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Abstract—The Open Radio Access Network (O-RAN) archi-
tecture enables intelligent Dynamic Spectrum Sharing (DSS),
although state-of-the-art deep reinforcement learning (DRL)
methods have demonstrated remarkable practical results, their
integration with quantum computing brings greater potential
for enhancements in performance. In this study, we present
Quantum Soft Actor-Critic (QSAC), a novel hybrid quantum-
classical methodology aimed at tackling barren plateaus and
demonstrating enhanced performance compared to conventional
DRL benchmarks, including Soft Actor-Critic (SAC) and Twin
Delayed Deep Deterministic Policy Gradient (TD3), achieving a
higher demand satisfaction ratio and markedly improved ϵ-band
compliance rates under demanding conditions. Additionally, we
present a comprehensive architectural design for the effective
integration of our framework into the O-RAN non-real-time and
near-real-time RICs. Our quantum-enhanced actor significantly
reduces the number of trainable actor parameters by over 99%
compared to its conventional SAC equivalent (from around 73,000
to merely 377), indicating an important improvement in model
efficiency. To promote repeatability and facilitate future research,
we offer the open-source implementation of our study.

Index Terms—Quantum machine learning, Quantum Soft
Actor-Critic, Dynamic spectrum sharing, O-RAN, reinforcement
learning

I. INTRODUCTION

The rapid progress of wireless communications has resulted
in a rising demand for spectrum utilization, leading in an
increasing shortage of radio spectrum resources. To address
this issue, two main approaches have emerged: (1) extending
into higher frequency bands (which often involves high auction
and deployment costs) or (2) reusing and utilizing the existing
granted spectrum more efficiently. Due to the cost, the second
approach is more reasonable for temporary [1]. Although
4G Long Term Evolution (LTE) remains widely utilized, we
may assume that NR devices will soon become widely used
as LTE devices nowadays. Cognitive radio (CR) has been
recognized as an important solution to spectrum shortage due
to its capacity to sense, learn, and adapt dynamically to the
communication environment [2].

Recently, the Open Radio Access Network (O-RAN) [3]
has developed as an open architecture for the integration
of artificial intelligence (AI) and machine learning (ML)
applications for effective network resource management. This
convergence presents a promising opportunity to integrate CR
technology with end devices and address the spectrum shortage
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Fig. 1: Conceptual diagram of Intelligent O-RAN for Dynamic
Spectrum Sharing between LTE and NR

issue . Dynamic spectrum sharing (DSS) has emerged as
an essential technique for enhancing spectrum effectiveness,
based on the concepts of CR. DSS facilitates more efficient
and collaborative spectrum utilization, providing a pragmatic
and adaptable solution to these issues. However, effective
implementation of DSS demands an adaptable and intelligent
network architecture, presenting a distinct difficulty in opti-



mizing resource allocation within dynamic and complicated
environments-thereby heightening the demand for a more
robust computational model.

A. Related Works

Dynamic Spectrum Sharing (DSS) is emerging as a key
enabler for beyond-5G and O-RAN networks, allowing het-
erogeneous radio technologies (e.g., LTE, NR, and Wi-Fi) to
dynamically coexist within shared spectrum. In such environ-
ments, the radio landscape is highly non-stationary and multi-
operator, demanding autonomous coordination under near-
real-time (near-RT) constraints. Traditional optimization and
game-theoretic schemes, though effective in static scenarios,
are inadequate for this dynamic setting as they rely on fixed
models and centralized control, which cannot adapt to time-
varying interference and distributed decision loops.

