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Abstract

In multi-agent systems (MAS), autonomy is a fundamental characteristic that enables
agents to operate independently and adaptively within complex environments. However,
such characteristics may cause the system to fall into undesirable situations. On the one
hand, purely autonomous agents are difficult to predict. On the other hand, fully controlled
agents lose many of their abilities. Therefore, control frameworks have been designed
in the form of organizational architectures to help address the need for balance between
purely autonomous and fully controlled agents. This paper investigates the impact of
organization on the autonomy of the agents. To measure this impact, we propose a set of
seven metrics (Behavioral Wealth (BW), Service Wealth (SW), Frequency of Service Searches
per Time (FoSST), Frequency of Service Searches per Behavior (FoSSB), Number of Service
Searches (NoSS), Number of Service Demands per Behavior (NoSDB), and Number of
Provided Services per Demand (NoPSD)) and apply them to a case study implemented
in two configurations: with and without organizational aspects. To model organizational
aspects, we adopt the Agent–Group–Role (AGR) model, chosen for its structured approach
to defining agent responsibilities and interactions. The findings of this study show that
the organizational aspects reduce the communication load and enhance the effectiveness
of agents.

Keywords: multi-agent systems; organization; autonomy; measures; organizational models;
organizational impact

1. Introduction
The multi-agent systems (MAS) paradigm has significantly influenced our perspective

on software. This paradigm has arisen at the intersection of various fields, including
distributed systems, artificial intelligence, and software engineering. As a result, software
within this paradigm is conceptualized as a collection of interacting intelligent entities
known as agents. An agent is a logical or physical entity that seeks to achieve its own
goals [1]. The distinction between an agent and other traditional software entities is
established through several characteristics, of which the most important are situation,
reactivity, proactivity, sociability, and autonomy [2]. Among these characteristics, autonomy
is fundamental.
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Although autonomy is a key concept in many recent systems [3], an excess of autonomy
risks bringing the entire system into undesirable situations. On the one hand, since the
agents are all part of the same system, fully autonomous behaviors may endanger their
common goals. On the other hand, entirely controlled behaviors deteriorate the agents’
capabilities. Considering multi-robot systems working to explore an unknown environment
(e.g., a Mars planet). It is difficult to directly control all the robots due to the unpredictable
nature of the environment [4]. Moreover, it is important to ensure a level of control that
enables better coordination among the robots in order to avoid chaotic situations, such
as contradictory behaviors. Consequently, several solutions have been proposed in the
literature to address this issue [5–7]. Among these solutions, controlling the agents through
organizational mechanisms allows them to behave in a balanced way, avoiding both fully
controlled and fully autonomous behaviors [8].

Organization is one of the main concepts in multi-agent systems. A multi-agent system
can then be defined as an organized set of agents [9]. An organization describes how the
members of the organization interact to achieve a common goal. However, the importance
of organizations for multi-agent systems cannot be limited to the simple structuring of the
system. Organization increases system efficiency by decreasing the search space that an
agent needs to consider to accomplish its objective. In addition, it improves modularity and
reusability in the design of MAS by using generic diagrams (for example, abstract roles) [8].

Moreover, to establish a solid organization, it is necessary to use an organizational
model. An organizational model is a simplified representation that specifies the structure
and functionalities of an agent society. Several models have been proposed for the specifica-
tion of multi-agent organizations. The AGR (Agent–Group–Role) model [10] falls within the
scope of these proposals. As shown in Figure 1, this model is based on a simple principle:
“each agent plays at least one role and belongs to one or more groups.” In addition to the
simple nature of the AGR model that encourages its use even for non-specialists, this model
has undergone several extensions to include the environment [11], the service [12], fuzzy
logic and principles of the Markov Decision Process (MDP) [13], and norms [14]. Moreover,
this model has been used as a foundation for the development of multi-agent systems in
several works [15–18].

Figure 1. The AGR model.

Our goal is to estimate the impact of organization on the autonomy of agents. Hence,
we proposed several metrics to evaluate the autonomy of agents. By proposing these
metrics, we enable the assessment of different dimensions of agent autonomy. In fact, we
have theoretically analyzed the impact of the organization on each metric, which allows
us to better understand its influence on autonomy. Hence, we have empirically studied
this impact by applying the proposed metrics to two different systems, one developed with
organization and the other without. The AGR model was adopted as the organizational
framework for developing the multi-agent system for the reasons discussed above.
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By understanding the impact of organization on autonomy, we can benefit from
several advantages. First, this allows the use of an organizational model to control agents
indirectly, rather than attempting to control them directly, which may otherwise constrain
their capabilities. Moreover, from an engineering perspective, this approach facilitates
mastering the development of agent-based applications. In fact, the proposed metrics
can be employed to estimate the efficiency of the developed application (e.g., through
the number of exchanged messages or the search time), thereby providing insights into
whether the organizational model improves this characteristic or not.

