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Abstract

Coordinating agents in dynamic and uncertain environments remains a fundamental
challenge in multi-agent systems (MAS) research, particularly in contexts where the compo-
sition of agent organizations directly affects overall system performance. While significant
effort has focused on task allocation and individual agent planning, predicting the systemic
impact of organizational changes and selecting optimal organizational structures under un-
certainty remain less explored in MAS. This paper addresses this challenge by introducing
a decision-making framework that models structural reorganization as a Markov Decision
Process (MDP), where actions represent organizational structures rather than individual
agent behaviors, and organizational selection is guided by the anticipated impact on the
overall system state. The proposed model captures the stochastic dynamics of multi-agent
intervention and diverse agent capabilities through a probabilistic transition function, while
a reward function guides the selection of coalition structures that maximize operational
effectiveness. The framework is solved using value iteration and evaluated on the RoboCup
Rescue simulation platform. Results show that the derived optimal policy identifies, at each
decision step, an appropriate coalition structure that reduces system degradation while
efficiently utilizing available agents.

Keywords: multi-agent systems; organizational structure; coalition formation; Markov
Decision Process; sequential decision-making; value iteration; RoboCup Rescue

1. Introduction

Multi-Agent Systems (MAS) provide a powerful conceptual framework for modeling
and designing complex distributed systems composed of autonomous entities capable of
interacting and cooperating to achieve shared goals [1]. In such systems, coordination
and collective behavior strongly depend on how interactions among agents are structured.
From this perspective, the notion of organization plays a central role, as it defines re-
lationships between agents, role distribution, and the mechanisms governing collective
decision-making. Two main approaches are commonly distinguished: Agent-Centered
Multi-Agent Systems (ACMAS), which emphasize emergent behaviors arising from local
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interactions; and Organization-Centered Multi-Agent Systems (OCMAS), which rely on
explicit organizational structures to coordinate collective actions [2,3]. Organization is
therefore a key lever for managing complexity, improving performance, and enhancing
adaptability in dynamic environments [4,5].

However, whether organization is implicit, as in ACMAS, or explicitly defined, as in
OCMAS, it is generally characterized by a dynamic nature. MAS typically operate in dy-
namic environments characterized by unpredictable changes in resources, objectives, agent
populations, and communication conditions [6,7]. To maintain efficiency and coherence,
organizational structures must therefore adapt over time. Organizational dynamics enable
systems to reconfigure roles, relationships, or structures in response to environmental
changes [8]. This adaptability is a key requirement for designing robust MAS that balance
individual autonomy and collective stability [9].

Accordingly, recent research has focused on designing dynamic organizational mech-
anisms that allow MAS to not only operate within a given structure but also to modify
it when necessary. This leads to organizationally autonomous MAS capable of structural
self-reconfiguration to sustain performance under changing conditions.

Several studies have investigated organizational dynamism at different levels, in-
cluding structural reorganization (e.g., transitions between hierarchical and federated
organizations) [10,11], role evolution through reassignment or redefinition of responsibili-
ties, and norm adaptation through modification of rules and sanctions [12,13]. However,
most existing approaches focus on generating a valid organizational change without explic-
itly evaluating alternative configurations or their system-wide consequences. Hence, the
intelligence analytics of an organization, in order to take correct and effective decisions, is
very important. In this context, this work proposes an approach based on a well-known
intelligent technique (the Markov Decision Process) to select effective adaptation according
to the current situation of the organization.

In dynamic environments, multiple organizational adaptations may appear locally
beneficial, but their global impact on system performance can vary significantly. Therefore,
MAS require mechanisms capable of predicting and comparing the outcomes of different
organizational configurations in order to select the most effective one. To address this
challenge, we model organizational reconfiguration as a Markov Decision Process (MDP),
where states represent the different situations or configurations of the environment, and
actions correspond to possible organizational configurations. A reward function is de-
fined based on system performance objectives to evaluate each configuration, and actions
correspond to structural transformations. A reward function is defined based on system
performance objectives to evaluate each configuration. The MDP is solved using value
iteration to compute the optimal policy, which maps each state to the organizational config-
uration that maximizes expected performance [14]. This approach enables the system to
not only react to changes but also to anticipate their effects and proactively select optimal
organizational configurations.

The paper is structured as follows. Section 2 presents the theoretical background and
related work on organization in MAS. Section 3 describes the proposed methodology and
model. Section 4 introduces the RoboCup Rescue case study and reports experimental
results. Section 5 provides a discussion of the obtained results. Finally, Section 6 concludes
the paper and discusses future work.

2. Related Works

The study of organizational change in MAS has received increasing attention in recent
years. As MAS become more complex and dynamic, the ability to adapt their organization
to new environments or goals has become a critical challenge. Several approaches have
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been proposed to address this issue, ranging from static organization models to more
flexible and adaptive frameworks. This section reviews the main contributions in this field
and discusses how they relate to the objectives of our work.

Organizational change in MAS can occur at different levels and under different condi-
tions. In some approaches, organizational changes are predefined at design time, meaning
that the possible adaptations are explicitly modeled and constrained within the system
architecture. Such static change mechanisms allow predictability and control but limit
flexibility. Conversely, dynamic organizational change enables agents or the organization
itself to modify structures, roles, and interaction patterns at runtime, in response to en-
vironmental or internal factors. These changes can be agent-centered, where individual
agents initiate and negotiate adaptations, or organization-centered, where modifications
are guided by global policies or organizational reasoning mechanisms [6].

In a MAS, organization refers to the set of mechanisms that structure the interactions
among autonomous agents. Such organization may manifest through different dimensions:
an organizational paradigm or structure (for instance, hierarchy, coalition, or team) [10], a
set of roles that define the agents’ responsibilities and functions [15], or a system of norms
that regulates their behaviors and interactions [16].

To formalize the concept of organization in MAS, several formal models have been
proposed in the literature, explicitly representing organizational entities and their rela-
tionships. Among the most widely adopted are the AGR model [17] and its normative
extension NorAGR [18], which defines organizations in terms of agents, groups, and roles;
the MOISE model [19], which introduces a normative and structural specification of orga-
nizations; and its extension MOISE+ [20], which further enriches it with functional and
deontic dimensions.

While organizational models provide explicit representations of organizational aspects,
the changes they support are often predefined or limited by design-time specifications.
In dynamic environments, organizations frequently need to adapt and reconfigure in
more flexible ways, responding to changing conditions, agent behaviors, or objectives.
Consequently, a variety of reconfiguration and adaptation mechanisms have been proposed
in the literature to handle changes at different levels. In the following, we review the main
approaches addressing each type of organizational change.

2.1. Research on Dynamic Norms and Sanctioning Mechanisms

Normative systems play a central role in regulating agent behavior within MAS.
However, static norm definitions often fail to cope with the evolving nature of dynamic
environments, motivating a growing body of research on dynamic norm synthesis, revision,
and enforcement. Several works have focused on the automatic generation and revision
of norms based on runtime observations. Dell’Anna et al. [21] propose a data-driven
approach—referred to as DDNR—that synthesizes and revises conditional prohibitions
by analyzing execution traces of the system. This allows norms to be adjusted accord-
ing to the actual behavior of agents, rather than being fixed at design time. Similarly,
Alechina et al. [22] address norm synthesis through the automatic generation of dynamic
norms modeled as Mealy machines, where the constraints imposed on agents vary accord-
ing to the current state of the system. This context-sensitive formulation enables genuine
norm change at runtime, ensuring that system-level objectives remain satisfied under
varying conditions.

