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Abstract

A Hierarchical Incentive Mechanism Design for Clustered Federated Reinforcement
Learning with Budget Limitation: A Contract-Stackelberg Game Framework

Shaghayegh Ghasemi

Federated Reinforcement Learning (FRL) offers a powerful framework for distributed au-
tonomous agents to collaboratively learn decision-making policies while preserving data privacy.
This is particularly valuable in domains such as connected autonomous vehicles, where data sen-
sitivity and environmental variability present major challenges. However, practical FRL systems
face several obstacles, including environmental heterogeneity, high participation costs, and limited
budget availability at the server side for incentivizing agents. To address these issues, we propose
a clustered FRL framework that organizes agents into groups based on their operational environ-
ments, enabling more efficient training and localized coordination. Each cluster is managed by a
local server that aggregates agent updates and forwards refined models to a main server for global
aggregation. To encourage sustained participation, we design a hierarchical incentive mechanism:
at the lower layer, contract theory is employed due to information asymmetry; at the upper layer, a
Stackelberg game is formulated to enable the main server to allocate its limited budget strategically
across clusters based on the accuracy of the local servers’ trained models.

Keywords: Federated Learning, Reinforcement Learning, Autonomous Driving, Incentive Design,

Stackelberg Game, Contract Theory, Budget-Constrained Optimization
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Chapter 1

Introduction

1.1 Background and Motivation

As intelligent agents become increasingly autonomous and geographically distributed, the de-
mand for collaborative learning frameworks that preserve privacy, operate under resource con-
straints, and adapt to diverse environments has grown substantially. Traditional centralized machine
learning approaches, reliant on aggregating data at a central server, are increasingly infeasible due to
privacy regulations, bandwidth limitations, and the computational constraints of edge devices [1,2].

Federated Learning (FL) [1] offers a decentralized alternative. In FL, agents train local models
on private data and transmit only model updates (e.g., gradients or parameters) to a central server.
This preserves data privacy and reduces communication overhead, making FL particularly useful
in mobile computing, healthcare, and personalized services [2]. However, FL is primarily designed
for supervised learning tasks using fixed datasets and lacks mechanisms for handling sequential
decision-making or interactive learning.

Reinforcement Learning (RL), by contrast, is suited for dynamic environments in which agents
learn optimal policies through sequential interactions with their surroundings. Integrating FL. with
RL gives rise to Federated Reinforcement Learning (FRL) [3,4], which enables decentralized agents
to learn from their local environments while contributing to a global policy. FRL holds great
promise in domains such as autonomous driving, industrial IoT, smart grids, and multi-robot sys-

tems—contexts where environmental feedback is local and privacy is crucial [5].



However, deploying FRL in real-world environments presents several non-trivial challenges. A
central issue is heterogeneity, which arises in multiple forms: agents may differ in their environ-
mental dynamics, task structures, computational resources, and communication abilities [6]. These
disparities can significantly impact both local learning effectiveness and the quality of aggregated
global updates, leading to slower convergence or model collapse [7, 8]. Furthermore, participating
in collaborative training often incurs non-negligible costs, such as local computation, energy usage,
and network bandwidth [9], making it rational for agents to disengage unless properly incentivized.

A key distinction between FRL and traditional FL lies in the nature of data generation. While
FL typically assumes fixed datasets and consistent model updates across rounds, FRL agents con-
tinuously interact with their environments, generating an evolving and non-stationary stream of
experience data. This dynamic nature introduces additional complexity in synchronization, pol-
icy evaluation, and cross-agent knowledge transfer [10, 11]. As a result, incentive mechanisms
originally developed for FL—which assume static data and periodic participation—may prove in-
adequate in FRL settings. Recent efforts have extended contract-based incentive models to FRL by
accounting for data accumulation across rounds [12], yet these approaches largely overlook hierar-
chical coordination and budget limitations.

To tackle such heterogeneity and enable scalable deployment, FRL systems increasingly adopt
hierarchical architectures. In these systems, agents are clustered according to contextual similarities,
such as geographical proximity or task relevance, and each cluster is managed by a local server.
These local servers perform intra-cluster coordination and periodically communicate with a main
server, which integrates knowledge across clusters [13, 14]. This structure facilitates both local
specialization and global generalization. In scenarios like vehicular networks, where traffic patterns
and environmental conditions differ across regions, hierarchical FRL enables context-aware policy
learning while maintaining global consistency [15].

We adopt such a clustered FRL framework as the underlying structure for our study. While
this setup has proven effective in managing heterogeneity, it also introduces a complex challenge
that is underexplored in the current literature: how to design effective incentive mechanisms under
tight budget constraints and multi-layered coordination. In these settings, the main server must

decide how to allocate a budget to each local server, and each local server must then design its own



strategy to incentivize agent contributions within its cluster. These decisions are tightly coupled:
inefficiencies at one layer can propagate and degrade performance across the entire hierarchy.

Despite increasing attention to incentive mechanisms in FL [16, 17], most works treat budget
constraints at a single layer and do not model how hierarchical coordination structures complicate
budget allocation. Additionally, few studies consider how to balance long-term engagement, in-
creasing data volumes, and strategic agent behavior under asymmetric information. These gaps
limit the applicability of existing methods in realistic FRL settings.

Taken together, these challenges—environmental heterogeneity, dynamic data accumulation,
strategic agent behavior, information asymmetry, and limited budgets—underscore the need for
a principled and scalable incentive framework tailored to FRL’s unique demands. The following
section introduces the specific research problem addressed in this thesis and outlines the proposed

solution.

1.2 Research Problem and Objectives

This thesis addresses the design of a hierarchical, incentive-compatible mechanism for FRL
systems operating under strict budget constraints and incomplete information. The central objective
is to develop a scalable framework that ensures reliable agent participation while maximizing overall
system utility in environments characterized by layered coordination and asymmetric knowledge of
agent capabilities.

To this end, we consider a clustered FRL architecture in which agents are grouped based on
contextual factors such as location, task similarity, or environmental conditions. Each cluster is
managed by a local server responsible for coordinating intra-cluster learning, while a central main
server oversees global policy integration. This structure reflects real-world applications such as
autonomous transportation systems, distributed robotics, and mobile edge computing.

Within this architecture, two key challenges emerge. First, local servers must incentivize par-
ticipation without full knowledge of agent characteristics, such as computational capacity or energy
cost. This information asymmetry complicates fair and efficient contract design, as agents may

behave strategically to maximize their own benefit while minimizing contribution. Second, budget



allocation decisions are inherently interdependent across layers: insufficient funding from the main
server can impair local incentive schemes, resulting in degraded learning outcomes that, in turn, in-
fluence future global allocations. These challenges necessitate a coordinated incentive mechanism
that operates coherently across system layers.

We address these issues through a hierarchical incentive model implemented at two levels. At
the lower layer, contract theory is employed to design reward mechanisms that guarantee incentive
compatibility (IC) and individual rationality (IR) under asymmetric information. At the upper layer,
a Stackelberg game framework enables the main server (leader) to strategically allocate budget
across clusters by anticipating the local servers’ (followers’) responses in terms of utility optimiza-
tion. This combination ensures that incentives are both fair and aligned with system-wide learning

objectives, enabling cost-effective deployment in budget-limited FRL settings.

1.3 Proposed Approach and Contributions

This thesis introduces a novel hierarchical incentive mechanism that integrates economic the-
ory into FRL systems with budget limitations. Our framework addresses the dual challenges of
asymmetric information and budget coordination through a unified optimization model. The key

contributions are as follows:

(1) We design a hierarchical incentive mechanism that integrates contract theory at the lower
layer and Stackelberg game theory at the upper layer for strategic budget allocation by the

main server.

(2) We introduce a budget-centric perspective to FRL incentive design, shifting the focus from
agent-side resource constraints to main server-oriented budget optimization, which better re-

flects real-world deployment considerations.

(3) We introduce a backward induction algorithm in the hierarchical structure of mechanism de-

sign, investigating the incentive coupling between the two layers.

(4) We provide both theoretical analysis and empirical validation of the proposed framework,

demonstrating that it maximizes the main server’s utility, reduces overall incentive costs,



and ensures agent engagement by guaranteeing Incentive Compatibility (IC) and Individual

Rationality (IR).

Our work has been submitted to IEEE Transactions on Mobile Computing.

1.4 Thesis Organization

The remainder of this thesis is organized into five chapters. Chapter 2 provides a comprehensive
review of relevant literature in FL, RL, FRL, and incentive mechanisms, highlighting key challenges
and research gaps that motivate this study. Chapter 3 introduces the system model and formally de-
fines the problem setting, including the assumptions and constraints considered. Chapter 4 details
the proposed incentive framework, including the contract design process and global strategy deriva-
tion using Stackelberg game theory. Chapter 5 presents simulation experiments and performance
evaluations, demonstrating the effectiveness of the proposed mechanism in clustered FRL settings.
Finally, Chapter 6 concludes the thesis with a summary of key findings, a discussion of limitations,

and potential directions for future work.



Chapter 2

Literature Review

The advancement of autonomous and distributed systems has led to a growing demand for intel-
ligent decision-making frameworks that can operate efficiently while preserving data privacy. In this
context, reinforcement learning has emerged as a powerful approach for training autonomous agents
through interaction with dynamic environments. Simultaneously, federated learning has gained sig-
nificant attention as a decentralized learning paradigm that enables multiple agents to collaboratively
train machine learning models without directly sharing their local data.

The integration of these two methodologies, known as Federated Reinforcement Learning (FRL),
has shown promising potential in various real-world applications, including autonomous driving,
smart grids, and edge computing. However, several challenges arise in FRL, particularly in han-
dling heterogeneous environments, addressing resource constraints, and developing scalable and
effective incentive mechanisms to ensure sustained agent participation.

This chapter surveys the foundational principles of reinforcement learning and federated learn-
ing, explores their integration into FRL, and examines existing work on incentive mechanisms,
focusing on contract theory and Stackelberg game models, as a basis for the proposed contributions
in this thesis. It also reviews hierarchical and clustered extensions of federated learning that address
scalability and heterogeneity issues. By critically examining the current landscape and its limita-
tions, this review provides the necessary foundation for exploring novel incentive mechanisms that

are better suited to the complexities of FRL.



2.1 Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning where agents learn to make de-
cisions by interacting with an environment to maximize cumulative rewards. Unlike supervised
learning, which relies on labeled datasets, RL. agents learn optimal behaviors through trial-and-
error experiences, receiving feedback in the form of rewards or penalties. This paradigm is particu-
larly suited for problems where decision-making sequences significantly impact outcomes, such as

robotics, game playing, and autonomous driving [ 18].

2.1.1 Historical Foundations and Core Concepts

The conceptual underpinnings of RL can be traced back to early studies in animal learning and
behavioral psychology, where behaviors were understood to be shaped by rewards and punishments
[19]. This perspective is rooted in the principles of operant conditioning introduced by B.E Skinner
laid the foundation for modern RL algorithms. In the realm of computer science, these ideas have
been formalized using the framework of Markov Decision Processes (MDPs), which provide a
mathematical model for decision-making situations where outcomes are partly random and partly
under the control of a decision-maker [20].

An MDP consists of a set of states, a set of actions, transition probabilities between states, and
reward functions. The objective of an MDP is to determine a policy, a mapping from states to
actions, that maximizes the expected cumulative reward over time [19]. One of the seminal works
in this area is by Kaelbling et al., who provided a comprehensive survey of RL. methods, discussing
central issues such as the exploration-exploitation trade-off, delayed rewards, and generalization in
RL systems. They highlighted the challenge of balancing exploration (discovering new actions for
long-term rewards) and exploitation (choosing known actions that yield immediate high rewards)

[18].