We then applied these metrics to two different systems developed with and without
organization. The organizational model we used to develop the multi-agent system with
organization is AGR, for the reasons cited above.

The remainder of this paper is organized as follows. Section 2 presents related works
to our study. Section 3 introduces the proposed metrics. Section 4 presents the measurement
tool, highlighting its modular design and implementation. Section 5 describes the case study
used to validate our approach, while Section 6 discusses the results and their implications.
Finally, Section 7 concludes the paper and outlines potential directions for future work.

2. Related Works
Multi-agent systems, as a relatively new software paradigm, have introduced several

concepts such as autonomy, organization, and the environment. Usually, researchers
study each of these concepts separately. In this paper, our goal is to study the impact of
organization on autonomy. Hence, we devote this section to presenting the most relevant
studies on both concepts.

2.1. Research on Agent Autonomy

Autonomy represents the main characteristic of agents. However, there is no com-
monly agreed definition of what it is. Hence, many works have focused on the specification
and measurement of agent autonomy from an empirical point of view [9,19–21]. To clarify
the ambiguity associated with early works targeting the agency and autonomy concepts,
Luck & d’Iverno [19] proposed a formal specification of these concepts using the Z lan-
guage. Thus, agency is an object with a goal, while an autonomous agent is an agent with
motivation. Instead of ordinary goals, which are adopted from other agents, a motivation
is a goal generated by the agent itself.

Based on the same principle, namely the ambiguity of agent autonomy,
Barber & Martin [20] proposed to specify and measure the autonomy of agents. They
progressively discussed definitions of autonomy to reach a comprehensive one. According
to their point of view, autonomy can be measured as a degree rather than an absolute value.
It is related to a given goal and the capabilities used to achieve it, and it represents the
degree of freedom the agent possesses during the decision-making process. The authors
then proposed measuring agent autonomy based on goals, the decision-making framework,
and authority constraints.

In the same context, ref. [9] proposed several measures to quantify autonomy. The
authors distinguished two kinds of autonomy: action autonomy and decision autonomy.
Decision autonomy is measured by preference-autonomy and choice-autonomy metrics.
They also measured the autonomy of an agent according to agent–user interaction and the
group of agents.

To evaluate the autonomy of software agents, Alonso et al. [21] decomposed the au-
tonomy concept into three attributes: self-control, functional independence, and evolution
capabilities. Each of these attributes is measured by several metrics. For example, evolution
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capabilities are measured by two metrics: the State Update Capacity and the Frequency of
State Update.

From a practical standpoint, autonomy is not a static concept to be initially established.
Instead, the level of an agent’s autonomy should be adapted to real situations during run-
time. Hence, several studies target adjustable autonomy [5,22,23]. In ref. [22], agents should
dynamically adjust their interaction during decision-making to the runtime conditions.
This kind of adjustment takes place at the organizational level and represents a type of
organizational restructuring where changes in the control relationships between agents are
permitted while the system is still in action. It is important to note that dynamic adaptive
autonomy not only enables agents to adjust their level of autonomy but also enhances the
adaptability and efficiency of multi-agent systems. On the other hand, Scerri et al. [23]
proposed an adjustable autonomy approach based on Markov Decision Processes (MDPs)
for decision-making control transfer.

In the same context of adjustable autonomy, Mostafa et al. [5] proposed a fuzzy
logic-based adjustable autonomy framework that quantitatively measures and distributes
autonomy among operators and dynamically adjusts their autonomy to match their ability
to perform and produce desirable outcomes. The application of this framework introduces
a deeper dimension to the autonomy of the agents by capturing relationships between
autonomy attributes and managing adjustable autonomous multi-agent systems.

Despite autonomy being an individual attribute of an agent that enables decision-
making, it is intricately linked to the collective aspects of a multi-agent system. Indeed,
the social level facilitates distributed decision-making. This relationship is underscored
in studies that adjust the level of autonomy based on organizational situations [22].
Goodrich et al. [24] also demonstrate that larger groups of agents have a higher success rate
compared to individual agents while exploring trajectories toward a common goal, and em-
phasize the interaction algorithms that help many agents communicate and coordinate
with one another. They study autonomy by introducing two novel dimensions: behavior
potential and success potential. Consequently, they present an interesting viewpoint on
autonomy and its role in the development of multi-agent systems.

Although the fundamental notions of the agent paradigm have been studied for more
than three decades, there are still works that explore new dimensions of this paradigm.
For example, Dodig-Crnkovic and Burgin [25] proposed a systematic classification of au-
tonomous agents, inspired by natural systems, to clarify existing agent types and anticipate
future specialized ones. Their framework complements empirical studies and situates
autonomy in a broader context that also relates to organizational aspects.

