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Abstract—Effective resource management and network slicing
are essential to meet the diverse service demands of vehicu-
lar networks, including Enhanced Mobile Broadband (eMBB)
and Ultra-Reliable and Low-Latency Communications (URLLC).
This paper introduces an Explainable Deep Reinforcement
Learning (XRL) framework for dynamic network slicing and
resource allocation in vehicular networks, built upon a near-real-
time RAN intelligent controller. By integrating a feature-based
approach that leverages Shapley values and an attention mecha-
nism, we interpret and refine the decisions of our reinforcement
learning agents, addressing key reliability challenges in vehicular
communication systems. Simulation results demonstrate that our
approach provides clear, real-time insights into the resource
allocation process and achieves higher interpretability precision
than a pure attention mechanism. Furthermore, the Quality of
Service (QoS) satisfaction for URLLC services increased from
78.0% to 80.13%, while that for eMBB services improved from
71.44% to 73.21%.

Index Terms—Sixth Generation (6G), V2X communication,
Resource allocation, Explainable AI (XAI), Network slicing,
Reinforcement learning

I. INTRODUCTION

Vehicular communication networks are poised to play a
central role in 6G wireless systems, where ultra-high data
rates, extremely low latency, and ubiquitous intelligence are
envisioned as key enablers for future mobility and automa-
tion [?]. However, achieving reliable real-time communication
for highly dynamic vehicular environments remains a major
challenge. The increasing complexity of Vehicle-to-Everything
(V2X) services demands efficient and dynamic resource man-
agement [1]. Conventional networks often fall short in address-
ing the challenges of vehicular services, which are marked
by high mobility, fluctuating channel conditions, and diverse
QoS requirements. For instance, safety-critical applications
demand ultra-reliable low-latency communications (URLLC),
while multimedia services rely on enhanced mobile broadband
(eMBB). In response, network slicing has emerged as a pivotal
technology that partitions a single physical infrastructure into
multiple, logically isolated networks, each tailored to specific
service demands [2].However, the operation of network slicing
relies on efficient and precise resource allocation. While
traditional mathematical optimization methods prove effective
in static and predictable scenarios, they struggle to cope with
the inherent dynamics, strict delay constraints, and frequent
topology changes typical of vehicular environments [3].

Recent advancements in Deep Reinforcement Learning
(DRL) have demonstrated significant promise for dynamically
allocation resources in highly variable environments. For in-
stance, algorithms based on Deep Deterministic Policy Gra-
dient (DDPG) have shown both efficiency and adaptability in
addressing multi-dimensional resource requirements through
coordinated strategies among distributed agents [4]. Similarly,
[5] proposed a multi-agent DRL framework leveraging dueling
double deep Q-networks (D3QN) to effectively address joint
user association and resource allocation problems in heteroge-
neous cellular networks, further demonstrating DRL’s ability
to handle non-convex, combinatorial resource management
scenarios. However, despite their high performance, such
DRL-based approaches often function as closed boxes, lacking
the interpretability required to build trust and ensure reliability
in safety-critical vehicular applications [6].

To mitigate these challenges, EXplainable AI (XAI) tech-
niques have been developed to provide post-hoc explanations
that enhance the transparency of model decisions [7]. Among
these, the Shapley Values for Explaining Reinforcement Learn-
ing (SVERL) method offers a rigorous, game-theoretic founda-
tion to elucidate the contributions of individual features to an
agent’s performance [8]. Nevertheless, the traditional SVERL
approach suffers from significant computational overhead,
making it unsuitable for real-time applications, especially in
latency-sensitive vehicular networks.

To overcome this limitation, we propose an integrated
framework that combines an attention mechanism with the
SVERL methodology, yielding an efficient and interpretable
DRL solution tailored for vehicular network slicing. Our
approach guarantees high-quality real-time explainability by
supervising the attention layer with approximate Shapley val-
ues during training. This integration ensures that the trained
models can quickly generate both accurate resource allocation
decisions and comprehensible explanations.

The primary contributions of this work include the devel-
opment of a novel interpretable DRL framework that fuses
an attention-based DDPG model with SVERL for dynamic
vehicular network slicing and resource management. The
proposed solution not only provides an interpretable decision-
making process—thereby enhancing trust and transparency in
highly dynamic vehicular environments—but also improves
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QoS satisfaction for various V2X services.