2.1.2 Advancements in Reinforcement Learning Algorithms

Over the years, RL has evolved significantly, with advancements in algorithms enhancing its

applicability and efficiency. Traditional methods like Dynamic Programming require a complete



model of the environment’s dynamics, which is often impractical. Model-free methods, such as
Monte Carlo and Temporal Difference (TD) learning, have been developed to learn optimal policies
without explicit environmental models. Q-learning, a form of TD learning introduced by Watkins,
enables agents to learn the value of actions in specific states, facilitating the derivation of optimal
policies without requiring a model of state transition probabilities [21].

The integration of deep learning techniques with RL has led to the emergence of Deep Rein-
forcement Learning (DRL), which combines the representation learning capabilities of deep neu-
ral networks with the decision-making framework of RL. This integration has enabled significant
breakthroughs in complex tasks with high-dimensional state spaces. For instance, DRL has been
successfully applied in playing Atari games directly from raw pixel inputs, demonstrating the po-
tential of these methods in handling complex sensory data [22]. However, despite its successes,

instabilities and sample inefficiencies remain critical challenges in DRL training [23].

2.1.3 Applications of Reinforcement Learning

RL has been successfully applied in diverse domains, demonstrating its ability to solve complex
decision-making problems. In robotics, RL enables autonomous agents to learn optimal control
strategies for tasks such as grasping, navigation, and manipulation [24]. Similarly, in healthcare,
RL is used to optimize treatment plans, drug discovery, and personalized medicine by modeling
sequential decision-making processes [25].

In finance, RL-based trading algorithms help in portfolio optimization and market-making strate-
gies by adapting to dynamic market conditions [24]. RL has also revolutionized gaming and artifi-
cial intelligence, with deep RL models achieving superhuman performance in games like Go, chess,
and video games [25]. Furthermore, in autonomous driving, RL aids in learning safe and efficient
driving policies through simulation-based training.

Other notable applications include industrial automation [26], energy management [27], and
smart grid optimization [28], where RL contributes to improving efficiency and resource allocation.
Despite its promising applications, challenges such as safety, scalability, and real-world generaliza-

tion continue to shape RL’s practical adoption.



2.1.4 Challenges and Limitations of Reinforcement Learning

Despite its successes, RL faces several challenges that limit its practical adoption. A primary
concern is its high sample complexity, as training often requires extensive interactions with the en-
vironment, which can be both time-consuming and computationally expensive [29]. While model-
based RL and transfer learning techniques have been introduced to improve efficiency, generaliza-
tion to unseen scenarios remains a significant obstacle [30].

Instability during training is another major limitation. RL algorithms are often sensitive to hy-
perparameters and prone to issues like catastrophic forgetting, especially when integrated with deep
neural networks. These factors can lead to unpredictable performance and complicate deployment
in real-world systems [31]. Safety concerns further hinder RL adoption in high-stakes applications,
where trial-and-error learning can result in harmful decisions. Ensuring safe exploration and mini-
mizing the risk of undesirable behaviors remains an open challenge [29, 30].

Additionally, RL models typically lack transparency and interpretability, making it difficult to
understand or explain their decision-making processes [31]. This black-box nature reduces trust and
hinders acceptance in domains requiring accountability or regulatory compliance.

Recent efforts have extended RL to distributed settings, such as FRL, which allows multiple
agents to collaboratively learn policies while preserving data privacy. Although FRL addresses
key issues related to decentralization and data sharing, it inherits and amplifies many of RL’s chal-
lenges—particularly in terms of system heterogeneity, communication efficiency, and scalability.

These concerns are further explored in the following sections.

2.2 Federated Learning

Federated Learning (FL) is a decentralized machine learning paradigm that enables collabo-
rative model training across multiple clients while keeping data localized, addressing privacy and
communication efficiency concerns. Unlike traditional centralized learning, where data is collected
and processed on a central server, FL allows distributed edge devices or organizations to train mod-
els locally and share only model updates with an aggregator, reducing the risk of data exposure [32].

A key component of FL is model aggregation, which ensures that local model updates from



different clients are effectively combined to produce a globally optimized model. The most widely
used aggregation method is Federated Averaging (FedAvg), which efficiently merges local updates
while minimizing communication costs [1]. Other approaches, such as FedProx, improve model
stability by addressing statistical heterogeneity across clients [6]. Secure aggregation techniques,
including homomorphic encryption and secure multi-party computation, further enhance privacy
by ensuring that only aggregated updates are revealed without exposing individual client data [33].
These aggregation strategies are fundamental to enabling scalable and privacy-preserving federated

learning systems.

2.2.1 Types of Federated Learning

Federated Learning can be categorized into different types based on data distribution and re-
lationships among participating clients. The primary types include horizontal federated learning,
vertical federated learning, and federated transfer learning, each suited for specific data distribution
scenarios [34].

Horizontal federated learning, also known as sample-based FL, is applied when different clients
share the same feature space but have different user samples. This is common in scenarios where
multiple organizations, such as hospitals or financial institutions, have data with similar attributes
but collected from different users [34]. Horizontal federated learning enables them to collaboratively
train models while preserving data privacy.

Vertical federated learning, or feature-based FL, occurs when different organizations have datasets
containing overlapping users but with different feature sets. For example, a bank and an e-commerce
platform may have data on the same customers but with distinct attributes, such as financial history
and purchasing behavior. Vertical federated learning allows these entities to jointly train mod-
els while maintaining confidentiality by leveraging encryption techniques and secure computation
methods.

Federated transfer learning is designed for scenarios where both the feature space and user sam-
ples differ across datasets but share some common elements. It applies transfer learning techniques
to enable knowledge sharing between datasets with limited overlap. This is useful in cases where or-

ganizations operate in different regions or industries but seek to benefit from collective intelligence

10



without direct data exchange.

These types of federated learning provide flexibility in training machine learning models while
addressing privacy and collaboration challenges in distributed environments. As research in FL
continues to progress, hybrid approaches that combine multiple types are being explored to optimize

learning across diverse datasets.

2.2.2 Federated Learning in Real-World Applications

Federated Learning has gained widespread adoption across various domains, offering privacy-
preserving, decentralized model training solutions. Its ability to enable collaborative learning with-
out sharing raw data makes it particularly valuable in sensitive and distributed environments.

One of the most impactful applications of FL is in healthcare, where hospitals and research
institutions can collaboratively train machine learning models without violating patient privacy reg-
ulations [35]. It is used for disease diagnosis, medical imaging, and predictive analytics, allowing
institutions to benefit from a larger dataset while maintaining compliance with privacy laws such as
HIPAA [36].

In the financial sector, FL. enhances fraud detection, risk assessment, and anti-money laundering
systems by enabling banks and financial institutions to collaborate without exposing confidential
customer data [37]. By sharing model insights instead of raw transactional data, FL. helps improve
security and decision-making across distributed banking networks [38].

Federated learning is also transforming internet of things and edge computing, where resource-
constrained devices such as smart home assistants, mobile phones, and autonomous vehicles can
train models locally and contribute to global learning [3]. This reduces latency and enhances per-
sonalization while minimizing data transfer costs.

Another key application is in natural language processing and smart assistants, where FL enables
privacy-focused language model training. Virtual assistants such as Google Assistant and Apple’s
Siri use FL to refine their models based on user interactions without sending raw voice or text data
to central servers [35].

Other emerging applications include cybersecurity, where FL is used for distributed intrusion

detection systems, and smart cities, where decentralized learning helps optimize traffic management

11



and energy consumption [36]. As FL continues to evolve, its adoption across diverse domains is

expected to expand, addressing key privacy and scalability concerns in data-driven applications.

2.2.3 Challenges in Federated Learning

Federated Learning presents several challenges that impact its efficiency, security, and scalabil-
ity. One key issue is data heterogeneity, where client datasets are non-independent and identically
distributed. This variation leads to inconsistent model updates and slows convergence, affecting
overall model performance [35]. Adaptive aggregation techniques and clustering methods have
been explored to mitigate these effects [36].

Another major challenge is communication overhead. Frequent model updates between clients
and the server result in high bandwidth consumption, making FL inefficient in large-scale deploy-
ments, especially for mobile and internet of things devices [6]. Techniques such as model compres-
sion and asynchronous updates help reduce communication costs [39].

Despite its decentralized nature, FL. remains vulnerable to security and privacy threats. Inference
attacks attempt to reconstruct private data from model updates, while poisoning attacks introduce
adversarial modifications that degrade performance [35]. Privacy-preserving techniques such as
differential privacy and secure multi-party computation help mitigate these risks but often introduce
computational overhead [36].

Scalability is another concern, as FL involves numerous clients with limited computational re-
sources. Increasing the number of participants complicates model aggregation and can lead to slow
training [6]. Lightweight models and efficient aggregation strategies are being explored to improve
scalability [39].

Finally, fairness remains a challenge, as clients contribute unequally to model training, poten-
tially reinforcing biases. Ensuring equitable learning and personalization remains an active research
area [35]. Addressing these challenges is crucial for FL's broader adoption across real-world appli-

cations.
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2.3 Hierarchical and Clustered Federated Learning

As FL continues to be adopted across diverse domains such as healthcare, autonomous vehicles,
and edge computing, it faces persistent challenges related to communication overhead, system het-
erogeneity, and non-IID data distributions. Traditional flat client-server architectures often struggle
to address these issues at scale.

To overcome these limitations, two complementary paradigms have emerged: Hierarchical Fed-
erated Learning (HFL) and Clustered Federated Learning (CFL). HFL introduces a multi-tiered ar-
chitecture that reduces communication overhead and improves scalability by leveraging intermedi-
ate aggregators such as edge servers. In contrast, CFL groups clients with similar data distributions
to train specialized models, thereby enhancing performance in heterogeneous data settings.

These paradigms reflect different directions in the evolution of HFL focuses on system-level
efficiency, while CFL emphasizes statistical heterogeneity and personalization. In practice, they

can also be combined to simultaneously improve scalability and model robustness [40,41].

2.3.1 Hierarchical Federated Learning

HFL introduces an intermediate aggregation layer between clients and the central server, form-
ing a multi-level architecture that significantly reduces communication costs and improves model
convergence in distributed and resource-constrained environments. This structure is particularly
suitable for scenarios such as mobile-edge-cloud systems and vehicular networks [13].

For example, Abad et al. [42] propose an HFL architecture tailored for heterogeneous cellular
networks, reducing latency and enhancing scalability. Similarly, Liu et al. [43] design a client-
edge-cloud hierarchy where edge servers aggregate local updates before sending them to the central
server, improving robustness to network variability and client diversity.

Further optimization of training cost and energy efficiency has been studied in various works.
Cui et al. [44] introduce a cost-aware optimization framework that reduces training delay in mobile-
edge-cloud environments. Chen et al. [45] present HED-FL, an energy-efficient and adaptive HFL.

framework that dynamically adjusts based on system resource constraints.

13



2.3.2 Clustered Federated Learning

CFL addresses data heterogeneity by clustering clients based on data or model similarity and
training separate models for each cluster. This approach is particularly effective in non-1ID envi-
ronments, where averaging updates from diverse clients can hinder convergence [40, 46].

Briggs et al. [46] propose a method that performs hierarchical clustering on local updates to im-
prove model performance under non-IID data. Yan et al. [47] explore dynamic clustering strategies
for heterogeneous environments, showing improvements in both convergence and generalization.

In vehicular networks, Tatk et al. [48] propose a CFL approach that forms dynamic clus-
ters based on mobility patterns, optimizing communication and training efficiency for vehicle-to-
infrastructure interactions.

In summary, while HFL targets communication scalability and system structure, CFL improves
learning performance by grouping clients based on data characteristics. These two strategies are
complementary and, when combined, can support more effective and scalable federated learning

systems.

