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Deep Q-Learning Assisted Bandwidth Reservation
for Multi-Operator Time-Sensitive Vehicular

Networking
Abdullah Al-Khatib, Albert Gergus, Muneeb Ul Hassan, Abdelmajid Khelil, Klaus Mossner, Holger Timinger

Abstract—Very few available individual bandwidth reservation
schemes provide efficient and cost-effective bandwidth reserva-
tion that is required for safety-critical and time-sensitive vehicu-
lar networked applications. These schemes allow vehicles to make
reservation requests for the required resources. Accordingly, a
Mobile Network Operator (MNO) can allocate and guarantee
bandwidth resources based on these requests. However, due to
uncertainty in future reservation time and bandwidth costs, the
design of an optimized reservation strategy is challenging. In this
article, we propose a novel multi-objective bandwidth reservation
update approach with an optimal strategy based on Double
Deep Q-Network (DDQN). The key design objectives are to
minimize the reservation cost with multiple MNOs and to ensure
reliable resource provisioning in uncertain situations by solving
scenarios such as underbooked and overbooked reservations
along the driving path. The enhancements and advantages of
our proposed strategy have been demonstrated through extensive
experimental results when compared to other methods like greedy
update or other deep reinforcement learning approaches. Our
strategy demonstrates a 40% reduction in bandwidth costs across
all investigated scenarios and simultaneously resolves uncertain
situations in a cost-effective manner.

Index Terms—Networked Vehicular Application, Time-
Sensitive Networking, Network Reservation, Deep Reinforcement
Learning.

I. INTRODUCTION

IN recent years, there has been a significant increase in
the number of intelligent vehicles equipped with powerful

onboard processing capabilities [1]. Researchers are exploring
ways to leverage these onboard computing resources for
applications such as self-driving [2], [3]. These applications
are typically computation-intensive, safety-critical, and time-
sensitive, requiring immediate action and reaction to ensure
safety. However, the limited onboard computing resources of
a single vehicle may not be sufficient to handle the demands
of these applications. To overcome this, application data
can be offloaded to centralized cloud servers or edge cloud
servers via 5G Vehicle-to-Infrastructure (V2I) connections
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[4]. Such applications demand ultra-low-latency and ultra-
reliable communication/network resources (bandwidth) with
deterministic guaranteed access to surrounding edge computa-
tional resources [5]. The pattern followed by vehicular safety
applications is typically bursty demand, characterized by high
bandwidth requirements for a shorter time period to access
edge services in hazardous situations [6].

To ensure the required Quality of Service (QoS) for vehic-
ular safety applications, there has been a growing suggestion
for bandwidth reservation which guarantees timely access to
network resources. Centralized reservation, where the Mobile
Network Operator (MNO) sets aside bandwidth to meet the
future needs of various QoS classes is a common approach in
the mobile network field. This approach is commonly referred
to as network-side reservation [7], [8]. However, this approach
does not provide a deterministic but a probabilistic guarantee
to access the network resources for individual vehicles. This
may lead to failures in Safety-critical Vehicular Applications
(SVA), where it is important to ensure that vehicles have access
to the necessary bandwidth to perform critical tasks. Vehicle-
side reservation has shown to be a more efficient solution,
where vehicles reserve the necessary resources in advance,
and make reservations based on their specific requirements
and resource cost, rather than relying on the MNO to allocate
resources on their behalf [9]–[15]. Another focus of the
vehicle-side approach is the economical aspect, which is being
minimized by the expenditure for guaranteed access of the
network upon the reservation.

From the viewpoint of business, MNOs have various tradi-
tional pricing options for allocating bandwidth. These involve
fees for network service reservation (i.e. subscription) and
charges for real-time requests. Additionally, MNOs may offer
different purchasing packages for users to choose from based
on their consumption needs, such as the Pay-As-You-Go
(PAYG) option [16] or a long-term upfront fee for reserved
bandwidth (i.e. monthly subscription) [17]. However, these
pricing strategies may not always effectively manage peak-
time and real-time network conditions while ensuring suffi-
cient QoS for SVA.

Recently, dynamic pricing has emerged as a promising
solution for resource management in edge computing [18]–
[20]. This method adjusts prices in real-time based on network
conditions, making it suitable for managing peak-time con-
gestion and ensuring QoS. However, the majority of vehicle-
side reservation methods only factor in fixed prices or PAYG
models and overlook the dynamic pricing set by MNOs [9]–
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[11], [13]. This neglect of dynamic pricing may result in
overpriced reservations or insufficient resources. An instance
of utilizing this method can be observed in Amazon Web
Services (AWS), which has introduced a feature called spot
pricing [21]. This approach is not exclusive to AWS, as several
companies, including MTN, China Telecom, and Uninor, adopt
time-dependent pricing for bandwidth resources. This feature
dynamically adjusts prices, often on an hourly or minute-by-
minute basis, in response to changes in supply and demand
[22], [23]. In a prior study [12], we showed that vehicles
can optimize bandwidth costs and mitigate the potential risks
associated with dynamic pricing and resource unavailability
from MNOs through carefully placed reservation requests that
we refer to as smart request.

Despite the benefits of smart reservation requests, still there
are challenges in dealing with uncertainties present in real-
world situations, such as unpredictable mobility that may
affect reservation times and locations. The reservation time
can either be “exactbooking” if it remains unchanged or
subject to uncertainties such as underbooking or overbooking.
Underbooking scenario occurs when the reserved time for each
5G-NR gNodeB (gNB) Base Station falls short of demand,
while overbooking leads to the underutilization of resources.
To minimize costs, vehicles must continuously update their
reservations based on different scenarios discussed in [24].
While this method can be expanded to use for multiple
operators, it yields suboptimal results as shown in the results.
Furthermore, relying solely on the update of the reservation
time at the moment of entering the coverage area of each
gNB is insufficient. Such a strategy disregards changes in
time during the gNB, which can lead to disruptions in the
reservation process. To ensure efficient resource utilization,
reservation updates must take place when there is a change in
both time and cost. Otherwise, unnecessary updates can lead to
paying cancellation fees, which may increase the overall cost.
This paper explores efficient frequent reservation updates to
ensure reliable resource availability in uncertain situations by
regularly checking the reservation time and cost, collecting
offers from multiple MNOs, and performing re-reservations
to minimize cost while avoiding unused resources.

Problems with cost minimization of resource reservation are
typically non-convex nonlinear and NP-hard [25]. Dynamic
pricing introduced a new challenge: Vehicles should find the
optimal strategy to find the best time to update the reservation
in order to minimize the bandwidth cost. Also, vehicles may
enter and leave the coverage of gNB Base Stations due to their
mobility, which introduces new challenges and uncertainty in
determining the actual reservation time. This can be inefficient
in providing resources in highly dynamic environments [26],
[27] and may compromise guaranteed and reliable resource
provisioning [28]. To address this, vehicles need to solve
underbooking and overbooking scenarios as well at the lowest
possible bandwidth reservation cost.

