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Abstract—We investigate the joint optimization problem of
stochastic computation offloading, content caching strategy, and
dynamic resource allocation to maximize the energy efficiency
of mobile edge computing in Internet-of-Things. Specifically,
we propose a quantum deep reinforcement learning algorithm
to exponentially increase the caching learning speed and con-
tent caching delivery efficiency in multi-dimensional continuous
and large action spaces. Furthermore, we utilize the modified
Grover’s algorithm with faster computation time to improve the
processing efficiency and data-content retrieval for transition
quantum state probabilities. The numerical results show that
our proposed quantum machine learning scheme significantly
outperforms other benchmarks in terms of energy-efficiency
maximization subject to transmission power, energy consumption,
and transmission latency.

Index Terms—Quantum reinforcement learning, IoT, MEC.

I. INTRODUCTION

IN THE rapidly evolving Internet-of-Things (IoT), where an
ever-increasing number of heterogeneous devices are con-

nected to generate a massive amount of data, efficient content
delivery and management have become vital. One of the key
challenges in such dynamic IoT environments is to ensure
timely access to relevant content while minimizing network
congestion, transmission latency, and energy consumption.
This is where a well-designed content caching strategy for fast
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processing efficiency plays a critical role. Because IoT devices
are battery-powered and resource-constrained with low com-
puting capacity, they can hardly support compute-intensive,
time-critical, and latency-sensitive ubiquitous applications and
services, such as autonomous vehicles, robotics, augmented
reality, and virtual reality. Due to the stochasticity and high
dimensionality, the use of traditional optimization methods
introduces complexities and challenges in task offloading
and content caching to the mobile edge computing (MEC)
server, making it computationally expensive for a dynamic IoT
environment [1].

A joint strategy of task offloading, distributed resource
allocation, and service caching has been optimized to reduce
communication latency and energy consumption [2]. A joint
optimization of computational task offloading and content
caching algorithms was studied to minimize the weighted
sum of task execution latency and energy consumption
for users [3]. A computational task offloading problem in
dynamic MEC-enabled IoT networks has been investigated to
minimize the long-term average service cost by considering
the power consumption and buffering delay [4]. In [5], a joint
optimization problem for content caching strategy, offloading
task, and resource allocation is proposed to minimize the
average transmission latency in the IoT network. An actor-
critic reinforcement learning (RL)-based algorithm is modelled
as Markov decision process (MDP) to improve the joint
decision-making problem to obtain a stochastic control policy.
Notwithstanding, these algorithms pose crucial challenges in
real-time scenarios since the joint optimization for high-
dimensional discrete-continuous sequential decision problems
is practically intractable and too complicated to be solved
effectively.

Very recently, quantum machine learning (QML), which
combines the principles of quantum mechanics with machine
learning schemes, has gained tremendous attention in the
industrial and academic communities. QML can potentially
solve complex mathematical equations and generate simula-
tions faster than their classical counterparts. In large-scale
dynamic environments, where multifaceted computations can
become increasingly complex, quantum-based techniques can
offer a promising advantage in increasing processing speed [6].
QML exploits quantum superposition principles and quan-
tum parallelism to explore multiple quantum states and
evaluate different policy updates simultaneously. A deep rein-
forcement learning (DRL) with quantum experience replay
has been proposed to achieve a better training paradigm
compared to the traditional machine learning approach [7].
A quantum-inspired RL algorithm was considered to optimize
the trajectory of unmanned aerial vehicle communications [8].
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A quantum-based offloading strategy and communication
resource allocation algorithm are proposed to reduce the
task processing latency in MEC-based Internet-of-Vehicles
(IoV) [9].

