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Abstract—Multi-tier computation offloading is crucial to ad-
dress capacity constraints and improve flexibility for mobile
devices. However, existing research on multi-layer computing
offloading faces challenges like inefficient resource utilization and
poor scalability, particularly in handling diverse computational
tasks. To address these challenges, this paper proposes a dis-
tributed resource allocation and mixed task offloading framework
for end-edge-cloud collaborative systems that support partial
and full task offloading modes. First, we propose a three-tier
network computing architecture and formulate a task-offloading
utility maximization problem by jointly optimizing mixed task-
offloading and resource allocation. The proposed problem is a
mixed integer nonlinear program (MINLP), which we solve by
decomposing it into two subproblems resource allocation and task
offloading. Edge computing resources and bandwidth allocation
can be independently optimized at each edge node with a fixed
task offloading strategy. Cloud computing resource allocation,
while convex, involves a global constraint, which we solve in a
decentralized manner using a multi-agent optimization approach.
Then, we propose a joint task offloading and resource allocation
optimization algorithm, CNO-TORA, to obtain the solution to
the formulated problem. The algorithm is supported by strong
theoretical guarantees and is almost surely convergent to a
globally optimal solution. Experimental results on a real dataset
demonstrate that our algorithm is scalable to large-scale networks
and outperforms baselines, achieving improvements in average
system utility ranging from 4.01%-28.15%.

Index Terms—End-edge-cloud computing; Distributed opti-
mization; Mobile edge computing; Task offloading; Resource
allocation.

I. INTRODUCTION

ODERN mobile applications, such as augmented re-

ality, intelligent video processing and Al inference,
have imposed increasingly computational workloads on mobile
devices (MDs). However, MDs often suffer limited com-
puting capacity and energy constraints, making it hard to
meet the latency and other performance requirements of such
applications. Mobile Edge Computing (MEC), which enables
task offloading from end devices to edge servers (ESs) or
cloud servers (CSs), has emerged as a promising solution to
bridge this gap. By offloading computational tasks, MDs can
effectively alleviate their local processing burden. However,
this shift also increases the communication and computational
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workloads on ESs and CSs, potentially resulting in additional
service costs and performance bottlenecks. Consequently, to
fully realize the benefits of task offloading while ensuring the
sustainability of MDs, it is essential to jointly optimize the
offloading strategy, communication, computational resources,
and energy consumption across MDs, ESs, and CSs.

In practical scenarios, the task types generated by MDs are
highly heterogeneous. Some tasks are indivisible and must be
executed as atomic units, while others are divisible and can
be split into subtasks [1]. To satisfy diverse computational
requirements, MEC systems need to support multiple offload-
ing modes, including partial offloading and full offloading.
The integration of mixed offloading modes into MEC net-
works introduces new challenges. Unlike traditional offload-
ing, mixed offloading requires simultaneously determining the
partitioning ratio for divisible tasks and the execution locations
for indivisible tasks across the end, edge, and cloud layers.
This introduces additional decision variables and complex
interdependencies among them. The offloading decision, task
splitting, and resource allocation must be jointly optimized.
As a result, the problem becomes a high-dimensional mixed-
integer nonlinear programming (MINLP) formulation with
strong coupling among variables, significantly increasing the
difficulty of designing efficient solution methods.

Although significant efforts have been dedicated to devel-
oping task offloading and resource allocation strategies to
enhance the performance of end-edge—cloud networks [19-
22], these studies support only a single offloading mode. i.e.,
either full offloading or partial offloading. Moreover, they
typically rely on centralized optimization methods to solve
the formulated problems, which incur high communication
and computation overheads, thereby limiting their scalability
in large-scale edge computing networks. These limitations
highlight the necessity of an end—edge—cloud network that
supports mixed offloading modes, along with a distributed
optimization framework for jointly optimizing offloading de-
cisions and resource allocation. The main contributions of this
work are listed as follows.

1) This paper proposes an end-edge-cloud collaborative com-
puting network that supports mixed offloading modes,
including both partial and full offloading, and formulates
an optimization problem to maximize users’ offloading
benefits. Compared to existing architectures that support
either full or partial offloading, our proposed network is
more general and flexible, enabling the execution of a wider
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TABLE I
COMPARISON OF THE PROPOSED METHOD AND PREVIOUS WORKS
Previous Works
Ours
21 31 [451 (61 [71 (81 [91 [1] (101 [11] [12] [13] [14] [15] [16] [17] [18]
End-Edge-Cloud Collaboration v v v v v v
Architecture Multi-Edge Servers v v v v v v v v v v v v v v
Mixed Offloading v v v v v v 4 v
Resource Allocation v v v v v v v v 4 v v v 4
Energy Consumption v v v v v v v v v v v v
Objective Latency v v v v v v v v v v v v v v 4
Energy-Delay Trade-off v v v v v v
Heuristic v
Deep Learning v v v v v
Approach Distributed Optimization v v v v v v v v
Other Optimization v v v v v

range of task types.

To address the complexity of the formulated problem
and ensure scalability in large-scale networks, we decom-
pose the problem into subproblems and solve them in
a distributed manner. Most notably, we design a multi-
agent optimization approach to solve the cloud computing
resource allocation problem under global constraints, and
propose an intelligent algorithm, CNO-TORA, to jointly
optimize task offloading and resource allocation.
Theoretical analyses, including scalability, convergence,
and computational complexity, as well as experimental
evaluations based on real-world datasets, are provided to
validate the effectiveness of our approach.

2)

3)

The remainder of this paper is organized as follows. The
related work is reviewed in Section II. The network model is
presented in Section III, and the problem formulation is given
in Section IV. Section V provides the distributed solution to
the formulated optimization problem. Evaluation results are
provided in Section VI. In the end, the conclusions are given
in Section VIL

II. RELATED WORK

In this section, we review the related work from three
aspects: task offloading, mixed offloading, and joint offloading
and resource allocation in MEC networks. The main distinc-
tions between our proposed method and existing studies are
summarized in Table 1.

A. Task Offloading in MEC

Task offloading is a core mechanism in MEC and is com-
monly classified into full offloading and partial offloading.
Many studies have focused on these two strategies to optimize
the performance of MEC systems in terms of latency and
energy consumption. For example, based on game-theoretic
methods [2], reinforcement learning [3-5], or distributed op-
timization [6], a variety of full offloading strategies have
been developed for different network scenarios, such as UAV-
assisted MEC, satellite-edge networks, and cooperative edge
computing networks. And for partial offloading, Diamanti et
al. [23] proposed a partial offloading strategy for RSMA-
enabled MEC systems, where each task can be arbitrarily

partitioned and processed across multiple ESs. Based on delay-
optimality conditions, Ren et al. derived closed-form expres-
sions for the optimal offloading ratio between local and edge
computing in [24], and later extended this to the edge—cloud
collaboration scenario in [22]. Subsequently, Zhu et al. [21]
and Liu er al. [19] derived closed-form solutions for optimal
task partitioning ratio in the satellite-terrestrial networks and
end—edge—cloud collaborative networks, respectively. Further-
more, partial offloading strategies have also been investigated
in vehicular edge computing networks [25], UAV-assisted
MEC networks [26], and heterogeneous edge networks [27].

It is worth noting that all the above studies focus on either
full or partial offloading in isolation. The joint design of mixed
offloading strategies, which enables the flexible coexistence
and coordination of both modes, has not yet been addressed.

B. Mixed task offloading in MEC

Current research on mixed offloading in MEC networks
generally follows two main directions. The first focuses on
modeling and optimizing full and partial offloading separately
within the same MEC network [7-9]. The second enables
the coexistence of both modes, allowing tasks to be flexibly
offloaded as full or partial depending on task types [1, 10—12].

