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Abstract
In this work, we investigate device-to-device (D2D) mobile edge computing (MEC) with intelligent reflecting surface (IRS)
aidingbothD2Danddevice-to-MEC links to reduce energy anddelay for user devices.We formulate a non-convex computation
offloading problem that maximizes computing efficiency over latency under mixed integer, linear, and non-linear constraints
and jointly optimize offloading decisions, partial offloading ratio, edge computing frequency, transmit power, and IRS phase
shifts via a fully connecteddeepneural network (DNN) trainedwith aLagrange-dual loss function that embeds theobjective and
inequality constraints. Extensive simulations across varying maximum task sizes (0.5-3 Mbits), edge computing capacities
(10-90 Mcycles/s), and number of IRS elements (10-30) show that the proposed method consistently achieves solutions
within 5-10% of near-global optimal solutions obtained by exhaustive search (ES) and outperforms gradient search (GS),
fixed-offloading DNN and REINFORCE algorithm that achieves approximately 50% higher computing efficiency at N1 = 20
users. The proposedDNN exhibits 3-5% energy consumption gap fromESwhilemaintaining lower computational complexity
of O(12NcN 2Ms) versus O(ω−2) for GS, O((2Qs)

(N+M)) for ES, and O(ι−4) for REINFORCE, which exhibits inference
times on the order of milliseconds, compared to the computationally intractable costs associated with ES. These results show
that the proposed algorithm for IRS-assisted partial D2D/MEC offloading is an effective and practical approach for jointly
enhancing computing efficiency and latency in next-generation wireless systems.

Keywords Mobile edge computing · Device-to-device communication · Intelligent reflecting surface · Partial offloading ·
Resource allocation · Deep neural network · Computing efficiency

1 Introduction

Next-generationwireless networks are expected to play a cru-
cial role in various emerging applications such as intelligent
identification, positioning, and tracking. These applications
typically require high processing power and significantly
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drain the device batteries (Fereira et al. 2025). Tradition-
ally, cloud computing, which provides computing services
via the Internet from centralized servers, has been proposed
to support these computationally intensive tasks, but at the
cost of added transmission latency (Chai et al. 2025).

Mobile edge computing (MEC) addresses this challenge
by placing computing resources close to the network edge,
thereby reducing latency. In MEC networks, users decide
how and where tasks are processed by offloading some or all
of their tasks to nearby computation access points (Almasaeid
2025), and since this offloading plays a central role in bal-
ancing the workload between edge servers and devices, it is a
key design factor for reducing latency, lowering energy con-
sumption, and thus ensuring efficient resource use Spinelli
and Mancuso (2020).

Although MEC offers significant benefits, its perfor-
mance can deteriorate when multiple users are connected
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simultaneously. Therefore, it is important to develop an opti-
mized offloading strategy that relieves the computing load on
the MEC infrastructure under the given network conditions.

While MEC offers enough computing resources for users,
high path loss in MEC communications is inevitable due to
the distance between devices and the base station (BS) (Cao
et al. 2018). Device-to-device (D2D) offloading has been
introduced as an effectiveway to tackle this issue (Wang et al.
2025). It reduces computation time for resource-intensive
applications by offloading some tasks to nearby users through
D2D links (Liu et al. 2021). This approach allows devices to
connect directly without the Internet and leverages unused
computing resources in their vicinity, significantly reducing
bandwidth consumption.

Although combining MEC and D2D communications
can improve system performance by leveraging the energy
efficiency of D2D communication and the high computing
power of MEC servers, there is an inherent problem of the
low transmit power of D2D offloading links. This limita-
tion can be addressed with an intelligent reflecting surface
(IRS), a metasurface composed of many passive reflecting
elements that can manipulate the phase of electromagnetic
waves to reconfigure wireless channels. By creating addi-
tional propagation paths for non-line-of-sight (NLoS) links
through passive reflection, the IRS can enhance available
paths and improve the signal-to-interference-plus-noise ratio
(SINR).

On the other hand, the use of artificial intelligence (AI)
has developed continuously across various research areas due
to its ability to substantially reduce the complexity of com-
putation in complex environments (Sun et al. 2025; Yazici
et al. 2023). For example, neural networks (NN) effectively
capture complex dependencies (Jin et al. 2025; Jin and Xu
2025a), Gaussian process regression excels in uncertainty
quantification (Jin and Xu 2024b, a), graphical techniques
address high-dimensional modeling (Jin and Xu 2025b; Xu
and Zhang 2022), and ensemblemethods enhance robustness
(Xu 2020; Xu and Zhang 2021). Among these approaches,
NN have gained particular prominence due to their versatil-
ity and scalability across diverse applications. Specifically,
the integration of NN optimization tools with wireless sys-
tems can improve the performance of network functions and
effectively reduce decision-making costs (Chen et al. 2024).

Efforts to improve MEC network efficiency have resulted
in a body of work that explores different optimization objec-
tives and solution methodologies. Addressing dynamic net-
work conditions, Li et al. (2021) studied partial offloading in
time-varyingMEC networks by proposing a deep Q-network
to jointly tackle latency and energy consumption problems,
with simulation results demonstrating performance gains
over conventional approaches. Complementing this with
application-specific optimization, Seo et al. (2021) inves-
tigated energy-efficient mobile augmented reality services

in MEC by explicitly trading off between energy consump-
tion and latency, proposing a theoretical scheme that controls
transmit power and cache size to achieve both low energy and
latency as validatedby their results.While these studies effec-
tively optimize MEC performance through learning-based
adaptation and energy-latency balancing respectively, they
focus on direct device-to-server offloading without explor-
ing cooperative offloadingopportunities throughdevice-level
collaboration.

Recognizing BS’s limited computational resources and
the potential for proximity-based collaboration, researchers
have integrated MEC with D2D communications to address
computational resource limitations. From a system capac-
ity perspective, He et al. (2019) formulated an optimization
problem to maximize the number of supported cellular
devices subject to communication and computation resource
constraints, with results demonstrating a substantial increase
in overall system computation capacity. Shifting focus to cost
efficiency, Chai et al. (2019) addressed task execution cost
minimization in systems with an MEC server and multiple
cellular D2D users, proposing the Kuhn-Munkres algorithm
to solve the mode selection and offloading problem, thereby
achieving low task execution costs. Advancing toward more
comprehensive optimization, Peng et al. (2021) tackled the
joint problem of multi-user cooperative partial offloading,
transmission scheduling, and computation allocation in D2D
underlaid MEC networks, aiming to minimize both network
latency and energy consumption with results revealing sig-
nificantly lower latency compared to benchmark algorithms.
While these contributions establish the viability of MEC-
D2D integration across multiple performance dimensions
including capacity, cost, and latency, they overlook the under-
lying constraint of diminished communication range and
weakened signal reception inherent to the low-power trans-
mission nature of D2D communications.

