements from multiple environments and the aims to meet
their actions to the multiple objectives. An agent in a same.

¯ agent class has the same objectives for its actions. These
objectives are implicit requirements from the environments
that it lives. As described earlier, an agent probabilistically
selects one objective from n of them, selects classifiers that
match the condition of the detector, and select one classifier
to decide its action. To correspond to multiple environments
requirements, its action for one objective is reflected to all
the environments, the action will change the status of all en-
vironments. Each agent compares the effect of its action to
the environment that the agent has selected based on the ob-
jective, and averages the effects by all agents actions. That
is, the effects by all agents are averaged in the same class
to the environment. However, in this way, the other agents
do not always act for the same objectives. Thus, the agents
evaluate their actions based on the resulting environment,
which might have effects of the other agents with different
objectives.

The method may seem invalid, however, we believe this
evaluation is adequate, because the agents will see the other
agents actions subjectively by their own objectives. They
will judge their surrounding environments by their internal
models. While we evaluate the results of actions by one
agent, this relative evaluation is adaptive to the dynamic
changes of the environment it lives. If one agent would
evaluate its action absolutely, it would evaluate its actions
as suitable after the environment changes to the state the ac-
tion would not be suitable any more. This relative evalua-
tion is a reasonable way to adapt the dynamic change of the
environments under which various agents act with different
objectives they aim at.

The proposed system has no explicit objective functions
globally, but each agent Individually has the ones. The envi-
ronments they live can be changed to the state that they never
want to be, because the environments are shared and affected
by the other classes of agents that may act in completely dif-
ferent ways. A realistic tactic to fit such environments for
agents is not to aim at on one target state as an ideal one
for them. An agent should compromise to the environment
it live and it may follow a better result that the other agents
have attained. In this point of view, the relative evaluation
method is a flexible way.

[ Environment A } [ Environment B

Figure 2: Extension of OCS to Multi-Class Agents

One score calculated by this evaluation is reflected to
the strength for the corresponding objective in the classi-
tier; however, the score is not reflected to the other n - 1
strengths.

Methods for Organizational Learning

We prepare the two organizational learning methods for
agents in a same class.

Copying Action Parts of a Classifier When agent’s ac-
tions result in a bad status, the action part pf classifiers is
substituted by the other actions, which have resulted in good
results, so far. With this method, an agent avoids making a
mistake in the same situation, again. The agent adopts the
actions those may not be caused with the same objective.
So we call this method "Copy of Action (without normative
objective)".

Copying Classifiers or Rules The objective of copying
rules is to share the success stories by all agents. While
an agent succeeded in its actions, the agent offers classifier
sets that made the success to collective knowledge as the
shared place or blackboard. When applying GA operations,
all agents adopt those classifiers as the elitist ones. By this
method, agents get rules as its individual knowledge that will
be able to succeed in the same situation. We call this method
"Copy of Rules ; Classifier sets to share are prepared for
each objective that the corresponding class of agents owns
them. In that case, the ratio of the classifiers that the agent
adapts for each objective is according to the weight of ob-
jectives.

Ecological Marketing Simulator

Ecological Marketing iis one of general marketing meth-
ods that approaches consumers with a supplier or its prod-
ucts keen on corresponding ecological problems. We have
modeled Ecological Marketing very simple, and simulated it
in order to validate the effectiveness of the architecture dis-
cussed above. The objective of the Eco-marketing Simulator
is to find out the stable conditions where both supplier and
consumer classes of agents live by proceeding coevolving
processes to acquire their knowledge each other.
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Our agent model of Ecological Marketing is summarized
as follows.

¯ Agent classes: "Consumers" and "Suppliers"

¯ Environments that agents live: "Economy-oriented" and
"Ecology-oriented"

¯ Objectives of Supplier class: "earn much money" and
"correspond to ecology" on selling their products

¯ Objectives of Consumer class: "buy a cheaper products"
and "correspond to ecology" on buying the products.

Between the two objectives of supplier agents, there is a
constraint that the higher a supplier corresponds to ecology,
the higher the cost of the products raises. Each supplier can
set the price of the product as it like. Suppliers and con-
sumers hold "cash position" and "ecological score" as their
internal variables. With their actions, these variables will
change by the rules as follows.