II. SYSTEM MODEL

A. Network Topology

We consider a vehicular network deployed over a grid
road topology with four primary intersections, as illustrated
in Fig. 1. A set of gNodeBs (gNBs), denoted by Mall =
1, 2, . . . ,M , is strategically deployed based on classical de-
ployment strategies aimed at coverage optimization and inter-
ference minimization to ensure comprehensive coverage. A
set of vehicles, N = {1, 2, . . . , N}, traverses the network
along random paths while requesting services (e.g., URLLC or
eMBB) according to their specific QoS demands [1], [2]. Time
is discretized into slots t ∈ {1, 2, . . . }, and the connection
between vehicle i and gNB m at time t is indicated by the
binary variable qti,m ∈ {0, 1}, which satisfies

M∑
m=1

qti,m = 1, ∀i ∈ N . (1)

This ensures that each vehicle is connected to exactly one
gNB per time slot. Moreover, we assume that all gNBs
are interconnected via low-latency wired backhaul links to
a centralized Software Defined Network (SDN) controller,
enabling efficient global resource management [4], [9].

Fig. 1. Vehicular Network Environment

B. Communication Model

Communication between vehicles and gNBs is enabled by
the allocation of Physical Resource Blocks (PRBs) rather than
direct bandwidth assignment. In 5G NR, a PRB comprises 12
consecutive subcarriers, with its bandwidth determined by the
subcarrier spacing (e.g., 360 kHz for a 30 kHz spacing) [10].
The instantaneous throughput for vehicle i connected to gNB
m at time t is given by:

Rt
i,m = Bi,m · 3.6× 105 · log2

(
1 +

P Gt
i,m

σ2 + Itm

)
, (2)

where Bi,m denotes the number of allocated PRBs, P is the
transmission power, σ2 represents the noise power, and Itm is

the interference power. For a vehicle with data demand Dt
i ,

the total communication delay is calculated as:

T t
i,m =

Dt
i

Rt
i,m

+ Tprocessing + Tscheduling, (3)

with Tprocessing +Tscheduling fixed at 1.5 ms, in accordance with
relevant technical standards [11].

C. Slice Assignment Model

To address the heterogeneous service requirements in ve-
hicular networks, vehicle services are categorized into two
network slices: URLLC for latency-sensitive, safety-critical
applications and eMBB for high data-rate applications [12],
[13]. The service requests for each vehicle are denoted by
the binary variables sURLLC

i and seMBB
i which are generated

randomly upon the vehicle’s entry into the vehicular network
environment and remain constant throughout its journey. For
vehicles requesting URLLC services, the delay must remain
below the maximum threshold Tth:

sURLLC
i · T t

i,m ≤ sURLLC
i · Tth, ∀i ∈ N , (4)

while for vehicles requiring eMBB services, the throughput
must meet a minimum threshold Rth:

seMBB
i ·Rt

i,m ≥ seMBB
i ·Rth, ∀i ∈ N . (5)

Since vehicles may simultaneously request both services, this
flexible slice assignment effectively accommodates diverse
QoS requirements.

III. PROBLEM FORMULATION

The primary objective of this study is to minimize the over-
all QoS violations experienced by all vehicles while ensuring
that diverse service requirements are met and that the model’s
resource allocation decisions remain interpretable. In this
work, QoS violations are quantified as penalties incurred under
two conditions: for vehicles in the URLLC slice, a penalty
is imposed when the communication delay T t

i,m exceeds the
maximum allowable latency Tmax; for vehicles in the eMBB
slice, a penalty is incurred when the achieved throughput Rt

i,m

falls below the required threshold Rmin. Consequently, the
optimization problem is formulated as:

min
{Bt

i,m, qti,m}

T∑
t=1

N∑
i=1

[
sURLLC
i max

(
0, T t

i,m − Tth
)

+ seMBB
i max

(
0, Rth −Rt

i,m

)]
,

(6)

s.t.: ∑
i∈N

Bt
i,m ≤Wm, ∀m ∈M, ∀t, (7)

∑
m∈M

qti,m = 1, qti,m ∈ {0, 1}, ∀i ∈ N , ∀t, (8)

Bt
i,m ≤Wm · qti,m, ∀i ∈ N , ∀m ∈M, ∀t. (9)

Constraint (7) ensures that the total number of PRBs
allocated by any gNB does not exceed its capacity Wm.



