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Abstract

The dockless Bike-Sharing Systems (BSSs) have grown in recent decades, serving

as a means of urban mobility capable of reducing traffic congestion and environmental

pollution. Compared to conventional docked systems, these systems simplify the

process for users, allowing them to pick up and return bicycles anywhere within the

service area. However, the lack of physical stations and the asymmetry of demand

lead to spatiotemporal imbalances: the accumulation of bicycles at certain points and

their complete absence at others severely compromises the system’s effectiveness and

reliability.

To address this issue, this thesis proposes a solution based on dynamic rebalancing

that utilizes Multi-Agent Reinforcement Learning (MARL) techniques. The problem

has been formulated as a Markov Decision Process (MDP), in which a fleet of intelligent

agents controls the movements and logistical operations (pickup, delivery, recharging)

of vehicles tasked with rebalancing demand. To represent the complex topology and

operational dynamics of the road network, the simulation environment was modeled

using a graph structure, dividing the area into cells. The system state is processed via a

graph neural network architecture, which allows agents to extract spatial features and

identify critical areas in real time.

As a case study, the model was tested and validated on a real-world road network in

Manhattan (New York, USA). Numerous simulation tests were conducted to assess the

agent’s learning ability and improve its performance, demonstrating the effectiveness of

the proposed approach through a reduction in service failures and an even distribution

of vehicles across the area.
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1
Introduction

Bike-Sharing Systems (BSSs) are micro-mobility platforms that offer a flexible, sus-

tainable, cost-effective, and on-demand transportation alternative for short-to-medium

distance travel. The development of BSSs was aimed at lowering the usage of private

transport vehicles, solving the problems related to traffic pollution and minimizing the

emission of greenhouse gases in metropolitan cities. BSSs have been incorporated in

the framework of urban transportation systems. Along with public transport such as

subways, railway transport and buses, bike-sharing has become one of the most widely

adopted modes of urban mobility [1]. The integration of these two means of transport

promotes the creation of an intermodal transportation system, where individuals can

take advantage of the large capacity of public transport for traveling great distances

and the wide availability of bike-sharing for the beginning or end of their trip [2, 3].

The classification of BSSs is determined by their structure [4]:

• Station-based BSSs: These are the traditional and most common form, where

bikes should be rented and returned only from specific physical stations. The

organization of such systems provides high orderliness of city life; however, it ties

the users to the existence of the corresponding infrastructure.

• Dockless BSSs: These have no fixed stations, users can rent and return bikes

wherever they want, enabled by dedicated smartphone application, the Global

Positioning System (GPS) on every bike, and internet to locate the bikes. While

offering the greatest flexibility for the users, such systems cause serious problems

in maintaining order (e.g., unauthorized parking).

Despite their benefits, BSSs face substantial socio-spatial and operational challenges.

From a geographical perspective, they often suffer from severe spatial inequities, with

fleets clustering in affluent central districts while neglecting suburban and disadvan-

taged communities. Additionally, daily commuting patterns induce highly asymmetric
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(a) Station-based BSSs. (b) Dockless BSSs.

Figure 1.1: Types of BSSs in the world.

traffic flows: a massive influx of bikes towards urban centers in the morning is typi-

cally followed by a prominent exodus in the afternoon. To counteract this fluctuating

demand and ensure system efficiency, operators must continuously redistribute the

vehicles in a complex maintenance task known as rebalancing [5].

This thesis presents a data-driven, dynamic rebalancing framework for dockless BSS.

The goal is to design an intelligent, adaptive decision-making strategy that mitigates

vehicle shortages, optimizes battery charging, and guarantees equitable service avail-

ability across complex urban road networks. The contributions of this work encompass

the entire process of modeling and solving the fleet management problem. First, the

urban road network and stochastic user demand are formalized as a Markov Decision

Process (MDP) defined on a discrete-cell graph, which incorporates continuous-time

demand dynamics, realistic travel speeds, and battery consumption models. Build-

ing on this formulation, it develops a Multi-Agent Reinforcement Learning (MARL)

approach that combines Proximal Policy Optimization (PPO) with Graph Attention

Network (GAT), enabling autonomous rebalancing agents to process the structural

characteristics of the road network and identify critical demand areas in real time.

Then, it establishes a generalized multi-area framework that leverages parameter shar-

ing to train a single, area-independent policy across geographically distinct regions,

achieving scalability without increasing network complexity. Finally, the proposed

architecture is empirically validated using historical Citi Bike data from Manhattan,

New York, to assess its effectiveness. The experimental results confirm that the learned

rebalancing policy effectively mitigates service failures and ensures a more uniform

distribution of bikes across the network compared to the baseline models examined,

demonstrating the feasibility of the proposed framework.
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Contributions

With respect to the existing literature on BSS rebalancing, and in particular to the

system formulation this work builds upon [6, 7], the contributions of this thesis can be

summarized as follows:

1. A unified MDP formulation for rebalancing dockless BSS, which jointly models

stochastic user demand in continuous time, realistic travel speed distributions, and

battery depletion dynamics on a discrete-cell graphical representation of the urban

road network, extending the system model in [7] with a multi-area formulation.

2. An extension of O’Mahony’s classic static rebalancing scheme [8] into an hourly,

demand-adaptive baseline, used along with a free scenario (without interventions)

to provide a comparison between the absence of rebalancing, periodic static redis-

tribution, and the proposed dynamic framework. The devised solution leverages

a novel MARL approach based on PPO with GAT, which includes a continuously

adaptive on-policy actor-critic scheme.

3. An empirical validation on real-world Citi Bike trip data from Manhattan, New

York, quantifying the benefits of the proposed dynamic approach: up to a 90.5%

reduction in service failures with respect to the free scenario and a further 54.4%

reduction with respect to the static baseline, depending on the study area.

Thesis Outline

The remainder of this thesis is organized as follows:

• Chapter 2: Theoretical Background introduces the mathematical foundations

of Reinforcement Learning (RL), MDPs, Deep Reinforcement Learning (DRL),

PPO, and MARL training paradigms such as Centralized Training Decentralized

Execution (CTDE).

• Chapter 3: State of the Art reviews literature on static and dynamic BSS rebalanc-

ing, data-driven optimization in micro-mobility, spatial fairness, and multi-agent

fleet management techniques.

• Chapter 4: System Model formalizes the graph representation of the urban BSS,

user demand modeling via Continuous-Time Markov Chain (CTMC), fleet battery

dynamics, and the multi-area environment extension.

• Chapter 5: Proposed Framework details the data preprocessing pipeline using

Manhattan Citi Bike records, the discrete MDP formulation (state space, action

set, and reward function), the Graph Attention Network v2 (GATv2)-based PPO

network architecture, and the multi-area parameter sharing mechanism.
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• Chapter 6: Simulations & Results describes the experimental setup across two

distinct subareas in Manhattan, compares the proposed dynamic strategy against

static rebalancing baselines, and analyzes performance metrics and policy decision

behavior.

• Chapter 7: Conclusions and Future Work summarizes the main findings and

contributions of this thesis and highlights potential directions for future work.
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2
Theoretical Background

This chapter presents the theoretical basis required to understand the methods dis-

cussed in the following chapters. It first introduces the basic concepts of Reinforcement

Learning (RL) and Markov Decision Process (MDP). Tabular Q-learning and artificial

neural networks are then discussed as the conceptual foundations of Deep Reinforce-

ment Learning (DRL). The main paradigms of the DRL are subsequently presented,

with particular emphasis on Proximal Policy Optimization (PPO), the central algorithm

used in this work. Finally, the discussion is extended to the multi-agent setting, focusing

on its formalization, and reference training architectures.

2.1 Basics of Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning dedicated to studying

the behavior of an autonomous agent with its environment to achieve the expected

cumulative return. Unlike supervised learning, where the model uses a predetermined

set of labeled instances to learn, or unsupervised learning, which seeks patterns in

unlabeled data, RL is interactive by nature, combining learning and decision-making.

The following concepts are discussed in detail in [9].

RL is based on the repeated interaction between an autonomous agent and an

environment. At each time step C, the agent observes information about the current

condition of the environment, chooses an action �C according to its policy, and receives

feedback from the resulting transition. This feedback consists of a scalar reward 'C+1

and a new state (C+1, which provide the basis for subsequent decisions. The agent

learns through trial and error, analyzing the results of its actions, and adjusting its

behavior accordingly.

The interaction between the agent and the environment are formally described by
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a Markov Decision Process (MDP). An MDP is defined as a tuple < S ,A ,P ,ℛ , � >,

where:

• S represents the set of states (the state space).

• A represents the set of possible actions available to the agent (the action space).

• P 0BB′ = P((C+1 = B′ | (C = B, �C = 0) is the state transition probability matrix,

defining the transition probability from state B to state B′ due to action 0.

• ℛ 0B = E('C+1 | (C = B, �C = 0) specifies the expected immediate reward received

after taking action 0 in state B.

• � ∈ [0, 1) is the discount factor, which determines the present value of future

rewards.

The core RL interaction can therefore be depicted as shown in Figure 2.1.

Agent

Environment

Action �C

'C+1

(C+1

Reward 'CState (C

Figure 2.1: The agent-environment interaction in a Markov Decision Process.

The Markov property is a fundamental assumption associated with MDPs. A

stochastic process is said to exhibit Markov property if its conditional probability distri-

bution for future states depends only on the current state and action, being independent

of past states and actions. This means that the current state contains all relevant past

information necessary to describe the conditional distribution of future transitions [9].

The main objective of the RL agent is the maximization of long-term reward, rather

than immediate reward. This idea is formalized in terms of the return�C , which denotes

the discounted sum of rewards collected from time step C onward. For continuing tasks,

the discount factor � helps to ensure that the infinite sum of future rewards remains

bounded under standard assumptions on the reward signal. Discounted return is given

as:

�C = 'C+1 + �'C+2 + �2'C+3 + · · · =





∑∞
:=0 �

:'C+:+1 , � ∈ (0, 1)

'C+1 , � = 0
. (2.1)

The parameter � controls the weight of future rewards: if � = 0, then the agent is
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myopic and only considers immediate reward 'C+1; as �→ 1 the agent becomes more

future-oriented and assigns greater importance to future rewards.