To address network performance and resource utilization
challenges in D2D communications, researchers have pro-
gressively integrated IRS technology with varying optimiza-
tion objectives and system considerations. From a resource
allocation perspective, Wang et al. (2021) tackled the funda-
mental problem ofmaximizing sum-rate in underlaying D2D
communications by jointly controlling active and passive
beamforming along with transmit power through successive
convex methods, demonstrating substantial system through-
put improvements. Building upon throughput considerations,
Van et al. (2022) extended the analysis to D2D coexistence
scenarios where the base station simultaneously transfers
information and energy to users, proposing an alternating
descent algorithm to solve the max-min throughput problem
with results confirming that data rate scales positively with
the number of IRS reflecting elements. Complementing these
performance optimization studies, Li (2022) addressed the
practical design challenge of IRS deployment byminimizing
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the number of reflecting elements subject to outage per-
formance and energy consumption constraints in multi-user
D2D scenarios, with simulations revealing optimal configu-
rations that vary across different noise and power operating
regions. Extending beyond pure communication metrics,
Mao et al. (2021) formulated a computing latency minimiza-
tion problem for D2D cooperative computing systems aided
by IRS, achieving significantly lower latency through joint
optimization of task assignment, transmit power, bandwidth,
and IRS phase-shift compared to conventional approaches.
While these studies collectively demonstrate substantial IRS
benefits across resource allocation, throughput optimization,
system design, and latency reduction, they focus on either
D2D communication enhancement or isolated computing
scenarios without exploring the synergistic integration of
both paradigms within a unified IRS-assisted framework.

Existing works treat MEC, D2D, and IRS separately or
in pairs, with no prior study jointly optimizing IRS-assisted
D2D-MEC systems with partial offloading. Furthermore,
most approaches rely on iterative algorithms with high com-
putational complexity, while learning-based methods remain
underexplored for this joint optimization problem.To address
these gaps, this paper proposes a DNN with Lagrange-dual
loss function that simultaneously optimizes offloading deci-
sions, partial offloading ratios, edge computing frequency,
transmit power, and IRS phase shifts. By embedding both the
optimization objective and constraints directly into the learn-
ing process, the proposed approach efficiently maximizes
computing efficiency while minimizing energy consumption
and latency.

The ideas and methodology of this study are summarized
below.

• We formulate a novel joint optimization problem for IRS-
enhanced D2D-MEC systems that maximizes the ratio
of computing efficiency to latency, a unified metric that
simultaneously captures both energy and delay perfor-
mance. In contrast to prior works that address MEC,
D2D, or IRS in isolation or pairwise combinations, our
formulation is the first to jointly optimize offloading deci-
sions (local/D2D/MEC), partial offloading ratios, edge
computing frequency allocation, transmit power, and IRS
phase shifts under a challenging set of mixed integer, lin-
ear, and non-linear constraints.

• We propose a fully connected DNN trained with a novel
Lagrange-dual loss function that embeds both the opti-
mization objective and inequality constraints directly into
the learning process. This approach enables simultane-
ous backpropagation-based updates of both primal vari-
ables (offloading decisions, partial offloading ratio, edge
computing frequency, transmit power, and IRS phase
shifts) and dual variables (Lagrange multipliers). The

framework maintains polynomial computational com-
plexity that that exhibits scalable growth with network
size.

• Extensive simulations across diverse system parameters
(task sizes: 0.5-3 Mbits, edge capacity: 10-90 Mcy-
cles/s, IRS elements: 10-30, users: 2-20) demonstrate that
the proposed DNN consistently achieves near-optimal
computing efficiency, total energy consumption, and
total latency. The proposed DNN utilizing a Lagrange-
dual loss function demonstrates superior performance
in both objective value optimization and convergence
rate when benchmarked against fixed penalty and barrier
method approaches. The proposedDNN attains solutions
within 5-10% of ES benchmarks while outperforming
GS by up to 50% in computing efficiency, particularly
at higher number of user devices where GS converges
to suboptimal local minima. Additionally, the proposed
DNN that uses a partial offloading strategy reduces
energy consumption by 15-25% compared to fixed full-
offloading approaches and achieves lower latency than
the REINFORCE algorithm, which suffers from high
gradient variance. Critically, the DNN maintains scal-
ability with polynomial complexity, enabling real-time
decision-making in scenarios where ES becomes com-
putationally intractable.

The remainder of this paper is organized as follows. In
Section 2, we present the proposed system, channel mod-
els, and problem formulation. Section 3 describes iterative
methods such as exhaustive search (ES) and GS. The pro-
posed DNN algorithm is presented in Section 4. Section 5
illustrates the numerical results to evaluate the performance
of the proposed scheme. Finally, we conclude the paper by
providing a summary and discussion of limitations and future
work in Section 6.

2 Systemmodel and problem formulation

In this study, we consider a wireless system (Fig. 1) consist-
ing of a BS connected to aMEC server via high-speed optical
fiber (Tian et al. 2024) and N randomly deployed D2D pairs,
denoted by the setN = {1, 2, . . . , N }, within theBS’s cover-
age area. An IRSwith M reflecting elements, arranged in Mr

rows and Mc columns, is deployed to support both D2D and
device-to-MEC communications. The devices are divided
into two groups. Group 1, denoted as N1 = {1, ..., N1},
includes N1 user devices that need to offload their tasks due
to limited computing capability (Yang et al. 2025). Group
2, represented as N2 = {1, ..., N2}, consists of N2 helper
devices with spare computing resources. For simplicity, it is
assumed that each user device i inN1 is paired with a device
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Fig. 1 IRS-enhanced D2D-MEC system model and offloading work-
flow. The system consists of a BS connected to a MEC server, multiple
D2D user-helper pairs, and an IRS with M reflecting elements that
assists both D2D and device-to-MEC communications. The diagram
highlights local computing, D2D helper computing, MEC computing,
direct and IRS-reflected links, interference among users, and the task
offloading ratio λi (with 1 − λi computed locally)

in N2, so we have N1 = N2 = N . We further denote {0} as
the index for the MEC server.

2.1 Communicationmodel

Here, we use “helper device" to refer to either a D2D helper
device or the MEC server. Let hi j ∈ C

1×1,hH
i I ∈ C

1×M ,
and HI j ∈ C

M×1 denote, respectively, the channel between
user device i and helper device j , the channel between user
device i and the IRS, and the channel between the IRS and
helper device j . The phase-shift of the IRS is denoted as
� = diag(e jθ1, e jθ2 , ..., e jθM ).

