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Abstract

Vehicle-to-Everything (V2X) communication is an essential building block of intelligent
transportation systems, supporting high-data-rate vehicle-to-infrastructure (V2I) services,
and ultra-reliable low-latency vehicle-to-vehicle (V2V) communication. However, in dense
urban environments, V2X services can be significantly degraded by the presence of severe
blockage, fast channel variations, and high levels of interference. Intelligent Reflecting Sur-
faces (IRSs) can be employed to reconfigure wireless propagation environments to improve
V2X communication. However, the joint optimization of transmit power, spectrum reuse,
and IRS reflection coefficients is a mixed-integer non-linear problem, which is further com-
plicated by the fast vehicular mobility and time-varying interference in V2X networks. To
tackle this challenging problem, this work proposes a scalable and deployable decentralized
hierarchical multi-agent deep reinforcement learning (DH-MDRL) framework. The key
design principle is the separation of control timescales, whereby each V2V link functions as
an autonomous agent that responds to local observations at a fast timescale and determines
its transmit power and spectrum reuse decisions, while the IRS controller at the base station
(BS), using global network observations, updates the IRS reflection coefficients at a slower
timescale. This hierarchical architecture reduces coordination signaling associated with
centralized resource allocation while enabling distributed resource allocation. The IRS-
assisted V2X network is modeled as a Markov decision process, where the reward design
is tailored to optimize the V2I sum data rate while guaranteeing the latency and reliability
constraints associated with safety-critical V2V communication. Simulation results show
that the proposed DH-MDRL framework outperforms conventional schemes without IRSs
and achieves an excellent trade-off between V2V link constraints’ satisfaction probability
and V2I link sum data rates compared to centralized resource allocation approaches.

Keywords: IRS; V2X communications; V2V resource allocation; deep reinforcement
learning; multi-agent learning spectrum sharing and interference management

1. Introduction
Vehicle-to-Everything (V2X) communication has emerged as a key enabling technology

for intelligent transportation systems, supporting advanced applications such as autonomous
driving, cooperative perception, traffic safety, and infotainment services. V2X networks
encompass vehicle-to-infrastructure (V2I) links as well as vehicle-to-vehicle (V2V) communi-
cations, which impose fundamentally different quality-of-service (QoS) requirements. While
V2I links primarily support throughput-oriented applications such as high-definition map
downloading, multimedia streaming, cloud-assisted navigation, over-the-air software updates,
and passenger infotainment, these services generally prioritize high data rates over stringent
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end-to-end latency guarantees. Although higher data rates reduce transmission time, the asso-
ciated applications can usually tolerate moderate communication delays without significantly
affecting service quality. In contrast, V2V communications support safety-critical applications,
including collision avoidance, emergency braking, cooperative driving, and platooning, where
messages must be delivered within a few milliseconds with extremely high reliability [1].
To meet these heterogeneous QoS demands in dense urban environments is a challenging goal
due to severe signal blockage, fast channel variations due to vehicular mobility and strong
mutual interference of coexisting links [2–4].

Intelligent Reflecting Surfaces (IRSs) have recently emerged as a promising solution
to improve wireless communication performances by programmable reconfiguration of
the radio propagation environment [5]. By controlling the phase shift of a high number of
passive reflecting elements, an IRS can reinforce the desired signals, block interferences,
and extend the coverage area without increasing the transmit power. In V2X scenarios,
the deployment of IRSs on roadside building facades has shown to mitigate blockage
and enhance V2I and V2V communication performance [6,7]. A number of works have
shown that IRSs can considerably improve reliability as well as coverage probability and
spectral efficiency in vehicular networks [8–10]. However, exploiting IRS gains requires
joint optimization of spectrum reuse, transmit power and IRS phase shifts, thus leading to
a complex mixed-integer non-linear optimization problem.

The use of conventional optimization methods for resource allocation in IRS-assisted
V2X networks face several limitations. One typical limitation lies in the coupled opti-
mization of discrete spectrum reuse decisions and continuous transmit power levels and
unit-modulus IRS phase shifts in IRS-assisted V2X network, which presents a high com-
putational overhead for conventional methods. Another limitation concerns difficulties in
obtaining accurate and timely (or even approximately accurate) channel state information
in challenging fast-moving vehicular scenarios. In addition, difficulty also arises from the
high-signaling overhead and latency brought by centralized solutions, which renders them
unscalable and not applicable for practical V2X systems, especially when frequent updates
to resource allocation and IRS configuration are necessary [11–13].

To address these challenges, deep reinforcement learning (DRL) has emerged as a
powerful tool for adaptive resource management in V2X networks. DRL enables agents to
learn decision-making policies through interaction with the environment, without relying
on explicit channel models. Early work in [2] demonstrated that decentralized DRL can
effectively allocate power and spectrum for V2V links while satisfying latency constraints.
Subsequent studies introduced meta-reinforcement learning [14], multi-agent DRL [15],
and two-timescale learning frameworks [16] to improve adaptability and scalability. Never-
theless, most DRL-based V2X approaches assume a fixed wireless propagation environment
and do not exploit the capability of IRS to dynamically reshape wireless channels [17,18].

Conversely, IRS-assisted optimization techniques often rely on centralized control and
quasi-static channel assumptions [7,11], which limits their applicability in fast-changing
vehicular networks. Recent studies have begun integrating IRS and DRL, demonstrating
promising results in non-vehicular and infrastructure-centric scenarios [19–21]. However,
applying IRS-assisted DRL to V2X systems with strict V2V latency constraints, spectrum
reuse, and large-scale decentralized decision-making remains insufficiently explored [22].

Motivated by these observations, this paper investigates joint resource allocation and
IRS configuration for IRS-aided V2X networks from a deployment-oriented learning per-
spective. Unlike existing works that tightly couple IRS reconfiguration with instantaneous
vehicular resource allocation, we explicitly account for the mismatch between fast V2V
dynamics and slower IRS reconfiguration capabilities. The goal is to design a scalable and
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adaptive framework that maximizes V2I throughput while guaranteeing stringent V2V
latency and reliability requirements under dynamic channel conditions.

To this end, we propose a decentralized hierarchical multi-agent DRL framework for
IRS-assisted V2X communications. In the proposed architecture, each V2V link operates as
an autonomous learning agent that selects its transmit power and spectrum reuse decision
based on local observations, while a centralized IRS controller, co-located with the base
station, configures IRS phase shifts at a slower timescale. This time-scale separation reflects
practical IRS deployment constraints, reduces signaling overhead, and improves scalability
without sacrificing performance. Carefully designed reward functions ensure V2V latency
requirements are satisfied while enhancing overall V2I throughput.

