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Abstract—For multi-source data fusion analysis applications
in Multi-access Edge Computing (MEC) systems, an edge node
processes the tasks offloaded by multiple devices within the same
time window in the form of task batches. Batching tasks amortizes
the computational overhead on the edge, but it also prolongs
task waiting time and therefore reduces the system throughput
within a given time budget. This paper investigates the offloading
problem for batching tasks and jointly optimizes transmission
power of each device and edge computing resource allocation.
The trade-off between system throughput maximization and
total energy consumption minimization is modeled as a multi-
objective optimization problem. Then, a two-phase algorithm
is proposed to obtain a Pareto optimal solution. In the first
phase, the transmission power and edge computing resource
are set to their upper bounds so as to obtain the maximum
system throughput. In the second phase, by setting the task
batch number and taking variable substitution, the energy
minimization problem is transformed into an easily solved convex
problem. Simulation results show that the proposed algorithm
attains 79.69% ~199.70% higher system throughput than Batch-
MinEnergy, and 9.10% ~41.15% lower energy consumption than
Batch-MaxTps for batching tasks.

Keywords—MEC; batching tasks; throughput maximization;
energy consumption minimization

I. INTRODUCTION

Nowadays, MEC has been widely applied to provide
computation and storage services closer to terminal devices,
and thus Internet of Things (IoT) devices with limited com-
puting capability can offload their tasks to the edge node
for lower latency or energy consumption. Meanwhile, with
the development of IoT networks, an increasing number of
devices are deployed to collect multi-source and heterogeneous
data. In many application cases, such as augmented reality,
intelligent surveillance, intelligent vehicles and so on, devices
continuously generate and offload tasks to the edge node, and
the edge node aggregates tasks from different devices into
batches within time windows and processes each task batch for
multi-source data fusion analysis. Therefore, it is necessary to
investigate the task batch offloading problem in a MEC system.

For task offloading, existing studies have fully investigated
the task offloading problem aiming at latency minimization [1]
[2] [3], energy consumption minimization [4] [5], or multiple
objectives [6] [7] [8], but they rarely considered the scenario
of batching tasks on the edge. For processing multiple Deep
Neural Networks (DNN) inference tasks in parallel, a number
of studies have proposed solutions to reduce the inference
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delay and improve the inference accuracy [9] [10]. However,
these existing studies are not suitable for the scenario of multi-
source data fusion analysis due to the differentiation of task
aggregation and batching.

This paper illustrates the process of how to aggregate tasks
into a task batch and execute each batch on the edge node,
and optimizes the joint strategy of setting transmission power
of each device and computing resource of the edge node
to maximize the system throughput and minimize the total
energy consumption. This faces two challenges. First, batching
tasks brings computational efficiency but also introduces a
new trade-off. The edge node cannot start batch execution
until all tasks in a batch have arrived, so the slowest device
in a batch delays the whole batch, which hinders throughput
improvement but saves energy. Second, the formulated multi-
objective problem P is an intractable Mixed Integer Nonlinear
Programming (MINLP) problem.

Based on the analysis of problem P, a two-phase algorithm
is proposed to obtain a joint strategy of setting transmission
power of each device and computing resource of the edge
node, and this joint strategy is a Pareto optimal solution which
can find a point on the Pareto frontier of P. Specifically, the
proposed algorithm follows a lexicographic strategy and it
maximizes the system throughput first and then minimizes the
total energy consumption. In the first phase of the proposed
algorithm, a system throughput maximization problem without
considering energy consumption is formulated, and this simple
integer programming problem is easily solved to obtain the
maximum throughput. In the second phase of the proposed
algorithm, a total energy consumption minimization problem
is formulated with a given system throughput, but it is still
difficult to solve because both the objective and constraints
are highly non-convex. By introducing a substitution of trans-
mission delay variable and execution delay variable for trans-
mission power and edge computing resource allocation, the
previous minimization problem is transformed into a convex
problem that can be easily solved by many methods such as
an interior-point method. At the end, the proposed algorithm
obtains a Pareto optimal solution by combining the solutions
of two phases.

