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ABSTRACT

Distributing resources among agents in social networks is an important and chal-

lenging problem. It involves deciding on assignment of a subset of resources to each

agent based on the system objectives. Various instances of this problem can be

observed in healthcare resource distribution, disaster management, cloud resource

optimization, etc. In collaborative systems, different coordination techniques have

been introduced in order to maximize overall social welfare. However, this problem

becomes more complex in large-scale networks with limited connectivity among the

agents. Moreover, in dynamic environments, where the set of tasks or resources change

over time, an effective system needs to adapt to changes in the environment. Exist-

ing mechanisms fall short in addressing the social network constraints, and do not

present efficient solutions when dealing with dynamic changes of supply and demand

quantities. In this thesis, we view this social resource allocation problem (SRAP) as

a multi-agent coordination problem. In a centralized approach, we consider a master

agent with global knowledge, which makes decisions for all the agents. We present a

greedy mechanism using an efficiency heuristic, and a learning-based mechanism by

formulating the SRAP as a Markov Decision Process (MDP), and incorporating deep

Q-learning. On the other hand, in a decentralized approach, we present a multi-agent

protocol, which relies on local interactions among agents and their local knowledge

only. The protocol enables the agents to negotiate with each other on allocation of

resources to their tasks. It allows an agent in need of resources to concurrently nego-

tiate with multiple providers and combine their resource contributions. We present

greedy and learning-based mechanisms by integrating deep Q-learning into the ne-

gotiation process. In addition, the agents are able to cascade their corresponding

information along the network, and apply timeouts in their messages. Hence, the

decentralized protocol enables the multi-agent system to be self-organized, without

relying on any central entity. We evaluate our approaches by developing simulation

models of agents, tasks, and resources. We perform experiments on three main types

of social networks, namely small-world, scale-free, and random networks. We conduct

an empirical study of the performance of these approaches under varying conditions,

such as resource availability, resource types, task requirements, etc. Our simulation

results present a comprehensive analysis of various approaches across different types

of social networks, by highlighting the strengths and limitations of centralized versus

decentralized, as well as greedy versus learning-based approaches.
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Chapter 1

Introduction

Resource allocation problems can be observed in various real-world applications, from

healthcare and disaster management to manufacturing and cloud computing. It in-

volves distributing a set of resources among a set of agents in order to maximize a

certain objective, such as social welfare, or fairness. An optimal solution to a resource

allocation problem is an allocation assigning a subset of resources to each agent such

that an objective function is optimized. This problem becomes more challenging

when the agents act in a dynamic environment, where the set of tasks or resources

may change over time. As the environment evolves, a mechanism which finds the best

possible allocation needs to adapt to the changes in the environment by adjusting the

solution, i.e. reallocating the resources.

1.1 Social Resource Allocation Problem

In this thesis, we investigate a variant of the resource allocation problems, in which

the agents require resources in order to perform their delegated tasks which arrive

over time. In particular, we consider dynamic environments in which supply and de-

mand of resources may change over time. In our model, the individual agents have a

domain specific motivation to collaborate, and share a common goal to maximize the

total utilities gained by all agents over time. In addition, we consider the agents to be

connected in a social network, which constrains their interactive behavior, inspired

by business relations among organizations in real-world scenarios. In the context of

social networks, a resource allocation problem becomes even more complex due to

the connectivity and proximity constraints determined by the network structure. An
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instance of such problems can be seen in allocating resources to hospitals distributed

in a region, in particular, in a pandemic scenario, where the dynamism comes from

sudden changes in demand e.g. an unforeseen number of patients in emergency de-

partment, and hence a shortage of critical resources e.g. ICU beds. This is more

challenging as the hospitals in different regions may not be directly collaborating,

but connected through a higher-level organization; i.e. there exists a hierarchy in the

network. Hence, an effective mechanism needs to consider the social network con-

straints, and recognize the most in-demand hospitals. Another instance can be found

in the allocation of required resources during natural disasters like earthquakes or

hurricanes. In such scenarios, the allocation of food, water, and medical supplies to

affected regions is challenging since the resources may need to be transported from un-

affected regions. Optimizing the distribution of resources to reach the most impacted

regions is crucial, and needs to consider changes in supply and demand quantities

over time.

1.2 Motivation

Dynamic allocation of resources in a social network can be observed in many real-

world scenarios. For instance, in the healthcare domain, challenges such as distri-

bution of vaccines or blood products require effective resource allocation strategies

to ensure timely and equitable access [7, 43]. Similarly, in cloud computing, the

effective allocation of computing resources to jobs is crucial for load balancing and

providing online services to a large number of user requests [23]. The current state-

of-the-art solutions have shortcomings when addressing the social resource allocation

problem (SRAP). In particular, they often fail to address the requirements related

to the social network, which restricts interaction among the agents [14]. An effective

approach needs to model the proximity and hierarchy among the agents. It should

consider social networks with limited connectivity, and allow distribution of resources

along the network among agents who may not be directly connected. In addition,

a realistic approach needs to consider the global transfer cost of resources along the

network. Furthermore, in dynamic environments, where the set of tasks and resources

constantly change over time, the approach needs to adapt to the changes and adjust

the allocations in a timely manner. In this thesis, we aim to address these limita-

tions by presenting new centralized and decentralized approaches in order to solve the

SRAP. Our research objectives are to develop novel mechanisms which are adaptive



3

in dynamic environments, and ensure efficiency and scalability in large-scale settings.

1.3 Centralized and Decentralized Approaches

Wemodel the social resource allocation problem (SRAP) using the multi-agent paradigm

[56]. Distributed intelligent systems or multi-agent systems are increasingly employed

in practical solutions, in which automated coordination among the participants is cru-

cial in achieving the system objectives. In our model, each agent is an autonomous

software system, representing an entity or an organization, and it is responsible for

allocation of required resources to its delegated tasks. In this thesis, we present dif-

ferent centralized and decentralized approaches in order to solve the SRAP. In the

centralized approach, a single external entity such as a higher-level organization, who

has complete knowledge of the social network including all agents’ tasks and resources,

decides on allocation of required resources in order to perform all the tasks. On the

other hand, in a decentralized, self-organizing approach [59], we develop an interaction

protocol, which allows individual agents to negotiate with each other on allocation of

resources to their tasks on demand; i.e. when an agent recognizes lack of resources

to perform its current tasks, it initiates a negotiation process with its neighbors in

the social network. As a concrete example for the decentralized approach, imagine

a network of hospitals across a metropolitan area, each operating autonomously but

collaboratively to optimize the allocation of both human and material resources. Each

hospital employs an autonomous software agent, which is responsible for allocation

of required resources for its scheduled operations. Consider the scenario when the

hospitals are experiencing a surge in patient admissions due to a pandemic. The

hospitals are already operating near capacity, and face shortage of resources. Each

hospital’s agent constantly monitors its current supply and demand quantities for

upcoming operations. Hospital A determines a critical shortage of ventilators and

ICU staff, and initiates the negotiation process by sending out request messages to

neighboring hospitals B and C in the network. The corresponding agents B and C

evaluate their own supply, and determine whether they have a surplus of requested

resources. Agent B offers to lend ventilators, but not ICU staff due to its own re-

quirements. Agent C has a balanced resource pool and offers both ventilators and

ICU staff. Then, agent A confirms the offers and the resources are transported to

hospital A. Therefore, the hospital A is able to manage a sudden surge in the number

of patients without compromising patient care quality. At the same time, the hospi-
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tals B and C, while helping the hospital A, maintain a sufficient level of supply to

continue their operations.

1.4 Contributions

In this thesis, we investigate the SRAP by focusing on social networks with par-

tial connectivity in dynamic environments. We present novel mechanisms in both

centralized and decentralized approaches by incorporating greedy and learning-based

algorithms. In particular, we integrate deep reinforcement learning methods into the

negotiation process in order to enable the agents to make better decisions when in-

teracting with their neighbors. Moreover, the protocol enables the agents to cascade

their messages along the network in order to interact and coordinate with each other

in incomplete networks. In addition, we formulate the SRAP as an integer linear

programming (ILP) to serve as a baseline centralized solution for small-scale settings.

In summary, our main contributions are as follows:

• A decentralized negotiation-based protocol with cascading behavior using greedy

methods: DEC-GRD

• A decentralized negotiation-based protocol with cascading behavior using learning-

based methods: DEC-RL

• A centralized greedy approach: CEN-GRD

• A centralized learning-based approach: CEN-RL

• A centralized optimal solution: OPT

We evaluate the performance of our greedy and learning-based approaches using

three prominent types of social networks, namely small-world, scale-free, and random

networks. We develop simulation models of agents with their tasks and resources in

dynamic environments, where the tasks and resources arrive over time. We perform an

empirical evaluation of our approaches by comparing their simulation results. In our

simulation experiments, we vary different parameters including available resources,

resource types, number of agents, number of tasks, resource transfer cost, and the

network degree. Our simulation results provide comprehensive analysis of different

approaches across different types of social networks, highlighting their strengths and
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limitations in various parameter spaces. The findings of this thesis offer valuable

insights into the efficiency and scalability of different centralized and decentralized

approaches. Thus, they have practical implications for a wide range of real-world

applications, such as healthcare resource management, disaster management, cloud

resource management, etc.

1.5 Thesis Outline

The rest of this thesis is structured in the following manner. In Chapter 2, we

review the background and existing work related to the SRAP. Chapter 3 states

our research objectives and methods. In Chapter 4, we formally define the SRAP.

Chapter 5 presents our centralized approaches to solve the SRAP, including optimal,

greedy, and learning-based. Chapter 6 presents our decentralized negotiation-based

protocol with greedy and learning-based variations. In Chapter 7, first we describe

our simulation models, learning models, experimental setup, and parameter settings

used for evaluation. Then we compare and discuss our simulation results for different

approaches. Finally, Chapter 8 concludes the thesis, summarizing our findings and

outlining directions for future work; and Appendix A provides an index of all the

notational conventions used in our algorithms.
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Chapter 2

Background and Related Work

In this chapter, we review the background definitions and context related to our

work. We also review existing task/resource allocation mechanisms using centralized

and decentralized approaches. Then we discuss their limitations when addressing

the key characteristics of the social resource allocation problem (SRAP) described in

Chapter 1 and formalized in Chapter 4.

2.1 Multi-Agent Systems

The most widely acceptable definition of an agent is the following.

“An agent is an encapsulated computational system that is situated in some en-

vironment and that is capable of flexible, autonomous action in that environment in

order to meet its design objectives [57].”

A multi-agent system is composed of multiple intelligent agents interacting with

each other in an environment. The individual agents may have their own individual

goals or share common goals. They may collaborate or compete with each other

in order to achieve their goals. They can also share their knowledge by an agreed

language, and a communication protocol [56].

Multi-agent systems can incorporate self-organisation mechanisms [59], which may

lead to a common improvement. Self-organisation is a localized and decentralized

operation, which allows a distributed system to be more scalable and highly adaptive

to dynamic requirements [17]. Serugendo et al. [46] defined self-organization and

strong self-organizing systems as follows.

Definition 1. (Self-Organization): “is the mechanism or the process enabling a sys-
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tem to change its organization without explicit external command during its execution

time [46].”

Definition 2. (Strong Self-Organizing Systems): “are those systems where there is

no explicit central control either internal or external [46].”

Ye et al. [59] present a survey of self-organization mechanisms in multi-agent

systems. They classify the mechanisms based on their objectives; i.e. what the self-

organization mechanism is designed for. They describe task and resource allocation

problems as one of the main important research issues in multi-agent systems, which

use self-organization techniques.

2.2 Task/Resource Allocation in Social Networks

Many real-world issues can be modeled as task allocation or resource allocation prob-

lems in multi-agent social networks. Task allocation mechanisms deal with the prob-

lem of how to efficiently allocate tasks among multiple agents considering their ca-

pabilities and constraints. Similarly, resource allocation mechanisms focuses on how

to efficiently distribute the resources required by agents to achieve their individual

or common goals. The social network constraints determine the social relationships

among the agents by specifying the agents’ interaction topology, or task/resource

allocation rules among the neighboring agents. Many researchers have investigated

task/resource allocation problems in the last two decades with different assumptions

and emphases. The related literature ranges from centralized to decentralized ap-

proaches, assuming fully collaborative to self-interested agents, considering partially

or fully connected networks.

2.3 Centralized Approach

In a centralized approach, a single agent controls certain actions of all other agents

in the system. In other words, the coordination among the agents is done by a

central entity. Thus, in centralized task/resource allocation mechanisms, all the de-

cisions regarding task and resource allocations are made by such single entity and

communicated to all the other agents. This approach simplifies the system design

and implementation. The interaction protocol is simple as all the agents only com-

municate with the center, and the message complexity is low. Moreover, the central
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entity has a global knowledge of the system, potentially capable of finding the opti-

mal solution. However, there are limitations with regards to the system’s reliability

and scalability. It is obvious that the central entity becomes a single point of failure;

i.e. if it fails, the multi-agent system fails to operate. In addition, centralized control

mechanisms tend to perform with limited scalability as the number of agents, number

of tasks, or complexity of the tasks increases.

2.4 Decentralized Approach

In a decentralized approach, there is no single entity that has complete control; in-

stead individual agents locally make decisions based on their local knowledge. They

interact with each other using a protocol in order to coordinate their activities. A

decentralized multi-agent system has better scalability as the number of agents or

tasks increases. It can also be more robust and fault-tolerant since there is no single

point of failure; i.e. if one or more agents fail to operate, the rest of the agents may be

able to resume their activities. Moreover, it is easier to add new agents to the system

in open environments. However, there are limitations with regards to the message

complexity and system’s efficiency. The interaction protocols are more complex to

ensure effective coordination among the agents, and consequently the number of mes-

sages communicated among the agents is high. Moreover, since agents make decisions

based on their local knowledge only, the multi-agent system may only achieve sub-

optimal results. The self-organizing mechanisms are decentralized as well, and have

been developed for task and resource allocations in dynamic and open environments

[59]. In such environments, the set of tasks and agents may change dynamically

over time. In a self-organized allocation process, there is no global, computationally

complex mechanism. Instead, the individual agents decide on the allocations locally.

Hence, the self-organized allocation is decentralized and robust to failures in agents’

performance and communication, and works well in large-scale multi-agent systems.

2.5 Existing Mechanisms

In this section, we review existing centralized and decentralized mechanisms for task

and resource allocation problems. The Contract Net Protocol (CNP) [50] introduced

in 1980 is one of the first and most well-known multi-agent protocols. It presents

an auction-based approach for decentralized task allocation problem in a multi-agent
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system. As described by the Foundation for Intelligent Physical Agents (FIPA) [19],

CNP allows a manager and participants to interact through a four-phase negotiation

process. Initially, the manager initiates the process by sending a Call For Proposals

(CFP) for a task specification. The participants who receive the CFP, evaluate it and

decide whether to send a proposal or a refuse message. The CFP includes a deadline

by which the manager starts evaluating all the received proposals and then awards

a contract to the participant with the most appropriate proposal, and rejects all the

other proposals. The participant who received the contract starts working on the

task and eventually sends a completion message or a failure message to the manager.

Many researchers have proposed extensions to the original CNP as follows [8].

The original CNP was designed for cooperative agents only, and formal decision

models for individual agents were undefined. Sandholm [44] developed a formalization

based on local cost calculations in all stages of announcing, bidding, and awarding.

Their formal mechanism generalized the CNP to be applicable to both cooperative

and competitive scenarios. In addition, their protocol allows negotiation over a set

of tasks, which is awarded to the agent with the most inexpensive bid. Sandholm

and Lesser [45] also introduced unilateral decommitting mechanisms with penalties

applied for self-interested agents.

Knabe et al. [29] noted that early commitment in original CNP leads to subop-

timal outcomes when there are several tasks to be allocated to agents concurrently

running the protocol. They proposed the Contract Net With Confirmation Protocol

(CNCP), which avoids the problems of early commitment by introducing two more

interaction phases: a request for confirmation and a reply to it. Hence, a partici-

pant can reply to all incoming call for proposals without committing to any proposal

and allocating the resources early. In a similar work, Aknine et al. [3] extended

CNP by introducing two more interaction phases; they replaced the bidding phase

and assignment phase of original CNP with four phases of PreBidding, DefinitiveBid-

ding, PreAssignment and DefinitiveAssignment. Their enhancement allowed multiple

managers and participants negotiating concurrently, and reduced decommitment sit-

uations by allowing the participants to propose temporary bids without having to

commit early.

Fatima and Wooldridge [18] developed a self-organizing multi-agent system called

TRACE, which allows a collection of organizations to cooperate in dynamic environ-

ments. TRACE includes a task allocation protocol (TAC) and a resource allocation

protocol (RAP). TAP is a contract net-based protocol, which enables the individual
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agents in an organization to allocate tasks among themselves based on their capa-

bilities and local schedules. In a dynamic environment, each organization arbitrarily

receives requests for different tasks, so that one organization could have shortage of

resources, while another one could have extra resources. RAP allows the organiza-

tions to reallocate resources between themselves in accordance with their demands.

RAP uses ideas from computational market systems, by calculating the total supply

and demand for resources in the system and determining the equilibrium price.