The main contributions of this paper are summarized as follows:

• We develop an IRS-assisted V2X system model in which multiple V2V links reuse
the spectrum of V2I links, accounting for interference coupling, vehicular mobility,
and heterogeneous QoS requirements for V2V and V2I communications.

• We formulate the joint optimization of V2V transmit power, spectrum reuse, and IRS
reflection coefficients as a mixed-integer non-linear optimization problem with explicit
latency constraints for safety-critical V2V communications.

• We propose a decentralized hierarchical multi-agent DRL framework that coordinates
fast-timescale decentralized V2V resource allocation with slow-timescale centralized
IRS reconfiguration for joint IRS-assisted V2X resource allocation.

• Through extensive simulations, we demonstrate that the proposed IRS-assisted DRL
framework significantly improves V2I sum data rate and V2V latency satisfaction
probability compared with centralized DRL, and DRL without IRS baseline schemes
under various network configurations.

2. Related Work
This section reviews existing studies related to learning-based resource allocation

and IRS-assisted vehicular communications. The discussion is organized into four parts:
(i) learning-based resource allocation for V2X networks, (ii) IRS-assisted vehicular communi-
cations, (iii) learning-based optimization for IRS-assisted V2X systems, and (iv) motivation
and research gap.

2.1. Learning-Based Resource Allocation for V2X Networks

The dynamic topology, rapidly varying channels, and stringent latency requirements
of V2X networks make conventional optimization-based resource allocation difficult to
apply in practice. Deep reinforcement learning (DRL) has therefore been widely adopted
for decentralized and adaptive V2X resource management.

In [2], a decentralized DRL framework was proposed for joint spectrum and power
allocation in V2V communications, showing that latency constraints can be satisfied without
centralized coordination. Cooperative and multi-agent DRL schemes were further studied
in [23] to improve spectrum reuse efficiency between V2I and V2V links. Fairness-aware
DRL formulations were considered in [24] to enhance the worst-case V2V performance.

DRL has also been applied to V2X networks integrated with mobile edge computing
(MEC). For example, Ref. [25] optimized task offloading and radio resources using an actor–
critic framework. Although effective for computation-centric objectives, such approaches
do not explicitly address latency-critical V2V communications.

To improve scalability and adaptability, multi-agent DRL frameworks were proposed
in [4], while meta-reinforcement learning [14] and federated learning [15] were introduced
to cope with non-stationary vehicular environments and reduce signaling overhead. Recent
studies have further demonstrated the effectiveness of multi-agent reinforcement learning
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for cooperative decision-making in intelligent vehicular systems. For example, the two-
stage MARL framework in [26] enables efficient mixed vehicle platoon formation under
dynamic traffic conditions, illustrating the potential of MARL for distributed optimization
in connected vehicular networks. Despite these advances, most DRL-based V2X works
assume a fixed wireless propagation environment and do not consider programmable
channel control.

2.2. IRS-Assisted Vehicular Communications

IRS technology has attracted significant interest for enhancing wireless communi-
cations through passive and programmable signal reflection. In vehicular scenarios, IRS
deployment has been shown to mitigate blockage and improve coverage and reliability [6,7].
Optimization-based IRS-assisted V2X studies mainly focus on beamforming, phase-shift
design, and deployment strategies [8,12].

Analytical performance evaluation of IRS-assisted vehicular systems has also been in-
vestigated. In [27], outage probability and capacity of RIS-assisted V2V links were analyzed
under Nakagami-m fading. Similarly, Ref. [10] studied IRS-assisted V2I communications in
urban dark zones, demonstrating improved coverage and interference mitigation.

While these works provide valuable insights, they typically assume static or quasi-
static channels and rely on centralized optimization with full channel knowledge, limiting
their applicability to fast-moving vehicular environments and large-scale networks.

2.3. Learning-Based Optimization for IRS-Assisted V2X Networks

To overcome the limitations of model-based IRS optimization, learning-based ap-
proaches have recently been explored. DRL has been applied to jointly optimize transmit
power and IRS phase shifts in device-to-device, IoT, and cellular networks [19–21], demon-
strating the ability to handle coupled optimization problems without explicit channel models.

Learning-based IRS optimization has also been extended to vehicular networks in [17],
where a centralized hierarchical DRL framework jointly optimizes resource block allocation,
BS transmit power allocation, and IRS configuration for IRS-assisted downlink V2I com-
munications. However, the framework relies on global network information and does not
consider V2V communications. In contrast, the proposed DH-MDRL framework considers
an IRS-assisted uplink V2I system underlaid with latency-constrained V2V communica-
tions, where decentralized V2V agents are coordinated with a centralized IRS controller
operating at a slower timescale. The principal differences between the two frameworks
are summarized in Table 1. IRS-assisted learning has also been studied in vehicular edge
computing systems [18], focusing on Age of Information and energy efficiency rather than
latency-critical V2V communications.

Table 1. Comparison between Yang et al. [17] and the proposed DH-MDRL framework.

Feature Yang et al. [17] Proposed DH-MDRL

Communication scenario
IRS-assisted downlink V2I communi-
cations ((V2V communications are out-
side the scope)).

IRS-assisted uplink V2I communica-
tions with underlaid V2V links.

V2V communications Not considered. Explicit V2V transmitter–receiver pairs
with latency constraints.

Optimization formulation
Joint optimization of RB allocation, BS
transmit power allocation, and IRS
configuration.

Hierarchical optimization of V2V spec-
trum reuse, V2V transmit power al-
location, and IRS reflection configura-
tion across two timescales.
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Table 1. Cont.

Feature Yang et al. [17] Proposed DH-MDRL

Learning architecture Centralized hierarchical DRL frame-
work.

Hierarchical MARL framework with
decentralized V2V agents and a cen-
tralized IRS controller.

State information Global network state.
Local observations for V2V agents;
network-level measurements available
only at the IRS controller.

Update mechanism Event-triggered centralized updates. Asynchronous V2V learning with
slower-timescale IRS updates.

Control signaling Extensive network-wide information
exchange.

Reduced signaling through decentral-
ized V2V decision-making.

Deployment model Centralized optimization framework. Practical hierarchical deployment with
distributed V2V intelligence.

In [22], the IRS was combined with UAVs to enhance infrastructure-to-vehicle com-
munications using DRL-based control. More recently, STAR-RIS-assisted V2X systems
were investigated in [13], where hybrid learning and optimization techniques were used to
jointly optimize spectrum allocation, STAR-RIS parameters, and transmit power. While
enabling extended coverage and heterogeneous QoS support, these approaches largely
rely on centralized or partially centralized control and do not explicitly address scalable
decentralized V2V learning under fast vehicular dynamics.