Recent surveys highlight that data-driven and AI/ML-based
DSS frameworks are increasingly essential for adaptive spec-
trum management and real-time decision making in open and
intelligent RAN architectures [4]. Existing research, summa-
rized in Table I, can be broadly categorized into:

a) Spectrum perception and classification via deep
learning: These approaches focus on identifying spectrum
usage patterns and interference conditions using DNN-based
classifiers. For example, ChARM [5] supports LTE–Wi-Fi co-
existence in unlicensed bands with low-latency spectrum iden-
tification. However, such methods are primarily perception-
oriented and lack autonomous decision-making capabilities for
spectrum allocation or policy adaptation.

b) Spectrum allocation and policy optimization via
reinforcement learning: This category includes both model-
free DRL and hybrid RL frameworks aimed at dynamic
spectrum access and sharing. AdapShare [6] and actorcritic
models [7] utilize TD3/DDPG for LTE–NR coordination,
showing promise in policy convergence but facing scala-
bility and exploration challenges. Hybrid methods such as
DRL+MCTS [8] and DEQN [9] enhance temporal reasoning
and stability but lack near-RT scalability and full O-RAN
integration.

Across both categories, existing solutions rely on classi-
cal neural approximators and struggle to balance real-time
adaptation with distributed coordination. The application of
ML, particularly DRL, has shown enhanced efficacy relative
to conventional methods, especially in adapting to real-world
dynamics such as fluctuating traffic, noise, and incomplete
information [7].

To the best of our knowledge, this study is the first to
introduce Quantum Reinforcement Learning (QRL) for DSS in
O-RAN. The proposed framework leverages Variational Quan-
tum Circuits (VQCs) chained with DRL to enhance policy
expressiveness, exploration efficiency, and robustness under
stochastic traffic and interference. Quantum Machine Learning
(QML) opens up revolutionary opportunities for enhancing AI
with unforeseen capabilities [10], especially in designing next-
generation network architectures. In this context, we present
an efficient QSAC method to address the DSS problem,
demonstrating superior performance and integration potential

TABLE I: Summary–DSS studies in O-RAN/Wireless NWs

Study Method Objective O -RAN RT Scal. Limitations

[6] DRL (TD3, DDPG) LTE–NR alloc. ✓ ✓ ✗ Low exploration effi.
[5] DNN classifier LTE–WiFi coexist. ✓ ✓ ✗ Classifi. only
[11] RL + AI/ML Spectrum optim. ✓ ✓ ✗ No DSS-speci-eval.
[9] DEQN (RNN+DRL) Adaptive DSS ✗ ✓ ✗ Limited scalability
[7] Actor–Critic RL Access + sharing ✗ ✓ ✓ Action-space-compl.
[8] DRL + MCTS 4G–5G alloc. ✗ ✗ ✗ limited RT adapt.

Ours QML+DRL DSS in O -RAN ✓ ✓ ✓ RT, robust, scalable

within the O-RAN architecture, as illustrated in Fig. 1. Further
operational details and practical significance are discussed in
Section III-A.

B. Contributions

Compared to AdapShare [6], which formulates DSS as a
contextual bandit problem (where the agent makes decisions
based on current context without considering long-term con-
sequences or state transitions) and uses classical actor-critic
RL with synthetic data, our approach models the task as a
full Markov Decision Process (MDP) and applies quantum
reinforcement learning (QRL) for improved convergence, scal-
ability, and continuous control. These improvements in results
show enhanced resource efficiency and fairness, highlighting
QRL’s potential for future integration into O-RAN-based DSS.

This work presents the following key contributions
• We introduce QSAC, the first quantum-enhanced rein-

forcement learning model tailored for dynamic spectrum
sharing (DSS) in O-RAN. Our custom Q-SAC architec-
ture is benchmarked against classical RL models, includ-
ing AdapShare, to provide a comparative evaluation.

• Experimental results demonstrate that QSAC achieves a
spectrum efficiency of 0.761 and a DSR of 0.989 for
NR and 0.987 for LTE, outperforming TD3, DDPG,
and SAC under constrained resource conditions. QSAC
also achieves a 91% LTE-5% ϵ-band compliance rate,
significantly higher than TD3 (12%), DDPG (29%), and
SAC (53%).