An et al. [4] proposed a negotiation-based resource allocation mechanism for self-

interested agents in electronic commerce markets. In their model, multiple buyer and

seller agents are allowed to negotiate with each other concurrently for trading multiple

resources. Agents make tentative agreements for each resource before committing to

final agreements. They determine a reserve price for each resource and adjust the

tentative agreements dynamically based on a time-dependent strategy in response to

the market situation. In their model, agents have incomplete information about each

other. Each agent knows the number of trading partners and competitors, and the

trading partners’ reserve price distributions. For example, a buyer agent knows the

reserve price distribution of a seller agent. However, the negotiation strategy and

status of agents are their private information.

Polajnar et. al. [41] proposed the Mutual Assistance Protocol (MAP), which

enables an agent team to incorporate helpful behavior in performing actions (Action

MAP) and providing resources (Resource MAP). The interaction sequence in MAP is

similar to the one in the Contract Net Protocol. The deliberation on helpful behavior

is based on the interest of the team, and is jointly determined by two agents through

a three-phase negotiation process. A team is given a task, with each agent addressing

a subtask. An agent performs actions in order to accomplish its subtask. Individual

agents have different abilities with respect to performing actions, hence they can

help each other when need arises. Each individual agent estimates the team impact

of helpful behavior to its own individual plan. Further extensions of Action MAP

allowed both requester-initiated and helper-initiated versions [37], and combining the

two approaches in one bidirectional protocol [33].

Kash et al. [28] proposed a centralized resource allocation mechanism based on fair

division theory in dynamic settings where agents arrive over time. Their objective

is to find an equilibrium among all agents such that no one has an incentive to

change the resource allocations. Their method requires a central controller and global

information. Georgara et al. [21] studied the problem of allocating teams of agents to
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a collection of tasks, where each team is in charge of a specific task. They proposed

an anytime heuristic algorithm, which first finds an initial feasible allocation, then

improves it by swapping agents among teams.

Macarthur et al. [32] proposed a decentralized anytime algorithm for task allo-

cation in dynamic environments, where the set of agents and tasks may change over

time. They improved the efficiency and scalability of an existing fast-max-sum algo-

rithm by introducing an online pruning procedure that simplifies the problem, and

a branch-and-bound technique that reduces the search space. However, they do not

address the task allocation problem in a social network, which restricts the agents’

interactions to their direct neighbors. Delgado-Roman et al. [15] proposed the Coali-

tion Oriented Sensing Algorithm (COSA) for coordination among nodes in wireless

sensor networks. COSA allows a network to save energy and extend its useful battery

life by avoiding redundant sensing in dynamic environments. It is fully decentral-

ized by making the nodes autonomous and relies on peer to peer negotiation among

neighboring nodes in order to reallocate sensing tasks over time.

Nongaillard et al. [38] proposes a decentralized negotiation-based approach for

the multi-agent resource allocation problem. They consider different social welfare

definitions including utilitarian, egalitarian and nash product. In further study [39],

they focus on maximizing nash product, i.e. the product of agents’ utilities, in order

to promote fairness in resource allocation. In their model, only bilateral transactions

involving only two agents at a time, such as gifts and swaps, are allowed. Zhang

et al. [60] presents a multi-agent learning approach for online resource allocation

in computing cluster networks. There is no central controller in their approach and

agents do not have access to the global knowledge. While the computing resources are

stationary, the tasks can be moved along the cluster network. Each agent representing

a cluster uses local knowledge to make decisions on local task allocation, and also task

routing to its unsaturated neighboring clusters. In this approach, each agent learns

its own policy, and hence the whole system can be load-balanced in a self-organized

manner.

De Weerdt et al. [13, 14] studied a variant of the task allocation problem, where

the agents are connected in a social network. In their model, the agents are only

allowed to interact with their direct neighbors in the network. Each agent is given a

set of tasks to perform, and has a set of resources of different types. Each task requires

some resources, and has a fixed benefit. Each agent is only allowed to use resources

provided by its neighbors. The problem is to find out which tasks to perform, and
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which resources of which neighbors to use in order to maximize the total benefit for

all agents. They proved that the problem is NP-hard for an arbitrary graph, and

proposed a greedy distributed protocol based on the Contract-net protocol, in which

an agent in charge of a task acts like a manager and its neighbors act like participants.

Li et al. [31] present a group-oriented approach to solve a task allocation problem

in large-scale multi-agent systems. The agents relationships are structured through

social networks. They focus on allocating tasks to pre-existing agent groups based on

their social value, which is modeled based on their skills, reputation, communication

costs, and social contexts. In contrast with other works that involve team formation,

their method does not require forming new agent groups for each task, instead se-

lecting the most suitable group based on a calculated comprehensive social value for

each candidate group. If the selected agent group is not able to perform the task in-

dependently, it can receive help from its neighbor groups in the social network. Once

a task is accomplished, the agents gain reputation reward based on their contribution

and performance, which promotes their social values.

Gao et al. [20] present a hierarchical multi-agent optimization method, combining

a genetic algorithm with multi-agent optimization, specifically designed for resource

allocation in cloud computing. Their objective is to maximize resource utilization of

CPU, GPU, and memory, and minimize the bandwidth cost. They aim to address

this problem for large-scale cloud computing environments. Their approach includes

two processes. First, they present an improved genetic algorithm used for identifying

an optimal set of service agents for performing tasks given resource utilization. Then,

they use a multi-agent optimization algorithm in order to minimize bandwidth costs

by swapping the sub-tasks among the service agents. This work can be classified as a

hybrid approach including both centralized planning and decentralized optimization

processes.

Chevaleyre et al. [11] focuses on the problem of fairness in multi-agent resource

allocation. Their work provides a theoretical framework for fair allocation of re-

sources in a decentralized approach. Agents are allowed to negotiate with each other

and exchange resources. The objective is to find a proportionally fair and envy-free

allocation. They study the convergence properties of their decentralized approach,

and identify certain conditions under which the local negotiations will converge to

envy-freeness. They also extend their work to scenarios where agents are connected

in a social network, constraining their interactions.

Rahimzadeh et al. [42] addresses the problem of reliable task allocation in social
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networked multi-agent systems. They focus on scenarios where agents may fail to

perform their delegated tasks, leading to task rescheduling and increased execution

time. Their objective is to decrease the task execution time by minimizing commu-

nication and waiting times, while enhancing the task execution success rate. They

consider agents’ talents in terms of resource availability, and distances between them.

Their approach involves a decentralized negotiation-based protocol which takes the

reliability of agents into account in the task allocation process. The protocol allows

the agents to obtain information about each other and expand a reliability tree of

all agents. The tree is utilized to identify the most reliable paths and agents, when

selecting manager and resource provider agents.

Sless et al. [49] studies the problem of coalition formation in multi-agent systems

where the values of coalitions are based on the social network connecting the agents.

They present a centralized game-theoretic approach in which a central organizer is

able to form coalitions and create new connections among the agents at a certain cost.

The objective of the organizer is to maximize social welfare by building effective and

core-stable coalition structures to perform a given set of tasks. In their later work

[48], they consider the formation of exactly k coalitions in the social network. They

present polynomial-time heuristic algorithms to find the coalition structure that offer

near-optimal social welfare. They also show that finding core-stable coalitions is

intractable even for a fixed k, but checking if a coalition structure is core-stable can

be done in polynomial time.

Doucette et al. [16] presents a decentralized approach for allocating resources to

tasks in multi-agent systems. They focus on scenarios in which tasks arrive dynami-

cally over time. Their algorithm design leverages preemption, i.e. revoking allocation

of resources to tasks in progress, and reallocating them to newly arrived tasks that

have higher utilities. In their model, task agents represent tasks and proxy agents

represent resources. The task agents request resources from proxy agents. They are

also able to learn about system congestion and churn in order to make better requests.

If a request made by a task agent demonstrates a higher utility than the current task,

the proxy agent preempts the resource allocation, and reallocates the resource to the

task with higher utility.

Wang and Jiang [53] present a community-aware task allocation model for multi-

agent social networks. In contrast with global-aware task allocation approaches, their

model reduces the overall communication cost by constraining collaboration in agent

local communities, i.e. each agent is only allowed to negotiate within its intracommu-
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nity. Their approach includes a heuristic algorithm for task selection and allocation

to communities, and a decentralized negotiation process for resource contributions

by agents in each community. Their model is suitable for real-world scenarios where

agents are organized in communities. In another work [54], they present a decentral-

ized approach for allocating complex tasks to individuals in social networks. They

focus on agent mobility and teamwork in order to enhance load balancing. The tasks

include multiple subtasks, hence require cooperation among the individuals. The mo-

bile agents are able to transport themselves to each subtask of each complex task,

and form cooperative teams to maximize social effectiveness by minimizing waiting

and communication costs.

Yang and Danos [58] present a learn-and-adapt model for team formation and

task allocation in social networks. The model allows decentralized reconfiguration

and neighborhood adjustment in response to dynamic task demands, agent failures,

and new agents. In their model, an agent continuously adjusts its neighbourhood

based on local metrics such as task success rate and team waste rate. Therefore, the

multi-agent network as a whole can cope with changes in a self-organized approach,

involving local role changes and rewiring of network connections.

Jiang et al. [27] address undependable multi-agent systems in social networks,

in which agents may be deceptive. They focus on scenarios where agents may fabri-

cate their resources during task allocation, but not really contribute resources when

performing the task. They present a task allocation mechanism which allows negoti-

ation among agents based on their reputation in task allocation; i.e. an agent’s past

behavior impacts the probability of its involvement in task allocation. An agent is

rewarded, when it provides dependable resources and the task execution is successful;

and it is penalized when its allocated resources are undependable and the task fails.

This mechanism encourages truthful resource contribution and improves the reliabil-

ity of resources. Thus, it aims to maximize task success rate and minimize resource

access time.

2.6 Limitations in Existing Mechanisms

In this section, we review shortcomings in the existing centralized and decentralized

approaches, when addressing resource allocation problems in multi-agent social net-

works.
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Proximity and hierarchy among agents - A resource allocation problem be-

comes more complex in multi-agent social networks, when the network is incomplete

and each agent is only allowed to interact with its direct neighbors. The proxim-

ity and hierarchy among the agents impact interaction cost in terms of number of

messages, and the waiting time for receiving messages. In particular, this is more

critical in real-time systems with strict timing constraints. In addition, the social

network constraints impact cost of transferring tasks or resources among the agent

locations in the network. The existing centralized and decentralized approaches do

not model the proximity among the agents, and do not consider the global transfer

cost of tasks and resources. They only allow swapping tasks or allocating resources

among neighboring agents or local communities. Moreover, the existing decentralized

approaches do not model cascading of messages along the network, in order to allow

forming global coalitions.

Dynamic environments - In environments with dynamic changes of supply and

demand quantities, the existing approaches are not effective in large-scale multi-agent

social networks. In other words, when the set of tasks and resources change over time,

the multi-agent system needs to adapt to the dynamics by constantly making deci-

sions on allocating currently available resources to updated set of tasks. This process

becomes more complex when the social network graph is incomplete, i.e. each agent

is only connected to a limited number of other agents in the network. In dealing with

this problem, existing centralized approaches are not scalable, and need to recom-

pute the solution for the whole network every time there is a change. On the other

hand, the existing decentralized approaches have good scalability, however, they do

not present efficient solutions when dealing with the social network constraints.

Tasks with urgencies and perishable resources - Existing centralized and

decentralized approaches are inefficient when dealing with tasks that have deadlines;

in particular, in environments with unreliable communication channel and possibility

of agent failures. The centralized approaches have single point of failure and scalabil-

ity issues in large-scale environments, and the decentralized approaches miss temporal

constraints in the allocation mechanism or the negotiation process. Likewise, existing

solutions are inefficient when dealing with perishable resources as they do not include

any temporal constraint related to expiry date of resources in the decision making

process. For instance, in negotiation protocols, the initial call or request may include
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a deadline constraint based on the urgency of its tasks. Then, a potential provider

also needs to determine a deadline for its offer based on the expiry dates of its re-

sources. Without a deadline for the offer, the provider might be blocked if it waits

indefinitely for a confirmation. Given all this, one needs to find a way to determine

such timing constraints, which can be challenging in different environments.
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Chapter 3

Research Objectives and Methods

In this chapter, we present our research objectives and methods for solving a vari-

ant of resource allocation problems in multi-agent social networks, called the social

resource allocation problem (SRAP) described in chapter 1. The formal definitions

and functions are presented in chapter 4.

3.1 Research Objectives

We investigate different centralized and decentralized approaches, which enable the

agents in a social network to optimize their resource allocation processes. We aim to

design mechanisms for dynamic environments, where tasks and resources arrive over

time. The mechanisms need to deal with multiple items of different resource types,

and multiple tasks with different resource requirements. In addition, we consider the

social network constraints including the proximity and hierarchy among the agents

in our mechanisms.

We have reviewed the existing mechanisms addressing these problems and their

limitations in chapter 2. The current state-of-the-art solutions have shortcomings

when addressing the key characteristics of these problems described in chapter 1.

Against this background, we aim to develop a coordination mechanism which satisfies

the following set of requirements:

1. Adaptive behavior - A mechanism should operate in dynamic environments,

and be able to adapt to changes in supply and demand quantities. For exam-

ple, it must be adaptive to a surge in incoming tasks or shortage of required

resources.
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2. Efficiency - A mechanism should be efficient in terms of minimizing transfer

cost and maximizing gained utilities; in particular, when addressing the prox-

imity and hierarchy among the agents, and the complex resource requirements.

3. Scalability - A mechanism should find a solution efficiently even in large-scale

environments, and be scalable with increasing number of agents, tasks, resource

types, and in different social network structures.

4. Robustness - A mechanism should be robust when an agent is suddenly unre-

sponsive in an interaction with others. In addition, the mechanism should be

tolerant to unreliable communication channels with unpredictable transmission

delay.

5. Self-organization - A mechanism should enable the multi-agent system to

be strongly self-organized without relying on a central entity either internal or

external. Hence, the system can avoid a single point of failure. This require-

ment can be met only if the mechanism is completely decentralized. Thus, we

disregard it when developing centralized approaches.

3.2 Research Methods

To achieve our research objectives, we develop a decentralized multi-agent interac-

tion protocol which allows the agents to coordinate with each other on allocation of

resources to their tasks. Using this protocol, if an agent recognizes lack of resources

to perform its current tasks, it initializes a negotiation process with its direct neigh-

bors in the social network. In particular, the protocol allows an agent in need to

receive partial quantities of different resources types, from multiple provider agents;

i.e. each provider is allowed to contribute partially in order to help the agent in need

of resources. Moreover, in a social network that restricts agents to only interact with

their direct neighbors, the protocol allows the agents to cascade requests and combine

offered resources along the network by incorporating timeouts in their interactions.

Hence, it allows the multi-agent system to be self-organized, as all decisions are made

by individual agents and there is no central controller either internal or external.

In our decentralized protocol design, we incorporate different techniques including

greedy and reinforcement learning algorithms in the negotiation process. In addition,

we develop centralized greedy and reinforcement learning algorithms as alternative
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solutions for the SRAP, and compare the centralized results with the ones for the

decentralized protocol. Furthermore, we compute the centralized optimal solution

using integer linear programming (ILP) for small-scale settings in order to measure

the quality of our greedy and learning-based results.

In our formulations, we define utility and cost functions used in agents’ decision

making processes for expressing their benefit and cost of resource allocation. We

model the proximity and hierarchy among the agents using an undirected weighted

graph which determines the cost it takes for each resource type to be transferred along

the network. We define different types of resources and tasks, and apply combinatorial

optimization techniques to deal with resource quantities in agents’ decision making

processes. The agents share a common goal of increasing a utilitarian social welfare,

defined as the sum of individual utilities minus all transfer costs for all agents.

We evaluate our centralized and decentralized approaches based on our research

objectives given in Section 3.1, by developing simulation models of tasks, resources,

agents and their interactions in a dynamic environment. Our evaluation involves

simulation experiments in different types of social networks, namely small-world,

scale-free, and random networks. We investigate whether our solutions adapt to

changes in dynamic environments, exhibit efficiency and robustness, and scale well

to large-scale applications. We perform an empirical evaluation by varying different

parameters including available resources, resource types, task requirements, number

of tasks, transfer cost, number of agents, and social network degree. The simulation

studies of our multi-agent mechanisms in such scenarios reveal the effectiveness of

employing such solutions in real-world applications.
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Chapter 4

Social Resource Allocation

Problem

In this chapter, we describe and formally define the problem of resource allocation in

a social network. Consider an environment, in which a group of agents are delegated

with tasks which arrive over time. Each task is assigned to a specific agent and

has a specific resource requirements. There are different types of resources. A task

can be accomplished only if all the required resources are allocated to that task.

Each agent also procures resources over time. The task assignment and resource

procurement frequencies can be different for each individual agent, and it can change

unpredictably over time.