Overall, existing learning-based IRS-assisted studies primarily emphasize through-
put or infrastructure-centric objectives and often employ complex centralized or deeply
hierarchical learning architectures.

2.4. Motivation and Research Gap

From the above review, existing DRL-based V2X resource allocation methods effec-
tively support decentralized decision-making and latency constraints but assume a fixed
wireless propagation environment. In contrast, IRS-assisted V2X studies demonstrate the
benefits of programmable wireless channels but rely heavily on centralized optimization
and frequent IRS reconfiguration.

Furthermore, current learning-based IRS-assisted approaches either focus on infrastructure-
centric communications, vehicular edge computing objectives, or tightly coupled hi-
erarchical control, and do not jointly address decentralized V2V resource allocation,
spectrum reuse with V2I links, and practical IRS reconfiguration constraints in highly
dynamic environments.

Motivated by these gaps, this paper investigates a decentralized multi-agent DRL
framework for IRS-assisted V2X communications that explicitly incorporates timescale
separation between fast V2V adaptations and slower IRS reconfiguration. By coordinating
decentralized V2V decision-making with infrequent IRS updates, the proposed framework
achieves scalable and robust resource management while satisfying stringent V2V latency
and reliability requirements.

3. System Model and Problem Formulation
In this section, we present the system model for the IRS-aided V2X communication

network and formulate the joint resource allocation and IRS coefficient optimization prob-
lem. The V2I links are intended to support high-data-rate mobile entertainment services
and thus aim to achieve the maximum possible data rate, whereas the V2V communications
support safety-critical services and therefore require ultra-low latency and high reliability.
Accordingly, the design objective is to maximize the sum data rate of the V2I links while
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guaranteeing the stringent latency and reliability requirements of the V2V communications
under dynamic channel conditions.

3.1. System Model

As illustrated in Figure 1, we consider an uplink IRS-assisted vehicle-to-everything
(V2X) communication system consisting of a single base station (BS), an Intelligent Re-
flecting Surface (IRS) with N passive reflecting elements deployed on a roadside building,
and multiple vehicular users.

Base 

Station

V2I

V2V IRS

gi,b

gk,i

gk,m
hm

um,b

hi,m

For visual clarity, links and signaling for all vehicles are not shown

hm,i

gk,b

Figure 1. IRS-assisted V2X system model showing uplink V2I transmission, V2V transmitter–receiver
communication, and IRS-assisted reflected propagation paths.

In the considered uplink scenario, vehicles act as transmitters and the BS serves as the
receiver for vehicle-to-infrastructure (V2I) communications. Each V2I link is established
between a vehicle and the BS, where the transmitted signal reaches the BS through both a
direct wireless link and an IRS-assisted reflected link. The IRS operates in a passive manner
and does not perform any active transmission or signal processing.

In addition, vehicle-to-vehicle (V2V) communications are established between desig-
nated transmitter–receiver vehicle pairs for safety-critical information exchange. For each
V2V pair, the transmitted signal may reach the intended receiver through both the direct
propagation path and the IRS-assisted reflected path. Depending on their service require-
ments, vehicles are categorized into V2I or V2V links, and V2V links are allowed to reuse
the spectrum resources allocated to V2I links in an underlay fashion.

Let K = {1, . . . , K} denote the set of V2I links andM = {1, . . . , M} denote the set
of V2V transmitter–receiver pairs. Each V2I link is preassigned one orthogonal sub-band,
and V2V links are allowed to reuse these sub-bands in an underlay manner. The total
number of IRS elements is represented by N.

3.1.1. Channel Model

The channel gain vector from the k-th V2I transmitting vehicle to the IRS is denoted by
gk,i ∈ CN×1, while the channel gain vector from the IRS to the BS is denoted by gi,b ∈ CN×1.
The direct uplink channel between the k-th V2I vehicle and the BS is denoted by gk,b ∈ C.
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For V2V communications, the channel gain vector from the m-th V2V transmitter
to the IRS is denoted by hm,i ∈ CN×1, and the channel gain vector from the IRS to the
corresponding V2V receiver is denoted by hi,m ∈ CN×1. The direct channel gain between
the m-th V2V transmitter and receiver is denoted by hm ∈ C.

The gain of interference channel from the m-th V2V transmitter to the BS is denoted
by um,b ∈ C, the gain of interference channel from the k V2I transmitter to the m-th V2V
receiver is denoted by vb,m ∈ C, and the gain of interference channel from the j-th V2V
transmitter to the m-th V2V receiver is denoted by wj,m ∈ C.

All channels incorporate large-scale path loss, shadowing, and small-scale fading.
The IRS reflection coefficient matrix is given by

Φ = diag
(

ejθ1 , ejθ2 , . . . , ejθN
)

, (1)

where θn ∈ [0, 2π) denotes the phase shift of the n-th IRS element.

3.1.2. SINR and Data Rate Model

The received SINR at the BS for the k-th V2I link is expressed as

γV2I
k =

PV2I
k

∣∣∣gH
i,bΦgk,i + gk,b

∣∣∣2
∑M

m=1 xk,mPV2V
m

∣∣∣gH
i,bΦhm,i + um,b

∣∣∣2 + σ2
. (2)

The achievable sum rate of all V2I links is given by

RV2I =
K

∑
k=1

W log2

(
1 + γV2I

k

)
. (3)

where W is the bandwidth of one sub-band.
The received SINR at the m-th V2V receiver is expressed as

γV2V
m =

PV2V
m

∣∣∣hH
i,mΦhm,i + hm

∣∣∣2
IV2I,m + IV2V,m + σ2 . (4)

where IV2I,m = ∑K
k=1 xk,mPV2I

k

∣∣∣hH
i,mΦgk,i + vk,m

∣∣∣2, and IV2V,m = ∑M
j=1
j̸=m

xk,mxk,jPV2V
j

∣∣∣hH
i,mΦhj,i +wj,m

∣∣∣2.

3.2. V2V Latency and Reliability Model

V2V communications support safety-critical services and therefore require ultra-low
latency and high reliability. Following the widely adopted payload–deadline model in the
V2X literature, each V2V link m is assumed to transmit a data packet of fixed size B bits
that must be delivered within a maximum latency constraint Tmax.