Finally, autonomy has emerged as the essential characteristic that motivates researchers
to integrate agents into Large Language Models (LLMs) in the current revolution of genera-
tive artificial intelligence [26–28].

2.2. Research on Multi-Agent Organizations

In addition, our study focuses on multi-agent organizations as a main concept in
this field. One of the key challenges in multi-agent systems is how to effectively organize
and manage the behavior of autonomous agents to achieve specific goals. To address this
challenge, researchers have developed a range of organizational structures and mecha-
nisms for controlling agent behavior, such as the Contract Net Protocol, auction-based
mechanisms, and Holonic Multi-Agent Systems [29,30]. These approaches enable agents
to interact and negotiate with one another in ways that support the efficient allocation of
tasks and resources.

Given the importance of the self-organization concept in controlling complex systems,
Boes & Migeon [31] proposed a framework for self-organizing multi-agent systems that
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includes three levels: the individual-agent level, the team level, and the global level. At the
individual-agent level, agents use local information and decision-making rules to perform
their tasks. At the team level, agents coordinate their actions to achieve shared goals.
Finally, at the global level, the system adapts to changes in the environment and the goals
of the system. The authors claimed that self-organization can provide a more effective
and efficient approach to controlling complex systems compared to traditional centralized
approaches. Even though this work presents a good model for self-organizing multi-agent
systems, there is limited empirical validation of the proposed approach.

By exploring the specialized literature, several studies targeting the self-organizing
concept can be identified. For instance, Lhaksmana et al. [32] proposed a role-based
approach to designing agent behavior in self-organizing multi-agent systems. The authors
contend that traditional approaches to designing agent behavior, such as rule-based or goal-
based methods, may not be suitable for self-organizing systems, which require agents to
adapt their behavior based on the changing environment and their roles within the system.
They propose a role-based approach that focuses on defining the roles agents can assume
within the system and the associated behaviors and interactions. Although the article
provides a useful framework for designing agent behavior, it does not address important
aspects of self-organizing multi-agent systems, such as coordination, communication,
and adaptation.

Recently, self-organization has been studied through the application of machine learn-
ing techniques. As an illustration, Wang et al. [33] suggested a novel method for multi-agent
reinforcement learning (MARL) that incorporates the concept of emergent roles. They de-
veloped the Roma framework, which enables agents to evolve and acquire new roles
based on interactions with other agents and their environment. The Roma framework is
designed to address the challenges of MARL in large-scale and complex environments. It
includes a role discovery mechanism that enables agents to identify their roles and a role
management mechanism that allows them to switch roles or collaborate with other agents
to achieve their objectives. Role discovery is based on a modified version of the Q-learning
algorithm that assigns roles to agents according to their behavior and interactions. The re-
sults reported in this paper are very promising. However, challenges related to scalability
remain unresolved.

2.3. The Relationship Between Autonomy and Organization

Autonomy and organization are closely related concepts [34,35]. Several organiza-
tional aspects (such as organizational structure, coordination techniques, and organizational
rules or social norms) allow the control of agents [29,30,34].

In fact, an organization provides the schemes of relationships between agents and the co-
ordination mechanisms that regulate their interactions. There are several types of relationships
between agents, such as authority, dependence, collaboration, and competition. Consequently,
some relationships limit the autonomy of agents by forcing them to act according to the
requirements of others. Similarly, coordination mechanisms (such as interaction protocols)
define a general interaction scheme that agents must follow in order to achieve a common
goal. Adhering to this scheme naturally constrains the autonomy of agents [29].

A survey by Cortés and Egerstedt [4] highlights how the organization of multi-robot
systems plays a central role in enabling coordinated and autonomous behaviors. By focus-
ing on decentralized and scalable control strategies, the work shows how local interaction
rules between robots can give rise to global, emergent properties such as formation control,
coverage optimization, boundary tracking, and flocking. These coordination mechanisms
rely on limited information exchange and local sensing, yet they allow teams of robots to
autonomously reach collective goals without centralized supervision. This perspective il-
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lustrates how organizational structures and interaction protocols, when properly designed,
can balance autonomy at the agent level with the constraints necessary to achieve coherent
group-level behaviors.

In the same context, multi-agent organizations introduce norms as a fundamental con-
cept [36]. Norms represent rules that agents are expected to follow. Research in normative
multi-agent systems has proposed several mechanisms to ensure agents’ compliance with
norms, such as regimenting and enforcement. Obviously, some mechanisms give agents
more autonomy (such as enforcement) by allowing them to execute prohibited actions
under the risk of punishment. In contrast, regimenting mechanisms prevent agents from
executing prohibited actions, thereby limiting their autonomy.

