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Abstract—Edge computing represents an approach in network architecture, allowing data processing closer to the data source or
edge of the network. Transferring the data from the offloaded tasks by the end-user devices to edge devices can slow down the
network due to increased latency and congestion. Many of these tasks offloaded to edge servers that perform computation to analyze
the sensing data, may process the same data items. In order to reduce the traffic in the networks and the number of edge servers, we
introduce task allocation algorithms that take into account the sharing of data among the tasks offloaded to the same server. Given that
edge computing facilitates real-time processing, in this paper we design heuristic online algorithms for task allocation in edge
computing systems. We perform an extensive performance analysis by comparing our proposed algorithms with several
sharing-oblivious and sharing-aware baseline algorithms. The results show that our algorithms are able to reduce the amount of data
transferred in the network by 30.2% to 92.8% and the number of utilized servers by 1% to 82.8% compared to the sharing-oblivious
baseline algorithms. Compared to a sharing-aware baseline algorithm, our proposed algorithms are able to reduce the amount of data
transferred in the network by 18.1% to 86.9% and the number of utilized servers by 35.4% to 88%. We also augment the proposed
data sharing-aware algorithms with a local search phase that iteratively attempts to improve the solutions obtained by our data
sharing-aware algorithms. It does this by exploring the neighborhood of the current solution and making small modifications. Our
extensive experimental performance analysis shows that the algorithms augmented with local search reduce the number of utilized
servers by 9.1% to 66.7% compared to the data sharing-aware online algorithms at the expense of a small increase in the amount of
data transferred in the network and a small increase in execution time.

Index Terms—Edge Computing, Task Allocation, Online Algorithms, Data Sharing, Local Search.
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1 INTRODUCTION

Edge computing is a distributed computing paradigm that
brings computation and data processing closer to the lo-
cation where it is needed, such as IoT devices, sensors,
or end-user devices. In recent years, the adoption of edge
computing is growing due to its ability to enable real-
time data processing, reduce latency, and minimize band-
width usage, which is crucial for applications like IoT and
autonomous systems. This results in improving response
times and enhancing overall system efficiency. One of the
significant challenges in edge computing is dealing with
the large amount of data transferred in the edge network.
Edge computing allows for scalable solutions in deploying
services and applications by leveraging data processing on
edge devices. One of the main factors in efficient deploy-
ment on edge servers is considering the sharing of data
among tasks that can be offloaded to the same server.

For example, typical tasksets of autonomous vehicles,
include various tasks that use a camera frame as input
for lane detection, obstacle detection, segmentation, and
localization [1]. The same camera frame can be used by
a task for face recognition and by another task for object
detection [2]. A single audio recording might be analyzed by
one task for voice recognition purposes and by another for
detecting background noise levels [3]. Environmental sensor
data, like air quality readings, might be used by one task to
trigger pollution alerts and by another for long-term climate
research [4].
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Designing efficient algorithms for task allocation that
consider data sharing among tasks is essential to improving
the performance of edge systems, which generally have
limited computational and memory capacities. In several
real-world edge-based applications, tasks arrive online and
therefore the allocation has to be decided by an online
sharing-aware allocation algorithm. Thus, we focus on de-
signing heuristic sharing-aware online task allocation al-
gorithms for such applications. More specifically, we tar-
get data-intensive yet moderately latency-sensitive applica-
tions, such as cross-camera video analytics requiring online
data sharing at the edge [5], federated model updates at the
edge, where data-sharing workloads arrive sequentially [6],
and multi-user augmented/virtual reality (AR/VR) with
online streaming data [7], where incoming tasks frequently
reuse shared datasets (e.g., preprocessed image features,
intermediate model parameters, or cached sensor data) dis-
tributed across multiple edge servers.

In this paper, we take into account the sharing of data
among tasks that can be offloaded on the same edge server
and formulate the problem of Online Data Sharing-Aware
Task Allocation (ODSTA). Managing the sharing of data items
among many offloaded tasks on servers, is expected to re-
duce the total amount of data that needs to be stored at each
server, and the traffic in the edge network that is associated
with data transfers. We design heuristic online algorithms
for solving the ODSTA problem in edge computing systems.
We consider an edge computing system composed of a set
of heterogeneous servers, where the servers have different
capacities for their computational resources (i.e., CPU and
memory). Although our online algorithms are inspired by



classical sharing-oblivious bin packing algorithms such as
first-fit, best-fit and worst-fit, they differ from those in that
when making allocation decisions they take into account the
sharing among the data items stored in the main memory of
edge servers.

This paper is an extended version of [8] in which we
presented preliminary results on our data sharing-aware
online algorithms. Different from our previous work [8], in
this paper we design three heuristic online algorithms aug-
mented with a local search phase that iteratively attempts
to improve the solutions obtained by our proposed online
algorithms [8] by exploring the neighborhood of the current
solution and making minor changes.

This paper makes the following contributions:
• To the best of our knowledge, our work is the first

to consider the design of online algorithms for task
allocation in edge computing systems that take into
account the sharing of data among tasks offloaded to
the same server. Taking into account the sharing of data
among tasks reduces the traffic in the edge network, the
memory usage at the edge servers, and the number of
servers needed to execute the tasks, thus, leading to an
improved overall performance of the edge system.

• We develop a novel analytical model for capturing the
sharing among online tasks and use it in the design of
our algorithms.

• We design three heuristic online data sharing-aware
algorithms (DSA) for task allocation in edge computing
systems: DSA First-Fit (DSA-FF), DSA Best-Fit (DSA-
BF), and DSA Worst-Fit (DSA-WF). We define an effi-
ciency metric for DSA-BF and DSA-WF that character-
izes the scarcity of resources at each server and use it to
decide the allocation of tasks to edge servers.

• We augment the three data sharing-aware algorithms
(DSA-FF, DSA-BF, and DSA-WF) with a local search
phase to obtain three new algorithms (DSA-FF-LS,
DSA-BF-LS, and DSA-WF-LS). For the local search
phase, we define two main operations (Swap and Move)
that explore the neighborhood of the current solution to
identify a better solution.

• We perform an extensive performance analysis by com-
paring our proposed algorithms with several sharing-
oblivious baseline online algorithms. The baseline algo-
rithms are the best existing online algorithms for task
allocation that have as the objective minimizing the
number of servers used to execute the tasks. The results
show that DSA-FF, DSA-BF, and DSA-WF are able to
reduce the amount of data transferred in the network by
30.2% to 92.8% and the number of utilized servers by
1% to 82.8% compared to the sharing-oblivious baseline
algorithms. We also compare with a baseline sharing-
aware algorithm. The results show that DSA-FF, DSA-
BF, and DSA-WF are able to reduce the amount of data
transferred in the network by 18.1% to 86.9% and the
number of utilized servers by 35.4% to 88% compared
to the sharing-aware baseline algorithm.

• We also compare the algorithms augmented with lo-
cal search (DSA-FF-LS, DSA-BF-LS, and DSA-WF-LS)
against DSA-FF, DSA-BF, and DSA-WF. The results
show that the algorithms augmented with the lo-
cal search significantly reduce the number of utilized

servers by 9.1% to 66.7%, compared to DSA-FF, DSA-
BF, and DSA-WF. Although the addition of local search
phase leads to a slight increase in execution time of up
to 2.29 times relative to the algorithms without local
search, overall, the execution time of the algorithms
augmented with local search does not exceed 4 mil-
liseconds. There is also a slight increase of less than
10% in the data transferred in the network, which is
the tradeoff of obtaining a significant reduction in the
number of utilized servers.

2 RELATED WORK

In the following, we discuss the related work on task al-
location in edge computing and task allocation with data
sharing techniques in edge computing.

2.1 Task Allocation in Edge Computing

In recent years, task allocation in edge computing has been
the focus of extensive research. Yang et al. [9] proposed
energy consumption models of different types of equipment
in Mobile Edge Computing and studied the placement of
cloudlets on the edge nodes. Ullah et al. [10] applied a
Double Deep Q-Network (DDQN) algorithm to dynamically
make offloading decisions by analyzing task constraints,
resource utilization, and the current status of the edge-cloud
network. Xiao and Yang [11] proposed a task allocation
method to allocate tasks to edge nodes that optimizes the
total time and resource utilization. Sahni et al. [12] proposed
a data-aware task allocation problem to jointly schedule task
and network flows in collaborative edge computing. Their
mathematical model minimized the overall completion time
of the application. Chen et al. [13] designed a task allocation
scheme, which assigns more important tasks to more power-
ful edge devices to maximize the overall performance. Liu et
al. [14] studied the joint task offloading and resource alloca-
tion for device-edge-cloud collaboration by formulating an
optimization problem with the objective of minimizing the
task latency. Zhu et al. [15] designed a workflow scheduler
to use in a hybrid edge–cloud network by developing a new
graph neural network (GNN)-based representations for task
embedding and designing a proximal policy optimization.
He et al. [16] introduced a two-layer game framework to
improve resource efficiency and system responsiveness by
developing algorithms that optimize task offloading and
resource allocation strategies for both mobile devices and
edge servers, ensuring the convergence to Nash equilibrium
in both layers. None of the above studies consider the fact that
some tasks may process the same data, and thus, do not take into
account the sharing of data when making allocation decisions.