Beyond norm synthesis, other approaches have explored the adaptation of norm
enforcement mechanisms. Yan et al. [23] introduce a normative BDI agent architecture in
which norms and sanctions are treated as first-class abstractions. Rather than relying on
centralized control, each agent individually evaluates norms and decides how to enforce
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sanctions, resulting in a distributed and adaptive enforcement mechanism. From a different
perspective, Riad et al. [24] propose the use of multi-objective evolutionary algorithms to
optimize norm parameters in heterogeneous MAS. By explicitly balancing system-level and
agent-level values through a multi-criteria fitness function, this approach enables structural
adaptation of norms to better reflect the preferences of diverse agent populations.

2.2. Research on Role Evolution and Dynamic Role Allocation

Role allocation is a fundamental mechanism for organizing agent behavior in MAS.
While early approaches assigned roles statically at design time, recent works have increas-
ingly explored dynamic role allocation and evolution, allowing agents to adapt their roles
in response to changing tasks, environments, or collective performance. Several approaches
address dynamic role discovery and assignment through learning-based mechanisms.
Xia et al. [25] propose a framework in which an action encoder builds vector representa-
tions of agent behaviors, enabling roles to be classified not only by actions but also by their
contributions to the common objective. This allows agents to switch roles dynamically
according to their capabilities and task evolution. Similarly, Hou et al. [26] introduce a role
policy learning mechanism in which agents generate and select roles based on local obser-
vations, with particular emphasis on social role evolution to improve collective efficiency in
cooperative tasks. Beyond assignment, other works focus on the deeper evolution of agent
profiles and emergent role structures. Lu et al. [27] propose a framework for LLM-based
MAS in which agents maintain self-evolving profiles, meaning their roles and capabilities
are updated at runtime based on task feedback, making the system more flexible in the face
of changing requirements. Taking a predictive perspective, Goel et al. [28] propose a role
emergence model grounded in multi-agent reinforcement learning, where roles are shaped
not only by past experience but also by predictions of future agent behavior, enabling
adaptive coordination and behavioral diversity.

2.3. Research on Organizational Structure Adaptation and Reconfiguration

Organizational structure adaptation refers to the ability of a MAS to modify its
global architecture—including interaction protocols, agent networks, and coordination
paradigms—in response to changing conditions or requirements. This area has received
growing attention, with approaches ranging from paradigm switching to fully emergent
structural reorganization. Early work by Barbosa et al. [29] proposes a self-organization
mechanism for holonic MAS that enables switching between hierarchical and heterarchical
organizational modes depending on the system state. This reconfiguration supports both
flexibility and stability, though adaptation remains constrained to a set of predefined struc-
tures with no prediction of future impact. Along similar lines, Rahmanzadeh et al. [30]
propose a runtime decision-making model that selects the most suitable organizational
paradigm for a self-organizing MAS by evaluating system requirements against a util-
ity metric. While this approach enables context-sensitive paradigm switching, the initial
paradigm choice may be suboptimal and changes rely on past cases rather than predictive
reasoning. More recent works have shifted toward formalizing and automating structural
change. Kohler-BuSmeier et al. [31] introduce a nested Petri net formalism to model and
trigger runtime modifications of organizational structures, including interaction protocols
and agent networks. Notably, this approach incorporates probabilistic prediction of the
impact of structural adaptations on system performance, though prediction remains limited
to predefined organizational configurations without enabling autonomous global optimiza-
tion. From a different angle, Yang et al. [32] propose a decentralized MAS architecture
in which agents interact through a dynamic directed acyclic graph that evolves during
execution to adapt to tasks and environment, eliminating the need for central control.
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However, adjustments rely on past experience with no guarantee of global optimality or
long-term planning. Finally, two recent approaches address structural reconfiguration
through task allocation and communication graph adaptation. Wang et al. [33] propose a
modular architecture with a separation between a control plane and a worker plane, en-
abling flexible task reallocation and real-time structural reconfiguration while minimizing
the impact of changes through affinity mechanisms. Tastan et al. [34] introduce a framework
in which the communication graph between agents is dynamically reconstructed according
to agent contributions and contextual factors, enabling self-organized and adaptive orga-
nizational structures. While promising, this approach may face scalability challenges in
large agent populations and lacks explicit mechanisms for predicting the long-term effects
of graph restructuring.

Table 1 summarizes the cited approaches considering their type of change, impact,
and limitations.

Table 1. Overview of Existing Approaches.

Ref. Main Objective Type of Change Impact Consideration  Limitations
A icall i . .
Dell’Anna et al. utomatically revise . . Local impact on agent ~ No long-term prediction;
conditional norms from runtime Norm revision . s
[21] compliance context-specific

behavior

Yan et al. [23]

Agent-centric norm evaluation
and sanction enforcement

Sanction adaptation

Local impact only
(perception-based)

No norm revision; risk of
inter-agent inconsistency

Alechina et al. [22]

Synthesise dynamic norms to
meet system-level objectives

Norm generation
and revision

System-level impact
considered

No long-term behavioral
prediction

Riad et al. [24]

Optimise norm parameters for
heterogeneous agents via

Norm parameter

System- and agent-level

Limited to simple
scenarios; no long-term

Lo . timisati 1 idered -
multi-objective evolution optimisation values considere prediction
D ically di . . . s
as};?arﬁlgfe S}Lj;izfiozsrairtli‘in Dynamic Role Role assignment adapts  Role instability across
Xia et al. [25] &N ro Discovery and to context and team tasks; no long-term impact
contributions to common . e
Assignment performance prediction

objectives

Hou et al. [26]

Enable agents to evolve social
roles dynamically during
cooperative learning

Dynamic Role
Evolution

Roles adapt to team
performance, improving
cooperation

Simulation only; slow role
evolution; no long-term
prediction

Adapt agent roles and profiles ~ Dynamic role Improves adaptability =~ Limited scenarios;
Luetal. [27] at runtime based on task evolution and profile and performance across long-term role effects
feedback adaptation changing tasks unknown
Discover roles that shape future . Improves adaptability ~ Limited benchmarks; no
. . Dynamic role and
Goel et al. [28] behavior to improve . . and performance across long-term cross-task
. . . profile evolution - .
coordination and diversity changing tasks prediction

Barbosa et al. [29]

Design a self-organization
mechanism enabling
evolutionary and reconfigurable
holonic systems to handle
emergent requirements

Switch between
hierarchical and
heterarchical modes

Structure adapts to
system state for
flexibility and stability

Predefined structures only;
no future impact
prediction

Rahmanzadeh et al.
[30]

Select at runtime the best
organizational paradigm for a
self-organizing MAS depending
on context

Paradigm/
organizational
structure switching
at runtime

Structure selected to
maximise context-
dependent utility

Suboptimal initial choice;
relies on past cases; no
prediction

Kohler-Bufimeier
etal. [31]

Model runtime modifications of
organizational structures using
nested Petri nets

Structural change

Probabilistic prediction
of the impact of
adaptation on system
performance

Prediction limited to
predefined organizations;
no autonomous global
optimization
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Table 1. Cont.