• QSAC exhibits a clear quantum advantage by achieving
faster convergence and more stable learning dynamics
across varying demand profiles. Its reward trajectory
shows reduced variance and consistent improvement,
indicating robust policy learning in highly dynamic envi-
ronments. To support reproducibility and future research,
we release the full source code at Github repository.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We extend the AdapShare formulation [6] to an intelligent
O-RAN architecture for dynamic spectrum sharing between
LTE and NR, as illustrated in Fig. 1. Both networks use a com-
patible numerology with 15 kHz subcarrier spacing, enabling
shared scheduling over physical resource blocks (PRBs). Our
system leverages the O-RAN framework, where the Non-
Real-Time RIC trains reinforcement learning models and the
Near-Real-Time RIC performs inference using a Quantum
Soft Actor-Critic (SAC) algorithm. The agent learns traffic

https://github.com/tnvuhai/Efficient-Quantum-Soft-Actor-Critic-Model-for-Dynamic-Spectrum-Sharing-in-Intelligent-O-RAN


patterns, channel states, and interference dynamics from time-
series data to optimize PRB allocation in real time, minimizing
surplus and deficit to improve spectrum efficiency and reduce
packet loss.

A. Efficient resource sharing

The resource pool of PRBs is shared when LTE and
NR networks operate within the same frequency band. The
premise is that NR functions partially within the existing LTE
frequency, with demand fluctuations occurring at consistent
time intervals. These intervals represent time frames in the
LTE system: 1 ms subframes, or durations of several seconds,
minutes, or hours depending on the practical environment. At
each time step t, each network requires a specific quantity
of PRBs: we denote the LTE demand as DL,t and the NR
demand as DN,t. The main aim of efficient resource sharing
is to mitigate both surplus and deficit of the two networks
through the goal function Jers. The optimization problem is
defined [6] as follows (1)

Optimization: min
AL,t,AN,t

Jers(AL,t, AN,t, DL,t, DN,t),

s.t. AL,t +AN,t ≤ Nr,t,

0 ≤ AL,t ≤ Nr,t,

0 ≤ AN,t ≤ Nr,t,

(1)

where

Jers = ζ(
AL,t −DL,t

DL,t
)2 + (ζ − 1)(

AN,t −DN,t

DN,t
)2 (2)

Nr,t is defined as the total number of resources available
in the pool for distribution to both LTE and NR, letting
(AL,t, AN,t) represent the allocation pair for LTE and NR
at time t. Therefore, NL,t−DL,t

DL,t
and NN,t−DN,t

DN,t
denote the

surplus and deficit components, respectively. The weighting
factor ζ ∈ [0, 1] facilitates intent-driven spectrum management
by allowing the controller to prioritize one network above
another: ζ → 1 favors LTE, while ζ → 0 favors NR.
Consequently, the optimization problem 1 can be restructured
as an RL strategy based on this formulation.

B. Soft Actor-Critic (SAC) Problem Formulation

This subsection presents the RL approach and provides a
detailed justification of using the SAC algorithm for solving
the DRL-based DSS [12]. A key advantage of SAC is its
capacity to motivate the actor to pursue substantial rewards
(as assessed by the critic) while simultaneously demonstrating
diversity in its actions, hence fostering exploration alongside
the maintenance of exploitation balance, serves as a founda-
tional principle for proposing QSAC. The details are stated as
follows:

State and Observation: The state space st consists of
the demands of LTE and NR at each time step t, where
st = {DL,t, DN,t}. Furthermore, at time t, the network
has an observation comprising the past information of prior
demands, which is defined as ot =

[
(DL,κ, DN,κ)

∣∣ κ =
t, t− 1, . . . , t− n

]
.