For the first approach, Feng et al. [7] and Chen et al
[8] optimized task latency in vehicular and wireless-powered
MEC networks, respectively, by separately designing strategies
for full and partial offloading. Chen et al. [9] focused on multi-
user MEC systems and aimed to minimize energy consumption
under different offloading strategies. For the second approach,
Chen et al. [1] considered user satisfaction and the coexistence
of mixed tasks in fog computing systems. Wu et al. [10] for-
mulated a residual energy maximization problem for a wireless
powered MEC system with mixed offloading. Li et al. [11]
investigated mixed offloading in an edge—cloud collaborative
network to reduce overall system energy consumption. Chen
et al. [12] studied a space—air-ground network and proposed a
mixed offloading strategy to jointly minimize delay and energy
consumption.

Our work focuses on the coexistence of full and partial
offloading. Unlike previous studies [1, 10-12], in which
[1, 10, 12] do not consider the cloud tier, whereas[11] ignores
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the computing capabilities of MDs. Thus, how to fully exploit
the complementary strengths of MDs, ESs, and CSs within a
unified mixed-offloading framework remains an open issue.

C. Joint offloading and resource allocation in MEC

Task offloading and resource allocation are inherently cou-
pled in MEC networks, as the effectiveness of offloading de-
cisions largely depends on the allocation of computational and
communication resources. Consequently, the joint optimization
of these two aspects is of vital importance and has become
a key focus of extensive research effort, resulting in a wide
variety of optimization methods.

Classical approaches such as quadratically constrained
quadratic programming (QCQP) [28], branch-and-bound tech-
niques [29], semi-definite programming (SDP) [30], and Lya-
punov optimization [31] have been widely adopted to derive
joint task offloading and resource allocation schemes. While
these methods can provide near-optimal or optimal solutions,
the computational burden escalates rapidly with network size.
To reduce complexity, Bi et al. [13, 32, 33] designed a series
of fast and low-complexity heuristic algorithms tailored to op-
timize offloading and resource allocations across diverse MEC
scenarios, effectively reducing energy consumption and overall
system cost. Complementing these model-driven techniques,
learning-based methods, particularly deep reinforcement learn-
ing (DRL), have also received growing attention. Chen et
al. [34] introduced a digital-twin-assisted DRL framework
for efficient task offloading and bandwidth allocation. Liu et
al. [35] proposed a DRL-based dual timescale scheme that
jointly optimizes service caching, offloading, communication,
and computing resources. Heuristic and DRL-based algorithms
generally lack rigorous theoretical guarantees and often pro-
vide feasible rather than optimal solutions. Notably, the above
solutions are centralized, which limits their scalability in large-
scale edge computing networks.

Several studies have proposed distributed optimization so-
lutions to support scalability in MEC networks. For example,
Fan et al. [18] proposed a two-stage distributed latency mini-
mization scheme for full offloading and resource allocation in
end—edge—cloud network. Kim et al. [14] further introduced
a pricing-based distributed latency minimization solution for
full offloading and resource allocation in MEC systems.
The authors of [6, 15] developed ADMM-based distributed
algorithms to jointly optimize task offloading and resource
allocation. In addition, game-theoretic approaches and multi-
agent DRL techniques have also been employed to design
distributed solutions [16, 17, 36].

However, the above distributed solutions are primarily de-
signed for the joint optimization of either partial offloading and
resource allocation or full offloading and resource allocation.
They cannot be directly applied to the joint optimization of
mixed offloading and resource allocation in end—edge—cloud
networks. Moreover, ADMM-based methods [6, 15] require
the exchange of local variables among neighboring nodes,
which may disclose sensitive information. This paper proposes
a distributed method that only exchanges Lagrange multipliers
only, thereby providing basic data privacy protection.
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Fig. 1. An example of mixed-task coexistence is shown in an MEC network
with M = 6 MDs, N/ = 2 ENs, and a CS. MD1; and MD2; have divisible
tasks (q11, q12) that are split and executed across the local device, edge, and
cloud. The remaining tasks are indivisible and must be fully processed at the
local device, an EN, or the cloud.

III. NETWORK MODEL

We consider an end-edge-cloud computing network con-
sisting of one CS, m base stations (BSs), denoted by the
set V' 2 {1,2,---,n}, and M MDs, represented as M =
{M;y, My, - -, M,}. Each subset M,, = {1,2,-- -, m,}
denotes the set of MDs associated with BS n. In this network,
each BS is equipped with a MEC server (MECS) to provide
computing services for the MDs with resource-constrained,
such as tablets and smartphones. An edge node (EN) is
composed of one BS and one co-located MECS. Each EN has
a group of MDs, M,,, connected via wireless cellular links,
and each MD has a computing task that needs to be computed.
To support diverse computational requirements, this network
considers the coexistence of divisible and indivisible tasks.

The task of MD,, ,,,, severed by EN n, is modeled as g, , £
{ln.m> Vn.m» Fn.m }» Where i, m, (in bits) is the input data-size
and vy, ., (in cycle/bit) represents the number of CPU cycles
required to compute this task’s one-bit data. x,, ,, represents
the task type. k,,,, = 1 indicates that the task is divisible,
Kn,m = 0, otherwise. Fig. 1 provides an illustrative example
of mixed-task coexistence in a MEC network consisting of
M =6 MDs, N =2 ENs, and a CS.

A. Communication Model

In the proposed network, task transmission involves two
communication stages: from the MDs to the ENs and from
the ENs to the CS. The communication between EN n and
the CS utilizes the wired backhaul link. Similarly to [22], let
RS (in Mbits/sec) be the backhaul communication capacity.
The orthogonal frequency division multiple access (OFDMA)
scheme is employed to avoid interference between signals
from different MDs and ENs. For simplicity, we adopt the
assumption from [20] that all MDs transmit task data at
maximum power, and the channel between MDs and ENs
is quasi-static during task transmission but may change in
subsequent time slots. In addition, the return latency is ignored
as the final results are much smaller than the original data.
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Using Shannon’s formula, the achievable uplink data rate for
MD,, ,,, served by EN n is given by

Wi, m I s (1

where wy,,, is the proportion of the bandwidth allocated from
EN n to MD,, ,,, and

n

Pn mhnAm
R = BE log, (1 + ) 7 ®

B¢° (in Hz) is the available bandwidth at EN n, P, ,, is the
transmission power of MD,, ,,,, and h,, ,,, is the channel gain
between MD,, ,,, and EN n. o, is the background noise power.

TABLE I

NOTATIONS USED IN THIS PAPER
Notation Definition
M Set of all MDs
N Set of ENs
My, Set of MDs associated with EN n,
MO, Set of MDs with partial offloading associated with EN n.
M,l, Set of MDs with full offloading associated with EN n

Input data size, CPU cycles per bit, and task type
Task splitting ratio for local, edge, and cloud
Indicator functions for local, edge, and cloud execution

Bnms Yn,m Knam
anms Cnym, Onym

@l pwe o
Loy Inms Inm

é}wn, 572”" Latency and energy consumption trade-off weights
Ln,m Utility weights
Tn,m Decision variable for full offloading

BEs Bandwidth at EN n

Wn,m Bandwidth allocation ratio between EN n MD m
Yn,m Computing resource allocation ratio between EN n MD m
Zn,m Computing resource allocation ratio between CS and MD m
T,ll‘_’;'m Delay for MD,, ,, execution its entire task locally

f:z%‘““ Delay for MD,, », transferring its entire task data to EN n
TP Delay for MDy, ., executing its entire task at EN n
Tﬁi%a"s Delay for MD,, ,, transferring its entire task data to CS
TS some Delay for MDy, ,,, executing its entire task in the cloud

Eﬁ{’:,, Energy consumption for MD,, ,, executing its entire task locally

B. Computing Model

Let f,ll"fn (in cycle/s), f2° (in cycle/s) and f°° (in cycle/s)
represent the computing capacity of MD,, ,,, EN n and CS,
respectively. MO & {1,2,- - - k,} and M. = {k, +
1,kp+2,---,my} denote the sets of MDs performing partial
and full offloading, respectively. For dividable tasks, v, pm,
Com and O,m(n € Nym € MY) are the proportion of
data processed at the MD,, ,,,, EN n, and CS, respectively.
And for fully offloaded tasks, @, = 0, pm = 1/2 and
Tpm = Ln € Nym € M) indicated that the task is
processed at MD,, ,,,, EN n, and CS, respectively. Next, we
model the transmission and computation delays incurred by
task offloading in local, edge, and cloud computing.