Normative aspects also allow reasoning about norms in an autonomous way.
Pacheco [34] proposed a model that enables agents to ensure compliance with norms
without the use of regimenting mechanisms. In this model, the expected behavior and the
corresponding punishments are specified using deontic and action logics. Based on these
specifications, agents can reason and behave autonomously in accordance with norms,
without direct control.

Moreover, in their study, Schillo & Fischer [35] clarified the relationship between auton-
omy classes and the design parameters of an organization. In fact, the authors distinguished
several classes of autonomy, such as norm autonomy, exit autonomy, and representational
autonomy. Each of these classes is then related to a design decision that must be made
during the design of a holonic organization.

According to the specialized literature [8,29,30], it is widely acknowledged that orga-
nization has a significant influence on agents’ autonomy, a fact that is often considered
intuitive. However, despite this recognition, no empirical studies have systematically
examined this relationship. To address this gap, we propose a set of metrics designed to
evaluate the impact of organizations on autonomy. These metrics are applied to a case
study implemented both with and without organizational mechanisms in order to provide
a comparative assessment.

3. Proposed Metrics
Proposing metrics to measure autonomy should be based on a clear definition of the

autonomy concept. As previously explained, there is no common definition of this concept.
The diversity of the autonomy concept is due to the variety of perspectives (Is autonomy
related to action or decision? Is autonomy viewed by the designer, the users, or the other
agents?) [9] and the variety of its types [35,37,38].

To ensure consistency in our approach, we chose to base this work on a minimalist
definition of autonomy. Hence, autonomy represents the ability of an agent to work without
external intervention or control. We believe this definition encompasses all the attributes
of the concept. Other characteristics, such as internal motivation or the evolution of
capabilities, are dependent on additional features (such as the proactivity and learnability
of the agent, respectively). Also, some definitions of autonomy are related to implicit
characteristics, such as being goal-oriented, which makes measuring them objectively
very difficult.

Based on this definition, autonomy is related to three components: the agent, the be-
havior, and the service. Behavior represents the capabilities of the agent, while service
represents the dependency relationship between agents. An agent may require the in-
tervention of other agents by requesting the accomplishment of a service. Consequently,
the proposed metrics to measure autonomy are as follows:
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3.1. Behavioral Wealth (BW)

Logically, an agent with more behaviors is considered to have more skills to achieve
its objectives. Accordingly, an agent with the maximum number of behaviors has a higher
autonomy rate than the others. This metric therefore represents the Behavioral Wealth of
an agent (A). As presented in Equation (1), we calculate the number of behavior classes
implemented within an agent (Number of Behavior classes of agent A) compared to the
total number of behaviors declared (Number of Total Behaviors).

BWA =
Number o f Behaviors ClassesA

Number o f Total Behaviors
(1)

3.2. Service Wealth (SW)

Considering that an agent has a set of services, the number of its services represents its
skills. An agent with a higher number of services can achieve its objectives with minimal
interaction with other agents. These interactions are, in fact, due to the agent’s lack of
certain services. This absence forces the agent to interact with others, which diminishes its
autonomy. Service Wealth (SW) is therefore defined as the number of services provided by
an agent compared to the total number of services provided by all agents (Equation (2)).
This metric is dynamic because it can change over time.

SWA =
Number o f ServiceA

Number o f Total Services
(2)

3.3. Frequency of Service Searches per Time (FoSST)

Sometimes, during execution, an agent searches for other agents offering particular
services. This search indicates that it needs the help of other agents to continue its activity.
The frequency of service searches within a time unit is a ratio that reflects the lack of an
agent’s services during that period (Equation (3)).

FoSSTA =
Number o f Service SearchA

∆T
(3)

3.4. Frequency of Service Searches per Behavior (FoSSB)

Sometimes, the frequency of service searches within a time unit does not provide
useful information for MAS developers. This metric, when considered over the time unit,
gives a global view of the agent’s autonomy. On the other hand, MAS developers (such
as the maintenance team) seek to identify the behaviors responsible for the increase in
service searches. Identifying these behaviors allows determining the causes that decrease
autonomy. Therefore, we propose the frequency of service searches per behavior exe-
cuted (Equation (4)). The smaller this metric, the higher the autonomy. This metric is
also dynamic.

FoSSBA =
Number o f Service SearchA

Number o f Executed BehaviorsA
(4)

3.5. Number of Service Searches (NoSS)

This metric specifically targets services and represents the number of searches for
a service by all agents. Using this metric, we can identify the most frequently searched
service. Consequently, we can enhance the autonomy of agents by embedding this service
within the agents.