In addition, the agents are distributed over a social network, which allows them

to interact and help each other by providing resources. The environment in which the

agents are operating is considered to be dynamic in two ways: the tasks may arrive

at different frequencies over time; also, the resources may be procured at different

frequencies over time. The knowledge regarding tasks and resources is local, i.e. an

agent only knows its own current tasks and resources; hence each agent individually

decides on which tasks to perform given its available resources at a time. In our

model, the individual agents are self-interested, but may have a common motivation,

mandated at the multi-agent system level to collaborate, such as sharing common

goals in completing their tasks.

Real-world applications can be seen in different domains. For example, in the

healthcare environment, autonomous agents could represent hospitals, and tasks could

be the patients who arrive unpredictably, in particular in emergency cases. The
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resources required for each task could include medical supplies, hospital beds and

equipment, or specific expertise. The social network enables the different hospitals

in a geographic region to interact and collaborate on demand. Another example can

be seen in cloud computing, where agents could represent data centers distributed

across multiple locations; and tasks could be computational jobs arriving at these

centers with unknown frequencies. The required resources for the jobs could be CPU

time, memory, storage, and network bandwidth. The data centers are allowed to

interact using the social network in the cloud environment to improve load-balancing

and optimize the overall system performance.

Formally, we consider a set of m agents, A = {a1, . . . , am}. Each agent a ∈ A

receives tasks over time from a domain, T = {t1, . . . , tn}. Each task t ∈ T requires

resources defined by a function: rqr : T × R → N, where R = {r1, . . . , rl} is set of

resource types. Each task has a utility indicating its importance. We denote the

location of a task by a function: loc: T → A, which is the agent owning the task,

called the task manager. The set of tasks currently assigned to an agent is defined by

a function: tsk : A → P (T ), where P (T ) denotes the power set of the task domain.

Each agent a ∈ A also receives resources over time. The number of resource items

currently available to an agent is defined by a function: rsc: A×R→ N. Moreover,

we assume agents are connected by a social network defined as follows.

Definition 3. (Social Network): An agent social network SN = (A,E) is an undi-

rected weighted connected graph, where vertices a ∈ A are agents, and each edge

ei,j ∈ E indicates a social connection between agents ai and aj, and the weight of ei,j

represents the distance between ai and aj.

The social network constrains the agents’ interactions so that they can only com-

municate and share information with their direct neighbors. Resource items can be

allocated by an agent to any other agent in the network even if they are not neighbors,

considering the cost of transfer between the two agents, defined as follows.

Definition 4. (Transfer Cost): The cost of transferring resources between two agents

is determined by a function: tcs: N×N×R→ N. The first argument is the distance

between them and the second is the number of items; i.e. tcs(d, n, r) returns the

transfer cost for moving n resource items of type r across a distance of d between two

agents.

We denote the distance between any pair of agents in the network by a function:

dst : A× A→ N. If two agents are not connected, the distance is determined as the
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total weight of a shortest path between them in the network. The agents are not able

to swap their tasks, but they are allowed to allocate resources to each other along the

network. A resource item can be reallocated multiple times along the network until

it is consumed in performing a task. The allocation of resources to agents’ tasks is

defined as follows.

Definition 5. (Resource Allocation): Given a set of agents A, a set of tasks T , and

a set of resource types R, a resource allocation is a function: o : T × A × R → N.
The value of o(t, a, r) specifies the number of resources of type r allocated by agent a

to task t; subject to the following constraints:

• ∀t ∈ T, a ∈ A, r ∈ R : 0 ≤ o(t, a, r) ≤ rqr(t, r); i.e. each agent may allocate

resources to each task only up to the required quantity for each resource type.

• ∀a ∈ A, r ∈ R :
∑

t∈T o(t, a, r) ≤ rsc(a, r); i.e. each agent can only allocate

resources to each task up to its available quantity for each resource type.

Once resources are allocated, each agent gains utilities by performing its own tasks

and incurs costs of transfers along the network as a result of the allocation. We define

the value of an allocation as follows.

Definition 6. (Social Welfare): The social welfare of a resource allocation o is de-

fined by the function swf: O → N, where O is the set of all possible resource allocation

functions. The function swf(o) calculates the sum of the differences in utilities gained

and transfer costs incurred by all agents:
∑

a∈A(utila − costa), where utila and costa

represent the total utilities gained and total transfer costs incurred by agent a, respec-

tively.

Now, given sets of all tasks and resources assigned to the agents, the problem is to

find out which tasks of which agents to perform, and which resources of which agents

to use for these tasks, in order to maximize the social welfare, defined as follows.

Definition 7. (Social Resource Allocation Problem (SRAP)): Given a set of agents

A, connected by a social network SN = (A,E), and the current sets of tasks and

resources assigned to them, the problem is to find a resource allocation function, o∗ ∈
O, that maximizes the social welfare; i.e., o∗ = argmaxo∈O swf(o).

The complexity of finding the optimal solution for the resource allocation problem

without the condition of the social network is NP-hard [47], which comes from the
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exponential number of subsets of the set of tasks assigned to the agents. De Weerdt

et al. [13, 14] showed that this problem with an arbitrary unweighted social network

is also NP-complete, even when the utility of each task is 1, and the quantity of all

required and available resources is 1.

Proposition 1. The complexity of finding the optimal solution for SRAP is NP-hard

Proof. The weighted version of social network in SRAP can be reduced to the un-

weighted one by assigning a weight of 1 to all the edges in the social network.
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Chapter 5

Centralized Approaches

In this chapter, we introduce centralized approaches to solve the social resource al-

location problem (SRAP). We consider a centralized agent called the master agent

that receives all the tasks and resources information from all the individual agents in

SRAP and knows the social network constraints. Then, it decides on how to allocate

required resources to the tasks for all the agents in the network. First, we present an

optimal, exact solution by defining SRAP as an integer linear program (ILP). Since

the complexity of SRAP is NP-complete, the optimal solution runs in exponential

time. Hence, we present a heuristic approach and further a reinforcement learning

approach in order to solve large-scale problems in polynomial time.

5.1 Optimal Solution

We can formulate SRAP as an integer linear programming (ILP) problem Popt as

follows. We introduce two types of variables: a binary variable yj ∈ 0, 1 for 1 ≤ j ≤ n

describes whether or not all required resources for task j are allocated, and an integer

variable xijk(∀i, j, k, where 1 ≤ i ≤ m, 1 ≤ j ≤ n, 1 ≤ k ≤ l) denotes the amount of

resource type rk agent ai allocates to task tj. Then, we define the objective function

as follows.
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max
n∑

j=1

(yj ∗ utilj −
m∑
i=1

l∑
k=1

tcs(dst(ai, loc(tj)), xijk, rk) (5.1)

s.t. ∀j, k(1 ≤ j ≤ n, 1 ≤ k ≤ l)
m∑
i=1

xijk ≥ yj ∗ rqr(tj, rk) (5.2)

and ∀i, k(1 ≤ i ≤ m, 1 ≤ k ≤ l)
n∑

j=1

xijk ≤ rsc(ai, rk) (5.3)

The constraint (5.2) ensures that there are sufficient resources of all types from all

agents for each selected task; and the constraint (5.3) ensures that the total allocated

resources of all types are not more than available to each agent.

Note that in order for this formulation to qualify as an ILP, the transfer cost

function tcs needs to be linear. Solving this ILP finds an optimal solution for the

SRAP. However, its run time is exponential in the number of tasks, agents, and

resource types. It is not practical to use it for large-scale problems, or in dynamic

environments in which the input variables change over time. In this thesis, we use the

optimal result as a basis for evaluating the quality of our greedy and reinforcement

learning approaches.

5.2 Centralized Greedy Approach

In a centralized approach, a master agent uses a greedy algorithm by first ranking the

tasks with respect to a heuristic measure defined as follows. It then tries to allocate

required resources to the tasks in the order of their ranking.

Definition 8. (Task Efficiency): the ratio of the net utility of a task t (task utility

minus the total transfer costs for all required resources computed by Algo. 2), to its

total number of required resources for all types: (utilt− costtrf )/
∑

r∈R rqr(t, r)

The rationale for the efficiency heuristic is based on the idea of a greedy ap-

proximation for 0-1 knapsack problem, in which the items are ranked based on their

relative value [12]. Using this heuristic, the master agent ranks the tasks in order of

descending efficiency.

The master agent does not reconsider its decision once a task is selected. If the

selected task is feasible based on the available resources of all agents in the social
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Figure 5.1: Example for the centralized greedy approach

network, it allocates the required resources in order to accomplish the task. To

allocate required resources to each task, the master agent sorts the potential resource

providers by their shortest distance to the task location. It further sorts the ones with

the same distance by their degree in the network; i.e. the ones with more neighbors

are ranked higher. Then, it first uses the resources of the task manager and then

other agents in the sorted set, until all the required resources are allocated for each

resource type.

The rationale for selecting the resource provider with the shortest distance to

the task manager is to minimize the transfer cost. Furthermore, selecting the one

with higher degree is based on the idea that later on if it lacks resources for its own

selected task, it may be less costly to transfer required resources since it has more

direct neighbors. Figure 5.1 illustrates a small social network including six agents.

Each individual agent has its own set of tasks and resources which arrive over time.

The edge weights represent distances among the agents which determine the transfer

costs of resources. In this example, consider that the master agent selects a task of

agent a2 as the current best feasible task based on the task efficiency ranking. Then,

the master agent allocates required resources to the a2’s selected task in the following

order. First, a2’s own resources are allocated. If more resources are required, it

allocates a3’s resources since it is closer to the task location, then a4’s resources are

allocated because it has more neighbors than a1, and so on.

We denote total number of resource items currently available to all the agents

for each resource type by a function: trc: R → N. Algorithm 1 and 2 formalize

the centralized greedy task selection, and the allocation of required resources to the

selected task processes, respectively. Once a task is accomplished, its utility utilt

is added to the social welfare SW (Algo. 1, line 11); and if there are resources
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transferred from other agents in the network, the cost of transfer cost trf for all the

providers is subtracted from SW (Algo. 1, line 12). As can be seen in Algo. 2, line

12, the transfer cost tcs for each potential provider is a function of the distance dst

between the task manager at and the provider ap, the number of transferred resource

items qtrf , and the resource type r.

Algorithm 1: Centralized greedy task selection process

Input : current set of all agents’ tasks: T , resources types: R

Output: social welfare: SW

1 SW ← 0

2 sort T by task efficiency in descending order

3 foreach t in T do

4 feasible ← true

5 foreach r in R do

6 if trc(r) < rqr(t, r) then

7 feasible ← false

8 break

9 if feasible then

10 cost trf ← allocate all required resources to t using Algo. 2

11 SW + = utilt

12 SW − = cost trf
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Algorithm 2: Centralized greedy resource allocation process

Input : agents: A, selected task: t, resources types: R

Output: transfer cost: cost trf

1 cost trf ← 0

2 at ← loc(t)

3 providers ← sort {a ∈ A|a ̸= at} by dst(a, at) in ascending and degree of a in

descending order

4 foreach r in R do

5 qrqr ← rqr(t, r)

6 qalc ← min(qrqr, rsc(at, r))

7 update rsc(at, r)

8 while qalc < qrqr do

9 ap ← next agent in providers

10 qtrf ← min((qrqr − qalc), rsc(ap, r))

11 qalc += qtrf

12 update rsc(ap, r)

13 cost trf + = tcs(dst(ap, at), qtrf , r)

14 allocate qalc resource items of type r to task t

Proposition 2. For m agents, n tasks, and l resource types, the overall time complex-

ity of the centralized greedy task selection process (Algo. 1), including the centralized

greedy resource allocation process (Algo. 2) is O(nm logm+ nlm).

Proof. At first, in Algo. 1, the efficiency of each task is computed, which requires

sorting all potential providers, and finding total transfer cost for all resource types,

which takes O(nm logm) + O(nlm). In addition, sorting the tasks takes O(n log n).

Then, for each task, it iterates through each resource type to check if the task is still

feasible, which takes O(nl). Next, in Algo. 2, again sorting the agents for each feasible

task takes O(nm logm). And, in the worst case, resource allocation requires iterating

over all potential providers per resource type, again taking O(nlm). Combining them,

the overall time complexity is O(2nm logm)+O(2nlm)+O(n log n)+O(nl). Hence,

it simplifies to O(nm logm+ nlm).
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5.3 Centralized Learning Approach

In a reinforcement learning approach, a master agent learns a policy in order to solve

the social resource allocation problem (SRAP). In this approach, first we formulate

SRAP as a Markov Decision Process (MDP). Then, we incorporate deep Q-learning

[51] with experience replay [35, 36] and double learning [52] in order to train the

master agent to better select tasks over time described as follows.

5.3.1 Markov Decision Process (MDP)

A Markov Decision Process (MDP) is a mathematical formalism used in modeling

of an agent situated in an environment. In the context of reinforcement learning, at

each time step, called an episode, the agent observes current state of the environment

and selects an action based on its observation. As a result of performing the action,

the agent ends up in a new state, and gains a reward. The transition model from the

current state to another state might be deterministic or stochastic depending on the

type of environment. In summary, an MDP is made up of four components:

• States - denoted by s, s′, .... are the set of predefined dimensions that represents

the status of agent within its environment.

• Actions - denoted by a, a′, ... are the set of available decisions that an agent can

make in each state.

• Transition model - denoted by P(s′|s, a), gives the probability of reaching state

s′ when performing action a in state s.

• Reward function - denoted by R(s, a), returns a value for taking action a in state

s.

In this thesis, in order to apply our reinforcement learning approach for the SRAP,

we formulate our MDP as follows.

• State: a matrix that represents sets of all agents’ tasks with their utilities and

required resources, and all agents’ available resources for each resource type.

The order of agents in the state is fixed.

• Action: to select an agent (task manager) and allocate required resources to its

best feasible task.
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• Transition Function: the master agent allocates required resources to the se-

lected task with a probability of 1, since situated in a deterministic environment.

• Reward : the task utility minus the total transfer costs for all the allocated

resources.

A policy is a function from states to actions, π : States → Actions. It specifies

the best action that the agent can do in each state, e.g. for state s, policy π returns

action a, i.e. π(s) = a. In reinforcement learning, the goal is to learn an optimal or

near-optimal policy. Using a reinforcement learning algorithm, the policy is updated

over time as the agent gains more experience by interacting with its environment.

5.3.2 Deep Q-learning

Q-learning is a model-free off-policy reinforcement learning algorithm [51]. It is model-

free as it does not estimate the transition function and the reward function of the

MDP. It is off-policy as it directly approximates the optimal policy, while allowing

continuous exploration by following a different policy for action selection, typically

using an epsilon-greedy approach. The Q-learning algorithm learns the quality of

actions in each visited state; i.e. an action-value function Q(s, a) that gives the

expected utility of taking action a in state s and following the policy thereafter. The

Q-values for each state-action pair are stored in a table called Q-table. Then, at

each iteration, Q-values are adjusted using the following update rule, where γ is the

discount factor, 0 ≤ γ ≤ 1, which determines the present value of future rewards; and

α is the learning rate, 0 ≤ α ≤ 1, which determines to what extent new information

overrides old information.

Q(s, a)← Q(s, a) + α[R(s, a) + γmax
a′

Q(s′, a′)− Q(s, a)] (5.4)

In the above formula, R(s, a) + γmaxa′ Q(s
′, a′)− Q(s, a) is the Bellman error (also

known as the temporal difference error), which is the difference between the current

Q-value and the target Q-value: R(s, a) + γmaxa′ Q(s
′, a′). The Q-learning algorithm

aims to minimize the Bellman error over time, converging to an optimal policy.

However, standard Q-learning is not scalable for large-scale problems, since it must

compute Q-values for each state-action pair. To overcome this problem, in recent

works, a function approximator has been used to estimate the Q-values. In deep
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Q-learning, a deep neural network called deep Q-network (DQN) is incorporated to

approximate the Q-values. Then, at each iteration i, DQN uses the backpropagation

algorithm in order to adjust the network weights θ; i.e. using stochastic gradient

descent in order to minimize the loss function Li(θi):

Li(θi) = [yi − Q(s, a; θ)]2 (5.5)

where yi is the target:

yi = R(s, a) + γmax
a′

Q(s′, a′; θ) (5.6)

Moreover, standard Q-learning suffers from instability and even divergence from

the optimal policy, in particular when combined with a non-linear function approxi-

mator such as a neural network. The instability is due to several reasons including the

correlations present in the sequence of observations, and the correlations between cur-

rent network parameters and recent observations. These issues have been addressed

by two techniques. First, using a mechanism called experience replay, a memory is

used to store the observed transitions, and then randomly select a number of samples

for batch training, therefore removing the correlation among them. Second, by incor-

porating another neural network, called target network Q′, which is only periodically

updated, the correlations with the target is reduced.

Furthermore, based on the idea of double learning [25], Double DQN [52] uses the

target network Q′ in order to reduce the overstimation problem in DQN, by partially

decoupling action selection from the action evaluation in the target as follows, where

θ and θ′ are the parameters of the networks Q and Q′, respectively.

yi = R(s, a) + γQ′(s′, argmax
a′

Q(s′, a′; θ); θ′) (5.7)

5.3.3 Centralized Learning Algorithm

Based on the background in the previous section, we present an algorithm which learns

a policy over many episodes in order to solve the SRAP. Our centralized learning

process incorporates two neural networks, called policy and target networks. While

the policy network is updated in every step, the target network is only updated every

C steps [36]. Here, C represents a predetermined update frequency, determining the
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intervals at which the target network is reset with the policy network to stabilize

the learning process. In addition, we incorporate experience replay to enable random

minibatch updates [35], which enhances the learning stability; and we apply double

learning when setting the target value (Equation 5.7), which mitigates overestimation

in the learning process [52].