1) Local computing: For task ¢, ,(n € N,m € M,,), the
MD utilizes its full computation capacity for local processing.
Thus, the delay of local computing can be estimated as

1 Qn,m loc
tr,?sn = (Hn,ma 1- ’{n,m) 1 Tno:n, 3)
9 In:m b
loc l 1
where T)°0, = finmYnm/ frles Tot, = (1 = 2z m)(1 —

2) Edge computing: Whether partially or fully offloaded,
the data to be processed in ENs or the CS must first be
transmitted to the ENs via the wireless channel. Since MDs
are close to EN, the propagation delay can be neglected. Then,

combining (2), the transmission delay for task g, ,, can be
modeled as

11—«
e,trans __ n,m e,trans
tnvm - (K‘nam7 1- an’m) < I:E,e ’ Tn:m ) (4)
n,m

where Tﬁ:fgans - /J'n,m/wn,’mé}%zs,m’ Iﬁ:fn = 4xn7m(1—xn7m).
Let ¥, denote the fraction of computation resources allo-
cated by EN n to MD,, ,,,. Accordingly, the partial or full data
of task gy, generated by MD,, ,,, is processed using s m fr°
computing resources in EN n. So, the computing delay can
be expressed as

t;al,(;:)lmp — (nn s 1— Fon m) (Cn,m) Te-comp (5)

’ ’ I\ 1z,

n,m ’

in which T,060"? = Ermizm To sum up, the delay experi-

ynﬂnffis

enced by MD,, ,,, for data processed on EN n is
te = L7 . ©)

3) Cloud computing: For the remaining data 6, ,,ftn m
of divisible tasks or the full date of indivisible tasks, if the
offloaded data is chosen to be processed at the CS, this data
needs to be transferred from the EN to the CS, and then the
transmission delay can be modeled as

c,trans __ 0n m c,trans
tn,’,m - (Hnm% 1- '%mm) (Iz:c ) Tn:m ’ (7)
n,m

where T,50% = i 1 /RS, TG = T (229,m — 1). Due
to the considerable distance between the CS and ENs, the
propagation delay of links between ENs and CS cannot be
overlooked. Considering both uplink and downlink communi-
cation, the round-trip propagation delay for EN n is

i 1 2D
totrie — (g1 —k ( ) n. ()
n,m ( n,m n,m) IrZL,fn C

in which D,, represents the distance between the CS and the
EN n, and C' denotes the speed of light. After receiving the
data from ENs, the CS will allocate the available computation
resource to MD,, ,,, for processing its tasks. Let z, ,, represent
the fraction of computation resources allocated by CS n to
MD,, ,,,. The partial or full data of task g, ,, generated by
MD,, ,, is processed using 2z, , f“ computing resources, and
the computing delay is given by

0,

trin ™ = (Fnms 1= finm) ( e | T O)

n,m

where T.0com? = W Similarly, the delay experienced

by MD,, ,,, for data processed on CS is
1-—a
tfz,m = ('%n,ma 1- ’in,m) ( I%cn.,m) Tthans

n,m

n,m

(10)
+ tc,trans + tc,comp + ﬁc,tm’p
n,m n,m nm °*
For divisible tasks g, ,, generated by MD,, ,,,, local, edge,
and cloud computing are processed in parallel. Consequently,

the total latency experienced by MD,, ,,, from task offloading
and processing across local, EN, and CS can be expressed as

l e c _
max {t,{{’m, tnﬂn,tn’ﬁn}, Kn,m = 1

1,b e,b c,b _
tn,m + tn,m + tn,m» Rn,m = 07

toll = (11)
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l,p _ loc e,p __ _ e,trans
where t,0, = anmT 0, toh, = (1 an,m)Tn:T +
e,comp pc,p  __ _ e, trans c,trans
Cnﬂ’ﬂTmm 4 tn7,m - (1 an,m)Tn,m + en,m(Tn,m +

Tc,comp) 4 216)'”; t,l’b — Ir,l Tloc = J%.e (Te,trans 4

n,m n,m n,m=>n,m?> n,m\-n,m

e,comp _ Jx,C

tc,b

n,m

e, trans c,trans c,comp | 2Dy
T&trans L e trans L pecomp 2Dy ),

n,m n,m

tc,b

> Yn,m

C. Energy Consumption Model

In the end-edge-cloud computing network, the energy con-
sumption of MD is determined by the computation and trans-
mission processes.

1) Local Computation Energy: The energy consumed by
the MD during local computation depends on the CPU fre-
quency and the number of cycles required to process the task.
For a user associated with EN n, the local computing energy
consumption can be modeled as

~

En,m - (Hn,m.a 1-— K:n,m) (3‘2571) Efgfﬂ) (12)

loc
n,m

where Eﬁffn = Klbn,mVn,m( )2, and k is a hardware-
dependent energy coefficient.

2) Transmission Energy: The energy consumed during task
transmission depends on the data size to be offloaded and
the transmission power of the MD. The energy consumption
model for transmitting the offloaded task is given by

1—anm

En,m = (/fn,ma 1- "fn,m) (1 _ @l ) Pn,st:Zans, (13)

The total energy consumption of MD,, ,,,, considering both
computation and transmission energy, is given by

En,m = En,m + En,m- (14)

D. Utility Function Definition

The user offloading utility quantifies the benefit of task
offloading by considering both latency reduction and energy
efficiency. The utility function for MD,, ,,, associated with EN
n is defined as

loc _ 4off loc __
U. _ 51 Tn,m tn,m + 52 En,m En,m 15
n,m = Yn,m loc n,m loc ) (15)
n,m n,m
1 2 1 2 1 2 —
where 6n,m and 6n,m(0 < 6n,m75n,m and 6n,m + 6n,m - 1)

are weighting coefficients balancing the importance of latency
and energy efficiency; Téoﬁl is the delay for local processing
defined in (3), and 37/, is given in (11); E°¢, and E,, ,, are
given in (12) and (14), respectively.

For ease of reference, Table II provides a summary of the
key notations used in the paper.

IV. PROBLEM FORMULATION

In this paper, the goal is to maximize the total utility for all
users in the network. We formulate the optimization problem

as follows.
Proo | pmax %jv ; lomUnm — (162)
St QnisCniisOni € (0,1), VneN,Vie MY, (16b)
i+ Cni+0ni =1, YneN,¥ie M2, (l6c)

the = tob =P WneN,Vie MY, (16d)
T, €{0,1/2,1}, VYneN,¥je M}, (16e)
> wam <1, Wam >0, VR €N, (16f)
meM.,
Y Ynm <1 Yam 20, VRN, (16g)
meM,
Y>> zam <1l zam 20, (16h)
neN meM,,

where the parameter vectors «, ¢, 8, X, W, Y and Z
are defined by a = {an:}, ¢ = {Cui}, 0 = {00},
X ={xn;}, W={w,;},Y ={ypnm} and Z = {2, n, },
respectively. o, ¢, 0 € RzneNMg, X € REnenvMu and
W, Y,Z € RMM =¥ v M%+ >\ ML) (16b)
and (16c¢) are the task splitting ratios constraint. (16d) ensures
that the divisible tasks generated by MDs can achieve minimal
latency. This condition has been proved in [19] and [21].
Constrain (16e) is an indicator variable. The constraint (16f)
guarantees that the total bandwidth allocated to the associated
users with EN n does not exceed its available bandwidth
capacity. Constrains (16g) and (16h) ensure that the computa-
tion resources allocated to MDs do not exceed the maximum
available resources of each EN and CS, respectively. £, ,,, is
a utility weight that indicates the priority of the task. The
problem P; is a MINLP problem, as it involves a nonlinear
and nonconvex objective function with discrete variables X
and continuous variables «, ¢, 8, W, Y, Z. Solving such
problems typically requires exponential time complexity to
find the optimal solution.