Nonetheless, in highly dynamic IoV environments, a mas-
sive number of vehicles generate significant data, which
requires complex real-time adaptive decisions. Scaling a
quantum-inspired DRL algorithm to handle a large volume
of content is challenging. Again, the above-mentioned stud-
ies only solve the expected reward function maximization
using the conventional DRL approaches, which are prac-
tically intractable. These approaches become challenging
and unpredictable due to the high computational complex-
ity of the increasingly large and multi-dimensional discrete
action spaces. Very recently, a quantum computing-supported
machine learning algorithm has been applied to solve the
joint optimal design for communication and computation of
MEC-based IoT systems [10], [11]. However, the work did
not consider optimizing adaptive caching policies in real time,
which can be challenging in highly dynamic IoT environments.

Inspired by the above-mentioned works, we jointly optimize
dynamic resource allocation, content caching strategy, and
computation offloading policy to maximize energy efficiency
in dynamic large-scale IoT networks. In a quantum uncertainty
environment, we propose a novel quantum DRL (QDRL) algo-
rithm to exponentially improve the optimal content caching
and data retrieval efficiency in multidimensional continuous
actio

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a MEC-enabled system with L servers to
provide computing services to K IoT devices connected to the
base stations (BSs). Each IoT device k ∈ K = {1, . . . ,K}
is wirelessly charged and its computationally intensive task
is processed in a timely manner at each time interval τ ∈
T = {1, 2, . . .}. Each computation task is either executed
locally or offloaded and computed at the MEC server l ∈ L =
{1, . . . ,L}. The distributed MEC servers are mostly energy
and resource constrained and have limited computational
capabilities in complex, dynamic environments. However,
dynamic IoT environments require real-time adaptation to
changing content popularity, user preferences, and network
conditions. With static policies and delayed cache updates,
traditional caching predictions can become inaccurate, leading
to inefficient caching decisions and suboptimal utilization of
cache resources. Therefore, we integrate a quantum function
into the MEC caching learning and caching processing speed
for the dynamic environment.

B. Computation Model

The IoT device produces a computationally intensive and
latency-sensitive task to proceed locally or offload to the MEC
server. We elaborate the processes as follows.

1) Local Computing: Let J = {1, 2, . . . , j} be the tasks
in which the k-th IoT device can generate a j-th computation-
intensive task of C(k , j ) = ([ϕk ,j (τ)], [fk ,j (τ)], [�k ,j (τ)]) in
the time slot τ , where ϕk ,j represents the input data (in bits),
fk ,j is the CPU frequency (in cycles) to complete the task and

�k ,j is the processing latency (in ms). We assume ϕk ,j ∈
[0, 1], where ϕk ,j = 0 means the IoT device executes the task
locally. We define the task processing latency locally ψl

k ,j (τ)

for computing resources at the time slot τ as ψl
k ,j (τ) =

λk
μk,j (τ)

+ qk ,j (τ), where μk ,j (τ) represents the computing

resources; λk is the task required in CPU cycles, and qk ,j (τ)
is the local queuing delay at time slot τ . Therefore, the
energy consumed locally el within the time interval τ is
given by el (τ) = λk (τ)fl ,max, where fl ,max is the maximum
computation capacity assigned through the uplink transmission
power.

2) Computation Offloading: When ϕk ,j = 1, we assume
that the task is transferred to the MEC server for processing.
Taking into account the time for data upload and execution, the
offloading task latency ψo

k ,j (τ) can be defined as ψo
k ,j (τ) =

dk (τ)
ωk,j (τ)

, where ωk ,j (τ) represents the task upload processing

at time slot τ and dk (τ) is the data upload. The corresponding
energy consumption to offload the task to the MEC server in
time slot τ is given as eo(τ) = pk ,j (τ)ψ

o
k ,j (τ), where pk ,j (τ)

is the transmission power in time slot τ . Hence, the total power
consumption PT for task processing at time slot τ is defined

as PT (τ) = Pc + ϑ
K∑

k=1

J∑

j=1
[el (τ) + eo(τ)], where Pc is the

circuit power consumption and ϑ ∈ {0, 1} indicates the power
amplifier efficiency.