The main contributions are summarized as follows:

e In the scenario of multi-source data fusion analysis,
a multi-objective optimization problem for batching
offloaded tasks is formulated, and the transmission
power of each device and edge computing resource
allocation are jointly optimized.

e A two-phase algorithm is proposed to maximize sys-
tem throughput and minimize total energy consump-
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tion based on problem decomposition and convex
optimization theory, and it is proved that the proposed
algorithm can obtain a Pareto optimal solution.

e  Simulation results show that, the proposal obtains the
highest system throughput and achieves significant
energy consumption reduction for batching tasks. It
is also observed that the smaller the batch efficiency
coefficient, the greater the benefits of batching.

The rest of this paper is organized as follows: Section II
summarizes the related work, Section III introduces the system
model and the multi-objective problem, Section IV presents
the proposed algorithm in detail, and Section V illustrates the
performance evaluation. Finally, the conclusion of this paper
is summarized in Section VI.

II. RELATED WORK

Task offloading has been a hot research topic in recent
years. Numerous studies have proposed solutions to optimize
multiple objectives including task completion time reduction,
energy consumption minimization, cost minimization and so
on. Considering that edge clients can offload their tasks to other
nearby edge clients and edge servers, Bozorgchenani et al. [11]
formulated and solved a constrained multi-objective optimiza-
tion problem to minimize both the energy consumption and
task processing delay of the mobile devices. To cope with
the challenge of increasing the number of tasks and resources
providers in MEC, Li et al. [12] proposed a new multi-
objective strategy based on the biogeography-based optimiza-
tion algorithm to satisfy users’ multiple requirements including
the execution time, energy consumption and cost. In a multi-
user multi-server, cloud—edge-end collaborative offloading sce-
nario, Gong et al. [13] proposed an efficient multi-objective
evolutionary optimization algorithm based on MOEA/D to
maximize rewards and minimize latency. In the scenario of
multiple edge base stations collaboration, Li et al. [7] proposed
a two-stage hybrid multi-objective optimization evolutionary
algorithm to minimize the delay and energy consumption. In
an unmanned aerial vehicles (UAVs) aided MEC system, Sun
et al. [14] formulated a multi-objective optimization problem
aiming at minimizing the total task completion delay, reducing
the total UAV energy consumption, and maximizing the total
number of offloaded tasks, and solved it based on convex
optimization theory. Considering the new requirements for
mobile edge networks to handle multimodal data, Shi et al. [15]
formulated a sensor activation time, computation offloading,
and resource allocation joint optimization problem to improve
throughput and reduce mobile terminal energy consumption.
Considering that context-aware service recommendations were
most significant for maximizing system efficiency and resource
utilization in fog-enabled IoT networks, Mengya et al. [16]
proposed an enhanced grey wolf optimization algorithm to
optimize multiple conflicting objectives, including latency,
energy consumption, trust, and service utility. For scalable
IoT edge—cloud systems, Ayman [17] designed an explainable
online score model and proposed a lightweight load-deadline-
aware task offloading method to achieve LEAOT (Load-,
Deadline-, Latency-, and Energy-Aware Task Offloading).

Additionally, there have been a lot of studies on task
throughput improvement in MEC. Considering that the system-
wide throughput under latency bounds was important in a
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dynamic MEC system, Deng et al. [18] proposed a joint user
association and resource allocation algorithm to maximize the
long-term throughput. In an MEC system with multiple energy
harvesting devices, Mei et al. [19] considered the challenges
of dynamic task queues and battery levels, and employed
the Lyapunov optimization theory to solve the formulated
system throughput maximization problem. To improve the
long-term throughput in a dynamic MEC system, Dai et al. [20]
combined Lyapunov theory and federated deep reinforcement
learning, and proposed a LyFOTO for adaptively boosting
system throughput. To obtain high throughput and low average
latency, Ning et al. [21] proposed MARHO, a Multi-Agent Re-
inforcement learning-based Hybrid task Offloading framework
designed for a maritime MEC environment, with the consid-
eration of capturing queueing dynamics, wireless transmission
latency, computation delay, and battery constraints. Consid-
ering the unstable computing performance and transmission
bandwidth, Fan et al. [22] developed a novel cloud-fog-edge
multi-layer collaboration resource scheduling framework to
reduce delay and energy consumption and improve throughput.