In IRS-assisted offloading, the overall channel gain con-
sists of the direct channel and the IRS-reflected link. There-
fore, the effective channel between user device i and helper
device j can be expressed as

heffi j = hi j + hH
i I�H I i . (1)

When user device i offloads its tasks to helper device j ,
the transmission rate modeled as the Shannon capacity (Tian
et al. 2025) is given by

ri j = B log2

⎛
⎜⎝1 +

Pi
∣∣∣heffi j

∣∣∣2

∑
k∈N1/{i} Pk

∣∣∣heffk j

∣∣∣2 + σ 2

⎞
⎟⎠ ,

i ∈ N1, j ∈ N2 + {0},
(2)

where B is the bandwidth, Pi is the transmit power of user
device i , and σ 2 denotes the noise power.

2.2 Local computingmodel

The computation task for user device i is defined as Qi =
{si , Fi , ti,max}, where si , Fi , and ti,max are the task size [bits],
the required CPU cycles to compute one bit [CPU cycles per
bit], and the maximum tolerable latency [seconds], respec-
tively. To simplify task computation, we set ti,max = 1s, so
we have Qi = {si , Fi }.

The time required for local computing is given as

T loc
i = xi

(1 − λi )si Fi
f loci

, (3)

where xi ∈ {0, 1} is the binary indicator for local computing,
λi is the task offloading ratio for user device i , and f loci is
the local computing capability of user device i . The energy
consumption of local computing is expressed by

E loc
i = P loc

i T loc
i , (4)

where P loc
i is the local processing power.

2.3 Partial offload computingmodel

2.3.1 D2D helper computing

When user device i offloads tasks to theD2D helper device j ,
its total offloading latency is the sum of transmission latency
and processing latency, which can be denoted as

TD2D
i j = yiλi si

(
1

ri j
+ Fi

f D2Dj

)
, (5)

where f D2Dj is the computing capability of D2D helper
device j , and yi ∈ {0, 1} is a binary indicator that equals 1 if
user device i users D2D helper computing and 0 otherwise.
The energy consumption of user device i when offloading
tasks to D2D helper device j is expressed as

ED2D
i j = yiλi si

(
Pi
ri j

+ P idle
i Fi

f D2Dj

)
, (6)

where P idle
i is the circuit power consumption of user device

i .

2.3.2 MEC computing

When user device i offloads its tasks to the MEC server,
the latency and energy consumption of user device i are
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calculated as

TMEC
i0 = ziλi si

(
1

ri0
+ Fi

f MEC
i

)
, (7)

EMEC
i0 = ziλi si

(
Pi
ri0

+ P idle
i Fi

f MEC
i

)
, (8)

where f MEC
i is the CPU frequency at the MEC server

assigned to the computing task of user device i , and zi ∈
{0, 1} is a binary indicator that equals 1 if device i offloads
to the MEC server and 0 otherwise.

Each user device is assumed to offload its tasks to either
a single D2D helper device or the MEC server at any given
time (yi + zi = 1) (Dai et al. 2022). Then, the offloading
latency for user device i is obtained by combining (5) and
(7) as

T off
i =TD2D

i j + TMEC
i0

=λi si

[
yi

(
1

ri j
+ Fi

f D2Dj

)
+ zi

(
1

ri0
+ Fi

f MEC
i

)]
. (9)

Similarly, the offloading energy consumption for user device
i is obtained by summing (6) and (8), given as

Eoff
i =ED2D

i j + EMEC
i0

=λi si

[
yi

(
Pi
ri j

+ P idle
i Fi

f D2Dj

)
+ zi

(
Pi
ri0

+ P idle
i Fi

f MEC
i

)]
.

(10)

2.4 Problem formulation

In this section, we discuss the joint MEC offloading and
resource allocation problem, aiming to maximize comput-
ing efficiency over latency. From the computing models in
Sections 2.2 and 2.3, the total offloading latency and energy
consumption of the user device i can be expressed as

T tot
i = T loc

i + T off
i , (11)

and

E tot
i = E loc

i + Eoff
i , (12)

respectively. We denote Ii = {xi , yi , zi } as the computing
mode for user device i . The total computed bits are defined as
the sum of locally computed bits and offloaded bits. Accord-
ingly, the computing efficiency of user device i , defined as

the ratio of total computed bits to energy consumption, is
calculated as

CE tot
i = xi ( f loci /Fi ) + yiri j + ziri0

E tot
i

. (13)

From (11) and (13), we formulate the optimization model as

max
I, f ,θ,λ,P

N∑
i=1

CE tot
i

T tot
i

, (14)

subject to C1: {xi , yi , zi } ∈ {0, 1},
C2: xi + yi + zi ≥ 1,

C3: yi + zi ≤ 1,

C4: T tot
i < Tmax ,

C5:
∑

f MEC
i ≤ fmax,

C6: Pi ≤ Pmax ,

C7: 0 ≤ θm ≤ 2π,

C8: 0 ≤ λi ≤ 1.

Here, C1 enforces that the decision variables are binary.
C2 specifies the allowable task-placement options. The con-
straint of task computation can be only on the local device
(xi = 1, yi = 0, zi = 0), on the local device and a D2D
helper (xi = 1, yi = 1, zi = 0), on the local device and
the MEC server (xi = 1, yi = 0, zi = 1), or only on the
MEC server (xi = 0, yi = 0, zi = 1). C3 requires that a
user device can only choose at most one helper, either a D2D
helper or the MEC server. C4 limits the computing time to
a predefined maximum time Tmax. C5 ensures that the total
frequency provided to all devices from the MEC server does
not exceed its maximum computing frequency. C6, C7, and
C8 set the bounds for transmit power, IRS phase-shift, and
offloading ratio, respectively.

3 Iterativemethods

In this section, we explain two iteration-based algorithms, ES
and GS with a barrier, for performance comparison against
the proposed algorithm.

3.1 Exhaustive search

The ES algorithm (also called brute-force search) is a widely
used approach for identifying the globally optimal solution
to an optimization problem. Its implementation is straight-
forward and , when a solution exists, it guarantees discovery
of the global-optimal solution by systematically evaluating
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all feasible candidates. While this comprehensive approach
ensures solution accuracy, it comeswith the significant draw-
back of high computational costs. The computational cost
of ES is proportional to the number of feasible candidates,
which in many practical problems tends to grow very rapidly
as the size of the problem and the quantization level increase.

In our work, the control parameters are I, f , θ , λ, and p.
The method entails a complete inspection of potential solu-
tions to find which one maximizes the objective function
while conforming to all constraint conditions.