Artificial intelligence has gained attention in recent years as
a solution to complex problems, such as resource management
in wireless networks [29]–[31]. The Bandwidth update reser-
vation presents challenges due to the lack of prior knowledge
for optimal algorithm, timing, and actions. However, using

supervised learning-based models is complicated due to its
need for labeled data. The problem can be represented in the
form of a Markov Decision Process (MDP) for which the Deep
Reinforcement Learning (DRL) is well-suitable to solve it.
DRL can learn the relationship between the state and action
and is effective in complex and interactive environments.
In contrast to traditional greedy-based methods, RL-based
methods, such as DRL, aim to maximize long-term benefits.
This makes DRL suitable for complex problems, such as
reservation updates, where the effects of a decision may not be
immediately apparent but are beneficial in the long run. The
most widely used RL method is the Deep Q-Network (DQN)
algorithm, but it suffers from Q-value overestimation. To
address this shortcoming, Double Deep Q-Network (DDQN)
has been proposed [32] by decoupling action selection and
Q-value estimation. We employed Double Deep Q-Learning
(DDQL), a DRL that can learn the optimal strategy directly for
both challenges: Updating reservations for cost minimization,
and solving the underbooking and overbooking in a cost-
effective way. To address these challenges, the implementation
should utilize a time-discretized learning environment, wherein
the interval is segmented into multiple, discrete timeslots.
During each timeslot, the available price data is provided
to the model, allowing it to determine the optimal decision.
The major contributions of our article can be summarized as
follows:

• We formulate the problem of multi-operator switching
in vehicular systems as an MDP problem. We take
into account the temporal changes of the MNO price,
the MNO cancellation cost, and the variable costs of
reservation in different problem scenarios, particularly
underbooking and overbooking over the reservation time.

• We adopt a DRL agent that utilizes the DDQL algorithm
to find the optimal strategy for both challenges simultane-
ously: Updating the reservations to minimize bandwidth
costs and resolving underbooking and overbooking sce-
narios in a cost-effective way.

• For a stable learning process of the DRL agent, we
develop an effective MDP environment with states, action
space, and reward function that is suitable for the con-
sidered multi-operator and different reservation update
scenarios.

• Using simulations based on the historial dataset of Ama-
zon spot prices [21], [24], we show that each vehicle
that is supported by a DLR bandwidth reservation agent
in the edge environment will attain a large reduction in
bandwidth cost.

The remaining sections of the article have been arranged
as follows: Section II reviews relevant work on cost-effective
resource reservation. Section III covers the system model and
corresponding scenarios. Section IV provides a formulation
for the bandwidth reservation problem as MDP. In Section V,
we propose bandwidth reservation update strategies and the
implementation of the DQL model in this work. In Section VI,
we carry out a comparison of the performance of the proposed
model with state-of-the-art methods. Section VII concludes the
article and discusses future work.
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TABLE I
THE SUMMARY OF APPROACHES TO THE COST-EFFECTIVE RESOURCE (COMMUNICATION/COMPUTATION) RESERVATION REQUEST/UPDATE PROBLEMS.

Request
type

Ref. Approaches Mechanism Type Functioning of Mechanism Objectives

Reservation
request (pro-
visioning)

[34]
Game theory Auction Competition-based onsite negotiations

resources request through bid models
-Creating competition between users to
discover price and leverage the demand
and supply resources

[35]
Game theory Stackelberg game Cooperative game model between MNO

and the users
-Achieving the maximum revenue of
MNO under user’s budget constraints

[11]
Immediate
request

Individual-scenario Deterministic and randomized online
reservation

-Reducing the cost of both plane
reservation and PAYG

[13]
Immediate
request

Broker-scenario Smart online aggregated reservation
(SOAR)

-Minimizing the cost of multiple users
after aggregating their tasks

Our
prior
work
[12]

Advanced
request

Smart advanced
reservation request

Cost-effective advanced smart reservation -Reducing the risk of dynamic price and
failure to access the resource in advance
-Minimizing reservation costs through the
selection of the optimal time for a request

Reservation
update /
re-reservation

[25]
Immediate
update

Conventional
onsite reservation
update

Optimizing the costs of resource
provisioning in reservation phase and
update phase

-Minimizing the reservation and
on-demand provisioning cost under
uncertainty (demand and price)

Our
prior
work
[24]

Single-
operator
advanced
update

Reservation update
strategy

Heuristic greedy continuous updated
bandwidth reservation strategy

-Minimizing the amount of time and the
costs of the resources are reserved with
different scenario e.g. exactbooking,
underbooking, and overbooking

[29]
Single-
operator
reservation
update

Single-objective
reservation update

DeepReserve dynamic reservation of edge
servers based on observed demands and
make reservation decisions to maximize
system utility

-Maximize the system utility and optimize
resource utilization
-Increase the probability of successful
requests

This
work

Multiple-
operator
reservation
update

Multi-objective
reservation update
strategy

Efficient strategy for updating the
reservation at the optimal time

-Ensuring reliable resource provisioning in
uncertain environments while minimizing
costs by updating at the optimal time
-Minimizing the total cost, which includes
both reservation and cancellation costs,
across different scenarios by timely
updating for more cost-effective options

II. RELATED WORK

Many studies have explored resource reservation problems
using early protocols and models like Resource Reservation
Protocol (RSVP), and Internet Integrated Service model [33].
However, most research has focused on network-side resource
reservation in mobile networks [7], [8]. Few studies have con-
sidered the economic implications of vehicle-side reservation,
such as resource reservation with different pricing strategies.
This is becoming a growing area of interest in edge computing
[9]–[13], [15], [24].

Resource reservation can generally be divided into two
phases: i) reservation request, where users request a specific
amount of bandwidth for a specific period and location from
the MNO, ii) reservation update, where users modify an
existing reservation, such as increasing the amount, changing
the duration, or adjusting the priority. Generally, most studies
related to reservation request mainly put emphasis on the
former mentioned onsite competition [34], [36] or immediate
request mode. The main difference between those two types
of requests is that in competition requests, users compete for
the resource through various game theoretic ways, such as
auctions, Stackelberg game, etc. [34]–[36]. This results in only
a limited number of winners acquiring the resources, leading
to a risk of failure for some users and violation of QoS.