To evaluate the desirability of states and actions, RL makes use of value functions.

The agent’s behavior is governed by a policy �(0 | B), which defines the probability of

selecting action 0 given state B. The state value function +�(B) computes the expected

return starting from state B under policy �:

+�(B) = E� [�C | (C = B] . (2.2)

Likewise, the action value function &�(B, 0) determines the expected return of taking

action 0 in state B according to policy �:

&�(B, 0) = E� [�C | (C = B, �C = 0] . (2.3)

A key property of value functions is their recursive nature, meaning they satisfy the

so-called Bellman equations. The Bellman expectation equation expresses the value of

a state as the expected immediate reward plus the discounted value of the subsequent

state:

+�(B) =
∑

0∈A

�(0 | B)
∑

B′∈S

P 0BB′ [ℛ
0
B + �+�(B′)] . (2.4)

In RL, the ultimate goal is to determine an optimal policy �∗, which yields the highest

expected return for each state and leads to optimal value functions: +∗(B) = max�+
�(B)

and &∗(B, 0) = max�&
�(B, 0). The following subsections present standard techniques

for implementing these maximization procedures in practice.

2.1.1 Tabular Q-learning

Q-learning is a model-free RL technique, meaning it does not require a prior model

of the environment’s transition dynamics. The objective is to approximate the optimal

action-value function &∗(B, 0), which gives the maximum expected return starting at

state B and following the optimal policy after taking action 0. The value estimation is

updated incrementally after each interaction with the environment, represented by the

transition tuple ((C , �C , 'C+1, (C+1):

&((C , �C) ← &((C , �C) + 
['C+1 + � max
a’

&((C+1, a’) −&((C , �C)] , (2.5)

where 
 is the learning rate, � is the discount factor, and 'C+1 + � maxa’ &((C+1, a’) is

the update target, also known as the Temporal Difference (TD) target.
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The Q-function in the tabular format is expressed as a table with one entry per

state-action pair. Watkins and Dayan [10] showed that Q-learning converges to the op-

timal action-value function provided that all state-action pairs are continually updated

(adequate exploration) and the learning rate meets specific stochastic approximation

conditions. However, this tabular approach faces severe limitations when applied

to continuous state spaces or high-dimensional discrete environments. In the last sce-

nario, the size of the Q-table grows exponentially with the number of states and actions,

leading to the curse of dimensionality1. This limitation motivated the development of

Deep Reinforcement Learning (DRL), and specifically, deep Q-learning, where the Q

function is approximated by a neural network.

2.1.2 Neural Networks

An Artificial Neural Network (ANN) is a network of interconnected units, called

neurons, modeled on the working principles of a biological nervous system [9, 12]. The

parameters of a neural network are typically learned by minimizing a loss function. The

backpropagation algorithm computes the gradient of the loss with respect to the net-

work parameters, which are then updated using a gradient-based optimization method

[13]. Depending on their connectivity pattern, ANNs can be broadly classified as feed-

forward networks, which contain no recurrent connections, and recurrent networks,

which include feedback connections. A feedforward ANN, as illustrated in Figure 2.2,

receives a feature vector G as input, processes it through one or more hidden layers ℎ

by applying weights F8 9 , biases, and nonlinear activation functions, and produces an

output H.

G1

G2

G3

Feature

Vector

x

ℎ1

ℎ2

ℎ3

H1

H2

F11

F8 9

Input Layer Hidden Layer Output Layer

Figure 2.2: Feedforward ANN [9].

1The curse of dimensionality refers to the rapid growth in computational and memory requirements
caused by an increasing number of state and action variables [11].
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The universal approximation theorem by Hornik et al. [14] is an important result

from neural network theory which proves that a feedforward neural network with a

single hidden layer and a sufficient number of neurons can approximate any continuous

function on compact sets with arbitrary precision, if the activation function satisfies

certain conditions (i.e., suitable regularity and non-degeneracy conditions). This result

provides a theoretical motivation for using neural networks as function approximators

for value functions and policies in DRL.

2.2 Deep Reinforcement Learning

Although classical RL establishes a solid theoretical basis using MDPs, traditional

tabular approaches, such as conventional Q-learning, are limited when applied to

complex, realistic applications. Tabular methods involve explicitly storing state values

or state-action values in memory. However, as the number of state and action variables

increases, the number of discrete state-action combinations can grow exponentially.

In continuous or high-dimensional spaces, explicit tabular representations become

impractical or impossible [9, 15]. To address these limitations, DRL combines RL with

deep neural networks, which are used as flexible function approximators for policies,

value functions, and action-value functions [16]. By using parameters � and ) to

approximate policies ��(0|B), state values +)(B), or action values &)(B, 0), the learning

process can generalize across states without requiring a visit to every possible state

[17].

Based on how they model the decision process, DRL algorithms generally fall into

three main paradigms:

• Value-based approaches: Aim to approximate the optimal action-value function

to implicitly find the optimal policy.

• Policy-based approaches: Aim to directly optimize the policy distribution, without

relying on learned value functions.

• Actor-Critic approaches: Combine policy optimization with value estimation. The

actor selects actions according to the current policy, while the critic evaluates them

using a value function and provides feedback to improve the actor.

Value-based Approaches

In value-based DRL algorithms, the optimal action-value function&∗(B, 0) is approx-

imated with a deep neural network &)(B, 0). The agent updates the network parame-

ters by implicitly deriving the policy from the greedy action 0∗ = arg max0∈A &)(B, 0).
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The most widely used value-based algorithm is Deep Q-Network (DQN), which intro-

duced two techniques to stabilize learning in complex environments: experience replay

to reduce temporal correlations between consecutive transitions, and target networks to

stabilize the bootstrapped targets2 [18].

The main strength of value-based approaches is their high efficiency in terms of data

use, since transitions from the past saved in the replay memory can be reused multiple

times for updating network parameters. However, standard value-based methods are

naturally suited to discrete action spaces, since selecting an action requires evaluating or

maximizing &(B, 0) over the available actions. In addition, some value-based methods

can suffer from overestimation bias and optimization instabilities [19].

Policy-based Approaches

Instead of estimating the value of an action, policy-based methods directly model

the policy itself as a probability distribution ��(0 | B) over actions, parameterized by a

set of weights �. The aim is to optimize the objective function �(�) by updating � in

the direction of the performance gradient ∇��(�) using gradient ascent [9]:

�C+1 = �C + 
∇��(�C) . (2.6)

Policy gradient methods operate by computing an estimator of the policy gradient and

plugging it into a stochastic gradient ascent algorithm [20]. Based on the policy-gradient

theorem, the gradient can be estimated without explicitly knowing the transition dy-

namics of the environment [21]:

∇��(�) = E��

[
∇� log��(�C | (C)�C

]
, (2.7)

where �C is a sample of the discounted return from time step C onward. The score

function ∇� log��(�C | (C) determines how the policy parameters should be modified,

while the return weights the update according to the observed quality of the sampled

action.

Since the policy is modeled as a probability distribution over actions, the trade-off

between exploration and exploitation is determined directly by its shape: sampling

from a nearly uniform distribution promotes exploration, while a highly peaked distri-

bution concentrates the probability mass on few actions, corresponding to exploitation.

2Bootstrapping refers to the procedure of updating estimates of the values of a state using estimates
of the values of subsequent states, rather than waiting until the end of the episode [9].
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This trade-off can be quantified through the Shannon entropy [22] of ��(· | (C):

S��((C) = −
∑

0∈A

��(0 | (C) log (��(0 | (C)) (2.8)

which attains its minimum value of 0 for a deterministic policy and its maximum value

of log |A| for a uniform distribution over the |A| actions. Maximizing this term encour-

ages policy toward a more uniform distribution of actions, promoting exploration of

the action space.

The main advantage of policy-based approaches lies in their straightforward appli-

cation to continuous action spaces, achieved by predicting the parameters of continu-

ous probability distributions (such as the mean and variance of Gaussian distributions).

On the other hand, dependence on full trajectories introduces high gradient variance,

making convergence difficult without expensive interactions with the environment.

Moreover, because trajectories depend on the current policy parameters, old trajecto-

ries cannot be reused after an update, leading to poor sample efficiency.

Actor-Critic Approaches

Actor-Critic models combine the strengths of value and policy-based methods into

a single architecture, aimed at lowering variance while remaining versatile in both

discrete and continuous spaces [23]. This architecture is divided into two distinct

modules:

• The Actor: Encodes the policy ��(0 | B) and focuses on making decisions and

exploring.

• The Critic: Encodes a value function +)(B) to assess the quality of the actor’s

decisions by estimating the expected future return from state B.

To reduce variance during the policy update, the Actor-Critic approach utilizes the

advantage function, ���(B, 0), which measures the relative advantage of action 0 over

the expected value of state B under the current policy [24]:

���(B, 0) = &��(B, 0) −+��(B) . (2.9)

The advantage function is subsequently used as a weighting term in the policy-gradient

estimator:

∇��(�) = E��

[
∇� log��(�C | (C)�

��((C , �C)
]
. (2.10)

The key benefit of the Actor-Critic architecture is its capability to minimize gradient

variance through the critic’s baseline evaluation, while remaining versatile in both
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discrete and continuous spaces. However, a major challenge in training such models

is the simultaneous optimization of two interdependent neural networks, in which

inaccurate value estimates from the critic potentially affect the actor’s policy update.

This Actor-Critic formulation forms the backbone of modern policy optimization

methods. To prevent drops in performance caused by uncontrolled policy updates,

more sophisticated algorithms, such as PPO, build on the actor-critic formulation and

control the size of policy updates through a clipped surrogate objective [20]. Further-

more, when scaling these concepts to environments where multiple decision-makers

interact simultaneously, this single-agent approach must be adapted to handle non-

stationary settings, leading to Multi-Agent Reinforcement Learning (MARL).