3.2 Gradient search with barrier

As an iterative algorithm, gradient descent finds a local min-
imum of a differentiable function by moving in the direction
of steepest descent (the negative gradient). We apply log-
arithmic barrier penalties (parametert > 0) to handle
constraints in GS. The logarithmic barrier function converts
inequality constraints into penalty terms that provide regu-
larization effects on the optimization process. This approach
enables the algorithm to handle problems with difficult con-
straint sets and infeasible instances as effectively as feasible
problems with simpler constraints, while reformulating the
problem to one with only equality constraints (Curtis 2012).

In our work, we construct an alternative objective function
by integrating this penalty function into the original objective
function, which is defined as

U (I, f , θ, λ, P) =
N∑
i=1

CE tot
i

T tot
i

+ ω, (15)

where the penalty function is described by

ω =1

t

N∑
i=1

[
ln(Pi ) + ln(λi ) + ln( fi ) + ln(xi ) + ln(yi )

+ ln(zi ) + ln(Pmax − Pi ) + ln(1 − λi )

+ ln(xi + yi + zi − 1) + ln( fmax −
∑

fi )

+ ln(1 − yi − zi ) +
M∑

m=1

(ln(2π − θm) + ln(θm))

]
.

(16)

The operational procedure of the GS with barriers is
described in Algorithm 1. The (.)old and (.)new notations
denote the variable at iteration t and t + 1, respectively. The
η1, η2, η3, η4, and η5 are the learning rates for each param-
eter.

Algorithm 1 Gradient Search Algorithm.

Initialize �I, �f , �P, �λ, �θ in feasible region
Set η1, η2, η3, η4, η5 and ε

repeat
�Inew = �Iold + η1 × ∂U

∂(�x,�y,�z)
�fnew = �fold + η2 × ∂U

∂ �f
�Pnew = �Pold + η3 × ∂U

∂ �P�λnew = �λold + η4 × ∂U
∂�λ�θnew = �θold + η5 × ∂U
∂ �θ

until |Unew −Uold | ≤ ε, withUnew andUold are the loss functions at
current and previous iteration, respectively.

4 Proposed DNNmethod

In this section, we propose a fully connected DNN structure,
as depicted in Fig. 2. The proposed DNN takes the channel
gain and the IRSphase-shift as inputs andoutputs the transmit
power of devices and the IRS phase-shift value.

First, we initialize the network weights with Xavier ini-
tialization, which speeds up convergence (Glorot and Bengio
2010). After setting the learning rate, the input data of
the DNN is normalized using batch normalization, which
results in zero mean and unit variance to help ensure conver-
gence during the network training process (Ioffe and Szegedy
2015). The input data is given as

�a = reshape

((
heffi j , hH

i I ,hk j , h
H
kI , H I i , H I k,�

)T
)

,

(17)

�x = N (�a) , (18)

where N (.) is the normalization function. The input is
reshaped from the matrix A ∈ R

I×J to a column vector
�a ∈ R

Q , where Q = I × J . The number of neurons in the
v-th hidden layer is set to Q(v), and Q(0) represents the num-
ber of inputs. The input consists of the channel of D2D user
devices to BS, the channel of D2D user devices to IRS, the
channel of IRS to BS, and the interference channel with the
size of 12NM .

Given an input vector, the output of neuron q at the v-th
layer is computed as

y(v)
q = g

⎛
⎝

Q(v−1)∑
i=1

W (v−1)
iq y(v−1)

q

⎞
⎠ , (19)

where g(.) = 1
1+e−(.) is the sigmoid function, W (v−1)

iq is the
weight connecting neuron i in the (v − 1)-th layer to neuron
q in the v-th layer, Q(v−1) is the number of neurons at the
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Fig. 2 Fully connected DNN architecture for IRS-assisted D2D-MEC
partial offloading. The network inputs flattened, batch-normalized chan-
nel features for effective D2D-BS links, device-IRS links, IRS-BS
links, interference channels, and the current IRS phase-shift matrix (θ),
obtained by reshaping A into vector a and normalizing �x = N . Hidden
layers use sigmoid activation, and the output vector U (v) ∈ [0, 1] is
mapped to control parameters, with a binary indicator I produced by

thresholding. Training follows Algorithm 2 with Xavier initialization,
batch normalization, forward propagation, output-to-controlmapping, a
Lagrange-dual loss that embeds the objective and inequality constraints,
and weight updates until convergence. The figure depicts the data flow
as Normalization → Flatten/Concatenate → Hidden layers (sigmoid)
→ Output/control mapping → Loss function → Weights update

(v−1)-th layer, and y(0)
q = xq . Each layer in theDNN is acti-

vated by the sigmoid function, which produces output values
between zero and one. Therefore, it is necessary to map these
outputs to control parameters whose ranges extend beyond
[0, 1]. To provide valid control values, we use reversed min-
max normalization to map the DNN outputs to the actual
ranges of the target control parameters including transmit
power, computing frequency, and phase-shift. This normal-
ization technique has shown high precision across machine
learning domains such as support vector machines and back-
propagation neural networks (Sujon et al. 2024).

The mapping relations from the DNN output to transmit
power, computing frequency, and phase-shift are given by

Pi =
(
1−u(v)

[(12+M)i−(11+M)]
)
Pmin+u(v)

[(12+M)i−(11+M)]Pmax,

(20)

fi = fmax × u(v)
[(12+M)i−(3+M)], (21)

Algorithm 2 DNN-based D2D-MEC Partial Offloading.
Set the initial weights using the Xavier initialization (Glorot and Ben-
gio 2010)
Calculate the DNN input using (17) and (18)
Set an Error Tolerance and learning rate ζ

repeat
Compute the hidden layer outputs alongwith theDNNoutput using
(19)
Establish the connection between the DNN output and the normal-
ized control parameters using (21) and (22)
Compute the error function based on (24) and (26)
Adjust the neural network weights using (25)

until |Lnew − Lold| ≤ Error Tolerance, with Lnew and Lold are the
loss functions at current and previous iteration, respectively.

θk = 2π × u(v)
[(12+M)i−(M−1)]:[(12+M)i]. (22)

With �U (v) restricted to the range [0, 1], the transmit power
in (20) always satisfies the power constraint inequality. For
the phase-shift of the IRS and the computing frequency,
due to the phase range θ ∈ [0, 2π ] and the computing fre-
quency range f ∈ [ fmin, fmax], we multiply the output of
the sigmoid function with 2π and fmax directly as in (21)
and (22), respectively. For the parameter I, we set I =
I(u(v)

[(12+M)i−(6:8+M)] ≥ 0.5), where I(.) is the indicator func-
tion. It is noted that hard thresholding is non-differentiable
andprevents gradient-based learning. To enable gradient flow
despite the non-differentiable thresholding operation, we
employ the clipped straight-through estimator (STE) (Bengio
et al. 2013),which approximates the backward gradient as the
identity function with clipping as ∂ Ii

∂u(v)
i

≈ 1 if u(v)
i ∈ (0, 1)

and 0 otherwise. This allows joint optimization of continuous
and discrete parameters while preventing gradient explosion.
Other parameters such as λ, α, β, γ, δ, κ and ν are taken
directly from the output because they have the same range as
the sigmoid’s [0,1] range. Therefore, the number of outputs
from the proposed DNN is equal to the number of control
parameters, Nc × N .