2.4 Federated Reinforcement Learning

FRL is an emerging research area situated at the intersection of RL. and Federated Learning
(FL). It aims to enable multiple agents or clients to collaboratively learn optimal decision-making
policies while keeping their locally collected experience data decentralized and private.

RL is a learning paradigm in which agents interact with an environment to learn optimal actions
through trial-and-error, guided by reward signals. Traditional RL. methods typically assume access
to a centralized training process, where data, in the form of trajectories or experience tuples, is col-
lected and processed in a unified manner. However, in many real-world scenarios, such as robotics,
autonomous systems, or edge computing, agents operate in distributed environments where central-
izing data is either infeasible or undesirable due to privacy concerns, communication overhead, or
system heterogeneity.

In contrast, FL enables collaborative training across decentralized clients by exchanging model

updates instead of raw data. This framework preserves data privacy while allowing knowledge

14



sharing across distributed nodes.

FRL combines the sequential decision-making capabilities of RL with the privacy-preserving
and distributed learning characteristics of FL. In this framework, each agent interacts with its local
environment and learns from its own experience while periodically communicating with a central
server or peer agents to aggregate knowledge. This integration allows for collaborative policy learn-
ing without sharing sensitive interaction data, paving the way for scalable and privacy-aware RL in
decentralized settings [49-51].

This collaborative learning paradigm can be realized through various architectural designs, each

influencing the trade-offs between scalability, efficiency, and privacy in FRL systems.

2.4.1 Federated Reinforcement Learning Architectures

FRL systems can be implemented in various architectural forms, each suited to different ap-
plication domains and system constraints. Broadly, FRL architectures fall into three categories:

centralized server-agent models, peer-to-peer models, and hierarchical federated architectures.

* Centralized FRL: In this architecture, a central aggregator coordinates learning by collecting
model parameters or gradients from distributed agents. Each agent independently interacts
with its local environment and periodically shares its model updates with the central server,
which aggregates them and redistributes a global model. This is the most widely studied
architecture due to its simplicity, though it may suffer from a single point of failure and high

communication overhead [51].

* Peer-to-Peer FRL: In decentralized settings, agents exchange model updates directly with
each other without relying on a central server. This structure improves fault tolerance and
scalability but complicates aggregation due to the lack of centralized control. Consensus-

based methods or gossip protocols are commonly used for coordination [50].

* Hierarchical FRL: This architecture introduces an intermediate layer of edge servers that
aggregate local updates from nearby agents before passing them to a global server. Inspired

by Hierarchical Federated Learning (HFL), this structure is particularly suited to large-scale



and latency-sensitive applications such as autonomous vehicles and edge IoT networks. It

reduces communication costs and improves scalability while preserving data privacy [13,52].

Each architecture introduces trade-offs between communication efficiency, fault tolerance, and
convergence speed. The choice of FRL architecture depends on factors such as the number of

agents, network bandwidth, system heterogeneity, and latency constraints.

2.4.2 Recent Advances in FRL

FRL has seen significant progress in recent years, addressing key challenges related to commu-
nication efficiency, agent heterogeneity, privacy preservation, and convergence guarantees.

One important development is the use of asynchronous learning frameworks. Traditional FRL
methods often rely on synchronous updates, which can be delayed by slower agents. The Asyn-
chronous Federated Policy Gradient (AFedPG) algorithm mitigates this by introducing a delay-
adaptive lookahead technique, enabling more efficient updates and linear speedups proportional to
the number of agents [52].

To handle agent heterogeneity, the Federated Heterogeneous Q-Learning (FedHQL) algorithm
allows agents with differing architectures to collaborate without requiring a unified policy repre-
sentation. This improves sample efficiency by enabling diverse agents to share knowledge while
maintaining their unique models [53].

In terms of privacy-preserving personalization, the FedRLHF framework enables agents to in-
corporate human feedback locally while preserving data privacy. It supports personalized policy
learning and offers theoretical guarantees of convergence [54].

Understanding the convergence behavior of FRL algorithms is also crucial. Recent studies have
provided finite-time convergence analyses for on-policy FRL with linear function approximation,
offering insights into collaboration dynamics and the effects of system heterogeneity on learning
efficiency [55].

In cloud robotic systems, FRL supports knowledge fusion and transfer among distributed robots.
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The Lifelong Federated Reinforcement Learning (LFRL) architecture facilitates this process, im-
proving navigation and decision-making through shared experience without compromising data pri-
vacy [51].

These advancements collectively contribute to the maturation of FRL, pushing the boundaries

of what is possible in decentralized, privacy-sensitive environments.

2.4.3 Applications of FRL

FRL has been successfully applied across a range of domains, enabling collaborative decision-
making in settings where privacy and decentralization are essential. In the Internet of Things (IoT),
FRL enables intelligent decision-making across distributed devices without the need for centraliz-
ing data. Pinto Neto et al. highlight use cases in security, sustainability, vehicular networks, and
industrial services [49].

In autonomous vehicle systems, FRL facilitates cooperative driving behaviors. Asadi et al.
propose privacy-preserving FRL techniques for managing coordination at signalized intersections,
resulting in improved traffic efficiency and safety [56].

In cloud robotics, FRL enables robots to learn collaboratively from distributed interactions. The
LFRL architecture enhances performance in navigation tasks by enabling robots to share and reuse
knowledge while maintaining privacy [51].

In edge computing scenarios, FRL supports efficient resource allocation and task scheduling
by allowing edge devices to learn collaboratively without transmitting local data, thus improving
performance and reducing latency [57].

In Open Radio Access Network (O-RAN) environments, FRL is used to manage network slic-
ing. It coordinates multiple applications to dynamically allocate communication resources, achiev-
ing higher throughput and reduced latency [58]. Zhang et al. propose a federated deep reinforcement
learning framework that dynamically assigns resources to different services while preserving data
privacy [14].

Beyond vehicular systems and cloud robotics, FRL has been explored in several emerging do-

mains. In healthcare, FRL enables privacy-preserving treatment policy learning across hospitals.
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Each hospital trains its own policy using patient data while benefiting from collective learning with-
out exposing sensitive records, thereby ensuring compliance with regulations like HIPAA [35].

In finance, FRL has been utilized for distributed fraud detection and dynamic portfolio optimiza-
tion. By training policies collaboratively across banks or trading platforms, these systems improve
detection capabilities while keeping customer transaction histories confidential [17].

Smart grid and energy systems also benefit from FRL. In this context, agents such as smart
meters or distributed energy resources learn control policies to balance power load, optimize energy
consumption, and support demand response in real time. FRL facilitates policy learning across
geographically distributed systems while preserving data locality [58].

These applications highlight the growing versatility of FRL in privacy-sensitive, real-time, and

distributed environments where centralized RL is impractical or prohibited.

2.4.4 Challenges and Open Issues

While FRL offers significant promise, it also introduces a range of challenges and unresolved
issues. A primary concern is the heterogeneity of local environments and data distributions, which
leads to non-IID scenarios [35,36]. This complicates the aggregation of local models and can
degrade global policy performance. Additionally, frequent communication between agents and the
server, necessary for iterative RL, can result in significant bandwidth consumption and latency,
especially in large-scale systems.

Privacy and security also remain pressing concerns. Although FL avoids transmitting raw data,
model updates themselves can leak sensitive information through inference attacks. Ensuring robust
differential privacy and secure aggregation techniques in the context of continuous, interaction-
driven learning remains a critical research area.

Fault tolerance is another practical concern in FRL, where some agents may drop out or send
unreliable updates due to unstable network conditions or hardware limitations. Fan et al. pro-
pose a fault-tolerant FRL framework that maintains theoretical convergence guarantees even when
a fraction of agents fail or behave unpredictably, making FRL more robust in real-world deploy-
ments [59].

Another open issue is the design of effective incentive mechanisms. Since participation in FRL
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may incur costs related to computation, energy, or bandwidth, agents may act selfishly or drop out
if not properly incentivized. Recent surveys have proposed various economic and game-theoretic
strategies, including Stackelberg games, auctions, and contract theory, to address this issue in FL.
[60,61]. However, adapting these mechanisms to the dynamic and long-term learning process of
FRL remains a challenge.

A recent line of work has begun addressing these gaps by incorporating economic theory into
FRL under multi-round and dynamic participation settings. For instance, contract-theoretic ap-
proaches have been proposed to design reward mechanisms that ensure incentive compatibility (IC)
and individual rationality (IR), while accounting for agents’ strategic behavior and non-uniform data
growth across training rounds. These models formulate convex optimization problems to guarantee
rational engagement, even as agent contributions evolve over time. However, existing works primar-
ily focus on single-layer FRL setups and overlook budget constraints or cross-layer coordination,
leaving the challenge of hierarchical incentive design in FRL largely unaddressed [12].

Addressing these challenges requires interdisciplinary collaboration across machine learning,
systems engineering, economics, and privacy-preserving technologies to develop FRL frameworks
that are scalable, reliable, and equitable. In this context, our work leverages a clustered FRL frame-
work to directly address the dual challenges of environment diversity and limited server budget
through principled incentive design. By integrating contract theory and Stackelberg games, we

propose a scalable and incentive-compatible solution tailored for real-world deployment.

2.5 Incentive Mechanisms

Incentive mechanisms have become increasingly essential in distributed learning systems such
as Federated Learning (FL), where autonomous and potentially self-interested agents are expected
to contribute computational resources, data, or both. Without adequate motivation, participants
may act selfishly, provide low-quality data, or even withhold participation altogether. This issue is
not unique to FL; similar concerns have been extensively studied in participatory sensing, mobile
crowd sensing, and Internet of Things (IoT) environments. Restuccia et al. emphasize that incen-

tive design is fundamental to sustaining engagement in participatory sensing systems, especially
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when there are costs or risks involved for contributors [62]. Likewise, Jaimes et al. outline how
incentive techniques are critical in mobile crowd sensing, where users’ willingness to participate
fluctuates based on perceived rewards or benefits [63]. Maddikunta et al. provide a broad overview
of incentive strategies in the loT domain, highlighting how economic, social, and reputation-based
incentives can influence cooperative behavior among distributed devices and human users [64].
From a theoretical perspective, Ratliff et al. argue that incentive design lies at the heart of many
distributed optimization and control problems, and that a careful balance must be struck between
system efficiency, fairness, and strategic behavior [65]. Collectively, these insights underscore the
importance of designing robust and context-aware incentive mechanisms to ensure sustainable and

effective collaboration in federated and decentralized systems.

2.5.1 Incentive Mechanisms in FL

As FL relies on the voluntary participation of distributed agents such as mobile devices, edge
nodes, or organizations, designing effective incentive mechanisms becomes critical to ensure sus-
tained and meaningful collaboration. In contrast to centralized machine learning, FL introduces
new complexities due to its decentralized nature, the heterogeneity of participants, and the cost
associated with data sharing, computation, and communication. Without appropriate incentives,
participants may contribute subpar models, manipulate learning outcomes, or refuse to participate
altogether.

Recent literature has explored various economic and game-theoretic approaches to encourage
agent participation in FL. Tu et al. provide a broad taxonomy of these approaches, categorizing
them into auctions, Stackelberg games, contract theory, and reinforcement learning-based designs,
each tailored to specific assumptions about agent behavior and system requirements [66]. Zhan et
al. provide a comprehensive survey that highlights both the design objectives, including fairness,
efficiency, truthfulness, and privacy, and the unique challenges inherent in FL. environments [67].
In a separate work, Zhan et al. delve into practical issues and propose high-level design principles
that balance participant motivation and system-level goals [17].