NoSSS = [Number o f (S) Search/Agents] (5)
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3.6. Number of Service Demands per Behavior (NoSDB)

Searching for a service is only one step in requesting services. Usually, agents follow
the search step by requesting the service. Requesting a service can be critical in the sense
that the executed behavior may not reach its goal. On the other hand, thanks to the
autonomy of the agent, it can continue its execution and reach its goal without receiving
the requested service. Hence, this metric (Equation (6)) represents the number of service
demands compared to the number of achieved behaviors. Service demands are calculated
based on the number of REQUEST and CFP messages.

NoSDBA =
Number o f Service DemandsA

Number o f Achieved BehaviorsA
(6)

3.7. Number of Provided Services per Demand (NoPSD)

When an agent receives a service demand, it can respond positively by providing the
required service or negatively by refusing. Providing the requested service helps other
agents reach their goals. On the other hand, refusing to provide the requested service
implies that other providers in the multi-agent system must compensate to address the
missing services. Equation (7) defines this metric as the ratio of provided services to the
number of service demands.

NoPSDA =
Number o f Provided ServicesA
Number o f Service DemandsA

(7)

Knowing that our metrics are essentially based on the concept of service, and following
a thorough analysis of the different metrics, we can make the following assumptions:

• The two metrics, Behavioral Wealth (BW) and Service Wealth (SW), will not be affected
by the development paradigm of the system (with or without organization). In fact,
the number of behaviors in each agent will be the same in both cases, with only
minor differences due to additional behaviors for managing the organization (in the
case of developing a multi-agent system with organization). Similarly, the services
provided by the system will not be affected by whether it is implemented with or
without organization.

• The metrics related to searching services—Frequency of Service Searches per Behavior
(FoSSB), Frequency of Service Searches per Time (FoSST), and Number of Service Searches
(NoSS)—will be reduced in systems with organization, because the organization allows
agents to know the services provided by others without searching.

• The metrics related to the effectiveness of service requests—Number of Service Demands
per Behavior (NoSDB) and Number of Provided Services per Demand (NoPSD)—will be
improved when implementing a system with organization, because the authority
relationships between agents will limit the refusal of service.

4. Measurement Tool
In our work, we propose a set of dynamic and static metrics. Static metrics are

calculated directly from the source code of the system under measurement. In contrast,
dynamic metrics require the execution of the system and are computed using aspect-
oriented programming, as suggested by Marir et al. [39].

Aspect-oriented programming (AOP) [40] is a software paradigm proposed to improve
software modularity, thereby facilitating development and maintenance. For this purpose, it
separates core functionalities from transversal concerns (often non-functional). Transversal
concerns are developed independently of the system and are automatically integrated
into it by means of the weaver. The basic concepts of AOP include join points, which
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represent well-defined points in the program and can be either the execution or the call
of a method; pointcuts, which define sets of join points where additional behavior should
be applied; and advice, which specifies the additional code to be executed at those join
points. The advice code can be executed before, after, or around a joinpoint. Figure 2 presents
an example of an aspect developed using AspectJ [41]. In this example, an aspect called
MainAspect is defined. Within this aspect, a pointcut (MyMainPoint) is declared to intercept
the execution of the main method. The advice specifies that certain instructions will be
executed before the execution of the main method.

Figure 2. An example of an aspect code.

As presented in Figure 3, the tool developed to measure the proposed metrics consists
mainly of a library of aspects that are employed to calculate the dynamic metrics. These
aspects are developed using AspectJ [41], which is an extension of the Java programming
language that supports aspect-oriented programming. Since the developed tool is intended
to measure the metrics of JADE-based applications, and given that JADE [42] is itself
an extension of Java to support the development of multi-agent systems, JADE [42] and
AspectJ [41] can be naturally integrated. Hence, when the application under measurement
begins its execution, the aspects intercept the execution of the main events that influence
the metrics and store them in a dedicated data structure. The stored events, which represent
the execution scenario, are then used to calculate the dynamic metrics according to the
previously defined formulas. In contrast, static metrics are calculated directly from the
source code of the application. Finally, the results of the metrics can be presented in
graphical form to facilitate their interpretation.

It is important to note that we saved the intercepted events rather than calculating the
metrics on the fly during execution, in order to avoid any impact of metric computation
on the JADE-based applications. The intercepted events include behavior executions,
communication acts (sending and receiving messages), and service searches, among others.
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Figure 3. Overall architecture of the developed measurement tool.

5. Case Study
To demonstrate how organization in multi-agent systems affects the autonomy of

agents, we applied the proposed metrics to a case study implemented in two different
versions. The first version is without an explicit organization. The second version is
developed according to the AGR organizational model [10]. The case study represents
teacher assignments for a course and is implemented using the JADE platform [42].