Time is divided into equal slots of duration ∆t. Let RV2V
m (t) denote the instantaneous

achievable data rate of the m-th V2V link at time slot t, which is given by

RV2V
m (t) = W log2

(
1 + γV2V

m (t)
)

, (5)

where W is the bandwidth of one sub-band and γV2V
m (t) is the received SINR at the V2V receiver.
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Let Lm(t) denote the remaining payload (in bits) of the m-th V2V link at time slot t, and let
Tm(t) denote the remaining allowable transmission time. Their evolutions are given by

Lm(t + 1) = max
{

0, Lm(t)− RV2V
m (t)∆t

}
, (6)

Tm(t + 1) = Tm(t)− ∆t, (7)

with initial conditions Lm(0) = B and Tm(0) = Tmax.
The transmission of the V2V packet is considered successful if

Lm(t⋆) = 0 for some t⋆ such that Tm(t⋆) ≥ 0. (8)

Otherwise, the latency constraint is violated.
This formulation captures both latency and reliability requirements and is consistent

with existing V2X DRL frameworks, where the remaining payload and remaining time are
included in the agent state.

3.3. Problem Formulation

The objective of the proposed resource allocation framework is to maximize the
aggregate V2I communication throughput while ensuring that every safety-critical V2V
transmission satisfies its latency requirement. To achieve this objective, the spectrum
reuse decisions, V2V transmit powers, and IRS reflection coefficients are jointly optimized.
The resulting optimization problem is formulated as

max
{x,PV2V ,Φ}

RV2I (9)

subject to

C1:
K

∑
k=1

xk,m ≤ 1, ∀m ∈ M, (10)

C2: 0 ≤ PV2V
m ≤ PV2V

max , ∀m ∈ M, (11)

C3: |Φn,n| = 1, ∀n = 1, . . . , N, (12)

C4: Lm(Tmax) = 0, ∀m ∈ M. (13)

where x = {xk,m, ∀m ∈ M, ∀k ∈ K} with xk,m ∈ {0, 1}, and PV2V = {PV2V
m , ∀m ∈ M}.

In (9), the optimization variables consist of the spectrum reuse indicator x, the transmit
power vector PV2V , and the IRS reflection matrix Φ. The objective function maximizes
the total achievable data rate of all V2I links defined in (3). Constraint C1 ensures that
each V2V pair can reuse the spectrum of at most one V2I link. Constraints C2 limit the
transmit power of V2V links. Constraint C3 enforces the unit-modulus condition on the
IRS reflection coefficients. Constraint C4 enforces the latency requirement for V2V links,
ensuring that each V2V packet is successfully delivered within the maximum tolerable delay.
Consequently, the optimization seeks to improve V2I throughput without compromising
the stringent QoS requirements of safety-critical V2V communications.

Due to the stochastic nature of wireless channels and vehicle mobility, directly solving
this mixed-integer non-linear optimization problem is intractable. Therefore, we adopt a
decentralized deep reinforcement learning approach that does not require explicit modeling
of the system dynamics, and where V2V agents implicitly satisfy the latency constraint
through reward design.
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4. Hierarchical Multi-Agent Reinforcement Learning Approach
In this section, we develop a hierarchical multi-agent reinforcement learning (RL) frame-

work for joint V2V resource allocation and IRS coefficient optimization in the considered
IRS-aided V2X network. The propose RL framework is illustrated in Figure 2, where decentral-
ized V2V agents interact with the wireless environment at the slot level by selecting spectrum
reuse and transmit power, while a centralized IRS agent, co-located with the BS, updates the
IRS phase-shift matrix at a slower timescale (e.g., once per coherence interval).

Reward

rt

State

St

Policy

Agent

Observe State 

st

Environment

Base 

Station

IRS

gi,b

gk,m
hm

um,b

hi,m

hm,i

gk,b
gk,i

Figure 2. RL architecture: decentralized V2V agents interact with the wireless environment at each
time slot, while a centralized IRS agent updates Φ at a slower timescale.

The hierarchy arises naturally from practical deployment constraints: the IRS is a
shared passive surface that must be centrally configured, whereas V2V links can adapt
their transmission decisions independently at a much faster timescale. This separation
reduces signaling overhead and improves learning stability under fast channel variations
by decoupling fast V2V adaptations from slower IRS reconfiguration. The centralized
IRS agent also matches practical deployment as the IRS is passive and cannot run DRL
locally, while the BS can compute and broadcast IRS configurations through a dedicated
control link.

Specifically, the two-level agents are defined as:

• V2V agents (decentralized): each V2V link m ∈ M is an agent selecting its sub-band
reuse decision and transmit power per time slot.

• IRS agent (centralized): a single IRS controller (co-located with the BS) configures the
IRS phase-shift matrix Φ at a slower timescale (e.g., once per coherence interval or
per episode).

4.1. MDP Formulation of the Problem

The overall interaction is modeled as a Markov decision process (MDP). At time slot
t, the environment state evolves based on wireless channel dynamics, vehicle mobility,
and all agents’ actions. The objective of learning is to maximize the expected cumulative
discounted return. The hierarchical design further separates the decision-making timescales:
V2V agents update per slot, while the IRS agent updates per coherence block and keeps Φ

fixed across multiple slots.
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4.1.1. V2V Agents (State, Action, Policy and Reward)

Each V2V link acts as an agent. In decentralized settings, each V2V agent has no direct
control over the actions of other V2V links; hence, other links’ actions are considered part
of the environment.

State

The observed state sm(t) of V2V agent m at time t includes channel/interference
information and latency-related variables as given below:

sm(t) =
[

gm(t), Im(t−1), hm(t), xNm(t−1), Lm(t), Tm(t)
]
, (14)

where gm(t) denotes the relevant V2V channel information (including IRS-assisted compo-
nents under the current Φ), Im(t− 1) is the received interference power in the previous time
slot, hm(t) includes the V2I-related channel/interference observation needed to protect
V2I links, and {Lm(t), Tm(t)} are the remaining payload and remaining time defined in
Section III. xNm(t− 1) denotes the previous sub-band reuse decisions of the neighboring
V2V links of agent m. This information enables each agent to account for recent resource
usage by nearby links in a decentralized manner.

It is important to note that all state variables of the V2V agent correspond to infor-
mation that is either locally measurable at the transmitting vehicle or obtainable through
standard control signaling. Specifically, the channel observations are limited to the lo-
cally observable channels associated with the serving and neighboring links of the agent.
The interference level is measured locally, neighboring spectrum occupancy can be inferred
through spectrum sensing or periodic control broadcasts, and the remaining payload and
transmission deadline are maintained locally by the V2V transmitter. Therefore, the de-
centralized V2V agents do not require instantaneous global channel state information,
complete network knowledge, or the actions of other V2V agents.