V. DISTRIBUTED RESOURCE ALLOCATION AND MIXED
TASK OFFLOADING SCHEME

In this section, we propose a distributed resource allocation
and mixed task offloading framework for end-edge-cloud
collaborative systems. We first transform the original discon-
tinuous optimization problem into a continuous optimization
problem based on latency-optimality conditions. Then, we
decompose the problem into two subproblems: resource al-
location optimization and task offloading optimization. For re-
source allocation optimization, edge computing resources and
bandwidth allocation can be independently optimized at each
EN with a fixed task offloading strategy, allowing closed-form
solutions to be efficiently obtained. Cloud computing resource
allocation is a convex optimization, but it involves a global
constraint. To solve it in a decentralized manner, we employ a
multi-agent optimization algorithm based on projected neural
network (PNN). For task offloading optimization, we leverage
latency-optimality conditions to derive closed-form solutions
to both local and edge task offloading ratios. By substituting
these solutions into the original problem and introducing
relaxation variables, we reformulate the problem into a more
tractable form. We then design the collaborative neurodynamic
optimization (CNO) algorithm to solve the problem based on
the penalty method. Furthermore, we propose CNO-TORA to
jointly optimize mixed task offloading strategies and resource
allocation. Finally, we provide scalability analysis, conver-
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gence analysis, and complexity analysis for the proposed
algorithm. The algorithmic schematic is presented in Fig. 2.

P, Maximize utility U w.rt. («,¢,0,W,Y,Z,X)
(Discontinuous Optimization Problem)

Optimality conditions (ZOd)l

P, : Minimize utility ¢/ w.rt. (@,{,0,W,Y,Z,X)
(Continuous Optimization Problem )

7’3 - Minimize utility ¢/ w.rt. (W,Y,Z) 734 ‘Minimize utility ¢/ w.rt. (a,7,6,X)
(Resource Allocation Problem ) (Task Offloading Problem)
l i | Auxiliary variables v,, @, gﬁfﬁgnfg"g
£1 £
7,1 - Minimize P, - Minimize P, : Minimize VA < MEnimi ih
L o L R Minimize utility ¢, w.rt.
.t W, .t Y, wirt. f
forENN forENN (Distributed PNN ) (6,%) (RNN Algorithm}

CNO-TORA Algorithm 1
Closed-form solution Y, |
Closed-form solution W,

Fig. 2. Schematic of the algorithms for optimizing task offloading benefits
in an end-edge-cloud collaborative system.

A. Problem transformation

Combined with (11), (14) and (16d), the objective function
of EN n is reformuted as follows.

_ loc loc
meMy,
Whre 611 = b/ T 821 = 1 L% and
U, = Z |:g7(z m)Tg Jtrans _|_g(C z)Te comp
meMy, (18)
+ 9(9 m)Tc comp:| + Z (a 9) Z 7(lm2n,

memMf meM}l

(a,@)  _

in which gn,m - (/in,mv 1-— ﬁn,m) <1 C;;L lm) ( itm +

= (Hn,m> 1- Hn,m) (Olizg:énm) n,m?>
xT . en m [e3
gfﬁm) = (’fn,ma 1- Hn,m) (O 153;,07 ) ’}L,m’ )

n,m
0 5 30 TS0 46 22 and 0, =

i l l c 2D,
Iz,m( n, mTTlO’I?I’L + ¢n mEnofn) + Iralc,m (Tg’%ans + C )

It should be pointed out that the constraint (16e) is equiva-
lently transformed into A, (Tn,m) £ Trnom(1/2 = Tpm)(1—
Zn.m) = 0. It follows from (17), problem (16) is rewritten as
follows.

()

gnm

2 Pn,m)s

n,m

Pa a,C,G,rJrcl,i{/lV,Y,z Z Un, (19a)
neN
st (16b),(160), (16d), (160, (16¢), (16h),  (19b)

B. Problem decomposition

The problem P, remains challenging to solve due to the
coupling between variables. To address this, we decompose
the problem P into two subproblem, Ps and Py, as follows.

Psi  nin, UW.Y,Z):=> U, (20a)
neN
s.t. (160), (16g), (16h), (20b)
and
Py : a%g}Xu( ¢, 0,X) %u (21a)
s.t. (16b), (16¢), (16d), (21b)
hn(Xn) =0pq, V€N, (2lc)

where h,(X,,) = X,,0(e—X,)0(0.5e—
of ones, o stands for Hadamard product.

Subproblem P3 focuses on optimizing W, Y and Z, given
a fixed offloading strategy {a*, *,6*, X*}. The subproblem
‘P4 is then formulated to optimize the task offloading variable
{a,(,0, X}, given the fixed value of W*, Y* and Z*.
The decomposition approach provides a practical and efficient
solution framework for optimizing resource allocation and task
offloading in end-edge-cloud systems. The following sections
detail the solution methods for P53 and Py.

X)), e is a vector

C. Distribute Resources allocated scheme

This section focuses on solving the subproblem Ps us-
ing a distributed approach with given offloading strategy
{a*,¢*, 0%, X*}.

1) Bandwidth Resource Allocation with Fixed Task Of-
floading Strategy: In problem (20), we ignore the terms that
are unrelated to the optimization variables. Consequently, the
subproblem associated with optimizing W is reformulated as

follows.
. (a,z) __Hnom
P31 mln Z Z I R (22a)
neN meM,,
s.t. Z W <1, VR e N (22b)
meM,,
Wn,m > 0. (22C)

Since bandwidth allocation at each EN is independent of
other ENs, we can decompose the global problem (22) into
independent subproblems for each individual EN n, formu-
lated as follows.

. (a m) Mn,m
Poi1: min >4 . (23a)
eMn
s.t. (22b), (22¢). (23b)

We employ the KKT conditions to derive the optimal
solution for problem P57 ;. The detailed solution process is
omitted here, as it can be computed straightforwardly. The
closed-form expression for the bandwidth allocation ratio is
derived by

\/ gtawf)ﬂn,M/%%s,m
> omem, \/ Sty | RES
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2) Edge Computing Resource Allocation with Fixed Task
Offloading Strategy: Similar to the problem Ps 1, the edge
computing resource allocation can be decompotion for each
EN n as follows:

(¢,x)
. : gn,m /J/n,mr)/n,m
Paaigin 3 2 e

= (25a)
n meM,, yn mJn
st Y Ypm <1, VREN (25b)
meM,
Yn,m > 0. (250)

The closed-form expression for the edge computing resource
allocation ratio is given as follows.

VIS Y £5°

mEM \/g(C " Mn mn, m/feé

3) Cloud Computing Resource Allocation with Fixed Task
Offloading Strategy: Similar to the previous subproblem, the
cloud computing resource allocation problem is decoupled into
the following subproblem.

Yn,m = (26)

P :min ) Fy (27a)
neN
Si1. Z Z Znm <1, (27b)
neN memM,
Zn,m 2> 0, (27¢)
(9 x)

To solve Ps 3, the Lagrangian function of problem (27) is
defined by

N=YFt+> (> znm——),

neN neN meM,,

(28)

where A € RV. Furthermore, for the constraint (27b) to hold,
A requires to reach consensus among its elements [37], i.e.,
the following constraint

LA =0, (29)

where £ € RV >V is the Laplacian matrix of a graph.
Combining (28) and (29), an new Lagrangian function is
defined as follows

G"(Z,A\n) =G(Z,X)+n' L, (30)

where 1) € RN. Consequently, the optimal solution of problem
(27) is equivalent to the following problem w.r.t. Z[38].

mZin {maxgne'“’(Z,)\7n)} . 3D

An
We solve the problem (31) using a distributed method. Each
EN n(n € N) interacts with its neighboring nodes to acquire
local information and solve its local optimization problem
through a dynamic PNN. The outputs of the A/ PNNs cor-
respond to the KKT points of the problem (27). Following the

structure of PNNs in [37], the there-layer PNN for EN n is
defined as follows.

ed(in = Zn + PQ(Zn - vzngnew)
B =N+ M+ 15 Zn— 1/N
+
- Zje/\/n(/\n = A+ — 77]')]
T =3 en, An = Ag),s

where € is a time constant, 14, is a vector of dimension M,,
with all elements equal to 1, and

(32)

V2, G"% =VF, + A1,

Remark 1. The PNNs model (32) solves problem P33 in a
distributed manner by requiring only the change of Lagrange
multiplier (p, m) between neighboring ENs, without sharing
local date. This effectively mitigates the risk of data leakage.
Moreover, the convergence of model (32) has been formally
proven in [37].