With the development of edge intelligence, batching mul-
tiple DNN inference tasks into a single batch for parallel
processing has become popular in MEC systems. To reduce
time-consuming memory access and boost the throughput, Liu
et al. [23] studied a communication-and-computation resource
allocation problem with batching and early exiting. Consid-
ering that each inference request may have different service
level objectives, Zhang et al. [24] proposed a novel learning-
based scheduling framework that incorporates adaptive batch-
ing and concurrent execution of DNN inference services on
edge devices to optimize system utilization. Yang et al. [9]
proposed an adaptive and cooperative batching framework
for edge inference, wherein temporal adaptive batching and
spatial task steering were jointly devised to balance the trade-
off between batch latency and computational efficiency. To
reduce the inference delay and improve the inference accuracy,
Zou et al. [10] proposed an adaptive image batching and
slicing framework for delay-sensitive small object detection
in distributed edge environments. To accelerate computation-
intensive edge cloud Al operations, Liu et al. [25] proposed an
online optimization framework for joint resource provisioning
and batch scheduling for more cost-efficient AloT inference
serving in an XPU edge cloud.

However, these task offloading studies for multi-objective
optimization and throughput improvement mainly focused on
processing each single task, and studies for batching tasks
mainly focused on optimizing DNN inference strategy. This
paper constructs a model of batching tasks in the scenario of
multi-source data fusion and proposes a two-phase algorithm
to maximize the system throughput and minimize the total
energy consumption.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

In the scenario of multi-source data fusion, a MEC system
consists of one edge node and N devices. The device set
is denoted by N' = {1,2,...,N}. For any device n € N,
' denotes the task data size, and S" denotes the required
computing resources for executing the whole task. Each device
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continuously generates tasks, and the edge node aggregates the
tasks reported by each device within the same time window
into a task batch. In practice, batching tasks usually achieves
lower execution delay compared with individual task execution
[26] [27]. Considering the resource efficiency gain brought
by batching tasks, the computing resource required for a task
batch is modeled as

O=¢> 8", ()

neN

where, £ € (0,1] is the batch efficiency coefficient. £ = 1
means that batching does not bring any computational savings.
The smaller ¢ is, the greater the computational savings.

The communication between devices and edge node is
implemented via wireless communication technology. The
edge node starts executing a task batch only if all devices
have finished the transmission of all tasks in this batch. The
transmission power decision of device n is denoted by p,, €
[pmin pmaz] where, P and P® are the minimum and
maximum transmission power, respectively. The computing
capability allocation decision of the edge node is denoted by
f¢ € [F™in, Fme] where, F™™ and F™® are the minimum
and maximum computing capability, respectively. Each device
employs a First-Come First-Served (FCFS) mechanism to
sequentially transmit its tasks, and the edge node also adopts
a FCFS mechanism to sequentially execute the successive task
batches. Let non-negative integer variable s denote the number
of task batches executed during 1 second, and then the system
throughput, i.e., the total tasks completed during 1 second, is
Ns. The process of transmitting each task and executing task
batches is shown in Fig. 1.

[ Jtransmission delay [ batch execution delay
=0 =1

edge

device N

transmission transmission
finish time of finish time of
batch 1 batch s

Fig. 1. The process of batching tasks.

The uplink transmission rate r, of device n is given by
Shannon’s theorem as follows:
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The task transmission delay of device n is
diy = = )
T'n
For a task batch, the batch transmission delay is determined
by the slowest device and is calculated by

d" = max{d! |n € N'} )
The batch execution delay is
]

g

In the scenario of batching tasks, each device generates
tasks periodically according to the transmission delay, and the
edge node starts executing a task batch only after all tasks in
this batch have arrived at the edge and previous batches have
been completed. In other words, the completion time of the
sth task batch T{,y depends on the transmission finish time of
the sth task batch and the execution finish time of the (s—1)th
task batch. Through inductive reasoning, T(, is calculated by

Tis) = d'" + (s — 1) max{d"", d°*} + d** (7

ded (6)

The energy consumption consists of transmission energy
consumption on the device side and execution energy con-
sumption on the edge side. The transmission energy consump-
tion for transmitting a task batch is

=3 pady = 3 p ™ ®)

neN neN n

e!™ increases with p,, because the first order derivative regard-
ing p, is always positive when p,, > 0.