Action

At each time slot, V2V agent m selects one sub-band to reuse and one transmit
power level:

am(t) =
(

km(t), PV2V
m (t)

)
, (15)

where km(t) ∈ {1, . . . , K} indicates the selected V2I sub-band and PV2V
m (t) is selected from

a discrete set. Hence, for NSB sub-bands and NP power levels, the action space size is
|Am| = NRB × NP.

Policy and Return

Each V2V agent follows an ϵ-greedy policy derived from a Q-function:

am(t) = arg max
a∈Am

Qm
(
sm(t), a; θm

)
, (16)

and aims to maximize the expected discounted return. Since the V2V payload must be
delivered within a finite deadline, the interaction is episodic with a finite horizon T time
slots (corresponding to Tmax). Thus, we use

Gm(t) = E
[

T−1

∑
n=0

βnrm(t + n)

]
, (17)

where β ∈ (0, 1) is the discount factor. This episodic return is consistent with standard
discounted RL and naturally captures the latency-constrained delivery process.
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Reward

The V2V agents must satisfy latency constraints while minimizing interference to V2I
links. Its reward function is defined as

rm(t) =

RV2I(t), if the V2V latency constraint is satisfied,

rn, otherwise,
(18)

where RV2I(t) = ∑K
k=1 W log2

(
1 + γV2I

k (t)
)

and rn < 0 is a penalty. The latency constraint
satisfaction can be checked using the payload–deadline evolution in Section III (e.g., success
if the payload is delivered before the deadline; otherwise, a violation).

The adopted reward formulation reflects the hard deadline requirements of safety-critical
V2V services, where successful packet delivery before the deadline is the primary performance
objective. Similar latency-aware reward formulations have been widely adopted in DRL-
based V2V resource allocation to enforce stringent latency constraints while simultaneously
improving V2I communication performance [2,23]. Although more sophisticated reward
shaping based on remaining latency, packet delivery progress, or other QoS indicators could
further improve learning efficiency and convergence, the adopted formulation provides a
simple, interpretable, and practically motivated objective that is well suited for enforcing hard
latency constraints in the considered V2V communication scenario.

4.1.2. IRS Agent (State, Action, Policy and Reward)

The IRS agent is centralized and operates at a slower timescale. Let t denote the
global time-slot index and τ the IRS update index (e.g., one IRS action per coherence block).
Upon each IRS update, the phase-shift matrix Φ(τ) is configured and remains fixed while
the V2V agents perform resource allocation over multiple time slots.

State

The IRS agent uses observations available at the BS. A practical state choice consistent
with the system model is

sIRS(τ) =
[
{γV2I

k (τ)}K
k=1, {ξV2V

m (τ)}M
m=1, Φ(τ−1)

]
, (19)

where γV2I
k (τ) denotes the measured V2I SINR (or equivalently the V2I rate) at the BS

under Φ(τ−1), which can be obtained through standard pilot-based signal measurements
and interference-plus-noise power estimation, without requiring explicit knowledge of
individual V2V transmit powers or channel gains. The second component {ξV2V

m (τ)}M
m=1

represents latency-related quality-of-service indicators of the V2V links. Since the V2V
latency deadline Tmax may span multiple IRS update intervals, {ξV2V

m (τ)}M
m=1 is defined as

a progress-based latency indicator computed at the end of the τ-th IRS interval,

ξV2V
m (τ) =

Lm(tτ)

Tm(tτ) + ϵ
, (20)

where tτ denotes the time-slot index at which the IRS updates, Lm(tτ) and Tm(tτ) are the
remaining payload and remaining time defined in Section III, and ϵ > 0 is a small constant.
This indicator quantifies the urgency of V2V link m to meet its latency deadline and can
be obtained at the BS through low-rate reporting of the remaining payload and remaining
time (or an equivalent latency-risk metric) from vehicles, without requiring instantaneous
global V2V CSI at the BS.

It should be emphasized that the decentralized information assumption applies only
to the V2V agents. In contrast, the IRS controller is centralized and co-located with the
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BS, where network-level measurements such as the V2I SINRs and V2V latency indicators
are available through standard pilot measurements and periodic status reports from the
V2V links. Accordingly, the IRS state is constructed from measurements that are available
at the BS, making it fully consistent with the centralized role of the IRS controller and
complementary to the decentralized operation of the V2V agents.

Action

The IRS agent selects the phase-shift matrix

Φ(τ) = diag
(

ejθ1(τ), . . . , ejθN(τ)
)

, (21)

Each reflecting element is assumed to employ finite-resolution phase control, where
the phase of each element θn(τ) is selected from a finite-resolution phase set Pθ . Practical
IRS implementations commonly employ finite-resolution discrete phase shifters because of
hardware complexity, power consumption, and implementation cost constraints [28]. Fur-
thermore, recent studies have shown that scalable large-scale IRS deployments commonly
exploit predefined phase-shift codebooks [29,30] or grouped element control strategies [31]
to reduce implementation complexity and signaling overhead.

Policy

The IRS agent follows an ϵ-greedy policy derived from a Q-function. At each IRS
update index τ, the phase-shift configuration is selected as

Φ(τ) = arg max
Φ∈AIRS

QIRS
(
sIRS(τ), Φ; θIRS

)
, (22)

where AIRS denotes the finite action space of the IRS controller, with each action repre-
senting a feasible IRS reflection configuration. Under the adopted finite-resolution phase
model, the IRS optimization is formulated as a finite-action decision problem over AIRS.

The IRS agent aims to maximize the expected long-term return associated with V2I
throughput while accounting for the latency requirements of V2V links, as reflected in the
IRS reward function. The ϵ-greedy strategy enables exploration of different IRS configura-
tions during training, while the learned policy is applied greedily during testing.

Reward

The IRS agent aims to improve the V2I sum rate while supporting the latency require-
ments of V2V communications. Accordingly, the IRS reward function is defined as

rIRS(τ) = R̄V2I(τ)− λ
M

∑
m=1

ξV2V
m (τ), (23)

where R̄V2I(τ) denotes the average V2I sum rate achieved during the time interval governed
by Φ(τ), λ > 0 is a weighting factor, and ξV2V

m (τ) is the progress-based latency indicator
of V2V link m defined in the IRS state. This reward formulation encourages the IRS to
configure the phase shifts so as to maximize V2I throughput while reducing the urgency of
V2V links to meet their latency deadlines.