Algorithm 3: Centralized learning process

Input : agents: A, tasks for n episodes: T1, T2, ..., Tn

Output: trained target action-value function: Q′

1 initialize replay memory D to capacity N

2 initialize policy action-value function Q with random weights θ

3 initialize target action-value function Q′ with random weights θ′ = θ

4 for e = 1..n do

5 Te ← tasks in this episode

6 t ← 1

7 while Te ̸= ∅ do
8 st ← generate the current state

9 if st is terminal then

10 break while

11 agent ← with probability ϵ select a random action at otherwise select

at = argmaxa Q(st, a; θ)

12 task ← select the best feasible task of agent with highest efficiency

13 cost trf ← allocate required resources to task using Algo. 2

14 rt ← utiltask - costtrf

15 st+1 ← generate the next state

16 store transition (st, at, rt, st+1) in D

17 sample random minibatch of transitions (sj, aj, rj, sj+1) from D

18 yj ←

{
rj for terminal sj+1

rj + γQ′(sj+1, argmaxa′ Q(sj+1, a
′; θ); θ′) otherwise

19 perform a gradient descent step on [yj − Q(sj, aj; θ)]
2 with respect to θ

20 every C steps update the target network Q′ = Q

21 remove task from Te

22 t += 1
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Algorithm 3 formalizes this process. It uses the epsilon-greedy strategy by bal-

ancing between exploration and exploitation. With probability 1 − ϵ, it selects the

best action based on the policy, and with probability ϵ, it selects a random action.

Initially, the exploration rate ϵ is set to one. Over time, ϵ is decayed in order to

further exploit the learned policy. Once the training process is done and a policy

is learned, it can be used to solve the problem in one episode. The ϵ is then set to

zero in order to fully exploit the acquired knowledge. Algorithm 4 formalizes this

learning-based task selection process, which selects tasks based on a learned policy.

We will outline the neural network architecture and other hyperparameters used in

the learning process in Chapter 7: Evaluation.

Proposition 3. For m agents, n tasks, and l resource types, the overall time com-

plexity of the centralized learning process (Algo. 3) in each episode is O(n2(ml +

log n)+n(NW +m logm)), where N is the number of neurons, and W is the number

of weights in the target neural network.

Proof. In each episode, generating the state takes O(mnl). Selecting a task man-

ager requires a forward pass (prediction) in the target network, which generally

takes O(NW ). Selecting the best feasible task involves sorting and checking fea-

sibility which takes O(n log n) + O(nl). Allocating resources to the selected task

takes O(m logm) + O(lm). The sampling from the replay memory can be done in

a constant time O(1). The backward pass (backpropagation) has a similar complex-

ity. Combining them, the overall complexity for all tasks is O(mln2) + O(nNW ) +

O(n2 log n) + O(n2l) + O(nm logm) + O(nlm). Hence, it simplifies to O(mln2) +

O(nNW ) +O(n2 log n) +O(nm logm) = O(n2(ml + log n) + n(NW +m logm))
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Algorithm 4: Centralized learning-based task selection process

Input : all agents’ tasks: T , trained target action-value function: Q′

Output: social welfare: SW

1 SW ← 0

2 while T ̸= ∅ do
3 s ← generate the current state

4 if s is terminal then

5 break while

6 agent ← select a∗ = argmaxa Q
′(s, a; θ′)

7 task ← select the best feasible task of agent with highest efficiency

8 cost trf ← allocate required resources to task using Algo. 2

9 SW + = utiltask

10 SW − = cost trf

11 remove task from T
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Chapter 6

A Decentralized Protocol

In this chapter, we present a negotiation-based protocol in order to solve the social re-

source allocation problem (SRAP) in a decentralized approach. The protocol enables

the multi-agent system to be self-organized as all the decisions are made by individual

agents and there is no central controller. It allows real-time concurrent negotiations

in which an agent in need of resources is allowed to select multiple providers and

combine their resource contributions. It also allows the agents to collaborate in a

social network by cascading information along the network. In the following sections,

we first present a high-level description of the protocol, and then specifications of its

main interaction phases.

6.1 Protocol Description

When an agent ai has a set of of tasks to do, it checks if it can locally allocate the

required resources to fully accomplish them, otherwise it considers creating a request

based on the missing quantity for each resource type and sends them to its neighbors

in the social network. A neighboring agent aj who receives a request decides whether

it can fully provide the requested quantity. In that case, it considers sending an offer

to ai; otherwise, it considers cascading this request based on the new missing quantity

and sends it to its own neighboring agents. In such case, aj waits for offers from its

neighbors before sending an offer to ai. If aj receives offers to its cascaded request,

it combines them with its own offer and cascades it to ai. Since multiple neighboring

agents can offer to a request, ai may receive multiple offers. In such case, it confirms a

combination of them which maximizes the social welfare. Finally, the corresponding
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Figure 6.1: Main interaction phases in DARAP

partial confirmations are cascaded by aj back to the original offerers.

Figure 6.1 illustrates the main interaction phases of the negotiation process assum-

ing there are only two agents. The process is initiated by a request. After receiving

an offer, the requester agent finalizes the process by confirming the offer. Figure 6.2

illustrates an example of the cascading behavior in a social network with multiple

agents. In this scenario, a1 sends a request to its only neighbor a2; and waits for

an offer. Then, a2 decides to cascade this request to its own neighbors, a3 and a4.

Similarly, a4 cascades the request to a5 and a6. Consequently, offers made by a5

and a6 are combined with a4’s offer and cascaded to a2. Similarly, a2 cascades a

combined offer to the original requester a1. Then, the confirmation from a1 is cas-

caded along the network back to all the offerers involved in this transaction. We

call this negotiation process the Decentralized Adaptive Resource Allocation Protocol

(DARAP). Its main steps for one full negotiation round are formalized in Algorithm 5.

In the next sections, we present algorithms used in the following phases of DARAP :

requesting, cascading requests, offering, cascading offers, confirming, and cascading

confirmations.
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Figure 6.2: Cascading behavior in DARAP

Algorithm 5: Decentralized Adaptive Resource Allocation Protocol

(DARAP)

Input : agent: ai, agent neighbors: Nai

Output: individual social welfare: SWai

1 sentReqs ← create requests using Algo. 6

2 receivedReqs ← receive requests from Nai

3 cascadedReqs ← cascade receivedReqs using Algo. 7

4 receive cascaded requests from Nai ; add to receivedReqs

5 sentOffs ← offer to receivedReqs using Algo. 8

6 receivedOffs ← receive offers from Nai

7 cascadedOffs ← cascade receivedOffs for cascadedReqs using Algo. 12

8 receive cascaded offers from Nai ; add to receivedOffs

9 sentConfs ← confirm receivedOffs for sentReqs using Algo. 14

10 receivedConfs ← receive confirmations for sentOffs

11 allocate itmcnf in receivedConfs ; incur transfer costs to the requesters

12 cascadedConfs ← cascade confirmations in receivedConfs using Algo. 18

13 receive cascaded confirmations from Nai ; restore unconfirmed items

14 SWai ← select tasks based on updated available resources

In DARAP, the agents interact in real time and the communication model is

asynchronous; i.e. messages can be sent and received at any time, and the commu-

nication does not block other activities. The agents incorporate timeouts in their

messages, and apply them in their deliberations, when sending and receiving the
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messages. Applying timeouts allows the agents’ communications to be asynchronous,

while maintaining the reliability of their interactive behavior [10, 9]. Moreover, it

allows the multi-agent system to be self-organized [59, 46], as all decisions are made

by individual agents and there is no central controller either internal or external.

Proposition 4. For m agents and l resource types, the overall message complexity

of DARAP is O(lm2).

Proof. In the worst-case scenario, suppose every agent lacks all types of resources.

Moreover, suppose that each request is cascaded multiple times along the network

to reach every other agent. Then, the total number of request messages would be

lm(m− 1), as each of the m agents sends out a request for each resource type to the

other m − 1 agents. Furthermore, let’s assume that for every received request, each

agent (except for the one with the highest-priority request) responds with an offer.

This leads to l(m−1)(m−1) offer messages. The same number applies to confirmation

messages, resulting in another l(m− 1)(m− 1) messages. Thus, the total number of

messages is lm(m− 1) + 2l(m− 1)(m− 1), which simplifies to O(lm2).

6.2 Requesting

Agent ai evaluates its current set of tasks using a greedy approach. It sorts the tasks

based on a their relative value determined as the ratio between task utility and its total

number of required resources. Then it determines if it has shortage of resources given

the requirements of the tasks, and creates a request based on missing quantity for

each resource type. For each request, ai computes a utility function: utlreq : N −→ N
computed as utility gains for partial quantities in {q : 0 < q ≤ qreq}, where qreq is

the missing quantity. utlreq indicates benefit of partial contributions, and allows the

other agents to offer a partial amount, q. ai sends each request to all of its neighbors

and includes their ids in the request message, considering each agent in the social

network has a unique id. A request message includes a timeout, indicating the latest

time that the requester waits for potential offers. In case there are deadlines for the

tasks, a request timeout can be determined by subtracting a predefined grace period

from the earliest task deadline. We call this parameter deadlineBuffer, whose value

depends on the application domain. This time interval ensures there is sufficient time

to finalize the negotiation process, allocate required resources, and perform the tasks
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in time. Then, a request message sent by ai has the following format:

Request(r, qreq, utlreq, Areq, τreq, τ
o
req)

where qreq indicates quantity requested for resource type r, utlreq is the request utility

function, Areq is the set of all agent ids that receive this request, τreq is the request

timeout, i.e. ai waits for potential offers to its request until τreq and then the request

is expired; and τ oreq is the original request timeout which initially is the same as

τreq, but it is different when the request is cascaded as described in the next section.

Algorithm 6 formalizes the requesting process of ai.

Algorithm 6: Requesting process

Input : agent: ai, resource types: R

Output: requests sent by ai: sentReqs

1 sentReqs ← ∅
2 tasks ← tsk(ai)

3 τreq ← (earliest deadline in tasks) - deadlineBuffer

4 foreach r in R do

5 qrqr ←
∑

t∈tasks rqr(t, r)

6 qavl ← rsc(ai, r)

7 if qavl < qrqr then

8 Areq ← ai’s neighbors

9 qreq ← qrqr - qavl

10 utlreq ← compute request utility function for {q : 0 < q ≤ qreq}
11 τ oreq ← τreq

12 send request(r, qreq, utlreq, Areq, τreq, τ
o
req) to Areq; add to sentReqs
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Algorithm 7: Cascading requests process

Input : requests received by aj: receivedReqs, resource types: R

Output: requests cascaded by aj: cascadedReqs

1 cascadedReqs ← ∅
2 foreach r in R do

3 requestsForType ← requests in receivedReqs for r

4 sort requestsForType by efficiency in descending order

5 foreach request(r, qreq, utlreq, Areq, τreq, τ
o
req) in requestsForType do

6 if currentTime < τreq ∧ aj has neighbor(s) /∈ Areq then

7 qavl ← rsc(aj, r)

8 A′
req ← Areq ∪ aj’s neighbor(s)

9 t′req ← τreq - timeoutReduction

10 if qavl < qreq then

11 q′req ← qreq - qavl

12 utl′req ← compute request utility function for {q : 0 < q ≤ q′req}
13 reserve qavl of type r

14 update rsc(aj, r)

15 send request(r, q′req, utl
′, A′

req, t
′
req, τ

o
req) to A′

req − Areq; add to

cascadedReqs

16 else if utlreq(qavl) < offer cost of qavl then

17 send request(r, qreq, utlreq, A
′
req, t

′
req, τ

o
req) to A′

req − Areq; add to

cascadedReqs

6.3 Cascading Requests

When an agent aj receives a request from one of its neighbors, it considers cascading

it to its own neighbors, who are not given in the set of request recipients Areq. aj

may decide to cascade a request if it does not have enough resources to fully provide

the requested quantity qreq, or if cost of offering is more that the benefit given in the

utility function utlreq. In case aj receives multiple requests from different agents for

a resource type r, it sorts them in a greedy approach based on a heuristic measure

defined as follows, and processes them in descending order.

Definition 9. (Request Efficiency): the ratio between the request utility, utlreq(qreq),
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and its requested quantity, qreq.

When cascading a request, aj reserves an available amount of resources it can pro-

vide, and updates the request quantity and utility function, accordingly. In addition,

it adds its own neighbors to Areq. Moreover, the cascaded request timeout must be

sooner than the request timeout τreq, in order for aj to have enough time to receive

potential offers from its neighbors and process them. Hence, τreq is reduced by a

parameter called timeoutReduction, which its value depends on the communication

channel. The original request timeout τ oreq is also included in the message and is

used in the offering process described in the next section. Algorithm 7 formalizes the

cascading requests process of aj.

6.4 Offering

When an agent aj receives a request from one of its neighbors, it considers offering to

the request based on its available resources and cost of offering. The offering decision

is more challenging when aj receives requests from multiple neighbors for a resource

type r with limited available quantity. Considering aj is allowed to offer partially and

distribute its available resources in multiple offers, each for a different request; finding

the optimal offering strategy becomes computationally hard. Figure 6.3 illustrates an

example of the problem of offering to multiple requests. In this scenario, a1 receives

requests from all of its neighbors a2, a3, and a4, simultaneously. Suppose a1 has

10 available resource items of type r; and req2, req3, and req4 ask for seven, five,

and three items of type r, respectively. What is the optimal offering strategy for a1

(assuming it does not know about potential offers to a2 from a5, a6, a7, and a8)?

In such a case that the number of available resource items is less than the total

requested quantity by all the neighbors, then aj optimizes the offering by selecting re-

quests with maximum utility. Formally, suppose there are n requests and an available

quantity of qavl; then aj selects an offering quantity qkoff for each request k ∈ {1, ..., n}
with requested quantity qkreq and utility function utlkreq; in order to solve the integer

programming (IP) problem Poff given below:
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Figure 6.3: Offering to multiple requests

maxq1off ,...,qnoff

n∑
k=1

utlkreq(q
k
off ) (6.1)

s.t. 0 ≤ qkoff ≤ qkreq (6.2)
n∑

k=1

qkoff ≤ qavl (6.3)

Proposition 5. For requests with non-linear utility functions, the complexity of find-

ing the optimal solution for Poff is NP-hard.

Proof. This can be converted to a 0-1 Knapsack problem: offering to each request

with a quantity qoff from 1 to the requested quantity qreq is considered one Knapsack

item with weight = qkoff and value = utlkreq(q
k
off ). The problem is to select items to

maximize total utility, subject to the total weight ≤ available quantity and only one

item can be selected from each requester.

Once the offer quantities are determined by solving Poff , aj sends an offer to each

requester by including the cost of offering, defined as a function: cstoff : N −→ N.
The offer cost function is computed as utility losses (+ transfer costs) for partial

quantities in {q : 0 < q ≤ qoff}. It indicates cost of partial contributions by the

offerer. In addition, an offer includes a timeout which is later than the original
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request timeout in order for aj to have enough time to receive potential confirmation

from the original requester. Hence, the offer timeout is set by extending τ oreq by a

parameter called timeoutExtension, which its value depends on the communication

channel. An offer message sent by aj has the following format:

Offer(r, qoff , cstoff , itmoff , τoff )

where qoff indicates maximum quantity offered for resource type r, cstoff : N → N
is the offer cost function, itmoff is the set of offered resource items, and τoff is the

offer timeout; i.e. aj waits for potential confirmation until τoff and then the offer is

expired. An offer message with qoff = 0 and itmoff = ∅ implies a rejection. The

offering process is formalized in Algorithm 8.

Since solving Poff requires exponential running time, we introduce two polynomial-

time approaches in order to deal with the problem of offering to multiple requests

in large-scale settings. In the following sections, we present an approximate greedy

approach by sorting the requests based on a heuristic measure; and a deep reinforce-

ment learning approach in order to learn to better select requests over time based on

the result of offering to the neighbors.

Algorithm 8: Offering process

Input : requests received by aj: receivedReqs, resource types: R

Output: offers sent by aj: sentOffs

1 sentOffs ← ∅
2 foreach r in R do

3 requestsForType ← requests in receivedReqs for r

4 offQuantities ← solve Poff for requestsForType using Algo. 9 or 11

5 foreach (request, qoff) in offQuantities do

6 cstoff ← compute offer cost function for {q : 0 < q ≤ qoff}
7 itmoff ← reserve qoff resource items of type r

8 τoff ← τ oreq + timeoutExtension

9 send offer(r, qoff , cstoff , itmoff , τoff ) to the requester; add to sentOffs
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6.4.1 Greedy Offering

In this approach, the received requests are sorted based on the request efficiency

heuristic. Then, as long as resources are available, aj considers offering to the request

with the highest efficiency. Since aj is allowed to make partial offers, it determines an

available amount of resources it can provide qoff , not exceeding the requested quantity

qreq. Moreover, it deliberates about offering to each request by comparing its offering

cost, cstoff (qoff ), against the request utility for the same quantity, utlreq(qoff ). Then,

aj decides to offer only if cstoff (qoff ) < utlreq(qoff ). The greedy offering process is

formalized in Algorithm 9.