Constraint (8) enforces that each vehicle is connected to
exactly one gNB each slot. Finally, Constraint (9) links the
resource allocation directly to the active connection. Due to
the inherent complexity of vehicular network slicing—marked
by dynamic mobility, fluctuating channel conditions, and
unpredictable traffic—traditional optimization techniques are
often impractical. Thus, we adopt a DRL framework that
continuously interacts with the network environment, enabling
real-time, data-driven resource management without requiring
explicit forecasting [14]. While our DRL-based framework
inherently avoids explicit long-term predictions of future net-
work conditions or complicated state forecasting, we utilize
readily available short-term mobility information, such as the
next timestep vehicle positions, to enhance state representation
without incurring significant computational overhead.

IV. MDP FORMULATION

To address vehicular networks’ dynamic and uncertain na-
ture, we formulate the resource allocation and slice assignment
problem as a Markov Decision Process (MDP). The key
components of the MDP are described below.

1) State (S): The system state at each discrete time slot t
is represented by a comprehensive feature vector that includes
both vehicle-specific and network-wide information:

St =
{
(xt

i, y
t
i , D

t
i , s

URLLC
i , seMBB

i , at
i, q

t−1
i,m , Bt

i,m, Gt
i,m,

xnext,t
i , ynext,t

i , vti)
∣∣ i ∈ N , m ∈ M

}
∪
{
Lt

m

∣∣ m ∈ M
}
,

(10)

where xti and yti are the normalized coordinates of vehicle i,
Dt

i represents its normalized URLLC data demand, and sURLLC
i

and seMBB
i indicate the service requests. The binary variable ati

denotes the activity status of vehicle i. Additionally, qt−1
i,m and

Bt
i,m provide historical context by representing the previous

vehicle-to-gNB association and current resource allocation,
respectively. The channel gain Gt

i,m reflects the wireless link
quality, while vti is speed of vehicle which can capture next
time step vehicle’s position xnext,t

i , ynext,t
i , Finally, Lt

m denotes
the normalized load of gNB m, which assists the agent in
anticipating congestion.

2) Action (A): At each time slot t, the RL agent selects
an action that comprises two components: the vehicle-to-gNB
association and the allocation of resource blocks. The action
space is defined as:

At =
{
(qti,m, B

t
i,m)

∣∣ i ∈ N , m ∈M}
, (11)

where qti,m ∈ [0, 1] is a relaxed association variable and
Bt

i,m ∈ [0,Wm] represents the allocated resources. While
practical systems require binary connectivity and discrete
resource allocation, the relaxation facilitates gradient-based
optimization during training [15].

3) Reward (R): The reward function guides the RL agent
to minimize QoS violations while efficiently utilizing network

resources. At each time slot t, the immediate reward is defined
as:

rt = −

(∑
i∈N

sURLLC
i ωURLLC max(0, T t

i,m − Tth)

+
∑
i∈N

seMBB
i ωeMBB max(0, Rth −Rt

i,m)

)
,

(12)

where ωURLLC and ωeMBB are weighting factors that emphasize
the relative importance of latency and throughput require-
ments. The environment inherently enforces resource con-
straints; the reward function primarily focuses on penalizing
QoS deviations.

Together, these MDP components allow the DRL agent to
iteratively improve its resource allocation decisions under the
complex dynamics of vehicular networks.

V. PROPOSED XRL ALGORITHM

To enhance the transparency and reliability of resource
allocation decisions in V2X slicing environments, we propose
an explainable deep reinforcement learning (XRL) framework
that integrates an attention mechanism with offline Shapley
value estimation. By integrating our XRL solution into the
near-RT RIC framework, we aim to achieve both improved
system performance and transparent decision-making, crucial
for safety-critical V2X scenarios. The Shapley Value for Ex-
plaining Reinforcement Learning (SVERL) method introduced
in [8] rigorously quantifies the contributions of individual
state features based on game-theoretic principles; however,
due to the need for exhaustive enumeration or Monte Carlo
sampling over all feature subsets, the computational overhead
of the SVERL method is not suitable for real-time applications
such as V2X. In contrast, our proposed method employs a
lightweight attention module to enable real-time interpretabil-
ity while leveraging offline Shapley value estimation to ensure
theoretical soundness of internal feature importance. This
design significantly reduces the computational burden while
preserving high explanation fidelity. The overall architecture
of the proposed framework is illustrated in Fig. 2.

A. XAI Integration

For a given input state vector s ∈ Rd with d representing
the total number of state features, our model first computes an
attention weight vector via a linear transformation and softmax
activation:

α = softmax(W s+ b), (13)

where W ∈ Rd×d and b ∈ Rd are trainable parameters. The
state vector is then reweighted element-wise as

s̃ = α⊙ s, (14)

with ⊙ denoting the Hadamard product. During inference, α
directly explains feature importance.