Beyond surveys, recent work has also examined the theoretical foundations of incentive design

in FL. Huang and Wang present a unified framework grounded in economic and game-theoretic
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models to analyze strategic interactions among agents, focusing on both cooperative and non-
cooperative settings [68]. Ahmed et al. conduct a systematic review of existing incentive mech-
anisms and their associated security challenges, highlighting the need for trustworthy mechanisms
that are robust to adversarial behaviors and incentive manipulation [69]. Moreover, Zhao et al. ex-
plore the use of multi-agent RL for designing adaptive incentive schemes in multi-task federated
edge learning scenarios, underscoring the growing trend of leveraging learning-based approaches in
this space [70].

Together, these studies paint a diverse and evolving landscape for incentive mechanisms in FL,
reflecting the interdisciplinary nature of the field. They provide a strong foundation for deeper
exploration into specialized frameworks such as contract theory and Stackelberg games, which are

examined in the following subsections.

2.5.2 Contract Theory-Based Incentives

Contract theory is a fundamental framework from economics that studies how agreements can
be designed between parties with potentially conflicting interests, particularly under conditions of
asymmetric information. In the context of incentive mechanism design, contract theory provides
structured models to align the incentives of self-interested agents (e.g., clients in FL) with those of a
central authority (e.g., model owner or aggregator). As outlined in the foundational work by Bolton
and Dewatripont, contract theory revolves around designing agreements that ensure participants
voluntarily act in a way that leads to desirable outcomes, even when their private information is
hidden from the principal [71].

A contract typically consists of a menu of offers, each tailored to different types of agents based
on characteristics such as data quality, computational capacity, or communication cost. In Feder-
ated Learning, these agent types are often not known a priori by the aggregator, which introduces
information asymmetry into the system. To handle this, the principal (aggregator) must design
incentive-compatible contracts, where each agent voluntarily selects the contract intended for its
type. This mechanism design ensures that high-quality or high-contribution clients receive appro-
priate rewards while discouraging misreporting or strategic manipulation. Zhang et al. provide a

broad overview of contract-theory-based mechanisms in wireless networks, which serve as a natural
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foundation for FL scenarios where resource heterogeneity and participation costs are prevalent [72].

Several studies have applied contract theory to FL in various domains. Kang et al. propose an
incentive mechanism for mobile FL systems where the aggregator cannot directly observe the local
training cost or data quality of participants. Their contract-based solution optimally maps expected
contributions to monetary rewards under budget constraints [73]. Similarly, Saputra et al. adopt
contract theory to incentivize electric vehicle networks in FL settings. Their economic-efficiency
framework captures both agent heterogeneity and the time-varying nature of contribution, showing
improved utility for both the aggregator and participants [74]. Kang et al. further enhance reliability
by combining reputation systems with contract design, enabling more robust participation selection
in the presence of untrusted or inconsistent clients [75].

Li et al. develop a contract-based scheme tailored to health crowdsensing, where clients’ data
quality and energy cost are private. Their model ensures that users are incentivized to reveal
their types truthfully and that the aggregator achieves utility maximization under practical con-
straints [76]. Similarly, Lim et al. propose a dynamic contract model for smart healthcare applica-
tions, where the aggregator updates contracts over time based on observed performance and evolv-
ing requirements [16]. These dynamic models are particularly suited to FL. systems where client
performance may vary across rounds due to mobility, hardware changes, or network fluctuations.

Recent works have also extended contract theory to more complex FL environments. Wang
et al. design a contract mechanism for clustered FL, where clients are grouped into clusters and
offered group-specific contracts to balance global efficiency and local heterogeneity [77]. Yang
et al. apply contract theory to asynchronous FL settings, designing incentives that accommodate
non-synchronous client participation while maintaining truthfulness and fairness [78]. These efforts
reflect the growing trend of adapting contract theory to meet the diverse operational and technical
constraints in real-world FL. deployments.

Finally, recent reviews underscore the importance of contract theory in designing secure and
trustworthy incentive systems in FL. Ali et al. and Lim et al. both emphasize that contract-theoretic
approaches provide robust models to handle information asymmetry, strategic misreporting, and

long-term engagement, especially in mobile and resource-constrained environments [79, 80]. By
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aligning agent incentives with system-level goals through well-designed contracts, these mecha-
nisms offer a practical and theoretically sound path toward sustainable participation in Federated

Learning.

2.5.3 Stackelberg Game-Based Incentives

Stackelberg game theory is a hierarchical decision-making framework in which a leader makes
a strategic move first, and followers respond after observing the leader’s decision. This sequential
structure captures many real-world scenarios involving strategic interactions where one party (typi-
cally with more authority or information) influences the behavior of others through incentive design.
Unlike simultaneous-move games, Stackelberg games model the temporal and hierarchical structure
of decisions, allowing the leader to anticipate the optimal response of followers. This framework
has been widely adopted in various domains, including smart grids [81], wireless networks [82], and
economic systems [83], due to its ability to represent asymmetric power relationships and sequential
dependencies.

The basic components of a Stackelberg game include a set of players classified into leaders
and followers, strategy spaces for each player, and payoff functions that depend on the chosen
strategies. The leader selects a strategy to maximize its own utility, anticipating the best response
(i.e., the follower’s Nash equilibrium strategy) for every possible action it might take. The solution
concept is known as the Stackelberg equilibrium, which is a refinement of the subgame perfect
Nash equilibrium in dynamic games [84]. In the context of Federated Learning (FL), this hierarchy
maps naturally to the principal-agent relationship: the FL server acts as the leader offering incentive
schemes, while the clients act as rational followers who choose their participation levels based on
the proposed incentives.

Sarikaya and Ercetin were among the first to apply Stackelberg game models to FL.. They model
the FL server as a leader that sets payments to mobile users (followers) to motivate their participa-
tion in training while minimizing its own cost. The users respond by selecting effort levels that
balance energy consumption and reward, resulting in a Stackelberg equilibrium that ensures mutu-
ally beneficial outcomes [85]. More recent work expands on this foundation to address practical

complexities in FL environments. For instance, Xiao et al. design a two-stage Stackelberg game
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where the server first selects an incentive budget and then allocates individual rewards based on par-
ticipants’ declared costs and expected contributions. Their model ensures incentive compatibility
and fairness while optimizing global utility [86].

In UAV-enabled edge computing scenarios, Stackelberg games have been employed to manage
clustered federated learning systems. He et al. develop a three-stage Stackelberg game that in-
volves a server (leader), cluster heads, and UAV agents (followers) with varying energy levels and
communication capacities. Their model demonstrates the effectiveness of hierarchical learning and
decision-making under strict resource constraints [87]. Similarly, Zhou et al. apply Stackelberg
game models to FL. in mobile edge networks, showing how a server can allocate communication
and computation resources to heterogeneous UAV's while maintaining system efficiency [88].

In the context of IoT systems, where devices exhibit diverse capabilities and operate under lim-
ited energy budgets, Stackelberg games provide a structured approach to incentivize participation.
Chen et al. propose a multifactor Stackelberg game model that incorporates user preferences, task
complexity, and device reliability to design personalized incentives that align local decision-making
with global learning objectives [89]. Zeng et al. also present a broader game-theoretic framework
for incentive design in FL, identifying Stackelberg models as particularly suited for leader—follower
dynamics where the server possesses more information and control over the learning pipeline [90].

Overall, Stackelberg game theory provides a powerful and flexible tool for modeling incen-
tive interactions in FL, especially when agents are rational, resource-constrained, and strategic. Its
hierarchical structure aligns well with the operational reality of FL, where a centralized server in-
teracts with multiple decentralized clients. By leveraging the anticipation of follower responses,
Stackelberg-based mechanisms enable optimal incentive allocation, improved fairness, and greater
system efficiency. The equilibrium-driven approach also facilitates formal analysis and the design

of robust, scalable incentive schemes suitable for dynamic, heterogeneous learning environments.

2.5.4 Comparison and Discussion

Contract theory and Stackelberg games represent two of the most widely adopted frameworks
for incentive mechanism design in Federated Learning (FL), each with unique strengths. Con-

tract theory is particularly effective in scenarios with asymmetric information, where the server
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cannot observe agents’ private characteristics, such as data quality or computational cost. By of-
fering a menu of contracts, the server induces agents to self-select into contracts that match their
types. This promotes truthful behavior and ensures incentive compatibility. For example, Kang et
al. and Saputra et al. apply contract theory to design efficient and fair incentives in mobile and
energy-constrained FL. environments [73, 74]. However, contract design may become complex as
the number of agent types increases or when user preferences change dynamically over time.

Stackelberg game models, on the other hand, emphasize sequential interactions between a leader
(the server) and followers (the clients). These models are particularly suitable when the server can
anticipate client responses and optimize its strategy accordingly. Sarikaya and Ercetin formulate one
of the earliest Stackelberg-based FL incentive models, where the server sets reward levels and clients
respond with participation decisions based on energy costs [85]. More recent studies explore multi-
stage Stackelberg games and their integration into clustered and mobile edge FL systems [87, 88].
While Stackelberg models are powerful in capturing temporal dynamics and strategic anticipation,
they often assume rational behavior and full observability of client reactions, which may not hold
in real-world deployments.

Beyond these two frameworks, other incentive mechanisms have been explored in the FL litera-
ture. Auction-based approaches treat the selection of participants as a bidding process, where clients
submit their participation costs and the server selects those that offer the best utility under budget
constraints. These models, such as Vickrey—Clarke—Groves (VCQ) auctions or reverse auctions,
promote truthfulness and resource efficiency but require strong assumptions on bidding behavior
and communication overhead. Shapley value-based approaches, rooted in cooperative game theory,
offer a fairness-oriented mechanism by allocating rewards proportionally to each client’s marginal
contribution to the global model. Zhan et al. and Shamsian et al. propose methods that approxi-
mate the Shapley value in FL to ensure fairness, though the computational cost of exact evaluation
remains a significant barrier [15, 67].

Each of these mechanisms has trade-offs. Stackelberg and contract-theoretic methods offer
strong theoretical guarantees and flexibility, but require careful modeling of agent preferences and
system dynamics. Auction-based approaches are simple and scalable but may not capture long-term

participation incentives. Shapley value methods promote fairness but suffer from scalability issues.
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Ultimately, the choice of incentive mechanism depends on the FL system’s goals, constraints, and
assumptions about agent behavior. In this thesis, we focus on contract theory and Stackelberg
games due to their theoretical richness and suitability for modeling personalized participation in
FRL, subject to constraints on resources, budget, and compensable incentives.

Despite the growing body of work on incentive mechanisms in Federated Learning, challenges
remain in designing mechanisms that are robust, theoretically grounded, and effective under strict
budget constraints on the main server, particularly in dynamic and heterogeneous environments.
These challenges are further amplified in FRL, where agents operate in heterogeneous environ-
ments, interact with evolving policies, and incur varying computational costs. This thesis addresses
these gaps by exploring incentive-compatible mechanisms tailored for FRL, leveraging tools from
contract theory and Stackelberg game models. Building on these foundations, our proposed frame-
work unifies contract-theoretic local incentives and Stackelberg-based global budget allocation into
a coherent two-layer mechanism. This design explicitly considers strategic agent behavior, infor-
mation asymmetry, and hierarchical system dynamics, gaps that remain underexplored in current

literature.
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Chapter 3

System Model and Problem Formulation

This chapter presents the methodological foundation of the proposed framework for incentiviz-
ing participation in FRL. As discussed in Chapter 2, two key challenges in real-world FRL systems
are the heterogeneity of local environments and the scalability of coordination among numerous
agents. To address these issues, we adopt a clustered FRL architecture commonly used in the litera-
ture, where agents are grouped based on environmental similarity and organized under a hierarchical
structure to facilitate scalable learning. Another critical challenge is the main server’s budget for
rewarding participants, which necessitates a cost-effective incentive mechanism that ensures agent
cooperation while optimizing overall system performance. In this chapter, we first describe the sys-
tem model, including the hierarchical and clustered FRL setting. Then, we formally formulate the
incentive design problem using a contract-Stackelberg approach, which leverages contract theory
and Stackelberg game theory in a hierarchical manner to model the strategic interactions between
the main server and local servers, as well as between local servers and agents, under budget con-

straints and asymmetric information.