Proposition 6. For requests with linear utility functions, the greedy offering process

in Algorithm 9 finds the optimal solution for Poff .

Proof. Assuming linear functions for request utilities, Poff can be converted to a

fractional Knapsack problem as follows. Each request is considered one Knapsack

item with weight qkreq and value utlreq(q
k
req). With linear utility functions, the benefit

of partial contributions increases at a constant rate. Since Algorithm 9 allows offering

a partial quantity (line 6), it results in the optimal solution.

Algorithm 9: Greedy offering process

Input : requests received by aj for resource type r: requestsForType

Output: offered quantities for requestsForType: offQuantities

1 offQuantities ← (request, 0) for each request in requestsForType

2 sort requestsForType by efficiency in descending order

3 foreach request(r, qreq, utlreq, Areq, τreq, τ
o
req) in requestsForType do

4 qavl ← rsc(aj, r)

5 if currentTime < τreq ∧ qavl > 0 then

6 qoff ← min(qreq, qavl)

7 costoff ← compute offer cost for qoff

8 if costoff < utlreq(qoff ) then

9 find and replace (request, qoff ) in offQuantities

10 rsc(aj, r) −= qoff
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6.4.2 Learning-based Offering

Using a deep reinforcement learning approach, each agent learns over time its own

policy for deciding how to offer to its neighbors in the social network. The rationale

is that in a random network, each agent may have a different set of neighbors. For

example, in Figure 6.3, we can observe that a2 has five neighbors, but a3 and a4 each

has only one neighbor. Hence, it is more likely that req2 receives an offer compared

to req3 and req4. Then, a1 may be able to learn over time that offering to req3 or

req4 is a better action than offering to req2; because it is more likely that a3 or a4

will confirm the offer.

Now in order to apply a reinforcement learning algorithm, first we define the

Markov Decision Process (MDP) for deciding to offer when there are multiple requests

as follows.

• State: a matrix that represents the requested resource type r, the available

quantity qavl, and set of net utilities (request utility - offer cost) for each possible

offer quantity: {utlkreq(qkoff )− cstkoff (q
k
off )) : 0 < qkoff ≤ min(qkreq, qavl)} for each

neighbor’s request. The order of agents in the state is fixed.

• Action: to offer to a request with a possible quantity qoff .

• Transition Function: the offerer agent sends an offer to the selected neighbor

with a probability of 1, since situated in a deterministic environment.

• Reward : the net utility of confirmed quantity qkcnf ≤ qkoff : utl
k
req(q

k
cnf )−cstkoff (qkcnf ).

The offering reward is determined once the offerer receives a confirmation from

the selected neighbor (described in Section 4.6).

Similar to the centralized learning approach in Section 5.3, we can learn a policy

over many episodes in order to solve the problem of offering to multiple requests,

Poff . Hence, we apply a deep Q-learning algorithm with two neural networks: policy

and target. The policy network is updated in every step, but the target network is

only updated every C steps. Moreover, by incorporating experience replay (random

minibatch updates) and double learning (decouple the selection from the evaluation

of actions), we improve learning stability and reduce overestimation of the target.
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Algorithm 10: Offering learning process

Input : received requests for n episodes: requests1, requests2, ..., requestsn
Output: trained target action-value function: Q′off

1 initialize replay memory Doff to capacity Noff

2 initialize policy action-value function Qoff with random weights θoff
3 initialize target action-value function Q′off with random weights θ′off = θoff
4 for e = 1..n do
5 requestse ← received requests in this episode
6 sentOffs ← ∅
7 foreach r in R do
8 requestsForType ← requests in requestse for r
9 t ← 1

10 while requestsForType ̸= ∅ do
11 st ← generate the current state
12 if st is terminal then
13 break while
14 (request, qoff ) ← with probability ϵ select a random action at

otherwise select at = argmaxa Qoff (st, a; θoff )
15 st+1 ← generate the next state
16 cstoff ← compute offer cost function for {q : 0 < q ≤ qoff}
17 itmoff ← reserve qoff resource items of type r
18 rsc(aj, r) −= qoff
19 τoff ← τ oreq + timeoutExtension

20 send offer(r, qoff , cstoff , itmoff , τoff ) to the requester; add to
sentOffs

21 remove request from requestsForType
22 t += 1

23 while sentOffs ̸= ∅ do
24 check if any offer in sentOffs has been confirmed/rejected or expired

25 rt ←
{

utlreq(qcnf )− cstoff (qcnf ) for any confirmed offer in sentOffs
0 for any rejected or expired offer in sentOffs

26 store transition (st, at, rt, st+1) in Doff

27 sample random minibatch of transitions (sj, aj, rj, sj+1) from Doff

28 yj ←
{

rj for terminal sj+1

rj + γQ′off (sj+1, argmaxa′ Qoff (sj+1, a
′; θoff ); θ

′
off ) otherwise

29 perform a gradient descent step on [yj − Qoff (sj, aj; θoff )]
2 with

respect to θoff
30 every Coff steps update the target network Q′off = Qoff

31 remove offer from sentOffs
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Algorithm 10 formalizes the learning process. It uses the epsilon-greedy strategy,

in which the exploration rate ϵ decays over time, balancing between exploration and

exploitation. The while loop at line 22 indicates that there is a waiting period until

reward(s) are determined for each sent offer. Hence, the policy updates are done

asynchronously once a confirmation/rejection is received or the offer is expired. Once

a policy is learned over many episodes, it can be fully exploited by setting ϵ = 0

in one episode. Algorithm 11 formalizes this process called learning-based offering

process in order to solve Poff . We will outline the neural network architecture and

other hyperparameters used in the learning process in Chapter 7: Evaluation.

Proposition 7. For an agent aj with m neighbors, n tasks, l resource types, and

maximum request quantity qmax
req , the overall time complexity of the offering learning

process in each episode is O(lm2nqmax
req + lmNW ), where N is the number of neurons,

and W is the number of weights in the policy neural network.

Proof. In each episode, generating the offering state takes O(mnqmax
req ) because com-

puting the offer cost takes O(n) for each possible offer quantity qoff ≤ qmax
req and

for each possible neighbor’s request. Selecting an offering action requires a forward

pass (prediction) in the target network, which generally takes O(NW ). All of the

above is done for each resource type and each request. Then, the overall complexity

of the for loop at line 7 is O(lm2nqmax
req + lmNW ). The while loop at line 23 is re-

peated at most m times. In each iteration, the next state is generated which takes

O(mnqmax
req ); the sampling from the replay memory can be done in a constant time

O(1); the backward pass (backpropagation) has a complexity of O(NW ). The rest

of operations can be done in a constant time O(1). Then, the overall complexity

of the while loop at line 23 is O(m2nqmax
req + mNW ). Combining them, the overall

complexity of the algorithm is O(lm2nqmax
req + lmNW +m2nqmax

req +mNW ). Hence,

it simplifies to O(lm2nqmax
req + lmNW )
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Algorithm 11: Learning-based offering process

Input : requests received by aj for resource type r: requestsForType, target

action-value function: Q′off
Output: offered quantities for requestsForType: offQuantities

1 offQuantities ← (request, 0) for each request in requestsForType

2 while requestsForType ̸= ∅ do
3 st ← generate the current state

4 if st is terminal then

5 break while

6 (request, qoff ) ← select at = argmaxa Q
′
off (st, a; θ

′
off )

7 find and replace (request, qoff ) in offQuantities

8 rsc(aj, r) −= qoff

9 remove request from requestsForType

6.5 Cascading Offers

For each cascaded request, the agent aj waits for potential offers from its neighbors

before sending an offer to the original requester. The rationale for waiting is to receive

as many offers as possible. Eventually, aj creates an offer, called cascaded offer, with a

quantity up to the original requested quantity qreq. The offered items in the cascaded

offer include all the items that have been reserved when cascading the original request,

combined with any other item offered by aj’s neighbors. Similar to offering process in

Section 6.4, the cascaded offer timeout is set by extending the original request timeout

τ oreq by timeoutExtension. The waiting period before cascading offers is determined by

a parameter called waitToCascadeOffers, which its value depends on the application

domain. Algorithm 12 formalizes the cascading offers process of aj.

In case the total number of reserved items qres plus all the offered items by the

neighbors is greater than qreq, then aj optimizes the offering cost by selecting offered

items with minimum total cost. Formally, suppose there are n offers for a cascaded

request with quantity q′req = qreq− qres; then ai selects a quantity q
′k
off from each offer

k ∈ {1, ..., n} with offered quantity qkoff and cost function cstkoff ; in order to solve the

integer programming (IP) problem Pcsf given below:
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minq
′1
off ,...,q

′n
off

n∑
k=1

cstkoff (q
′k
off ) (6.4)

s.t. 0 ≤ q
′k
off ≤ qkoff (6.5)

n∑
k=1

q
′k
off ≤ q′req (6.6)

Proposition 8. For offers with non-linear cost functions, the complexity of finding

the optimal solution for Pcsf is NP-hard.

Proof. This can be converted to a 0-1 Knapsack problem: selecting a quantity from

each offer is considered one Knapsack item with weight = q
′k
off and value = cstoff (q

′k
off ).

We can solve Pcsf in a greedy approach by sorting the offers in an ascending order

based on a heuristic measure defined as follows:

Definition 10. (Offer Economy): the ratio between the offer cost, cstoff (qoff ), and

its offered quantity, qoff .

Then, we select items from the offer with the minimum economy until we have

selected q′req items. Algorithm 13 formalizes this greedy process when cascading offers.

Proposition 9. For offers with linear cost functions, the greedy cascading offers

process in Algorithm 13 finds the optimal solution for Pcsf .

Proof. Assuming linear functions for offer costs, Pcsf can be converted to a fractional

Knapsack problem as follows. Each offer is considered one Knapsack item with weight

qkoff and value cstoff (q
k
off ).
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Algorithm 12: Cascading offers process

Input : requests cascaded by aj: cascadedReqs, offers received by aj:

receivedOffs

Output: offers cascaded by aj: cascadedOffs

1 cascadedOffs ← ∅
2 foreach request(r, q′req, utlreq, Areq, τreq, τ

o
req) in cascadedReqs do

3 if 0 < τreq - currentTime < waitToCascadeOffers then

4 offersForReq ← offers in receivedOffs for request

5 offItems ← ∅
6 foreach offer(r, qoff , cstoff , itmoff , τoff ) in offersForReq do

7 add itmoff to offItems

8 if |offItems| > q′req then

9 itm′
off ← select q′req from offItems by solving Pcsf using Algo. 13

10 else

11 itm′
off ← offItems

12 resItems ← resource items reserved for request in Algo. 7

13 add resItems to itm′
off

14 q′off ← |itm′
off |

15 cst′off ← compute offer cost function for {q : 0 < q ≤ q′off}
16 t′off ← τ oreq + timeoutExtension

17 send offer(r, q′off , cst
′
off , itm

′
off , τ

′
off ) to the requester; add to

cascadedOffs
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Algorithm 13: Greedy cascading offers process

Input : offers received for cascaded request(q′req): offersForReq

Output: cascaded offered items: itm′
off

1 itm′
off ← ∅

2 sort offersForReq by economy in ascending order

3 qtotal ← 0

4 while qtotal < q′req ∧ offersForReq ̸= ∅ do
5 (offer, qoff ) ← select next offer in offersForReq

6 q′off ← min(qoff , q
′
req − qtotal)

7 add q′off items in offer to itm′
off

8 qtotal += q′off
9 remove offer from offersForReq

6.6 Confirming

The requester ai waits for potential offers to its request for a resource type r. Similar

to waiting before cascading offers in Section 6.5, the rationale here is to receive as

many offers as possible. Hence, ai may receive multiple offers from multiple providers.

In that case, it selects a combination of offers that maximizes the difference between

utility of the request and total cost of all the selected offers. Note that ai is allowed

to take partial amounts of offered resources in multiple offers up to the requested

amount. Figure 6.4 illustrates an example of the problem of confirming when there

are multiple offers. In this scenario, a2 has received offers from three of its neighbors

a1, a5, and a7, before its request’s timeout. Suppose off12, off52, and off72, include

5, 4, and 3 offered items, respectively; while req2 asked for seven items only. What is

the optimal confirming strategy for a2 (assuming it does not know about confirming

decisions made by other agents)?

In case the number of requested resource items is less than the total offered quan-

tity by all the neighbors, then ai optimizes the confirming process by selecting offers

with minimum cost. Formally, suppose there are n offers for a request with requested

quantity qreq and utility function utlreq; then ai selects a quantity qkcnf from each offer

k ∈ {1, ..., n} with offered quantity qkoff and cost function cstkoff ; in order to solve the

integer programming (IP) problem Pcnf given below:
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maxq1cnf ,...,q
n
cnf

utlreq(
n∑

k=1

qkcnf )−
n∑

k=1

cstkoff (q
k
cnf ) (6.7)

s.t. 0 ≤ qkcnf ≤ qkoff (6.8)
n∑

k=1

qkcnf ≤ qreq (6.9)

Proposition 10. For requests and offers with non-linear utility and cost functions,

the complexity of finding the optimal solution for Pcnf is NP-hard.

Proof. This can be converted to a 0-1 Knapsack problem: selecting a quantity from

each offer is considered one Knapsack item with weight = qkcnf and value = utlreq(qtotal+

qkcnf )− utlreq(qtotal)− cstkoff (q
k
cnf ), where qtotal is the total confirmed quantity before

adding this item.

The waiting period before confirming offers is determined by a parameter called

waitToConfirmOffers, which its value depends on the application domain. A confir-

mation message sent by ai for each selected offer has the following format:

Confirm(r, qcnf , itmcnf )

where qcnf indicates partial amount confirmed for resource type r, and itmcnf is

the set of confirmed resource items. A confirmation message with qcnf = 0 and

Figure 6.4: Confirming multiple offers
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itmcnf = ∅ implies a rejection. We formalize the confirming process in Algorithm 14.

In the following, we present two polynomial-time approaches to solve Pcnf . A greedy

approach by sorting the offers based on their costs; and a deep reinforcement learning

approach in order to learn to better select offers over time based on the result of

confirming.

Algorithm 14: Confirming process

Input : requests sent by ai: sentReqs, offers received by ai: receivedOffs

Output: confirmations sent by ai: sentConfs

1 sentConfs ← ∅
2 foreach request(r, qreq, utlreq, Areq, τreq, τ

o
req) in sentReqs do

3 if 0 < τreq - currentTime < waitToConfirmOffers then

4 offersForReq ← offers in receivedOffs for request

5 if offersForReq ̸= ∅ then
6 confQuantities ← solve Pcnf for offersForReq using Algo. 15 or 17

7 foreach (offer, qcnf) in confQuantities do

8 itmcnf ← select qcnf from itmoff in offer

9 send confirm(r, qcnf , itmcnf ) to the offerer; add to sentConfs

6.6.1 Greedy Confirming

Similar to solving Pcsf in Section 6.5, we can solve Pcnf in a greedy approach by

sorting the offers by the offer economy heuristic in an ascending order, and select

items from the offer with the minimum economy until we have selected qreq items.

Algorithm 15 formalizes the greedy confirming process.
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Algorithm 15: Greedy confirming process

Input : offers received for request(qreq): offersForReq

Output: confirmed quantities for offersForReq : confQuantities

1 confQuantities ← (offer, 0) for each offer in offersForReq

2 sort offersForReq by economy in ascending order

3 qtotal ← 0

4 while qtotal < qreq ∧ offersForReq ̸= ∅ do
5 (offer, qoff ) ← select next offer in offersForReq

6 qcnf ← min(qoff , qreq − qtotal)

7 find and replace (offer, qcnf ) in confQuantities

8 qtotal += qcnf

9 remove offer from offersForReq

Proposition 11. For requests and offers with linear utility and cost functions, the

greedy confirming process in Algorithm 15 finds the optimal solution for Pcnf .

Proof. Assuming linear functions for request utilities and offer costs, Pcnf can be

converted to a fractional Knapsack problem as follows. Each offer is considered one

Knapsack item with weight qkoff and value utlreq(q
k
off )− cstoff (q

k
off ).

6.6.2 Learning-based Confirming

Using a deep reinforcement learning approach, each agent learns over time its own

policy for deciding how to confirm offers from its neighbors in the social network. The

rationale is the same as in the learning-based offering process. In a random network,

each agent is situated in a different neighborhood, hence it learns to confirm offers

based on interactions with its neighbors. For example, in Figure 6.4, we can observe

that a2 has received offers from a1, a5, and a7. In deciding what to confirm among

these offers, a2 might learn over time that confirming the offers from a5 or a7 is a

better action than confirming the offer from a1. This is because a1 has also offered

to a3 and a4; hence, it is more likely that its offer to a2 is more costly.