The first example depicts a situation without an organization. In this case, the agents
are teachers, each qualified with a set of services (the courses they can teach). A teacher
makes perceptions once an event is captured (an event in this case represents a new
assignment, characterized by a day, a time, and a type of service). The teacher verifies
whether the event is compatible with its competencies. If it is qualified for the requested
service, it also checks its timetable. If it is available, it accepts the request and becomes
responsible for teaching the session. Otherwise, a FIPA Contract Net interaction protocol
is launched to find another agent that can handle the event. If all agents are busy, they
propose their closest sessions to the requested session. The initiating agent must then
select the least busy one according to the timetables. The only restriction is that no agent
can exceed its maximum working hours. The sequence diagram in Figure 4 illustrates
this interaction.
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Figure 4. FIPA Contract Net interaction protocol—without organization.

Figure 5 presents a simplified code schema that handles events perception and, ac-
cording to the event, determines whether to satisfy it or initiate negotiation.

Figure 5. The perception of an event by a teacher.

In the second example, we adopt an organizational perspective. The system is modeled,
using the AGR organizational model, with two roles: teacher and department head. Teacher
agents are members of at least one group (a department), and each department is headed
by a department head agent. In this case, the event is characterized by the day, time, type
of service, and department.

A department head agent examines only the events relevant to its department. If an
event is captured and one of the teacher agents in that department can provide the requested
service, the same protocol as in the non-organizational case is applied. If all the teacher
agents respond negatively, the department head uses its authority to assign the event to a
teacher agent. The sequence diagram in Figure 6 illustrates this interaction.

If none of the department’s teacher agents can provide the required service, the depart-
ment head sends a request to another department head who can satisfy the event. The latter,
however, does not use its authority to satisfy the event. The sequence diagram in Figure 7
illustrates this interaction.
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Figure 6. The interaction diagram for the scenario with organization (situation 01).

Figure 7. The interaction diagram for the scenario with organization (situation 02).

The two case studies are executed using almost the same scenario: four services
represent the courses (ADT, Operating Systems, Networks, Algebra, and Analysis), while
there are four teacher agents (T1, T2, T3, and T4). Table 1 presents the case study without
organization. It shows, for each course, the number of required services (i.e., the number of
sessions) and the agent qualified to deliver the course.

Table 1. Execution configuration of the case study without organization.

Courses (Services) Number of Sessions Courses for T1 Courses for T2 Courses for T3 Courses for T4

ADT 7 X

Operating System 6 X X

Network 4 X X

Algebra 6 X

Analysis 6 X
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In the second scenario, the case study is implemented according to the AGR organi-
zational model. Two groups are introduced to represent departments (the IT Department
and the Mathematics Department). Each department is headed by a department head
agent (Head1 for the IT Department and Head2 for the Mathematics Department). Also,
agents T1 and T2 belong to the IT Department, while agents T3 and T4 belong to the
Mathematics Department. Table 2 presents the number of sessions (services) required by
each department. It is worth noting that the sum of the required sessions for each course is
equal to the number of sessions specified in the previous scenario.

Table 2. Required services by department.

Courses (Services) Required Services in Mathematics Department Required Services in IT Department

ADT 3 4

Operating System 2 4

Network 1 3

Algebra 4 2

Analysis 4 2

After executing the first case study with the corresponding scenario, the events ob-
tained are presented in Table 3. In addition, Figure 8 shows the results of the Service Wealth
(SW) metric. Based on this observation, the T1 agent (shown as a red line) can be considered
more autonomous than the others with respect to this metric. To illustrate how SW evolves
over time, we report the system state at key timestamps. At 28,615 ms, the system creates
agent T1, which provides three services; since the T1 agent is the sole agent at that time,
SW(T1) = 3/3. At 35,354 ms, agent T2 is created with two services, increasing the system
total to five services and producing SW(T1) = 3/5 and SW(T2) = 2/5 (shown as a blue line).
At 40,402 ms, agent T3 is created with one service, yielding SW(T1) = 3/6, SW(T2) = 2/6,
and SW(T3) = 1/6 (shown as a green line). Finally, at 45,475 ms, agent T4 is added with
one service, so SW(T1) = 3/7, SW(T2) = 2/7, SW(T3) = 1/7, and SW(T4) = 1/7 (shown
as a yellow line). Note that the SW of agent T1 decreases gradually with the creation of
new agents; this is quite normal because the creation of new agents means that additional
services are available. Despite all of this, the value of SW(T1) remains the highest compared
to the other agents.

Table 3. The relevant events in an unorganized scenario.

Without Organization

Time /ms Events

0 The beginning of execution

28,615 Creation of the agent T1

28,630 Behaviors scheduling of agent T1

35,354 Creation of agent T2

35,385 Behaviors scheduling of agent T2

40,402 Creation of agent T3

40,418 Behaviors scheduling of agent T3

45,475 Creation of agent T4

45,491 Behaviors scheduling of agent T4
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Figure 8. The results of the wealth of services. (The scenario without organization).