For the task batch execution, given the computing capabil-
ity f€¢, the power consumption of the edge node is modeled as
k(f¢)? (joule per second), where, x represents the computation
energy efficiency coefficient related to the processor’s chip of
the edge node [27] [28]. The execution energy consumption
of a task batch is

6ed _ Iﬁ:(fe)ngd — K:(fe)2® (9)

e“® increases with f¢ because the first order derivative regard-
ing f¢ is always positive when f¢ > 0.

Then, the total energy consumption of s task batches is
calculated by
E(q) = s(e'" +¢*) (10)

B. Problem Formulation

Considering the demand for batching tasks, this paper
investigates the task batch offloading problem, and formulates
a multi-objective optimization problem to maximize the system
throughput S = Ns and minimize the total energy consump-
tion E(,) as follows.

Png"
o = Blogy(1+ 7o) ) P N
p’ e
where, B denotes the bandwidth assigned to each device n, g" 1;1}11 E (11
denotes the channel gain, Ny denotes the noise power spectral . '
density. Correspondingly, given a transmission rate r,, the 8-
required transmission power of device n is computed by Tis) <1 (11a)
Fmin < fe < pmaz 11
. BN, R~ fo< (11b)
pn= (27 —1) po 3) PP <p, < P NneN (11c)
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where, p = (p1,p2, ..., PN ), and constraint (11a) means that s
task batches must be completed during 1 second. Because the
integrality of s makes P a mixed-integer program and the max
term couples all devices, P is a non-convex MINLP and it is
hard to solve. Here, a group of (p, f€) is called a solution or
joint strategy for P.

C. Problem Analysis

Usually, the goal of solving a multi-objective optimization
problem is to obtain a Pareto optimal solution, i.e., a solution
for which no objective can be improved without degrading
another objective. For the objective Ns, s increases with the
decrease of df[ and d°¢?, d'" decreases with the increase of each
pn, and d°? decreases with the increase of f¢, so Ns increases
with the increase of each p,, and f€. As for the objective ),
for a given s, E(s) decreases with the decrease of each p,, and
f¢. Therefore, there is no feasible solution to simultaneously
increase /Ns and decrease E(s). But, for a fixed batch number
s, as long as T(S) < 1, each p, and f€ can be reduced to
decrease E(,y without any loss of the system throughput Ns.

Therefore, this paper adopts a lexicographic strategy and
considers obtaining a Pareto optimal solution by first opti-
mizing the system throughput and then optimizing the total
energy consumption. Specifically, the following two-phase
strategy is considered. In the first phase Phase 1, by setting
pn = P and f¢ = F™ problem P degrades into a
batch number s maximization problem, and then the maximum
batch number s* can be easily obtained. In the second phase
Phase 2, by fixing s = s*, problem P degrades into a total
energy consumption F,-) minimization problem, and then the

minimum E(s*) can be obtained by solving this minimization
problem.

Proposition IIL.1. If s* is the maximum feasible value of s
under (11a) and E*s*) is the minimum value of E(s« with
s = s* (Ns*,EE"S*)) is a point on the Pareto frontier of

problem (11) and the solution that yields (Ns*,EZ‘S*)) is a
Pareto optimal solution.

Proof: Pareto optimality requires that there exists no
feasible solution that is no worse in both objectives and strictly
better in at least one. Because s* is the maximum feasible
value, every feasible solution satisfies s < s*, i.e., the system
throughput is no larger than Ns*; hence there is no feasible
solution can yield a larger system throughput. For any feasible
solution with the same throughput N s*, its batch number must
be s*, and since E .., is the minimum energy under s*, there
is no feasible solution with a lower energy under the same
throughput. [ |

IV. THE TWO-PHASE ALGORITHM

As stated before, the proposed two-phase algorithm con-
sists of two phases, Phase I and Phase 2. In Phase 1,
without considering the energy consumption, the batch number
s maximization problem is formulated and solved to obtain the
maximum system throughput. In Phase 2, with a given batch
number s*, the total energy consumption E/-) minimization
problem is formulated and solved to obtain a Pareto optimal
solution of problem P.