Ref. Main Objective Type of Change Impact Consideration  Limitations

Remove central control Collaborative . No global optimality

. ) . Adjustments based on
Yang et al. [32] through emergent multi-agent  interaction . guarantee; no long-term
D . . past experiences .
coordination adaptation planning

Ensure agent adaptability

Dynamic task
reallocation and

Minimizes the impact

Reactive only; no

Wang et al. [33] through dynamic task structural of %‘ee.illocatlons ’Fhrough predictive mechanism
allocation . . affinity mechanisms
reconfiguration
Dynamically reconstruct agent Dynamic Adaptive, Scalability concerns; no
Tastan et al. [34] communication graphs based =~ communication self-organized structure  long-term restructuring

on contributions and context

graph restructuring ~ improves coordination  prediction

Across all three research axes, common limitations can be identified. Firstly, most
approaches address only one dimension of organizational change—norms, roles, or struc-
ture—without considering their interactions. Secondly, adaptation mechanisms are mostly
reactive, with little attention to predicting the effects of changes. Moreover, long-term
systemic consequences of organizational modifications remain largely unexplored. These
gaps motivate the need for a more integrated and predictive approach to organizational
change in MAS.

In this context, we propose a new approach based on the Markov Decision Process
(MDP) to analyze and select effective organizational adaptation according to the current
situation and the desired goal. Obviously, the proposed framework will be compared with
existing approaches in terms of impact scope, predictability, and global optimality in the
Discussion Section 5.

3. Materials and Methods
3.1. Problem Formulation

Markov Decision Processes (MDPs) [14] provide a principled framework for sequential
decision-making under uncertainty. An MDP is defined by a tuple (S, A, T, R, ), where
S is the state space, A is the action space, T(s, a,s) is the transition function, R(s, a,s’) is
the reward function, and y € [0, 1) is the discount factor. MDPs are particularly suited to
problems where decisions must be made sequentially and outcomes are stochastic, as they
guarantee a globally optimal policy through exact solution methods such as Value Iteration.

The challenge of selecting the optimal configuration of agents within a MAS is formu-
lated as a MDP, defined by the tuple (S, A, T, R, 7). In this framework, each state represents
a specific situation of the environment, and each action corresponds to a particular or-
ganization of agents designated to manage it. The key novelties of this formulation are
twofold: organizational structures serve as the MDP action space, replacing the conven-
tional atomic action model; and the reward function acts as an efficiency metric that guides
policy selection toward organizational structures that maximize collective performance
while minimizing resource cost. The objective is to find an optimal policy 7* : S — A that
maximizes the expected discounted cumulative reward (Equation (1)).

" = argmax E
T

Y. R(Strﬂt/5t+1)1 (1)

t=0

In Equation (1), argmax, selects the policy that maximizes the objective;
Y2 0 v R(st,at,8¢+1) accumulates all future rewards discounted by 7!, where a larger
gives more weight to distant future rewards and a smaller -y produces myopic policies; and
E[-] averages over all possible stochastic trajectories induced by the transition function.
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Figure 1 illustrates the overall MDP framework, where organizational structures serve
as actions, operating over a state space, determining transition probabilities, and generating
associated rewards.

———» A1 (Structure 1) A2 (Structure 2) A3 (Structure 3)
_— I, o > ~N
T(Sya3,Su1) ‘ >
R(st,a3,St:1) i \ N
S 141 < Structure 1 (aq)
PR T(Sva1 St next state
R(s,a1,5t41) T(SuanS) |
R(sy,an,s) \’ St T(sy,az2,St1) Structure 2 (ay) (s,) = q; "
> - argmax overa
R(sT,82,5t:1) current state N actions
T(Syaz,S ~
R(s,a1,5t:2) (Suaz Suia) N
t F(SeanSuzl n Stz Y Structure 3 (a3)
R(st,as,St+2) T(S.25,S next state ,‘
482, Ste2) -/
R(sy,a2,5t:2)
transition-based .
rewards State Space S Succesor states S' Action Space Policy m*

Figure 1. MAS Organizational Structures as an Action Space for MDP-Based Decision-Making.
Dashed arrows indicate self-transitions (the system remains in the same state).

3.2. Organization-Based Action Space

In the proposed framework, an action a € A represents an organizational structure
composed of heterogeneous agents rather than an atomic task assigned to a single agent.
Heterogeneous agents refer to agents possessing different capabilities, leading to varying
contributions across organizational structures. It is worth noting that this work is conducted
at the macro level. Therefore, the internal architecture of individual agents is abstracted
away, and the analysis focuses exclusively on the organizational structure. Formally, an
action is defined as a vector (Equation (2)).

a = (1’11,1’[2,...,1’1]() (2)

where 11; > 0 denotes the number of agents of type i included in the structure, and k is the
number of distinct agent types. The total size of the structure is ||, which represents the
sum of agents belonging to all types. A coalition is used here as one concrete instantiation
of this organizational structure, though the framework naturally generalizes to other
organizational forms such as hierarchical, teams, or role-based assignments.

This organization-centric action space offers three favorable properties: (1) it abstracts
away individual agent behavior, focusing on how many agents of each type are deployed
rather than how they internally coordinate; (2) it remains compact even for large agent popu-
lations, since actions are described by agent type counts rather than individual assignments;
(3) it enables the planner to reason at the macro level, making organizational decisions
about resource allocation rather than managing at the micro-level individual agents.

3.3. Transition Function

Before defining the transition function, it is important to specify the structure of the
transition matrices associated with each action. For each organizational structure (action)
a € A, a transition matrix P(%) is defined to represent the probabilities of transitioning from
one state to another within the same state space.

In this matrix, each row corresponds to a non-goal state s;, and each column corre-
sponds to a possible next state s;, including the goal state. Each entry pg}) denotes the
probability of transitioning from the state associated with the corresponding row to the
state associated with the corresponding column under action a.
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The goal state is excluded from the set of row states because it is considered an
absorbing or terminal state. Once the system reaches the goal state, no further transitions
to non-goal states are allowed. Consequently, transitions are only defined from non-goal
states, while the goal state remains reachable as a destination state in the matrix columns.
This matrix representation naturally leads to the definition of the transition function.

The transition function T(s,a,s") = P(s’ | s,a) defines the probability of transitioning
from state s to state s’ under organizational structure a. It is derived analytically through
five steps based on a pre-specified capacity model. In this process, each agent is assigned
competence scores that are explicitly defined and can be adjusted depending on the context.
The main steps of this process are detailed in this subsection, and an overview is presented
in Figure 2.

(1) Each agent type i is assigned a efficiency score ¢;(d) € [0, 1] for each state dimension
d, representing its individual probability of improving that dimension when deployed.

(2) For each dimension d, the probability that at least one agent in the structure a suc-
cessfully improves it is computed via a complementary product formulation (Equation (3)).