2.2 Task Allocation with Data Sharing Techniques in
Edge Computing

Many studies, applied unique data sharing techniques into
their task allocation problems. Luo et al. [17] proposed a
software-defined cooperative data sharing architecture and
designed a cooperative data sharing scheduling algorithm
to enable efficient cooperation between 5G and VANETs,
and cooperation between communication and computing
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resources. Chu et al. [18] investigated adaptive data shar-
ing techniques based on data flow analysis and bidirec-
tional transformations and designed a hybrid offloading
mechanism for allocating computations among agents and
the cloud. Siew et al. [19] introduced a sharing economy-
inspired business model to facilitate the sharing of excess
resource quota among users, which led to a more efficient
usage of resources. Zhao et al. [20] proposed an approxima-
tion algorithm to maximize data sharing among continuous
interval sampling tasks by jointly optimizing task allocation
and scheduling of sampling intervals in low-power wire-
less sensor networks. In our previous work [21], [22], we
proposed offline data-sharing aware task allocation greedy
algorithms for edge computing systems that maximize the
profit obtained from executing the tasks, while minimizing
the traffic in the edge network. The problem considered
in our previous work is an offline problem and did not
consider that the tasks arrive online. None of these works
considered the task allocation with the objective of minimizing
the number of utilized servers by taking into account the sharing
of data among tasks.

The problem investigated in this paper is a variant of
vector bin-packing [23] in which the items can have over-
laps (have shared portions). This deviates from traditional
formulations of bin-packing by considering the scenario
where combining two or more items results in a reduced
overall volume compared to the sum of their individual
sizes. The online variant of the problem was introduced by
Rampersaud and Grosu [24], [25] in the context of virtual
machine (VM) packing in cloud computing systems. In their
formulation, VM instances co-located on the same server
can share some of their memory. They designed a family of
sharing-aware online algorithms for solving the VM packing
problem that take into account the sharing of memory
among collocated VMs. Their algorithms lead to a reduction
in the consumption of cloud resources, thereby enhancing
efficiency in meeting users’ demands. The problem consid-
ered in [24], [25] is different from the problem we consider
in this paper. In this paper, we consider an edge computing
system instead of a cloud computing system, tasks instead
of VMs, and data items instead of pages in memory. Here,
the goal is to minimize the number of servers in the edge
system and the traffic in the network, while in the cloud
setting the goal is to minimize the number of servers and the
amount of memory allocated to the user’s requested VMs.
Organization. The rest of the paper is organized as follows.
Section 3 formulates the online data sharing-aware task allo-
cation problem. Section 4 describes the proposed online data
sharing-aware algorithms. Section 5 introduces the online
algorithms augmented with the local search phase. Section 6
presents the experimental results. Section 7 concludes the
paper and describes our future work.

3 ONLINE DATA SHARING-AWARE TASK ALLOCA-
TION PROBLEM

In this section, we introduce the Online Data Sharing-aware
Task Allocation (ODSTA) problem. We consider that the edge
computing system consists of a set S = {S1, S2, . . . , SM}
of M distributed edge servers, where each server Sk ∈ S is
characterized by a tuple [Cm

k , Cu
k ], where Cm

k is its memory

TABLE 1: Notation
Notation Description
S Set of available servers.
T Set of tasks.
N Number of tasks; |T | = N .
M Number of servers in edge system; |S| = M .
A Task-data matrix.
D Set of all data items associated with the tasks.
Dl Data item l.
dl Size of data item l.
Tj Task j.
ruj CPU request by Tj (in GIPS).
taj Arrival time of task Tj .
tej Duration of task Tj .
Sk Server k.
Sk Set of tasks allocated to server Sk .
Cu

k CPU capacity of server Sk (in GIPS).
Cm

k Memory capacity of server Sk .
∆k Data allocation vector of server Sk

δkj Amount of shared data among Tj and tasks
currently hosted by Sk .

γ Multiplicative coefficient characterizing the maximum
allowable increase in the amount of transferred data

qmax Maximum allowed number of Move & Swap iterations

capacity, and Cu
k is its CPU capacity in GIPS (billion instruc-

tions per second). These edge servers host user’s tasks from
a set T = {T1, T2, . . . , TN} of N tasks, where T has an
associated set of D data items, D = {D1, D2, . . . , DD}, that
are needed to execute the tasks. We denote the size of data
item Dl by dl (in GB), where l = 1, 2, . . . , D. Each task Tj

is characterized by a tuple (ruj , t
a
j , t

e
j , [A]j,∗), where ruj is

Tj ’s CPU request in GIPS, taj is Tj ’s arrival time, tej is
Tj ’s duration, and [A]j,∗ is the j-th row of the task-data
matrix, A, corresponding to Tj . The task-data matrix A is a
N×D matrix specifying for each task the data items needed
by the task and their sizes, that is, ajl = dl, if task Tj requires
data item Dl, and 0, otherwise. The notation used in the
paper is given in Table 1.

The objective of the ODSTA problem is to find an allo-
cation of users’ tasks to servers such that the traffic in the
edge network induced by the transfer of data to servers,
and the number of servers used to execute the tasks are
minimized. This is achieved by considering the data shared
by the tasks when making the allocation decisions. For
example, if three tasks use the same data items and they
are allocated (offloaded) to the same server, the needed data
items have to be transferred from users to this server only
once. This is in contrast with the case in which the tasks
are allocated to three different servers and the data items
have to be transferred to three servers. This will increase
the traffic in the network, thus increasing the latency of
the tasks. Therefore, considering the data shared by the
tasks when making the allocation decisions, we can reduce
the total size of data that needs to be transferred in the
network, and consequently, reduce the memory used at
the servers. Minimizing the number of servers used is also
important, leading to energy savings. The assignment of
tasks to servers is online and there is no prior knowledge
about the upcoming tasks.

To characterize the sharing of data for the upcoming
task Tj hosted on server Sk, we define δkj as the amount
of data (memory) shared among the upcoming task Tj and
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all the tasks already assigned to server Sk, that is,

δkj =
D∑
l=1

ajl · Jajl = ∆k
l K (1)

where JCK is the Iverson’s bracket and ∆k
l is entry l of

data allocation vector ∆k specifying the data items currently
allocated to server Sk. The Iverson bracket JCK evaluates
to 1 if the condition C is true, and 0, otherwise. The data
allocation vector ∆k has size D and is defined recursively as
follows. If no task is allocated to Sk then ∆k = [0]D . Let ∆k

be the vector before task Tj is allocated to server Sk and ∆̃k

the vector after Tj is allocated to Sk. Then, ∆̃k = ∆k⊞[A]j,∗,
where ⊞ is defined as follows,

∆k ⊞ [A]j,∗ =

{
∆k

l if ajl = 0
ajl if ajl ̸= 0

(2)

Let ∆k be the vector before task Tj is deallocated from
server Sk and ∆̂k the vector after Tj is deallocated from Sk.
Then, ∆̂k = ∆k ⊟ [A]j,∗, where ⊟ is defined as follows,

∆k⊟[A]j,∗ =

 ∆k
l if (∆k

i = ajl) ∧ (∃Ti ∈ Sk, i ̸= j, ail ̸= 0)
0 if (∆k

i = ajl) ∧ (∀Ti ∈ Sk, i ̸= j, ail = 0)
∆k

l if ajl = 0
(3)

and Sk is the set of tasks allocated to server Sk.
A task Tj can be assigned to a server Sk if the following

constraints are satisfied:

C̃m
k −

D∑
l=1

ajl + δkj ≥ 0, ∀Tj ∈ T , ∀Sk ∈ S (4)

C̃u
k − ruj ≥ 0, ∀Tj ∈ T , ∀Sk ∈ S (5)

where C̃m
k and C̃u

k are the available memory and CPU ca-
pacities at server Sk. If there is no task assigned to server Sk,
C̃m

k = Cm
k and C̃u

k = Cu
k . Equation (4) is the memory

capacity constraint for server Sk, guaranteeing that the
available amount of memory of server Sk is not exceeded
by allocating the memory needed for task Tj . Equation (5)
is the CPU capacity constraint, guaranteeing that the CPU
capacity of server Sk is not exceeded by allocating task Tj .

Example of ODSTA instance. In the following, we give
an example of an ODSTA instance consisting of a set of
six servers S = {Sk|k = 1, . . . , 6} and a set of six
tasks T = {Tj |j = 1, . . . , 6} that need data items from a
set D = {Dl|l = 1, . . . , 6}. The amount of CPU request ruj ,
the arrival time taj , the duration tej for each task, and the
CPU and memory capacities (Cu

k and Cm
k ) of the servers are

given in Table 2.