In addition to the previous observations, according to the Frequency of Service Searches
per Behavior (FoSSB) metric, agent T1 rarely needs to resort to service searches, as presented
in Figure 9 (shown as a red line). In contrast, agents T3 and T4 possess the lowest SW,
which explains their repeated reliance on service searches (shown, respectively, as green
and yellow lines). Consequently, agent T1 can be considered more autonomous than the
others due to its broader range of skills.

Figure 9. The results of service search frequency per behavior. (The scenario without organization).
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Unlike the previous example, the organization scenario includes other behaviors such
as registering teachers at the department level. Table 4 represents the relevant events in
this scenario.

Table 4. The relevant events in a scenario with organization.

With Organization

Time /ms Events

0 The beginning of execution

42,669 Creation of agent ITDepH

42,700 Behaviors scheduling of agent ITDepH

51,863 Creation of agent MDepH

51,878 Behaviors scheduling of agent MDepH

68,578 Creation of agent T1

68,593 Behaviors scheduling of agent T1

76,743 Creation of agent T2

76,754 Behaviors scheduling of agent T2

86,520 Creation of agent T3

86,552 Behaviors scheduling of agent T3

94,303 Creation of agent T4

94,319 Behaviors scheduling of agent T4

This example demonstrates how the concept of the organization affects autonomy.
The authority relationship between the department head and a teacher causes this phe-
nomenon. Although the teacher responds negatively, the latter must obey the strict order
of his department head, which reduces the teacher’s autonomy. Therefore, we can say that
a department head is more autonomous than a teacher.

For readability reasons, Figure 10 presents only the Number of Provided Services per
Demand (NoPSD) metric of the T1 agent. With this foundation in place, the results of the
NoPSD metric for agent T1 reveal two distinct phases: an increasing phase followed by a
decreasing phase.

In the first phase, the increase comes from the demands sent by the ITDepH agent, that
T1 was able to handle successfully. The ratio climbs steadily, showing that the T1 agent was
keeping up with requests. The peak value of 2 is not surprising; it happens right when the
T1 agent first registers with a department (one additional service that is not demanded),
causing the metric to briefly rise above one before stabilizing.

In the second phase, the trend reverses. Here, many of the new demands are initiated
by the MDepH agent, but the T1 agent is already overloaded with a busy timetable. Since
the T1 agent cannot accept more services at this stage, the number of unanswered demands
grows, pulling the NoPSD value down. In other words, new demands accumulate without
being fulfilled, meaning the denominator of the metric grows faster than the numerator,
leading to a decline in the NoPSD metric.

The authority relationship is not the only factor contributing to the autonomy of
a department head compared to a teacher; it is also influenced by the number of be-
haviors of the department head. In our example, a teacher’s declaration contains two
behaviors (registration and waiting for messages). In contrast, a department head has
an additional behavior—perception—bringing the total to five behaviors. Thus, the Be-
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havioral Wealth of a teacher is BW(Teacher) = 2/5, while that of the department head is
BW(DepartmentHead) = 3/5. Figure 11 shows the results for Behavioral Wealth.

Figure 10. Results on the Number of Provided Services per Demand by agent T1 (with organization).

Figure 11. The results of Behavioral Wealth (in the scenario within an organization).

Moreover, we observe that the head of the Information Technology department can
provide three types of service (ADT, Operating System, and Network), whereas the head of
the Mathematics department offers only two (Algebra and Analysis). Consequently, the head
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of the Mathematics department is less autonomous, as they resort to service searches more
frequently than their counterpart in the Information Technology department. This conclusion
is supported by the Frequency of Service Searches per Behavior (FSSB) metric illustrated in
Figure 12.

Figure 12. The results of service search frequency per behavior (in the scenario within an organization).

Moreover, it can be observed that the search process is restricted exclusively to de-
partment heads, despite the presence of teachers. This restriction primarily arises from the
perception process, which applies only to department heads.

As a result, we observe that the organization impacts autonomy, particularly regarding
the effectiveness of service requests due to authority relationships. Additionally, the orga-
nization reduces the need for service discovery because it enables agents to be aware of the
various services implemented by each agent.

In the scenario without an organizational structure, agents are required to manage
all interaction types, including CFP, ACCEPT-PROPOSAL, INFORM, PROPOSE, REFUSE,
REJECT-PROPOSAL, and FAILURE. This significantly reduces their efficiency, as they
become overloaded with communication tasks rather than concentrating on their primary
execution roles. Moreover, the high volume of exchanged messages leads to system
congestion, which in turn degrades overall performance.