D. Task offloading scheme

This section focuses on solving problem (21) under the
given fixed resource allocation strategy {W*,Y™*, Z*}.

Let
= > \/g(a 7 s/ RES 33)
meMy,
and
Z \/g HnmIn, m/fes (34)
meM,,

Then, using the conditions in (16d), we derive the closed-
form expressions for the task splitting ratios o, ,, and (. m
for n € N',m € MY as follows.

Q. .m
\/(Cnm"‘en m)cn mVn,m +9nm n,m T 2Dn (35)
- Thos, ’
and 2D
dp,m en mbn m T =& 2
Cn,m =— ( 2 ) s (36)
where Cnym = HUn, m/¢n m%%sm» (bnm = + ¢ nmv

c,trans HEn,m¥n,m
n,m + Zn mf” ’ dn m O 5¢n ’mf /Hn,m’Yn,m

Using the constraints (16¢), we have

bn m =

2D,
\/(Cn m + Q"vm)cn,ml/n,m + en,mb%m + T (37
+Tloc (Cn m + 91’7, m 1) = 0-

Substituting (24) and (26) into (18), we obtain a reformu-
lated utility function as follows.

un_yrt+w7z+ Z fnm + Z fnm
meMs, meM},

(6,x)
In,m’” HUn,mVn,m

Znm

(38)
+
meM,,
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It follows from (35) and (36) that the expression of v,, and
wy in (33) and (34) can be rewritten as follows.

Un— Z ¢n,m\/(<’n,m+0n,m)cn,m

meMY (39)
- Z ¢n,mxn,m (3 - 2xn,m)\/ Cn,m = 0,
meM}
and
2D
2 2 en mbnm == :
= 2 (Oumbun + 222) 0L
memM9
1 40)

n,m
vV 2dn,m

Consequently, we reformulate problem (21) as follows.

- 2wn Z 4In,,m(1 - xn,m) = 0.

meM}L

Ps:  min U, (41a)
st (16b), (21c), (37), (39), (40) (41b)

To solve subproblem Ps, we employ the penalty func-
tion method to effectively handle the constraints. Let w,, =
[0, ; X,];v;w,] be the decision variable vector, and g,
denote the equality constraints in the original problem. Then,
problem Ps can be reformulated into an unconstrained opti-
mization problem as follows.

p
L:'rﬁL :uﬂ + 5 Z g72n,m7

meLsum

(42)

where £J'™ = M,, + 2, and 3 is a positive constant.

Problem P5 is non-convex optimization problem, making it
challenging to find the optimal solution. In addition, solving
problem Ps is equivalent to solving its unconstrained refor-
mulation in (42). Here, we employ the framework of CNO to
solve (42) efficiently. J(j = 1,2,---,J) groups of recurrent
neural networks (RNNs) are constructed, and their dynamic
equations ! are defined as follows.

dug)
Tt
where dn = [gn,lugn,Q» o '7gn,m}7m S Lzum
We apply the PSO rule to reset all the initial values of (43),
which is given by
L) (9 C1T1(u1(f’j) — ulb9)
+ 027"2(11,!(;) —ulB)),

uéi+1,j) :%(u(i,j) + ,v(i+1,j))7

= _vun(uglj)) - van(ug)) © g,,,(ugj)),

(43)

(44)

for each RNN j, where cl and ¢2 are two positive acceleration
constants, 11,72 € [0, 1] are two random numbers, and W €
[0,1] is the inertia weight. u) € R2nen 2" and vU) €
R2nen £2"™ are the position and the velocity of the jth RNN,
respectively. During the ith iteration, the jth RNN identifies its
best-known position as uz(f’] ) , while the collective best position
of the entire RNN group is denoted as ué’). In addition, let

The equilibrium point output of the RNN dynamic equation (43) corre-
sponds to a local optimization of problem Ps. For a detailed theoretical proof,
please refer to [39].

w7 and u{"? be the equilibrium point and the initial state
of RNN j at the sth iteration, the output vector of RNN j is
defined by

w®?) = @),

On the other hand, in order to enhance the exploration
capability of the algorithm and prevent premature convergence
to local optima, we introduce the levy mutation operator as
follows

w7 w9 4oy, 45)

where X, is a random vector generated by the levy distribution
[40]. The mutation operation (45) is activated when the
diversity indicator N (¢) is falls below a preset threshold 7g.
The diversity indicator, which quantifies the variance among
candidate solutions, is defined as.

) 1 . .
NG =7 D g —uf ).
JjeT

(46)

E. Joint Optimization of Task Offloading and Resource Allo-
cation

CNO-TORA is proposed to jointly optimize mixed task
offloading strategies and resource allocation by an iterative
approach, as outlined in Algorithm 1. Steps 2-26 are the outer
loop, and steps 3-11 are the inner loop. In each inner loop,
multiple RNNs are employed to perform parallel local searches
for optimal task offloading strategies. Given these strategies,
the PNN model (32) is then used to update the cloud resource
allocation scheme. Steps 8-10 identify the best individual
solution obtained in the current iteration. Subsequently, steps
12-14 update the global best solution based on the selected
best candidate solutions. In steps 15-25, the initial values of
RNNs (43) are redefined by using the PSO rule in (44). This
iterative process continues until convergence is achieved. The
schematic diagram of the CNO-TORA is presented in Fig. 3.

Remark 2. It should be noted that the PNN model in (32) and
the RNN model in (43) are essentially ordinary differential
equations (ODEs). As such, they can be efficiently solved
using standard numerical methods, such as the Euler method,
the fourth-order Runge—Kutta method, or MATLAB’s built-in
solvers including odel5s, ode45, and ode23. The equilibrium
solutions of these dynamical systems correspond to the optimal
solutions of the original optimization problems.

F. Scalability Analysis

Here, we analyze the scalability of our distributed resource
allocation and task offloading framework from the perspec-
tive of the dimensionality of optimization variables. In a
centralized approach [30], solving (27) and (41) requires a
centralized node to handle the optimization problem with a
variable dimension of 2(M + N) + 1, where M and N
represent the total number of MDs and ENs, respectively. In
contrast, our distributed scheme allows each EN to indepen-
dently optimize for its locally connected MDs, significantly
reducing the dimensionality of the optimization problem. In
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Algorithm 1: CNO-TORA

Input: All computation task gy, ,,, utility weights
4,,.m, latency and energy trade-off weights
6y m and 62
1,ne€N,m e M, network configuration parameters,
algorithm parameters, Laplacian matrix £
Qutput: The system solution Z*,u* and the
corresponding utility U

Initialization: Set initial state ugl’j ), velocity v(()l’j ),

w®) gD ZOD gD L0 ZO)
c2, k< 0,11, 1, J, Limaz and kpaz,

~

3 while i < L4 && k < kpqe do
4 for j=1:7 do
5 for n € N do
6 Calculate the output w(»7) = (@) of
each RNN using Eq. (43) with initial
values u(() ),
7 end
8 Compute cloud computing resource allocation
using Eq (32)
9 it U(ZD,u@9)) > U285 i) then
10 ‘ ul? — u9), 20z,
11 end
12 end
B | it maxjes U(ZY ul?) > 0(Z0D ul )
then
14 Z() ¢ argmax;ey U(Z,(,), }(f’])),
ug(,) — argmaxjecy U(Zz(j), ),
15 end

16 Compute the diversity metric N (i) by (46).

17 if N(i) < 7y then

18 | wlD) D) 4

19 end

20 Update the initial states ué“r ) based on Eq. (44)

a | if [ul) —ul Y] < 5 then
2 | k< k+1;

23 else

24 | k<0

25 end

26 11+ 1

27 end

28 Return Z* = Zéi), u* = ugi) and U(Z*,u*)

this case, the variable dimension at EN n is 2(M,, + N) + 2,
where M, denotes the number of MDs associated with
EN n. Thus, the proposed distributed algorithm is highly
scalable and efficient for the optimization problems when
2M,, + N) +2 < 2(M + N) + 1 ie., the system has a
large number of MDs but also a sufficient number of ENs to
distribute the computational load efficiently. This ensures that
as the network size increases, each EN only handles a fraction
of the overall problem, significantly reducing the complexity
compared to a centralized optimization scheme.