Psucc(d) =1 —] (1 —¢;(d))"™ (3)
ica

where the product runs over all agent types i present in 4, each raised to the power n;.
Assumption (locality): The model assumes that a single deployment can affect at most
one unit per dimension per time step. This constraint reflects the sequential nature of the
MDP, where each action produces only a local and incremental effect on the state. Without
it, the model would systematically favor actions that lead directly to the goal regardless
of their cost, bypassing the sequential decision-making process. Any transition implying
a change greater than one unit on any dimension is therefore assigned zero probability

(Equation (4)).

|Ad| >1 = T(s,a,s') =0 (4)

(3) For each dimension d with current value s;, three mutually exclusive outcomes are
defined (Equations (5)—(7)).

Pd(sdﬁsd_l) :Psucc(d) ifsy >0 (5)
1-P d 0.8 ifsy; <d
Pafsg - sq) = | (L Pouecld@)) DS fma (6)
(1 = Psucc(d)) if 55 = dmax
1-—P d 0.2 if d
Pd(sd — S4 + 1) = ( SUCC( )) X 11 57 < dmax (7)

if Sd - dmax

When s; = dmax, the dimension has reached its maximum severity level, meaning that
no further degradation is possible. The full failure probability is therefore redistributed
to the stability case, ensuring that the three outcomes sum up to one for each dimension
(Equation (8)).

Py(sg— 1)+ Py(sq) + Py(sg4+1) =1 Vd 8)

More generally, the coefficients 0.8 and 0.2 encode a modeling assumption that, within
a single sequential time step, state persistence dominates short-term dynamics. In particular,

the system is assumed to remain unchanged with higher probability than it transitions to a
degraded state, reflecting the relatively low likelihood of abrupt deterioration.
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(4) Since the state dimensions are assumed to evolve conditionally independently
given the organizational action, the full transition probability is obtained as the product of
marginal probabilities across all dimensions (Equation (9)).

T(s,a,8") =] [ Pa(sa — s} 9)
d

(5) The resulting probabilities are normalized to ensure a valid distribution over
successor states (Equation (10)).

T(s,a,s")

T(s,a,s') « ——"""7 _
0, 8) 4 Ts,a,9)

(10)
This normalization guarantees that Y ¢ T(s,a,s’) = 1 for all (s,a), ensuring a valid
probability distribution over the next states.

States — s = (s, S5, ..., SD) Action a — set of agents

For each dimension d compare s9 avec s'd

Step 1— Efficiency score e;(d)
e;(d) € [01] per agent, for this dimension

.

Step 2 — Success probability Ps;cc(d)
P.ucc(d) =1 -T1; (1 - ei(d))"n;

v

Locality check
|ad|>1 2

1

1

1

1

1

1

1

1

1

1

1

1

1

:

1

i YES————P T=0
1
' (-
: NOj
:
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Step 3 — Marginal distribution Pp(sp - s'p)

Ad< O Ad=0 Ad >0
Improvement Stability Degradation
P= Psucc P=(1-Pgycc)*0.8 || P=(1-Psucc)*0.2
P=(1-Psycc)

All dimensions
considered ?

1
1
1
1
1
1
1
]
1
1
1
1
1
1
1
1
1
1
1
1
' 1
Next dimensjon
' 1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Step 4 — Product over all dimensions
T(s,a,s') = b Pp(sb > s'D)

v

Step 5 — Normalization - T(s, a, s')

Figure 2. Computation method of the transition function T(s, a,s").

3.4. Reward Function

The reward function quantifies the outcome of deploying organizational structure a in
state s (Equation (11)).

—YuA
R(s,a,s') = W (11)
where Ad = s/, —s; is the signed change in dimension d, and |a| = };n; is the total

number of deployed agents. The negation ensures that improvements in the state yield

https:/ /doi.org/10.3390/systems14070741


https://doi.org/10.3390/systems14070741

Systems 2026, 14, 741

10 of 23

positive rewards, while normalization by |a| penalizes oversized structures and encourages
resource-efficient organizations.

Similarly to the transition function, the reward is precomputed for each action and
encoded in a reward matrix, where each entry associates a state transition (s,s’) under
action 4 with its corresponding reward value.

Depending on the outcome of the deployed structure, three cases arise, as summarized
in Table 2.

Table 2. Reward function behavior across the three possible outcome cases.

Case R Interpretation

Asy < 0: positive reward, higher when improvement is large

Improvement R >0 % |a| is small.

No change R =0 As; = 0: zero reward regardless of coalition size.

Asy > 0: Negative reward, which becomes more negative as

Degradation R<O0 .
|a| increases.

3.5. Resolution Method

The optimal policy 77*(s) is obtained via Value Iteration [14], which computes the
fixed point of the Bellman optimality equation (Equation (12)).

V*(s) =max Y _ T(s,a,s")[R(s,a,s") +yV*(s)] (12)
acA s'eS

Starting from VO(s) = 0 foralls € S, s # sg0q1, the algorithm iteratively updates the
value function until convergence, defined as the Bellman error (Equation (13)).

max|VFH(s) — VE(s)| < e (13)
seS

Bellman error

The max;cg operator is used because convergence must be guaranteed for every state
simultaneously. Once this maximum difference falls below the threshold & > 0, the value
function is considered stable across the entire state space, and the optimal policy is extracted
as (Equation (14)).

T (s) = argrglea}i(s% T(s,a,8")[R(s,a,8") + yV*(s')] (14)

The arg max operator selects, for each state s, the action a that maximizes the expected
sum of immediate reward R(s, a,s’) and discounted future value yV*(s’), directly yielding
the globally optimal policy once V* has converged, without any additional optimization
step. Value Iteration guarantees global optimality because it exhaustively evaluates all
possible actions in all states at every iteration, without making any local assumption.
The Bellman update considers the full action space A at each state, ensuring that no
organizational structure is overlooked. Convergence to V* is guaranteed by the iterative
convergence property of the Bellman operator, and since V* is unique, the extracted policy
7t* is the globally optimal solution over the entire state-action space.

4. Case Study: RoboCup Rescue

To validate the proposed approach, we instantiate it on the RoboCup Rescue simula-
tion environment [35], a well-established benchmark for evaluating multi-agent coordina-
tion in emergency response scenarios. RoboCup Rescue simulates large-scale urban disaster
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situations in which agents must collaborate to mitigate the effects of fires, road blockages,
and civilian casualties. This environment is particularly well-suited for evaluating our
framework for three reasons. First, it involves multiple interacting crisis dimensions that
evolve stochastically over time, which aligns naturally with the MDP state representa-
tion. Second, it provides a clear role-based agent structure, where each agent type has
a distinct primary function and measurable influence on the environment. Third, it is a
recognized benchmark in the MAS community, allowing for meaningful comparison with
existing approaches.

The following subsections detail the environment description, the model instantiation,
the implementation settings, and the obtained results.

4.1. Environment and Agent Structure

RoboCup Rescue is a large-scale multi-agent simulation environment for urban dis-
aster response. It was introduced as a grand challenge for the artificial intelligence and
multi-agent systems communities to develop autonomous agents that can coordinate under
uncertainty and time pressure. In this environment, a city is affected by a major disaster,
typically an earthquake, which leads to multiple simultaneous crises that agents must
handle together. The simulation involves three main types of catastrophes that evolve
dynamically over time:

* Building fires spread across buildings if not suppressed in time, threatening both
infrastructure and civilian lives.