Vol. 17, No. 10, 2026

A. Phase 1: Maximizing Batch Number

By setting each p, = P'%", the lower bound of batch
transmission delay is d'"* = max{d"*,n € N}, and
dml, = W The function 7,(P7***) calculates the
transmission rate with power Pmer By setting f¢ = F™MeF,
the lower bound of batch execution delay d°*L = 2. Then,

without considering the energy consumption, the batch number
s maximization problem is formulated as follows

Pl: max s (12)
s.t.

diml 4 gedl 4 (s—1) maX{d”’L,ded’L} <1 (12a)

Obviously, the maximum s* is obtained by

1— dtr,L _ ded7L
=1 13
5 { + max{dtr,L7ded,L}J 13)

It is assumed that there is always s* > 1 in the considered
system.

B. Phase 2: Minimizing Total Energy Consumption

In Phase 2, although the batch number has been fixed as
s = s*, the total energy consumption minimization problem
is still intractable due to the nonlinear terms in E(,-) and the
max operation in T{s-). Because of the one-to-one mapping
between d'” and p,, of each device n and one-to-one mapping
between d°? and f€, the decision variables p, and f¢ are
substituted with dff and d°?, respectively, and further the
energy minimization problem is transformed into a convex
problem via equivalent reformulations.

By taking D = (dV",dY,...,d%) and d°¢ as decision
variables, there are

o= 3 Hrdy (27 1) (14)
neN
where, H" = % and [" = %, and
ed kO3
I— (@=)2 (15)

For constraint (11a), there is the following proposition.

Proposition IV.1. For s > 1, the constraint T(s) < 1is
equivalent to the two linear inequalities

sd” +d?<1  and  d7+sd*?<1.  (16)

Proof: T(s) = smax{d", d*} + min{d",d*} =
max{sd" + d*, d'" + sd®'}. If d'" > d°, then T(,) =
sd" + d°? = max{sd'" + d°?, d"" + sd*?} since sd'" + d°? —
(dP" + sd®d) = (s — 1)(d!" — d°?) > 0; the case d*¢ > d'"
is symmetric. Therefore 7(5) < 1 holds if and only if both
sd" +d°? <1 and d*" + sd°® < 1 hold. ]

By Proposition 1V.1, constraint (11a) is exactly replaced
by two linear inequalities without introducing any relaxation
error.
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Algorithm 1 The two-phase algorithm

1: Phase I:

2: compute d!™L, dimE dedr by setting p, = PM, f¢ =
Fma:zc;

. obtain s* with equation (13);

: Phase 2:

: compute H", ", di"U qedU;

: solve problem P2 and obtain the optimal d'"™*, d°®*;

. compute the optimal p, f¢* with df™, d°®*;

: return s*,p;,, f°*.

0 N O L bW

Consequently, the E(,-)y minimization problem is formu-
lated as follows

kO3

. . * n gtroI™/di7
P2: min s (3 Hrdee 1)+ (ded)?) (17)
neN
s.t.
ST+ d <1, YneN (17a)
dir +5%dh <1, VneN (17b)
dirt < gl < divv wne N (17¢)
ded,L < ded < ded7U (l7d)
tr,L __ a” r,U _ a” ed,L _ _©
Where9 d;/ - T”L(P’,vln,a,:c)a d',trL - T”L(Pén,mn)’ d? - Em,a,:cy
and d**V = & Note that function e!"(d) = H"d(2!"/4 —

1) is the perspective function x ¢(a/x) with ¢(u) = 2% — 1
convex and ¢(0) = 0, and by the perspective-function rule it is
convex on d > 0. Then, because H"d!" (21"/4 —1) is convex
on df{' > 0, % is convex on d¢® > 0, and constraints
(17a)~(17d) are all affine functions, P2 is a convex problem
and it can be easily solved by a number of methods, such as
interior-point method.

C. Pseudocode and Complexity

The pseudocode of the proposed algorithm is shown in
Algorithm 1. Furthermore, according to Proposition II1.1, the
solution p;;, f¢* obtained by Algorithm 1 is a Pareto optimal
solution of problem P.