2.3 Proximal Policy Optimization

The PPO framework is a family of RL algorithms based on policy gradient opti-

mization techniques that combine the advantages of Trust Region Policy Optimization

(TRPO) approach with the computational simplicity of first-order stochastic optimiza-

tion methods. The main concepts related to the PPO framework described in this

section are based on Schulman et al. [20].

In traditional policy gradient algorithms, an excessively aggressive update to policy

parameters may result in a collapse of performance, as even small errors in the estima-

tion can lead to policies that are difficult to recover from. TRPO addresses this issue

by enforcing a Kullback-Leibler (KL) divergence constraint between the old policy ��old

and the new policy �� [20, 25]:

max
�

EC

[
��(�C | (C)

��old(�C | (C)
�̂adv
C

]
subject to EC

[
KL(��old(· | (C),��(· | (C))

]
≤ � , (2.11)

where �̂adv
C represents the estimated advantage at time step C. Despite its theoretical

validity, TRPO requires approximating second-order information through Hessian-

vector products and solving a constrained optimization subproblem, which makes it

more complex to implement than first-order methods. PPO was introduced to overcome

these limitations.

As an Actor-Critic algorithm, PPO offers several variants, the most widely adopted

being PPO-Clip. PPO-Clip limits the incentive to change the probability of an action

too aggressively by clipping the ratio between the new and old policies. It introduces a

novel surrogate objective, which penalizes large deviations from the old policy without

requiring the KL divergence constraint used in TRPO [26]. Let AC(�) be the probability
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ratio between the new and old policies:

AC(�) =
��(�C | (C)

��old(�C | (C)
. (2.12)

The surrogate objective function optimized by PPO-Clip is defined as:

!�!�%(�) = EC[min(AC(�)�̂
adv
C , clip(AC(�), 1 − &, 1 + &)�̂adv

C )] , (2.13)

where & is a hyperparameter that defines the clipping interval (typically set to 0.2),

and the clip operator restricts the value of the ratio to the interval [1-&, 1+&]. The

Equation (2.13) is used as a pessimistic lower bound on the unconstrained objective:

• If �̂adv
C > 0, the action performed better than average; however if AC(�) > 1 + &, the

objective is clipped to prevent over-optimistically increasing the probability of that

action.

• If �̂adv
C < 0, the action performed worse than average; decreasing the probability

of the action improves the objective, but, if AC(�) < 1 − &, clipping removes the

incentive to reduce that probability further [20].

Accurately estimating the advantage �̂adv
C is crucial for balancing the bias-variance

trade-off in policy gradients. PPO accomplishes this using Generalized Advantage

Estimation (GAE) [24, 26], which parametrizes a set of advantage estimates using a

single decay parameter � ∈ [0, 1]. First, the TD error �C at time step C is defined as:

�C = 'C+1 + �+)((C+1) −+)((C) , (2.14)

where 'C+1 is the immediate reward, � is the discount factor, and +)((C) is the current

state-value estimate. The GAE estimator is defined as the weighted sum of future TD

errors [24]. In practical implementations with a finite horizon of length ), it is defined

as:

�̂adv
C =





∑)−C−1
;=0 (��);�C+; , � ∈ (0, 1)

�C , � = 0
. (2.15)

When the neural network architecture shares parameters between the policy net-

work (actor) and the value function network (critic), a unified global loss function is

minimized. This combined loss consists of three components: the clipped surrogate

objective function !�!�%C , the value function estimation error !+�C , and an additional

entropy term ( to encourage exploration:

!�!�%++�+(C (�, )) = EC[−!
�!�%
C (�) + 21!

+�
C ()) − 22S��((C) , (2.16)

13



where 21 and 22 are scalar coefficients. The entropy term S��((C) measures the uncer-

tainty or diversity in the action probability distribution. Including entropy in the loss

function prevents the policy from converging prematurely to deterministic choices, en-

couraging continued exploration of the action space and avoiding policy collapse [20,

26]. The term !+�C ()) is the mean squared-error between the value predicted by the

critic network +)((C) and the target value + target
C : !+�C ()) = (+)((C) − +

target
C )2. This

helps the critic correctly evaluate the state to have an adequate baseline for advantage

computation.

Training a policy with PPO is an iterative process that alternates between two distinct

phases, as illustrated in Algorithm 1:

1. Sampling phase: The agent interacts with the environment using the old policy

��old to collect trajectories of states, actions, and rewards over a fixed time horizon.

2. Optimization phase: Advantage estimates and value targets are computed from

the collected trajectories, and the surrogate objective !CLIP is optimized for multiple

mini-batch epochs using stochastic gradient ascent.

Reusing the collected data for multiple optimization epochs can improve sample effi-

ciency relative to methods that perform only one update per batch.

Algorithm 1 PPO [20, 26]

Initialize policy parameters � and set �old← �
for iteration = 1, 2, . . . do

for actor = 1, 2, . . . , #� do
Run policy ��old in environment for ) time steps
Compute advantage estimates �̂adv

1
, . . . , �̂adv

)
using GAE

end for
Optimize surrogate objective !�!�% with respect to �, for  epochs and mini-batch
size " ≤ #�)
Update old policy parameters: �old← �

end for

2.4 Multi-Agent Reinforcement Learning

In RL, a multi-agent system is composed of multiple interacting agents, which make

decisions autonomously, within a shared environment [15]. The generalization of the

MDPs to the multi-agent case is the Markov game [27]. A Markov game with N agents is

defined as a tuple < N ,S ,A 8 ,P ,ℛ 8 , � >, whereN = 1, . . . ,N denotes the set of N > 1

interacting agents, S is the set of observed states,A = A1 × · · · ×AN is the joint action

space of all agents, P is the transition probability function, ℛ 8 is the reward function
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for agent 8, and � is the discount factor. Unlike the single-agent case, the transition

between states is determined by the joint action of all agents, and each agent’s return

also depends on it. In a partially observable scenario, each agent 8 receives only a

private observation of its environment that does not allow it to identify the state with

certainty [11, 15]. Its policy �8 is therefore conditioned on its local action-observation

history �8 rather than on the global state [28]. This extension is the reference framework

for most modern applications of MARL.

Depending on the nature of the interaction between agents, MARL problems are

classified into three categories:

• Fully cooperative: All agents receive the same reward ' = '1 = · · · = 'N for state

transitions and work toward a common goal.

• Fully competitive: The agents have conflicting objectives. In a zero-sum game, the

sum of their rewards is zero for every state transition.

• Mixed: Agents pursue individual goals in situations involving both cooperation

and competition.

MARL training schemes can be classified according to how information is shared

during training and how actions are selected during execution, as shown in Figure 2.3.

In Distributed Training Decentralized Execution (DTDE), each agent learns its own

policy independently, without sharing information with others. In Centralized Training

Centralized Execution (CTCE), the joint policy of all agents is modeled as a single

centralized system that maps the set of distributed observations to individual actions.

In Centralized Training Decentralized Execution (CTDE), each agent has an individual

policy that maps local observations to a distribution of individual actions. Furthermore,

in CTDE, during training, agents are provided with additional information, which is

then discarded during execution.

Env

Agent 1 Agent N

Update Update

(a) DTDE.

Env

Agent 1 Agent N

Update

(b) CTCE.

Env

Agent 1 Agent N

Update Update

Information

(c) CTDE.

Figure 2.3: Training schemes in the multi-agent setting [27].
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2.4.1 Multi-Agent Actor-Critic Framework

In multi-agent settings, the challenge of non-stationarity arises: since the policies

of all agents are updated simultaneously during training, the environment’s dynamics

appear non-stationary from the perspective of any individual agent. To address this

issue, modern multi-agent algorithms widely adopt the CTDE paradigm. As pioneered

by Lowe et al. [29] in the context of Actor-Critic architectures, CTDE bridges the gap

between single-agent stability and multi-agent deployment. In a CTDE Actor-Critic

framework, each agent 8 has an individual decentralized actor �8 , parametrized by

�8 , which takes actions �8 purely based on local observations >8 . In addition, during

training, each agent has a centralized critic &�
8

which takes as input the observations

and actions of all agents, as illustrated in Figure 2.4. The gradient of the policy for each

agent 8 is expressed as:

∇�8 �(�8) = E
[
∇�8 log�8(�8 | >8)&

�
8 (x, �1, . . . , �N)

]
, (2.17)

where x represents the state information, and&�
8

is the centralized action-value function

of agent 8. By conditioning the critic on the global state and joint actions, centralized

training provides a stable baseline that successfully resolves the non-stationarity is-

sue. The primary advantage of this paradigm is its flexibility, as it can be applied to

cooperative, competitive, and mixed scenarios.

Figure 2.4: Overview of multi-agent decentralized actor,
centralized critic approach [29].
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2.4.2 Multi-Agent PPO

The centralized-critic Actor-Critic framework can also be combined with PPO, re-

sulting in the Multi-Agent Proximal Policy Optimization (MAPPO) algorithm [30].

MAPPO extends the standard PPO framework to cooperative multi-agent environ-

ments by following the CTDE paradigm. The algorithm learns a policy �� and a value

function +), which are represented by two separate neural networks. During execu-

tion, the policy of each agent 8 receives only its local observation >C8 and selects an

action according to ��(�C8 | >C8 ). Therefore, each agent can act independently without

any knowledge about the observations or actions of the other agents. During training,

instead, the centralized critic can use additional information, such as the global state

(C , to estimate the state-value function, rather than a joint action-value function. This

is used as a centralized baseline for evaluating the advantage estimates of the agents,

and enables the algorithm to efficiently address the problem of non-stationarity, while

using the PPO clipping technique to limit excessively large policy updates. Since the

critic is only used during training, the availability of centralized information does not

compromise decentralized execution.

The main difference between standard PPO and MAPPO concerns the information

provided to the value function. The actor remains conditioned on local observations,

while the critic can exploit centralized information to produce more informative value

estimates and advantage functions.