*  Road blockages caused by collapsed buildings prevent rescue teams from reaching
affected areas, slowing down the overall response.

* Injured civilians accumulate as injured civilians remain untreated, worsening their
condition over time.

The simultaneous and interdependent nature of these crises makes RoboCup Rescue
a challenging testbed for evaluating organizational decision-making under uncertainty.
Three types of agents operate in the RoboCup Rescue environment, each with a specific
role and a distinct influence profile on the crisis dimensions:

*  Firefighters are specialized in fire suppression. Their primary action is to extinguish
fires, giving them a high efficiency score on the fire dimension (er(B) = 0.8). They
can also clear debris to gain access to fire locations, contributing secondarily to road
clearance (er(R) = 0.1), and may provide basic first aid while awaiting paramedics
(ep(I) =0.1).

¢ Police officers are specialized in road clearance. Their primary role is to remove
blockages and manage traffic flow (eg(R) = 0.8). They can also secure perimeters
around fire zones, contributing marginally to fire management (ep(B) = 0.1), and
escort casualties to safety or clear access routes for paramedics (ep(I) = 0.1).

e Paramedics are specialized in casualty rescue and treatment (ep(I) = 0.8). Through
their continuous navigation across the rescue area, they may signal road obstacles
(ep(R) = 0.1) and evacuate civilians near fire zones, indirectly reducing fire-related
danger (ep(B) = 0.1).

Agent efficiency scores are defined based on the role specifications of the RoboCup
Rescue environment [36], where each agent type is associated with a primary function and
possible secondary contributions. High scores are assigned to dimensions corresponding
to the agent’s main role, while lower scores reflect indirect but operationally plausible
contributions across other dimensions.

The resulting efficiency matrix ¢;(d) is summarized in Table 3. These values are treated
as configurable parameters and can be refined using simulation data or learned from
interaction logs in future extensions.

https:/ /doi.org/10.3390/systems14070741


https://doi.org/10.3390/systems14070741

Systems 2026, 14, 741 12 of 23
Table 3. Agent efficiency scores e;(d) in the RoboCup Rescue environment.
Agent Type Building Fire (B) Roads (R) Injured (I)
Firefighter 0.8 0.1 0.1
Police 0.1 0.8 0.1
Paramedic 0.1 0.1 0.8

4.2. Model Instantiation

To enumerate all possible states, each dimension d is encoded using n, bits, where 1
corresponds to the number of severity levels of that dimension. The full state is represented
as a binary string of total length np + ng 4 n; bits, enabling efficient enumeration of
all states by iterating over all integers from 0 to 2"87"r*"1 — 1. The full state space is
generated by enumerating all possible combinations of crisis severity levels across the
three dimensions, as described in Algorithm 1. The goal state is defined as s* = (0,0,0),
corresponding to the complete resolution of all crisis dimensions.

Algorithm 1 State Space Generation

: Input: np, ng, ny : number of severity levels per dimension
: Output: State space S
S+ O
N < ng+ng+nj
fori =0to2N —1do
Decode i into (b, 7, w)
S« SU{(brw)}
end for
return S

O XN DDy

The binary string is structured as [by...bu, | 11...7ng | i1...1n,], Where the first npg
bits are reserved for fire severity B, the next ny bits for road blockages R, and the last n;
bits for injured civilians I, with each bit indicating presence (1) or absence (0). For example,
with ng = ng = n; = 2, every integer from 0 to 22242 _ 1 = 63 is enumerated, where
each integer decodes into a unique state triplet (b, 7, w): integer 0 = 00/00/00 = (0,0,0) =
goal state; integer 1 = 00/00[01 = (0,0, 1) = 1 injured civilian only; integer 63 = 11|11|11 =
(3,3,3) = maximum severity on all dimensions.

In the proposed approach, an action represents a coalition of heterogeneous agents, as
defined in organizational MAS. Three agent types are considered: firefighters (F), police
officers (O), and paramedics (P). A coalition is formed by selecting a subset of agents from
these types, under the constraint that it must contain at least two agents.

Similarly to the state representation, each coalition is encoded as a binary string of
length nr 4+ np + np, where nr, np, and np denote the number of agents of each type. All
possible combinations are generated by iterating over the integers from 0 to 2"F "o+ — 1,
then excluding two categories:

*  The empty coalition (i = 0): no agents deployed.
*  Singletons: combinations containing only one agent, corresponding to powers of 2,
efficiently detected by the binary condition (i & (i — 1)) = 0.

The resulting action space size is (Equation (15)).

|A| = 2"F ot (np 4+ ng +np) — 1 (15)
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The coalition generation process is summarized in Algorithm 2.

Algorithm 2 Coalition Generation

: Input: np, np, np : number of agents per type
: Output: Set of valid coalitions A
A—Q
N < ng+npo+np
fori=1to2N —1do
if (i&(i—1)) #0then
Decode i into (kg, ko, kp)
A — AU{(kp, ko, kp)}
end if
: end for
: return A

RN A R o e

_ =
=)

The binary string is structured as [fi...fu; | 01...0n5 | P1---Pupl, where the
first np bits are reserved for firefighters, the next np for police officers, and the last
np for paramedics, each bit indicating presence (1) or absence (0). For example, with
np = np = np = 2, every integer from 1 to 2222 — 1 = 63 is enumerated. Singletons
correspond to powers of 2 and are detected by (i & (i — 1)) = 0: subtracting 1 from a power
of 2 flips all its bits, so the AND always yields 0 (e.g., 100 & 011 = 000), while any valid
coalition gives a non-zero result (e.g., 011 & 010 # 0).

The binary encoding is chosen for three reasons: it is semantically natural, since each
agent type is either present or absent, mapping directly onto a binary representation; it is
memory-efficient, as each coalition is stored as a single compact value rather than a list
or dictionary object; and it offers computational performance, since binary operations are
executed at the CPU level, making them significantly faster than equivalent high-level data
structure operations.

To assess the scalability and generality of the framework, four experimental configura-
tions are defined in Table 4, varying the number of severity levels per dimension and the
number of agents per type.

Table 4. Experimental configurations.

Config B R I O F P States Coalitions Justification

S1 3 2 1 2 2 1 64 26 Minimal asymmetric baseline configuration

S2 4 2 2 3 2 2 256 120 Asymmetric state space with a dominant dimension
S3 3 3 3 3 3 3 512 502 Balanced reference configuration

S4 3 3 2 4 3 3 256 1013 Large action space, coalition scalability

Due to the exponential growth of the state and action spaces with respect to the prob-
lem parameters, a full display of the transition matrices is impractical for the configurations
used in the experiments (e.g., S1 with |S| = 64 states and | A| = 26 coalitions yields matrices
of size 64 X 64 per coalition). To illustrate the instantiated transition model concretely, we
consider a minimal configuration with Np = Ng = Ny = 1and Nr = Np = Np =1,
yielding |S| = 8 states and |A| = 23 — 1 — 3 = 4 valid coalitions. The complete set of
transition matrices for this configuration is presented in Table 5, where each matrix T is
of size 7 x 8 (the goal state s* = (0,0,0) is excluded from rows as it is absorbing). The bold
entries indicate the most likely transition from each state, consistently directing toward the
goal state or its most probable nearest neighbors.
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Table 5. Transition matrices for the minimal configuration (Ng = Ng = N; =1, Np = Np = Np = 1):

4 coalitions, 7 states (goal state s* = s, = (0,0,0)).