In Phase 1, the complexity of calculating s* is O(N). In
Phase 2, the complexity of solving problem P2 via interior-
point method is about O(N3-51n(1/¢)) where, € is the opti-
mality tolerance [29]. Overall, the complexity of Algorithm 1
mainly depends on Phase 2.

V. PERFORMANCE EVALUATION
A. Simulation Settings

The following simulation settings are used. For the edge
node, the computing energy coefficient is x = 10726 [28],
and the minimum and maximum computing resources are
Fmin = 5 GHz and F™*® = 10 GHz, respectively. The
channel bandwidth is B = 1 MHz, the noise power spectral
density is Ny = —174 dBm/Hz. For each device, the trans-
mission power bounds are P = 0.1 W and P/*%* = 1.0
W, and the channel gain is generated according to the path-

loss model g™ = A(;T/C{n)l with the antenna gain A = 4.11,

the velocity of light ¢ = 3 x 108 m/s, the carrier frequency
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f = 915 MHz, m = 3.14, the distance between a device
and edge node d™ € [10,100] m, and the path-loss exponent
! = 2.8 [30]. The data size of each task is o™ € [0.5,1]
Mbit, and the computing resource requirement S" is uni-
formly generated in [0.05,0.2] Gceycles. The default batch
efficiency coefficient is £ = 0.8. The number of devices is
N € {5,10,20,30,40}. To implement the proposed algorithm,
CVXPY, a python-embedded modeling language for convex
optimization problems, is employed. Moreover, considering the
randomness of previous simulation settings, the average result
of 5000 simulations is taken as the final result.

B. Methods for Comparison

The proposed method, Ours for short, is compared with
the following methods.

e  Batch-MaxTps: A system throughput maximization
problem that is equivalent to P1 is formulated and
solved without considering energy consumption.

e  Batch-MinEnergy: The goal is to minimize the total
energy consumption by setting p,, = P and f¢ =
F™™ for batching tasks.

e  Batch-Median: The goal is to minimize the total
energy consumption with a given system through-
put median. It serves as a simplified version of the
weighted-sum optimization method.

e  FCFS-MaxTps: Unlike the scenario of batching tasks,
a FCFS scenario is that the edge node sequentially
executes each arrived task based on a FCFS mecha-
nism. The goal is to maximize the system throughput
by setting p, = P™** and f¢ = F™* in the FCFS
scenario.

e  FCFS-MinEnergy: The goal is to minimize the total
energy consumption by setting p, = P;**" and f¢ =
£ in the FCFS scenario.

Although FCFS-MaxTps and FCFS-MinEnergy are not
feasible for batching tasks, they are typical methods for task
offloading, and thus they are still taken as two baselines
here. In the scenario of batching tasks, according to the core
idea of each method, the expected behavior of each method
is as follows. Batch-MaxTps would be the best in terms
of system throughput, Batch-MinEnergy would be the best
in terms of total energy consumption, the performance of
Batch-Median would be between that of Batch-MaxTps and
Batch-MinEnergy, and Ours would achieve the same system
throughput as Batch-MaxTps but consume less energy than
Batch-MaxTps.

C. Results and Analysis

Fig. 2 shows the system throughput and total energy
consumption of all methods, and Fig. 3 shows the number of
batches and energy consumption per batch of all methods. The
error bars in Fig. 2 and Fig. 3 represent the standard deviation
of results from 5000 simulations. The batching-based methods
exhibit the expected performance trends.

In Fig. 2(a), the system throughput of Ours and Batch-
MaxTps are 79.69%~199.70% higher than that of Batch-
MinEnergy. In Fig. 2(b), the total energy consumption of Ours
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Fig. 2. The system throughput and total energy consumption of all methods.

22.5 1

20.0 1
17.5 1
15.0 1
12.5 1
10.0 1
7.51
5.0 1
2.5 1
5

(a) Number of batches s.