For each agent 8, let AC8 (�) be the probability ratio between the new and the old

policies:

AC8 (�) =
��(�C8 | >C8 )

��old(�C8 | >C8 )
. (2.18)

The clipped surrogate objective is defined as:

!�!�%"�%%$(�) = EC ,8[min(AC8 (�)�̂
adv
C8
, clip(AC8 (�), 1 − &, 1 + &)�̂adv

C8
)] , (2.19)

where �̂adv
C8

is the advantage estimate of agent 8. The critic is trained by minimizing the

value function loss:

!+�"�%%$()) = EC[(+)((C) − '̂C)
2] , (2.20)

where '̂C denotes the discounted reward-to-go.

The overall training procedure of MAPPO is summarized in Algorithm 2.
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Algorithm 2 MAPPO [30, 31]

Initialize actor parameters �

Initialize centralized critic parameters )

for iteration C = 1, . . . , ) do

for agent 8 = 1, . . . , # do

Observe the local observation >C8
Sample an action �C8 ∼ ��(· | >C8 )

Estimate the state value +)((C) using centralized information

end for

Execute the joint action GC = (�
1
C , . . . , �

#
C )

end for

Compute the advantage estimates �̂adv
C8

using GAE

Optimize surrogate objective !�!�%
"�%%$

with respect to � and minimize the value

function loss !+�
"�%%$

())with respect to )

Update parameters � and )
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3
State of the Art

This chapter discusses the implementation of data-driven optimization methods

in the urban micro-mobility sector. It begins with an introduction to the problem of

rebalancing in Bike-Sharing Systems (BSSs), then moves on to the application of RL

methods to solve it, and concludes with MARL models, developed to address issues

related to scalability and spatiotemporal complexity.

3.1 Rebalancing in Bike-Sharing Systems

BSSs, especially the dockless ones, exhibit pronounced spatial and geographical

disparities in user demand. This directionality imbalance manifests as a large influx

of bicycles into central areas during the morning commute, followed by an equally

pronounced exodus in the afternoon. Residential areas experience the opposite pattern

[5]. This disparity in the demand requires that the vehicles be continually repositioned

(rebalancing) for redistribution of the fleet throughout the territory.

There are two types of rebalancing operations. Static rebalancing, also known as

Static Repositioning Problem (SRP), is executed under the assumption of complete

knowledge of the system’s state when there is no demand from the users. The entire

process, conducted mainly at night, aims to restore the system to its optimal configu-

ration. Specifically, the primary goal is to get the stations ready to absorb the impact of

the expected demand at the beginning of the day or of a certain time period that will

be referred to as the “coverage duration” preceding the launch of dynamic processes

[32, 33]. On the other hand, the Dynamic Repositioning Problem (DRP) is carried out

simultaneously with the users’ utilization of the service. Such a mode of operation

necessitates flexible planning taking into account the continuous changes that occur

due to the active renting [33, 34].
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Early work on bike-sharing rebalancing mainly focused on formulating static repo-

sitioning as a vehicle-routing and inventory-management problem. Chemla et al. [32]

defined the problem as finding a minimum-cost route that restores the inventory level

of each station through pickup and delivery operations. During the same period,

O’Mahony and Shmoys [8] investigated the rebalancing problem using operational data

from the Citi Bike system in New York City. Their study considered both overnight re-

balancing, aimed at preparing the system for the following day, and rebalancing during

rush-hour periods. They combined data analysis with routing models and clustering

techniques to identify suitable bike locations and repositioning operations.

Another line of research aimed to reduce the reliance on dedicated rebalancing

vehicles by involving users in the redistribution process. Singla et al. [35] proposed an

incentive-based method in which users were offered alternative pickup and drop-off

locations in exchange for monetary rewards. Subsequent studies focused on integrating

inventory decisions with vehicle-routing decisions. Schuĳbroek et al. [36] showed that

the rebalancing plan and the routes used to transport bikes between stations must be

considered jointly, since inventory decisions directly affect the feasibility and cost of

the resulting vehicle routes.

In 2018, Chiariotti et al. [37] proposed a dynamic rebalancing approach based on

historical demand data. Their method used past demand observations to forecast the

state of the network and determine when rebalancing should be performed. The exper-

iments showed that a dynamic strategy capable of responding to demand fluctuations

can outperform strategies based on a fixed static schedule. The increasing availability

of trip and station data further encouraged the development of data-driven methods for

demand prediction and rebalancing decision-making. Pan et al. [38] proposed a DRL

framework for rebalancing dockless BSSs through user incentives. Their approach used

spatial and temporal information to determine suitable incentive policies for users and

to improve the distribution of bikes across the system. At a broader level, Albuquerque

et al. [39] systematically reviewed machine learning applications in BSSs. Their re-

view identified demand prediction and classification as the main application areas of

machine learning in this field. These techniques can support rebalancing operations

by extracting spatial and temporal demand patterns and by providing more accurate

information for fleet redistribution.

Beyond these operational concerns, BSSs also raise socio-spatial equity issues. The

bikes tend to be found only in high-demand central areas, leaving the suburbs and

peripheral areas untouched. There is a strong link between this situation and the

existence of a deep socioeconomic contrast, since the tendency is for the system to

concentrate in wealthy areas, thereby discriminating against those groups historically
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deprived or poorer communities [5]. The risk is to trigger a process of “fragmented

urbanism” if there are no public policies aimed at addressing such a problem, meaning

that while only the privileged class enjoys the use of technology-enabled new forms

of mobility, the poorest communities cannot benefit from it [4]. These considerations

motivate the increasing attention to spatial fairness in recent optimization and learning-

based rebalancing approaches, discussed in the following sections.

3.2 Reinforcement Learning in Shared Mobility

RL has gained popularity as an efficient technique within intelligent transportation

systems for dealing with complex and stochastic decision-making tasks [40]. An ap-

plication of RL can be observed in the context of Vehicle Routing Problem (VRP). This

is an optimization problem related to logistics and smart city management that aims

to optimize the routes of delivery vehicles with limited capacity [41]. While classi-

cal Operations Research (OR) approaches, such as mixed-integer linear programming,

face the problem of dimensionality since they are based on assumptions regarding a

static system [42], RL is a data-driven approach capable of adapting to new opera-

tional environments. Through the representation of the transportation network as a

MDP, an agent can learn optimal policies via continuous interaction with the environ-

ment [40]. In this framework, RL acts as an approximate Dynamic Programming (DP)

method, enabling optimal sequential decision-making without suffering from the curse

of dimensionality that limits exact DP in large-scale mobility systems [43]. This enables

the processing of heterogeneous, time-varying inputs (such as demand fluctuations or

traffic flows), thereby shifting control strategies from a purely reactive paradigm to a

proactive one [6].

RL has found numerous applications in addressing DRP problems within BSSs.

Earlier works have proposed tabular Q-learning and actor-critic models to balance the

fleet of bikes in small-scale networks while minimizing lost demand [44]. Nevertheless,

due to the growing spatial and temporal scales of BSSs, research has progressively

shifted toward DRL to handle extremely high-dimensional state and action spaces [45].

Furthermore, recent studies have integrated DRL with neural networks, which take

into account spatiotemporal dependencies of urban transportation network [38, 46].

Recent literature has expanded beyond traditional optimization frameworks to in-

corporate areas such as temporal accuracy, spatial fairness, and continuous interven-

tion. Liang et al. [47] formulated the DRP by moving away from the conventional

approach of dividing time into fixed intervals. By utilizing a continuous-time DRL

model, they were able to incorporate real-time, asynchronous decision-making to miti-

21



gate demand loss. The concept of algorithmic fairness in shared systems was proposed

by Cederle et al. [5], whose methodology demonstrated how the learning-based repo-

sitioning can account for equity issues, offering a balanced service without discrimina-

tion against outliers or underprivileged areas. Additionally, to address the structural

problem associated with traditional techniques, i.e., the need for global relocation pro-

cedures, Scarpel et al. [6] proposed a technique combining Double Deep Q-Network

(DDQN) and GATs. By doing so, this framework allows for network optimization via

localized loading, unloading, and charging of a single truck [6]. Based on the spa-

tiotemporal criticality score that categorizes the regions of the city as critical, stable, or

surplus, such a technique manages to provide an equitable service and avoid mobility

deserts [6].

3.3 Fleet Management through Multi-Agent RL

Applying RL to BSSs rebalancing presents unique challenges which make the use

of multi-agent model more effective than the single agent model. In BSSs, the number

of repositioning agents, status of stations, and action space keep changing dynamically

over time. A single agent faces the problem of exponential growth in action space,

since it has to take into account positions of all agents, number of bikes on each station,

and actions in the whole network [40, 42]. A shift to a multi-agent framework, where

each individual repositioning vehicle is considered an autonomous agent, results in a

reduced action space dimensionality and increased learning stability [40]. Independent

MARL, on the other hand, suffers from a drawback called non-stationarity; in this

scenario, since all the agents are learning together and affecting the environment at

the same time, the environment is not stable anymore, and the agents are unable to

converge to any good policies [42]. To overcome this limitation, cooperative methods

utilize the paradigm of CTDE, where the environment provides all agents with global

state/action information in a centralized critic while training, and each agent operates

independently using its own local observation while executing [42]. In this context,

one notable innovation is the use of Mean Field Reinforcement Learning (MFRL). This

technique uses the interaction between an agent and the mean impact of other agents to

effectively cope with the dynamically changing number of agents as well as the problem

of dimensionality of the state space [42].

Furthermore, Li et al. [48] demonstrate that MARL outperforms conventional repo-

sitioning approaches, achieving 76% to 133% higher user demand satisfaction than

long-term repositioning and VRP baselines while maintaining system efficiency across

varying fleet sizes and transport capacities. This shift is not merely a matter of scal-
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ability; it enables the modeling of spatiotemporal system dynamics, the management

of real-time operational uncertainties, and the attainment of an optimal trade-off be-

tween demand satisfaction and operational costs, goals that neither centralized nor

independent approaches can achieve.