C. Caching Model

Since computation offloading between the IoT devices and
the BSs causes an extra network communication latency
and energy consumption, we model the caching decision as
λk (τ) ∈ {0, 1} with respect to the IoT device at time slot
τ . When λk = 1, the MEC server caches the task offload
and λk = 0, otherwise. Thus, the storage capacity C∇ of
the MEC server in caching of resources in the time slot τ
can be expressed as C∇(λk ) = qk ,j (τ)R

c
k (τ), where qk ,j (τ)

represents the caching content request rate in the time slot τ
and Rc

k (τ) denotes the caching reward.

D. Communication Model

The MEC server divides the system bandwidth W into
orthogonal subchannels for data transmission. Each sub-
channel is assigned a maximum one IoT device to avoid
interference and minimize energy consumption in real-time
scenarios. The maximum achievable data rate for uplink
transmission can be expressed as

Rk (τ) =Wlog2

(

1 +
pk ,j (τ)gk ,j (τ)

αk ,i
∑K

k=1

∑J
j=1,j �=i pk ,i (τ) + σ2k

)

,

(1)

where W is the system bandwidth, pk ,j (τ) is the transmit
power at time slot τ , gk ,j (τ) is the channel gain, αk ,i
indicates the large-scale fading channel coefficient, and σ2k is
the complex Gaussian noise density.

Giving a limited computation constraints at each IoT device,
the energy efficiency η in bit/Hz/Joules can be written in terms
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of the power allocation P , the user scheduling U , and caching
content strategy C‡ at the time slot τ as follows:

η(τ)
[
P,U , C‡

]
=

Rk (τ)
[
P,U , C‡

]

PT
[
P,U , C‡

] . (2)

E. Formulation of Offloading Task Problem

We aim to maximize the energy efficiency of the considered
networks by jointly optimizing computational task offloading,
content caching strategy, and dynamic resource allocation
while maintaining latency requirements. Mathematically, the
joint energy efficiency optimization problem can be written as
follows.

max
(P,U ,C‡)

ηEE
(
P,U , C‡

)
(3a)

s.t. 0 < pk ,j (τ) ≤ Pmax, ∀k ∈ K , l ∈ L (3b)

0 < rmin ≤ Rk (τ), ∀k ∈ K (3c)
∑

k∈K
λk (τ)ϕk ,j (τ) ≤ C∇, ∀k (3d)

∑

k∈K
λk ,i (τ) ≤ 1, k ∈ K , (3e)

λk ,i (τ) ∈ {0, 1}, ∀i ∈ I , k ∈ K , (3f)

where (3b) denotes the transmit power constraint Pmax; (3c)
maintains the QoS requirement at IoT device and rmin is the
minimum data rate requirement; (3d) means that cached con-
tents must not exceed the storage capability C∇; (3e) and (3f)
ensures the assignment of BS to handle the IoT devices. In
dynamic large-scale IoT environments, (3a) is considered a
mixed discrete-continuous nonconvex problem and NP-hard
with no practical solutions. Applying conventional caching
optimization techniques is much challenging with high com-
putational costs and longer convergence time. Therefore, we
propose a quantum-enhanced DRL-based caching algorithm
to exponentially increase the processing efficiency and data
retrieval capability in high-dimensional and complex search
spaces.

III. PROPOSED QDRL ALGORITHM DESIGN

Due to the intractability of (3a), the use of conventional
cache optimization methods is challenging. Conventional
cache optimization methods struggle to dynamically adapt
to the exploration-exploitation trade-off as the environment
changes. In this section, we investigate an innovative method
that focuses on continuous learning and real-time adaptive
decisions, making it more suitable for situations where the
environment evolves over time.