TABLE 2: Example of ODSTA instance

Task T1 T2 T3 T4 T5 T6

ruj (GIPS) 6 6 5 8 10 5
taj (sec) 10 11 12 13 14 15
tej (sec) 100 80 70 30 50 20

Server S1 S2 S3 S4 S5 S6

Cm
k (GB) 25 21 18 32 35 34

Cu
k (GIPS) 20 10 12 14 16 13

The task-data matrix A that characterizes the sharing of
data items among the tasks is:

D1 D2 D3 D4 D5 D6


T1 2 4 0 5 0 1
T2 2 0 6 5 0 0
T3 2 4 0 0 0 1
T4 2 4 6 5 4 0
T5 2 4 6 5 4 1
T6 0 0 0 5 4 1

(6)

To illustrate how the above modeling of data shar-
ing (Equations (1) to (4)) works, suppose that three tasks
T1, T2, T3 arrive one after another at the given arrival
times, and are allocated to server S1. T1 is the first task
to arrive and requires the data items D1, D2, D4, and D6

(i.e., [A]1,∗ = [2, 4, 0, 5, 0, 1]). Initially, ∆1 = [0]6 and
since there is no task assigned to server S1 yet, we have
δ11 = 0. Thus, the total amount of data on server S1 is
a11 + a12 + a14 + a16 = 12 GB, and C̃m

1 = 25− 12 = 13 GB.
After the assignment of task T1 on S1, ∆1 = [0, 0, 0, 0, 0, 0]⊞
[2, 4, 0, 5, 0, 1] = [2, 4, 0, 5, 0, 1]. The next incoming task is T2

with [A]2,∗ = [2, 0, 6, 5, 0, 0]. Both T1 and T2 require D1

and D4, and according to Equation (1), δ12 = 2 + 5 = 7 GB
for task T2. Thus, the total amount of data on server S1 is
(2 + 4 + 5 + 1) + (2 + 6 + 5)− (2 + 5) = 18 GB and ∆1 =
[2, 4, 0, 5, 0, 1] ⊞ [2, 0, 6, 5, 0, 0] = [2, 4, 6, 5, 0, 1]. Next, T3 is
allocated to S1 which has [A]3,∗ = [2, 4, 0, 0, 0, 1]. For δ13 we
determine the amount of shared data among T3, T1, and T2.
Thus, according to Equation (1), δ13 = 2 + 4 + 1 = 7 GB.
After the assignment of T3 to S1, ∆1 = [2, 4, 6, 5, 0, 1] ⊞
[2, 4, 0, 0, 0, 1] = [2, 4, 6, 5, 0, 1], and the total amount of data
for {T1, T2, T3} on server S1 is (2 + 4 + 6 + 5 + 1) + (2 +
4 + 1) − (2 + 4 + 1) = 18 GB. If we consider a sharing-
oblivious scenario, the total amount of data on S1 would be
(2+ 4+5+1)+ (2+6+5)+ (2+4+1) = 32 GB, which is
larger than in the case of considering the data sharing at S1.

4 ONLINE ALGORITHMS FOR ODSTA
In this section, we design online data sharing-aware task
allocation algorithms that solve the ODSTA problem. The
main objective of the algorithms for ODSTA is allocating on-
line tasks to the servers while considering their data sharing
(memory sharing), minimizing the number of servers used
and the total amount of data transferred in the network. The
design of our online algorithms is inspired by the classical
online bin packing algorithms, First-Fit, Best-Fit, and Worst-
Fit.

4.1 Data Sharing-Aware First Fit (DSA-FF) Algorithm
DSA-FF, given in Algorithm 1, is executed when a task
arrives (Lines 1-11), or a task completes its execution on
the allocated server (Lines 12-16). At the arrival of a task Tj ,
DSA-FF starts from the first server (i.e., k = 1, in Line 2)
and tries to find a server that has enough CPU and memory
capacity to host Tj . In Line 4, it calculates the amount of
shared data between Tj and the currently allocated tasks on
server Sk according to Equation (1). Then, it checks if the
current server Sk has enough CPU and memory capacity to
host the incoming task (Line 5). If there are enough resources
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Algorithm 1 Data Sharing-Aware First Fit (DSA-FF)

1: at task Tj arrival do
2: k ← 1
3: while (k ≤ |S|)) do
4: δkj ←

∑D
l=1 ajl · Jajl = ∆k

l K
5: if ([C̃m

k , C̃u
k ]− [

∑D
l=1 ajl − δkj , r

u
j ] ≥ [0, 0]) then

6: ∆k ← ∆k ⊞ [A]j,∗
7: Sk ← Sk ∪ {Tj}
8: [C̃m

k , C̃u
k ]← ([C̃m

k , C̃u
k ]− [

∑D
l=1 ajl − δkj , r

u
j ])

9: break
10: else
11: k ← k + 1

12: at task Ti completion on its allocated server Sk do
13: Sk ← Sk\{Ti}
14: ∆k ← ∆k ⊟ [A]i,∗
15: δki ←

∑D
l=1 ail · Jail = ∆k

l K
16: [C̃m

k , C̃u
k ]← ([C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ])

on the current server, it updates the data allocation vec-
tor ∆k (Line 6) according to Equation (2), allocates task Tj

to the current server Sk (Line 7), and updates the CPU and
memory capacities of server Sk (Line 8). Then, it exits the
while loop (Line 9). Otherwise, it increments k (Line 11),
which means that if the current server Sk does not have
enough resources to host Tj , then it checks the next available
server.

After the completion of task Ti on its allocated server Sk,
DSA-FF removes Ti from set Sk of tasks allocated to Sk

(Line 13) and updates the data allocation vector according
to Equation (3) (Line 14). It also updates δki considering the
updated data allocation vector ∆k (Line 15), and finally frees
up server Sk’s resources (Line 16).

DSA-FF: Illustrative example. To illustrate how DSA-FF
works, we consider the example of ODSTA instance de-
scribed in Section 3. Figure 1 shows the allocation of the
tasks to servers at the arrival of each of the six tasks. At T1’s
arrival (ta1 = 10), DSA-FF checks if the first server, S1, can
host T1. Since there is no task allocated to S1, and S1 has
enough CPU and memory, T1 is allocated to it. T2 arrives at
ta2 = 11, and since [C̃m

1 , C̃u
1 ]− [(a21 + a23 + a24)− δ12 , r

u
2 ] =

[13, 14] − [(2 + 6 + 5) − (2 + 5), 6] = [7, 8] ≥ [0, 0], S1

can host T2 as well. For the allocation of T2 on server S1

we consider the data sharing between T2 and previously
allocated task T1 on server S1. Since T1 and T2 have D1 and
D4 in common, δ12 = 2+5 = 7 GB. Due to space limitations
we do not describe in detail how the allocation of T3, T4, T5

and T6 is decided, but in Figure 1 we show the state of the
allocation of these tasks to servers. The tasks will complete
their execution according to the order given by the sum
of their arrival time and duration (i.e., T6, T4, T5, T3, T2, T1)
and DSA-FF will release the allocated resources. The total
number of active servers utilized by DSA-FF for the ODSTA
instance considered here is 4, and the total amount of data
transferred in the edge network is (2+ 4+6+5+1)+ (2+
4 + 6 + 5 + 4) + (5 + 4 + 1) + (2 + 4 + 6 + 5 + 4 + 1) = 71
GB. If we consider the sharing-oblivious case (standard first-
fit algorithm), the total amount of data transferred in the
network is 85 GB (greater than that obtained by DSA-FF)
and the number of utilized servers is 4.

Time complexity. The worst case time complexity of DSA-

Fig. 1: DSA-FF execution example (the vertical dimension corresponds
to the memory, while the depth dimension corresponds to the CPU; the
numbers in parentheses are the size of CPU requests and the size of
data items).

FF at a task arrival is O(MD). This is because in the worst
case it has to check the capacity of M servers and for each
server it has to go over D entries of the data allocation
vector to determine the shared items. The worst case time
complexity at the completion of a task is O(D), and is due
to the update of the data allocation vector.

4.2 Data Sharing-Aware Best Fit (DSA-BF) Algorithm
To design DSA-BF, we define an efficiency metric that charac-
terizes the scarcity of resources at each server. The classical
best fit bin packing algorithm attempts to place each new
item into the bin with the maximum load (smallest available
space) in which it fits. Thus, if such a bin is found, the new
item is placed inside it. To find the maximum load in the
case of our edge system, where each server is characterized
by two main parameters, CPU capacity and memory size,
we define the efficiency metric Ek

j of server Sk relative to
task Tj , as follows,

Ek
j =


[
α(C̃u

k − rj) + β(C̃m
k − (

∑D
l=1 ajl − δkj ))

]− 1
2

if (C̃u
k − rj ≥ 0) and (C̃m

k − (
∑D

l=1 ajl − δkj ) ≥ 0)

0 otherwise
(7)

where α and β are the weight parameters for CPU capacity
and memory size. The weights are used to tune the algo-
rithm and can be adjusted to prioritize one aspect over the
other when allocating resources on a server, for example
giving more importance to CPU or memory when making
the allocation decisions. If α is greater than β, then the CPU
capacity will play a more significant role in the efficiency
metric. Increasing α would mean that servers with more
spare CPU capacity will be considered more efficient, and
have better chance to be allocated. If β is greater than α,
then the memory size will be more influential in the al-
location decision. Thus, servers with more memory avail-
able will be deemed more efficient. The efficiency is only
calculated when the remaining CPU and memory capacity
(after accounting for demands) are both positive. If either is
negative, meaning that the server cannot accommodate the
new demands, the efficiency is set to zero, indicating that
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Algorithm 2 Data Sharing-Aware Best Fit (DSA-BF)

1: at task Tj arrival do
2: for k = 1, . . . , |S| do
3: δkj ←

∑D
l=1 ajl · Jajl = ∆k

l K
4: if ([C̃m

k , C̃u
k ]− [

∑D
l=1 ajl − δkj , r

u
j ] ≥ [0, 0]) then

5: Ek
j ←

[
α(C̃u

k − rj) + β(C̃m
k − (

∑D
l=1 ajl − δkj ))

]− 1
2

6: else
7: Ek

j ← 0

8: k̃ ← argmaxk{Ek
j }

9: ∆k̃ ← ∆k̃ ⊞ [A]j,∗
10: Sk̃ ← Sk̃ ∪ {Tj}
11: [C̃m

k̃
, C̃u

k̃
]← ([C̃m

k̃
, C̃u

k̃
]− [

∑D
l=1 ajl − δk̃j , r

u
j ])

12: at task Ti completion on its allocated server Sk do
13: Sk ← Sk\{Ti}
14: ∆k ← ∆k ⊟ [A]i,∗
15: δki ←

∑D
l=1 ail · Jail = ∆k

l K
16: [C̃m

k , C̃u
k ]← ([C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ])

the server should not be considered for receiving additional
load.