PSO ‘

J Redefine
initial states

u® ) )
0 Optimal solution

5 '
i on |
(2) oo
12% Ju o
11 PNN(32) | 1 PNN@2) |}
'
E Pair #2 : E Pair#j |

i
N JU“’
i PNN(32) |

E Pair #1 l

-_—
J Initial states

Fig. 3. A schematic diagram of the CNO-TORA algorithm.

G. Convergence Analysis
Now, we analyze the convergence of the Algorithm 1. The
original optimization problem in Algorithm 1 is given by

max U(Z,u),

47
(Zu)eQ “47)

where 2 = Q, x Q,, 2, a convex set and {2, a nonconvex
set. For every fixed u € (2, the subproblem

max U(Z,u) (48)

ZeQ,

is convex and hence can be solved to global optimality. Let

Z*(u) = argmaxU(Z,u)
ZeQ,

denote the unique (or globally optimal) solution of (48). Then,
the original problem (47) is equivalent to the reduced problem

max Ulu), 49)
where U(u) = U(Z*(u),u). Consequently, we obtain the

following objective function sequence.

o U (u$), iU (uf™) <0 (uf),
U (uéﬁl)) o ZZH)U)’ z)ther\(:spe. ) (ug)

It is evident that the sequence {U(u @ )) is monotonically
non-decreasing. In addition, from (17), we 0bta1n

U(u) <> 30 (0hmTice, + 62, Bic5,) < +oo.
neN meM,,

By the Bolzano—Welerstrass theorem [41], the objective func-

tion sequence {U ( ) 120 is convergent.

Let ©; ; be the supportmg set of the initial states of RNNs
(43) at the ith-iteration. Since the initial states of RNNs (43)
are mapped in the the feasible set 2, by the second update
rules in (44), we obtain Q, C © := [JX 0,; (1<
K). Consequently, the Lebesgue measure satisfies £({2,) =
L(0) > 0. By [42, Th. 1], it follows that

lim P (uf) € 4) =1,

71— 00
where 29 is the set of the global optimal solutions. This proves
that the CNO-TORA globally converges to a global optimal
solution of problem (41) with probability one.
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TABLE III
PARAMETER SETTING
Network Parameter Setting
Input data-size, ftn,m [0.5, 1] Mbits
Workload of one-bit date, vn,m 1000 CPU cycle/bits
Maximum transmission power, P m 30 dBm
Noise power, oy, —174 dBm/Hz
Path loss between MDs and ENGs, 41 + 28log10(d) dB
Bandwidth, B, [5, 30]MHz
Backhaul link capacity, RS° 20 Mbps
Device computation capacity, f.°¢, [0.5,3] GHz
Edge computation capacity, f5° (20, 80] GHz
Cloud computation capacity, f¢° [50, 300] GHz
Algorithm Parameter Setting
Preset threshold, g 0.2
Error tolerance, & 10~6
Time constant, € 10~6
Termination criteria, Limax, Emaz Lmaz = 20, kmaz =5

TABLE IV
EXPERIMENTAL SETTING

M Fim N Ba fi e
S0 40 1 4 10 20 100
Setfl  £12  [20400] 1 010 20 100
2.1 [20,60] 1 4 10 20 100
#2240 (05,25 4 10 20 100
023 40 1 26 10 20 100
Setf2 a4 1 4 5251 20 100
025 40 1 4 10 [10,50] 100

026 40 1 4 10 20 [50.250]

H. Complexity Analysis

In this section, we analyze the computational complexity of
the proposed CNO-TORA. In Algorithm 1, the complexity
is influenced by the number of RNNs .7, the number of
iterations L4z, the number of ENs AN, and the number
of MDs M. Consequently, the total complexity of lines 3-
6 is given by O(J Lpmaz(M + 2N)). Additionally, solving
the distributed PNN model (32)Afor cloud resource allecation
incurs a complexity of O(L,aeLe(M+2N)), where L, is the
number of iterations required for convergence. By combining
both algorithms, the overall computational complexity of the
Algorithm 1 is given by O(L42(Le + T ) (M + 2N)).

VI. EVALUATION

In this section, we evaluate the performance of the proposed
algorithm through simulation experiments. All simulations
were performed on a personal laptop equipped with an AMD
Ryzen 7 5800H. The algorithm was implemented in MATLAB
R2022b, and odel5s solver and Parallel Computing Toolbox
are used.

Throughout our simulation experiments, the communication
topology between ENs is an undirected connected ring graph.
Within the coverage area, several MDs are randomly dis-
tributed and served by the corresponding EN over the wireless
channel. In the network environment, we assume that 80%
of users perform full offloading, while 20% perform partial
offloading. The data size of the computation task follows a
uniform distribution, i.e., pnm € [0.1,0.5] [Mbits] and the
required CPU cycles per bit is set by v,,, = 1000 [CPU

cycle/bits]. The other settings of the simulation parameters
are given in Table III.

Baselines. The baselines used in this paper are listed as
follows.

e Random offloading: Computation tasks are randomly split
and offloaded to local devices, ENs, and CS for processing.
Then, the proposed iterative approach and resource alloca-
tion scheme are applied to solve the formulated problem.

o Greedy offloading: Indivisible tasks are offloaded to local,
ES, or CS for processing based on the user’s maximum
utility, while divisible tasks follow a random task-splitting
ratio. The proposed iterative approach and resource allo-
cation scheme are then applied to solve the formulated
problem.

o Adaptive PSO (APSO) [43]: A modified adaptive PSO
algorithm with nonlinear inertia weight to optimize edge-
cloud collaborative offloading strategy.

o Hybrid Genetic-Simulated Annealing-PSO (GSP) [32]: A
meta-heuristic algorithm combining genetic algorithm (GA),
simulated annealing (SA), and PSO for task offloading and
resource allocation optimization.

o Centralized LEOS-Assisted Offloading (CLO) [30] A cen-
tralized alternating optimization strategy that optimizes task
offloading and resource allocation in a LEOS edge-assisted
MEC system.

Dataset. A real dataset [44] obtained from the Central
Business District (CBD) of Melbourne, Australia, is used in all
our experiments. It covers a total area of 6.2km? and includes
latitude and longitude information for 816 MDs and 125 BSs.

Experiment Settings. In each experiment, we randomly
extracted some ESs and MDs from the dataset to simulate an
MEC system. For simplicity, we set the ESs to have the same
computing and bandwidth resources. To comprehensively eval-
uate the effectiveness of our proposed approach, we simulate
various MEC systems by varying the following parameters in
the experiments: 1) the number of MDs (M); 2) the number
of ESs (NV); 3) the computing resources on ESs (f£°); 4) the
bandwidth resources (B,,); 5) the computing resources on CSs
(f°%); and 6) the computing capacity of MDs ( ffff,L). The
main parameter settings are summarized in Table IV. Unless
otherwise stated, each experiment is repeated 20 times. The
number of RNNss is set to [J = 4; the utility parameters are set
to ¢, ., = 1; and the latency and energy trade-off parameters
are set to 6, ,, = 62, = 0.5.