A. Markovian Stochastic Computation Model

We transform the offload task problem in (3a) into an MDP
form and solve it using the proposed QDRL algorithm to
obtain a stochastic optimal policy control. MDP is defined
in 4-tuple, expressed as (S,A,R,P , γ) with S , A, P(s , s ′)
being the set of state space, action space, the transition state
probability, respectively. We define the formulation of the
MDP-based optimization problem as follows:

1. System state space: At each time step τ , the DRL agent
detects the set of observations, denoted as Sτ ∈ S; sk (τ) =
[pk ,j (τ), fk ,j (τ),Wk (τ)].

2. System action space: A DRL agent takes action ak ∈
[0, 1]; ak (τ) = [ϕk ,j (τ), pk ,j (τ), fl ,max, λk ,i (τ)].

3. System reward function: The DRL agent uses a policy
strategy of π(A | S) = P[Aτ | Sτ ] to attain a state transition
probability of P(sτ+1|sτ , aτ ) for the next state Sτ+1. In MDP,
the value function V π(s) within a state s subject to a policy
π, is the expected return for all s ∈ S and can be shown as

V π(s) =
∑

a

π(a | s)

⎧
⎨

⎩

∑

s′,r
P
(
s ′, r | s , a

)[
r + ζV π(s ′

)]
⎫
⎬

⎭
,

(4)

where P(s ′|s , a) is the probability function of the state
transition matrix and ζ is the discount rate, i.e., 0 ≤ ζ ≤ 1. The
DRL agent adapts the resource scheduling and unceasingly
updates its strategy to maximize the expected rewards in the
long term. Therefore, following a similar approach as in [10],
the optimal action-value function Q∗ can be written as

Q∗(s , a) =
∑

s′,r
P
(
s ′, r | s , a

)
{

r + ζmax
a ′ Qπ(s ′, a ′

)
}

. (5)

B. Quantum-Inspired Deep Reinforcement Learning
Approach

1) Quantum States Representation of Quantum Machine
Learning: Let |S〉 =

∑

k
αk |sτ 〉 and |A〉 =

∑

k
βk |aτ 〉 respec-

tively be the orthogonal set of eigenstates |sτ 〉 and eigenactions
|aτ 〉, for computational basis 2q and 2q in the Hilbert spaces.
Therefore, the unitary transformation can be written as

∣
∣
∣S(ω)τ

〉
→
∣
∣
∣S(q)τ

〉
=

q
︷ ︸︸ ︷
11 · · · 1∑

S=00...0

Cs |S〉,

q
︷ ︸︸ ︷
11 · · · 1∑

S=00...0

|Cs |2 = 1, (6)

∣
∣
∣A(μ)

τ

〉
→
∣
∣
∣A(c)

τ

〉
=

c
︷ ︸︸ ︷
11 · · · 1∑

A=00...0

Ca |A〉,

c
︷ ︸︸ ︷
11 · · · 1∑

A=00...0

|Ca |2 = 1, (7)

where ω and μ indicate the eigenstates and eigenactions, q
and c are the number of qubits, respectively [6]. We set the
quantum states |0〉 and |1〉, where the quantum superposition
enables the representation of qubits in multiple states simul-
taneously and quantum parallelism accelerates content data
processing, making IoT systems more responsive. Therefore,
a system of q qubits can only assume the quantum states with
probability amplitudes of {x}2q−1

x=0 and {x}2c−1

x=0 , respectively.
2) Quantum Machine Learning-Based Policy and

Updating: The intelligent agents select their actions to
enhance real-time adaptive decisions in dynamic environ-
ments. The accumulated expected reward function maps the
state-action space pair as f (s) = π : S → Ai . From a unitary
matrix based on the parallelism on quantum representation
states 2q , the temporal-difference to update value function V
according to immediate reward is given as

V (s)← V (s) + ε
{
R + ζV

(
s ′
)
− V (s)

}
, (8)

where ε denotes a learning rate and ζ ∈ {0, 1}.
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C. Proposed QDRL Algorithm

Our proposed QDRL algorithm is based on the modified
Grover’s search algorithm design. In Grover’s quantum algo-
rithm, an element N is searched in an unsorted database
in O(

√
N ) time, which is exponentially faster than classical

algorithms that require O(N ) time and a quantum register
to represent eigenfunctions of N is initialized. Under time-
varying channel conditions, the Grover iterations obtain the
optimal computation policy for unstructured search in a multi-
dimensional large-scale IoT environment.