However, despite all these encouraging trends, current approaches to MARL con-

tinue to exhibit several shortcomings in managing asynchronous decision-making,

dynamically varying numbers of agents, and spatial fairness at the same time [42].

The solution to the mentioned challenges constitutes the key open problem of modern

shared mobility rebalancing studies.
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4
System Model

This chapter formalizes the framework and model underlying the dokless BSS.

The urban infrastructure is first abstracted as a graph-based topology, which defines

the system states and the local actions of the rebalancing truck. User demand is

then modeled as a Continuous-Time Markov Chain (CTMC), together with a model of

fleet battery consumption driven by realistic travel speeds. Finally, the framework is

extended to a multi-area setting, yielding a generalized, area-independent architecture

that supports a single, scalable decision-making policy across different urban regions.

The model follows the formulation introduced in [7] and further developed in [6].

For reference, the symbols introduced in this chapter are summarized in Table A.1 in

Appendix A.

4.1 System Representation

The urban area served by the BSS is represented as an undirected, weighted graph

G = (V ,ℰ), whereV is the set of nodes, each corresponding to a cell of the urban area,

and ℰ ⊆ V ×V is the set of edges representing the road segments connecting them.

An edge (8 , 9) ∈ ℰ exists if there is a direct travel path between cell 8 and cell 9, and

its weight is the physical distance ;8 9 between the two cells. The state of cell 8 at time

C ∈ R+ is defined by the number of available bikes (8(C) ∈ N0, and the system-wide bike

availability at time C is the vector:

S(C) = ((1(C), (2(C), . . . , (3(C)) , 3 = |V| , (4.1)

where 3 is the total number of nodes in the network. Each node has its own capacity

constraints. This includes a minimum available quantity (min, representing the thresh-
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old of bikes the policy aims to guarantee at all times. Conversely, a maximum number

of bikes is defined only at the macroscopic system level, rather than for individual cells,

due to the aggregated nature of the modeling approach. This temporal discretization

allows for the modeling of dynamic intra-day behaviors, while the system itself evolves

in continuous time: bike movements, arrivals, and departures may occur at any instant.

Let ℬ denote the set of all bikes in the system. Each bike 1 ∈ ℬ has a position

?1(C) ∈ V, indicating its current cell, and a battery charge level 21(C) ∈ [0, �1max],

where �1max is the maximum battery capacity expressed in units of distance. A bike is

considered active if its charge exceeds a specific threshold �, and depleted otherwise:

1 is active ⇐⇒ 21(C) > � · �1max , � ∈ (0, 1) . (4.2)

Only active bikes can be used to start a new trip. This operational distinction refines

the state of cell 8 into an active count (�
8
(C) and a depleted count (�

8
(C), with (8(C) =

(�
8
(C)+(�

8
(C). The system also interacts with an external region beyond the boundary of

the graph G, which absorbs and generates bike flows. The external region is assumed

to have infinite capacity, and any bike originating from it is considered fully charged.

A rebalancing truck operates within the network, traveling along the edges of G

to redistribute the bikes and recharge depleted ones. The truck’s position at time C is

denoted as ?truck(C) ∈ V, and its current inventory load is Atruck(C) ∈ {0, 1, . . . , '
truck
max },

where 'truck
max is the maximum carrying capacity. At each decision-making step, the

truck selects an action from the discrete set

A = {STAY, UP, DOWN, LEFT, RIGHT, DROP, PICKUP, CHARGE} , (4.3)

where the four directional actions move the truck to an adjacent cell along ℰ , and the

remaining three act on the cell the truck currently occupies. These local actions affect

cell 8 as follows:

• DROP: Unloads �unload(C) bikes at the current cell 8, updating the state as:

(8(C) ← (8(C) + �unload(C) and Atruck(C) ← Atruck(C) − �unload(C) (4.4)

subject to the constraints:





Atruck(C) ≥ �unload(C)

(8(C) + �unload(C) ≤ (
max
8

.
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• PICKUP: Loads �load(C) bikes from the current cell 8, updating the state as:

(8(C) ← (8(C) − �load(C) and Atruck(C) ← Atruck(C) + �load(C) (4.5)

subject to constraints:





(8(C) ≥ �load(C)

Atruck(C) + �load(C) ≤ '
truck
max

.

• CHARGE: Instantly restores the battery level of any depleted bike 1 at the current

cell, or within the truck’s inventory, to its full capacity �1max.

4.2 Modeling User Demand

The user-driven bike movement process is modeled as a piecewise-homogeneous

Continuous-Time Markov Chain (CTMC), where transition rates remain constant within

a time slot : but may vary across different slots. The truck’s operations are treated as

exogenous to the process: the CTMC model exclusively describes the stochastic gener-

ation and consumption of bike trips by users, independent of the truck’s intervention.

This separation reflects the architecture of the simulator, which generates user trips

uncoupled from the rebalancing logic.

Let 6(8 , 9)(C) denote the number of bikes currently in transit from cell 8 to cell 9,

aggregated into the set T(C) = {6(8 , 9)(C) : 8 , 9 ∈ V , 8 ≠ 9}. Given that only active bikes

can initiate a journey, they are guaranteed to possess sufficient battery to complete their

trip, becoming depleted only upon arrival if the threshold is crossed. The state of the

demand process at time C is defined as:

X(C) =
(
(�1 (C), (

�
1 (C), . . . , (

�
3 (C), (

�
3 (C), (ext(C), {6(8 , 9)(C)}

)
. (4.6)

The state space of the CTMC is S × T , where S = {(S1, . . . ,S3 ,Sext) ∈ N
3+1
0 } covers all

possible cell and external occupancy configurations, andT ∈ N3(3−1)
0 covers all possible

in-transit configurations, with each 6(8 , 9) ∈ {0, 1, . . . , |ℬ|}.

Travel requests follow a homogeneous Poisson process within each time slot: the

number of events in an interval of length C is Poisson-distributed with parameter �C,

and inter-arrival times are independent and exponentially distributed with mean 1/�.

This assumption captures the memoryless nature of user demand and enables efficient

simulation of the departure and arrival processes within the dockless BSS.
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The total departure rate from cell 8 during time slot : is divided into an internal com-

ponent (trips ending insideV) and an external component (trips leaving the modeled

area):

�8(:) = �int
8 (:) + �

ext
8 (:) . (4.7)

Internal and external departure rates are formulated as:

�int
8 (:) = �8(:)

∑

9∈V

?8→9(:) , (4.8)

�ext
8 (:) = �8(:) ?8→ext(:) , (4.9)

where ?8→9(:) is the probability that a trip starting at cell 8 during time slot : concludes

at cell 9, and ?8→ext(:) is the probability that the bike exits the system boundary. These

probabilities satisfy the normalization condition:

∑

9∈V

?8→9(:) + ?8→ext(:) = 1 . (4.10)

The rate associated with trips from cell 8 to cell 9 is defined as:

�8→9(:) = �8(:)?8→9(:) . (4.11)

A trip between these two cells can only occur while (�
8
(C) > 0. Upon departure, the

system state transitions as follows:

(�8 (C) → (�8 (C) − 1, 6(8 , 9)(C) → 6(8 , 9)(C) + 1 for 8 ≠ 9 . (4.12)

Symmetrically, the arrival rate at cell 8 aggregates internal arrivals from other cells and

external arrivals entering from outside the spatial domain:

�8(:) =
∑

9∈V

� 9(:) ? 9→8(:) + �ext(:) ?ext→8(:), with
∑

8∈V

?ext→8(:) = 1 . (4.13)

A bike traveling between 8 and 9 completes its journey at rate �8→9 , defined as the

inverse of the mean travel duration between the two cells:

�8→9 =

(
;8 9

E[E]

)−1

, (4.14)

whereE[E] is the expected travel speed, sampled as described in Section 4.3. If 6(8 , 9)(C) >

0, the total completion rate for that route is 6(8 , 9)(C) · �8→9 . Upon trip completion, the
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state transitions are defined as:

6(8 , 9)(C) → 6(8 , 9)(C) − 1,





(�
9
(C) → (�

9
(C) + 1 , if the bike arrives active

(�
9
(C) → (�

9
(C) + 1 , otherwise

. (4.15)

Compiling the departure and arrival rates above yields the infinitesimal generator

matrix Q(:) for each time slot :, governing the CTMC evolution over the joint state

space S × T . Rather than solving the CTMC analytically, sample paths are generated

numerically: departure and travel-completion events are drawn from their respective

exponential distributions and inserted into a time-ordered event list. The resulting

process, however, is not continuously observed: the simulation is executed in fixed

increments of �0 = 30 s, and at each increment, all events with a (continuously) recorded

timestamp that lies within that interval are applied to the state in their chronological

order. This is equivalent to observing the CTMC X(C) only at discrete intervals of

time C< = <�0 , < ∈ N0, resulting in a Discrete-Time Markov Chain (DTMC) {X(C)<}<
obtained by sampling the underlying continuous-time process at a fixed rate.

4.3 Battery Dynamics

Bikes consume battery proportionally to distance traveled. If a bike with initial

charge 21(C) travels from cell 8 to cell 9 and has sufficient charge to complete the trip (i.e.

21(C) ≥ ;8 9), its residual charge after a travel time � ≥ ;8 9/E is

21(C + �) = 21(C) − � · E , (4.16)

where E is the average travel speed for that trip. Travel speed is not constant; instead, it

is sampled independently per trip from a truncated Gaussian distribution with mean

�E , standard deviation �E , and bounds [Emin, Emax], which captures realistic traffic

fluctuations while excluding unrealistic extremes:

5 (E | �E , �E , Emin, Emax) =
1

�E

!

(
E − �E

�E

)

Φ

(
Emax − �E

�E

)
−Φ

(
Emin − �E

�E

) , E ∈ [Emin, Emax] , (4.17)

where !(·) and Φ(·) denote the standard normal probability density function and cu-

mulative distribution function, respectively. The expected value E[E] used for trip

completion rates in Equation (4.14) is the mean of this truncated distribution.
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4.4 The Multi-Area Setting

The mathematical formulation detailed above describes a single operating area.