Action: At each time step t, the action (µt, υt) is a continu-
ous vector that defines the proportion of total resources Nr,t to
be allocated. The action space A is normalized and defined by:
at = (µt, υt) s.t. µt, υt ∈ [0, 1] and µt, υt ≤ 1 The optimal
allocation of PRBs is (AL,t, AL,t) = (µtNr, t, υtNr, t), which
must comply with the limitations outlined in Eq. (1). Nor-
malisation offers a scalable framework and enhances training
stability.

Reward: The aim of the reward function is to identify the
pair ALTE,t, ANR,t that minimizes J or maximizes -J. we
denote Dt total demand and At total allocation at time t and
the reward function is defined as

rt =



−J − 10J, if At and Dt− ≷ Nr,t,

−5J, if Dt > Nr,t and
(
AL,t = 0orAN,t = 0),

−J + 10, if Dt > Nt and At > Nr,t − 0.03,

−J + 5, if Dt > Nt (all other cases),
−J, if Dt ≤ Nt and At ≤ Nr,t.

(3)
To solve the formulated optimization problem, we employ

the Soft Actor-Critic (SAC) algorithm [12], a state-of-the-art
off-policy actor-critic method. The agent acquires a stochastic
policy πϕ (actor) and two Q-functions Qθ1 , Qθ2 (critics) by
optimising their corresponding objective functions through
gradient-based techniques, as outlined in [12].

C. Variational Quantum Actor for SAC

This subsection presents the proposed QSAC architecture,
based on the concepts of the SAC algorithm stated in subsec-
tion II-B, we also provide the comprehensive processing algo-
rithm of the proposed QSAC in Algorithm 1. The QSAC model
consists of two primary components that reflect the actor-critic
architecture of the SAC: an actor network and a critic network.
Specifically, we propose a variational quantum actor πθ for
the actor network, which employs a hybrid quantum-classical
policy network. In contrast, the critic network is implemented
using a classical value network consisting of Qϕ1

, Qϕ2
. When

implementing QSAC, we strictly follow the SAC algorithm.
However, line 7 applies a delayed policy update condition.
This approach enables the Q-value, as evaluated by the critics,
to stabilize prior to being utilized in policy updates, thus
avoiding the actor from learning from temporal errors in the
critics and fostering a more stable training process overall.

In the actor network, the hybrid quantum-classical policy
network consists of three main components, as illustrated
in Fig. 2. The data processing flow proceeds from 1. Pre-
processing layer to 2. Data Re-uploading and Variational
Quantum Circuit, and finally to 3. Post-processing layer.

Initially, at the pre-processing layer, the input is the state
s ∈ RS with an input qubit count of Nq . A linear projection
layer is employed to align the input dimension with the number
of qubits, with the objective of preserving and transferring
maximal information into the space specified by the available
Nq qubits: z = Ws + b ∈ RNq . Following that, the data
undergoes a layer normalization process with z̃ = LN(z),
ensuring that the mean E[z̃] = 0 and the standard deviation
Var[z̃] = 1. Upon normalization, the data is subjected to a data
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Fig. 2: The Quantum Actor Architecture for the QSAC Agent in Intelligent O-RAN

scaling process that maps it into rotation angles appropriate for
quantum data embedding, employing the following equation:

u = π tanh(δ ⊙ z̃) with δ ∈ RNq (4)

The goal is to use ui ∈ (−π, π) as the encoding parameter for
each qubit, preparing the data for quantum encoding. Secondly,
in the re-uploading Variational Quantum Circuit, we propose
the data re-uploading technique based on the principles es-
tablished by Adrin et al. [13]. The data re-uploading block
comprises N layers, integrated with a variational quantum
circuit, and involves various supplementary sub-blocks prior
to advancing to the subsequent level. We initialize all Nq as
|0⟩. In each encoding layer ℓ, each qubit q is encoded via the
Y -gate as equation 5 follows