To further enhance interpretability, we approximate the
Shapley value for each feature. Given the feature set F =
{1, 2, . . . , d} and any subset C ⊆ F , we define a characteristic



function based on the expected return when only the features
in C are observed:

v(C) = E

[ ∞∑
t=0

γtrt+1

∣∣∣∣∣ s0 = s, observing only C

]
. (15)

The Shapley value for the ith feature is then given by

ψi =
∑

C⊆F\{i}

|C|!(|F | − |C| − 1)!

|F |!

[
v(C ∪ {i})− v(C)

]
,

(16)
and is approximated via Monte Carlo sampling:

ψi ≈
1

M

M∑
j=1

[
v(Cj ∪ {i})− v(Cj)

]
, (17)

where each Cj is randomly sampled from F \ {i}, and M is
the number of samples [8].

To fuse the attention mechanism with the Shapley value
estimation, we align their normalized values by defining

α̂i =
αi∑d

k=1 αk

and ψ̂i =
ψi∑d

k=1 ψk

.

The auxiliary explanation loss is then defined as

Lexplain =
1

d

d∑
i=1

(
α̂i − ψ̂i

)2
. (18)

Finally, the overall loss function combines the standard DDPG
loss with the explanation loss and is calculated as:

Ltotal = LDDPG + λLexplain, (19)

where λ is a hyperparameter controlling the trade-off between
performance and explainability.

B. O-RAN Near-Real-Time RIC for Resource Management
and Control

Based on the Open Radio Access Network (O-RAN) archi-
tecture [16], we deploy a near-real-time (near-RT) RAN Intel-
ligent controller (RIC) to manage dynamic resource allocation
and network slicing for vehicular communications. Unlike
conventional scheduling processes that operate at millisecond-
level subframe intervals, the near-RT RIC performs strategic
resource management at coarser intervals, typically on the
order of one second [17]. Specifically, at each decision interval
t, the RIC observes the global network state St (as defined in
(10)) and produces an action At (as described in (11)), which
specifies the vehicle-to-gNB association variable qti,m and the
resource block allocation decision Bt

i,m.
These high-level decisions are executed by lower-layer

scheduling mechanisms within each decision interval. At the
start of every new interval, the near-RT RIC collects updated
state information reflecting changes in vehicle mobility, chan-
nel conditions, and service demand. This continuous feedback
loop enables the RIC to dynamically re-optimize the slicing
and resource allocation strategies.

Algorithm 1: Attention-DDPG-SVERL
Input: Environment, networks, replay buffer, batch

size K, Shapley threshold τ , evaluation interval
Neval, explanation loss weight λ

Output: Resource allocation decisions with
interpretable feature weights

Initialize environment, networks, replay buffer, and
SVERL module;

Embed an attention layer in the Actor network to
output both action at and attention weights αt at time
t;

for each episode e = 1 to E do
Reset environment to get initial state s0;
for each time step t = 1 to T do

(at, αt)← Actor(st);
Execute at, observe st+1 and reward rt;
Store {st, at, rt, st+1} in replay buffer;
st ← st+1;
if replay buffer size ≥ K then

Sample mini-batch from buffer and update
Critic and Actor;

Soft-update target networks;
if e mod Neval = 0 then

Sample a subset of states {s};
For each state, compute approximate
Shapley values ψ via Monte Carlo
rollouts;

Compute explanation loss: Lexplain =
MSE(normalize(α), normalize(ψ));

Update Actor network with total loss:
Ltotal = LDDPG + λLexplain;

Add decaying Gaussian noise to at and clip to
[0, 1];

By aggregating fine-grained millisecond-level scheduling
into coarser-interval strategic decisions, this approach signif-
icantly reduces the computational complexity of the near-
RT RIC, maintaining scalability and responsiveness even in
rapidly changing network conditions. Moreover, it aligns with
the O-RAN objective of decoupling control-plane and user-
plane functionalities, thereby enabling centralized and efficient
network slicing orchestration.

VI. RESULTS

We consider a V2X network with an area of 1000m×1000m
consisting of 3 gNBs, and the rest of the settings are shown
in Table I.