4.2. Deep Q-Networks

Due to the high-dimensional state space and the finite-action formulation adopted for
both the decentralized V2V agents and the centralized IRS controller, deep Q-networks
(DQNs) are adopted as the learning framework.
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In DQNs, a deep neural network parameterized by θ is used to approximate the
action-value function Q(s, a; θ). The network parameters are optimized by minimizing the
mean squared temporal-difference error over a mini-batch of transitions sampled from a
replay memory:

Loss(θ) = ∑
(s,a,r,s′)∈B

(
y−Q(s, a; θ)

)2, (24)

where B denotes a mini-batch of experience tuples (s, a, r, s′), and r is the immediate reward
associated with the sampled transition (i.e., r = rm(t) for V2V agents and r = rIRS(τ) for
the IRS agent). The target value y is defined as

y = r + β max
a′∈A

Q(s′, a′; θ−), (25)

with β ∈ (0, 1) denoting the discount factor and θ− representing the parameters of a target
network that is periodically updated.

The use of experience replay mitigates the temporal correlation among consecutive training
samples, while the periodically updated target network stabilizes learning by decoupling the
target values from the rapidly changing online network parameters, following the standard DQN
framework proposed in [32]. For each agent, the replay memory stores its own state–action–
reward transitions, while the same DQN update rule is applied independently to each agent.

This DQN framework is adopted for all agents in the proposed hierarchical architec-
ture, despite their different decision-making timescales and state–action definitions.

It is worth emphasizing that the proposed framework does not rely on exhaustive eval-
uation of all feasible IRS reflection configurations. Instead, the IRS controller progressively
learns an approximate control policy by iteratively approximating the action-value function
from sampled state–action transitions using neural-network function approximation to-
gether with experience replay and target-network updates [32]. Consequently, the reported
convergence reflects the learning behavior of the proposed controller under the considered
simulation settings without requiring explicit exploration of the complete IRS configuration
space. It is nevertheless acknowledged that recent actor–critic algorithms, such as DDPG,
PPO, SAC, and MADDPG, have been widely adopted for continuous-action optimization
problems. However, practical IRS implementations commonly employ finite-resolution
discrete phase shifters because of hardware complexity, power consumption, and imple-
mentation cost constraints [28], thereby formulating the IRS optimization as a finite-action
decision problem. Future work will investigate incorporating continuous-action reinforce-
ment learning methods for continuous-phase IRS optimization, as well as more scalable
finite-action representations, such as predefined phase-shift codebooks [29,30] and grouped
element control strategies [31], within the proposed hierarchical framework.

4.3. Training and Testing of the Hierarchical Multi-Agent DQN

This subsection describes the training and testing workflow of the proposed hierarchi-
cal multi-agent DQN. An episode corresponds to one V2V transmission task with a fixed
latency deadline of T time slots (i.e., T = Tmax), during which the V2V payload must be
delivered. Within each episode, the IRS is updated at a slower timescale over IRS intervals
of length TIRS time slots, selected according to the channel coherence time and practical IRS
control constraints. Accordingly, the total number of IRS intervals per episode is given by

Tτ =

⌈
T

TIRS

⌉
. (26)

During each IRS interval, the IRS phase-shift matrix remains fixed, while the V2V
agents perform per-slot resource allocation.

https://doi.org/10.3390/electronics15143185

https://doi.org/10.3390/electronics15143185


Electronics 2026, 15, 3185 14 of 22

Training and testing samples are generated by an environment simulator that captures
vehicle mobility, time-varying channels, and mutual interference among V2I and V2V links
under the applied IRS configuration.

4.3.1. Mitigation of Simultaneous-Decision Non-Stationarity

In multi-agent V2V networks, if all V2V links update their actions simultaneously based
on local observations, the learning environment becomes non-stationary from the viewpoint of
each agent, since the transition dynamics depend on the evolving policies of other agents. This
non-stationarity can severely degrade the convergence and stability of independent learning.

To mitigate this issue, we adopt an asynchronous V2V action update mechanism similar
to [2]. At each time slot, only one (or a small randomly selected subset) of V2V agents
is allowed to update its action, while the remaining agents keep their previous actions
unchanged. This allows the interference variations caused by other agents to be observed
through subsequent measurements (including xNm(t− 1)), thereby improving the consis-
tency between each agent’s actions and its realized rewards.

4.3.2. Training Procedure

Algorithm 1 summarizes the training procedure. At the beginning of each IRS inter-
val τ, the IRS agent selects a phase-shift configuration Φ(τ) and keeps it fixed for TIRS

consecutive time slots. Within each IRS interval, V2V agents interact with the environment
at the slot level using asynchronous updates. Each agent maintains its own replay memory
and target network, and the DQN update rule is applied independently using the agent-
specific reward: r = rm(t) for V2V agents and r = rIRS(τ) for the IRS agent. To ensure stable
training, network updates are performed only after the replay memories has accumulated
a sufficient number of transitions to form a valid mini-batch, i.e., |Dm| ≥ B̄m for V2V agent,
and |DIRS| ≥ B̄IRS for IRS agent.

Algorithm 1 Training of Hierarchical Multi-Agent DQN with Asynchronous V2V Updates

1: Initialize IRS Q-network parameters θIRS and target θ−IRS ← θIRS, replay memory DIRS
2: For each V2V agent m ∈ M: initialize Q-network θm, target θ−m ← θm, and replay

memory Dm
3: for episode e = 1, 2, . . . , E do
4: Initialize environment: vehicle locations, channels gains, and V2V pay-

load/deadline states
5: Set global slot index t← 0; initialize actions {am(0)}M

m=1
6: for IRS interval τ = 0, 1, . . . , Tτ − 1 do
7: Observe IRS state sIRS(τ)
8: Select IRS action Φ(τ) using ϵ-greedy policy
9: Apply Φ(τ) for the next TIRS time slots

10: for intra-interval slot ℓ = 1, 2, . . . , TIRS do
11: Set global slot index t← τTIRS + (ℓ− 1)
12: Select updating subset V(t) ⊆M
13: for each m ∈ V(t) do
14: Observe sm(t) and select am(t) using ϵ-greedy policy
15: end for
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Algorithm 1 Cont.