U (l)
enc(ω

ℓ
q, u, ϕ

ℓ
q) =

N⊗
q=1

Rℓ
Y (ω

ℓ
qu+ ϕℓq) (5)

with RY (φ) = exp(−iφ2 Y ) and ωi, ϕi are learnable param-
eters, deep nonlinear modeling is achieved by re-uploading
the input u at every layer. Following this, the Entanglement
layer in the data reuploading block, located downstream of the
encoding block, utilises entangling processes, mathematically
expressed by the equation 6

U
(ℓ)
ent (Θ

(ℓ)
q ) =

(
n∏

q=1

Rot(Θ(ℓ)
q )(q)

)
·

 ∏
q∈E(l)

CNOTq

 (6)

with Θ
(ℓ)
n = {αℓ,q, βℓ,q, γℓ,q} ∈ Rn×3, they are also learnable

parameters. Rot(Θ(ℓ)
q ) is a set of quantum gates consisting

of the sequence Ry(αℓ,q), Rz(βℓ,q), Ry(γℓ,q), with Ry(φ) is
mentioned above and RZ(φ) = exp(−iφ2Z). Subsequent to
the rotation gates, an entanglement block, denoted by the
operator

∏
q∈E(ℓ) CNOTq is executed. This operator com-

prises a series of CNOT gates, each functioning on a control
qubit c and a target qubit t as per the mapping |c, t⟩ 7−→
|c, t ⊕ c⟩ where ⊕ denotes addition modulo 2. The qubit
pairings for these operations are predetermined in the set

E(ℓ) for each layer, thereby establishing entanglement across
the quantum register. After completing the Data re-uploading
block, an extra entanglement block is incorporated to en-
hance the expressive capacity of the data: U (L+1)

ent (Θ
(L+1)
q ).

Prior measurement, we implement an additional quantum gate
called pre-measurement rotations, with the critical objective
of optimizing the measurement process. The rotation gate
is defined by a set of learnable parameters represented by
Θ̄ = {āq, b̄q, ḡq}, which we initialize and sample from a
uniform distribution over the interval [π2 −0, 1, π2 +0, 1]. This
initialization pushes the qubits to start rotating in a nearly
equal superposition state, aligning with the area of maximum
gradient magnitude.

Upre(Θ̄) =

n⊗
q=1

rot(āq, b̄q, ḡq)(q) (7)

The resulting final state is therefore given by |ψout(x)⟩ =

Upre(Θ̄)U
(L+1)
ent (Θ(L+1))

[∏L
ℓ=1 U

(ℓ)
ent (Θ

(ℓ))U
(ℓ)
enc (x)

]
|ψ0⟩. Fi-

nally, after the application of the pre-measurement rotation
gates, the quantum data is measured and projected into a
classical state, prepared for processing in the subsequent
layer. The result of the quantum circuit is a classical vector
y ∈ R3n, derived by calculating the expectation values of
Pauli operators P ∈ {X,Y, Z} concerning the quantum state
|ψout(x)⟩. The output vector y can be defined as follows:
y = [⟨X1⟩, . . . , ⟨Xn⟩, ⟨Y1⟩, . . . , ⟨Yn⟩, ⟨Z1⟩, . . . , ⟨Zn⟩]T and
each component of the output vector is measured according to
the Born rule: ⟨Pj⟩ = ⟨ψout(x)|Pj |ψout(x)⟩.

In the third phase, the post–processing layer, we imple-
ment a normalization layer similar to that utilized in the
pre-processing stage. Furthermore, we incorporate two linear
projector blocks to generate the mean µ and standard deviation
σ, which act as inputs for the following critic network.