Coalition a9 = (00, 1f,1p) Coalition a; = (10, 0r, 1p)

s\s' 50 s} sh sk s} sk Sg st s\s’ 50 s} sh sh s} sk Sg sh
51 0.5444 0.0956 0.1361 0.0239 0.1361 0.0239 0.0340 0.0060 51 0.5344 0.1056 0.1336 0.0264 0.1336 0.0264 0.0334 0.0066
sy 0.5344 0.1336 0.1056 0.0264 0.1336 0.0334 0.0264 0.0066 Sy 0.0849 0.0212 0.5551 0.1388 0.0212 0.0053 0.1388 0.0347
S3 0.5683 0.0998 0.1122 0.0197 0.1421 0.0249 0.0281 0.0049 S3 0.0886 0.0175 0.5794 0.1144 0.0222 0.0044 0.1449 0.0286
Sy 0.0787 0.0197 0.0197 0.0049 0.5613 0.1403 0.1403 0.0351 Sy 0.5334 0.1334 0.1334 0.0333 0.1066 0.0266 0.0266 0.0067
S5 0.0837 0.0147 0.0209 0.0037 0.5968 0.1048 0.1492 0.0262 S5 0.5568 0.1100 0.1392 0.0275 0.1112 0.0220 0.0278 0.0055
S6 0.0822 0.0205 0.0162 0.0041 0.5859 0.1465 0.1157 0.0289 S 0.0884 0.0221 0.5784 0.1446 0.0177 0.0044 0.1155 0.0289
s7 0.0874 0.0153 0.0173 0.0030 0.6229 0.1094 0.1230 0.0216 s7 0.0923 0.0182 0.6037 0.1192 0.0184 0.0036 0.1206 0.0238

Coalition a; = (10, 1f,0p) Coalition a3 = (10, 1f,1p)

s\s’ A s} sh s4 s} st St st s\s' st s} sh sh s} st St sh
51 0.0849 0.5551 0.0212 0.1388 0.0212 0.1388 0.0053 0.0347 51 0.5454 0.0946 0.1363 0.0237 0.1363 0.0237 0.0341 0.0059
Sy 0.5444 0.1361 0.0956 0.0239 0.1361 0.0340 0.0239 0.0060 S 0.5454 0.1363 0.0946 0.0237 0.1363 0.0341 0.0237 0.0059
S3 0.0903 0.5902 0.0159 0.1037 0.0226 0.1476 0.0040 0.0259 S3 0.5810 0.1008 0.1008 0.0175 0.1452 0.0252 0.0252 0.0044
Sq 0.5444 0.1361 0.1361 0.0340 0.0956 0.0239 0.0239 0.0060 Sy 0.5445 0.1361 0.1361 0.0340 0.0955 0.0239 0.0239 0.0060
S5 0.0903 0.5902 0.0226 0.1476 0.0159 0.1037 0.0040 0.0259 S5 0.5800 0.1006 0.1450 0.0252 0.1017 0.0176 0.0254 0.0044
S6 0.5788 0.1447 0.1017 0.0254 0.1017 0.0254 0.0179 0.0045 S6 0.5800 0.1450 0.1006 0.0252 0.1017 0.0254 0.0176 0.0044
s7 0.0960 0.6276 0.0169 0.1102 0.0169 0.1102 0.0030 0.0194 s7 0.6178 0.1072 0.1072 0.0186 0.1084 0.0188 0.0188 0.0033

Similarly to the transition model, displaying all reward matrices becomes impractical
for the configurations used in the experiments. We therefore adopt the same minimal
configuration (Ng = Ng = N; = 1, Np = Np = Np = 1) to illustrate the instantiated
reward model.

The corresponding reward matrices are presented in Table 6. Each matrix R% has size
7 x 8, where the goal state s* = (0,0, 0) is excluded from the rows as it is absorbing, while
it is retained as a column to reflect the maximum reward associated with reaching it.

It is also worth noting that coalitions ag, a1, and 4, produce identical reward matrices
due to having the same coalition size |a| = 2, whereas coalition a3 = (1p,1f,1p) with
|a| = 3 yields proportionally lower reward values as a result of the normalization by
coalition size, which penalizes larger coalitions in favor of resource-efficient configurations.
Table 6. Reward matrices for the minimal configuration (Ng = Ng = Ny =1, Np = Np = Np = 1):
4 coalitions, 7 states (goal state s* = 56 =(0,0,0)).

Coalition ag = (00, 1f,1p) Coalition a1 = (10, 0f, 1p)
s\s'"| s s} sh s4 s} sk sg sho|s\s'| s s1 sh 54 s} st sg sh

sy | 0500 0.000 0.000 -0.500 0.000 —0.500 —0.500 —1.000| s; | 0.500 0.000 0.000 —0.500 0.000 —0.500 —0.500 —1.000

s, | 0500 0.000 0.000 -0.500 0.000 —-0.500 —0.500 —1.000| s, | 0.500 0.000 0.000 -—0.500 0.000 —0.500 —0.500 —1.000

53 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500] s3 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500

sq | 0500 0.000 0.000 -0.500 0.000 —0.500 —0.500 —1.000| s4 | 0.500 0.000 0.000 —0.500 0.000 —0.500 —0.500 —1.000

ss | 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —-0.500| ss | 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500

S6 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500] s¢ 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500

s7 | 1.500 1.000 1.000 0.500 1.000 0.500 0.500 0.000 | sy | 1.500 1.000 1.000 0.500 1.000 0.500 0.500 0.000

Coalition a; = (10, 1f,0p) Coalition a3 = (10, 1f,1p)
s\s'"| s s) sh 54 s} sk sg sh |s\s'| s s1 sh 54 s} st sg sh

sy | 0500 0.000 0.000 -0.500 0.000 —-0.500 —0.500 —1.000| s; | 0.333 0.000 0.000 -0.333 0.000 —-0.333 —0.333 —0.667

s | 0500 0.000 0.000 -0.500 0.000 —-0.500 —0.500 —1.000| s, | 0.333 0.000 0.000 -—0.333 0.000 —0.333 —0.333 —0.667

53 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500| s3 | 0.667 0.333 0333 0.000 0.333 0.000 0.000 -—0.333

sq | 0500 0.000 0.000 -0.500 0.000 —0.500 —0.500 —1.000| s4 | 0.333 0.000 0.000 -0.333 0.000 —-0.333 —0.333 —0.667

s5 | 1.000 0.500 0.500 0.000 0.500 0.000 0.000 -0.500| s5 | 0.667 0333 0.333 0.000 0.333 0.000 0.000 —0.333

S6 1.000 0.500 0.500 0.000 0.500 0.000 0.000 —0.500| s¢ | 0.667 0.333 0333 0.000 0.333 0.000 0.000 -0.333

s7 | 1.500 1.000 1.000 0.500 1.000 0.500 0.500 0.000 | sy | 1.000 0.667 0.667 0.333 0.667 0333 0.333 0.000
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4.3. Implementation and Parameter Settings

As described in Section 3, value iteration is applied to solve the MDP by iteratively
updating the utility of each state until convergence, using the Bellman optimality equation.
The algorithm was implemented in Java and applied across the four experimental configu-
rations 51, S2, S3, and 5S4 defined in Table 4. The following subsections detail the concrete
parameter settings adopted in these experiments.