Furthermore, onsite requests frequently exhibit volatile pricing
and inherent inequity due to the stochastic nature of resource
availability and demand, compounded by the rigorous stan-
dards for SVA. In contrast, immediate requests, as discussed
in [9], focus on addressing the challenge sharing the available
spectrum between multiple secondary users and a primary
user. In this scenario, primary users offer pricing information
to secondary users, allowing them to reserve spectrum and
optimize their utility. Chen et al. [10] developed an approach
based on meta-learning to assist in reserving resources for
computing with the goal of minimizing the cost of using
edge services. Zang et al. worked over proposing a smart
online reservation framework to minimize the cost of reserving
resources for an individual user [11] or multiple users [13].
Based upon their settings, the approaches discussed above on
reservations mainly operate on an immediate request basis. As
a result of limited resources, the corresponding vehicles needs
to carry out the reservation of schedule in much advance in
order to ensure they are able to acquire the necessary resources
on time. As a consequence, the immediate requests entail high
cost vales alongside low guarantees. Planning reservations
efficiently is a challenge as users lack knowledge about cost
trends and available resources, making it difficult to ensure
cost-effectiveness.
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Motivated by challenges incurred by competition and im-
mediate request, a smart request solution [12] has been
introduced. This solution enables the advanced reservation
of mobility locations at specific time intervals, achieving
commendable cost-effectiveness and time efficiency. In reality,
the scheduled reservation requires to be updated accordingly
in order to consider the uncertain vehicle mobility nature, as
well as the uncertainty surrounding the reservation of future
times and prices. This uncertainty may lead to the over- or
underutilization of restricted resources. For instance, a study
by [25] has investigated the issues associated with on-site
updates, which focus on minimizing the initial reservation and
on-demand provisioning cost under uncertainty in demand and
price. Other methods only rely on updating the reservation at
the time of entering the coverage area [24], lacking the ability
to compare earlier prices for updating in a timely manner.
Another method presented by Zhang et al is DeepReserve
[29], which dynamically reserves edge servers for connected
vehicles. The key objective is to optimize the allocation of
edge computing resources to enhance the performance of
connected vehicle applications. This paper explores how this
dynamic reservation system can contribute to improving the
overall performance and responsiveness of connected vehicle
services. However, these algorithms are satisfactory for single-
operator scenarios but significantly underperform when gener-
alized for multiple-operator environments, where continuously
comparing the available MNO prices and finding the optimal
time for multi-objective updating is of higher importance. In
our recent work [37], we addressed the challenge of cost-
effective reservation request in a multi-operator environment
using Dueling Deep Q-Learning. By introducing a novel area-
wise approach and leveraging synthetic data generated with the
Temporal Fusion Transformer (TFT), we demonstrated up to
40% cost savings over baseline scenarios. The contemporary
approaches to resource reservation request and update prob-
lems are listed in Table I.

In summary, we emphasize the critical need for a cost-
effective and timely multi-operator reservation update ap-
proach, which includes an update strategy as a fundamental
component in a dynamic pricing vehicular network environ-
ment. While previous literature has not extensively covered
this aspect, our work makes a novel contribution in this direc-
tion. Our study aims to provide reliable resource provisioning
in uncertain situations while minimizing costs across various
scenarios. We believe that our work can serve as a valuable
stepping stone for researchers in this field, addressing the
gaps and advancing the state-of-the-art in reservation update
strategy.

III. SYSTEM MODEL AND PRELIMINARIES
We consider that a vehicular network is composed of two

main components: vehicles and gNB Base Stations (BSs),
provided in Fig. 1. BSs can take the form of either Road
Side Units (RSUs) or Macro Base Stations (MBSs). According
to their network range the driving path (DP)1 can be split

1Our assumption is that the path, meaning the road segment sequence which
leads to the destination, is predetermined and known in advance (e.g., the
scheme in [38].
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Fig. 1. System model and an example of exactbooking, underbooking and
overbooking scenarios.

into N road segments2, each having M number of operating
MNOs, which facilitate a wireless connection between the
edge routers and the affiliated vehicles of the core network.
We assume that each BS covers one segment1 and within each
segment, all MNOs have a dedicated BS, accounting for a set
of bsji i ∈ 1...N, j ∈ 1...M BSs at multiple locations along the
DP. For simplification, we refer to the set of all available BSs
at road segment i as BSi. To facilitate vehicular applications
with stringent latency demands, a Fog/Edge server node is
embedded within the wireless network infrastructure of each
BS. The important notations are listed in Table II.

A. Reservation Request/Update Model

MNOs offer resources through subscriptions [17], where
the users have to pay a variable price in order to reserve the
specific bandwidth for the specific interval of time, irrespective
of either they are utilizing the specified resource or not.
Contrarily, if allocated time is insufficient, the vehicle may
request additional time (in the form of a partial reservation).
Our scenario involves vehicles operating on a time slot-based
system, with the assumption that every specific vehicle can
have a connection with a single MNO network in a given
time slot t. Furthermore, the agent has access to all MNOs’
presently available prices. Two main stages have been con-
sidered: Reservation request stage and the stage of reservation

2We refer to road segments as a road stretch in between a handoff point
and intersection or in between two intersections. We designate each segment
by a location pair (a, b). For this, we refer the point at which a road intersects
the boundary of a BS coverage area is termed a handoff point.

1E.g., the scheme in [39].
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update. In the former, the vehicle plans the initial reservations,
and in the latter, an RL agent is used to update reservations
where needed.

1. Initial Reservation Request: During this stage, vehicle vm
at time t0 makes the initial reservation request to the initially
lowest-cost MNOs for each road segment along the DP. This
request specifies the bandwidth time period ∆tm required
for vm to finish its intended DPm. The time period ∆tm
is further divided into ri = [tmi , tmi+1] i ∈ 1...N reservation
duration intervals, the time the vehicle vm passes through
the coverage area1 of a road segment covered by BSi. These
ri reservation durations depend on the DPm length covered
by the corresponding set of BSi i ∈ 1...N and the vehicle
speed. We assume that the future DPm and route information
like BS coverage area ri are computed and reported based on
the information from navigation system. Accordingly, we only
consider the time-based bandwidth reservation. Moreover, we
assume that the same amount of requested bandwidth (in unit
of Mb/s) is needed at different BS locations. This is possible
because the vehicle can determine its resource requirements
by taking into account the values of data, applications, and
the task models, which further aid in predicting the necessary
bandwidth using various methods pretty similar to those given
in the work [10].

2. Reservation Update2: This stage involves monitoring
the available resource reservation costs with the RL agent
in order to make reservation changes. The vehicle vm starts
its utilization of the initially reserved resources as per his
arriving times at a handoff point at tmi . The ending point
of the current set of BSi (which is the handoff time to the
subsequent BSi+1) is denoted by tmi+1. Before this point,
vehicle signs whether the previously reserved ri is sufficient
or should be changed. Also, the vehicle monitors the currently
available prices of the available MNOs, searching for a lower-
cost operator to connect to3. To handle these, we assume
that the currently utilized MNO provides a partial cancellation
strategy4.