III. RESULTS AND DISCUSSIONS

We used a public dataset [6] and the following evaluation
measures to quantitatively evaluate the problem objectives. We



Algorithm 1: QSAC Training
Input: Variational quantum actor πθ, classical critics

Qϕ1 , Qϕ2 , replay buffer D
Initialize: Parameters θ, ϕ1, ϕ2; Target networks

ϕtarg,i ← ϕi; Temperature α
1 for each training step do
2 Observe state st and select action at ∼ πθ(·|st)

Execute at, observe reward rt, next state st+1,
and done signal d;

3 Store transition (st, at, rt, st+1, d) in replay buffer
D;

4 Sample a minibatch B = {(s, a, r, s′, d)} from D;
5 Compute target values: y ← r + γ(1−

d)(mini=1,2Qϕtarg,i(s
′, a′)− α log πθ(a

′|s′)),
where a′ ∼ πθ(·|s′);

6 Update critic parameters ϕi for i = 1, 2 by
minimizing the loss:
Lϕ = E(s,a,y)∼B[

∑
i=1,2(Qϕi

(s, a)− y)2];
7 if delayed policy update then
8 Update actor parameters θ by maximizing the

objective: Jπ(θ) =
Es∼B,a∼πθ

[mini=1,2Qϕi
(s, a)−α log πθ(a|s)];

9 Update temperature α by minimizing the
objective (with target entropy H):
J (α) = Es∼B,a∼πθ

[−α(log πθ(a|s) +H)];
10 Update target critic parameters for i = 1, 2:

ϕtarg,i ← τϕi + (1− τ)ϕtarg,i;
11 end
12 end

TABLE II: Hyper-parameters used in the experiments

Parameter DDPG TD3 SAC QSAC

Exploration std σact 0-0.09 0-0.09 – –
Policy-smoothing std σtarg 0.1 0.1 – –
Smoothing clip C 0.2 0.2 – –
Entropy coef α – – 1e−4 1e−4
Actor architecture MLP MLP MLP Q-actor
Critic architecture MLP MLP MLP MLP
Obs norm Yes Yes Yes Yes
Actor Parameters 72,962 72,962 73,476 377
Critic Parameters 73,217 146,434 146,434 146,434

present three main metrics as follows:
1) The Demand-satisfaction ratio (DSR) measures how well

the allocated resources meet the demand at each step t. For
LTE and NR as Λ = {L,N} as in subsection II-A and the
total number of data samples is T and ϱ is a small constant
to avoid division by zero, it is defined as

DSRA,mean =
1

T

T∑
t=1

min(AΛ,t, DΛ,t)

max(DΛ,t, ϱ)
(8)

(2) This metric quantifies the efficiency of the overall PRB
usage

Umean =
1

T

T∑
t=1

AΛ,t +AΛ,t

Nr,t
. (9)

3) ϵ-band compliance rate (ϵ−BCR) measures the proportion
of time steps where the allocation is sufficiently close to

the demand. For a tolerance factor ε ∈{ 5%, 10%, 15%}, the
condition is

ϵ− BCRΛ,ε =
1

T

T∑
t=1

1(|AΛ,t −DΛ,t| ≤ ε ·DA,t) , (10)

where 1(·) is the indicator function. We employ the im-
plementation and hyperparameters from Adapshare [6] for
the TD3 and DDPG models, which act as benchmarks for
comparison with our proposed SAC and QSAC models. We
use the following shared hyperparameters across all models:
Actor learning rate = 1e-4, Critic learning rate = 2e-3, batch
size = 48, time step = 1, target update rate τ = 1e-4, policy
update frequency = 2, and replay buffer size = 1e6. The rest
of hyper-parameters settings are in the Table II.

A. Results and Discussion

We used the total number of PRB resources: Nr,t = 60
and total samples of 860 for each LTE and NR networks for
training procedures and performed simulations throughout 100
timesteps of the dataset and achieved some significant positive
outcomes. Table III illustrates that QSAC achieved the highest