Similar to the learning-based offering in Section 6.4.2, first we define the Markov

Decision Process (MDP) for deciding to confirm when there are multiple offers as

follows.
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• State: a matrix that represents the requested resource type r, the request util-

ity function values utlreq, and set of offer costs for each possible confirmation

quantity: {cstkoff (qkcnf ) : 0 < qkcnf ≤ min(qkoff , qreq − qtotal)} for each neighbor’s

offer, where qtotal is the total confirmed quantity so far. The order of agents in

the state is fixed.

• Action: to confirm an offer with a possible quantity qkcnf .

• Transition Function: the requester agent sends a confirmation to the selected

neighbor with a probability of 1, since situated in a deterministic environment.

• Reward : the net utility of confirmed quantity qkcnf : utlreq(qtotal+qkcnf )−utlreq(qtotal)
−cstkoff (qkcnf ), where qtotal is the total confirmed quantity before this action. The

confirming reward is determined immediately.

Similar to the offering learning process, we can learn a policy over many episodes

in order to solve the problem of confirming multiple offers. Hence, we apply a deep Q-

learning algorithm with two neural networks: policy and target. The policy network

is updated in every step, but the target network is only updated every C steps.

Moreover, by incorporating experience replay (randomminibatch updates) and double

learning (decouple the selection from the evaluation of actions), we improve learning

stability and reduce overestimation of the target. Algorithm 16 formalizes the learning

process. It uses the epsilon-greedy strategy, in which the exploration rate ϵ decays

over time, balancing between exploration and exploitation.
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Algorithm 16: Confirming learning process

Input : received offers for n episodes: offers1, offers2, ..., offersn

Output: trained target action-value function: Q′cnf
1 initialize replay memory Dcnf to capacity Ncnf

2 initialize policy action-value function Qcnf with random weights θcnf

3 initialize target action-value function Q′cnf with random weights θ′cnf = θcnf

4 for e = 1..n do

5 offerse ← received offers in this episode

6 foreach r in R do

7 offersForReq ← offers in offerse for sent request(r, qreq)

8 qtotal ← 0

9 t ← 1

10 while offersForReq ̸= ∅ do
11 st ← generate the current state

12 if st is terminal then

13 break while

14 (offer, qcnf ) ← with probability ϵ select a random action at

otherwise select at = argmaxa Qcnf (st, a; θcnf )

15 rt ← utlreq(qtotal + qcnf )− utlreq(qtotal)− cstoff (qcnf )

16 qtotal += qcnf

17 st+1 ← generate the next state

18 store transition (st, at, rt, st+1) in Dcnf

19 sample random minibatch of transitions (sj, aj, rj, sj+1) from Dcnf

20 yj ←{
rj for terminal sj+1

rj + γQ′
cnf

(sj+1, argmaxa′ Qcnf (sj+1, a
′; θcnf ); θ

′
cnf ) otherwise

21 perform a gradient descent step on [yj − Q
cnf

(sj, aj; θcnf )]
2 with

respect to θcnf

22 every Ccnf steps update the target network Q′
cnf = Qcnf

23 remove offer from offersForReq

24 t += 1

In contrast with the offering learning, there is no waiting period to determine

the confirming rewards. Hence, the policy updates are done synchronously. Once a
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policy is learned over many episodes, it can be fully exploited by setting ϵ = 0 in one

episode. Algorithm 17 formalizes this process called learning-based confirming process

in order to solve the problem of confirming multiple offers, Pcnf . We will outline the

neural network architecture and other hyperparameters used in the learning process

in Chapter 7: Evaluation.

Proposition 12. For an agent ai with m neighbors, l resource types, and maximum

request quantity qmax
req , the overall time complexity of the confirming learning process

in each episode is O(lm2qmax
req + lmNW ), where N is the number of neurons, and W

is the number of weights in the policy neural network.

Proof. In each episode, the while loop at line 10 is repeated at most m times. In

each iteration, generating the confirming state takes O(mqmax
req ) for each possible offer

quantity qoff ≤ qmax
req and for each possible neighbor’s offer. Selecting an offering

action requires a forward pass (prediction) in the target network, which generally

takes O(NW ). The backward pass (backpropagation) has a similar complexity of

O(NW ). The sampling from the replay memory can be done in a constant time

O(1). The rest of operations can be done in a constant time O(1). All of the above is

done for each resource type. Combining them, the overall complexity of the algorithm

is O(lm2qmax
req + lmNW ).

Algorithm 17: Learning-based confirming process

Input : offers received by ai for request(qreq): offersForReq, target

action-value function: Q′cnf
Output: confirmed quantities for offersForReq : confQuantities

1 confQuantities ← (offer, 0) for each offer in offersForReq

2 while offersForReq ̸= ∅ do
3 st ← generate the current state

4 if st is terminal then

5 break while

6 (offer, qcnf ) ← select at = argmaxa Q
′
cnf (st, a; θ

′
cnf )

7 find and replace (offer, qcnf ) in confQuantities

8 remove offer from offersForReq



58

6.7 Cascading Confirmations

When an offerer agent aj receives a confirmation for its offer, it checks if the offer

includes partial offers from its neighbors; i.e. it is a cascaded offer combining multiple

offers. In that case, aj cascades partial confirmations to the corresponding offerers.

Since a confirmation message contains item ids, aj is able to distinguish its local

offered items from the items offered by its neighbors. Hence, aj is able to restore

any of its local offered items that has not been confirmed. Note that this process is

repeated by the corresponding neighbors as long as there are partial offers along the

network. We formalize the cascading confirmations process in Algorithm 18.

Algorithm 18: Cascading confirmations process

Input : confirmations received by aj: receivedConfs, offers sent by aj:

sentOffs

Output: confirmations cascaded by aj: cascadedConfs

1 cascadedConfs ← ∅
2 foreach receivedConf(r, qcnf , itmcnf ) in receivedConfs do

3 sentOff (r, qoff , cstoff , itmoff , τoff ) ← offer in sentOffs for receivedConf

4 neighborsOffs ← offers from neighbors included in sentOff

5 foreach offer(r, q′off , cst
′
off , itm

′
off , τ

′
off ) in neighborsOffers do

6 itm′
cnf ← itm′

off ∩ itmcnf

7 q′cnf ← |itm′
cnf |

8 send confirm(r, q′cnf , itm
′
cnf ) to the offerer; add to cascadedConfs

9 if qcnf < qoff then

10 restore local reserved items in itmoff − itmcnf
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Chapter 7

Evaluation

In this chapter, we evaluate the different approaches presented in this thesis in order to

solve the social resource allocation problem (SRAP). First, we describe our simulation

models, and different types of social networks that we use in our experiments. Then,

we present our simulation results for the centralized and the decentralized approaches

using greedy and learning-based solutions. Moreover, we measure the quality of our

solutions by comparing their results to the optimal solution. We conclude the chapter

by discussing our findings and presenting the insights derived from our experimental

observations.

7.1 Simulation Models

We have developed an abstract simulator in Java using the JADE framework [6],

which allows us to compare the performance of the different approaches in terms of

efficiency and scalability. JADE complies with the FIPA (Foundation for Intelligent

Physical Agents) specifications [2], ensuring interoperability and compliance with

standardization in agent communication and behavior.

JADE is designed to support developing multi-agent systems and complex inter-

action protocols ranging from small to large-scale applications. Using JADE, each

agent operates in its own thread, allowing for concurrent processing of agent behav-

iors. The agents communicate asynchronously using a message-passing mechanism,

which allows processing of messages in a non-blocking manner. Hence, agents are

able to perform multiple behaviors in parallel while waiting to receive messages.
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Figure 7.1: Different types of social networks

7.2 Social Networks

We perform experiments using three different types of social networks described as

follows. We use the JGraphT Java library [34] in order to generate these networks.

Figure 7.1 adopted from [26] shows one example for each type of these networks.

• Small-world networks : are networks in which most neighbors of an agent are

also connected. We generate small-world graphs based on the Watts-Strogatz

model [55] with a fixed rewiring probability of 0.05.

• Scale-free networks : are networks in which a small amount of nodes have many

connections, while many nodes have a small number of connections [5]

• Random networks : we generate by first connecting each agent to another agent,

and then randomly add more connections until an average degree has been

reached [13, 14]

The small-world, scale-free, and random networks have distinct structural charac-

teristics. Each network type represents a class of common network topologies observed

in real-world environments. The small-world networks exhibit strong local clustering,

i.e. larger neighborhoods which allow agents to interact more with their direct neigh-

bors. They also provide a short chain of social connections between any two agents.

The rewiring probability determines how much randomness is introduced into the

initial regular lattice structure. This is the probability that each edge will be rewired

to a randomly chosen node. Setting a low value (5%) of rewiring probability preserves
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high local clustering, while introducing a small number of random connections, which

reduces the average path length between agents. Real-world examples of small-world

networks can be seen in hospital networks and electric power grids. The scale-free

networks include central nodes or hubs that dominate the connectivity and influence

within the network. They model many real-world examples, such as data center net-

works and transportation networks. The random networks include arbitrarily and

uniformly random connections, without any inherent clustering or predefined rule.

Real-world examples can be seen in peer-to-peer networks, and networks of IoT de-

vices, given that the nodes might be randomly activated in the network at any given

time. Therefore, by using these different social network types in our simulation ex-

periments, we can perform a comprehensive assessment of our presented approaches

to solve the SRAP. This allows us to draw conclusions about efficiency and scalability

of our approaches, and to validate the applicability of our research findings in social

network environments which resemble different real-world scenarios.

7.3 ILP Solver

In this thesis, we formulate the SRAP as an integer linear programming (ILP) prob-

lem Popt in order to find the optimal solution (OPT) as a benchmark for assessing

our greedy and learning-based approaches. The Gurobi optimizer [24] is employed

for this purpose, as it is widely recognized for its efficiency in solving ILP prob-

lems. However, due to the exponential time complexity of solving this ILP, which

scales with the number of agents, tasks, and resource types, finding the optimal so-

lution (OPT) is computationally feasible only for small to moderate-sized problem

instances. As the number of variables grows, the ILP solver requires significantly

more computational resources, often making it impractical for larger networks with

high agent-task-resource combinations. Consequently, for larger parameter values

and also in dynamic environments, we exclude the OPT results from our experimen-

tal analysis and only rely on our greedy and learning-based methods for scalable and

efficient solutions. These proposed methods, while not guaranteed to find the global

optimum, offer practical performance and are designed to adapt to the changes in

dynamic environments where computational efficiency is crucial.
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7.4 Learning Models

In our experiments with the learning-based approach, we create custom neural net-

works for both centralized and decentralized learning algorithms (Alg. 3, Alg. 10,

Alg. 16). We use the Deeplearning4j Java library [1] in order to implement these

deep learning models used in our reinforcement learning algorithms.

7.4.1 Neural Network Architecture

In the centralized approach, as described in Section 5.3, the master state includes

all the task utilities, task requirements for each resource type, and all the agents

available resources for each type. For instance, with ten agents, two resource types,

and maximum four tasks per agent, the master state size is calculated as follows.

masterStateSize = 10 ∗ 4 + 10 ∗ 4 ∗ 2 + 10 ∗ 2 = 140

In this case, we use the following configuration for the master network. The network

architecture is illustrated in Fig. 7.2.

• Layers and Neurons : The input layer size is 140 and the output layer (equivalent

to the master actions) size is equal to the number of agents, 10. There are three

hidden layers of 100, 50, and 25 neurons. This hierarchical structure allows

the network to learn intricate relationships in the data, which is essential for

handling complex decision-making scenarios.

• Activation Functions : ReLU (rectified linear unit) activation function (f(x) =

max(0, x)) is used for the input and hidden layers. ReLU allows deeper net-

works to learn effectively. It is computationally efficient and enables the network

to model complex functions by introducing non-linearity. Identity Activation

Function (f(x) = x) is used for the output layer. Identity is suitable for un-

bounded output values in a continuous space. In this case, the actions can be

represented as real-valued numbers [22].

• Weights Initialization: Xavier technique is used for initializing network weights.

It is particularly useful when ReLU activation function is used since it prevents

neuron saturation issue at the beginning of the learning process [22].
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• Optimization Algorithm: Stochastic Gradient Descent (SGD) is used to update

the network parameters iteratively. SGD is suitable for large-scale optimization

problems since it is based on the gradient of the loss function with respect to

each parameter [22].

Input 1

Input 2

Input 3

...

140Input 140

...

100

...

50

...

25

Output 1

Output 2
...

10 Output 10

ReLU ReLU ReLU
ReLU Identity

Figure 7.2: Deep neural network architecture for the master network

In the decentralized protocol, as described in Section 6.4.2, the offering state in-

cludes the requested resource type value, the available quantity, and the net utilities

(request utility - offer cost) for each possible offer quantity for each neighbor’s re-

quest. For instance, for a potential offerer with four neighbors and maximum request

quantity of 10, the offering state size is calculated as follows.

offeringStateSize = 1 + 1 + 4 ∗ 10 = 42

In this case, the offering network input layer size is 42 and the output layer (equivalent

to the offering actions) size is equal to the number of neighbors multiplied by the

maximum request quantity, 4 ∗ 10 = 40. Hence, we include two hidden layers of 70

and 35 neurons into the network architecture with the same configuration for the

activation functions, weights initialization, and optimization algorithm as outlined

for the master network. The offering network architecture is illustrated in Fig. 7.3.

Similarly, as described in Section 6.6.2, the confirming state includes the requested

resource type value, the request utility function values, and offer costs for each possible

confirmation quantity for each neighbor’s offer. For instance, for a requester with four
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neighbors and maximum request quantity of 10, the confirming state size is calculated

as follows.

confirmingStateSize = 1 + 10 + 4 ∗ 10 = 51

In this case, the confirming network input layer size is 51 and the output layer (equiv-

alent to the confirming actions) size is equal to the number of neighbors multiplied by

the maximum request quantity, 4 ∗ 10 = 40. Again, we include two hidden layers of

70 and 35 neurons into the network architecture with the same configuration for the

activation functions, weights initialization, and optimization algorithm as outlined

for the master network. The confirming network architecture is similar to the one for

the offering network illustrated in Fig. 7.3.
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...
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ReLU ReLU ReLU

Identity

Figure 7.3: Deep neural network architecture for the offering network

7.4.2 Hyperparameters for Learning Processes

In deep reinforcement learning, there are numerous hyperparameters that require

proper setting and fine-tuning [30]. These hyperparameters can significantly affect

the quality of the learning processes. In our simulation experiments, the following

hyperparameters are empirically set for both the centralized and decentralized ap-

proaches.

We employ the epsilon-greedy strategy by balancing between exploration and

exploitation. In our learning processes, with probability of 1 − ϵ, the best action

is selected based on the current policy values, and with probability of ϵ, a random



65

action is selected. We run the learning processes for 20000 episodes. Initially, the

exploration rate ϵ is set to one. Over time, ϵ is decayed with a rate of 0.99982 to

a minimum value of 0.1 in order to further exploit the learned policy. Then, in our

evaluation runs, ϵ is set to zero in order to fully exploit the learned policy. We run

the evaluation processes for one episode, when the algorithm is deterministic; or for

1000 episodes, when there is a randomness in the environment or there is a stochastic

agent behavior, such as cascading requests in the decentralized protocol.

In addition, the discount factor, 0 ≤ γ ≤ 1, and the learning rate, 0 ≤ α ≤ 1,

used in computing the target values (Equation 5.7) are set as follows. γ determining

the present value of future rewards is set to 0.95. α determining to what extent new

information overrides old information is initially set to 0.001. We deploy a learning

rate decay technique called ReduceLROnPlateau. Using this scheduling technique

[22], α is reduced only when a specified metric does not improve for a number of

episodes greater than a value called patience. Hence, α is kept the same as long as

the metric is improving. We set the patience value to 500, and the reduction rate to

0.75. Hence, we reduce α with a factor of 0.75 when the metric does not improve for

more that 500 episodes. This is done by monitoring the loss function (Equation 5.5);

i.e., a lower score indicates better performance. We reduce α to a minimum value

of 0.0000001. By using ReduceLROnPlateau, we can achieve better performance. In

particular, when the neural network model reaches a plateau, ReduceLROnPlateau

reduces the learning rate α, which is used to adjust the model parameters (Equation

5.7). This scheduling technique is useful when the model has largely converged to the

optimal weights, and yet further smaller steps are required to fine-tune the network

weights. Furthermore, in our learning processes, the experience replay buffer size is

100000, with a batch size of 32; and the target network update frequency is 200.

It is important to note that neural network design and setting hyperparameters

for deep reinforcement learning is often an empirical process [22]. It involves exper-

imentation with different network architectures and various configurations. Hence,

each specific problem may require a different network design and configuration for the

number of layers, number of neurons, activation functions, optimization algorithm,

learning rate, discount factor, etc. In this thesis, our selected architectures and con-

figurations are the result of a series of experiments in order to fine-tune the learning

models and hyperparameters. While the selected settings may not be the optimal

ones, they produce satisfactory results for our research objectives.
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7.5 Experiments

In our simulation experiments, we evaluate the different approaches we presented

in chapters 5 and 6 to solve the SRAP using scale-free, small-world, and random

networks. For simplicity, we assign a weight of 1 to all the edges in the social networks.