If the vehicle is offered a bandwidth price for the remaining
part of the current BS, then it can decide to cancel the
reservation at the previous higher price and make a new
reservation at the new lower price. In case of overbooking, the
vehicle reaches the handoff point earlier than planned, hence,
the entire remaining unnecessary bandwidth at a particular
road segment covered by BSi is canceled and a reservation
is made at BSi+1 in its place. Alternatively, in case of
underbooking, the vehicle would not reach the next road
segment covered by BSi+1 by the previously planned tmi+1

so the vehicle should cancel the first part reserved at BSi+1

and reserve additional bandwidth at the current BSi (Fig. 1).

1The diameter of the coverage areas of a BS is approximately 900m, similar
to [40], and it is typically visible in downtown areas of metropolises.

2In our model, we make the same assumption similar to various reservation
schemes already available, which is that every associated BS has a specified
and fixed capacity of bandwidth [40], [41]. In the scenario, if a vehicle is
underbooked and cannot obtain bandwidth due to all resources being booked,
the MNO may resort to alternative methods, such as overbooking, which is
discussed in detail in [42].

3The prices are accessible, such as on AT&T [17] and Amazon [21].
4We follow the cancellation strategy employed by Microsoft Azure [43].

TABLE II
LIST OF IMPORTANT NOTATIONS.

Notations Definition

vm Vehicle using the bandwidth reservation strategy

DPm The planned driving path of vehicle vm

BSi All BSs of the ith road segment

bsji BSs of the ith road segment for the MNOj

t0, T Initial and final timestep for DPm

∆tm Required time for the vehicle to go through the DPm

tmi , tmi+1 The reservation start and end at the currently used
MNO

ri Originally planned reservation duration period between
tmi and tmi+1

ri Actual reservation duration after partial cancelation

r∗i Reservation duration after updating for solving
underbooking or overbooking

pi Earlier reserved bandwidth price rate that is currently
paid

pi Available bandwidth prices for updating at the MNOs
of the current BSi

pi+1 Available bandwidth prices for updating at the MNOs
of the next BSi+1

cpi Partial cancelation fee

cp Per minute cancelation fee

cpi Under/Overbooking cancelation fee

creservation update The individual cost of the different objectives: updating

cunder, cover the reservation for bandwidth fee minimalisation

and solving the under and overbooking

CexactCunder,
Cover

Total cost of exactbooking, underbooking and
overbooking scenarios

b Variable to show the booking scenario (-1 for
underbooking, 0 for exactbooking, 1 for overbooking)

S,A,R,Pr State-, action-, reward- and state transition space of the
Markov decision process

st, at, Rt State, action and reward at timestep t

R(st, at) Reward function

pmax, pmin Possible maximum and minimum prices

P (st, at) State transition function

Gt Cumulative reward collected during an episode

Q Q function of the action Q-network

Q̂ Q function of the target Q-network

τ Soft update weight for the target agent’s weights

Additionally, we modeled the possibility of a DP consisting
of the random mix of exact-, under-, and overbooking (called
mixedbooking). The vehicle can decide whether to update or
wait at each time slot of the reservation update stage.

B. Markov Decision Process Model

An MDP can be categorized as a mathematical model which
is used to carry out representation of decision-making in the
specific scenarios where the results are influenced by both
chance and the actions of a decision-maker. It comprises
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of a states set, reward function, actions, and the rule for
determining the next state, i.e. the state transition function,
(S,A,R,Pr). The goal in an MDP is mainly to figure out a
policy, which is basically the set of rules in order to decide
which action needs to be taken in every state, so that one
maximizes the expected sum of rewards over time. MDPs
are useful to carry out various decision-making tasks in a
widespread number of applications. We propose to use an
MDP to model and solve the bandwidth reservation problem
for vehicular systems. We use a DQL algorithm for policy
decision-maker so that we can minimize cost of multi-operator
bandwidth reservation problem.

The goal of the agent is to decide when and how to update
the reservation upon underbooking and overbooking problems
(and their mix) and minimize costs on the basis of the current
stage.

IV. FORMULATION OF A BANDWIDTH RESERVATION
PROBLEM AS MARKOV DECISION PROCESS

In order to apply DQL algorithm for the bandwidth reserva-
tion problem, we need to formulate it as an MDP [44], which
consists of a decision-maker (the RL agent) and an environ-
ment. In this application, the vehicle (vm) makes decisions on
the bandwidth reservation, so we denote it as the RL agent in
our framework. The environment in the DP usually consists
of a set of road segments with N BS, BSi, i = 1, ..., N , each
having M MNOs and BSs, that the vehicle moves through.

MDP framework is defined by a 4-tuple (S,A,R, Pr). At
every step of time t, RL agent carries out interaction with
environment, observes the state value st ∈ S, and performs
selection of an action at ∈ A which further determines the
reward Rt ∼ R(st, at) for the selected action in the given
state, and the next state st+1 ∼ P (st, at). As described in
[45], both the state and action space are finite. The ultimate
objective of RL agent is to maximize the cumulative reward,
which is the total sum value of all the received rewards.

If the RL agent-environment interaction can be naturally
broken into sequences, the task is called episodic. Then, the
cumulative reward, denoted as Gt, is the sum of all rewards
received during an episode, starting from time-step t+1 up to
the final time-step T . Therefore, Gt = Rt+1+Rt+2+...+RT .

In the following four subsections, we carry out formulation
of action space, transition function, state space, and reward sig-
nal for bandwidth reservation. The reward signal formulation
is applicable to all scenarios of exactbooking, underbooking,
and overbooking and their mix.

A. Problem Formulation

Considering that the initial reservations can be suboptimal,
to guarantee the necessary resources at the lowest possible
price, the reservation will need to be updated as needed. A
update is required when the initial reserved bandwidth period
is insufficient or when there are available bandwidth prices
that save costs. In case of an update the previously reserved
bandwidth should be canceled and a new one should be made
during which a cancellation fee stipulated by the MNO, which
can be calculated by: cpi = cp(ri − ri), where cp is the per

minute cancelation fee and (ri − ri) is the bandwidth time
canceled. The bandwidth reservation update problem can be
split into two subproblems.

First, the vehicle can check for lower available unit prices
provided by different MNOs for the currently used BS. If a
lower price is available the vehicle can cancel the remaining
part of the previous reservation, make a new reservation, and
continue the rest of its course area covered by the BS with
the new price until the handoff point or the next cancelation.
The main aim is to reduce the total reservation cost for every
road segment BSi across the entire DPm. The condition for
updating the reservation to be advantegeous is:

pi(ri − ri) + cpi < pi(ri − ri) (1)

Meaning that we should pay less at the new price for the
remaining part of the BS plus the cancelation fee than we
would pay at the current price. At every timestep our agent can
decide whether to update to a new price or keep our reservation
at the current price.