A. Algorithm Convergence and Effectiveness Analysis

Convergence and constraint verification. Here, we first
verify the convergence of the proposed algorithm including
PNN model (32), RNN model (43) and Algorithm 1, the results
are shown in Figs 4-6. These results validate the convergence
and effectiveness of the proposed algorithm.

In Set #1.1, Fig. 4 shows the convergence behavior of
Algorithm 1 with respect to iterations. As observed from
the figure, Algorithm 1 converge as the number of iterations
increases, thus validating the theoretical analysis presented in
this paper.
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Fig. 4. Convergent behavior of the objective function values obtained by
using Algorithm 1. (Set #1.1)

Fig. 5 and Fig. 6 illustrate the time behavior of the decision
variable and the Lagrangian multipliers. From the figures, all
states of models (32) and (43) converge to their equilibrium
states, which indicates that the model (32) and model (43) are
convergent. Furthermore, Figs. 5(a), 5(b), 5(d), and 5(e) depict
the cloud computing resource allocation ratios to different
ENs users. The total sum of these ratios is 1.001, which is
slightly higher than 1 due to the numerical precision limits.
However, this minor deviation remains within an acceptable
tolerance and does not significantly affect the validity of
the inequality constraint (16h). Fig. 5(c) verifies that as the
number of iterations increases, the Lagrangian multipliers
An(n € N) all converge to the same value, thereby satisfying
the constraint (29). Since 7,(n € N) are unconstrained
Lagrangian multipliers, they can take both positive and nega-
tive values, which is verified in Fig. 5(f). The constraints in
problem Ps 3 are fulfilled. In addition, the decision variables
xnm(n € N,m € M,) in Fig. 6 converge to 0, 0.5, or
1 over time, satisfying the constraint (19b). Additionally, the
cloud task splitting ratios 6, ,,(n € N,m € Mn) remain
within the range 0 < 6,, ,,, < 1, and both v, and w,,(n € N)
are positive. These observations confirm that all constraints in
P5 are satisfied.

Time complexity analysis. Fig. 7 evaluates how the com-
putation time of the proposed CNO-TORA algorithm varies
with system parameters, namely the number of RNNs 7,
MDs M, and ENs A. Overall, the observed trends show
that the computation time increases approximately linearly
with respect to each of these parameters. This behavior is
consistent with the theoretical complexity analysis presented
in Subsection V-H.

i) Impact of RNN number J. In Fig. 7(a), as the number
of RNNSs increases from 2 to 12, computation time increases
nearly linearly with the number of RNNs, which confirms
the O(J) linear dependency in the theoretical complexity.
This trend is expected, as a larger number of RNNs enables
more parallel local searches per iteration, thereby increas-
ing the overall computational load. Meanwhile, the average
system utility also improves with increasing J, as more
RNNSs enhance the diversity of solution exploration and help
identify higher-quality solutions, which can be confirmed in
Fig. 7(a). Therefore, this trade-off offers practical flexibility:

fewer RNNSs yield faster decisions, while more RNNs lead to
better performance. Fig.7(b) shows that the resource utilization
ratio slightly decreases with increasing 7. This is due to the
fact that in small-scale user scenarios, fully offloading tasks to
the edge or cloud is often more beneficial. With more RNNss,
the offloading strategies become more accurate, and some
tasks that were previously executed locally are now offloaded
to the edge or cloud for better performance. This shift reduces
the usage of local device resources, resulting in a slight drop
in overall resource utilization.

ii) Impact of MDs Number M. As shown in Fig.7(c),
computation time increases steadily as the number of MDs M
changes from 40 to 120. This trend arises because each addi-
tional MD introduces a fixed number of decision variables and
constraints related to task offloading and resource allocation.
Consequently, the computational load per iteration increases
proportionally, and more iterations are required for conver-
gence. Fig. 7(d) shows a non-monotonic trend in resource
utilization as M increases; it first decreases, then increases,
and finally decreases again. This behavior can be interpreted
as follows. When the number of MDs is small, most tasks
benefit from being offloaded to the edge or cloud, which
reduces local resource usage and leads to lower utilization
ratios. As M increases, resource contention makes offloading
less beneficial, especially when M > 100, leading more users
to prefer local execution. This increases the usage of local
resources and improves overall utilization. However, as the
number of MDs continues to grow, the increase in locally
executed tasks cannot keep pace with the growing total number
of MDs. Consequently, the average resource utilization ratio
begins to decline again.

iii) Impact of ENs Number N. From Fig. 7(e), we observe
that the computation time increases approximately linearly
with the number of ENs, which is consistent with the complex-
ity analysis of the proposed algorithm. Although increasing
the number of ENs can reduce the number of optimization
variables, every EN still needs to execute the optimization
algorithm. The time saved per EN is insufficient to offset the
additional computation introduced by the ENs. As a result,
the overall computation time grows. Fig. 7(f) shows that the
added ENss are effectively utilized, as seen in the linear growth
in resource utilization, indicating that computational resources
are not idle despite higher complexity.

Scalability verification. To evaluate the scalability of Al-
gorithm 1, we analyze its performance under large-scale
networks scenario, where the number of ENGs is set to N/ = 10,
and the number of MDs, M, varies from 100 to 400. The
remaining network parameters follow the settings in Set #1.2.
Specifically, we measure two critical metrics: (i) the average
system utility achieved and (ii) the computation time required
for the optimization process. The results are illustrated in
Figure 8. From the figure, we observe that the average system
utility (blue solid line) increases as the number of MDs
grows from 100 to 400, reaching a peak value. Beyond this
point, the utility starts to decrease, suggesting that resource
contention leads to system utility degradation. Meanwhile, the
computation time (orange dashed line) steadily increases as
the number of MDs grows. This trend is attributed to the
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Fig. 5. The state convergence behavior of the PNN model (32) (Set #1.1).
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Fig. 6. The state convergence behavior of the RNN model (43) (Set #1.1).

expansion of the problem size. However, the growth remains
moderate, indicating that the algorithm is computationally
feasible for large-scale networks.

Performance Comparison. Table V presents the statistical
results of the average system utility obtained by Algorithm
1 and five baseline methods over 100 independent runs un-
der different numbers of MDs. As shown in the table, our
proposed distributed algorithm outperforms all baselines in
terms of best-case, worst-case, average utility, and standard
deviation (SD), demonstrating both superior performance and
robustness. Regarding computation time, our method is more
efficient than CLO, which indicates that our distributed al-
gorithm can achieve high solution quality with lower com-

Iteration

(e) Cloud resource allocation ratio at EN 4.

1000 0

200

400
Iteration

600 800 1000

(f) Lagrangian multipliers 7.

putational overhead. Overall, our algorithm exhibits robust
and stable performance, achieving improvements in average
system utility of 15.71%-16.59%, 14.88%-16.18%, 13.28%-
17.45%, 19.6%-28.15%, and 4.01%-10.71% compared to the
Random, Greedy, APSO, GSP, and CLO, respectively.

These superior results can be explained by the differences
in decision-making strategies. Random and Greedy algorithms
make decisions over the local feasible domain without in-depth
exploration of the global solution structure. Although fast, they
are prone to local fluctuations, resulting in lower utility. In
contrast, the heuristic algorithms APSO and GSP search for
the global optimum across the entire feasible domain, but their
relatively crude search strategies often lead them to become
trapped in local optima, causing unsatisfactory worst-case
utility. The CLO method employs centralized optimization,
which ensures relatively stable results (i.e., low SD), but
its centralized nature leads to longer computation times. In
contrast, our proposed method outperforms all baselines thanks
to two key design points. First, the CNO-TORA algorithm
adopts a strategy of searching for the global optimum from
the local optima, enabling it to lock onto high-utility solutions
more quickly. Second, we designed a distributed convex opti-
mization algorithm based on the PNN model, which efficiently
allocates cloud computing resources. Thus, our approach not
only fully exploits local advantages but also guarantees ef-
fective global resource coordination, thereby achieving high
system utility with stability.