This work, however, considers = areas simultaneously, denoted by 0 = 1, . . . , =, each

corresponding to a geographically distinct portion of the city (e.g., different regions

of Manhattan). Every area 0 is an independent instance of the previously established

model, characterized by its own graph G0 = (V0 ,ℰ0) consisting of 30 = |V0 | nodes, an

independent population of bikes ℬ0 , and a dedicated rebalancing truck. Crucially, the

number of nodes 30 need not be uniform across areas, as different parts of the city can

be partitioned into networks of varying sizes and topological configurations.

Each area 0 evolves according to its own CTMC model, defined by time-slot-

dependent transition rates �(0)
8
(:) and �

(0)
8
(:), which are estimated independently from

the demand experienced in that region. The joint state of the multi-area system at time

C is the tuple of the individual area states:

Xjoint(C) =
(
X1(C),X2(C), . . . ,X=(C)

)
. (4.18)

The multi-area framework does not constitute a single coupled macroscopic CTMC, but

rather = parallel and structurally identical instances of the same basic model, differing

solely in their graph topologies G0 and demand parameters.

This structural independence is fundamental for enabling the control of all = trucks

through a single, shared decision-making policy, as will be discussed in Chapter 5.

Since each area is defined by the same set of state variables, such as node occupancy,

truck position, truck load, and battery levels, regardless of its spatial dimension 30 , a

policy formulated over this generalized representation can be evaluated and applied

identically to any area. The formulation presented in the previous sections is area-

independent: each system variable ((8(C), ;8 9 , ?truck(C), Atruck(C), A) is defined per area

but retains the same semantics across areas. The model therefore adapts naturally to

the multi-area setting without requiring any structural modifications other than the

inclusion of the area index 0.
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5
Proposed Framework

This chapter translates the system model introduced in Chapter 4 into a concrete RL

framework for dynamic rebalancing in dockless BSSs. It first describes the simulation

environment and the preprocessing pipeline used to construct the operational graph

and stochastic demand model. The rebalancing problem is then formulated as an

MDP, defining the state-action representations, the transition dynamics, and the reward

function. Furthermore, it presents the learning architecture, which is based on PPO

and Graph Attention Network v2 (GATv2) layers. Finally, the framework is extended

to multiple geographically distinct areas through parameter sharing, enabling a single

policy to be trained across different network topologies and demand patterns.

5.1 Environment and Data Pipeline

The simulation environment is constructed through an offline preprocessing pipeline

that combines urban road-network data with historical bike-sharing records. The

pipeline is executed before training and its outputs are cached for subsequent use.

The trip records are obtained from Citi Bike’s published journey data for Manhattan,

New York, covering the period September to October 2024 [49]. The underlying road

network is extracted from OpenStreetMap using the OSMnx library. The retrieved net-

work is restricted to the bike-accessible roads within a bounding box around the area of

interest and reduced to its largest strongly connected component. This preprocessing

step ensures that the retained road network is connected and that the relevant road

nodes remain mutually reachable. To remove artificial subdivisions caused by dense or

irregular intersections, road nodes located within 15 meters of one another are merged

into a single intersection. Isolated nodes that are not connected to the main network

are then removed. Edge-level attributes, including distance, speed, and travel time, are
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attached to the resulting road graph.

The cleaned road network is discretized using a regular grid into diamond-shaped

cells (i.e., squares with sides of 300 m rotated by 45◦). This discretization defines the

topological graph G = (V ,ℰ), introduced in Chapter 4, where:

• V the set of cells containing at least one road intersection,

• ℰ ⊆ V ×V is the set of edges connecting adjacent cells.

Each cell 8 ∈ V is represented as a node in the navigation graph of the truck and it is

uniquely identified by its central node =8 , which is the road node closest to the geomet-

rical center of the cell. Each node is considered as a bike station and is characterized by

a unique ID =8 , geographical coordinates (lat8 , lon8), request rate �8 and arrival rate �8 ,

and a list of available bikes in accordance with [7]. The shortest-path distance between

every pair of road nodes is computed offline using Dĳkstra’s algorithm [50] and stored

in a distance matrix �.

Figure 5.1 shows the resulting graph representation of Manhattan. The blue points

represent the operational cells and their corresponding central road nodes, while the

red lines represent the road connections used by the truck and the bike-movement

simulator.

Trip Simulation

Historical trip records are aggregated into : time slots and grouped by origin 8, des-

tination 9, and type of day (workday/weekend). For each origin-destination pair, the

departure rate is estimated based on its frequency of occurrence using the parameter

of the Poisson distribution �8→9(:) introduced in Chapter 4 (Equation (4.11)). Because

historical observations are spatially sparse, many origin-destination pairs contain no

recorded trips even though demand may exist. These zero entries therefore cannot

automatically be interpreted as a genuine absence of demand. To obtain a complete

demand model, missing rates are estimated using Inverse Distance Weighting (IDW).

The rate associated with an unobserved destination is interpolated from nearby ob-

served destinations, with greater weight assigned to geographically closer cells. This

procedure converts the sparse empirical matrix into the well-defined Probability Mass

Function (PMF) ?8→9(:) used by the event simulator.

The temporal dynamics of trips are implemented as a discrete-event simulation

based on CTMC. By exploiting the property of overlapping independent Poisson pro-

cesses, the individual departure events of each cell are aggregated into a single aggre-

gate process per cell and the destination of individual trips is determined by sampling

from the distribution ?8→9(:). The probability that a global departure event is assigned
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checks neighboring cells within a fixed search radius (250 m), sorted by distance, and

uses the closest one equipped with a suitable bike if the origin cell itself does not have

one; a trip handled in this way is marked as deviated. Only if no cell within the radius

has a usable bike is the trip recorded as a service failure, which serves as the primary

indicator of rebalancing performance.

5.2 Problem Formulation

The rebalancing problem is modeled as a discrete-time MDP, which is overlaid on

the continuous-time dynamics of the simulation. The simulation time is divided into

intervals of �0 = 30 s. An action 0 selected by the agent occupies the system for a

discrete number of steps !0 :

!0 =

⌈
�0
�0

⌉
, (5.2)

where �0 is the real-world duration of action 0. During the !0 steps in which the agent

waits for the action to complete, the underlying CTMC simulation continues to evolve,

updating the demand and bike states. In particular, since the underlying process can

be observed only at the fixed-step intervals, as previously described in Chapter 4,

the agent’s decision epochs precisely correspond to the sampling times of the DTMC

{X(C<)}, without any further discretization at the MDP level being performed.

The state representation provided to the agent at each decision point incorporates

local node information and a global state vector. Each cell 8 ∈ V is described by the

following features:

• Bike counts ((8(C)): Total number of bikes in cell 8 at time C.

• Critic (risk) score: A predictive indicator that quantifies the expected shortage or

surplus of bikes during the next time slot. Let �8 denote the peak net outflow

from cell 8, �8 the inflow from scheduled arrivals, and (min the minimum stock

threshold. Define �8 = �8 + (min. The critic score is given by:

cs8 =





−1 + exp
(
(1 + 0.2�8)

(
1 −

(8(C)
�8

))
, �8 > 0

−(8(C) , �8 = 0
. (5.3)

A cell is considered critical when cs8 > 0.05. The score becomes increasingly

positive when the current bike stock is insufficient to cover the projected outflow,

and negative when the cell has a sufficient surplus.

• Eligibility score: An exponentially decaying trace of recent truck presence. The
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score is set to 1 while the truck occupies the cell and subsequently decays according

to the cell type. For interior cells, the decay factor is �int = 0.997, whereas border

cells use �border = 0.999. The higher retention factor used for border cells produces

a slower decay and compensates for the fact that peripheral cells are visited less

frequently. This feature discourages repeated visits to recently served cells while

promoting broader spatial coverage.

• Truck occupancy: An integer variable indicating the presence of one or more

service trucks in the cell. In the multi-area setting, an additional indicator identifies

whether the cell contains the truck currently controlled by the shared policy.

In addition, at each step, a separate vector of agent-level features is computed. It

contains one-hot representations of the truck’s previous action, its current cell, and the

cells currently classified as critical, together with boundary indicators and five scalar

features: the fraction of the total fleet currently deployed in the system (including the

truck’s own load), the fraction of the fleet that is inactive at the depot, whether the

truck’s current cell has a surplus of bikes, whether it is completely empty of bikes,

and the average critical score across all cells. This vector is stored in the environment

observation for logging purposes.

Action Space

The agent interacts with the environment by performing actions from a predefined

set, each of which can be carried out in the real world by the truck. It selects at ev-

ery decision point one action from the discrete set A, introduced in Equation (4.3):

{STAY, UP, DOWN, LEFT, RIGHT, DROP, PICKUP, CHARGE}. The set of actions for the

rebalancing truck is divided into two main categories: movement actions and oper-

ational actions, as in [7]. Movement actions allow the truck to navigate the grid of

cells:

• STAY: The truck remains in its current position; this is a no-op action that takes

exactly one discrete time step.

• UP: Moves the truck from its current cell to the central node of the cell directly

above it.

• DOWN: Moves the truck to the central node of the cell directly below it.

• LEFT: Moves the truck to the central node of the cell to the left.

• RIGHT: Moves the truck to the central node of the cell to the right.

If an adjacent cell is not available (for example, at the boundaries of the operational

area), the movement action is discarded and converted to a STAY action. Operational

35



actions allow the truck to interact with the bikes; the time required to perform them

depends solely on the movement needed to complete the operation:

• DROP: The truck drops off a bike at its current location. If the system has reached

the maximum number of allowed bikes and the truck is empty, this operation is

equivalent to the STAY action.

• PICK UP: The truck picks up a bike. The choice of bike is based on a weighted

metric that prioritizes those closest to the truck and with the lowest battery level.