We construct the loss function using a Lagrange dual form
by subtracting the objective function and adding the inequal-
ity constraints, given as

L(I, f , θ, λ, P, α, β, γ, δ, κ, ν) =

−
N∑
i=1

CE tot
i

T tot
i

+
N∑
i=1

[
αi (Pi − Pmax) + δi (λi − 1)
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+ κi (yi + zi − 1) + νi (1 − (xi + yi + zi ))

+ γi

(
N∑
i=1

f MEC
i − fmax

) ]
+

M∑
m=1

βm(θm − 2π),

(23)

where α, β, γ, δ, κ and ν are the Lagrange multipliers. The
weight update rules are obtained by taking the derivative
of the loss function with respect to the transmit power,
IRS phase-shift, computing frequency, offloading ratio,
offloading decisions, and the Lagrange multiplier parame-
ters (α, β, γ, δ, κ and ν), so both primal variables and dual
variables are updated via backpropagation within one learn-
ing loop.

These derivatives are denoted as ∇θL,∇PL, ∇ f L, ∇λL,
∇xL, ∇yL and ∇zL, respectively. The updates are expressed
as

μ
(V+1)
[(12+M)i−(K−1)]:[(12+M)i] = ∇θL,

μ
(V+1)
[(11+M)i−(11+M)] = ∇PL,

μ
(V+1)
[(12+M)i−(10+M)] = ∇ f L,

μ
(V+1)
[(12+M)i−(9+M)] = ∇λL,

μ
(V+1)
[(12+M)i−(8+M)] = ∇xL,

μ
(V+1)
[(12+M)i−(7+M)] = ∇yL,

μ
(V+1)
[(12+M)i−(6+M)] = ∇zL,

μ
(V+1)
[(12+M)i−(5+M)] = Pi − Pmax,

μ
(V+1)
[(12+M)i−(4+M)] = θi − 2π,

μ
(V+1)
[(12+M)i−(3+M)] =

N∑
i=1

f MEC
i − fmax,

μ
(V+1)
[(12+M)i−(2+M)] = λi − 1,

μ
(V+1)
[(12+M)i−(1+M)] = yi + zi − 1,

μ
(V+1)
[(12+M)i−M] = 1 − (xi + yi + zi ). (24)

The weight of the v-th layer is updated by

W (v)
iq ← W (v)

iq − ζ y(v−1)
q μ(v)

q , (25)

where ζ represents the learning rate extending from the v-
th hidden layer to the input layer. Hence, the error function
corresponding v-th hidden layer is formulated as

μ
(v)
i = y(v)

i

(
1 − y(v)

i

) Q(v+1)∑
q=1

W (v+1)
iq μ(v+1)

q . (26)

Here, we set the number of layers of the proposed DNN to
4 layers, and the number of neuron equal to output size of

the DNN. The optimal weights in the proposed DNN are
obtained when the error tolerance is satisfied, as shown in
Algorithm 2.

It is noted that variable bounds are handled cleanly from
the above update procedures. Box constraints for phase
θ ∈ [0, 2π ], computing frequency f ∈ [ fmin, fmax], and
other [0, 1]-bounded parameters are enforced by sigmoid
mappings and scaling, while remaining coupling or resource
constraints, including transmit power, phase upper bound,
MEC frequency budget, and decision-sum constraints, are
enforced through the Lagrange dual penalty terms in the loss
function. For the discrete or indicator-type decisions, thresh-
olding the network outputs (e.g., I = 1{· ≥ 0.5}) provides
binary behavior, and the dual terms still penalize violations of
associated feasibility relations (e.g., xi + yi + zi ≥ 1), which
integrate mixed-integer structure into the training objective.
Practically, the Lagrangemultipliers act as adaptive penalties
and reduce the need formanual penalty tuning and encourage
satisfaction of constraints as training proceeds.

5 Simulation results and complexity analysis

This section presents the numerical results obtained using
the proposed DNN method, the fixed-offloading DNN, ES,
GS, and REINFORCE (Thomas and Brunskill 2017). The
“fixed-offloading DNN” refers to a DNN model where all
tasks are fully offloaded to the edge for computation. In this
approach, the parameters are fixed (xi = 0, yi = 0, zi = 1
and λ = 1), while the remaining control parameters are opti-
mizedusing theproposedDNN.TheREINFORCEalgorithm
is a classic policy gradient method that estimates expected
cumulative reward through Monte Carlo sampling. It iter-
atively generates trajectories to produce unbiased gradient
estimates, using the cumulative rewards to define the loss
function for policy updates. A comprehensive list of simula-
tion parameters and their corresponding values is provided
in Table 1. During the simulation, task sizes are randomly
generated within a predefined range between the minimum
andmaximum task sizes. Training parameters are configured
with 0.008 for the learning rate, 8,192 for the mini-batch
size, and 0.1 for dropout regularization. The training data
generation process begins with the random initialization of
key system parameters to create diverse channel realiza-
tions. User device locations are randomly distributed within
the considered coverage area of the BS, ensuring a wide
variety of spatial configurations. Similarly, the IRS phase-
shifts are randomly generated for each of the M reflecting
elements, with values uniformly sampled from the feasible
range [0, 2π ]. Based on these randomly initialized positions
and phase-shifts, the corresponding channel gains are com-
puted, including the direct channels between user devices
and helper devices (hi j ), the channels from user devices to
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Table 1 Summary of key
simulation parameters for
IRS-assisted D2D-MEC

Parameter Symbol Value

Number of D2D pair N 2

Bandwidth B 5 MHz

Min., Max. transmit power Pmin, Pmax 0dBm, 20dBm

Minimum task size smin 0.1 Mbits

Maximum task size smax [0.5, 1, ..., 3] Mbits

Maximum delay Tmax 5s

Local device power Ploc
i [0.1-0.5] W

Circuit power Pidle
i [0.0001-0.01] W

Local computing resources f loci [0.5-2]×109 cycle/s

Required CPU cycles/bit Fi [500-2000] cycle/bit

Edge computing resources fmax [10-90]×109 cycle/s

DNN learning rate ζ 0.001

GS learning rate {η1, η3, η4, η5}, η2 0.0001, 0.001

the IRS (hH
i I ), and the channels from the IRS to helper devices

(HI j ). Through this randomization process, the DNN mod-
els are trained on 5 × 105 randomly generated independent
channel realizations, and their performance is evaluatedusing
104 additional random channel samples. All algorithms are
implemented using MATLAB and executed on a computer
with an Intel Core i5-1340P processor, an NVIDIA GeForce
RTX 2070 graphics card, and 32 GB RAM.