4.3.1. Algorithm Parameters

The value iteration algorithm was configured with the parameters listed in Table 7,
selected empirically based on preliminary experiments.

Table 7. Value iteration parameter settings.

Parameter Value Justification

Discount factor vy 0.75 Best trade-off between convergence speed and policy quality
Convergence threshold & 0.001 Sulfficient precision without excessive iterations

Initial value U(sp) 10 Positive reward assigned to goal state

Initial value U (s # sg) 0 Neutral initialization for all non-goal states

4.3.2. Discount Factor Selection

The choice of v = 0.75 was evaluated experimentally by running value iteration on
configuration S3 for v € {0.25,0.50,0.75,0.90}. Configuration S3 (ng = ng = n; = 3,
512 states, 502 coalitions) is selected for this analysis because it is the balanced reference
configuration. In the Bellman update (Equation (12)), an asymmetric configuration would
cause uneven reward propagation across dimensions, making it impossible to isolate the
pure effect of . As shown in Figure 3, smaller values such as oy = 0.25 lead to faster
convergence in terms of Bellman error and require fewer iterations, but result in short-
sighted policies that favor immediate rewards over potentially more beneficial long-term
outcomes. In contrast, larger values increase the number of iterations but better capture
future consequences of actions within the decision process.

—e— y =0.25
—= y=0.50
—- y=0.75
4.y =0.90
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Figure 3. Bellman error under different discount factors on configuration S3.
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Although v = 0.25 achieves faster convergence, 7 = 0.75 is selected as it achieves
the best trade-off between convergence speed and solution quality. This is theoretically
grounded: 7 directly controls the weight assigned to future rewards in Equation (1),
meaning that a higher -y forces the algorithm to propagate long-term consequences across
more iterations before stabilizing, leading to policies that maximize cumulative returns
rather than immediate rewards. It is therefore used in all subsequent experiments.

4.4. Results and Analysis

This section presents the experimental results obtained by applying the value it-
eration algorithm to the four configurations defined in Table 4. Each configuration is
evaluated in terms of convergence behavior, policy stabilization, coalition efficiency, and
final policy distribution.

4.4.1. Convergence Analysis

Figure 4 illustrates the evolution of the Bellman error across iterations for all four con-
figurations. All configurations converge within 16 iterations, confirming the effectiveness
of the value iteration algorithm under the proposed MDP formulation.

Configuration S1, with the smallest state space (64 states), converges the fastest,
reaching the threshold ¢ = 0.001 around iteration 13. Configurations S2 and S3 exhibit the
slowest convergence, reaching the threshold at approximately iterations 15-16.

Interestingly, S4, despite having the same state space size as S2 (256 states), converges
faster, suggesting that convergence speed is not solely determined by the size of the state
space but also depend on the structure of the action space or the distribution of coalitions.

—e— S1
S2
o G

€ =0.001

Bellman Error (log scale)

Iteration

Figure 4. Bellman error convergence across all configurations.

Figure 5 shows the evolution of the L1 norm of the value function }_; U(s) across
iterations. All configurations exhibit a similar pattern, with a rapid increase during the first
two to three iterations as value information propagates from the goal state, followed by
gradual stabilization.

Configuration S3 reaches a significantly higher L1 norm (~15,000-16,000) compared
to S2 and 54 (~7000), reflecting its larger state space (512 states) and higher number
of coalitions (502). In contrast, S1, with a smaller state space (64 states), stabilizes at a
lower value (~1400) and shows only a limited initial increase, consistent with reduced
value propagation.
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Overall, convergence speed is comparable across all configurations, with all curves

reaching a stable plateau before iteration 10.
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Figure 5. L1 norm of the value function across all configurations.

4.4.2. Policy Stabilization

Figure 6 illustrates the number of states whose optimal coalition changes between
two consecutive iterations (i.e., Ak = m(s) # mx_1(s)), serving as a measure of policy
stabilization. In all configurations, the policy stabilizes within the first three iterations,
with minor transient adjustments observed in later iterations for S2 (iteration 6, 16 states)
and 5S4 (iteration 4, 18 states). Configuration S3 exhibits the largest initial policy change
(~511 states at iteration 1), consistent with its full 512-state space. Configurations S2 and S4
show approximately 255 changes at the first iteration, consistent with their 256-state spaces,
while S1 shows a considerably lower number of initial changes (~63 states), reflecting its

smaller 64-state space.
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Figure 6. Policy stabilization across all configurations.
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4.4.3. Coalition Efficiency

Figure 7 illustrates the evolution of the average coalition size selected by the optimal
policy across iterations. All configurations converge rapidly: S1, S3, and 54 stabilize within
two iterations, while 52 requires six iterations due to a two-step convergence pattern.
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Figure 7. Average coalition size across all configurations.

The final average coalition sizes are approximately 1.71, 3.08, 2.28, and 2.34 agents
for S1, S2, S3, and 54, respectively. S1, with the smallest state and action spaces
(64 states, 26 coalitions), yields the lowest average coalition size, consistent with its highly
constrained structure.

A comparison between 52 and 54, which share the same state space (256 states), shows
that 54 achieves significantly smaller coalitions (2.34 vs. 3.08 agents) due to its richer action
space (1013 vs. 120 coalitions), enabling more flexible organizational choices. Similarly, S3
and 54 produce comparable average coalition sizes (2.28 and 2.34 agents) despite different
state spaces (512 vs. 256 states), further suggesting that the action space has a stronger
influence on coalition compactness than the state space.

4.4.4. Final Policy Distribution

Figure 8 presents the distribution of coalitions selected in the final optimal policy for
each configuration. The y-axis shows the coalition identifier k along with its size, and the
percentage on each bar indicates the proportion of states assigned to that coalition. In
configurations S3 and 54, a single coalition of size 3 (k = 65) dominates the policy with
61.8% and 50.6% of states, respectively. In S2, coalition k = 15 (size 3) is assigned to 46.7%
of states. In 51, coalition k = 5 (size 2) is the most frequently selected (27.0%), followed by
k = 6 (size 3) at 20.6%, reflecting a more distributed policy over the smaller state space.
Across all configurations, the largest coalitions (size 6) are systematically assigned to the
fewest states, validating the reward function design that penalizes unnecessary resource
deployment and favors minimal yet effective coalitions.
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Figure 8. Final policy coalition distribution across all configurations.

4.4.5. Policy Illustration

Table 8 presents representative policy samples for configurations S1 through S4. Only
eight state examples are included, as the full policy is too long to display.

The policy exhibits a structured mapping between system states and coalition
activations. The goal state consistently requires no intervention, reflecting a stable
absorbing configuration.

For non-goal states, coalition selection is conditional and depends on specific combina-
tions of active dimensions rather than following a simple additive rule. Overall, the learned
policy achieves a compressed allocation of resources, balancing efficiency and coverage by
activating only the necessary subsets of agents instead of deploying all available resources
whenever multiple dimensions are present.

Furthermore, the application of a coalition to a given state induces a transition
to another state, which is itself represented within the policy alongside its associated
optimal action.