3.1 System Model

Consider a clustered FRL framework composed of one main server, multiple local servers, and
a set of distributed agents, as illustrated in Fig. 3.1. The system operates in two hierarchical layers:

the lower layer, where agents interact with local servers, and the upper layer, where local servers
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Figure 3.1: Clustered federated reinforcement learning framework with a two-layer hierarchical
structure.

communicate with the main server.

We define each communication period between a local server and its agents (lower layer) as a
round, and each communication period between the main server and a local server (upper layer) as
an iteration.

At the agent level, each agent trains an RL model to determine the optimal action for every
possible state. The local RL. model follows the standard Bellman equation and is updated by solving

the following equations

Q(s,a) = R(s,a) + ’Ydﬁscz P(s'| s,a) max Q(s',a"),

-y

a® = argmax Q(s, a).
a

Here, Q(s,a) represents the action-value function, R(s,a) is the immediate reward, ~ygisc is the

discount factor, and P(s’ | s, a) denotes the transition probability between states.
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We consider a clustered structure at the lower layer, where each cluster contains a local server
and multiple agents. The local server initially distributes a local model to its agents, who then train
the model by interacting with their environment and collecting data. After training, the agents send
their updated models back to the local server for aggregation. This process repeats iteratively within
the cluster until the model reaches a desired level of accuracy.

1
Sk
n=1"

For agent k in round , its dataset, denoted as D}, = {(x} ., v%..)} consists of data samples
xfc ,, and their corresponding labels yfc n» Where Sfc represents the number of data samples available

to agent k in round [. The loss function for training the local model of agent & is given by

1

1 R
Lﬁc(w.%c) = S_g Z ’y:;c,n - y}c,n
k

neSk
where wfc denotes the model parameters for agent k in round [, and ﬁfc n 18 the predicted output.
Once local training is completed, agents transmit their updated model parameters to the local

server for aggregation. The aggregated cluster model for cluster m in round [ is obtained by opti-

mizing

Nm Sg
Uhy = argmin Y ELL(0}),
k=1 "™

where N, denotes the number of agents in cluster m, and S’ represents the total number of data
samples within cluster m during round .

At the upper layer, after training is completed within each cluster, the local servers transmit their
aggregated models to the main server for further consolidation. The global model parameters are
then updated by aggregating the cluster-level models according to

M St
v = argmin Y 2Ll (6l)
m=1

where M is the total number of clusters, S,fn is the data size of cluster m, and S™@! is the total
number of data samples across all clusters.
The main server then updates the global model and redistributes it back to the local servers as

the initial model for the next training phase. This two-tier iterative process continues until the final
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Table 3.1: Important Notations

Notation Description

1,b}2, ;b,f,n, ¥ Local model parameters for agent k in round [, cluster level model parameter
for cluster m in round ! and the global model parameter.

O Computation cost of agent k and its type in contract theory.

I, Utility functions of the main server and local server m in the upper layer.

Un, u,f,n i Utility functions of the local server m and type-z agent in round [, within clus-
ter m at the lower layer.

T, By, Total Budget from the main server to local servers, and budget for local server
m.

Am Accuracy gain by local server m.

Ym Fraction of B,, allocated to agents in cluster m.

M Number of clusters.

al, 6,f,n,i Portion of ~,, By, allocated to round [, and the portion of the budget allocated
to type-z agents in round ! within cluster m.

Nm,pm i The total number of agents in the cluster m, and the probability distribution of

agent types.

l

l
9m,maz+ 9

Maximum permissible data contribution in round [, and data by type-i agent in
round [ within cluster m.

[ I*
R-\i? R@'

Reward for type-i agent in round [ and its optimal value.

model, generated by the main server, achieves the desired accuracy.

Performing a reinforcement learning task imposes computational costs on agents [12]. For agent

k in round [, the computation energy cost is defined as

el(fr) = mviSEf2,

where 7 is the effective capacitance parameter of the computing chipset for agent k, vy is the

number of CPU cycles required by agent k to process one data sample, and fj represents the com-

putational resource allocated by agent k. Additionally, the computation time can be calculated as

Vk‘Sfc

Al
K T




Each agent has a local data accuracy or reliability requirement, represented by ;. The number
of local iterations needed to achieve this accuracy is given by log (é) Consequently, the total

energy cost for the agent k in each training round can be expressed as

E} = log (ik) eh(fe).

Furthermore, the unit computation cost for agent k, denoted by 8y, is defined as

The computation energy cost model eﬁc( fr) = '-'?kang f2 is rooted in CMOS circuit theory,
where dynamic power is proportional to the square of the clock frequency [91]. It realistically
captures energy costs for processing Sfc samples with v CPU cycles each, under frequency fj and
capacitance 7. This modeling is standard in energy-aware RL and digital system design, justifying
its use for agent-level cost characterization.

Given these non-negligible computation costs, a fundamental challenge is to incentivize agents
to participate in training. To address this, the main server allocates a limited budget to local servers
at the beginning of each iteration. Each local server must then determine how to distribute this
budget among its agents and across future rounds.

Given that the main server must distribute a budget across both layers of the hierarchy, the
incentives available to agents are inherently constrained. Thus, an effective incentive mechanism is
required to maximize participation while ensuring efficient budget utilization. At the lower layer,
agents should be motivated to contribute through appropriate rewards, while at the upper layer,
local servers must strategically allocate their share of the budget to incentivize agent cooperation
and improve model accuracy.

The key notations used throughout this paper are summarized in Table 3.1.
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3.2 Problem Formulation

In this section, we mathematically formulate the problem for each layer of the system. Addi-
tionally, a budget allocation mechanism must be designed to effectively balance model accuracy and
agent incentives. This allocation is structured based on the problem’s inherent constraints and char-
acteristics. We first analyze the budget constraints imposed by the main server before developing
the reward mechanisms.

At the lower layer, the local server must reward its agents based on their contributions while
considering its budget constraints. The reward system is crucial, as it directly impacts both the local
server’s performance (in terms of model accuracy) and the agents’ motivation to participate.

At the upper layer, the main server acts as the leader, determining a total budget 7" to be dis-
tributed among the local servers at the start of each iteration. The local servers, as followers, then
decide how to allocate this budget, balancing between rewarding agents for their contributions to
model training and retaining a portion as profit. While local servers may prefer to keep a larger
share of the budget, doing so could compromise training accuracy within their clusters. Poor train-
ing accuracy may, in turn, lead to reduced budget allocation from the main server in subsequent
iterations.

The challenge is to determine the optimal strategy for local servers that maximizes their utility
while maintaining sufficient model accuracy. Notably, the leader’s budget allocation and the fol-
lowers’ strategies evolve in each iteration based on available resources, making the optimization

dynamic.

3.2.1 Budget Constraint

At the start of each iteration, the main server allocates a budget B, to the local server of cluster
m, which then determines how to distribute a portion, «, By, to support training and incentivize
agent participation. Here, ~, represents the fraction of By, dedicated to agent incentives, while the
remaining portion is retained as profit by the local server.

This budget is further allocated across rounds and agents. We define Bfn,@ as the budget assigned

to type-i agent in round [. To reflect the incremental nature of data contribution, the local server



initially assigns a smaller portion to earlier rounds and increases the allocation in later rounds. This
budget distribution plays a crucial role in agent engagement and overall model performance within
the cluster.

To achieve this, we introduce a new variable a!,, which represents the proportion of the budget
that the local server m allocates to round I. Given the nature of FRL, data contributions increase

after each round, so a!_ should be an increasing function along the rounds. We define ! as
m g g m

ql
1 ', max )
m 7 )
Zk:l q'rigl,max

where q.fn,max denotes the maximum amount of data that each agent can contribute to the local

[a%

server m at round [. This value varies across different clusters, rounds, and agent types. In practice,
each agent continuously explores the environment and collects experience in the form of state-
action pairs. However, since each round is constrained by a limited time interval, the number of
interactions processed by each agent for local training in each round is capped by qﬁn,max.

As time progresses and agents accumulate an increasing number of state-action pairs through
interaction with the environment, the value of qﬁn,max gradually increases, enabling local models to
be trained using a larger set of experiences. In this paper, we assume that all agents interact with the
environment and collect experience at the same rate. We also consider a distinct gmax for each agent,
meaning that qﬁn,max is represented as a vector of I, elements, where each element corresponds to
the maximum allowed data contribution for a specific agent type within the cluster m in round [.
The values in this vector may vary across different rounds.

From (1), af,n is dynamically adjusted based on the remaining rounds. Thus, this definition can
help balance the budget allocation, especially in cases where contributions vary significantly across
rounds.

At the start of each round, the available budget is calculated as follows

a;';n-'ym—Bm, ifl =1,

By, = - @)
O+ (- B = 3 3 pogNBj), i1 1.
—1j=
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Equation (2) ensures that the total budget across all rounds sums to ~;, Bp,.
To determine budget distribution among the available agent types, we introduce 5511 ; to represent
the share of the budget that each type-i agent will receive in round [ within cluster m. Since budget

allocation depends on data contribution, we define 51{”,%, as follows

myi I 1
ijl pm,ijQj

: Pm,iNmd! 3

where q§ represents the data contribution of type-i agent at round [, and p, ; IV, is the number
of type-i agents. Obviously, equation (3) implies that agent types with higher data contributions
receive a larger share of the budget.

Thus, given the total available budget B!, for each round [, the received budget for each agent

type equals
Bri =0 Bpa. )

3.2.2 Contract Design

In each cluster, a local server coordinates multiple agents who participate in model training.
Agents in cluster m belong to I, different types, each characterized by a private computation cost
#;, which is unknown to the local server. The asymmetry of information between the local server
and agents makes it challenging to directly assign rewards based on true agent costs. To address
this issue, we employ contract theory, which provides a principled approach for designing incentive
mechanisms under asymmetric information. By offering a menu of contract items tailored to differ-
ent agent types, the local server can induce self-selection and align agent behavior with the cluster’s
learning objectives.

Without loss of generality, we assume an ascending order of agent types, i.e., 1 < --- < 6; <
.-+ < 0y, where type I, agents incur the highest computation cost. The contract formulated by the
model owner in a multi-period setting is denoted as C(6;) = {ci :1<I1<L,1<1i<I,} where
ck represents the contract designed for a type-i agent at round I. Each contract ¢} consists of the
required amount of data from each agent type and a reward as the incentive for cost compensation,

which can be defined as ci = (qﬁ, Ri) . Based on these definitions, we can derive the utility of type-i
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agent in round [ as follows

ul(c},0;) = Rl — ;4. (5)

After each round, the local server gathers contributions from all participating agents and ag-
gregates them to update the global model in the federated learning setting. The utility of the local
server m in round [ can be defined as follows

Im,
U =Y pmiNm(olog(1 + ng'(Bh,)) — RY). (6)

i=1

Following [16], we used a concave function to model the diminishing effect of data quantity on
the accuracy of the model in local server. Here, py, ; represents the probability that an agent belongs
to type ¢ among the N,, available agents. The parameters o and 7 are calibration constants that
reflect the impact of accuracy on utility and data quantity on accuracy, respectively. The utility of

the local server m over an entire iteration, consisting of L rounds, can be expressed as

L
Un =) _Up,. (7
=1

3.2.3 Stackelberg Game Framework

We define the utilities for the main server (II(7)) and the local servers (mm(¥m,Y—m)) in the
upper layer, respectively. By considering the sequential decision-making between the main server
and local servers, we model the incentive mechanism as a two-stage Stackelberg game. The main
server, acting as the leader and determining the total budget T', seeks to maximize its utility by
optimally allocating T to incentivize local servers to contribute higher accuracy. In response, each
local server, as a follower, seeks to maximize its own profit by strategically selecting a parameter
which governs how it distributes its allocated share among its agents, balancing between conserving
resources and delivering sufficient accuracy to the main server.