In practice, α and β are likely to be determined through a
combination of business requirements, performance metrics,
and cost considerations. Different types of edge applications
and services have varying resource needs. For example,
image processing and virtual reality applications may re-
quire more CPU cycles to perform calculations efficiently,
whereas applications like databases or caching services may
demand more memory to store and quickly access large
amounts of data. By adjusting α and β, the algorithm can
be tailored to favor servers that offer the required resources
more abundantly. Sometimes, in an edge computing system,
one type of resource may be more scarce or expensive than
the other. If CPU is a more scarce resource, a higher α would
ensure that tasks are directed to servers with sufficient
CPU availability. Conversely, if memory is scarce, β would
be increased to safeguard memory resources. Moreover,
different resources also come with different costs. If CPU
capacity is more expensive than memory, a higher α value
could be used to optimize for cost by ensuring that CPU
resources are utilized as efficiently as possible, potentially
saving money for the edge provider. For some services,
performance may be critically dependent on one resource
over the other. If a server’s performance is more sensitive to
CPU than memory, one would increase α to reduce latency
or increase throughput by allocating tasks to servers where
they are less likely to be CPU-constrained. Parameters α
and β can be adjusted to achieve a balanced load across a
system with multiple servers. For instance, if servers tend to
run out of memory before running out of CPU, increasing β
would help balance the usage of memory across the servers,
potentially leading to a more uniform usage of both types
of resources.

Finding the server with the maximum load is equiv-
alent to finding the server with the minimum of avail-
able resource capacity. Thus, in Ek

j we consider the avail-
able capacity for CPU and memory i.e., C̃u

k − rj and
C̃m

k − (
∑D

l=1 ajl − δkj ), respectively. Since the square root
of the sum of these values is in the denominator of the effi-
ciency metric, we will consider the maximum of Ek

j among

Fig. 2: DSA-BF execution example (the vertical dimension corresponds
to the memory while the depth dimension corresponds to the CPU; the
numbers in parentheses are the size of CPU requests and the size of
data items).

the servers. It is important to mention that the efficiency
metric Ek

j takes into account the sharing of memory among
tasks that are offloaded to the same server Sk.

DSA-BF, given in Algorithm 2, is executed when a task
arrives (Lines 1-11), or a task completes its execution on
the allocated server (Lines 12-16). Upon arrival of task Tj ,
for each server Sk in the system, it determines δkj (Line 3),
and if there is enough CPU and memory capacity at Sk

then it calculates the efficiency metric using Equation (7),
otherwise it sets Ek

j to 0 (Lines 4-7). In Line 8, DSA-BF
picks the server Sk̃ that has the maximum efficiency metric.
In lines 9-11, it updates the data allocation vector ∆k̃ for the
selected server Sk̃ according to Equation (2), allocates Tj

on server Sk̃, and updates its CPU and memory capacities.
Upon completion of task Ti on its allocated server Sk,
DSA-BF removes Ti from set Sk of tasks allocated to Sk

(Line 13) and updates the data allocation vector (Line 14).
It also updates the amount of shared data among currently
allocated tasks on Sk (Line 15), and releases Ti’s allocated
resources (Line 16).

DSA-BF: Illustrative example. To illustrate how DSA-BF
works, we consider the example of ODSTA instance de-
scribed in Section 3. Figure 2 shows the allocation of the
tasks to servers at the arrival of each of the six tasks.
At T1’s arrival (ta1 = 10), DSA-BF calculates δkj for all
servers and since all servers have enough capacity it calcu-
lates their efficiency metric (with α = β = 0.5) (Line 5).
Thus, E3

1 = [0.5(12− 6) + 0.5(18− 12)]−1/2 = 0.408 is
the maximum value of efficiency metric among all servers.
Therefore, DSA-BF selects server S3, which is the server
with minimum available capacity, to host T1. It then updates
[C̃m

3 , C̃u
3 ]−[(a11+a12+a14+a16)−δ31 , r

u
1 ] = [18, 12]−[(2+4+

5+ 1)− 0, 6] = [6, 6] ≥ [0, 0]. At T2’s arrival (ta2 = 11), S3 is
determined to have the maximum value of efficiency metric,
thus, T2 is allocated to S3 as well and [C̃m

3 , C̃u
3 ] − [(a21 +
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a23+a24)−δ32 , r
u
2 ] = [6, 6]− [(2+6+5)−(2+5), 6] = [0, 0].

The next task to arrive is T3 (ta3 = 12). Since S3 does not
have enough capacity to host T3, E3

3 = 0. S2 is the server
with the maximum value of the efficiency metric and it can
host T3, and we have [C̃m

2 , C̃u
2 ]−[(a31+a32+a36)−δ23 , r

u
3 ] =

[21, 10] − [(2 + 4 + 1) − 0, 5] = [14, 5] ≥ [0, 0]. The next
task to arrive is T4 (ta4 = 13). Since both S3 and S2 do
not have enough capacity to host T4, DSA-BF sets their
efficiency metric to 0. S1 is the server with the maximum
value of the efficiency metric and it can host T4, and we have
[C̃m

1 , C̃u
1 ]−[(a41+a42+a43+a44+a45)−δ14 , r

u
4 ] = [25, 20]−

[(2+4+6+5+4)−0, 8] = [4, 12] ≥ [0, 0]. T5 is allocated to S1

and [C̃m
1 , C̃u

1 ]−[(a51+a52+a53+a54+a55+a56)−δ15 , r
u
5 ] =

[4, 12]−[(2+4+6+5+4+1)−(2+4+6+5+4), 10] = [3, 2].
The last task to arrive is T6 (ta6 = 15) which is allocated
to S2 because E2

6 is the maximum efficiency metric. Thus,
[C̃m

2 , C̃u
2 ]−[(a64+a65+a66)−δ26 , r

u
6 ] = [14, 5]−[(5+4+1)−

1, 5] = [5, 0] ≥ [0, 0]. The tasks will complete their execution
according to the order given by the sum of their arrival
time and duration and DSA-BF will release the allocated
resources. The total number of active servers utilized by
DSA-BF for the ODSTA instance considered here is 3, and
the total amount of data transferred in the edge network is
(2+4+6+5+4+1)+(2+4+5+4+1)+(2+4+6+5+1) =
56 GB. If we consider the sharing-oblivious case (standard
best-fit algorithm), the total amount of data transferred in
the network is 85 GB and the number of utilized servers is 5.
Thus, DSA-BF transfers less data and utilizes fewer servers.
Time complexity. The worst case time complexity of DSA-
BF at a task arrival is O(MD). This is because in the worst
case it has to check the capacity and efficiency metric for M
servers, and for each server it has to go over D entries of the
data allocation vector to determine the shared items. The
worst case time complexity at the completion of a task is
O(D), and is due to the update of the data allocation vector.

4.3 Data Sharing-Aware Worst Fit (DSA-WF) Algorithm
To design DSA-WF we use the same efficiency metric as in
the case of DSA-BF (Equation (7)) to characterize the scarcity
of servers’ resources. The classical worst fit bin packing
algorithm attempts to place each new item into the bin

Algorithm 3 Data Sharing-Aware Worst Fit (DSA-WF)

1: at task Tj arrival do
2: for k = 1, . . . , |S| do
3: δkj ←

∑D
l=1 ajl · Jajl = ∆k

l K
4: if ([C̃m

k , C̃u
k ]− [

∑D
l=1 ajl − δkj , r

u
j ] ≥ [0, 0]) then

5: Ek
j ←

[
α(C̃u

k − rj) + β(C̃m
k − (

∑D
l=1 ajl − δkj ))

]− 1
2

6: else
7: Ek

j ← 0

8: k̃ ← argmink{Ek
j }

9: ∆k̃ ← ∆k̃ ⊞ [A]j,∗
10: Sk̃ ← Sk̃ ∪ {Tj}
11: [C̃m

k̃
, C̃u

k̃
]← ([C̃m

k̃
, C̃u

k̃
]− [

∑D
l=1 ajl − δk̃j , r

u
j ])

12: at task Ti completion on its allocated server Sk do
13: Sk ← Sk\{Ti}
14: ∆k ← ∆k ⊟ [A]i,∗
15: δki ←

∑D
l=1 ail · Jail = ∆k

l K
16: [C̃m

k , C̃u
k ]← ([C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ])

with the minimum load (largest available space) in which
it fits. Thus, if such a bin is found, the new item is placed
inside it. Thus, to find the worst fit server DSA-WF uses the
efficiency metric. DSA-WF, given in Algorithm 3, has the
same structure as DSA-BF, the difference is that DSA-WF
determines the server that gives the minimum efficiency
metric instead of the one that gives the maximum (Line 8
of both algorithms). Since DSA-WF is similar to DSA-BF,
due to space limitations we do not present an illustrative
example of DSA-WF’s execution.
Time complexity. The worst case time complexity of DSA-
WF at a task arrival is O(MD). The worst case time
complexity at the completion of a task is O(D). The same
reasoning as in the case of DSA-BF applies here.