• CHARGE: This is a composite action that combines the pickup and drop-off phases,

focusing on bikes in urgent need of recharging to instantly restore their battery

charge.

As with movements, if an operational action is not feasible, the default action becomes

STAY. Furthermore, if the truck becomes completely full or empty during these opera-

tions, it automatically travels to the depot, increasing the total duration of the action.

Transition Dynamics

Formalized in Chapter 2, the transition probability functionP 0BB′ = P((C+1 = B′ | (C =

B, �C = 0) formally exists and belongs to the MDP framework. It is not used or ap-

proximated in closed form: it emerges implicitly from the execution of the event-based

simulator. The transition dynamics are stochastic (described by the CTMC) because

they depend on user demand, battery levels, trip durations, and the truck’s actions. The

absence of an explicit, tractable transition model motivates the use of model-free RL:

the agent improves its policy exclusively based on the sampled trajectories generated

by interaction with the simulator, without explicitly representing P 0BB′ .

Reward Function

The reward function is designed to encourage the movement of bikes toward cells

experiencing shortages while discouraging inefficient, repetitive, or unnecessary ac-

tions. The reward configuration is empirical rather than theoretically optimal and was

determined through iterative tuning. If the selected action is invalid, the agent receives

a fixed negative penalty (Ainvalid = −0.25) and no additional reward terms are evaluated.

For valid actions, the reward is composed of the following terms.

Base Cost. Every (valid) action incurs a minimum, constant cost of Abase = −0.08, in

order to encourage time efficiency and prevent inactivity from being reward-neutral.

Stay Penalties. It is a penalty applied when a truck remains (STAY action) within

the same cell. Choosing STAY in a cell whose critic score marks it as critical results
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in a penalty equal to Acritic = −0.3; remaining in a non-critical cell results in a smaller,

generic penalty equal to Astay = −0.08 (or Ano-critic = 0 if the cell requires no action).

Drop / Pick-up Terms. The insertion of a bike into a cell that was critical and

becomes balanced as a result produces the largest positive term Adrop-reb = 1.2; inserting

into a cell that remains critical afterward produces the smallest term Adrop-critic = 0.7;

dropping at a cell that is already in surplus is discouraged by a penalty equal to

Adrop-surp = −0.6. Similarly, picking-up from a critical cell is discouraged with a negative

reward Apickup-critic = −1.0; picking from a cell that is already unbalanced but not critical

incurs a slight penalty Apickup-unbal = −0.1, while picking from a cell with an actual

surplus is rewarded with Apickup-surp = 0.6.

Loop Penalty. To discourage immediate reversals and redundant operations, the

simulator checks the two most recent actions. A penalty of Aloop = −0.15 is applied when

the action sequence corresponds to an immediate movement reversal, two consecutive

STAY, or pick up and drop a bike in the same cell (PICKUP→ DROP or DROP→ PICKUP).

Charging. It involves a reward for recharging discharged bikes located in critical or

normal cells, respectively equal to 1.5 and 0.5, and a penalty for unnecessary recharging

of bikes that are already fully charged, amounting to −0.2 for both critical and non-

critical cells.

Eligibility-based shaping. The eligibility trace directly determines the reward:

returning to a cell whose eligibility is still high (above 0.7) results in an Aelig-pen = −0.03,

discouraging the action; conversely, visiting a cell whose eligibility has fallen below

the threshold 0.2 guarantees an Aelig-bonus = 0.05, encouraging broader coverage of the

operational area. Arriving at a cell with an empty truck when the truck is not needed

at that location results in a penalty Aelig-empty = −0.03.

Coverage. A global coverage term is applied once per step, independently of the

selected action. Let <cover be the number of cells whose eligibility score has decayed

below its staleness threshold (�int = 0.15 for interior cells, and �border = 0.3 for border

cells). The coverage penalty is:

Acover = −$cover-pen ·
<cover

|V|
, (5.4)

where $cover-pen = 0.15.

All the valid-action reward terms are summed into a single scalar reward. The

resulting reward is then clipped to the interval [−2, 3], before being stored for training.

This clipping limits the influence of any individual transition on the subsequent policy

update.
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5.3 PPO with Graph Attention Networks

The proposed approach uses an on-policy actor-critic framework based on Proximal

Policy Optimization (PPO). PPO directly optimizes a stochastic policy over the discrete

action space A while constraining each update to remain close to the previous policy

(as specified by the clipped surrogate objective in Equation (2.13)), which results in

stable learning even in situations of highly non-stationary reward distributions.

Network Architecture

To process road graphs with variable numbers of cells and irregular topologies, the

policy is implemented as a Graph Neural Network (GNN), based on GATv2 layers. Un-

like a conventional graph-convolutional layer with fixed attention coefficients, GATv2

computes the attention scores dynamically, as a function of both source and destination

node features. This enables the network to learn which neighboring cells are most

relevant to the current decision.

The network takes as input the graph structureG = (V ,ℰ), the node-feature vectors,

and a scalar edge feature, represented by the normalized distance between cells ;8 9 . Its

architecture is shown in Figure 5.2. The first GATv2 layer (GATv2 Layer 1 in Figure 5.2)

maps the node features to a 256-dimensional hidden representation using 4 attention

heads of 64 dimensions each. The outputs of the heads are concatenated and passed

through Rectified Linear Unit (ReLU)1 activation function. The second GATv2 layer

(GATv2 Layer 2 in Figure 5.2) produces another 256-dimensional representation using

the same four-head structure, followed by a second ReLU activation. A global mean-

pooling operation aggregates the node-level embeddings into a single 256-dimensional

graph representation. This representation is passed to two separate output heads. The

actor head is a three-layer Multi-Layer Perceptron (MLP)2 network that maps the global

representation to the logits of the categorical distribution of actions |A|. The critic head

has the same three-layer structure and outputs the scalar state-value estimate +(B).

Since both heads share the same two-layer GATv2 base architecture, the same forward

pass produces both the action distribution and the value estimate required for the PPO

update.

1ReLU is a nonlinear activation function defined as 5 (G) = max(0, G). It is applied after the dense
layers to enable the learning of complex relationships with low computational complexity.

2MLP is a feedforward neural network architecture consisting of sequential fully connected layers.
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Input Graph G = (V ,ℰ)
Node and Edge Features

GATv2 Layer 1

GATv2 Layer 2

Global Mean Pooling

Actor MLP Critic MLP

Action Logits Value +(B)

Figure 5.2: GATv2-based Actor-Critic Neural Network Architecture.

Training Mechanisms

The PPO training procedure uses an on-policy rollout buffer with capacity � = 4096

steps. During rollout collection, the current policy interacts with the environment,

and the buffer stores the state, selected action, log-probability of that action, received

reward, critic value estimate, and episode-completion flag. Once the buffer is full, it is

used for one policy update and then cleared. No experience is reused across updates.

The advantages �̂adv
C are computed using GAE, as previously described in Chapter 2

(Equations (2.14) and (2.15)), with discount factor � = 0.99 and GAE parameter � =

0.95. The objective function to be maximized for the policy is defined by the clipped

surrogate objective (Equation (2.13)), where the clipping parameter & = 0.2 limits the

deviation between the new and old policies. The total loss optimized by the network

(Equation (2.16)) uses parameter 21 = 0.25 and an entropy coefficient 22 = 0.02. At

every update, the rollout buffer is processed for 6 epochs, each split into mini-batches

of size 512, and gradients are clipped to a maximum norm before the optimizer step to

prevent excessively large parameter updates.

The network parameters are updated using the Adam optimizer. Adam adapts

the effective learning rate of each parameter by maintaining estimates of the first and

second moments of the gradients. This property is particularly useful in PPO because

the gradient estimates are generated from noisy, on-policy data whose distribution
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changes as the policy evolves.

PPO does not require a separate exploration schedule over actions. Exploration

arises directly from sampling actions from the stochastic policy��(·|(C) and is regulated

indirectly by the entropy bonus.

5.4 Scaling to Multiple Areas

The framework is extended to = geographically distinct areas, {G1,G2, . . . ,G=}, each

characterized by its own road topology, demand process, and rebalancing vehicle. Since

the attention layers of the GATv2 network are invariant to graph size, the same set of

parameters # is used across all = areas. The policy therefore applies the same decision

rule to graphs with different sizes, connectivity, and demand patterns.

The shared training mechanism consists of two main phases, as shown in Figure 5.3:

1. Round-robin experience collection: At each decision step, control is cyclically

assigned to a vehicle in a given area. The generated transition ((C , �C , 'C+1, (C+1),

containing the specific graph of the current area, is stored in a single shared

experience buffer.

2. Single update: Once the buffer reaches its capacity �, a PPO optimization step

is performed on the aggregated data from all areas, updating the single set of

weights #. An area that completes its episode before the others temporarily leaves

the rotation until all areas have completed their episodes.

Area G1

Area G2

...

Area G=

Action Selection
Round-Robin

Shared Buffer � PPO Update

Figure 5.3: Flow of the multi-area extension: round-robin sampling,
shared buffering, and joint updating of network parameters.

The shared-learning strategy provides two main benefits. First, exposure to different

road topologies and demand patterns can improve the robustness of the policy and

reduce overfitting to a single urban configuration. Second, because the policy is not

explicitly given the identity of the area it is controlling, it can potentially be applied

to a previously unseen area using only the graph structure and the associated node

features.
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6
Experimental Validation

This chapter presents an evaluation of the proposed RL framework. First, it describes

in detail the experimental setup, the geographic areas under study, and the evaluation

metrics. Then, it analyzes the approaches drawn from the literature that serve as

a benchmark to highlight the limitations of planned fleet management. Finally, it

presents the results, focusing exclusively on performance, decision-making behavior,

and the multi-area generalization of the policy in the context of dynamic rebalancing.

6.1 Simulation Setup

This section details the experimental setup used to evaluate the proposed frame-

work, outlining the study areas, the simulation configuration, and the metrics adopted

to assess the rebalancing performance.