Let π : A × S → [0, 1], π(a, s) = P(aτ = a | sτ = s)
represent the policy mapping state to action. We assume that
f (As) = |A(μ)

τ 〉 = |A(c)
τ 〉 denotes the action space taken at

the state, where the modified Grover algorithm is implemented
with an action having a higher reward function to update
the probability amplitude. Hence, we implement the modified
Grover search algorithm via the following procedure

1) Initialization Phase: We define the unitary operator of
oracle Uo on the computational basis state |φ〉 as Uo |φ〉 =
(−1)f (φ)|φ〉. Let a system have D = 2c quantum states
representation of c qubit strings. First, we construct the equally
weighted superposition of all eigenactions

H⊗c |
c

︷ ︸︸ ︷
00 · · · 0〉 = 1√

2c

⎛

⎜
⎜
⎜
⎜
⎝

c
︷ ︸︸ ︷
11 · · · 1∑

A=00···0
|A〉

⎞

⎟
⎟
⎟
⎟
⎠
. (9)

From the Hadamard gates [12] with initial states |0〉, we obtain

f (As) =
∣
∣
∣A(c)

0

〉
=

1√
2c
|A〉+

√
2c − 1

2c

∣
∣
∣A⊥
〉
, (10)

where 〈A|Ac
0〉 = 1/

√
2c . We initialize the probability ampli-

tude as 1√
2c

to improve the complex quantum state vector and
the system observations.

2) Applying the Quantum Oracle: Let |φ〉 ∈ {0, 1}c rep-
resent the oracle functions on computational states with a
returned function output f (φ) = 1. We construct the quantum
oracle O1 for the proposed algorithm by:

|ψ1〉 :
∣
∣
∣A(c)

τ

〉
O1→ 1√

2c

2c−1∑

A=0

(−1)f (A)|A〉|A⊥〉, (11)

where |A⊥〉 = |0〉−|1〉√
2c

.
3) Using the Operator of Quantum Diffusion: Let Go =

O1(2|ψc
0〉〈ψc

0 | − I ) signify the operator of Grover’s iteration.
By using the unitary transformation, the Grover iteration can
be expressed as:

|ψ2〉 : |ψ1〉
Go→ [(2|ψc

0〉〈ψc
0 | − I )|ψ1〉]F ≈ |As〉

∣
∣
∣A⊥
〉
, (12)

where F denotes the Grover iteration time and I is the unit
matrix. The Grover search algorithm UGo

for N iterations
over |ψN

0 〉, is given by:

UG
∣
∣
∣ψN

0

〉
= sin(2N + 1)|A〉+ cos(2N + 1)

∣
∣
∣A⊥
〉
, (13)

where |A⊥〉 =
√

1
2d−1

∑

A�=Aj

|A〉, sin θ ≡ 〈ψo |ψN
0 〉 =

1/
√
2c . One Grover iteration rotates |As〉 by 2θ. At

Algorithm 1: Proposed QDRL Algorithm for Caching
System

Input: I ← unity matrix; ψ ←computational state basis
Output: R (accumulated expected reward)

1 Initialize V (s),
∣
∣
∣S(q)τ

〉
,
∣
∣
∣A(c)

τ

〉

2 Initialize τ = 0
3 for 0 ≤ ψ ≤ ψmax; ψ == ψmax; ψ = ψ + 1 do
4 while τ > ψ do

5 observe f (s) =
∣
∣
∣A

(c)
τ

〉
to obtain |A〉.