Figure 3 presents the convergence behavior of the pro-
posed DNN evaluated across four different learning rates
of 0.002, 0.005, 0.008, and 0.015 over 250 training itera-
tions.We also provide additional comparison against various

Fig. 3 Objective value versus iteration number for Lagrange-dual
method with varying learning rates (lr=0.002, 0.005, 0.008, 0.015), bar-
rier method, and fixed penalty method. The Lagrange-dual approaches
converge smoothly to optimal values ( 19-20) within 100-150 itera-
tions, with 0.008 learning rates providing highest convergence value.
The barrier method (Barrier) converges to a suboptimal value (around
17), while the fixed penalty method (Fixed) shows severe oscillations
and poor convergence throughout 250 iterations

loss functions, i.e., Logarithmic barrier loss and fixed-valued
Lagrangian loss (hereafter referred to as Barrier and Fixed,
respectively), using the same DNN configuration as the pro-
posed DNN. It is observed that Barrier performs slightly
higher than the Fixed, and the learning process is less noisy
than Fixed. This is due to the logarithmic barrier’s inherently
smooth, self-regulating penalty mechanism that dynamically
adjusts gradient magnitudes based on proximity to constraint
boundaries, whereas fixed Lagrangian multipliers impose
static penalties that cannot adapt to varying constraint vio-
lation intensity, resulting in abrupt gradient changes and
oscillatory updates when constraints transition between sat-
isfied and violated states during training. For various learning
rate of the proposed DNN, the results clearly demonstrate the
significant impact of learning rate selection on convergence
characteristics. Higher learning rates of 0.015 and 0.008
achieve rapid convergence, but the learning rate of 0.015
achieves a slightly lower objective value than that of 0.008.
This is because the higher learning rate can overshoot the
optimum and cause oscillations around the optimal solution.
The learning rate of 0.005 exhibits intermediate convergence
behavior and gradually saturates at around 19.5 after approx-
imately 150 iterations. In contrast, the lowest learning rate
of 0.002 displays the slowest convergence pattern and shows
continuous but gradual improvement throughout the entire
training period. Overall, we can verified that the proposed
DNN using Lagrange-dual function with various learning
rates outperform Fixed and Barrier.

In Fig. 4 (a), computing efficiency (Mbits/s/W) consis-
tently improves with increasing maximum edge computing
power. The proposed DNN achieves very close computing
efficiency to ES, followed by the REINFORCE, fixed-
offloading DNN and GS. This explains that fully offloading
tasks to be computed at the edge is not optimal even higher
edge computing power is available, whereas the proposed
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Fig. 4 Impact of maximum
edge computing power on (a)
computing efficiency, (b) total
energy consumption, and (c)
total latency for ES, GS,
proposed DNN,
Fixed-offloading DNN, and
REINFORCE. The trend
displays enhanced performance
for all algorithms as the
maximum edge computing
power increases

DNN benefits from opportunistic task offloading by keep-
ing small tasks local or on nearby D2D devices and sending
only the most demanding tasks to the edge. Figure 4 (b)
shows total energy consumption against the maximum edge
computing power. As the edge’s available computing fre-
quency increases, the total energy required by the system
decreases across all algorithms because more computation
can be offloaded to the MEC server, which results in reduc-
ing the task transmission of devices and local CPU energy.
It is also noticed that REINFORCE achieves total energy
consumption similar to the proposed DNN. Figure 4 (c)
shows total latency as a function of the maximum edge
computing power. The proposed DNN outperforms other
algorithms due to its unique algorithmic characteristics.
Unlike REINFORCE, which suffers from high variance
due to Monte Carlo sampling for policy gradient esti-
mation, the DNN employs deterministic backpropagation
with stable gradient computation. The embedded Lagrange-
dual loss function simultaneously optimizes primal variables
(offloading decisions, partial offloading ratio, edge comput-
ing frequency, transmit power, and IRS phase shifts) and
dual variables (Lagrange multipliers) in a unified learning
loop that enables coherent constraint satisfaction without
sampling inefficiency. While GS becomes trapped in local
minima within the non-convex search space of coupled
mixed-integer constraints, the DNN’s deep architecture with
batch normalization and Xavier initialization navigates the
complex solution spacemore effectively. The sigmoid activa-
tions naturally enforce box constraints, and the STE enables

gradient flow through discrete thresholding operations. This
achieves joint mixed-integer optimization that conventional
gradient methods cannot handle. The fixed-offloading DNN,
despite sharing the same architecture to the proposed DNN,
performs suboptimally by eliminating partial offloading flex-
ibility (λ = 1), which prevents adaptive load balancing and
resulting in 15-25% higher energy consumption. Increasing
the edge computing capacity consistently reduces end-to-
end latency for all schemes, as tasks can be processed more
quickly at the MEC server than under constrained local
resources, which results in shorter overall computation time.

Figure 5 (a) shows that computing efficiency decreases
as the maximum task size increases from 0.5 to 3 Mbits,
because larger payloads require more data transmission and
computation, which increases energy consumption across all
schemes. The proposed DNN closely tracks ES and remains
superior toREINFORCE, fixed-offloadingDNN, andGS over
the evaluated range. In Fig. 5 (b), the relationship between the
maximum task size (Mbits) and the total energy consumption
(W) is verified. As the task size grows from 0.5 to 3 Mbits,
the energy consumption also increases steadily. This figure
shows that the proposedDNNmaintains energy consumption
levels as low close to those of ES , followed by REINFORCE.
In contrast, GS , the fixed-offloadingDNN, and REINFORCE
consume significantlymore energy compared to the proposed
DNN. This is because larger task sizes require transfer-
ring more data between the local devices and D2D helper
devices, whether it is via D2D or MEC server. This data
transfer consumes energy that does not directly contribute to
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Fig. 5 Impact of maximum task
size on (a) computing efficiency,
(b) total energy consumption,
and (c) total latency for ES, GS,
proposed DNN,
Fixed-offloading DNN, and
REINFORCE. The trend
illustrates degraded performance
for all algorithms as the
maximum task size increases

computation. InFig. 5 (c),we compare the performanceof the
total latency versus themaximum task size. It is observed that
the proposed DNN method achieves a near-global optimal
solution as the maximum task size increases. The latency of
the fixed-offloading DNN is significantly lower compared to
GS. Additionally, REINFORCE achieves intermediate per-
formance between the proposed DNN and fixed-offloading
DNN due to fundamental algorithmic differences. While
REINFORCE can adaptively optimize partial offloading
and resource allocation unlike the rigid fixed approach, its
episodic trajectory sampling requires extensive exploration
across the high-dimensional action space. Moreover, REIN-
FORCE’s stochastic policy introduces action variability that
compromises precision in fine-tuning continuous parameters
(partial offloading ratio, edge computing frequency, transmit
power, and IRS phase shifts), whereas the DNN’s deter-
ministic mapping ensures consistent solutions through direct
constraint-encoded gradients.