Experimental Areas

To avoid the excessive memory and computational costs associated with modeling

Manhattan as a single, massive cell graph, the simulation focuses on a restricted urban

area. Specifically, the model is evaluated on two geographically contiguous subareas

along the West Side corridor of Manhattan, New York, referred to throughout this work

as Area 1 and Area 2. Figure 6.1 provides an overview of the Manhattan road network,

with the two selected subareas highlighted along the West Side corridor.

Each area represents an independent instantiation of the system model, featuring its

own cell graph, demand profile, and dedicated rebalancing truck. Area 1 (Figure 6.2a)

represents the northern region, spanning roughly from 55th Street to 76th Street. It

covers approximately 2.58 km2 and encompasses Lincoln Square, the lower Upper
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Category Hyperparameter Value

Optimization

Learning Rate 
 5 · 10−5

Mini-batch Size 512
Rollout Buffer Capacity � 4096

Update Epochs per Rollout 8
Gradient Clipping 0.5

Training Setup
Episodes 250

Time slots per episode 56

PPO

Clipping Coefficient & 0.2
GAE Parameter � 0.95

Value-loss Coefficient 0.25
Entropy Coefficient 0.02

Discounting Discount Factor � 0.99

Table 6.1: Hyperparameters used for training the shared PPO policy.

Evaluation Metrics

Training metrics are continuously logged and made available through a dedicated

results dashboard built with Dash and Plotly. The dashboard provides a three-level

view of a specific training session:

1. Episode-level trends: Reward, service failures, policy loss, value loss, and policy

entropy are plotted by training episode number, along with their current cumula-

tive average, to highlight the overall trend beyond the variation from one episode

to the next.

2. Per-episode diagnostics: For a selected training episode, the dashboard displays

the distribution of actions taken and the average reward obtained per action. This

view was crucial during development for identifying degenerate policies (e.g.,

over-reliance on movement actions without actual rebalancing). It also includes

time series data on distributed bikes, truck load, and depot occupancy over the

course of the episode.

3. Spatial visualization: Overlays a heat map on the road network to map metrics

like critic score, eligibility score, visit count, or operations per cell. This provides

a qualitative assessment about how the policy is distributing its attention on the

area or focusing on a few cells.

Since the framework simultaneously trains a single shared policy across multiple ar-

eas, all dashboard views can be filtered by individual area or aggregated, facilitating

comprehensive policy inspection.
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The following metrics, calculated per episode, are used to evaluate rebalancing

performance:

• Service failures: The count of relocation requests unmet by either the origin cell or

the fallback search radius. This serves as the primary benchmark for rebalancing

quality: fewer failures directly correlate with higher bike availability.

• Total episode reward: The sum of the clipped per-step rewards over an episode.

Since the reward acts as a proxy objective, this metric functions primarily as a

health indicator for the training process rather than a standalone performance

measure.

• Policy entropy: The unnormalized entropy of the action distribution (Equation (2.8)),

averaged per batch. A gradual decrease is expected as the policy specializes;

conversely, a sudden collapse to zero signals premature, potentially degenerate

convergence.

• Policy and value loss: The loss metrics used to assess the optimization stability.

Persistently high value losses act as an early warning for an inaccurate critic, which

could subsequently destabilize policy updates.

Following each training episode, a validation phase evaluates the newly saved policy

snapshot on an unseen episode using the same stochastic action sampling. Operating

on a rotation across all areas, this step yields a single, aggregated mean failure score.

This score is checked against the historical best and retained only if it represents an

improvement, ultimately identifying the optimal final policy configuration.

6.2 Comparison between Static and Dynamic Rebalancing

Evaluating the learned policy requires establishing robust baselines. This thesis

considers two benchmark scenarios: a free scenario, where no rebalancing occurs and

redistribution relies solely on user trips, and a Static Rebalancing (SR) baseline, modeled

after the classical O’Mahony’s approach traditionally employed by Citi Bike [8]. In the

SR baseline, bike redistribution occurs instantly twice a day, at 1 AM and 1 PM. In

contrast, the dynamic approach proposed in this work adapts O’Mahony’s framework to

execute hourly rebalancing, allocating bikes based on the projected net flow (departures

minus arrivals) for the upcoming time slot. To guarantee a fair comparison, all three

configurations (free, static, and dynamic) are evaluated using identical fleet sizes over

one simulated week (Monday-Sunday).

Figure 6.3 shows the number of failures per time slot for Area 1 and Area 2, re-

spectively, comparing the free, static, and dynamic configurations. The same pattern
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7
Conclusions

This thesis presented a data-driven, dynamic rebalancing framework for dockless

BSSs, formulated as an MDP on a discrete-cell graph and solved through a MARL

approach that combines PPO with GAT. The framework was extended to a generalized

multi-area setting, in which a single, area-independent policy is trained via parameter

sharing across geographically distinct urban regions.

The proposed approach was empirically validated on two structurally different

subareas of Manhattan, using historical Citi Bike trip data [49]. Compared against a free

(no-intervention) scenario and a static baseline scenario, the learned dynamic policy

consistently outperformed them, demonstrating that only a continuously adapting

policy is capable of addressing imbalances in demand.

The training process proved to be stable, with the policy transitioning smoothly from

the exploration phase to the exploitation phase, and the trained agent distributing its

interventions evenly across the entire network, rather than over-adapting to a few high-

demand nodes. A comparison of the two study areas revealed that, despite sharing the

same policy, Area 2 consistently exhibits a higher number of service failures and longer

rebalancing times than Area 1, indicating inherently more challenging spatial and

operational constraints. An analysis of the learning rate’s sensitivity further confirmed

that a lower, more conservative learning rate is essential for reliable convergence.

Overall, the results demonstrate that a single, shared MARL policy can effectively

and reliably manage fleet rebalancing across multiple, structurally distinct urban areas,

without requiring area-specific redesign or fine-tuning, confirming the feasibility of the

proposed framework as a scalable alternative to traditional static rebalancing schemes.
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7.1 Future Work

While the proposed data-driven dynamic rebalancing framework achieves signif-

icant improvements in managing dockless BSSs, several promising directions remain

open for future research.

A first direction concerns scaling the deployment of the agents and enhancing their

operational coordination. Although the current framework already trains a shared pol-

icy across multiple areas, each area is served by a single rebalancing vehicle. Expanding

the framework to allow multiple rebalancing vehicles to operate simultaneously within

the same geographic area would transform the scenario from a single truck per re-

gion to a dense environment with multiple agents. This would require advancing the

MARL architecture to support the concurrent operation of several trucks, develop-

ing synchronization mechanisms that allow agents to coordinate simultaneous pick-up

and drop-off tasks in real time, and designing cooperative reward structures that pre-

vent redundant actions and optimize routing when multiple trucks navigate the same

environment.

A second direction concerns the spatial organization of the operational areas. In the

present formulation, urban subareas are treated as strictly compartmentalized regions;

allowing geographical zones to overlap, however, would create dynamic boundary sec-

tors. In these overlapping areas, trucks assigned to neighboring areas could collabora-

tively manage localized demand spikes or balance cross-border inventories, improving

the rebalancing process across the entire urban network.

Building on these concepts of multi-agent coordination and dynamic boundaries, a

natural next step is to extend the simulation environment to the entire Manhattan dis-

trict. Moving from specific sub-zones to a scale that encompasses the entire city would

rigorously test the generalization and robustness of the parameter-sharing strategy.

Managing Manhattan’s entire road network would validate the framework’s ability to

handle large state spaces and highly heterogeneous demand models, demonstrating

its potential as a centralized management tool for large-scale urban micro-mobility

operations.

Finally, future research could explore hybrid rebalancing strategies that combine

an agent-based autonomous routing system with dynamic incentive schemes for users.

By introducing variable pricing or discount mechanisms, the system could crowd-

source part of the repositioning effort, encouraging users to remove vehicles from areas

where there is an excess supply. Integrating human behavior modeling into the RL

environment would complete this framework.
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A
System Model Notation

Symbol Meaning

G Graph representing the BSS

V Set of nodes (cells) in the graph

ℰ Set of edges representing road segments

;8 9 Travel distance between cell 8 and cell 9

(8(C) Number of available bikes at cell 8 at time C

S(C) System-wide state vector of bike availability at time C

3 = |V| Total number of nodes in the network

: Time slot index within a day

 Total number of time slots per day

ℬ Set of all bikes in the system

?1(C) Position of bike 1 at time C

21(C) Battery charge level of bike 1 at time C

�1max Maximum battery capacity of bike 1

� Battery charge threshold for active bikes

(�
8
(C), (�

8
(C) Number of active/depleted bikes at cell 8 at time C

(ext(C) Number of bikes in the external region at time C

?truck(C) Position of the rebalancing truck at time C

Atruck(C) Number of bikes currently loaded on the truck at time C

'truck
max Maximum carrying capacity of the rebalancing truck

A Discrete set of available truck actions

�unload(C) Number of bikes unloaded from the truck at time C

�load(C) Number of bikes loaded onto the truck at time C

6(8 , 9)(C) Number of bikes in transit from cell 8 to cell 9 at time C

T(C) Set of all bikes in transit at time C
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Symbol Meaning

X(C) State of the demand process (CTMC) at time C

S, T State spaces for cell configurations and in-transit configurations

�8(:) Total departure rate from cell 8 in time slot :

�int
8
(:) Internal departure rate from cell 8 in time slot :

�ext
8
(:) External departure rate from cell 8 in time slot :

�8→9(:) Departure rate from cell 8 to cell 9 in time slot :

�8(:) Total arrival rate at cell 8 in time slot :

?8→9(:) Probability of a trip starting at 8 ending at 9 in time slot :

�8→9 Travel completion rate from cell 8 to cell 9

Q(:) CTMC infinitesimal generator matrix in time slot :

E Travel speed of a bike

�E , �E Mean and standard deviation of the travel speed distribution

Emin, Emax Minimum and maximum travel speed limits

= Total number of areas

0 Area index

Xjoint(C) Joint state of the multi-area system at time C

Table A.1: List of symbols used in Chapter 4.
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