Second, the vehicle must update its reservation in the case of
underbooking or overbooking. In order to determine whether
an update is needed in the future, the agent is complemented
by a navigation system. This system can calculate and update
the anticipated time of the next handoff point, and determine
the amount of over- or underbooking. In case of underbooking,
the vehicle will arrive to the handoff point later than it has ini-
tially booked, so the vehicle needs to cancel the underbooked
period of the next BSi+1 and re-reserve additional bandwidth
for the current BSi. However, in the case of overbooking, the
vehicle will arrive to the handoff point earlier than initially
reserved, so it needs to cancel the overbooked period at
the current BSi and re-reserve for the next BSi+1 and all
subsequent BSs up to BSN . In both cases, the reservation
update has to be made until reaching the handoff point. Our
goal is to update at the lowest cost. We propose an RL agent to
address this problem: this agent will decide at each timestamp
whether to update the reservation or wait for a lower price.

B. State Space

The RL agent performance depends on the choice of the
space state. The state accommodates the information about the
environment available to the RL agent, and represents the basis
for decision making [44]. In the bandwidth reservation service,
at time step t, state should contain the currently reserved
bandwidth price pi, the available prices pi for current BSi,
and the available prices for the next BSi+1, provided by
the available MNOs. The vehicle will signal in advance to
the agent if an update is needed to solve underbooking or
overbooking as b (-1 for underbooking, 0 for exactbooking,
1 for overbooking). The same system will calculate and send
the agent the t′i timesteps left of the current BS - the time
until reaching the next handoff point. Therefore, the state at
timestep t is given by:

st = [pi, pi, pi+1, b, t
′
i]t, i = 0, ..., N (2)
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C. Action Space

Actions are taken by the RL agent, vehicle vm, in order to
maximize the reward – incur the minimum total reservation
cost. By the definition of DQL algorithm, we define the space
of all possible actions. The algorithm should learn to select
the best action in the specific state on the basis Q-value of
that specific state-action pair.

At the time-step t0, vehicle vm receives initial bandwidth
reservations ri = [tmi , tmi+1], ∀BSi, i ∈ 1, ..., N.. The
vehicle will calculate whether the current bandwidth at BSi

should be updated based on the information from the navi-
gation system, and inform the agent how many timesteps are
left for updating. For the first task the goal of the agent is
whether it is profitable to change to re-reserve at one of the
available MNOs at BSi. To address the second task, the agent
can update to solve the underbooking overbooking at one of
the currently available prices, or wait for a better price.

At =



do nothing,
solve underbooking,
solve overbooking,
change to lowest price mno,
i = 0, ..., N

(3)

D. Reward Signal

Our objective is to reduce the total cost of reservation in
the three scenarios as a vehicle vm moves through DPm.
These three scenarios are exactbooking, underbooking, and
overbooking. The reward signal in RL reflects the cost incurred
in each scenario, and the reward should be the larger the
smaller are the costs. These three scenarios, and therefore three
components of the reward function, are mutually exclusive. To
enable smooth gradient flow in DQL, the reward signal should
be reshaped in the function with maximum and minimum. In
order to standardize the prices, we utilized the maximum and
minimum price values and then reshape the reward function.

In the following subsection, we explain how to construct
the reward function for the exactbooking scenario. The same
procedure is applicable for the underbooking and exactbooking
scenarios. Each BS can be exactbooking, underbooking, or
overbooking scenario, and a DP can consist of homogeneously
just one type or their random mix: make cost functions for only
a single BS and at the R(t) sum them together.

1) Exactbooking Scenario: In the exactbooking scenario,
the reserved bandwidth ri corresponds to the demand. How-
ever, if we find a lower unit price pi, we will cancel the
remaining part of the reservation ri made at the old price pi,
and make a new reservation ri. We minimize the cost function
of the whole DPm, consisting of N number of BSs:

Cexact =

N∑
i=1

piri + pi(ri − ri) + cpi (4)

The action policy should satisfy a number of conditions Ci.
As we work over determining the optimal action corresponding
to each state, we assign a large negative reward to every action
that violates any of conditions Ci that are dependent on action

choice. Such action is trying to update for underbooking or
overbooking, while it the current BS is exact booked. In this
case we add a large negative part to the reward.

2) Underbooking Scenario: If the initial bandwidth reser-
vation period is smaller than needed, we have underbooked
computation time. For underbooking scenario, the reward
function is similar to the reward function strategy used for
the exactbooking scenario, but it is complemented with the
price of solving the underbooking. Based on the formula of
the cost function for underbooking scenario:

Cunder =

N∑
i=1

pi (r
∗
i − ri) + piri + pi (ri − ri) + cpi + cpi

(5)
Where (ri − r∗i ) is the amount of underbooking: the dif-

ference of the real handoff time and the previously planned
handoff time, and cpi = cp(r∗i − ri) is the cost of canceling
the initial reservation for the underbooked time period at the
next BSi+1. As in the case of exactbooking scenario, the
actions that violate defined constraints have to be prevented,
namely missing to update to solve underbooking. In case of
constraint violation, a large negative penalty is added to the
existing reward in order to significantly decrease the Q-value,
and prevent missing this action.

3) Overbooking Scenario: If the vehicle would arrive ear-
lier to the next handoff point than the bandwidth time we
have reserved, an overbooking scenario occurs. Similarly to
underbooking, the cost of overbooking consists of the cost of
exactbooking and solving the overbooking scenario:

Cover =

N∑
i=1

pi+1 (ri − r∗i ) + piri + pi (ri − ri) + cpi + cpi

(6)
The overbooked period is (ri − r∗i ): the difference of the

previously planned handoff time and the real handoff time. The
cost to cancel the overbooked period is cpi = cp((ri− r∗i ), the
cancelation cost of the initial reservation for the overbooked
time period at the current BSi. In the overbooking scenario we
also add a large negative penalty if the agent misses updating
to solve overbooking.

4) Mixed Booking Scenarios: As in the mixed booking
scenario either exactbooking, underbooking or overbooking
can occur at each BS, the reward depends on the base stations’
scenario: either the cost of exactbooking, underbooking, or
overbooking. In this case, either of the constraints of the ex-
actbooking, underbooking, and overbooking- holds depending
on the BS scenario, and has to be prevented by a penalty.

V. DEEP Q-LEARNING FOR BANDWIDTH RESERVATION
UPDATE STRATEGY

RL can be used to design a bandwidth reservation update
strategy for networked vehicular applications by training an
agent to learn a policy for making bandwidth reservations that
maximizes a reward signal. The agent can learn a policy for
making reservation updates by interacting with the MDP and
receiving rewards based on the performance of the reservation
strategy, as illustrated in Fig. 2.
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Fig. 2. An illustration of the proposed double Q-learning algorithm for
bandwidth reservation update strategy.