Since the local servers’ utilities are dependent on the main server’s decision, and both the main
server and the local servers aim to maximize their respective objectives during each training itera-
tion, the interaction naturally aligns with the Stackelberg game framework.

The utility of the main server is defined as the gain in model accuracy minus the total budget
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paid to the local servers. As shown in [92], the accuracy of the training model can be regarded
as a concave function of the accuracy gain provided by the local servers, which itself is a concave
function of the data contributed during the training process in RL. Therefore, the utility of the main
server for one iteration, can be expressed as
M
I(T) = £In (1 + Z Am(fymBm)) ~T, (8)
m=1
where £ is a system parameter, and the first term represents the accuracy gain achieved collectively
by all local servers. A, denotes the accuracy gain provided by the data contributed by agents in
cluster m during their training process. This accuracy depends on the parameter ~;;, By,, where By,
is the total received budget from the main server, and ~y,, is the portion of budget investing for model
training within the cluster m.
In a single iteration, the local servers act as followers. Considering that the reward received by
a local server is proportional to the accuracy it contributes, the share of 7" allocated to local server

m is given by

Zi}il Ai

where, the accuracy gain A, provided by a local server m is given by

B T, &)

L Im

Am =33 DmiNm (omlog(1 + 1md}(BL,,))) (10)
=1 i=1

where Bfm. denotes the previously defined budget allocated to type-i agents by local server m in
round [, which governs their data contribution as discussed earlier. The utility of local server m in

the current iteration is then expressed as

Wm(T: 'Yma'Y—m) = (1 - 'Ym) - B, (11)

where v_m = (71,72« » Ym—1+ Ym+1s - - - » Y0 ) denotes the strategies of all other local servers
except m.

Obviously, the interaction between the two layers is governed by budget constraints, whereby
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the allocation decisions made at the upper layer (i.e., the main server distributing its total budget
among local servers) directly shape the incentive strategies available to local servers. These local
strategies, in turn, determine how agents at the lower layer are rewarded, ultimately influencing their

level of participation and contribution to model training.
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Chapter 4

Contract-Stackelberg Game Framework

To address the key challenges in FRL, namely, environmental heterogeneity, information asym-
metry, the design of hierarchical incentive mechanisms, and budget limitations, we propose a two-
layer incentive framework that integrates contract theory and Stackelberg game theory. This frame-
work operates across two layers: at the lower layer, local servers employ contract-theoretic models
to personalize rewards under asymmetric information and budget limitation; at the upper layer, the
main server utilizes a Stackelberg game to strategically allocate its budget across clusters. This
design ensures incentive compatibility, efficient budget distribution, and sustained agent engage-
ment. The remainder of this chapter details the contract formulation for local servers, the budget

optimization strategy at the global level, and the coordinated algorithm that integrates both layers.

4.1 Dynamic Contract Design

To formulate the problem at the lower layer, we focus on a single cluster. For clarity and
simplicity, we omit the subscript m, which denotes the cluster index, throughout this section. The
contract design for other clusters can be carried out in the same manner. Note that in our setting,
static contract theory is not applicable due to the incremental nature of data collection in RL. To
address this, we design a separate contract for each round [. A feasible contract must satisfy both
the individual rationality (IR) and incentive compatibility (IC) constraints.

Definition 1: The IR constraint ensures that each type-i agent has a non-negative utility in each



round !, making participation beneficial. This means that for a type-i agent choosing contract clt we
have

ul(c,6;) >0, Vie{l,...,I}. (12)

Definition 2: The IC constraint ensures that agents act truthfully, revealing their true type and
preferring the contract designed for them over any other. This means that for a type-: agent choosing

contract c; maximizes their utility, which can be expressed as
ul(ch, 05) > ui(ch, 0:), Vije{l,.... I}, i#]. (13)

Our objective is to maximize the utility of the local server, and thus an optimization problem for

contract design can be formulated as follows

Pl: maximize U,

subject to (2),(4),(12), (13),
pNR. < Bl, Vie{1,...,I}, (14a)

d<dq. ~ Vie{l.. I} (14b)

The constraint (14a) ensures that the total reward distributed to type-:¢ agents in round ! does not
exceed the allocated budget for that type. The constraint (14b) imposes an upper bound on the
amount of data a type-: agent can contribute in round [, reflecting the practical limitations of RL.

To solve P1, we first derive the necessary conditions for the contract and simplify the IR and
IC constraints. Simplifying these constraints is a common practice in contract theory to streamline
the optimization process by reducing the number of binding constraints, thereby facilitating the
derivation of optimal contracts.

Lemma 1 (Monotonicity): For any feasible contract, if 6; < 6, then qg > q;-.

Proof: Any feasible contract must satisfy the IC constraints. Thus, for any agent types ¢ and j,
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we must have

Rl —0,ql > Rf?- - 9@‘@;-, (15)
and
l l l I
R; —0jq; > R; — 0jq;. (16)
From (15) and (16), we have
(65 — 6:) (qi - qj) > 0. (17)
Since 8; — 6; > 0, it follows that qg > q;.. |

Lemma 1 demonstrates that an agent with higher computation costs contributes less data.
Lemma 2: For any feasible contract, qﬁ < qf_i if and only if Rﬁ < R;

Proof: Any feasible contract must satisfy the IC constraints. For type-j agent, we have

Rl —0,q5 > Rl — 0;q]. (18)
Simplifying this inequality gives

R, — Rl >0, (gf,,. — qg) . (19)

Necessity: Assume ¢! < q;-. Since #; > 0, we have 6; (qﬁ, — qﬁ) > 0. Substituting it into
inequality (19), we get Rf_,. — Rﬁ > 0, which implies Rﬁ < Rf,_,..

Now, for type-i agent, the IC constraint is

R! — 6i¢} > R. — ;4! (20)

= 0i(¢ —d)>R! - R. 1)

Sufficiency: Assume Rﬁ < R; Since 6; > 0, and 6; (qfi — 95) > 0, to make such inequality
always hold, we must have q§ < qu-. |

Lemma 2 means that agents who contribute more data should receive a higher reward, and vice
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versa.
Lemma 3: 1f the IR constraint is satisfied for the agent with the minimum utility, which in this
case is the type I, then it is automatically satisfied for all agent types, i.e, we have
uj(d], 0;) = R, — 0.q} > R} — 0q}

(22)
> R} — 01q; = ujf(ch,0r) > 0.

Proof: From Lemma 1, we have known that an agent with a higher computation cost contributes
less data. Furthermore, from Lemma 2, an agent contributing less data receives a lower reward.
Since the highest computation cost corresponds to the type-I agent, it contributes the least data and
receives the smallest reward.

As a result, the utility of the type-I agent is the minimum among all agents. If this minimum
utility is non-negative (uf, > 0), it follows that all other agents, who have higher utilities, will also
satisfy their IR constraints. Thus, ensuring the IR constraint for the type-I agent is sufficient to
guarantee IR for all agents. |

Lemma 4: If the IC constraint is satisfied for a type-: agent, then it also holds for a type-(i — 1)
agent.

Proof: From the IC constraint for a type-7 agent, we have

Ri - 0,q; > Ri,y — bidly (23)

= B2 R, -0 (d—d) (24)
Similarly, from the IC constraint for a type-(¢ + 1) agent, we have

Rl — i1ty > R — bip1d (25)

= R< Ry — i (d — ) (26)

Combining (24) and (26), we arrive at the following conclusion
R, —06(d,—¢)<R <R.,—011(¢;—d 27
i1 —0i( Qi1 — @) < 05 < Ry —0iv1 (G — 46 ) - (27)
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|
Lemma 4 establishes an important property of the rewards Rﬁ: the reward assigned to a type-2
agent must lie within a range determined by the neighboring type-(i + 1). The IC constraint ensures
that each agent prefers the contract intended for their own type over those designed for other types.
Specifically, a type-z agent should not prefer the contract for type-(¢ + 1), and vice versa. This
mutual preference between adjacent types enables the global IC constraint to be reduced to a series
of pairwise comparisons, commonly referred to as local downward IC constraints (LDICs) [16]. By
examining the relationships between neighboring types, we can enforce the IC constraint iteratively.
That is, if the LDIC holds between types i and 7 + 1, and also between types 2 + 1 and ¢ + 2, then
the IC constraint is implicitly satisfied for more distant type pairs (e.g., ¢ and ¢ + 2). Therefore,
satisfying LDICs across all adjacent type pairs is both necessary and sufficient to ensure that the
global IC condition holds for all agent types.
Using Lemmas 2, 3, and 4, we now have the necessary and sufficient conditions for achieving a

feasible contract design that satisfies both the IR and IC constraints, as shown in Theorem 1.
Theorem 1. A feasible contract must satisfy the following conditions
(1) uf(ch,0r) = R} — 014} (6r) >0,

(2) R£+1 - 9@(q§+1 - Q’i) < Ré < R§+1 —0in1 (q£+1 - ng)l

—

(3 R,>-->R.>...>R. g>..>¢>--.>q

=

From Theorem 1, we can derive the optimal reward as summarized in Theorem 2.

Theorem 2. Considering the monotonicity of data contributions, the optimal reward is given by

Ix 9@ Q£1 Uc% = Ia
R — (28)

where A; = Z;T:i 41 (05 —05-1) qf,_,v, and I represents the agent type with the lowest data contribu-

tion.
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Proof: To prove that Rﬁ* is optimal, assume there exists another reward function Rﬁ" that reduces

the server’s cost while satisfying the constraints of a feasible contract. This would imply

Rl < RY*. (29)

For the IC constraint of type ¢, we have

Ry <R — 0 (d—dp). (30)
By substituting Rﬁo < Rﬁ* into (30), we obtain
R, <R} -6 (q;E — qﬁH) =R, 31)
By recursively applying the inequality to each higher type, we obtain
Rl < R = 0; 4t (32)

This leads to a violation of the IR constraint since the utility for user type I becomes negative.
Therefore, the assumption that R.EO results in higher server utility than Rﬁ* is invalid.

Consequently, Rﬁ* is proven to be the optimal reward function, satisfying both the IC and IR
constraints while ensuring monotonicity. |

Considering the specific constraints of our problem and the definition of the reward function,

the updated optimization problem can be formulated as follows

P2: maxignize Umn
% (33)

subjectto  (2), (4), (14a), (14b).
Note that P2 is a reformulation from P1, by substituting the optimal reward function R, ob-
tained from Theorem 2, into the original objective. This reformulation removes Rﬁ as a decision
variable and makes the problem solely relying on data contribution q'g. Moreover, since the optimal

rewards are constructed to satisfy both the IR and IC constraints by design, those constraints are no
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longer included in P2. It is worth mentioning that the P2 is also convex [12].

However, in P2, the budget B in constraint (2) is not known in advance. Thus, achieving a
closed-form solution for data contribution as a function of the budget is difficult. Unfortunately, this
relationship plays a critical role in the design of the upper layer.

To address this issue, we approximate the overall impact of budget on model performance using
the relationship between cluster-level accuracy A, and budget B. From (10), this relationship effec-
tively captures the underlying budget—data dependency without needing to fit individual functions
for each agent’s contribution. Therefore, it offers a practical and scalable alternative.