Figure 6 (a) presents the increase in computing efficiency
as the number of IRS elements increases. We can see that
the proposed DNN achieves a near-optimal solution, espe-
cially once the IRS size reaches around 20 elements, due
to improved signal quality. With higher SINR, data can be
transmitted with lower power while maintaining the same
reliability, which results in more bits per Watt. In addi-
tion, REINFORCE obtains solution closer to the proposed
DNN, only slightly lower, when the number of IRS elements
increase from 25 to 30. This trend can also be similarly
observed at total latency and total energy consumption in

Fig. 6 (b) and (c), respectively. For GS, the computing
efficiency remains very low for the entire evaluated range.
The proposed DNN’s higher performance across varying
IRS elements is caused by its ability to learn the mapping
between channel conditions and optimal control param-
eters through unsupervised training on diverse scenarios.
Unlike GS, which performs independent optimization for
each problem instance and repeatedly encounters the same
local minima due to the non-convex coupled structure of IRS
phase shifts and resource allocation, the DNN generalizes
learned optimization patterns across different configurations,
effectively applying learned resource allocation strategies to
unseen channel realizations during inference. The Lagrange-
dual loss function enforces constraint satisfaction during
training by adaptively penalizing violations through dual
variable updates that enables the network to internalize fea-
sible solution structures and avoid infeasible regions. In
contrast, GS must navigate constraint boundaries through
iterative gradient projections that frequently overshoot or
stagnate at suboptimal solutions where the gradient mag-
nitude diminishes. As IRS elements increase, the DNN
leverages its learned representations to efficiently handle
the expanded phase-shift optimization, while GS struggles
with the increased coupling between more IRS phases and
other control variables, and REINFORCE requires signif-
icantly more trajectory samples to adequately explore the
enlarged action space. Figure 6 (b) shows the total energy
consumption versus the number of IRS elements. It is clear
that energy consumption decreases as the number of IRS
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Fig. 6 Impact of the number of
IRS elements on (a) computing
efficiency, (b) total energy
consumption, and (c) total
latency for ES, GS, proposed
DNN, Fixed-offloading DNN,
and REINFORCE. The trend
shows improvement for all
algorithms when the number of
IRS elements increases

elements increases for all methods. The proposed DNN
remains close to ES, while REINFORCE coincides with
the fixed-offloading DNN for 10 to 20 IRS elements and
shows slight improvement from 25 to 30 IRS elements. GS
exhibits significantly higher total energy consumption across
the entire evaluated range. Figure 6 (c) plots total latency
versus the number of IRS elements and shows that latency
decreases as the IRS size grows for all schemes. This reduc-
tion results from improved link quality as more IRS elements
increase the effective SINR, which provides higher data rates
and thus shortens offloading and processing times. Across
the range, the proposed DNN achieves latency very close to
ES and consistently outperforms REINFORCE, GS and the
fixed-offloading DNN, which shows that IRS-assisted partial
D2D/MEC offloading effectively reduces delay.

Figure 7 evaluates system scalability by varying the num-
ber of user devices N1 while examining computing efficiency,
total energy consumption, and total latency. The number of
helper devices is fixed at N2 = 5 to assess performance
under resource-constrained conditions. Due to the high com-
putational complexity of ES, obtaining solutions becomes
infeasible as N1 increases (only provided at N1 = 2); there-
fore, we focus our comparative analysis on the more scalable
GS, fixed-offloading DNN, and REINFORCE algorithms.

Figure 7 (a) shows a declining trend as the number of user
devices N1 increases from 2 to 20. This reflects the inherent
trade-off between resource utilization and system scalability.
The proposed DNN algorithm achieves near-optimal perfor-
mance and closely tracks the ES, with maximum deviation

of approximately 8% occurring at N1 = 2. Notably, the pro-
posed method substantially outperforms the GS and demon-
strates efficiency gains exceeding 50% at larger user counts.
The fixed-offloading DNN and REINFORCE approaches
exhibit inferior performance due to their inability to dynam-
ically adapt partial offloading ratios. The convergence of
REINFORCE toward DNN performance at higher user den-
sities suggests that reinforcement learning-based approaches
require sufficient problem complexity to fully exploit their
exploratory mechanisms (Hao et al. 2023). In contrast, the
proposed DNN training with embedded Lagrange-dual con-
straints enables better convergence characteristics even under
constrained optimization scenarios.

Figure 7 (b) describes the total energy consumption versus
the number of user devices. Total system energy consump-
tion increases monotonically with increasing user devices.
It transitions from approximately 1.2 W at N1 = 2 to
approximately 7.0 W at N1 = 20. This reflects accumulated
transmission power and circuit energy dissipation across
multiple simultaneous offloading operations. The proposed
DNN method, followed by REINFORCE, maintains energy
consumption comparable to ES, with relative performance
gap remaining within 3–5% throughout the evaluated range.
This demonstrates robust optimization despite increased
problem dimensionality. The GS exhibits severe perfor-
mance degradation and consumes approximately 40–50%
more energy than the DNN approach at N1 = 20. This
indicates fundamental limitations in GS for handling cou-
pled resource allocation constraints in large-scale systems.
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Fig. 7 Impact of the number of
user devices on (a) computing
efficiency, (b) total energy
consumption, and (c) total
latency for ES, GS, proposed
DNN, Fixed-offloading DNN,
and REINFORCE. The pattern
shows diminished performance
for all algorithms as the number
of user devices increases

The fixed-offloading baseline unconditionally offloads all
tasks to the MEC server regardless of local computing avail-
ability. It consistently consumes 15–25% more energy than
the proposed partial offloading strategy and validates the
critical importance of adaptive task partitioning in energy-
constrained edge computing environments.

Figure 7 (c) illustrates the total latency as a function of the
number of user devices. Total latency exhibits linear growth
with increasinguser device count. It rises fromapproximately
2.8 s at N1 = 2 to approximately 22 s at N1 = 20. This char-
acteristic indicates delays that accumulate at both wireless
communication links and MEC server processing systems.
The proposed DNN achieves latency performance within
5–10% of the ES reference across various number of user
devices. This demonstrates better constraint satisfaction and
computational efficiency compared to other approaches. The
GS exhibits particularly poor scaling behavior and reaches
approximately 29 s at N1 = 20. This represents a 32%
increase relative to the DNN approach and underscores the
inadequacy of GS for handling mixed-integer resource allo-
cation problems under tightly coupled system constraints.
TheREINFORCEachieves latency performance comparable
to or slightly below the DNN at higher user densities. This
suggests thatmodel-free learning approachesmay offer com-
parable benefits in highly densemulti-user scenarios, albeit at
substantially increased computational overhead during both
training and inference phases.