With the organizational structure in place, the ITDepH and MDepH agents absorb a
significant portion of the interactions, particularly messages such as CFP, INFORM, PROPOSE,
REFUSE, and REQUEST. This is important because it reduces overall message density by
relieving agents of communication responsibilities, thereby allowing them to concentrate on
their primary execution roles. This effect is clearly illustrated in Figures 13–16.
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Figure 13. The density of messages (without organization).

Figure 14. The number of messages per agent (without organization).

Figure 15. The density of messages (with organization).
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Figure 16. The number of messages per agent (with organization).

6. Discussion
Measurement is an important field in software engineering. Proposing metrics in this

field provides several advantages, such as controlling the quality of the software, predicting
the attributes of future software, or studying the relationships between software attributes.
In particular, in agent-oriented software engineering, several attributes have been studied
through the proposal of metrics to measure them.

Autonomy is one of the most important attributes of agents. Consequently, several
studies have focused on analyzing it by proposing frameworks that highlight its facets
or by introducing metrics to measure it [19–21]. In this context, although organization is
theoretically known as a good method to manage the autonomy of agents without direct
control, there is no empirical study that validates this idea. Therefore, our work aims to
study the impact of organization on autonomy by proposing several metrics.

Our proposed approach, provides several advantages. First, the proposed metrics are
dynamic; consequently, they are suitable for the dynamic nature of autonomy, especially in
systems that use adjustable autonomy. Second, it is based on a minimalist specification of
autonomy, namely the requirement of services. In fact, this minimalist specification makes
our proposal extensible to support more sophisticated specifications. Furthermore, our
work attempts to empirically analyze the relationship between two concepts: autonomy
and organization. Consequently, the results can be used by developers to better manage
the development of multi-agent systems (for example, by proposing the appropriate level
of control over agents).

Despite the several advantages provided by this work, it suffers from several limita-
tions that open the door to future improvement. First, autonomy, as presented previously,
is a complex concept that can include motivation, constraints during decision-making,
and available resources. However, we have based our work on a minimalist definition
related to the requirement of services. In fact, in several multi-agent platforms (such as
JADE [42]), the goal of the agent is not explicitly specified. Consequently, it becomes
difficult to measure implicit attributes. Nevertheless, it is possible to propose additional
metrics related to the goals of agents in multi-agent platforms that support these concepts
(such as JADEX [43]). Moreover, this work is closely related to a specific organizational
model (AGR [10]) and a specific multi-agent platform (JADE [42]). This choice is natural
because the metrics operate at a low level of abstraction and are related to the execution of
specific instructions. In this context, in future work, we propose to extend this approach to
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support more facets of autonomy, more organizational models, and more multi-agent plat-
forms. Consequently, a layered framework that allows passing from high-level abstraction
to low-level abstraction seems a good approach to mastering this concept. In particular,
a framework such as GQM [44] can be used to support such a proposition. Finally, al-
though our system was executed with a limited number of agents, this is justified. On the
one hand, the cognitive nature of the case study requires a limited number of agents. On the
other hand, increasing the number of agents requires studying the concept of scalability
and its relationship with the previous concepts (autonomy and organization).

7. Conclusions and Future Work
The multi-agent paradigm is a very potent paradigm that enables the design and

development of complex systems. This software paradigm has introduced several new
concepts, including autonomy, reactivity, proactivity, and organization. Autonomy is an
intrinsic characteristic of agents. Thanks to this characteristic, agents can achieve their goals
without external control. However, predicting full autonomy in practice is challenging.
In this context, organization is closely related to autonomy because it allows controlling
agents without direct intervention. The main objective of this work is to measure, in an
objective manner, how organization affects autonomy. To validate our claims, we proposed
several metrics to evaluate agent autonomy and applied them to a case study implemented
in two versions: one with organization and one without. The proposed metrics are applied
thanks to a tool we developed for this purpose using aspect-oriented programming. As a
result, we can conclude that the organization can limit the autonomy of agents in certain
dimensions due to authority relationships and the search for services. However, it enhances
the effectiveness of agents by reducing the communication load and allowing agents to
focus on their primary roles.

As future work, we propose exploring the relationship between autonomy and other
related agent characteristics, such as proactivity. In addition, we plan to apply the proposed
metrics to other organizational models.
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Abbreviations
The following abbreviations are used in this manuscript:

AGR Agent–Grou–Role
MAS Multi-Agent Systems
BW Behavioral Wealth

SW Service Wealth
FoSST Frequency of Service Searches per Time
FoSSB Frequency of Service Searches per Behavior
NoSS Number of Service Search
NoSDB Number of Service Demands per Behavior
NoPSD Number of Provided Services per Demand
JADE Java Agent DEvelopment Framework
JADEX Java Agent DEvelopment Framework Extension
GQM Goal Question Metric
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