This process continues recursively, forming a structured sequence of state-action
pairs that progressively guides the system toward the goal state while ensuring optimal
action efficiency.
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Table 8. Representative policy samples (8 states each) for configurations S1-54.

R B I Optimal Coalition
S1(Ng=3, Nr=2, Nj=1, No=2, Nb=2, Np=1)
OR,0R 0B,0B,0B 0I Goal state—no coalition required
0R,0R 0B,0B,0B 11 (00,00, OF,1F, 1P)
0R,0R 0B,0B,1B 01 (00,00, 1F,1F, 0P)
0R,0R 0B,0B,1B 1I (00,00, 1F,1F, 1P)
0R, IR 0B,0B,0B 01 (10,10, OF,0F, 0P)
OR, IR 0B,0B,0B 11 (00,10, OF,0F, 1P)
1R,1R 0B,1B,1B 01 (00,10, OF,1F, 0P)
1R,1R 1B,1B,1B 1I (00,10, OF,1F, 1P)
S2(Ng =4, Nk =2, Ny=2, No =3, Nt =2, Np=2)
0R,0R 0B,0B,0B,0B 01,01 Goal state—no coalition required
0R,0R 0B,0B,0B,0B 01,11 (00,00,00, OF,0F, 1P,1P)
OR,0R 0B,0B,0B,1B 01,01 (00,00,00, 1F,1F, 0P,0P)
0R,0R 0B,0B,1B,1B 11,11 (00,00,00, OF,1F, 0P, 1P)
0R, IR 0B,0B,0B,0B 01,11 (00,00,10, OF,0F, 0P, 1P)
OR,1R 0B,1B,0B,0B 01,01 (00,00,10, 1F,1F, OP,0P)
1R,1R 0B,0B,1B,1B 01,11 (00,00,10, OF,1F, 0P,1P)
1R,1R 1B,1B,1B,1B 11,11 (00,00,10, OF,1F, 0P, 1P)
S3(Ng =3, Nk =3, Nj=3, No=3, Nb =3, Np =3)
OR,0R,0R 0B,0B,0B 01,0101 Goal state—no coalition required
OR,0R,0R 0B,0B,0B 0L,0L 11 (00,00,00, OF,0F,0F, 0P, 1P,1P)
O0R,0R,0R 0B,0B,1B 01,0L,01 (00,00,00, OF,1F,1F, 0P,0P,0P)
O0R,0R,0R 0B,0B,1B 0I,0L,11 (00,00,00, OF,1F,1F, 0P,1P,1P)
O0R, 1R, IR 0B,0B,0B 01,0L,01 (00,10, 10, OF,0F,0F, 0P,0P,0P)
0R,1R,IR 0B,1B,1B 0I,1L,11 (00,00, 10, OF,0F,1F, 0P,0P,1P)
1R,1IR,1IR 0B,0B,1B 0I,1L,11 (00,00,10, 0F,0F,1F, 0P,0P,1P)
1R,1IR,1IR 1B,1B,1B 11,1111 (00,00,10, OF,0F,1F, OP,0P,1P)
S4(Ng =3, Nrk=3,Nj=2, No=4, Nb =3, Np=3)
0R,0R,0R 0B,0B,0B 01,01 Goal state—no coalition required
O0R,0R,0R 0B,0B,0B 01,11 (00,00, 00,00, OF,0F,0F, 0P,1P,1P)
O0R,0R,0R 0B,0B,1B 01,01 (00,00, 00,00, OF,1F,1F, 0P,0P,0P)
O0R,0R,0R 0B,0B,1B 01,11 (00,00,00,00, OF,1F,1F, 0P,0P,1P)
OR,0R,0R 0B,1B,1B 01,01 (00,00,00,00, OF,1F,1F, OP,0P,0P)
OR,1IR,IR 0B,0B,0B 01,11 (00,00,00,10, OF,0F,0F, 0P,0P,1P)
1R,1R,1IR 0B,1B,1B 01,11 (00,00,00,10, OF,0F,1F, 0P,0P,1P)
1R,1R,1IR 1B,1B,1B 11,11 (00,00,00,10, OF,0F,1F, 0P,1P,1P)

5. Discussion

Across the three categories of organizational adaptation surveyed in Section 2, two
common limitations can be identified: adaptation mechanisms are mostly reactive or based
on past cases, with little attention to predicting the effects of changes on future system states,
and the long-term systemic consequences of organizational modifications remain largely
unexplored. Norm adaptation approaches adjust agent behavior through norm synthesis or
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revision, but their evaluation of impact remains local or reactive. Role-based approaches en-
able fine-grained behavioral adaptation but focus on individual role assignment rather than
global organizational structure, systematically lacking long-term prediction mechanisms.
Among structural reconfiguration works, some incorporate probabilistic prediction, yet this
remains limited to predefined configurations without autonomous global optimization.

The proposed MDP-based framework addresses these difficulties simultaneously by
modeling reorganization as a sequential decision problem that explicitly estimates the
probable impact of each organizational structure on future system states via the transition
function, selects the optimal structure via Value Iteration, and uses the reward function
as an efficiency metric that guides policy selection toward organizational structures that
maximize collective performance while minimizing resource cost. As summarized in
Table 9, it is the only approach that combines system-level impact evaluation, predictive
reasoning, and globally optimal decision-making within a unified model.

Table 9. Comparative summary of organizational adaptation approaches.

Approach Impact Scope Predictive Globally Optimal
Norm adaptation works Local X X
Role evolution works Team-level Partial X
Structural reconfiguration System-level Partial X
Proposed framework System-level v 4

v: supported; X: not supported.

Nevertheless, the framework carries notable limitations. The efficiency scores are
pre-specified and may not capture real-world variability. The locality assumption restricts
state changes to one unit per dimension per time step, which may oversimplify abrupt
crisis dynamics. The transition model is fixed and must be redefined when the problem
setting changes, limiting flexibility across different scenarios. Finally, scalability remains
a concern as the state and action spaces expand exponentially with the number of agent
types or severity levels.

Future work will focus on learning efficiency scores from simulation data, adopting
approximate reinforcement learning methods to handle larger state spaces, and validating
the framework on real incident data.

6. Conclusions

Organizational adaptation in MAS remains a critical challenge, particularly when it
comes to selecting the most effective organizational configuration under uncertainty and
dynamic conditions. Although significant effort has been devoted to norm adaptation,
role evolution, and structural reconfiguration, most existing approaches react to changes
without anticipating their systemic consequences or guaranteeing global optimality. In
this work, we presented a decision-making framework that models organizational reor-
ganization as a Markov Decision Process, where coalition structures constitute the action
space and the optimal policy is derived via value iteration. The framework was validated
on the RoboCup Rescue simulation platform across four experimental configurations,
demonstrating rapid convergence, stable policy derivation, and consistent selection of
resource-efficient coalitions. According to the obtained results, the proposed approach
effectively bridges the gap between reactive organizational adaptation and proactive, glob-
ally aware structural planning. In prospect, we plan to extend the framework toward
non-stationary environments, incorporate learned transition parameters from simulation
data, and explore approximate reinforcement learning methods to scale the approach to
larger and more complex multi-agent deployments.
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