16: for each m /∈ V(t) do
17: am(t)← am(t− 1)
18: end for
19: Execute joint actions and update {γV2I

k (t), γV2V
m (t), RV2V

m (t), Lm(t), Tm(t)}
20: for each m ∈ V(t) do
21: Observe rm(t) and sm(t + 1); store transition in Dm
22: if |Dm| ≥ B̄m then
23: Sample mini-batch Bm from Dm
24: Update θm via DQN loss minimization
25: end if
26: end for
27: end for
28: Compute IRS reward rIRS(τ) and observe sIRS(τ + 1)
29: Store IRS transition in DIRS
30: if |DIRS| ≥ B̄IRS then
31: Sample mini-batch BIRS from DIRS
32: Update θIRS via DQN loss minimization
33: end if
34: end for
35: end for
36: Output: trained networks {θm}M

m=1 and θIRS

4.3.3. Policy Execution for V2V Resource Allocation and IRS Optimization

Algorithm 2 summarizes the execution of the learned hierarchical policies for V2V
resource allocation and IRS phase-shift optimization. This execution corresponds to the
testing phase, during which learning and exploration are disabled and all agents act
greedily using the trained DQN models. The IRS agent updates the phase-shift matrix
Φ(τ) at the beginning of each IRS interval, while the V2V agents perform per-slot spectrum
reuse and power allocation using the same asynchronous update schedule as in training to
ensure consistent interaction dynamics.

Algorithm 2 Policy Execution for V2V Resource Allocation and IRS Phase-Shift Optimiza-
tion

1: Load trained networks {θm}M
m=1 and θIRS

2: for testing episode e = 1, 2, . . . , Etest do
3: Reset environment; initialize t← 0
4: for IRS interval τ = 0, 1, . . . , Tτ − 1 do
5: Select Φ(τ) = arg maxΦ QIRS

(
sIRS(τ), Φ; θIRS

)
6: for intra-interval slot ℓ = 1, 2, . . . , TIRS do
7: Set global slot index t← τTIRS + (ℓ− 1)
8: Select updating subset V(t) ⊆M
9: for each m ∈ V(t) do

10: am(t) = arg maxa Qm
(
sm(t), a; θm

)
11: end for
12: Execute actions {am(t)}M

m=1 and update metrics
{RV2I

k (t), RV2V
m (t), Lm(t), Tm(t)}

13: end for
14: end for
15: end for
16: Output: evaluation results
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5. Simulation Setup
We evaluate the proposed IRS-aided V2X resource allocation framework in a dynamic

urban road scenario. Vehicles are randomly distributed on a 450 × 650 m2 road grid
containing bidirectional horizontal/vertical roads with two lanes per direction, and vehicles
move following the intersection turning/straight-driving behavior commonly used in
urban vehicular simulations [14].

The BS and IRS positions are fixed [13,14,17] with 3D coordinates set to (180 m, 270 m,
25 m) and (290 m, 380 m, 25 m), respectively. M vehicles form M V2I links (uplink),
and K V2V links are created by pairing vehicles with neighbors nearby. Both direct and
IRS-assisted links are considered.

To study the reliability–latency behavior of V2V links, we model the V2V transmission
deadline constraint as successful if the payload of size B bits can be delivered within the
maximum time budget Tmax, i.e.,

RV2V
m ≥ B

Tmax
, ∀m, (27)

where RV2V
m is the achievable V2V rate for pair m.

Unless otherwise stated, the V2V payload size B is 1060 bytes, the number of V2I links
K is 6, the number of V2V links M is 20, the number of IRS elements N is 100, and the V2I
transmit power PV2I

k is 25 dBm [14]. The remaining simulation parameters are set similar to
the studies in [14,23] and are summarized in Table 2.

Table 2. Parameters used in simulations.

Parameter Value

Carrier frequency 2 GHz
Bs antenna height 25 m
Bs antenna gain 8 dBi
Bandwidth of sub-band, W 1.5 MHz
Latency constraints for V2V, Tmax 100 ms
Noise power −114 dBm
V2V maximum transmit power, PV2V

max 23 dBm
Penalty of latency constraints −20
Vehicle speed 36 km/h

The network architecture and training configuration adopted for the DQN agents are
summarized in Table 3. Unless otherwise stated, the same DQN configuration is employed
for both the decentralized V2V agents and the centralized IRS controller. The selected
parameter values are based on commonly adopted configurations in DRL-based V2V
resource allocation studies [2,23], with minor empirical adjustments for the considered
IRS-assisted V2X environment.

Table 3. DQN architecture and training parameters.

Category Parameter Value

Network Architecture

Number of hidden layers 2
Neurons per hidden layer 256
Hidden activation function ReLU
Output activation function Linear
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Table 3. Cont.

Category Parameter Value

Training Configuration

Optimizer Adam
Learning rate 0.001
Replay memory size 50,000 experience tuples
Mini-batch size 64
Discount factor (β) 0.99
Target network update
interval

Every 200 training
iterations

Training episodes (E) 1000

Exploration Strategy
Initial exploration rate (ϵ) 1.0
Final exploration rate (ϵ) 0.05
Exploration policy ϵ-greedy

6. Results and Discussion
This section evaluates the performance of the proposed decentralized hierarchical

multi-agent DRL (DH-MDRL) framework for IRS-assisted V2X communications. The per-
formance is measured using two main metrics: the probability of satisfied V2V links and
the sum rate of V2I links. These two metrics represent the key goals of the considered
system, namely reliable V2V transmission and efficient V2I communication.

Two baseline schemes are considered to evaluate the performance of the proposed hi-
erarchical distributed framework. The first baseline is a centralized DRL approach adapted
from the STAR-RIS framework in [13]. To ensure a fair comparison with the proposed
passive reflective IRS system, only the reflective operation is considered while the STAR-RIS
transmission functionality is disabled. The centralized controller jointly determines the
resource allocation decisions for all V2V links and optimizes the IRS reflection configuration.
Consequently, both approaches operate under identical passive reflective IRS assumptions,
differing only in their resource allocation strategy. The centralized scheme, however, re-
quires complete channel state information together with centralized coordination among all
V2V links, resulting in greater signaling and computational requirements than the proposed
hierarchical framework. The second baseline represents a system without RIS assistance.
In this case, resource allocation follows the decentralized DRL-based approaches proposed
in [14,23], but without the presence of a RIS. This baseline reflects a conventional V2X
communication scenario where the wireless channel cannot be dynamically reconfigured.

Figure 3a,b show the effect of the number of IRS reflecting elements on system perfor-
mance. As the number of IRS elements increases, both the V2I sum rate and the probability
of satisfied V2V links improve for the RIS-assisted schemes. This is because a larger IRS
provides more degrees of freedom to control the wireless channel, enhance useful signals,
and suppress interference. The improvement in V2V satisfaction probability is especially
important because reliable V2V delivery is the main requirement for safety-related vehicu-
lar applications. The proposed hierarchical distributed framework consistently achieves
the best V2V satisfaction performance across all values of N. Although the centralized
scheme obtains a slightly higher V2I sum rate, the difference remains very small. From
a practical point of view, the throughput gain is achieved at the expense of centralized
coordination and increased signaling requirements.
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Figure 3. Impact of IRS size on communication performance. (a) Probability of satisfied V2V links
versus the number of IRS reflecting elements N. (b) Sum rate of V2I links versus the number of IRS
reflecting elements N.