5 DSA-X-LS ALGORITHMS: DSA-X WITH LOCAL
SEARCH

In this section, we focus on improving the solutions ob-
tained by the DSA-X algorithms, where X is FF, BF, or WF.
This is achieved by augmenting these algorithms with a
local search phase. This approach seeks to further reduce
the total number of utilized servers at the expense of a
small increase in the the amount of data transferred in the
network. Since the local search phase is the same for all
DSA-X algorithms we present the new algorithms as a single
algorithm called DSA-X-LS.

The DSA-X-LS consists of two phases: (1) Execute DSA-
X, and (2) Local search. In Phase 1, it executes DSA-X
to obtain an initial solution, and then, in Phase 2, it it-
eratively attempts to improve the solution by exploring
the neighborhood of the current solution by making small
modifications to it. It evaluates each neighboring solution to
determine the improvement of the solution. Phase 2 employs
two fundamental operations: Move and Swap, which are

Algorithm 4 Data Sharing-Aware-Local Search (DSA-X-LS)

1: at task Tj arrival do
Phase 1: Execute DSA-X

2: if X=FF execute Lines 2-11 of DSA-FF
3: if X=BF execute Lines 2-11 of DSA-BF
4: if X=WF execute Lines 2-11 of DSA-WF

Phase 2: Local Search
5: q ← 0
6: for all k ∈ S do
7: for all i ∈ Sk do
8: for all k′ ∈ S do
9: if k ̸= k′ then

10: q ← q + 1
11: Move(Sk, Ti, Sk′ )
12: if q = qmax then
13: break
14: for all j ∈ Sk′ do
15: q ← q + 1
16: Swap(Sk, Ti, Sk′ , Tj)
17: if q = qmax then
18: break
19: at task Ti completion on its allocated server Sk do
20: Sk ← Sk\{Ti}
21: ∆k ← ∆k ⊟ [A]i,∗
22: δki ←

∑D
l=1 ail · Jail = ∆k

l K
23: [C̃m

k , C̃u
k ]← ([C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ])
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given in Algorithms 5 and 6, respectively. To explore nearby
solutions to the current one, Move performs a single move
of a task from its currently allocated server to another
server, while Swap swaps two tasks from two different
servers. If the current solution is improved, the improved
solution replaces the current solution, otherwise it proceeds
to the next iteration. This is continued until the number of
performed Move and Swap operations reaches a set value.

DSA-X-LS, given in Algorithm 4, is executed when a
new task arrives (Line 1). In Phase 1, it executes one of the
DSA-X algorithms to obtain an initial solution (Lines 2-4).
In Phase 2, it performs a local search procedure starting with
the solution obtained in Phase 1. It first initializes a counter q
of local search operations (Line 5) and then it starts the local
search operations (Lines 6-18). For each source server Sk,
and destination server Sk′ , it first increments the operation
counter q and applies the Move operation on task Ti, which
moves Ti from the source to the server Sk′ if this improves
the solution (Lines 6-11). After this, it increments operation
counter q and applies the Swap operation which swaps
tasks Ti from server Sk with task Tj from server Sk′ if the
swap improves the solution (Lines 15-16). After each Move
and Swap operations the algorithm checks if the value of the
operation counter q reached the given maximum value qmax,
where qmax is a system-defined parameter that specifies how
many Move and Swap operations the algorithm is allowed
to execute (e.g., qmax is set to 10 in our experiments). If it
does, the local search phase is terminated and the algorithm
waits for the arrival of another task (Lines 12-13 and 17-18).

After the completion of task Ti on its allocated server Sk,
the algorithm deallocates task Ti from its allocated server,
updates the data allocation vector ∆k, updates the data
sharing value δki , and finally frees up server Sk’s resources
(Lines 19-23).

Move Operation. The Move operation (Algorithm 5) at-
tempts to relocate a single task from one server to another.
It is particularly useful when tasks in one server create
inefficiencies due to poor packing. For example, if a task is
the only task on a server, and there is still space available for
the task on other already allocated servers, it can be moved
to that server, thereby reducing the number of utilized
servers. These particular types of situation occur because
of task completions. The input of the Move algorithm is a
triple including a source server Sk, a destination server Sk′ ,
and the task Ti to be moved from server Sk.

First, Move determines the current number of utilized
servers, e, and the current total amount of data stored
across all servers, m, and the current total amount of data
transferred among servers, z (Lines 1-3). Then, it checks if
the destination server Sk′ has enough CPU and memory
capacity to host task Ti (Line 4). If Sk′ has enough capacity,
it deallocates task Ti from its current server Sk, restores the
CPU and memory capacity for server Sk after deallocating
task Ti, allocates task Ti to server Sk′ , and updates the CPU
and memory capacity of server Sk′ (Lines 5-12). Next, it
checks if the current number of utilized servers and the
current total amount of data across all servers after moving
task Ti are less than the initial number of utilized servers
and total amount of data, respectively. It also checks if the
total amount of data transferred among servers is less than

Algorithm 5 Move(Sk, Ti, Sk′ )

Input: source server: Sk;
destination server: Sk′ ;
task: Ti ∈ Sk.

1: e← current number of utilized servers
2: m← current total amount of data stored across all servers
3: z ← current total amount of data transferred among servers
4: if [C̃m

k′ , C̃u
k′ ]− [

∑D
l=1 ail − δk

′
i , rui ] ≥ [0, 0] then

5: Sk ← Sk\{Ti}
6: ∆k ← ∆k ⊟ [A]i,∗
7: δki ←

∑D
l=1 ail · Jail = ∆k

l K
8: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ]

9: δk
′

i ←
∑D

l=1 ail · Jail = ∆k′
l K

10: ∆k′
← ∆k′

⊞ [A]i,∗
11: Sk′ ← Sk′ ∪ {Ti}
12: [C̃m

k′ , C̃u
k′ ]← [C̃m

k′ , C̃u
k′ ]− [

∑D
l=1 ail − δk

′
i , rui ]

13: if current number of utilized servers < e and
current total amount of data stored across all
servers < m and z + [

∑D
l=1 ail − δk

′
i ] ≤ z · γ then

14: e← e− 1
15: m← m+ [

∑D
l=1 ail − δki ]− [

∑D
l=1 ail − δk

′
i ]

16: z ← z + [
∑D

l=1 ail − δk
′

i ]
17: else
18: Sk′ ← Sk′\{Ti}
19: ∆k′

← ∆k′
⊟ [A]i,∗

20: δk
′

i ←
∑D

l=1 ail · Jail = ∆k′
l K

21: [C̃m
k′ , C̃u

k′ ]← [C̃m
k′ , C̃u

k′ ] + [
∑D

l=1 ail − δk
′

i , rui ]
22: δki ←

∑D
l=1 ail · Jail = ∆k

l K
23: ∆k ← ∆k ⊞ [A]i,∗
24: Sk ← Sk ∪ {Ti}
25: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ]− [

∑D
l=1 ail − δki , r

u
i ]

a threshold z · γ (Line 13). γ is a parameter set by the
system administrator which specifies the allowable increase
in data transfer across edge servers. If this is the case, then it
reduces the number of utilized servers e by one, updates
the total amount of memory used, and total amount of
data transferred among servers (Lines 14-16). Otherwise,
it deallocates Ti from server Sk′ , updates the CPU and
memory capacity of server Sk′ , allocates Ti back to Sk,
and updates the CPU and memory capacity of server Sk

(Lines 18-25).

Swap Operation. The Swap operation (Algorithm 6) per-
forms task exchanges between two servers, which can lead
to better resource utilization. Swapping allows for more
substantial changes in the solution, as it considers the in-
teraction between two tasks and how that affects the overall
solution. It is meant for exploration of larger changes since
it can lead to more significant improvements by changing
the relationship between two tasks and their servers. Note
that the Swap operation does not change the number of
utilized servers. The input of this algorithm is a quadruple
including a source server Sk, destination server Sk′ , along
with tasks Ti from Sk and Tj from Sk′ .

First, Swap determines the current total amount of data
stored across all servers, m, and across all servers excluding
the source and destination servers, m′ (Line 1-2). It also de-
termines the current total amount of data transferred among
servers, z (Line 3). It calculates m1, the amount of data on
server Sk after deallocating Ti and allocating Tj , and m2

the amount of data on server Sk′ after deallocating Tj and
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Algorithm 6 Swap(Sk, Ti, Sk′ , Tj)

Input: source server: Sk;
destination server: Sk′ ;
task: Ti ∈ Sk;
task: Tj ∈ Sk′ .