A. Deep Q-Learning

In modern networking systems, efficient bandwidth reser-
vation is critical for optimal network performance. To address
this challenge, DQL can be applied for dynamically updating
network resources and improving performance by learning
from experience. While approximating Q-function via deep
neural networks, DQL can handle high-dimensional state and
action spaces and can adapt to changing network conditions,
making it a promising approach for addressing bandwidth
reservation in modern networks.

The agent receives a reward for successfully updating the
necessary bandwidth at a low price, minimizing the cost of the
bandwidth reservation problem, and a penalty for reserving at
a high price. The agent would also receive a reward for solving
the underbooking and overbooking problem at lower price, and
a penalty for not solving it, or solving it at a higher price.

Q-Learning is a type of reinforcement learning algorithm
to train an agent how to select actions within a specific
environment in order to achieve maximum reward [46]. The
primary element of Q-Learning is the Q-value function, to
estimate the expected return, the inverse of the expected future
payment for the specific action for staying in the current MNO,
changing to a new one or solving the under/overbooking in a
given state. By using the Bellman equation to update the Q-
values on the basis of the reward received and subsequent state,
the agent step by step improves its decision-making process.

Q(s, a) = r(s, a) + γmax(Q(s′, a)) (7)

Where r(s, a) is the normalized inverse the cost according
to the current BSs state: Cexact for exact booked and Cover

or Cunder for over and underbooked BSs respectively. To
enable agents’ ability to explore new states and for balancing
exploration and exploitation we use epsilon-greedy algorithm.

This involves choosing some actions randomly with probabil-
ity epsilon to experiment out-of-policy actions to minimize the
bandwidth cost.

a =

{
random action with probability ϵ

argmaxa′ Q(s, a′) with probability 1− ϵ
(8)

We also employ experience replay, which involves record-
ing the previous environment interactions that an agent has
encountered, to increase the sampling efficiency and stability
of training.

A DQL approximates (state, action) Q-value function with
the help of a deep neural model. This technique is useful
when dealing with a large state space, as is the case with
multiple mobile MNOs that need to be represented. With a
state as input, the outputs number in the given neural network
corresponds to the number of possible actions, and the value of
each output represents the Q-value for the (state, action) pair.
Afterwards, an action with maximum Q-value for the specific
state is chosen.

This algorithm tends to be unstable because the determined
policy can not only fail to converge, but actually diverge, that
is the reason we use this algorithm. The double refers to the
presence of the target neural network. Here, to calculate the Q-
value to learn, instead of using the trained action agent’s action
with the best Q value, we use a target agent’s Q̂ value’s best
action. This helps in reducing the Q-values overestimation. In
order to avoid the divergence of the two models, we regularly
update the target agent with the weights of the action agent.

Q̂ = τQ+ (1− τ)Q̂ (9)

The pseudocode of the DDQL can be found in [32].

B. DDQL for the Bandwidth Reservation Update Problem

DQL is a suitable algorithmic choice because of present
uncertainties and the time-efficiency requirement. The unpre-
dictable mobility changes of the vehicle can affect future
reservation times. Moreover, uncertainty arises due to the
nature of bandwidth prices. The bandwidth reservation update
has to be time-efficient to guarantee resource provision for
mentioned vehicular application. In comparison to classical
methods, running a neural network agent requires a higher
level of computational resources. However, we implemented a
model that utilizes a smaller network architecture to reduce
the computational demands, enabling the agent to operate
effectively on low-end embedded systems.

In Section IV, state space, action space, reward signal,
and state transition function are defined. These definitions are
necessary for the application of DQL and for implementing
the bandwidth reservation algorithm (1). After initialization
in Lines 1-3, we use the action agent to generate episodes.
These agents will go through predefined routes with N BSs,
that can be further split to timesteps. For all timesteps during
the episode we use epsilon-greedy algorithm (function (8)) to
select the actions in Line 8 from the possible actions:
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Algorithm 1 Training DDQL Bandwidth Reservation Update
Strategy

1: Initialize Replay memory
2: Initialize Q-network Q and the target Q-network Q̂ with

arbitrary weight θ and θ̂
3: Initialize Q : X ×A → R arbitrarily
4: for Episode: j=0 to n do
5: Initialize t = 0
6: for BS: i=0 to N do
7: for timestep in ri do
8: Choose action with epsilon-greedy (8)
9: Calculate the cost function with (4), (5) or (6)

10: Scale Ct to receive Rt

11: Collect reward Rt and observe state st+1

12: Store the transition (st, at, Rt, st+1)
13: t = t + 1
14: Until st+1 is not terminal state
15: end for
16: end for
17: Sample random experience minibatch of transitions

(st, at, Rt, st+1)
18: Calculate the target Q value:

yj = Rj + γQ(st+1, argmaxa(Q̂(st+1, at+1; θ̂)); θ)
19: Perform a gradient descend step on (yj −Q(st, at; θ))

2

with regard to θ
20: At every C step update Q̂ = τQ+ (1− τ)Q̂
21: end for

at =


switch to MNO with lower price
reservation update for under/overbooking
do nothing

(10)

Then the algorithm calculates the cost for the current
timestep according to the current booking scenario (Line 9).
To gather the rewards we invert the cost, scale it to standard
distribution for better convergence, and store it along with the
transition to the experience replay memory in Lines 9-12.

After every episode we execute a training step. During
this process we sample a minibatch, consisting of a number
of transitions from the replay memory (Line 16), and make
a gradient descent step (Line 18) to the Q-value calculated
at Line 17, using the target agent’s Q̂ action for the action
agent’s Q-value function. Finally, we periodically make a soft
update step on the target agent with the action agent’s weights
according to (9).

Our DDQL method employs a fixed number of n episodes,
each consisting of at most 400 timesteps (VI-A). Utilizing
early-stopping schema, in the worst-case scenario our training
exhibits linear time complexity, with a computational com-
plexity of O(n) iterations. For the implementation concerning
bandwidth reservation, we adapt two optimization goals in the
pseudocode of the Q-learning algorithm.