A. QoS Satisfaction Performance

Fig. 3 provides a comparative analysis of QoS satisfaction
rates for URLLC and eMBB services under four different
approaches: (i) random algorithm, (ii) standard DDPG, (iii)
DDPG with an attention module, and (iv) our proposed method
combining DDPG with attention and SVERL.
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Fig. 2. Proposed XRL Framework OverviewTABLE I
LIST OF PARAMETERS AND VALUES

Parameters Value/Setting
Number of Vehicles 5
Resource Blocks per BS 273
Transmission Power 50dBm
Noise Power 1.4× 10−15 W
Resource Block Bandwidth 360 kHz
Maximum Delay for URLLC 0.015 sec
Minimum Data Rate Requirement for eMBB 20 Mbps
Vehicle Velocity 15m/s
Path Loss Exponent 3.5
URLLC Data Requirement 3× 105 bits

In addition to the three learning-based methods, the random
baseline achieves only 33.04% for URLLC and 34.44% for
eMBB, which is substantially lower than any Reinforcement
Learning (RL)-based approach. The results indicate that our
proposed combined attention and SVERL mechanism attains
the highest QoS satisfaction, reaching 80.13% for URLLC
and 73.21% for eMBB, marking an effective improvement
over the pure DDPG model. Furthermore, integrating SVERL
with attention outperforms the attention-augmented DDPG
variant, implying that the explainability component provides
transparency and bolsters overall performance.
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Fig. 3. QoS Satisfaction Comparison for URLLC and eMBB Services

B. Explainability Analysis

Figure 4 presents a merged visualization of the attention
weights generated by our attention-DDPG-SVERL method.
Given the large number of state features and the very low
weights for most, we focus only on the ten most significant
features for brevity and clarity. The blue panel of the figure
shows the average attention weights over the entire test set,
while the orange panel displays the attention distribution at a
specific time step.

Here, the features align with the state, as shown in
Eq. 10. These distributions exhibit a consistent trend in which
location-related and predicted mobility features (such as cur-
rent and next position coordinates) receive higher weights,
indicating that the model prioritizes spatial information and
mobility patterns to adapt resource allocation decisions in
real time. We can directly interpret the agent’s behavior by
examining the resulting weight values. For instance, a high
weight assigned to the next time slot’s coordinates reflects
the agent’s attempt to adjust proactively to maintain channel
condition and minimize QoS violations. This emphasis on
current and anticipated vehicular positions aligns well with the
overarching goal of minimizing QoS violations in a dynamic
vehicular environment.

C. Explanation Fidelity Evaluation

To evaluate our proposed model’s interpretability and expla-
nation fidelity, we employ the Pearson correlation coefficient
as a quantitative metric, measuring the relationship between
feature perturbations and the resulting changes in the model’s
output [18]. Specifically, we systematically perturb each fea-
ture, measure the change in the model’s output, and compare
it to the assigned feature importance to assess how well the
explanations align with the model’s actual behavior. A higher
correlation coefficient indicates that the explanations accu-
rately reflect the model’s internal decision-making process.

Table. II compares the explanation fidelity between a purely
attention-based model and our combined attention-SVERL
approach. The Pearson correlation coefficient of our integrated
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attention and SVERL model significantly exceeds the pure
attention model. This notable improvement demonstrates that
aligning attention weights with Shapley value estimations
effectively enhances the transparency and accuracy of feature
importance explanations.

The increased fidelity offered by our explainability-
enhanced model enables a more reliable and intuitive under-
standing of the resource management policy — an essential
requirement for trustworthy deployment in safety-critical ve-
hicular communication networks.

TABLE II
COMPARISON OF EXPLANATION FIDELITY BETWEEN PURE ATTENTION

AND ATTENTION-DDPG-SVERL MODELS

Method Mean Correlation

Attention+SVERL 0.3054
PureAttention 0.1708

VII. CONCLUSION

In this paper, we proposed an interpretable DRL frame-
work for dynamic network slicing and resource allocation in
vehicular networks. By integrating an attention mechanism
with offline Shapley value estimation, our approach achieves
high QoS satisfaction for URLLC and eMBB services, while
also enabling real-time interpretability of the decision-making
process. Simulation results demonstrate that the proposed
method effectively balances resource allocation and explains
the model’s behavior transparently. Leveraging theoretically
grounded Shapley values, along with an auxiliary loss to
align feature importance, further enhances the robustness of
the model. Overall, our integrated framework addresses key
challenges in dynamic vehicular network management and
offers a solid foundation for future research on scalable,
interpretable, and reliable resource management solutions.
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