1: m← current total amount of data stored across all servers
2: m′ ← current total amount of data stored across all servers

except Sk and Sk′

3: z ← current total amount of data transferred among servers

4: m1 = [
∑D

l=1 ail − δki ]− [
∑D

l=1 ajl − δkj ]

5: m2 = [
∑D

l=1 ajl − δk
′

j ]− [
∑D

l=1 ail − δk
′

i ]
6: if [C̃m

k , C̃u
k ] + [m1, r

u
i − ruj ] ≥ [0, 0] and

[C̃m
k′ , C̃u

k′ ] + [m2, r
u
j − rui ] ≥ [0, 0] then

7: Sk ← Sk\{Ti}
8: ∆k ← ∆k ⊟ [A]i,∗
9: δki ←

∑D
l=1 ail · Jail = ∆k

l K
10: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ] + [

∑D
l=1 ail − δki , r

u
i ]

11: δkj ←
∑D

l=1 ajl · Jajl = ∆k
l K

12: ∆k ← ∆k ⊞ [A]j,∗
13: Sk ← Sk ∪ {Tj}
14: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ]− [

∑D
l=1 ajl − δkj , r

u
j ]

15: Sk′ ← Sk′\{Tj}
16: ∆k′

← ∆k′
⊟ [A]j,∗

17: δk
′

j ←
∑D

l=1 ajl · Jajl = ∆k′
l K

18: [C̃m
k′ , C̃u

k′ ]← [C̃m
k′ , C̃u

k′ ] + [
∑D

l=1 ajl − δk
′

j , ruj ]

19: δk
′

i ←
∑D

l=1 ail · Jail = ∆k′
l K

20: ∆k′
← ∆k′

⊞ [A]i,∗
21: Sk′ ← Sk′ ∪ {Ti}
22: [C̃m

k′ , C̃u
k′ ]← [C̃m

k′ , C̃u
k′ ]− [

∑D
l=1 ail − δk

′
i , rui ]

23: if m′ + (m1 + m2) < m and z + [
∑D

l=1 ajl − δkj ]

+[
∑D

l=1 ail − δk
′

i ] ≤ z · γ then
24: m← m′ + (m1 +m2)

25: z ← z + [
∑D

l=1 ajl − δkj ] + [
∑D

l=1 ail − δk
′

i ]
26: else
27: δki ←

∑D
l=1 ail · Jail = ∆k

l K
28: ∆k ← ∆k ⊞ [A]i,∗
29: Sk ← Sk ∪ {Ti}
30: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ]− [

∑D
l=1 ail − δki , r

u
i ]

31: Sk ← Sk\{Tj}
32: ∆k ← ∆k ⊟ [A]j,∗
33: δkj ←

∑D
l=1 ajl · Jajl = ∆k

l K
34: [C̃m

k , C̃u
k ]← [C̃m

k , C̃u
k ] + [

∑D
l=1 ajl − δkj , r

u
j ]

35: ∆k′
← ∆k′

⊞ [A]j,∗
36: δk

′
j ←

∑D
l=1 ajl · Jajl = ∆k′

l K
37: Sk′ ← Sk′ ∪ {Tj}
38: [C̃m

k′ , C̃u
k′ ]← [C̃m

k′ , C̃u
k′ ]− [

∑D
l=1 ajl − δk

′
j , ruj ]

39: Sk′ ← Sk′\{Ti}
40: ∆k′

← ∆k′
⊟ [A]i,∗

41: δk
′

i ←
∑D

l=1 ail · Jail = ∆k′
l K

42: [C̃m
k′ , C̃u

k′ ]← [C̃m
k′ , C̃u

k′ ] + [
∑D

l=1 ail − δk
′

i , rui ]

allocating Ti (Lines 4-5). Next, it checks if both the source
and destination servers have enough resources to allocate Tj

to Sk and allocate Ti to Sk′ , respectively (Line 6). If that
is the case, it removes Ti from Sk, restores Sk’s CPU and
memory capacity after task Ti deallocation, and adds Tj to
server Sk and updates server Sk’s capacity (Lines 7-14). It
does the same process for servers Sk′ and Sk and tasks Tj

and Ti, respectively (Lines 15-22). Then, it checks if the sum
of current total amount of data stored across all servers and
the total amount of data on Sk′ and Sk (i.e., current total
amount of data stored across all servers) is less than the

initial total amount of data stored across all servers. It also
checks if the current total amount of data transferred is less
than a threshold z · γ (Line 23). If that is the case, it updates
the current total amount of data stored across all servers and
the current total amount of data transferred among servers
(Lines 24-25). Otherwise, it adds Ti to Sk, updates Sk’s
CPU and memory capacity after task Ti allocation, and
removes Tj from server Sk and restores server Sk’s capacity
(Lines 27-34). It does the same thing for the server Sk′ and
tasks Tj and Ti, respectively (Lines 35-42).

Phase 2 (Local Search) integrates Move and Swap oper-
ations to iteratively refine the solution. If a Move or Swap
leads to a valid and improved solution (fewer number of
utilized servers and smaller total amount of data stored
in the edge servers), it is accepted and performed. The
process continues until no further improvements are found
or the maximum number of local search operations qmax is
reached. By combining the flexibility of Swap and Move, the
proposed framework ensures that the solution converges
to a near-optimal one, minimizing both the total number
of servers and the overall memory usage. The described
algorithms collectively implement a robust local search
framework for solving the ODSTA problem. The framework
systematically explores the solution space, avoiding cycles
and ensuring convergence toward near-optimal solutions.
Time complexity. The worst case time complexity DSA-X-
LS is given by the worst case time complexity of its two
phases. The worst case complexity of Phase 1 is given by the
complexity of DSA-X, which is O(MD) (at a task arrival)
and O(D) at the completion of a task. The worst case time
complexity of Phase 2 is determined by the time complexity
of both Move and Swap operations. Both, Move and Swap
take O(D). Those operations are executed O(qmax) times.
Thus, the worst case complexity of Phase 2 is O(qmaxD).

6 EXPERIMENTAL ANALYSIS

In this section, we investigate the performance of the pro-
posed online data sharing-aware algorithms, and compare
them with baseline online sharing-oblivious algorithms.
Such sharing-oblivious algorithms (e.g., First-Fit, Best-Fit)
have been employed as task allocation and as baseline
benchmark algorithms in edge computing [26], [27], [28],
[29], and thus, we consider them as baselines in our perfor-
mance analysis. We also compare the proposed algorithms
with a baseline sharing-aware algorithm based on Random-
Fit. We implement the algorithms in Java and run the
simulation experiments on a system (part of Wayne State
University’s HPC Grid) equipped with AMD processors, 48
cores at 3.2 GHz, 254 GB of RAM, and 83 GB of local storage.
First, we describe the experimental setup and then analyze
the results.

6.1 Experimental Setup

Servers’ CPU and memory capacities. We consider an edge
computing system composed of M = 120 heterogeneous
servers and draw their CPU capacities from the normal
distribution with mean µ = 280 GIPS, standard devia-
tion σ = 100, and range [200, 500] GIPS. We draw the
servers’ memory capacities from the normal distribution
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TABLE 3: Distributions and parameters used for evaluation (N , U ,
and Exp denote normal, uniform, and exponential distributions, re-
spectively)

Parameter Distribution/Value
Number of Servers 120 heterogeneous servers
CPU Capacities N (µ = 280, σ = 100), range [200, 500] GIPS
Memory Capacities N (µ = 16, σ = 1.5), range [15, 20] GB
Number of Tasks 500

low: N (µ = 15, σ = 5), range [1, 65] GIPS
Task’s CPU requests size medium: N (µ = 35, σ = 5), range [1, 65] GIPS

high: N (µ = 55, σ = 5), range [1, 65] GIPS
Task’s Arrival Time U [5, 50] seconds
Task’s Duration U [5, 50] seconds
Task’s Arrival Time Exp(λ = 1/10), range [5, 50] seconds
Task’s Duration Exp(λ = 1/15), range [5, 50] seconds
Data Items 100
Data Size N (µ = 25, σ = 4), range [1, 50] GB

with mean µ = 16 GB, standard deviation σ = 1.5, and
range [15, 20] GB. The ranges of CPU and memory capacities
were selected to match those of common systems (e.g., Intel
i7 with 16GB of memory). Table 3 provides a summary of
the simulation parameters and their distributions used in
our experiments.
Tasks’ CPU requests. To characterize the relationship be-
tween server’s total capacity (in GIPS) and the total amount
of computational request, we define a demand ratio, ρ as
follows:

ρ =

∑N
i=1 ri∑M
j=1 Cj

, 0 ≤ ρ ≤ 1 (8)

Based on Equation (8), we consider three different cases for
computational requests by tasks:

(i) Low Demand (LD) (ρ ≪ 1), when the total requested ca-
pacity is much smaller than the total available capacity
on the edge servers;

(ii) Medium Demand (MD) (ρ ≈ 1/2), when the total re-
quested capacity is about half the total available capac-
ity of the edge servers; and

(iii) High Demand (HD) (ρ ≈ 1) when the total requested
capacity is approximately equal to the total capacity
available on the edge servers.

We consider N = 500 tasks. The tasks’ CPU requests
sizes are drawn from the normal distribution with stan-
dard deviation σ = 5 GIPS, range [1, 65] GIPS, and mean
µ = 15, 35, and 55 GIPS for low, medium, and high demand,
respectively. The tasks’ arrival time and duration are drawn
from the uniform and exponential distribution within the
range [5, 50] seconds.
Task-data matrix and data sharing. The data item’s sizes
are drawn from the normal distribution with mean µ = 25,
standard deviation σ = 4, and a range of [1, 50] MB. We
utilize the Erdös-Rényi random graph model [30] to create
the bipartite graph that represents the data sharing pattern
of the generated taskset. The adjacency matrix of this graph
is used as the task-data matrix A. In the Erdös-Rényi model,
for a graph with n vertices and m edges, the probabil-
ity of generating each edge is given by: pm(1 − p)(

n
2)−m.