Figure 4a,b illustrate the effect of V2V payload size. As the payload size increases,
more data must be delivered within the same latency limit. Therefore, the probability
of satisfied V2V links decreases for all schemes. At the same time, the V2I sum rate
also decreases because larger V2V transmissions occupy more radio resources and create
stronger interference. Even under this more demanding condition, the proposed framework
maintains the highest V2V satisfaction probability among the compared methods. This
result shows that the proposed distributed hierarchical design maintains reliable V2V
communication performance as the traffic demand increases. The centralized method again
gives a slightly higher V2I sum rate, but the performance gap is marginal. In practical
vehicular systems, centralized operation requires global channel information and repeated
coordination among participating nodes, which may become increasingly challenging as
the network size grows.

Payload	Size,	B	(Bytes)
1060 2120 3180 4240 5300 6360

P
ro
ba

bi
lit
y	
of
	S
at
is
fie

d	
V
2V

	L
in
ks

0.7

0.75

0.8

0.85

0.9

0.95

1

DH-MDRL	Framework
Centralized
Without	IRS

(a)

Payload	Size,	B	(Bytes)
1060 2120 3180 4240 5300 6360

S
um

	R
at
e	
of
	V
2I
	L
in
ks

50

55

60

65

70

75

80

85

90

DH-MDRL	Framework
Centralized
Without	IRS

(b)

Figure 4. Impact of V2V payload size on system performance. (a) Probability of satisfied V2V links
versus V2V payload size B. (b) Sum rate of V2I links versus V2V payload size B.

Figure 5 shows the effect of V2I transmit power on the V2I sum rate. As expected,
the sum rate increases with transmit power because the received signal quality at the
base station becomes stronger. The proposed hierarchical distributed framework achieves
performance very close to the centralized method over the whole power range. This result
confirms that the proposed approach can efficiently use available transmit power while
preserving the distributed decision-making structure.
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Figure 5. Sum rate of V2I links versus V2I transmit power PV2I .

Finally, Figure 6a,b show the effect of the number of V2V pairs. These figures illustrate
the performance of the proposed framework as the number of V2V pairs increases within
the considered network scenario. As the number of V2V pairs increases, both the V2I
sum rate and the V2V satisfaction probability decrease for all schemes due to stronger
spectrum reuse and higher interference. For the V2I sum rate, the centralized scheme
achieves a slightly better result, but the difference is again very small compared with
the proposed method. This indicates that the proposed distributed framework can still
maintain near-centralized throughput performance.
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Figure 6. Impact of network density on communication performance. (a) Probability of satisfied V2V
links versus the number of V2V pairs. (b) Sum rate of V2I links versus the number of V2V pairs.

For the probability of satisfied V2V links, a more interesting trend can be observed.
When the number of V2V pairs is small, the centralized scheme may achieve slightly better
performance. However, as the number of V2V pairs increases, its performance drops more
quickly, while the proposed hierarchical distributed framework becomes superior. This
result indicates that, within the considered range of V2V pairs, the proposed hierarchical
framework maintains a higher V2V satisfaction probability than the centralized baseline
as network loading increases. Overall, the proposed framework consistently provides
competitive performance over the considered range of network densities.

Figure 7 illustrates the learning behavior of the proposed DH-MDRL framework
during training. The solid curve represents the mean episode reward averaged over ten
independent training runs, while the shaded region denotes the corresponding 95% confi-
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dence interval. The average reward increases rapidly during the initial exploration phase
and gradually stabilizes after approximately 400 training episodes. Thereafter, only small
oscillations are observed around the steady-state reward, reflecting the stochastic nature of
the wireless environment and the reinforcement learning process. Furthermore, the pro-
gressively narrowing confidence interval indicates reduced variability among independent
training runs as learning progresses. Overall, these results indicate that the proposed
framework exhibits stable and consistent learning behavior across independent training
runs under the considered simulation settings.

Overall, the results demonstrate that the proposed hierarchical distributed framework
provides a highly effective solution for resource allocation in RIS-assisted V2X networks.
The proposed approach consistently achieves superior V2V reliability while maintaining
V2I throughput very close to the centralized benchmark. Importantly, the small throughput
advantage of the centralized scheme is achieved at the expense of centralized coordination
and increased signaling requirements. Therefore, the proposed framework offers a practical
hierarchical architecture that avoids centralized coordination while achieving competitive
communication performance.

The present evaluation focuses on validating the overall performance of the proposed
hierarchical framework through comparisons with representative centralized and decen-
tralized baseline schemes. Although the comparison with the baseline without an IRS
demonstrates the benefit of IRS-assisted channel reconfiguration, a more detailed ablation
analysis of individual architectural components, including the two-timescale hierarchy,
asynchronous V2V updates, and quantitative signaling overhead, is beyond the scope of
the present work and will be considered in future studies.
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Figure 7. Convergence behavior of the proposed DH-MDRL framework averaged over ten indepen-
dent training runs. The shaded region represents the 95% confidence interval.

7. Conclusions
This paper proposed a decentralized hierarchical multi-agent DRL framework for

resource allocation in IRS-assisted V2X communications. The considered problem jointly
addresses V2V transmit power control, spectrum reuse, and IRS phase-shift optimization
in a highly dynamic vehicular environment with strict V2V latency and reliability require-
ments. A two-timescale hierarchical design was adopted to match the different dynamics
of V2V resource allocation and IRS reconfiguration, where V2V links act as decentralized
learning agents for fast resource allocation, while the IRS is configured by a centralized
controller at a slower timescale.
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The proposed framework was modeled as a Markov decision process and imple-
mented using deep Q-networks for both the V2V agents and the IRS controller. Simulation
results showed that the proposed method consistently improves the probability of satis-
fied V2V links under different network settings, including varying IRS size, V2V payload
size, and number of V2V pairs. Although the centralized baseline sometimes achieves a
slightly higher V2I sum rate, the performance gap is small, while the proposed hierarchical
framework avoids centralized coordination and demonstrates competitive communication
performance under the considered network settings.

Overall, the results confirm that combining decentralized DRL with IRS-assisted channel
reconfiguration provides an effective and practical solution for future V2X systems. As
future work, the proposed framework can be extended to more advanced scenarios such as
continuous IRS phase optimization, imperfect channel state information, cooperative multi-IRS
and multi-cell vehicular networks, and integrated vehicular edge computing environments.
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