1) Reservation Update for Cost Minimalization: The first
optimization goal is to minimize the bandwidth reservation
cost by switching to one of the available MNOs. The agent
has access to the available MNOs’ currently provided prices

and chose between staying at the previously reserved price
or updating to the new price in one of the available MNOs.
The goal of the agent is to minimize the cost of the bandwidth
reservation problem. If it does not update the reservation, then
the vehicle will continue to pay at the previously reserved
price. Upon update, there is a fee for partially canceling the
previous reservation, and the vehicle should also reserve a new
bandwidth, of which price will be the cost until reaching the
handoff point of the current road segment BSi at tmi+1 or until
the next cancellation. Furthermore, as there is a s fee for every
update, frequent updates would yield a high overall cost. To
minimize the total cost the agent should find and update only at
the best prices. In the specific case of exact booking, our sole
objective is to minimize costs with reservation updates, and
thus, the cost associated with the exact booking is equivalent
to the cost we aim to minimize within this objective (4).

creservation update = Cexact =
N∑
i=1

piri + pi(ri − ri) + cpi (11)

2) Reservation Update for Underbooking or Overbooking:
In the second problem, based on the navigation system the
vehicle determines whether exactbooking, underbooking, or
overbooking are happening in order to choose the correspond-
ing reward function. On top of the former problem (11), the
goal here is to solve the non-exactbooking problem with the
lowest possible cost. This can be done based on currently
available prices for either the current BSi (for underbooking)
or the next BSi+1 (for overbooking). The t′i flag indicates
the timesteps left to solve the underbooking or overbooking
problem. The agent can choose at each timestep, whether
to update and reserve additional bandwidth at one of the
available MNOs or to wait for lower prices at the next time
step. Therefore, in these scenarios, the costs associated with
addressing underbooking and overbooking (12, 13) are added
to the cost of the initial exact booking (11). This combination
yields the total cost for these scenarios (5, 6).

cunder =

N∑
i=1

pi (r
∗
i − ri) + c

p
i . (12)

cover =

N∑
i=1

pi+1 (ri − r∗i ) + c
p

i
(13)

VI. PERFORMANCE EVALUATION

In this section, we present the results of detailed experimen-
tal studies. To demonstrate the efficiency of proposed method,
we compare our algorithm with various existing bandwidth
reservation schemes in vehicular settings.

A. Experimental Settings

To reduce the cost of a reservation, the agent continuously
searches for the lowest priced unit at a time-slot, initiating
from the time of initial reservation request (t0) up to the
destination. The cost at each timestep (BS) is calculated as
the sum of the bandwidth prices and the cancellation fees,
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which are then accumulated for each BS in the episode to
carry out algorithms performance evaluation. The length of a
BS is randomly varied between 10 and 20 minutes with a 30-
second timestep resolution, and the duration of an episode is
determined by a random number of BSs ranging from 3 to 10.

Our training used several key hyperparameters to optimize
the learning process. We used Adam optimizer with a learning
rate set to 10−3, with a weight decay of 10−6 to regularize
the model and prevent overfitting. We employed a discount
factor of γ = 0.99 to balance immediate and future rewards,
and an estimation step of 3 for the agent to look ahead when
estimating the expected return to improve the stability of Q-
value estimates. The target network was updated every 300
steps and the buffer size was set to 20,000 to ensure sufficient
experience storage for stable Q-value. A batch size of 128 was
chosen to ensure efficient gradient updates and the model was
trained for 200 epochs, each consisting of at least 10 episodes.

We consider two cases. The first case consists of uniform
scenarios for all BS in the episode. This case can be further
split into three subcases – all BSs are either exactbooked,
underbooked, or overbooked. The second considers a more
realistic situation where the scenario changes randomly for
all BSs, yielding a randomly mixed distribution of scenarios
(Mixed Booking). We demonstrate how the suggested ap-
proach reduces the total cost of reservations by validating it in
all cases. The proposed model utilizes a DDQN model with
4 hidden layers, each having 128 channels, which is trained
once offline on a server then gets deployed in vehicles. The
computational requirements of the model are 101.38 KMAC
and 202.75 KByte VRAM. All experiments were trained and
tested on a Ubuntu server (CPU: AMD Ryzen 9 3950X 16-
Core 3.5 GHz, RAM: 64 GB DDR4, GPU: NVIDIA RTX
2080 Ti). When compared to the NVIDIA AGX Xavier, which
is recognized as the most powerful System-on-Chip (SoC)
[47], [48], the algorithm utilization is only 0.000004% of the
on-borad computation power of an autonomous vehicle, which
can be seen as negligible.

B. Baselines

We employed several baselines to compare the performance
of our proposed approach. The first baseline involves using
the original prereservation prices at t0. We refer to this as the
”No Policy” baseline because it does not employ any policy
to update reservations, as seen in similar studies such as [11],
[12], and [13]. The second algorithm used is the ”Greedy”
algorithm, which updates reservations whenever there is a
lower available price than the current one, as demonstrated
in [24] and [25]. In addition to our proposed DDQN, we also
trained and evaluated two other Q-learning methods: DQN and
Dueling Deep Q-Learning Network (DuelingDQN).

C. Dataset

Dynamic pricing can be advantageous for both MNOs
and vehicles. MNOs can optimize revenue and resources by
adjusting prices based on demand, while vehicles can access
resources at lower prices during low-demand periods. To
evaluate our methodology, we employed a historical dataset

Fig. 3. Learning curves showing the convergence of the different DQN
methods, demonstrating that the suggested Double DQN algorithm yields the
highest average episode rewards.

of Amazon spot prices that fluctuate based on factors such as
capacity, demand, geographic location, and specific instance
type [21]. For time-sensitive applications, vehicles require
computing instances and communication links (i.e., band-
width). As per our assumption, the prices to set up computing
resources and communication links are same as that of spot
pricing in Amazon, similar to the one referred in [13]. In this
study, we utilized prices from all instances and two regions
(us-west-1b and us-west-1c) between April 17 and May 2 for
training and May 3 to May 8 for testing purposes. To ensure
the efficiency of the reservation system, we do not offer a free
cancellation fee in our experiments. Instead, we have adopted
a fee of 12%, following the cancellation strategy fees used by
Microsoft Azure [43].

D. Experimental Results

The performance of the DRL algorithm and comparison of
the outcomes with baseline algorithms have been presented in
this section. Our objective is to illustrate how the algorithm re-
duces cumulative reservation costs and average costs incurred
in situations involving variable booking. The convergence of
the average cumulative reward during the trained episodes of
the various DRL agents during training is depicted in Fig. 3.
The proposed agents were trained encountering various prices,
base station numbers, and reservation lengths. The results, as
demonstrated in the provided figure, indicate that the agents
successfully converged on the optimal policy after 500 training
episodes, learning the best approach to solve the bandwidth
reservation problem. Fig. 4 a), b), c) and d) demonstrate
that our suggested algorithms significantly outperform the
baseline approaches in the cumulative reservation costs over
time in all scenarios. The dynamic price and updates are not
considered in the ”No Policy” method, thus leading to high
costs. Also, ”Greedy Policy” updates every time there is a
lower available price, entailing a higher cost caused by the
cumulating cancellation fees. The proposed algorithm achieves
better cumulative cost than both of these. Regarding the DQN
methods, the plots clearly show the superiority of DDQL
over DQN and Dueling DQN, which can be imputed to the
decoupling of the action selection and value estimation to
address the over-estimation issue.
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(a) Cumulative costs for exactbooking (b) Cumulative costs for underbooking

(c) Cumulative costs for overbooking (d) Cumulative costs for mixedbooking

Fig. 4. Cumulative episode rewards are significantly lower with suggested algorithms compared to baseline approaches across various scenarios: Exact booking
(a), underbooking (b), overbooking (c), and mixed booking (d). The figure also illustrates the cumulative reservation costs for all scenarios.