The parameter p ∈ [0, 1], called the sharing degree here,
characterizes the sharing among tasks. Larger values of p
correspond to a higher number of edges in the graph, i.e.,
a larger number of tasks share data items with each other.
We implement the Erdös-Rényi model using the igraph R
package. We generate instances for three different cases:

(i) Low Sharing (LS) (0 ≤ p ≤ 0.3), where only a few tasks
share data items;

(ii) Medium Sharing (MS) (0.3 < p ≤ 0.6); and
(iii) High Sharing (HS) (0.6 < p ≤ 1), where a large number

of tasks share data items.
For our experimental results we consider task-matrix
A500×100, representing a bipartite graph with 500 tasks
and 100 data items. The selection of the number of tasks
and the number of data items is based on several real-
world settings where application-specific tasks share the
same data. Those scenarios include typical task sets present
in autonomous vehicles [1] and mobile augmented reality
applications [31] where tens of tasks of a user analyze
the same camera frames. Thus, using a similar task-to-data
ratio as in those real-world settings allows us to investigate
current and future realistic scenarios with a large number of
users, tasks, and data items.

In the experiments, the two parameters of the proposed
algorithms specifying the maximum allowable increase in
the amount of data transferred in the network for each local
search operation, γ, and the maximum allowed number
of local search operations, qmax, are set to 1.01 and 10,
respectively. This means that we allow a maximum of 1%
increase in the amount of data transferred in the network
for each of local search operation, and a maximum of 10
local search operations per each task allocation.

6.2 Experimental Results

To analyze the performance of the proposed online data
sharing-aware algorithms, we consider nine different cases
according to the three levels of sharing and demand, i.e.,
{LS, MS, HS} × {LD, MD, HD}. Each task is character-
ized by a certain size of its computational request and the
data items needed, and each server has certain CPU and
memory capacities, as described in the previous section.
We compare the performance of the proposed online data
sharing-aware algorithms, DSA-FF, DSA-BF, and DSA-WF,
and those augmented with local search, DSA-FF-LS, DSA-
BF-LS, and DSA-WF-LS with that of the sharing-oblivious
baseline algorithms, First-Fit (FF), Best-Fit (BF), and Worst-
Fit (WF), in terms of the maximum number of utilized
servers and the maximum amount of data transferred in the
edge network. Additionally, we introduce a sharing-aware
baseline, Data Sharing-Aware Random Fit (DSA-RF), which
selects a server randomly and places the arrived task on that
server if the server has sufficient memory and CPU capacity
to host the task. Otherwise, if an inactive server is available,
a new server is activated and the task is assigned there. If
no inactive servers remain and the selected server cannot
host the task, then no placement occurs. The algorithm is
sharing-aware in the sense that when allocating memory
to a task on a server, it checks what data items needed
by the task are already in the memory of the server and
updates accordingly the remaining memory capacity on that
server. We also compare the performance of DSA-RF with its
corresponding sharing-oblivious baseline algorithm RF. It is
important to mention that these are the only online baseline
algorithms we were able to use for comparison. None of
the previous works (including ours [22]), whether online,
offline, or heuristic approaches share the same objective or
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Fig. 3: Sharing-aware vs. baseline sharing-oblivious algorithms: Average maximum number of utilized servers (DSA-BF DSA-WF, BF, and
WF with α = β = 0.5).

incorporate data sharing in a comparable manner to this
paper. Our previous work [22] considers an offline prob-
lem having a different objective, focusing on maximizing
the profit obtained from executing tasks while minimizing
network traffic in the edge system. Therefore, the algorithms
in those works are not directly comparable to the algorithms
presented in this paper.

The results were obtained by executing the algorithms
three times and computing the average values of the metrics
described above and the standard deviation.

Maximum number of utilized servers. For each of the
algorithms we record the number of utilized servers at each
task arrival and termination and determine the maximum
among those values.

Figure 3a shows the average maximum number of
servers utilized by the proposed algorithms without the
local search phase, their baseline sharing-oblivious counter-
parts, and the baseline sharing-aware DSA-RF. The results
are shown for all nine types of instances with different
levels of sharing and demand, and task arrivals and task
durations drawn from uniform distribution. For the data
sharing-aware algorithms, the average maximum number
of utilized servers decreases as the sharing of data items
among the tasks increases. For example, in the case of LSLD,
DSA-FF utilizes the same maximum number of servers as
FF (12.0 servers on average), while in the case of HSLD the
DSA-FF utilizes 12.0 servers on average compared to FF
which utilizes 28.67 (i.e., DSA-FF uses 16.67 fewer servers).
DSA-BF obtains almost the same reduction in the maximum
number of servers as that obtained by DSA-FF for those
cases. The largest decrease in the maximum number of
servers is obtained by DSA-WF in the case of HSLD, where
DSA-WF uses 20.67 servers on average compared to WF
which uses 120.0 servers on average (a reduction of 99.33
servers). The decrease in the maximum number of utilized
servers observed for instances with high amount of data
sharing among tasks is due to the fact that the total memory
required for the tasks allocated to the same server is reduced
allowing the server to host more tasks, and thus reduce
the number of servers needed to host the tasks. As the
demand for CPU increases for the same level of sharing,
we observe that the maximum number of utilized servers
increases, that is the reduction in the number of utilized
servers decreases. This is due to the fact that the demand

for CPU is high and sharing of data does not help much
in allocating more tasks to servers. In other words, if tasks
have a high CPU demand, the advantage of shared data is
diminished. The servers quickly reach their CPU capacity,
limiting the number of tasks they can handle, and thus,
more servers are still needed despite the memory savings.
This results in a smaller reduction in the number of utilized
servers compared to scenarios where CPU demand is lower.

The proposed sharing-ware algorithms performed sig-
nificantly better than the sharing-aware baseline DSA-RF
across all nine scenarios. Although DSA-RF takes the shar-
ing of data into account when determining the capacities
of the servers, it does not actively exploit this information
when making placement decisions. Instead, DSA-RF relies
purely on random selection to co-locate related tasks, which
results in inefficient use of shared memory and a higher
number of utilized servers. In contrast, DSA-WF, the worst
performer among the proposed algorithms, explicitly in-
corporates data sharing into its efficiency metric, favoring
servers where relevant data already resides. For example, in
high-sharing scenarios such as HSLD and HSHD, DSA-WF
consistently utilizes fewer servers than DSA-RF baseline,
demonstrating that consideration of data sharing leads to
better consolidation.

For the sharing-oblivious algorithms, a similar but more
pronounced trend is observed. In medium and high-sharing
scenarios, WF consistently performs worse than RF. Since
WF always selects the server with the maximum available
capacity, it tends to place each incoming task on a largely
empty server, effectively preventing task co-location and
leading to a larger number of active servers. In contrast,
RF does not bias placements away from partially loaded
servers, allowing co-location to occur by chance. As a result,
RF utilizes fewer servers than WF when data sharing is
present, despite being unaware of shared data. This contrast
further emphasizes the importance of explicitly accounting
for data sharing, as even a sharing-aware Worst-Fit strategy
(DSA-WF) substantially outperforms the sharing-oblivious
algorithms and the sharing-aware baseline (DSA-RF) in
scenarios with medium to high data sharing.

Next, we investigate the algorithms’ performance sensi-
tivity to task arrival time and task duration distributions.
Figure 3b shows the maximum number of utilized servers
when the task arrival time and task duration are exponen-
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with α = β = 0.5).

tially distributed. Compared to the maximum number of
utilized servers obtained by the algorithms in the case of
uniformly distributed task arrival times and task durations,
it changes very little, generally by up to 5% fewer utilized
servers in low/medium demand scenarios and by up to 8%
fewer utilized servers in high-demand scenarios. Overall,
the uniform vs. exponential distribution comparison ex-
hibits only minor differences in the maximum number of
utilized servers showing that the proposed algorithms are
robust to changes in the distribution of task arrival times
and task durations.

Figure 4 shows the average of maximum number of
utilized servers by the proposed data sharing-aware algo-
rithms and the algorithms augmented with local search. We
observe that DSA-FF obtains the best performance among
the algorithms without the local search for all sharing and
demand scenarios, followed very closely by DSA-BF. For
the data sharing-aware algorithms with local search, we
observe a huge reduction in all nine types of instances in
terms of maximum number of utilized servers. In the case of
LSLD, DSA-WF-LS reduces the average number of utilized
servers by more than 75% relative to DSA-WF, and in the
worst case (occurring for HSMD), it achieves a reduction of
approximately 33.3%. In almost all nine cases, the average
number of utilized servers for DSA-BF-LS, DSA-FF-LS, and
DSA-WF-LS are roughly the same. This is due to the fact that
after applying Swap and Move operations, the local search
algorithm tends to consolidate tasks on fewer servers. Thus,
there is a consistent trend of task consolidation across all
data sharing-aware online algorithms augmented with local
search. This also indicates that the algorithms augmented
with local search obtain a significant reduction in the num-
ber of utilized servers. In the next subsection, we show that
this reduction is obtained at the cost of a small increase in
the data transferred in the network.