6 if |A〉 obtained, take the next state
∣
∣S ′

τ

〉
, and R

then
7 Construct the quantum states in (9)
8 Compute the Hadamard transformation

using (10)

9 else
10 Update the Grover’s iterations of caching

request 2
∣
∣ψc

0

〉〈
ψc
0

∣
∣− I

11 Content caching Kτ ← R (reward).
12 Update τ .

Fig. 1. The steps per training episode with learning ability.

∑
A |Ca |2 = 1, the probability amplitude is normalized after

each updating.
By computing the eigenaction |A〉, the probability

amplitude |ψc
0〉 value can be updated through quantum

collapse postulate to significantly improve quadratic speed.
Algorithm 1 illustrates the practical implementation of the
proposed algorithm. However, the proposed algorithm faces
the time complexity, coming from the Grover’s iteration and
updating of state-value V(s). Hence, the total time complexity
is given by O(N × (|N ×O(D)|+ |

√
N |)).

IV. NUMERICAL RESULTS AND DISCUSSIONS

In this section, we compare the performance of the proposed
algorithm with benchmarks using a quantum virtual machine
with the support of Python and Pytorch. For the system setup,
the IoT devices are randomly distributed in a single cell radius
of 200 m × 200 m, the bandwidth is 1 MHz, the energy of
the IoT devices is initiated at 10 mJ, the transmission power
is 2 dBm, and the SINR threshold is 16 dB [10].

Fig. 1 illustrates the learning performance of the proposed
QDRL algorithm through the training episode. To rapidly
optimize resource utilization, we integrated quantum features
into a caching system with data processing to enhance real-
time responsiveness. The caching strategy accelerates data
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Fig. 2. The performance comparison between the proposed QDRL and other
ML algorithms without quantum.

Fig. 3. The performance comparison between the proposed QDRL and
quantum ML algorithm without caching.

retrieval by storing frequently requested content items closer
to the end user, to ensure efficient content delivery and reduce
transmission latency. Most importantly, in Fig. 1, we observe
that as the reward function increases with the number of the
episodes, to obtain optimal number of content retrieval and
stochastic policy control in dynamic IoT environments.

In Fig. 2, we compare the energy efficiency performance
of the proposed scheme and the two conventional approaches,
namely, the JCOCC (a joint optimization of computational task
offloading and content caching) algorithm [3] and the JCORA
(a joint optimization problem for content caching strategy,
offloading task, and resource allocation) algorithm [5]. As
can be clearly observed from Fig. 2, the energy efficiency
performance improves when the number of training episodes
increases. By leveraging the modified Grover’s iterations,
our proposed solution optimally accelerates content caching
delivery and data retrieval efficiency. Thus, it achieves a
higher energy efficiency performance compared to the other
conventional algorithms.

Fig. 3 shows the performance of energy efficiency in terms
of training episodes in the proposed QDRL algorithm (that is,
with caching strategy) against the existing quantum algorithm
(that is, without caching) and the JOCC (joint communica-
tions and computation without caching) algorithm in [10].

Initially, we observe that all algorithms achieve similar energy
performance. However, as the number of episodes increases,
the proposed algorithm achieves higher energy efficiency to
improve the performance of content caching.

V. CONCLUDING REMARKS

We investigated the computational task offloading problem,
with the aim of jointly optimizing dynamic resource allocation,
computational offloading, and content caching strategies to
maximize the system’s energy efficiency while satisfying the
IoT users’ transmission latency requirement. To improve task
processing and data retrieval performance, we proposed a
quantum DRL algorithm to exponentially increase the pro-
cessing efficiency to obtain a stochastic optimal policy for
high-dimensional state-action spaces in time-varying wireless
channel conditions. The numerical results demonstrated that
the proposed algorithm converges faster and achieves better
energy efficiency performance in various MEC-enabled IoT
scenarios compared to conventional algorithms.