To sum up, from Figs. 4, 5, 6, and 7, the proposed DNN
method achieves near-global-optimal solutions comparable

to ES, whereas REINFORCE exhibits marginally lower
performance than the proposed DNN, followed by GS
with substantial performance degradation. Moreover, the
proposed DNN method outperforms fixed-offloading DNN,
which shows that partial D2D and MEC offloading effec-
tively reduce both energy consumption and latency of users.

Table 2 shows the computational complexity analysis of
the proposed DNN, GS and ES. It shows that both the
computational complexities of the proposed DNN and GS
are much lower than ES. However, the number of opera-
tions of the proposed DNN is significantly lower than those
of GS and ES. The computational complexity of the pro-
posed DNN is evaluated during the inference stage, where
the trained DNN approximates the optimal control variables
(I, f , θ, λ, P), which is O(12NcN 2Ms). The DNN has the
most manageable computational complexity among compa-
rable algorithms, scaling polynomiallywith network size (the
number of inputs and outputs). Based on the analyses (Lee
et al. 2021, 2019), the computation time is typically on the
order of milliseconds, which allows the proposed DNN to
support real-time operations. The computational cost of GS
is directly determined by the convergence error threshold ω

(Boyd andVandenberghe 2004), as a higher threshold (higher
error) requires less computational time, but results in reduced
solution precision. Conversely, a lower threshold may lead
to a more accurate solution, but with a trade-off in more
computational time. ES scales with the quantization rate Qs ,
N , and M . As the quantization rate Qs increases, this also
raises the computational cost, because a higher Qs requires
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Table 2 Computational
complexity and operation count
comparison (N = 2, M =
10, s = 3, ω = 10−4, Qs = 50)

Algorithm Computational complexity Number of operation

Proposed DNN O(12NcN 2Ms) 6.3 × 104

GS O(ω−2) 1 × 108

ES O((2Qs)
N+M ) 1 × 1030

REINFORCE O(ι−4) 1 × 1016

Asymptotic complexity and actual number of operations for the proposed DNN, GS, ES, and REINFORCE.
The proposed DNN achieves the lowest computational cost (6.3× 104 operations), demonstrating significant
advantages over GS (108), REINFORCE (1016), and ES (1030)

more granular evaluations of possible solutions. The REIN-
FORCE algorithm, based on policy gradient methods, incurs
substantial computational overhead with O(ι−4) complexity
and 1×1016 operations. This high computational cost stems
from its requirement for multiple episode rollouts to esti-
mate policy gradients and the inverse quartic dependence on
variance tolerance that necessitates extensive sampling to
achieve stable convergence.

6 Conclusion

6.1 Summary

This work improves computing efficiency and latency in
IRS-enhanced D2D-MEC systems, where computational
tasks can be offloaded to either D2D devices or an MEC
server. The optimization problem is formulated with both
linear and non-linear constraints, considering the control
parameters including offloading decisions, offloading ratio,
edge computing frequency, transmit power, and IRS phase-
shift. The proposed DNN integrates Xavier initialization,
batch normalization, and sigmoid activations, and uses a
Lagrange-dual loss to embed both the maximization objec-
tive (computing efficiency over latency) and the system’s
inequality constraints. Outputs are mapped to feasible trans-
mit powers, computing frequencies, and IRS phase-shifts,
with both primal anddual variables updated via backpropaga-
tion to enforce box and coupling constraints during training.
Simulations across varying maximum task sizes, edge com-
puting capacities, and IRS element counts show that the
DNN consistently attains solutions close to ES and outper-
forms the GS, REINFORCE algorithm, and fixed-offloading
methods in computing efficiency, total energy consumption,
and end-to-end latency. Comparative evaluation of different
loss functions demonstrates that the proposed Lagrange-
dual approach achieves superior convergence speed and
solution quality compared to fixed penalty and logarithmic
barrier methods. Convergence analysis confirms rapid and
stable training with appropriate learning-rate selection, and
results highlight that partial D2D/MEC offloading is supe-
rior to full offloading even under ample edge resources.

Increasing the number of IRS elements improves effec-
tive SINR, and achieves higher data rates, lower energy,
and reduced latency, compared to comparison methods. The
REINFORCE algorithm, while demonstrating comparable
energy efficiency, exhibits higher latency due to gradient
variance inherent in policy gradient methods, particularly in
scenarios with limited problem complexity. From a compu-
tational perspective, the DNN’s inference complexity scales
polynomially with network size (O(12NcN 2Ms)), which
achieves near-global optimal solutions with low computa-
tional complexity compared to ES, and significantly lower
than the O(ι−4) complexity of REINFORCE that necessi-
tates extensive episode rollouts for stable convergence.

6.2 Limitations and future work

Future works will address several important limitations of
the current framework and extend it toward more realistic
and practical scenarios as follows. Regarding imperfect CSI,
in real-world wireless systems, perfect channel state infor-
mation is rarely available due to estimation errors, feedback
delays, or quantization effects, and these imperfections can
significantly degrade the performance of IRS-assisted com-
munication andoptimization algorithms. Future researchwill
focus on developing robust optimization and learning strate-
gies that explicitly account for uncertainty in CSI, as under-
standing how CSI accuracy affects performance is essential
for practical IRS-assisted D2D-MEC implementation. Con-
cerning user mobility and time-varying channels, dynamic
user movement introduces rapidly changing channel condi-
tions, which can invalidate static optimization solutions. To
maintain reliable performance, the existing framework will
incorporate adaptive or more robust learning mechanisms
that respond to mobility, such as online learning, transfer
learning, or predictive channel modeling, while extensions
could also explore the trade-off between adaptation speed and
computational complexity to ensure tracking fast-varying
channels without excessive overhead. For practical deploy-
ment and real-world validation, while simulations provide
valuable insights, real-world experimentation is essential
to understand the impact of hardware limitations, environ-
mental propagation effects, and coordination challenges in
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IRS-assisted D2D-MEC scenarios, as field trials can help
identify unexpected constraints such as IRS alignment errors,
limited phase-shift resolution, or interference from surround-
ing devices.

By addressing these challenges, futurework can bridge the
gap between theoretical design andpractical implementation,
enabling IRS-assisted D2D-MEC networks to achieve reli-
able, adaptive, and high-performance operation in real-world
conditions.
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