Ours
Batch-MaxTps
Batch-MinEnergy
Batch-Median
FCFS-MaxTps
FCFS-MinEnergy

pannn

the number of batches

10 20 30 40
number of devices N

12000 | ,
B Ours [ Batch-MinEnergy
I Batch-MaxTps 3 FCFS-MaxTps
10000 - I Batch-Median [ FCFS-MinEnergy
- & & & & -
-2
a
g 8000
2
=
8
2 6000 1
g
5
= 4000
e
2000
5 10 20 30 40
number of devices N
(b) Total energy consumption E ).
5000 1 EEE Ours
BN Batch-MaxTps
[ Batch-MinEnergy {
I Batch-Median
4000 [ FCFS-MaxTps
[ FCFS-MinEnergy

3000 A

2000 1

energy consumption per batch

1000 4

10 20 30 40
number of devices N

(b) Energy consumption per batch F(4)/s.

Fig. 3. The number of batches and energy consumption per batch of all methods.

is 9.10%~41.15% lower than Batch-MaxTps because of the
multi-objective optimization target, and 3.7~7.9 times higher
than Batch-MinEnergy because of the much higher throughput.
The system throughput of Batch-Median is lower than that of
Batch-MaxTps and higher than that of Batch-MinEnergy. The
total energy consumption of Batch-Median is less than that of
Batch-MaxTps and more than that of Batch-MinEnergy. For
each batch, because the number of tasks in a batch increases
with N, the number of batches s of each method always
decreases with the increase of NV in Fig. 3(a), and the energy
consumption per batch of each method always increases with
the increase of N in Fig. 3(b).

Moreover, the system throughput of Ours first increases
when N increases from 5 to 10, and then decreases when N
continues to increase as shown in Fig. 2(a). The reason is that
d°® increases with N, which determines the size of a batch,
whereas d'" changes relatively little with N, and a much higher
d®? can dramatically decrease s and Ns. Because the total
energy consumption is directly related to N and s, changing
trends of Ours in Fig. 2(a) and Fig. 2(b) are basically the same.

As for the two methods for FCFS scenario, in Fig. 2(a),
FCFS-MaxTps achieves higher throughput than Ours and
Batch-MaxTps when N € {5,30,40}, and FCFS-MinEnergy
achieves higher throughput than Batch-MinEnergy when N €
{20, 30,40}, which is because the edge node does not need
to wait for the slowest task in a batch. For the same rea-
son, there is no significant fluctuation in the performance of
FCFS-MaxTps and FCFS-MinEnergy in Fig. 2(a). In Fig. 2(a)
and Fig. 2(b), changing trends of FCFS-MaxTps and FCFS-
MinEnergy are also basically the same.

To evaluate the effect of batch efficiency coefficient &,
simulations are conducted under the settings N = 20 and
¢ € {0.4,0.6,0.8,1.0}. Fig. 4 shows the system throughput
and total energy consumption under different £, and Fig. 5
shows the number of batches and energy consumption per
batch under different £. With the increase of &, the computing
resource required by a task batch © grows linearly, and the
computational savings offered by batching gradually disappear.
Thus, the system throughput in Fig. 4(a) and number of batches
in Fig. 5(a) decrease with the increase of £. In Fig. 4(b),
because the system throughput decreases with &, the total
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energy consumption also decreases with £. As for the energy
consumption per batch shown in Fig. 5(b), because larger &
brings higher batch execution delay, the energy consumption
per batch increases.

VI. CONCLUSION

This paper studies an offloading problem for batching
tasks in the scenario of multi-source data fusion analysis.
To maximize the system throughput and minimize the total
energy consumption, this paper formulates a multi-objective
optimization problem and jointly optimizes the transmission
power of each device and edge computing resource allocation.
Through problem analysis and decomposition, a two-phase
algorithm is proposed to obtain a Pareto optimal solution.
In Phase I, the maximum system throughput is obtained
by taking the upper bounds of the transmission power and
the edge computing resource. In Phase 2, by setting a task
batch number and taking variable substitution, the energy
consumption minimization problem is formulated and trans-
formed into a convex problem that can be easily solved.
Simulation results show that, for batching tasks, the proposed
algorithm attains 79.69%~199.70% higher system through-
put than Batch-MinEnergy and 9.10%~41.15% lower energy
consumption than Batch-MaxTps, and the smaller the batch-
efficiency coefficient, the greater the throughput and energy
benefits of batching.
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