(1) Case of Suppliers

¯ Cash Position: Increases/decreases by sales. A supplier
must produce at least 2 products, so while it could sell
less than 2, the supplier looses the cost of the remained
products.

¯ Ecological score: A supplier gets a score multiply "ecol-
ogy correspondence ratio of a product" by "number of
sold products". But while a supplier could sell less than
2, the supplier gets some penalty scores.

(2) Case of Consumers

¯ Cash position: A consumer pays some prices of a product
it bought, and gets a mean price of all products.

¯ Ecological score: A consumer gets the ecology corre-
spondence ratio of a product.

To.implement the agents, the conditional parts of the clas-
sifter contain the following information: Cash position, Eco-
logical score, Results of previous sales activities (for suppli-
ers only), results of previous purchase activities (for con-
sumers only), the average of money all the agents have, the
average of ecological scores all the agents have, and so on.
The action parts of the classifier contain ecological score and
the margin of the products (for suppliers) and price of prod-
ucts and ecological score (for consumers).

The length of one classifier is 50 bits for suppliers and 40
bits for consumers. Each agent has 5,000 classifiers in its in-
ternal model. Parameters of GA operations are summarized
as follows: GA operations are applied every 500 iteration,
the ratio for the elite classifier selection is 0.2, the crossover
ratio is 1.0, and the mutation ratio is 0.001.

Preliminary Experiments: Only Supplier Agents
Learn

For the first practice, we have implemented the consumer
class with only heuristic following two rules. That is, we
have not applied GA operations to consumer agents. On the
other hand, maker agents are implemented by OCS, thus,
their actions will evolve.
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Figure 3: Number of Succeeded Agents in Pre-Experiments
(Average of 5 experiments)

¯ Rule 1: First, a consumer selects a product randomly, and
then, if there is a product fit more to ecology and the price
is not higher than 110% from the first one, select the prod-
uct.

¯ Rule 2: First, a consumer selects a product randomly, and
then if there is a product whose price is less than 90%
from the first one, selects the product.

The former heuristic is used in order for the consumer’s
objective to correspond to ecology, and latter is used in order
for the consumer’s objective to buy a cheaper product. In
this experiment, the weights for both objectives are set to
0.5. We have removed the variety of agents to measure the
pure effect of organizational learning methods.

Before the experiment, we have carried out the simula-
tion without organizational learning mechanisms; however,
we have had results that all suppliers go bankrupt. That is,
the prices of products go down to the least level same with
their production cost. Accordingly, we must apply the orga-
nizational learning method to a supplier’s objective to earn
much money.

To overcome the results, the following two organiza-
tional learning methods are designed. When a supplier goes
bankrupt, the "Copy of actions" method is executed. This
means that they copy the last 5 best actions to the supplier’s
bad corresponding classifiers. When a supplier succeeds,
that is, its money position exceeds to the upper limit, the
supplier provides the last 5 classifiers applied, which cause
the last 5 actions of it, into a shared place. These success-
ful rules are able to be accepted as the elites by all suppliers
in the GA operations. But the rules the same supplier agent
has provided are excluded for the acceptance for itself. The
numbers of these success rules are limited to 40timesS.

We show the effects of organizational learning method in
Figures 3 and 4. ’Success’ in this figure means the times of
money position exceeds to the upper limit are more than 9
times that the money position falls the lower limit. ’Lose’
means the times of money position goes under the lower
limit than that exceeds the upper limit. We have measured
them every 2,000 iterations of the simulation.
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Figure 4: Numbers of Lost Agents in Pre-Experiments (Av-
erage of 5 experimentsExtension of OCS to Multi-Class
Agents)

Figure 5: Results of Ecological Actions Taken by Suppliers
in Pre-Experiments (Average of 5 experiments)

This result shows that "Copy of action" is effective to im-
prove the initial activities of agents, and "Copy of Rule" is
also effective to improve their final states.

We observe the effects of these methods by validating the
states of the environments feed backed by the actions of the
agents. We show in Figures 5 and 6, which represent the
transformation of environments with suppliers’ "ecological
actions" and "economical actions". These results show that
our methods work well on this point of view.