To obtain this mapping, we simulate P2 across a range of budget values and observe the resulting
accuracy values, as shown in Fig. 4.1. The resulting curve clearly follows a logistic trend, which

can be approximated by the following function

L

A(’YB) = 1+ e_)\('YB_'YOBD)’

(34

where L represents the maximum value of the curve, A is the logistic growth rate or steepness of the

curve, and v° B? denotes the value at the sigmoid midpoint.

4.2 Stackelberg Game Design

In this section, we solve the Stackelberg game introduced earlier. Given the hierarchical struc-
ture between the main server and local servers, we aim to derive the Stackelberg equilibrium by

determining the optimal strategies for all parties. The game is formulated as follows

max IK(T), (35)

max Tm(T, Ym,Y-m), 1<m <M. (36)

To this end, we derive the Stackelberg equilibrium by analyzing the game using backward in-
duction. First, we address the second stage, where local servers select their optimal ~ based on

T'. Next, in the first stage, we determine the optimal T for the main server to maximize its utility.
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Fitted Curve on Total Accuracies (Ap;) vs. Budget
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Figure 4.1: Logistic curve illustrating the relationship between total accuracy and budget data points
for each cluster.

Finally, we demonstrate the existence of a unique equilibrium, ensuring that none of the parties have

an incentive to deviate from their optimal strategies.
In the second stage of the game, to determine the optimal strategy for local server m, we calcu-
late the first-order derivative of m,, ('ym, ~Y—m) With respect to ,, as follows
a'ffm('Ym; 'Y—m) 0Bm —B,. 37)

From (9), we know that B,, is a function of A,,. Therefore, the first derivation of B,, can be

written as

9Bm _ %r::- Digm Ai

o (Zfil Ai)z -T. (38)
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As the allocated budget for training by the local server increases, the data contribution will in-
crease. However, since model accuracy is a concave function of data, the overall accuracy becomes
a concave function of ~,,. In addition, the accuracy has a diminishing behavior with respect to both
data quantity and ~,,,. Therefore, the first order derivation of accuracy is non-negative with respect
to v, resulting in a non-negative value for the numerator and entire fraction of (38). Using this

result, the second-order derivative of the local server m’s utility can be expressed as

0?7 (Yms Y—m) 0%B, dBm,
=(1-— — 2. . (39)
A A R
Using (10), we have
02 An M n)
*Bn ﬁqgl— Dipm Ai - 2 Ai— 2 (%) 40)

02, (Z:‘f . Ai)S
82 Am

The term e represents the second derivative of the accuracy function, A, with respect to .
Since accuracy is inherently a concave function with respect to allocated budget for training ~y, B,
%qf is negative. In addition, because accuracy itself is non-negative, the term %‘1&:—‘ " Ditm A; -
Zf’i 1 A; in (40) is also negative. Therefore, the second derivative of By, with respect to v, is
negative, confirming that By, is a concave function of .

In addition, since ~,,, has a value between zero and one, we have (39) to be negative. Therefore,
the utility of the local server is a concave function with respect to its strategy .

For a concave utility function, the maximum value occurs at the critical point where the first

derivative equals zero. Therefore, the optimal ~,;, can be obtained by solving

omp, (T? Yms 'T—m)

—0. 41)
Vm

By substituting (9), (37), and (38) into (41), we obtain the following equation for each local

server

0A
Agl—l—Am—ZAi—Wm-(l—'ym)—ZA@:O. (42)
i#m m i#m
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By solving the differential equation in (42), as detailed in the appendix, we derive the relation-
ship between the accuracy A, and the parameter -, for the local server m. This results in the

following closed-form expression for A,

D igm Ai - € Ligm At

(43)
(1= ) — e Eesn

m

We now have M equations from (43), along with another M equations estimating the accuracy
Ay, as a function of the allocated budget vy, By, given in (34). Together, these 2M equations form a
set of nonlinear equations, is subject to constraints imposed by the nature of the problem: accuracy
values must be non-negative, and each ~,;, must lie within the interval (0, 1). To determine the opti-
mal values ~;,, under these conditions, we solve the system numerically using the least_squares
method from the scipy . optimize module in Python [93]. The values of A, and v}, depend on
the total budget T', since ~;;, is derived from Ay,, which is itself computed from By, a proportion
of T'. Therefore, ~;,, can only be determined once 7" is specified.

Next, we explain how the server determines the optimal value of the total budget. To achieve
this, we first prove the existence of a unique Stackelberg equilibrium and then demonstrate the
process by which the server identifies the optimal T'.

Definition 3: A Nash Equilibrium (NE) is achieved with the optimal parameters (v, ..., 7, - - .

if, for any local server m and ~,,, > 0, the following condition holds

T (T Yoms Vo) = Tm(Ts Yms Yom)s Vme (44)

Theorem 3. A unique Stackelberg equilibrium exists for the described game between the main

server and the local servers.

Proof: The second stage of the game, where local servers aim to maximize their share of the
budget and their utility, can be modeled as a non-cooperative game. In this setting, there are M local
servers, which is a finite number. The strategy space for each server, defined by the parameter -, is
constrained within the closed interval [0, 1]. Furthermore, as discussed earlier, the utility functions
of the local servers are concave. According to [94], we can conclude that 4, for each server m

constitutes a Nash Equilibrium (NE).
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Next, we demonstrate that the optimal parameters ~;;, (1 < m < M) derived in the second
stage also form a Nash Equilibrium in the first stage of the game. With this, the entire two-stage
Stackelberg game will establish a Stackelberg equilibrium.

First, we substitute all the optimal values ~;,, (1 < m < M) into (8), resulting in the following

M
I(T) = £In (1 + Z Am(fy;Bm)) —T. (45)
m=1

The first-order and the second-order derivatives of II(7") with respect to T" can be calculated as

OIT) & Xmer T G
or 1+ Zm:l

-1, (46)

*

M 82Am  (m BAm P
6%]@3__£(§:m=1?ﬁg“(ar) + 5 ot

or? 1+, A
(Ea. g ?T))
(1 + Z%:l AM)2 .

(47)

Since, A, is modeled by a logarithmic function, we have M}—m) < 0. Additionally, as T’
increases, the local servers will reduce the percentage of the budget given to agents, because the
accuracy saturates as some point. Further increasing the budget from the main server, will not result

in model accuracy increment. Therefore, around optimal T', ~y,, is a concave function with respect

. . . . 2 * 2% .
to T. By taking all these factors into consideration, the "M (%"Tl (%) + g{;l;n . %‘fﬁl) is

negative, which in turn makes whole (47) negative. This confirms the concavity of the main server’s

utility. In other words, there exists a unique optimal total budget solution for ng)

= 0, denoted as
T*.

Once ~;, is determined and substituted into the equation %

= 0, the optimal value of the
total budget T can be derived.
The existence of a Stackelberg equilibrium is guaranteed for the two-stage Stackelberg game,

as both the main server and local servers are capable of independently optimizing their strategies to

maximize their own utilities [95]. |
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Algorithm 1 Federated Reinforcement Learning with Hierarchical Incentives (FRHI)

1: for each iteration ¢ do

2:  Initialization:

3:  Set the number of clusters M, agents per cluster N, agent type distribution p,, ;, agent types
I, and maximum data contribution q,f,n,max.

4:  Contract Theory (Lower Layer):

5:  for each cluster m do

6: Simplify the IR and IC constraints using Theorem 1.

7: Compute the optimal reward Rﬁ* as a function of qﬁ using Theorem 2.

8: Substitute R* into problem P2 to reformulate it solely in terms of g..

9: for Samples of v, By, do
10: Solve P2 to obtain optimal qﬁ for different ~y,, By, values.
11: end for
12: Substitute qﬁ into (10) to derive A,,.
13: Fit a logistic function to the obtained values to estimate A,,, as a function of ~,,, B,.
14: Substitute (9) into the estimated function to express A, as a function of =y, and 7.
15:  end for

16:  Stackelberg Game (Upper Layer):

17:  Solve (41) to obtain (43).

18:  Derive A,, and ~,,, as functions of T" using estimated function at step 14 and (43).

19:  Substitute A,, and v, into (45) and (46), and solve for T™*.

20:  Compute A, and 4, using 7.

21:  For each local server, calculate B,,, using (9).

22:  for each cluster m do

23: Compute qg by solving problem P2 using the value of v, By, as the allocated budget.
24:  end for

25:  Check the termination condition. If satisfied, stop the process.

26: end for
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We now have all the necessary components to complete the design of the proposed framework.
The detailed procedure is outlined in Algorithm 1, referred to as the Federated Reinforcement Learn-

ing with Hierarchical Incentives (FRHI).
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Chapter 5

Simulation Results

In this chapter, we evaluate the effectiveness and practicality of the proposed FRHI frame-
work through extensive simulations. The aim is to validate both the analytical properties and the
performance gains of our incentive mechanism under realistic system settings. We first outline the
simulation setup, including the agent and cluster configurations, parameter distributions, and budget
constraints.

Subsequently, we analyze the behavior of the local and global components of the system by
examining metrics such as server utility, agent data contribution, and adherence to IR and IC con-
straints. We also compare our method against three benchmark strategies to highlight the perfor-
mance benefits and budget efficiency introduced by our hierarchical design. The simulation results
not only confirm the theoretical soundness of our model but also demonstrate its superiority in

optimizing resource allocation and incentive effectiveness.

5.1 Experiment Setup

In the simulations, we considered four different clusters, each containing 20, 15, 30, and 25
agents, respectively. The number of agent types is considered to be 5, 4, 6, and 4 for each cluster,
respectively. The computation cost, denoted as 6, is randomly generated within the range [0.1,0.9].
The probability of each agent being classified as a specific type is also generated randomly.

The maximum allowed contribution, g, iS represented as a matrix of size I x L, where each
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Table 5.1: Evaluation Parameters

Parameter Value
M 4 (Number of clusters)
Nm N; =20, N2 = 15, N3 = 30,
Ny =25
I, I1=51,=413=6,1,=4
0 [0.1, 0.9]
Imax (1, 35]
o [350, 500]
|
800

element indicates g,y for a specific agent type at each round. Additionally, gy, increases over
rounds. In our setting, gmax generally ranges between [1, 35].

Finally, o is generated within the range [350, 500], and 7 is considered to be 1 for each cluster.
¢ for the main server is set to a default value of 800. Table 5.1 provides a summary of the parameter
settings.

Furthermore, to demonstrate the effectiveness of our approach, we simulate the following meth-

ods for comparison:

* Federated Learning with Constant Allowance (FLCA): A standard federated learning set-
ting in which ¢, remains constant across all rounds and agent types. The budget allocation

across local servers and agents follows the same scheme as in our proposed method.

* Federated Reinforcement Learning with Uniform Allocation (FRUA): The total budget T’
is evenly allocated among local servers. Each local server then distributes its budget equally

across all rounds and among agent types.

* Federated Reinforcement Learning with Linear Allocation (FRLA): The total budget T’
is evenly distributed among local servers. Each local server assigns an equal budget to all
agent types within a given round, but the allocated budget per round increases linearly over

time.
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Local Servers' Utility vs. Budget
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Figure 5.1: Utility of local servers as a function of budget allocation.
5.2 Experiment Results

We first verify the effect of the allocated budget on the utility of local servers and agent data
contribution in each cluster. Accordingly, in Figs. 5.1, 5.3 and 5.3, we present the trend of local
server utility and agent data contribution in contract theory as a function of budget variation within
the range [0, 3000].

As observed in Fig. 5.1, the utility of local servers begins to saturate beyond a certain budget
threshold. This observation indicates that after a certain point, increasing the allocated budget does
not necessarily lead to performance improvements. This could be due to the fact that, beyond a
certain limit, there may no longer be significant new features to be learned from the environment,
and agents may not be able to contribute additional information. As shown in Figs. 5.3 and 5.3, the
total contributed data stabilizes beyond a certain budget threshold. Thus, the accuracy of the model

remains unchanged, leading to a constant utility for the local server.
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Figure 5.2: Data contribution vs. budget for Clusters 1 and 2.
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Figure 5.3: Data contribution vs. budget for Clusters 3 and 4.