In each experiment, we observe and compare the social welfare results over a different

parameter space. We run the experiments for one or many episodes depending on the

deterministic or stochastic behavior of the approach; and the static or dynamic setting

for the environment. In the decentralized protocol, in every episode, each agent: i)

receives tasks and resources, ii) negotiates and allocates resources, iii) performs tasks

given available resources. In the centralized approach, the master agent receives the

same tasks and resources for all the individual agents in each episode in order to solve

the same SRAP. We compare the social welfare result computed by the following

approaches:

• Decentralized protocol with greedy offering and confirming (DEC-GRD)

• Decentralized protocol with learning-based offering and confirming (DEC-RL)

• Centralized greedy approach (CEN-GRD)

• Centralized learning approach (CEN-RL)

• Centralized optimal solution (OPT)

7.5.1 Resource Ratio

In our first experiment, we observe how different approaches behave in different so-

cial networks when we vary the available resource quantity. There are eight agents

(A1, A2, ..., A8). Each agent has four tasks to do with utilities of 4, 9, 16 and 25.

There are two resource types. Each task requires two items per resource type. Four

agents (A1, A2, A3, A4) each have only one available resource item; hence, they act

as requesters. The other four (A5, A6, A7, A8) act as potential providers by having

more available resources varying from 7 to 15. The small-world and random networks

have an average degree of two; i.e. each agent has on average two direct neighbors.

Since the social networks are randomly generated, our results are the average over 10

random instances for each social network type.
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Figure 7.4: Results for varying available resource quantity in scale-free networks

Figure 7.4 illustrates our simulation results with scale-free networks. We observe

that the centralized approaches, CEN-GRD and CEN-RL outperform the decentral-

ized approaches, and they achieve social welfare results close to OPT by maintaining

a consistent margin as the available resource quantity increases. Moreover, CEN-RL

performs slightly better than CEN-GRD for higher values of resource quantity. On

the other hand, the decentralized approaches, DEC-GRD and DEC-RL underper-

form for lower number of resource quantity, and perform better as more resources

are available. We also observe that DEC-RL outperforms DEC-GRD increasingly as

there are more available resources. In particular, we observe that DEC-RL achieves

social welfare close to the centralized results at the higher end of parameter space,

when the available resource quantity is high.

Figure 7.5 illustrates our simulation results with small-world networks. We observe

similar results for the centralized approaches, CEN-GRD and CEN-RL. Notably,

CEN-RL achieves the optimal result at the point where the resource quantity is
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Figure 7.5: Results for varying available resource quantity in small-world networks

11. The decentralized approaches perform more closely over the parameter space,

while DEC-RL always outperforming DEC-GRD. We also observe that the difference

between centralized and decentralized results decreases as there are more available

resources.

Figure 7.6 illustrates our simulation results with random networks. Similar to the

results for other social network types, we observe that the centralized approaches,

CEN-GRD and CEN-RL achieve social welfare results close to the optimal solution,

OPT. Again, DEC-RL performs better than DEC-GRD by a little margin over all

the parameter space. We also observe that while the centralized approaches decline

at the higher end of parameter space, the decentralized approaches perform better

and achieve results close to the centralized ones.
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Figure 7.6: Results for varying available resource quantity in random networks

7.5.2 Resource Types

In this experiment, we study the impact of increasing the number of resource types.

All the parameters are the same as in the previous experiment, except that we fix

the available resource quantity and vary the number of resource types. There are

eight agents. Each agent has four tasks to do with utilities of 4, 9, 16 and 25. Each

task requires two items per resource type. Four agents each have only one available

resource item; the other four agents with more available resources receive 11 items

per resource type. We vary the number of resource types from 2 to 8. We observe

how different approaches behave in different social networks. The small-world and

random networks have an average degree of two. Our results are the average over 10

random instances for each social network type.

Figure 7.7 illustrates our simulation results with scale-free networks. We observe

that all approaches achieve less social welfare as the number of resource types in-

creases. This is expected as the SRAP becomes more complex. The centralized
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Figure 7.7: Results for varying number of resource types in scale-free networks

approaches, CEN-RL and CEN-GRD perform well compares to the decentralized ap-

proaches for lower number of resource types, and they achieve social welfare results

close to the optimal solution, OPT. Notably, CEN-RL outperforms CEN-GRD and

the decentralized approaches for any number of resource types. We also observe that

CEN-GRD declines sharply at the higher end of parameter space. On the other hand,

decentralized approaches decline more gracefully, and sustain a consistent gap rela-

tive to OPT. DEC-RL performs better than DEC-GRD for lower number of resource

types. However, DEC-GRD is more stable, and even outperforms CEN-GRD when

there are eight resource types.

Figure 7.8 illustrates our simulation results with small-world networks. Similar to

the results for the scale-free networks, we observe that the centralized learning-based

approach, CEN-RL exhibits a superior performance and achieves social welfare results

close to the optimal solution, OPT, consistently as the number of resource types

increases. However, CEN-GRD declines sharply and underperforms at the higher
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Figure 7.8: Results for varying number of resource types in small-world networks

end of parameter space. We also observe that DEC-RL outperforms DEC-GRD for

any number of resource types. Notably, the learning-based approaches, CEN-RL

and DEC-RL outperform the greedy approaches, CEN-DRD and DEC-GRD when

there are eight resource types. Hence, while the centralized approaches, CEN-RL and

CEN-GRD are superior at the lower end, the learning-based approaches, CEN-RL

and DEC-RL are dominant at the higher end of the parameter space.

Figure 7.9 illustrates our simulation results with random networks. We observe

that the results are similar to the ones for the other networks. The centralized ap-

proaches, CEN-RL and CEN-GRD achieve social welfare results close to the optimal

solution, OPT, when there are two resource types. However, they decline even more

sharply for higher numbers of resource types. Again, we observe that the decentral-

ized approaches are more scalable and decline more gracefully as the number of re-

source types increases. This is noticeable as they outperform CEN-GRD, when there

are eight resource types. It is also evident that CEN-RL outperforms all the other
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Figure 7.9: Results for varying number of resource types in random networks

approaches, and exhibits superior performance when the number of resource types

is low. Notably, both learning-based approaches, CEN-RL and DEC-RL outperform

their greedy counterparts, CEN-GRD and DEC-GRD for most of the parameter space.

7.5.3 Tasks

In this experiment, we study the impact of increasing the number of tasks per agent,

while all the tasks have the same utility. Similar to the previous experiment setup,

there are eight agents: the four agents with shortage of resources receive only one

item, and the other four agents with more available resources receive 11 items per

resource type. There are two resource types. All the tasks have the same utility

of five, and require two resource items per resource type. We vary the number of

tasks per agent from one to four in our simulation runs. We observe how different

approaches behave in different types of social networks. The small-world and random
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Figure 7.10: Results for varying number of tasks in scale-free networks

networks have an average degree of two. Our results are the average over 10 random

instances for each social network type.

Figure 7.10 illustrates our simulation results with scale-free networks. We observe

that for lower numbers of tasks, all the approaches perform well and with a little

margin compared to the optimal solution, OPT. We also find that while the central-

ized approaches dominate for most of the parameter space, the decentralized greedy,

DEC-GRD outperforms all the other approaches when there are two tasks per agent.

Hence, the centralized approaches perform consistently, in this type of network, with

minimal variance among them. Notably, while all the approaches achieve less social

welfare compared to OPT for higher number of tasks, the centralized learning-based,

CEN-RL surpass all the others when there are four tasks per agent. Moreover, CEN-

RL outperforms CEN-GRD by a little margin for most of the parameter space.

Figure 7.11 illustrates our simulation results with small-world networks. In this

type of network, we observe that the decentralized approaches, DEC-GRD and DEC-
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Figure 7.11: Results for varying number of tasks in small-world networks

RL perform consistently, and with a steady margin relative to OPT. On the other

hand, in contrast with the results for scale-free networks, the centralized approaches

exhibit more variance as the number of tasks increases. We observe that CEN-GRD

performs well for lower numbers of tasks, but underperforms for higher numbers of

tasks. Overall, similar to the scale-free results, CEN-RL achieves more social welfare

compared to all the other approaches over the parameter space, in particular, when

there are four tasks.

Figure 7.12 illustrates our simulation results with random networks. The social

welfare results are similar to the ones for small-world networks. It is evident that

the decentralized approaches, DEC-GRD and DEC-RL are more scalable than the

centralized approaches, CEN-GRD and CEN-RL, as the number of tasks increases.

In particular, we find that while CEN-GRD performs well when there are one and two

tasks, it underperforms when there are three and four tasks. We also observe that

similar to the results for scale-free and small-world networks, CEN-RL is dominant
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Figure 7.12: Results for varying number of tasks in random networks

at the higher end of parameter space, when there are four tasks per agent.

7.5.4 Dynamic Environment

In this experiment, we observe how the different approaches presented to solve SRAP

perform in a dynamic environment. We model such environment by varying the

available resource quantity and the number of tasks given to each agent; i.e. total

supply and demand quantities in each episode. We also increase the number of agents

to ten (A1, A2, ..., A10) in order to experiment with a larger network. We simulate the

dynamic environment by generating random parameters as follows. In each episode,

each agent receives a number of tasks randomly chosen from the set {1, 2, 4} with

utilities randomly chosen from {4, 9, 16, 25}. There are two resource types, and each

task requires two items for each resource type. Five agents (A1, A2, ..., A5) act as

requesters by receiving resources with a quantity randomly chosen from {0, 1, 2} for
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Figure 7.13: Results for varying available resource quantity in a dynamic environment
in scale-free networks

each resource type. The other five agents (A6, A7, ..., A10) act as potential providers

by receiving a fixed quantity for each resource type, varying from 7 to 15 in our

experiment runs.

Similar to the previous experiments, we investigate the social welfare results in

the three types of social networks. The small-world and random networks have an

average degree of four; i.e. each agent has on average four direct neighbors. Since the

social networks are randomly generated, our results are the average over 10 random

instances for each social network type. The optimal results OPT are not computed in

this experiment because of the random parameter settings. We run our experiments

for 1000 episodes for each resource quantity value from 7 to 15.

Figure 7.13 illustrates our simulation results with scale-free networks. We observe

that the centralized approaches outperform the decentralized approaches, in partic-

ular when the available resource quantity is low. The two centralized approaches,
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Figure 7.14: Results for varying available resource quantity in a dynamic environment
in small-world networks

CEN-GRD and CEN-RL perform very closely and consistently exhibit robust perfor-

mance over the parameter space. On the other hand, the decentralized approaches

underperform, in particular, when there are less available resources. We also observe

that DEC-RL outperforms DEC-GRD for most of the parameter space.

Figure 7.14 illustrates our simulation results with small-world networks. We ob-

serve similar results to the ones for scale-free networks. The centralized approaches,

CEN-GRD and CEN-RL exhibit supervisor performance by achieving even better

social welfare for lower numbers of resource quantity. We also observe that the de-

centralized learning-based approach, DEC-RL outperforms its greedy counterpart,

DEC-GRD by a bigger margin for most of the parameter space. Figure 7.15 illus-

trates our simulation results with random networks. The social welfare results are

very similar to the ones for small-world networks, with a little improvement for higher

numbers of resource quantity.
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Figure 7.15: Results for varying available resource quantity in a dynamic environment
in random networks

7.5.5 Transfer Cost

In this experiment, we study the impact of varying the cost incurred by transferring

resources among agents. The transfer cost (Definition 4) is a function of the number

of items being transferred between two agents. In this experiment, we consider a

packaging policy that allows bundling resource items into packages given a predefined

package size. Hence, the transfer cost becomes a function of the number of packages;

and as the package size increases, the transfer cost decreases. Then, we observe how

different approaches behave when we apply such packaging policy.

We use the following parameter settings. There are ten agents: five agents act

as requesters by receiving three items, and the other four agents act as potential

providers by receiving 11 items per resource type. There are two resource types, and

two tasks per agent, with utilities of 9 and 16. Each task requires five items per

resource type. Then, we vary the package size from one to five in our simulation runs
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Figure 7.16: Results for varying package size in scale-free networks

with different types of social networks. The small-world and random networks have

an average degree of four. Our results are the average over 10 random instances for

each social network type. Given the packaging policy, we are not able to solve the

centralized ILP formulation to find the optimal solution OPT, as the transfer cost

definition with package size is not a linear function.

Figure 7.16 illustrates our simulation results with scale-free networks. We observe

that the centralized approaches outperform the decentralized ones. Notably, the

learning based approach, CEN-RL exhibits superior performance and outperforms

its greedy counterpart, CEN-GRD for different values of package size. It is evident

that the gap between CEN-RL and CEN-GRD is larger when package size is low

and hence transfer cost is high, since CEN-GRD performs better as the package size

increases and achieves social welfare close to the CEN-RL results at the higher end

of parameter space. We also observe that DEC-RL achieves consistent results for

different package sizes, and outperforms DEC-GRD by a little margin for most of the
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Figure 7.17: Results for varying package size in small-world networks

parameter space.

Figure 7.17 illustrates our simulation results with small-world networks. We ob-

serve that the centralized learning-based approach, CEN-RL achieves even higher

social welfare compared to the result for scale-free networks. Likewise, DEC-GRD

performs better in small-world networks, and the margin between DEC-GRD and

DEC-RL is larger over all the parameter space.

Figure 7.18 illustrates our simulation results with random networks. Similar to the

results for other networks, the centralized approaches exhibit superior performance.

We find that the gap between CEN-RL and CEN-GRD is smaller in random networks.

We also observe that DEC-RL outperforms DEC-GRD only for smaller package sizes.
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Figure 7.18: Results for varying package size in random networks

7.5.6 Agents

In this experiment, we evaluate the scalability of our centralized and decentralized

greedy approaches by increasing the number of agents in the social network. We

experiment with different social network types comprising 8, 16, 24, 32 and 40 agents.

In cases of small-world and random networks, we use a network average degree of 2, 4,

6, 8, and 10 respectively. The learning-based approaches, CEN-RL and DEC-RL are

excluded in this experiment, as the training phase requires more computation time,

in particular for the centralized approach CEN-RL. We measure the quality of the

greedy approaches, CEN-GRD and DEC-GRD by computing the percentage ratio

between the social welfare results achieved by them and by the centralized optimal

solution: 100 ∗ socialWelfareGRD/socialWelfareOPT

In each scenario, the agents are divided into two groups with different available

resource quantities: one half faces shortage of resources, receiving only one item each,

while the other half has more available resources, with five items per resource type
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Figure 7.19: Results for varying number of agents in scale-free networks

given to each agent. There are two resource types, and two tasks per agent, with

utilities of 9 and 16. Each task requires two items per resource type. Our results are

the average over 10 random instances for each social network type.

Figure 7.19 illustrates our simulation results with scale-free networks. We ob-

serve that as the number of agents increases, the quality of decentrzalized greedy

approach, DEC-GRD increases. On the other hand, the quality of the centralized

greedy approach, CEN-GRD slightly decreases for higher numbers of agents. Hence,

we find that the gap between the quality of DEC-GRD and CEN-GRD decreases as

the number of agents increases. This suggests that while both approaches perform

well compared to the optimal solution, DEC-GRD is more scalable than CEN-GRD

with increasing number of agents in scale-free networks.

Figure 7.20 illustrates our simulation results with small-world networks. We ob-

serve that both CEN-GRD and DEC-GRD exhibit consistent qualities as the number

of agents increases. Similar to the results for scale-free networks, we find that the

gap between qualities of CEN-GRD and DEC-GRD is slightly less for higher num-

bers of agents. This suggests that DEC-GRD is more scalable than CEN-GRD with

increasing number of agents in small-world networks.
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Figure 7.20: Results for varying number of agents in small-world networks

Figure 7.21 illustrates our simulation results with random networks. We observe

similar results to the ones for scale-free and small-world networks. Again, we find

that the quality of DEC-GRD increases and the quality of CEN-DRG decreases with

more number of agents. Therefore, it results in a smaller gap among them when there

are more agents in the network. Hence, it is evident that DEC-GRD is more scalable

than CEN-GRD with increasing number of agents in random networks.

7.5.7 Network Degree

In this experiment, we evaluate the impact of connectivity among the agents on the

quality of the centralized and decentralized greedy approaches by varying the network

average degree. This experiment is only done for small-world and random networks,

as we do not vary the average degree in scale-free networks. Similar to the previous

experiment, the learning-based approaches are excluded in this experiment, and we

measure the quality of the greedy approaches by computing the percentage ratio

between the social welfare results achieved by them and by the centralized optimal

solution: 100 ∗ socialWelfareGRD/socialWelfareOPT
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Figure 7.21: Results for varying number of agents in random networks

We use the following parameter settings similar to the ones for previous experi-

ment, except that the number of agents is fixed. There are ten agents in the network.

Again, we divide them into two groups. Five agents face shortage of resources and act

as requesters by receiving only one item each, and the other five agents have extra

available resources and act as potential providers by receiving five items each per

resource type. There are two resource types, and two tasks per agent, with utilities of

9 and 16. Each task requires two items per resource type. Then, we vary the network

average degree from two to eight in our simulation runs. Our results are the average

over 10 random instances for each social network type.