TABLE III: Quantitative Performance Comparison of RL
models

Model DSR (mean) Util ϵ− band compliance rate

LTE NR mean LTE-5% NR-5% LTE-10% NR-10% LTE-15% NR-15%

QSAC 0.987 0.989 0.761 0.91 0.71 0.98 0.86 0.99 0.94
SAC 0.948 0.956 0.718 0.53 0.55 0.80 1.00 0.99 1.00
TD3 [6] 0.999 0.966 0.770 0.12 0.74 0.94 1.00 0.99 1.00
DDPG [6] 0.977 0.980 0.767 0.29 0.92 0.48 1.00 0.92 1.00

average DSR for NR, although the LTE DSR of 0.987 was also
extremely competitivemarginally following TD3 and markedly
surpassing DDPG and SAC. While TD3 achieved the highest
DSR for LTE, it incurred a comparatively substantial excess
comparing to other models, indicating that TD3 often favours
short-term benefits above global optimality. Significantly, un-
der the stringent LTE-5% epsilon band compliance rate, QSAC
attained an overall result of 0.91, while SAC, DDPG, and
TD3 achieved rates of 0.53, 0.29, and 0.12, respectivelya con-
siderable gap. At LTE-10%, QSAC consistently outperformed
other models, achieving a result of 0.98. Fig. 3 illustrates the
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Fig. 3: Episode reward comparison of the RL models

reward curve in training, calculated with a 100-step moving
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Fig. 4: Analysis of the dynamic resource allocation perfor-
mance: Allocation vs Demand

average. During the early phase, SAC and QSAC demonstrate
lower and variable rewards owing to their stochastic policies
that prioritize entropy maximizationthis reflects a calculated
trade-off to promote exploration of the action space. In the
intermediate phase, both QSAC and SAC exhibit consistent
reward development with substantially reduced variance. In
contrast, TD3 and DDPG exhibit a more rapid initial growth,
followed by plateau phases and oscillations around local
optima, indicative of their reliance on policies that emphasize
short-term optimization with elevated risk. In the concluding
phase, QSAC meticulously monitors a consistently elevated
reward level, exhibiting minimal profound negative outliers.
SAC continues to exhibit minor noise, but TD3/DDPG main-
tain their prior values with gradual enhancement.

Fig. 4a–Fig. 4d illustrate all model performance, while
Figs. 4e and 4f show the corresponding surplus/deficit patterns
(near 0 is better). QSAC Fig. 4a maintains LTE allocations
with minimal variance and minor deviations following load
changes around steps 30 and 75, quickly re-stabilizing
within a few steps; SAC Fig. 4c exhibits long fluctuations,
while DDPG Fig. 4b and TD3 Fig.4d remain in surplus or
deficit areas, when the allocation deviates by about 24 PRBs
from the actual demands, conventional models reveal larger
negative spikes and persistent bias in Fig. 4e. In NR, although
QSAC has not yet maintained stability in the final timesteps,
it exhibits the most stable trajectory initially and demonstrates
the quickest recovery after shocks, with the surplus/deficit
traces in Fig. 4f centered around zero and showing the least
spread and extremes. QSAC achieves the minimal allocation
variance, the shortest recovery time step, and the lowest
worst-case deficit/surplus, demonstrating its superiority for
more stable PRB utilization and better demand satisfaction

consistency compared to DDPG, SAC, and TD3.

IV. CONCLUSION

This paper introduced QSAC, a quantum-enhanced rein-
forcement learning model for dynamic spectrum sharing (DSS)
in O-RAN. Through simulation over 100 time-steps and train-
ing on 860 samples per LTE and NR network, QSAC achieved
strong performance, including a DSR of 0.989 for NR and
0.987 for LTE. It also demonstrated superior compliance under
tight constraints, achieving 91% LTE-5% ϵ-band compliance-
significantly outperforming TD3, DDPG, and SAC. Compared
to conventional RL models, QSAC maintained a stable reward
trajectory with reduced variance, indicating robust policy
learning and long-term optimization. These results validate a
promise of integrating variational quantum circuits into DRL
for spectrum coordination. Future work will explore scaling
QSAC to multi-agent settings, optimizing quantum circuit
depth for real-time inference, and extending the framework
to other intelligent RAN functions such as traffic steering and
energy-efficient scheduling.
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