Next, we verify that the ¢ values obtained using the optimal 7" satisfy both the IR and IC con-
straints. We calculate agent utility using (5). For each agent, we compute its utility by evaluating

all available contracts.
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Figure 5.4: IR and IC constraint satisfaction for Clusters 1 and 2 in the last round of training.

Figs. 5.4 and 5.5 presents the utility of each agent type in all four clusters when choosing con-
tracts designed for different types. The x-axis represents the contract type selected, and the y-axis

shows the resulting utility. Each colored line corresponds to a specific agent type, while the black
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star markers indicate the utility received when the agent chooses its designated (truthful) contract.
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Figure 5.5: IR and IC constraint satisfaction for Clusters 3 and 4 in the last round of training.
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Table 5.2: Comparison of gmax, g, Reward, and @ for the Last Round Across Clusters

Cluster | User Type 6 Gmax q Reward
1 1 0.16 | 19.80 | 19.80 7.70
2 0.38 | 19.7 | 12.66 6.57
3 0.62 | 19.6 | 4.61 3.51
4 073 | 19.5 | 2.99 2.50
5 0.89 | 194 1.97 1.75
2 1 0.24 | 27.20 | 27.20 10.93
2 0.47 | 27.10 | 845 6.41
3 0.75 | 27.00 | 6.11 5.29
4 0.86 | 26.90 | 6.11 5.29
3 1 0.13 | 32.40 | 31.23 7.23
2 0.28 | 32.30 | 9.35 4.36
3 0.38 | 32.20 | 6.37 3.51
4 0.54 | 32.10 | 3.74 2.51
5 0.72 | 32.00 | 1.92 1.53
6 0.84 | 31.90 | 1.22 1.02
4 1 0.21 | 30.00 | 30.00 8.33
2 0.32 | 29.90 | 9.35 6.15
3 0.42 | 29.80 | 6.37 4.18
4 0.81 | 29.70 | 1.22 1.77

As observed in all subfigures, each agent type obtains the highest utility when selecting the con-
tract intended for its own type. This confirms that the IC constraint holds. Moreover, the utility val-
ues at the truthful contracts are consistently positive, satisfying the IR constraint. Similar trends are
observed in earlier rounds, where utility values increase progressively, reflecting improved learning
and convergence of the contract mechanism.

Fig. 5.6 illustrates the main server’s utility over a budget range of T € [100,9000], revealing
a clear concave trend. To identify the optimal value of T', we employed the minimize_scalar
function from scipy. optimize, which minimizes the negative utility function —II(T"), thereby
maximizing II(T"). The optimal point, as marked in the figure, is found to be (2257.58,6343.66).

After we have derived the optimal 7', we can determine the optimal strategies for local servers,
including budget allocation for training in each cluster. Table 5.2 summarizes the results from

the final training round in the lower layer, demonstrating the numerical validity of our framework.
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Figure 5.6: Main server utility as a function of total budget 7.

The applied bounds on g ensure agents’ data contributions remain within permissible limits, as
confirmed by comparisons with gy,ax. The reported rewards irﬁ for each agent type ¢ fully cover the
corresponding computation costs, validating the effectiveness of the incentive design.

In Fig. 5.7, we present a bar chart comparison of the optimal 7" values that maximize the main
server’s utility. As illustrated, our proposed approach (FRHI) requires the smallest value of T" while
achieving higher utility for the main server compared to both FRUA and FRLA. Specifically, FRUA
and FRLA require 59.95% and 49.35% more budget than FRHI, yet result in 3.44% and 1.78%
lower utility, respectively.

The FRUA and FRLA do not consider performance-based budget allocation. To maximize
profit, these methods distribute the budget uniformly, paying the same amount to all local servers
regardless of their performance. This results in higher payments but lower overall profit for the main
SErver.

FLCA consumes 7.21% less budget compared to FRHI because gn,x remains fixed across
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Figure 5.7: Comparison of main server utility and total budget usage across models

rounds, limiting the growth of data contribution g over rounds and thereby reducing the overall bud-
get required. However, this constraint results in a degradation of utility. As illustrated in Fig. 5.7,
FRHI achieves a 6.36% higher utility, demonstrating the advantage of allowing data contributions
to increase across rounds. This comparison highlights the fundamental distinction between FL and
FRL, and underscores the need for incentive mechanisms that explicitly account for key charac-
teristics discussed in this paper, such as the incremental nature of agent data and the presence of

budget-constrained servers.



Chapter 6

Conclusions and Future Work

This chapter concludes the thesis by summarizing the key contributions of the proposed hier-
archical incentive mechanism for FRL and outlining promising directions for future research. The
proposed framework addresses critical challenges in budget-constrained and heterogeneous FRL en-
vironments, offering both theoretical insights and practical benefits. We reflect on its overall impact

and highlight opportunities for extending its capabilities.

6.1 Conclusions

In this thesis, we proposed a hierarchical incentive mechanism tailored for FRL environments
characterized by constrained resources and heterogeneous agents. The motivation behind this work
stems from the need to balance three competing goals: maximizing the utility of the main server,
incentivizing local agent participation, and preserving overall model performance in a scalable and
practical system.

To address these challenges, we introduced a two-layer incentive framework. At the lower layer,
contract theory was employed to design reward mechanisms that consider agent heterogeneity and
asymmetric information. These contracts ensure both individual rationality and incentive compati-
bility. As a result, agents are fairly compensated and motivated to participate truthfully, even under
private information about their computation costs. At the upper layer, we modeled the budget al-

location problem between the main server and local servers as a Stackelberg game, allowing for
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optimal distribution of limited resources while maximizing system-wide utility.

To manage environment heterogeneity and improve scalability, the system adopts a clustered
structure. Clients are grouped based on environmental similarities, and each cluster operates semi-
independently with its own local server. This design allows for parallelized training and a reduced
coordination burden on the main server.

We conducted a rigorous theoretical analysis of the incentive mechanisms, showing that the
contract rewards and budget allocations satisfy necessary constraints while optimizing utilities. The
simulation results further validated the effectiveness of our approach. Specifically, our method
achieved higher utility for both local and main servers compared to several baseline methods, while
maintaining feasible reward distribution and respecting data contribution limits. Additionally, the
simulations revealed that increasing the training budget beyond a certain threshold leads to perfor-
mance saturation, emphasizing the importance of cost-effective incentive strategies.

In conclusion, our hierarchical incentive design introduces a flexible and effective solution to
key FRL challenges. It combines game-theoretic and economic tools to enhance collaboration in
decentralized learning environments, ensuring that participants are adequately incentivized and re-

sources are judiciously allocated.

6.2 Future Work

While our proposed model offers a robust foundation for incentive-compatible FRL, several key
challenges remain unaddressed. Future research can extend this work by focusing on the following

areas:

1. Adaptive and Real-Time Incentive Mechanisms

Current contract and Stackelberg models assume static computation costs and fixed agent behav-
ior during each round. However, in practical FRL systems, agent availability, computation capacity,
and data quality can change over time. Future research could explore adaptive contract mecha-
nisms that dynamically adjust reward offers based on real-time agent feedback, learning progress,

or behavioral trends. Real-time optimization algorithms, such as online convex programming or
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reinforcement-based pricing strategies, could be integrated to adjust incentives on-the-fly and han-

dle streaming agent participation.

2. Scalability with Large-Scale Networks

As the number of clusters and agents increases, the overhead of managing contracts, reward
calculations, and budget allocation also grows. To maintain scalability, future work could explore
decentralized versions of the current framework, where clusters operate autonomously with limited
supervision from the main server. Hierarchical aggregation strategies or meta-learning approaches
could be used to generalize reward structures across clusters. Additionally, techniques such as
model pruning or client sampling can reduce the number of active agents per round, optimizing

computational resources while preserving model performance.

3. Communication Cost and Overhead Reduction

A critical barrier to real-world deployment of FRL systems is the cost of communication be-
tween agents and local servers. While this work focuses on computation incentives, future work
should integrate communication cost as part of the utility functions in both contract and Stackel-
berg formulations. Agents with high communication latency or limited bandwidth should receive
tailored contracts that balance data contribution with minimal overhead. Budget-aware communi-
cation protocols such as gradient compression, quantization, or adaptive upload frequency could be

incorporated to minimize transmission cost.

4. Robust Communication in Unstable or Constrained Environments

In many practical applications, especially in mobile or remote settings, reliable communication
between agents and local servers cannot be guaranteed. Future research should explore incentive-
compatible mechanisms that are robust to partial connectivity, intermittent dropout, or delayed up-
dates. For instance, techniques from delay-tolerant networking (DTN) or federated dropout re-
silience can be adapted to ensure learning continues even when some agents are offline temporarily.
Local caching, asynchronous aggregation, or edge computing can further mitigate the effects of

unstable communication.
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5. Privacy and Security Considerations

To ensure wide adoption of FRL in privacy-sensitive applications, future research could ex-
plore the integration of privacy-preserving technologies such as differential privacy, homomorphic
encryption, or secure multi-party computation into the incentive design. The challenge lies in de-
signing contracts and reward mechanisms that are compatible with encrypted or obfuscated con-
tributions, while maintaining fairness and effectiveness. Ensuring incentive compatibility in the

presence of privacy constraints will be a critical direction for future study.

6. Fairness and Long-Term Participation

While this work ensures fairness through IR and IC constraints, additional fairness considera-
tions such as equal opportunity, contribution-weighted rewards, or long-term engagement incentives
remain open problems. Future work can explore how to ensure that historically underperforming
or disadvantaged agents are not excluded from participation. Longitudinal incentive models could
consider agent loyalty, consistency, or collaborative behavior in computing future rewards.

In summary, this thesis presents a robust and flexible incentive framework for FRL, integrating
economic theory with distributed learning to address real-world deployment challenges. By laying
a foundation for adaptive, scalable, and fair agent collaboration, this work opens up promising
directions for both theoretical advancement and practical implementation in future decentralized Al

systems.



Appendix A

Appendix

In this section, we present the complete step-by-step procedure to solve the differential equation
discussed in the paper. The equations are presented in the correct sequence with their detailed
derivations.

We start with the following quadratic equation:

A2+ (D A Am— [ DA | A+ [ D A5 | ymdl, =0. (48)

Jj#m j#m j#m
Rearranging terms:

A+ D A Am =40 [ D A0 —m) | - (49)

j#m jFm

From (49), we can express A7, as:

Bt (S ) A
Y im A=)

!

(50)

Differentiating both sides, we obtain:

dAm B dym
AZ + (st,em Aj) Am Zj;ém Aj(1 —ym)

(5D
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By simplifying, we arrive at the relationship:
A%+ (ZAJ) Ap = Ap, (Am+ZAJ) .
j#m j#Fm
Decomposing into partial fractions:

1 A B

A (Am +Z#mAj) "4 An + 2 jm A

Where the coefficients are given by:

A+ B=0,
A Aj=1,
j#m
1 1
A=——— B=-————.
ZjaémAJ' Zj;émAj

Substituting the coefficients into (53), we have:
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Integrating both sides:
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The integral on the left-hand side becomes:
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The integral on the right-hand side simplifies to:

/ 1 1 dy = — 1
Zjaém Ajl—"m " Zjaém Aj

In |1 — .

Combining the results:

1
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Simplifying further:
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From this, we derive:
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Rewriting:
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where k = e2-iz#m 45°C,

Expressing A, explicitly:

1
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Simplifying further:
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Finally, solving for Ap,:
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This concludes the derivation of A,,, and its associated equations.
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