REFERENCES

[1] J. A. Ansere et al., “Optimal computation resource allocation in energy-
efficient edge IoT systems with deep reinforcement learning,” IEEE
Trans. Green Commun. Netw., vol. 7, no. 4, pp. 2130–2142, Dec. 2023.

[2] S. Bi, L. Huang, and Y.-J. A. Zhang, “Joint optimization of ser-
vice caching placement and computation offloading in mobile edge
computing systems,” IEEE Trans. Wireless Commun., vol. 19, no. 7,
pp. 4947–4963, Jul. 2020.

[3] Z. Chen, Z. Chen, and Y. Jia, “Integrated task caching, computation
offloading and resource allocation for mobile edge computing,” in Proc.
IEEE Glob. Commun. Conf., Waikoloa, HI, USA, Dec. 2019, pp. 1–6.

[4] H. Hu, D. Wu, F. Zhou, S. Jin, and R. Q. Hu, “Dynamic task offloading
in MEC-enabled IoT networks: A hybrid DDPG-D3QN approach,” in
Proc. IEEE Glob. Commun. Conf., Madrid, Spain, Dec. 2021, pp. 1–6.

[5] W. Yifei, R. F. Yu, S. Mei, and H. Zhu, “Joint optimization of caching,
computing, and radio resources for fog-enabled IoT using natural actor–
critic deep reinforcement learning,” IEEE Internet Things J., vol. 6,
no. 2, pp. 2061–2073, Apr. 2019.

[6] T. Q. Duong, J. A. Ansere, B. Narottama, V. Sharma, O. A. Dobre, and
H. Shin, “Quantum-inspired machine learning for 6G: Fundamentals,
security, resource allocations, challenges, and future research directions,”
IEEE Open. J. Veh. Technol., vol. 3, pp. 375–387, Aug. 2022.

[7] W. Qing, M. Hailan, C. Chunlin, and D. Daoyi, “Deep reinforce-
ment learning with quantum-inspired experience replay,” IEEE Trans.
Cybern., vol. 52, no. 9, pp. 9326–9338, Sep. 2022.

[8] Y. Li, A. H. Aghvami, and D. Dong, “Intelligent trajectory planning
in UAV-mounted wireless networks: A quantum-inspired reinforcement
learning perspective,” IEEE Wireless Commun. Lett., vol. 10, no. 9,
pp. 1994–1998, Sep. 2021.

[9] D. Wang, B. Song, P. Lin, F. R. Yu, X. Du, and M. Guizani, “Resource
management for edge intelligence (EI)-assisted IoV using quantum-
inspired reinforcement learning,” IEEE Internet Things J., vol. 9, no. 14,
pp. 12588–12600, Jul. 2022.

[10] J. A. Ansere, T. Q. Duong, S. R. Khosravirad, V. Sharma,
A. Masaracchia, and O. A. Dobre, “Quantum deep reinforcement
learning for 6G mobile edge computing-based IoT systems,” in Proc.
Int. Wireless Commun. Mobile Comput. Conf., Marrakesh, Morocco,
Jun. 2023, pp. 1–6.

[11] J. A. Ansere, E. Gyamfi, V. Sharma, H. Shin, O. A. Dobre, and
T. Q. Duong, “Quantum deep reinforcement learning for dynamic
resource allocation in mobile edge computing-based IoT systems,”
IEEE Trans. Wireless Commun., early access, Nov. 14, 2023,
doi: 10.1109/TWC.2023.3330868.

[12] M. A. Nielsen and I. L. Chuang, Quantum Computation and Quantum
Information. Cambridge, U.K.: Cambridge Univ. Press, 2000.

Authorized licensed use limited to: Aristotle University of Thessaloniki. Downloaded on March 10,2024 at 17:15:40 UTC from IEEE Xplore.  Restrictions apply. 

http://dx.doi.org/10.1109/TWC.2023.3330868


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