B. Parameter Analysis

Fig. 9 illustrate the impact of the six parameters set in Table
IV including M, N, B, f&%, f* and ff;’f,‘;l on the average
system utility compared to five baseline schemes. Overall, it
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TABLE V
STATISTICS OF AVERAGE SYSTEM UTILITY OBTAINED BY ALGORITHM 1
AND FIVE BASELINES UNDER DIFFERENT NUMBERS OF MDs (SET #1.2).

Test Item \ Method  Type Best ‘Worst Average SD Time (s)
Random Dis.2  16.9301 12.1958 14.6767  0.6830 8.3786

Greedy Dis. 167898  12.5284  14.7161  0.6263  17.2986

APSO Cen.! 167434  13.4959  15.0928  0.4730 0.0273

M =20 GSP Cen. 15.9643 12.7793 14.3606  0.5078 0.5247
CLO Cen. 16.8277 157659  16.4388  0.0557  19.7801

Proposed Dis. 17.2270  16.3595 17.0977  0.0142 14.7041

Random  Dis.  21.5604 17.3754  19.4940  0.7472 9.3975

Greedy Dis.  21.6142 174668 19.6112  0.6765  18.6369

APSO Cen.  21.3247 17.8395  19.4805  0.4232 0.0274

M =30 GSP Cen. 199130 16.5774  18.1963  0.4387 0.6888
CLO Cen. 22.1315 18.6949  20.8976  0.4463 27.4681

Proposed ~ Dis.  23.0055  22.0053  22.7277 0.0386  19.0901

Random  Dis.  27.6240 222394  25.0700 0.8543  10.0315

Greedy Dis.  27.8968 23.2725 252501  0.7998  20.9191

APSO Cen. 282969 22.8140 24.6928  0.8200 0.0284

M =40 GSP Cen. 246616 204033  22.6353  0.8340 0.9073
CLO Cen.  27.5811 244013 262022 0.5414  29.2014

Proposed  Dis.  29.3038  28.2291  29.0082  0.0294  21.6583
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Fig. 7. The resource utilization ratio, average system utility, and computation
time achieved by CNO-TORA under different numbers of RNNs, MDs, and
ENs in Sets #1.1, #1.2 and #2.3, respectively (averaged over 100 runs).
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Fig. 8. The average system utility obtained by Algorithm 1 and the
computation time for different numbers of MDs. (Set #1.2)

is evident that our scheme outperforms all other approaches,
improving the system utility by an average of 10.39% to
23.85% over the baselines in Set f 2.

In Set #2.1, Fig. 9(a) shows the average system utility
versus different MDs (M). When the number of MDs is
relatively small, offloading tasks to ENs and CS provides
considerable benefits. However, as the number of MDs in-
creases, the system utility gradually diminishes and eventually
reaches a saturation point, beyond which local processing
at MDs becomes more beneficial. This phenomenon mainly

! Indicates centralized algorithm.
2 Indicates distributed algorithm.

arises because an increased number of MDs intensifies the
competition for computing and wireless resources at ENs and
CS, resulting in higher overhead for task transmission and
processing. This, in turn, reduces the offloading utility. Fig.
9(b) shows a similar trend with the increase in local capacity.
The primary reason for this behavior is that as local computa-
tional resources increase, more tasks can be processed locally
without the need for offloading to ENs or CS. Compared to
the baseline methods, our proposed approach achieves the best
performance, providing improvements ranging from 12.83% to
25.36% in Set 2.1, and 10.39% to 28.44% in Set £2.2.

In Set 2.3, Fig. 9(c) shows the average system utility versus
different ENs (V). As the number of ENs increases, the total
computational capacity and bandwidth resources of the system
also expand, which enables more resources to be allocated
to MDs for their computation task offloading. This enables
MDs to offload their tasks more effectively, benefiting from
reduced processing delays and lower energy consumption.
Consequently, the system utility improves for all approaches.
Compared to baseline methods, our proposed scheme achieves
the highest utility, with an improvement in average system
utility ranging from 15.03% to 27.89%.

In Set £2.4, Fig. 9(d) illustrates the average system utility
versus bandwidth resources (B;,). Initially, increasing band-
width leads to a significant improvement in system utility.
This is because greater bandwidth allows more task offloading,
reducing transmission delays and enabling more MDs to utilize
ENs and CS resources. However, as bandwidth continues
to increase, the rate of utility improvement gradually slows.
The primary reason for this trend is that as more tasks are
offloaded, computing resources gradually become the new
bottleneck, which limits system performance improvement. In
addition, compared to baselines, our scheme achieves at least
16.27% to 28.44% average system utility improvement.

In Set §2.5 and £2.6, Fig. 9(e) and Fig. 9(f) show the average
system utility versus the computing capacities of ENs (f¢*)
and CS (f®), respectively. Both figures follow a similar trend
to Fig. 9(d), where increasing computing capacity initially
leads to a significant improvement in system utility. However,
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Fig. 9. Average system utility versus the impact of different parameters (Set f1).

as computing resources continue increases, communication
resources become the new bottleneck, slowing down system
utility growth. Additionally, our proposed scheme outperforms
the baseline methods, achieving an improvement of 16.49% to
27.07% in Set 2.5 and 17.30% to 27.73% in Set £2.6.

C. Latency and Energy Consumption Weight Analysis

Fig. 10(a) illustrates the trade-off between average system
latency and energy consumption with respect to the users’
latency trade-off weight 5}L’m, which varies from 0.3 to 0.9.
The corresponding energy trade-off weight is 67 ,, = 1—4} ..
All results are averaged over 100 independent runs. When
57117m is low, the algorithm prioritizes energy savings, resulting
in lower energy consumption at the cost of higher latency.
As 5}L’m increases, the algorithm gradually shifts its focus to
latency reduction, leading to shorter latency but higher energy
usage. This trade-off behavior highlights the flexibility of 6}1’m
in balancing low-energy and low-latency objectives to satisfy
different application needs. Moreover, Fig. 10(b) presents that
the resource utilization ratio remains consistently around 82%
across all values of 5}17,”, indicating that network resources are
well-utilized regardless of user preference. The computation
time exhibits only minor fluctuations, which stem from the
intrinsic randomness of the algorithm rather than from the

trade-off weight.

VII. CONCLUSION

In this paper, we investigated an end-edge-cloud collabora-
tive computing network that supports mixed offloading modes
(both partial and full offloading), and formulated an optimiza-
tion problem to maximize users’ offloading benefits, which
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Fig. 10. Latency, energy consumption, resource utilization ratio, and compu-
tation time achieved by CNO-TORA under different latency trade-off weights
(5}”” in Sets #1.1 (averaged over 100 runs).

are quantified by a trade-off between task latency reduction
and energy consumption savings. To handle the complexity
of the formulated problem and enable scalability in large-
scale networks, the problem is decomposed and solved in a
distributed manner. Extensive simulations based on real-world
datasets show that our method outperforms other baselines
in terms of overall system utility. The results confirm the
effectiveness of the proposed framework in supporting scalable
and efficient resource coordination across heterogeneous end-
edge-cloud environments. As a result, our method achieves
up to 28.15% improvement in offloading gains and maintains
4.01% performance gains even in worst-case scenarios.
Although our method can achieve robust and effective solu-
tions in an end-edge-cloud collaborative computing network,
the computation time of Algorithm 1 is relatively high. This
is because it requires continuously solving the differential
equations (32) and (43). To reduce the computation time of
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CNO-TORA, three potential solutions can be considered: (1)
implementing the algorithm on specialized hardware [37]; (2)
using accelerators to speed up the differential equation solving
[45]; and (3) employing learning-based methods for rapid
approximation [46]. Future work will focus on integrating
these strategies to further enhance computational efficiency
while maintaining the high performance of our framework.
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