In order to further evaluate the performance of the proposed
algorithms, additional metrics were employed in the analysis.
Specifically, the average episode cost for each scenario was
calculated in order to identify the costs incurred by each
algorithm in each scenario (Fig. 5). This analysis provides
further evidence for the superiority of the Double DQN
method in comparison to other methods.

The results of this analysis demonstrate that the Double
DQN policy is able to minimize the overall costs of the band-
width reservation problem in all the scenarios. This suggests
the Double DQN policy to be a highly effective method for
solving the cost minimalization problem. The use of average
episode cost as a metric allowed us to objectively compare the
performance of different algorithms across different scenarios.

We also assessed the efficiency of the methods by an-
alyzing the number of average updates and the ratio of
bandwidth prices and cancellation costs per BS conducted for
the exactbooking scenario (Fig. 6). Results showed that the
greedy policy resulted in a high number of updates and high
cancellation fees, leading to its higher overall cost, while DQN
methods used fewer updates, yielding higher average prices
but low cancelation fees. The Double DQN policy, among
the DQN approaches, was found the best trade-off between
bandwidth price and cancellation cost, resulting in the lowest
overall cost. The analysis further supports the effectiveness of
the Double DQN policy in optimizing bandwidth reservation.

Besides qualitative measurements of the agent’s perfor-
mance, we examined the actual MNO prices and the agent’s
actions to update to a lower price. The results, as shown in
Fig. 7 indicate that the algorithm generally performs well,
quickly switching to lower prices at the onset of BS2, BS3,
BS7, and BS10. However, there are instances where the agent
decides to wait instead of instantly switching to a lower
price, even if a previously reserved price at t0 is higher. This
decision is based on the consideration that the cancelation
cost plus the bandwidth price is higher than the current price,
hence the agent waits to switch later when it would be more
advantageous. Even if this policy results in small periods of
higher prices, it yields lower overall costs.

This is particularly evident in Fig. 8, where we can see
the full prices that would have been paid for each BS in the
event that the agent decided to switch at different times to
different available prices (red points), and the influence of
its components (cancelation fee: blue line, full BS bandwidth
cost at alternative prices: yellow ”+”). While the cumulative
cancelation fee decreases with time, as there is less bandwidth
time to cancel; the cumulative paid bandwidth fee increases,
as staying on a more expensive MNO (at a previously reserved
higher price) for a larger part of the BS as time is advancing.
As the BS length, preserved price, and available prices change,
the relationship between these two factors creates a complex
function.
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Fig. 5. Average costs per episode for all scenarios and policies. According
to the figure, the suggested Double DQN policy has the lowest cost in all
scenarios.

(a) (b)

Fig. 6. The average update number of updates per BS (a) the cost components
(cancelation and bandwidth) accounting for the paid full cost (b) for exact-
booking. We can see that using a medium number of updates Double DQN
has the best balance between the two cost components among the examined
methods.

Our analysis revealed that the agent, despite having access
only to the currently available prices, consistently chooses
the option corresponding to the minimal full cost for the
BS. Additionally, if a lower price is available the agent
often updates again close to the end of the BSs, where the
cancelation fee is smaller. This can be seen in Fig. 9: the first
update is exclusively made in the first half of the BS, but a
considerable amount of the later updates are made in the last
20% of the BS. We can see on the right graph that this happens
in most of the BSs: most of the times the agent makes one or
even two correcting updates in a BS. Comparing it to other
policies, they are less frequently following this policy. DQN
and Dueling DQN also do secondary updates, but usually miss
to do third updates, missing to lower their cost close to the
end of the BSs (where cancelation updates are low) leading to
their higher cost. On the other hand, the greedy policy makes a
lot of later updates, whose cancelation costs lead to its higher

Fig. 7. The reservation update decisions of the agent for an episode route
consisting of 10 BSs with the available MNO prices. At each BS the agent
starts with the initially reserved price and at each timestep it can decide to
update it. Each jump in the paid price plot means an update decision.

Fig. 8. All reservation update possibilities and their yielded costs, comprising
the cancelation fee and the currently available MNO price. Despite having
access to only the current bandwidth prices, the agent consistently selects the
option with the lowest available cost for the BS.

overall cost.
We also observed that in some instances, it is more advanta-

geous for the agent to wait for a later time to update to a lower
price, but in other instances, especially if the prereserved price
at t0 is high, the agent switches to a lower price as soon as
it enters the BS, resulting in large spikes at the start of some
BSs.

Based on these findings, we propose that allowing the
agent to cancel reservations and update to lower prices before
entering new BSs may help to mitigate the spikes in prices
and minimize overall costs. This serves as a potential area for
future research and improvement of the algorithm.

VII. CONCLUSION

In this article, we studied the potential cost optimization for
vehicular bandwidth reservation in dynamically priced multi-
operator networks. We proposed a multi-objective reinforce-
ment learning-based strategy to update bandwidth reservations
upon relevant price changes and address the challenges of
underbooking and overbooking in a cost-effective way. The
problem was formalized as a Markov Decision Model used to
train a Double Deep Q-learning reinforcement learning model
on a real-world dataset. The results show that our proposed
model outperforms existing strategies. Our model reduces the
bandwidth costs by 40% across all scenarios when compared
to a control group lacking a policy and effectively solves
underbooking and overbooking scenarios at the lowest cost.

This study demonstrates the effectiveness of using a rein-
forcement learning-based strategy to address the challenges of
bandwidth cost minimization and solving underbooking and
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(a) Greedy policy (b) DQN policy

(c) Double DQN policy (d) Dueling DQN policy

Fig. 9. For all policies the left charts display the update time distribution relative to the time in the BS. Compared to the others, the Double DQNs make
additional later updates towards the end of the BS when the cancellation fee is less to lower overall costs. On the right charts, we can see the distribution of
the number of updates in a BS. Compared to greedy and other DQN policies, the Double DQN policy makes a medium number of updates per BS.

overbooking, providing a promising cost-effective solution for
the multi-operator vehicular bandwidth reservation problem. In
future work, we aim to focus on more elaborate environments
with dynamic BS ranges and varying MNO numbers to enable
the development of more realistic and intelligent reservation
update strategies, leading to enhanced resource allocation and
cost minimization in dynamic vehicular networking environ-
ments.
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