Automated Modification of Actions in

Ecological Marketing Simulation

We have found out the results of feedbacks of suppliers’ ac-
tions to the environments in Figures 5 and 6 that "ecologi-
cal actions" increase satisfactorily, but "economical actions"
rather decreases. This is because suppliers are too much cor-
responding to ecological issues, which have resulted in the
sacrifice of earning much money. That is, suppliers’ weights
for the two objectives are not suitable for its multi-objective
problems. Therefore, to improve the situation, we carry out
the second series of experiments to modify their objectives
dynamically by using the results of feed back of suppliers’

Figure 6: Results of Economical Actions Taken by Suppliers
in Pre-Experiments (Average of 5 experiments)
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Figure 7: Results of Agents’ Actions with "Modifications of
Actions"

actions to the environment.
Here, we examine a method (1) to compare the results

of both ecological and economical activities of agents, then
(2) to feed back the results toward the next simulation steps.
While the results are increased in the one objective and de-
creased in the other one, we decrease the weight for the in-
creased objective. We call this method as "Modification of
Actions". We have improved the suppliers’ multi-objective
solutions with this method as Figure 7 shows. We set the
unit step for the weight transformation at 0.05, here.

We observe that the both results of the feedbacks are in-
creasing, even if the results of ecological actions are rather
worse than the last result. That is, this method can gives
good organizational learning mechanisms for the multi-
objective problem. That is, supplier agents have learned
the best weights for objectives on-the-fly manner by this
method.

Co-Evolving Multiple Agents in Ecological
Marketing Simulation

Co-evolution is the evolution between different kinds of liv-
ing things with their interactive affections [Mitchell 96]. In
the framework of our research, Co-Evolution i means
the evolutionary acquisition of better knowledge between

30



Figure 8: Results of Agents’ Actions with "Interventions for
Actions"

the supplier agent class and the consumer agent class. In
the same class, they learn cooperatively, on the other hand,
against the class, they learn competitively.

The agents would like to get the benefit each other by
cooperating together toward their common objectives corre-
sponding to "ecology", and by competitive learning, which
means to compete the conflict of interests between suppliers
to earn "money" and consumers to buy cheaper "products".
This co-evolutional learning is attained in adaptation to the
change of environments, which is caused by their feedbacks
of actions to the environments. We simulate Ecological Mar-
keting with supplier agents and consumer agents, both of
which are implemented by the classifier system mechanisms
described earlier.

In the preliminary experiments, suppliers go bankrupt
even if they use organizational learning methods of "Copy
of actions iand Copy of Rules"; consumers win a run-
away victory in their competition. In the real world, this
result leads insufficiently supply of products, and this affect
consumers a bad impact. So consumers should make con-
cessions to suppliers to earn money so far as they do not go
bankrupt.

To put such concessions into practice in our simulation,
we expand the Modification of Actions imethod to co-
evolutional learning between agent classes. While suppli-
ers cannot improve the result of their economical actions by
themselves, the suppliers intervene consumers to change
their weight for economical objective lower. We call this
method as Intervention of Actions i We simulate the co-
evolution of multiclass agents in the Ecological Marketing
by the parameters as follows: the weight for each objective
is 0.5, the variety of rules (the margin of the weight for ob-
jectives) is 0.2. As a result, products settle to high ecological
and low price ones, and suppliers earn money so far as they
do not go bankrupt as Figure 8 shows.

Figure 8 Results of Agents Actions with "Interventions
for Actions"

Concluding Remarks

This paper has proposed a new architecture to simulate com-
plex agents behaviors similar to the ones in our real world

that may have multi-objectives, varieties in characteristics,
multi-class, and/or multiple environments. Such situations
are quite popular in recent distributed information systems.
We have developed such an agent model with Learning Clas-
sifier Systems in Genetic-Based Machine Learning literature
and have validated the effectiveness of the organizational
learning methods employed in the model. Our proposed
methods: "Copy of Actions", "Copy of Rules" and "Modifi-
cation of Actions" have shown the performance on the mul-
tiagents’ organizational learning about their suitable actions
for their multi-objectives. We have also shown the capabil-
ity of the "Intervention of Actions" method to co-evolve the
multi-class agents.

Future research includes (1) exploring further applica-
tions of the proposed agent modeling techniques to the other
information system problems, (2) extending the architecture
to examine the effects of the variety of agents to the result of
the simulation, and (3) developing much more novel organi-
zational learning methods for agent based modeling.
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