Figure 7.22 illustrates our simulation results with small-world networks. We ob-

serve that the quality of centralized greedy approach, CEN-GRD slightly increases

with higher values of network degree. Therefore, we find that CEN-GRD performs

better in highly connected small-world networks. Conversely, we observe that the

quality of decentralized greedy approach, DEC-GRD is slightly better at the network

degree of four. This could be because of more unused transferred resource items, while

incurring extra transfer cost when there are many connections among the agents. This

suggests that DEC-GRD performs better in partially connected small-world networks.
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Figure 7.22: Results for varying network average degree in small-world networks

Therefore, the gap between qualities of CEN-GRD and DEC-GRD is slightly less in

such network settings.

Figure 7.23 illustrates our simulation results with random networks. We observe

that the quality of centralized greedy approach, CEN-GRD is consistent as the net-

work degree increases. On the other hand, the results show that the quality of de-

centralized greedy approach, DEC-GRD is slightly better at the network degree of

four. Hence, similar to the results for small-world network, we find that DEC-GRD

performs better in partially connected random networks, resulting in the gap between

qualities of CEN-GRD and DEC-GRD to be slightly less in such network settings.

Again, this is caused by extra transfer cost of resource items, which might not be

used in performing tasks. In other words, when each agent has many connections,

the cascading of requests and offers in the decentralized protocol is more complex,

and may result in extra transfer cost.
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Figure 7.23: Results for varying network average degree in random networks

7.6 Discussion

The series of experiments outlined in the previous sections provide a comprehensive

investigation into the performance of centralized and decentralized approaches, incor-

porating both greedy and learning-based methods, under various parameter settings.

The experiments are designed to vary the available resource quantity per agent, the

number of resource types, the number of tasks per agent, the environmental dynamics,

transfer costs, the number of agents, and the network average degree. Each exper-

iment offers insights into the efficiency and scalability of our different approaches

(CEN-GRD, CEN-RL, DEC-GRD, and DEC-RL) in solving the SRAP. In the fol-

lowing sections, we compare their overall performance and discuss their strengths

and limitations across different scenarios. Additionally, we discuss the practical im-

plications of our findings and provide recommendations for real-world applications,

considering when to employ centralized versus decentralized approaches and when to

leverage greedy or learning-based methods.
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7.6.1 Centralized vs. Decentralized

Overall, the centralized approaches, CEN-GRD and CEN-RL exhibit superior perfor-

mance across different social network types and experimental setups. This superiority

is attributed to their global view of the social network and complete knowledge of

tasks and resources, allowing for near-optimal resource allocation solutions that max-

imize the social welfare.

From the experiments with resource ratio and resource types, we find that the cen-

tralized approaches consistently perform close to the optimal solution, particularly

evident in scale-free and small-world networks. In addition, the experiment with a dy-

namic environment further demonstrates the efficiency of centralized decision-making,

particularly under varying supply and demand quantities. However, the performance

of centralized approaches substantially diminishes in two scenarios. First, we observe

a significant decline with an increase in the number of resource types, indicating an

increased complexity in allocating multiple types of resources. Second, as we ob-

serve in the experiment with number of tasks, the centralized approaches become less

effective with higher number of tasks, indicating another complexity factor in the

centralized processes.

On the other hand, the decentralized approaches, DEC-GRD and DEC-RL, while

generally underperforming compared to the centralized ones, demonstrate higher ef-

ficiency in the settings with higher resource availability or lower number of tasks,

as they begin to close the gap with the centralized ones. In addition, by compari-

son to the optimal solution, they demonstrate higher scalability in the experiments

with increasing number of resource types, tasks, and agents. This resilience could

be attributed to the localized decision making and self-organizing behavior, which is

advantageous as the complexity of SRAP increases. This suggests that the decentral-

ized approaches might be more effective in larger social networks with more complex

task requirements, where the centralized approaches become less feasible.

It is also important to note that there is a fundamental difference in our central-

ized and decentralized approaches, which lies in our algorithm design for allocating

resources to tasks in each approach. In the centralized approaches, the master agent

iteratively selects feasible tasks and allocates required resource to them. This process

is repeated until all available resources are allocated to the feasible tasks. The key

point is that only one task is considered in each iteration in the centralized approach.

On the other hand, in the decentralized negotiation-based protocol, each agent is
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allowed to create a request for its missing resource quantity for a bundle of tasks.

Hence, by confirming one or more potential offers, the requester agent may be able

to perform one or more tasks given its updated available resources. This bundling

behavior in the decentralized approach can potentially improve its scalability with

increasing number of tasks, as we observe in the respective experiment.

7.6.2 Greedy vs. Learning-based

The centralized and decentralized greedy approaches, CEN-GRD, DEC-GRD provide

a baseline performance in all the experiments. They are particularly effective when

the problem is less complex, as observed in the experiments with higher number of

available resources, and lower number of resource types. However, as the complexity

of problem increases, the performance of both CEN-GRD and DEC-GRD begins to

degrade. This decline is evident in experiments involving a higher number of resource

types, dynamic supply and demand settings in dynamic environments, and higher

transfer costs introduced by the packaging policy.

On the other hand, the centralized and decentralized learning-based approaches,

CEN-RL and DEC-RL, demonstrate a higher degree of adaptability and consistently

outperform their greedy counterparts in more complex scenarios. These learning-

based approaches are able to optimize their decision-making over time, learning from

the environment and adjusting their policies to maximize the social welfare. In par-

ticular, we observe the superiority of CEN-RL in experiments with higher number

of resource types, and higher transfer costs. Similarly, DEC-RL is superior to DEC-

GRD in experiments with varying resource ratio, and dynamic environments. This

highlights the adaptability of learning-based approaches in optimizing their policies

in scenarios with high-dimensional decision spaces, dynamic settings, and non-linear

relations.

7.6.3 Social Network Type

Our simulation experiments with centralized and decentralized, greedy and learning-

based approaches present consistent social welfare results across different types of

social networks in small settings. This consistency suggests the adaptability of our

different approaches to solve the SRAP in such social network settings. One might

generally expect to observe better performance with the learning-based approaches in

small-world and scale-free networks compared to random networks. This is because of
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the structured nature of their topology, which might be better captured in the learning

process for selecting the best task manager in the centralized approach, and the best

offer and confirmation when negotiating on resources in the decentralized protocol.

Observing such behavior requires more extensive simulation experiments with larger

social networks and varying network degrees. Larger social networks would amplify

the impacts of network type and degree on social welfare results, providing clearer

insights into how our proposed methods perform in more complex, real-world social

network settings.

7.6.4 Practical Implications and Recommendations

In the experiments with lower number of agents, lower number of resource types, and

lower transfer cost, we find that the centralized greedy approach might be sufficient to

achieve near-optimal outcomes at lower computational costs. However, in the experi-

ments with higher number of agents and higher number of resource types, we observe

better scalability of the decentralized protocol as the number of agents and number

of resource types increase. The decentralized social welfare results in such experi-

ments suggest a significant potential for real-world large-scale applications, where a

centralized approach is impractical due to computational cost, or unjustified due to

safety and security concerns regarding a single point of failure. Therefore, it might

be advantageous to deploy the decentralized protocol in such large-scale scenarios.

In addition, the adaptability of learning-based approaches in dynamic environ-

ments, make them suitable for real-world applications, in which the supply and de-

mand quantities change over time. In particular, in scenarios with real-time con-

straints, the decentralized learning-based approach is recommended due to its self-

organizing behavior and less computational time in the learning process. Therefore,

in large social networks with both dynamic and real-time requirements, the decentral-

ized learning-based approach might be the best candidate to ensure both scalability

and adaptability at a lower computational overhead, while presenting timely solutions

to the SRAP. In the followings, we describe two real-world applications, and discuss

the suitability of our solutions.

Hospital Resource Management

An instance of the SRAP can be seen in the hospital resource management. In a

network of hospitals, efficient allocation of resources is crucial for enhancing patient
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care across multiple locations. In particular, this is evident in situations like the

COVID-19 pandemic, where the supply and demand quantities change over time,

with sudden spikes in number of patients or sudden shortages of medical supplies,

such as ventilators, ICU beds, and medical personnel. In such scenarios, a central-

ized learning-based approach like CEN-RL could dynamically allocate resources, and

achieve near-optimal social welfare at least for small networks. However, in larger

networks with more number of hospitals, patients, and resource types, the centralized

learning process may become impractical. Hence, a decentralized approach like DEC-

RL might be more appropriate. The rationale is that a decentralized protocol has the

self-organizing behavior. It supports autonomy and allows the individual hospitals

to act more promptly to local changes in supply and demand, without the need for a

central control.

Data Center Resource Management

Another instance of the SRAP can be seen in the data center resource management.

A network of data centers can leverage an optimization process when allocating cloud

resources to their computing jobs. Given limited number of resource types, including

computing power, memory, storage, and network bandwidth, a centralized learning-

based approach like CEN-RL might be the best candidate for solving the cloud-

based resource allocation problem in small networks. On the other hand, in case of

larger networks with many data centers, a centralized greedy approach like CEN-GRD

might be more appropriate, since it is computationally faster than the learning-based

approach. However, with increasing number of tasks or computing jobs, a centralized

approach may not be scalable. In particular, in scenarios that the jobs have deadlines,

a decentralized approach like DEC-RL might be a better candidate by enhancing

responsiveness and reducing latency, while achieving social welfare results close to

the centralized ones.

7.6.5 Limitations

Our evaluation using simulation experiments in this chapter includes the following

limitations. We assume that the agents are always responsive and execute the pro-

cesses in Algorithm 5 consecutively. We also assume that the communication channel

is reliable, allowing the messages to be received after a known transmission delay.

Moreover, we simulate their interaction phases in a synchronous approach. This is
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done by including a rejection response for requests; i.e. any received request must

be replied with an offer with qoff ≥ 0, where qoff = 0 implies a rejection. There-

fore, we can run our experiments synchronously without incorporating real timeouts,

allowing us to run for many episodes, in particular in the learning-based approach.

However, this might not be practical in a real-world scenario, where agents may be

down, and therefore not responsive, or the messages may be lost, causing their neigh-

bors to be waiting for replies to their requests. That is why our protocol design

in chapter 6 involves asynchronous interactions by applying timeouts, allowing the

interactive behaviour to be reliable. Further limitations in our evaluation include lim-

ited experiments, number of agents, number of tasks, task requirements, and transfer

costs. In addition, our learning-based results are based on a limited number of train-

ing episodes.
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Chapter 8

Conclusions and Future Work

In this thesis, we investigate the social resource allocation problem (SRAP) in multi-

agent systems, focusing on maximizing social welfare by efficiently distributing lim-

ited resources in social networks with limited connectivity. The SRAP is relevant in

various real-world scenarios, such as healthcare, disaster response, cloud computing,

where different types of resources need to be allocated to participants distributed

along the social network. We provide a comprehensive analysis of solving SRAP in

three types of social networks, including small-world, scale-free, and random net-

works. We explore both centralized and decentralized approaches, utilizing different

heuristics, greedy, Markov Decision Process (MDP), deep Q-learning, and optimiza-

tion techniques summarized as follows:

• DEC-GRD : a decentralized negotiation-based protocol with greedy offering and

confirming using request utilities and offer costs

• DEC-RL: a decentralized negotiation-based protocol with learning-based offer-

ing and confirming by modeling the offering and confirming processes as MDPs

• CEN-GRD : a centralized greedy approach using task utilities and resource

transfer costs

• CEN-RL: a centralized reinforcement learning approach by modeling the task

selection process as a MDP

• OPT : a centralized optimal solution by modeling the SRAP as an integer linear

programming (ILP)
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The simulation results of this research offers valuable insights into the strengths

and limitations of different approaches (DEC-GRD, DEC-RL, CEN-GRD, and CEN-

RL) to solve the SRAP in different social networks. Our findings can be summarized

as follows.

• Centralized vs. Decentralized : the centralized greedy and learning-based ap-

proaches leverage global knowledge in their decision making process. These

methods generally achieve higher social welfare results compared to the de-

centralized greedy and learning-based approaches. However, the centralized

approaches struggle with scalability when the number of agents, tasks, or re-

source types increases. On the other hand, the decentralized approaches are

more suitable for large-scale systems. In addition, they can avoid a single point

of failure and exhibit self-organization, since they only rely on local knowledge

and local interactions among the agents.

• Greedy vs. Learning-Based : the greedy mechanisms offer a straightforward

mechanism to solve the SRAP, by prioritizing tasks based on their efficiency.

These methods are effective in static environments and for less complex set-

tings. On the other hand, the learning-based mechanisms are more suitable

in dynamic environments, where the resource supply and demand quantities

change over time. They exhibit adaptability by optimizing their policies over

time, in particular, when the problem has high-dimensional decision spaces,

dynamic settings, and non-linear relations.

• Practical Implications : The scalability of the decentralized protocol (DEC-GRD

or DEC-RL) makes it highly suitable for large social networks, where a central-

ized approach (CEN-GRD or CEN-RL) might be impractical because of high

computational cost. In addition, the ability to adapt to changes in dynamic

environments is crucial for effective resource allocation in real-world scenar-

ios. This research highlights the advantage of incorporating deep reinforcement

learning in developing adaptive approaches that respond to evolving supply and

demand quantities. The learning-based mechanisms presented in this thesis,

particularly DEC-RL, exhibit promising performance in such dynamic settings.

Furthermore, the self-organization property of the decentralized protocol might

be advantageous in scenarios with safety and security concerns regarding a single

point of failure. Therefore, the decentralized learning-based approach (DEC-
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RL) might be the best candidate to ensure efficiency, scalability, adaptability,

and self-organization in real-world large-scale applications.

It is important to note that there are some limitations in our formulation of the

social resource allocation problem (SRAP), as well as our presented mechanisms and

simulation models. In the followings, we outline a number of future research directions

that could address those limitations.

• One of our main assumptions is that the social network structure does not vary

over time, i.e. during the episodes in our simulation experiments. This allows

the learning-based methods to perform well given static nature of the network

environment. However, in many real-world scenarios, the networks might be

dynamically changing over time, by adding or removing nodes and connections.

In such scenarios, pre-existing trained models might not be as effective as in the

static case, depending on the degree of variation in the network. Therefore, fu-

ture work could incorporate online learning to continuously update the learning

models in order to adapt to the changes in network environment.

• Another assumption in this thesis is that the agents are considered to be honest,

and to have a common goal to increase the social welfare. This allows the agents

to trust each other in their negotiations and processing of request utility and

offer cost functions. However, in a more general scenario where agents might be

deceptive and also pursuing their individual goals in addition to the common

goal, future work could investigate a game-theoretic approach to design their

interactions, and collaborative behaviour.

• In our simulation experiments, we assume that the agents are always responsive;

and also the communication channel is reliable; i.e. the messages are received

after a known transmission delay. An extension of this work could focus on pos-

sibility of unresponsive agents and lossy communication. Another possibility is

to consider malicious interference by a third party, where the communication

channel could be intercepted or the messages could be changed. In such envi-

ronments, the agents should still be able to make theirs decisions and continue

their operations.

• In our decentralized learning-based approach (DEC-RL), we model the offering

and confirming action spaces based on all the possible offering and confirming
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quantities up to the requested quantity in the negotiation process. In scenarios

with large resource quantities or continuous numbers, action space discretization

might be necessary in order to reduce the complexity of the action space, leading

to a more efficient learning process. Alternatively, other reinforcement learning

techniques such as policy gradient or actor-critic could be explored in order to

handle a large space of actions.

• Future research could also explore hybrid approaches that combine the central-

ized and decentralized mechanisms. Combining the strengths of global opti-

mization and local adaptability may offer more effective solutions in complex

social network settings and dynamic environments.

• Future work should also focus on validation with real data by targeting one or

more specific real-world instances of the SRAP, such as healthcare or cloud re-

source management. Experimenting with real-world social networks can provide

valuable insights on the quality of our centralized and decentralized approaches,

and also the sensitivity of our results to various parameters used in our algo-

rithms and learning models.
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Appendix A

Notational Conventions

Table A.1: List of symbols used in algorithms

Symbol Description

a agent

ai agent i

ap provider agent

at agent with task t

at Markov action in step t

A set of agents

Areq set of request recipients

cstoff offer cost function

costtrf cost of transfer

D replay memory

dst distance function

e episode

itmcnf confirmed resource items

itmoff offered resource items

loc task location function

N capacity of D

qalc allocated quantity

qavl available quantity

qcnf confirmed quantity

qoff offered quantity

Continued on next page
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Table A.1 continued from previous page

Symbol Description

qreq requested quantity

qrqr required quantity

qtrf transferred quantity

Q policy action-value function

Q′ target action-value function

r resource type

rqr task requirement function

R set of resource types

rsc individual agent resource function

rt Markov reward in step t

st Markov state in step t

SW social welfare

t step

t task

T set of tasks

Te set of tasks in current episode

tcs transfer cost function

Nai neighbors of ai

τoff offer timeout

τreq request timeout

τ oreq original request timeout

θ weights of policy network

θ′ weights of target network

trc total (all agents) resource function

tsk task function

utlreq request utility function

utilt utility of t