Figure 5 shows the effect of the maximum allowable
increase in the data transfers, γ, and the maximum number
of move/swap operation, qmax, on the maximum number
of utilized servers by the proposed algorithms in the HSHD
case. The online data sharing-aware algorithms without the
local search phase, (DSA-FF, DSA-BF, and DSA-WF), re-
quire approximately 39, 39.67, and 54.67 servers on average,
respectively. The performance of the algorithms augmented
with local search (denoted ’LS’ in the figure) varies de-
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Fig. 5: The effect of γ and qmax on the maximum number of utilized
servers by the proposed algorithms without local search (’no LS’) and
those augmented with local search (’LS’) (HSHD case and uniform
distribution of task arrivals; DSA-BF-LS DSA-WF-LS, DSA-BF, and
DSA-WF with α = β = 0.5).

pending on the choice of γ and qmax. With a tighter search
(γ = 1%, qmax = 3), the local search phase is unable to
sufficiently explore beneficial task reassignments, resulting
in a performance close to that of the corresponding baseline
algorithm. The largest reduction is obtained for DSA-WF-
LS. This is due to the nature of DSA-WF (finds servers with
minimum load) it has a proclivity to spread tasks among
servers, and thus, even a small number of move/swap
operations can result in a huge reduction in the number
of servers. In contrast, with a moderate local search depth
(γ = 1%, qmax = 10), the algorithm identifies meaningful
rearrangements that more effectively co-locate shared data,
reducing the number of utilized servers to 29.67 for all three
variants, representing an improvement of approximately
24% to 46% relative to their corresponding baselines. Fur-
ther increasing the search depth (γ = 1%, qmax = 20)
yields only marginal additional improvement to around
28.33 servers, indicating diminishing returns once the key
beneficial swaps have been discovered. Finally, relaxing the
maximum allowable increase in the data transfers (γ = 2%,
qmax = 10) provides additional flexibility to execute en-
abling move operations, achieving the best consolidation
with 26.33 utilized servers. This corresponds to reductions
of approximately 33% relative to DSA-FF, 34% relative to
DSA-BF, and 52% relative to DSA-WF. Overall, these results
highlight that increasing γ has a stronger impact on solution
quality than solely increasing qmax. Allowing a slightly
higher amount of data transferred (γ) enables beneficial
intermediate moves, which improves consolidation and re-
duces the number of active servers at the expense of higher
volume of traffic in the network. To balance the increase
in network traffic and the execution time, we recommend
using γ ≈ 1%, and qmax = 10.

Maximum amount of data transferred in the edge network.
For each of the online algorithms we record the amount of
data transferred in the edge network at each task arrival
and determine the maximum among those values. Then,
we determine the ratio of the maximum amount of data
transferred in the case of the proposed data sharing-aware
algorithms and that of the sharing-oblivious algorithms.

Figure 6a shows an overlay bar plot and the ratio for all
nine types of instances with different levels of sharing and

12



LS
LD

LS
MD

LS
HD

MSL
D

MSM
D

MSH
D

HSL
D

HSM
D

HSH
D

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Av
er

ag
e 

Ra
ti

o 
of

 M
ax

im
um

 
 A

m
ou

nt
 o

f D
at

a 
Tr

an
sf

er
re

d
DSA-FF
DSA-BF
DSA-WF

DSA-FF (LS-phase)
DSA-BF (LS-phase)
DSA-WF (LS-phase)

(a) Maximum amount of data transferred relative to baseline sharing-
oblivious algorithms.

LS
LD

LS
MD

LS
HD

MSL
D

MSM
D

MSH
D

HSL
D

HSM
D

HSH
D

0

50

100

150

200

250

Av
er

ag
e 

M
ax

im
um

 A
m

ou
nt

 o
f D

at
a 

Tr
an

sf
er

re
d 

(G
B)

DSA-FF
DSA-BF
DSA-WF
DSA-RF

DSA-FF (LS-phase)
DSA-BF (LS-phase)
DSA-WF (LS-phase)

(b) Average maximum amount of data transferred.

Fig. 6: Relative and average maximum amount of data transferred in the network: all six proposed algorithms and nine sharing and demand
scenarios (DSA-BF-LS, DSA-WF-LS, DSA-BF, DSA-WF, BF, and WF with α = β = 0.5). The average ratio of the maximum amount of data
transferred in the network in (a), is relative to the corresponding baseline sharing-oblivious task allocation algorithms. The lower segment of
the bars represents the data transferred in the case of DSA algorithms while the top hatched segment represents the additional amount of data
transferred during the local search phase.

demand. The ratio decreases as the sharing of data items
among the tasks increases. For example, in the case of LSLD,
DSA-FF leads to 74% less data transferred in the network
than FF (corresponding to a ratio of 0.26), while in the
case of HSLD, DSA-FF leads to 92.8% less data transferred
than FF. A similar behavior is exhibited by DSA-BF which
obtains a little bit smaller reduction in the data transferred
for those cases (about 70% for LSLD and 92% for HSLD). The
decrease in the maximum amount of data transferred in the
network observed for instances with high amount of data
sharing among tasks is due to the fact that tasks share many
items and if they are co-located on the same server those
shared data items are transferred only once, thus, the more
shared data items the less data transfers. As the demand for
CPU increases for the same level of sharing, we observe that
the ratio increases, that is, the reduction in the maximum
amount of transferred data increases. This is due to the fact
that the demand for CPU is high and tasks that share data
items cannot be collocated on the same server.

While the algorithms augmented with local search (DSA-
BF-LS, DSA-FF-LS, and DSA-WF-LS) aim to reduce the
number of utilized servers and minimize the total amount of
data stored on edge servers by co-locating tasks with shared
data, they exhibit a small increase in the total amount of
data transferred across servers during the Move and Swap
operations. Thus, tracking the total amount of data trans-
ferred on edge servers is critical for evaluating the trade-
off between improved resource utilization and communi-
cation overhead. In edge computing systems, data transfer
between servers is often costly in terms of latency, energy
consumption, and network congestion and an excessive
movement of tasks can negate these benefits. To maintain a
balance, a small 1% threshold (corresponding to parameter
γ = 1.01) is imposed limiting the allowable amount of
data transferred in each local search operation. Since the
number of allowed local search operations is also limited
by qmax = 10, the allowed total maximum amount of data
transferred in the local search phase is limited to about

10% of the amount of data transferred in the first phase of
the algorithms. This ensures that the algorithms prioritize
solutions that are not only efficient in terms of server usage
and memory consumption but also practical and scalable in
real-world edge systems where bandwidth and latency are
limited. As Figure 6a shows, the relative maximum amount
of data transferred in the network during the local search
phase of the algorithms is within 10% of the amount of data
transferred during the first phase of the algorithms.

Figure 6b shows the average amount of data trans-
ferred in the network by the proposed data sharing-aware
algorithms and the local search phase of algorithms. We
observe that DSA-FF obtains the best performance for all
sharing and demand scenarios, followed very closely by
DSA-BF. As the CPU demand increases, the amount of
data that needs to be transferred also increases. This is
primarily because high CPU requirements limit the number
of tasks that can be placed on a single server. As a result,
additional servers must be activated to host the remaining
tasks. When tasks that share common data are placed on
different servers, the system incurs additional communica-
tion overhead, therefore increasing the total amount of data
transferred across the network.

The effect of efficiency metric weights (α, β) on DSA-
BF and DSA-BF-LS’s performance. We investigate how the
choice of the weights (α, β) used in the efficiency function
influences the amount of data transferred in the edge net-
work and the number of utilized servers by DSA-BF and
DSA-BF-LS. Since the weights are used in DSA-BF but not
in the local search phase of DSA-BF-LS, the discussion will
mainly focus on DSA-BF, which is the first phase executed
by DSA-BF-LS. We consider three case: (i) α > β, where
α = 0.9998, and β = 0.0002; (ii) α < β, where α = 0.0002,
and β = 0.9998; and (iii) α = β, where α = 0.5, and
β = 0.5. Figure 7a shows an overlay bar plot and the
average ratio of the maximum amount of data transferred
by DSA-BF and DSA-BF-LS with respect to BF for these
three cases. In all nine sharing and demand scenarios DSA-
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(a) Maximum amount of data transferred relative to baseline algorithms.
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Fig. 7: The effect of efficiency metric weights (α, β) on DSA-BF and DSA-BF-LS’s performance: (a) Maximum amount of data transferred in
the network relative to baseline algorithms. The lower segment of the bars represents the data transferred in the case of DSA algorithms, while
the top hatched segment represents the additional amount of data transferred during the local search phase. (b) Average ratio of the maximum
number of utilized servers.
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(b) Data sharing-aware algorithms augmented with local search vs. baseline
sharing-oblivious algorithms.

Fig. 8: Average ratio of execution time: (a) algorithms augmented with local search vs. online data sharing-aware algorithms (DSA), (b) online
data sharing-aware algorithms (DSA) vs. online sharing-oblivious algorithms (DSA-BF-LS DSA-WF-LS, DSA-BF, DSA-WF, BF, and WF with
α = β = 0.5).

BF with α > β (i.e., case (i)) has the largest ratio among the
three cases, that is, the amount of transferred data relative to
BF is the largest. This is due to the fact, that the contribution
of memory capacity term to the denominator of the effi-
ciency metric is much smaller compared to that of the CPU
capacity term, and thus, the CPU capacity term influences
more the decisions. In case (ii) and (iii) the contribution of
memory capacity term to the denominator of the efficiency
metric is increased and thus, influences more the decisions,
selecting servers with better fit for the memory requests.
Therefore, DSA-BF is able to fit more items in the memory
of the servers, leading to a reduction in the amount of
data transferred in the edge network. The same analysis
applies to DSA-BF-LS. Figure 7b shows the average ratio
of the maximum number of utilized servers for both DSA-
BF and DSA-BF-LS. For the low sharing cases, DSA-BF
obtains almost the same ratio of the maximum number of
servers in all three cases considered for α and β. As the
sharing increases (MSLD, HSLD, and HSMD cases), DSA-
BF obtains the best reduction in the number of servers when
α = β or α < β (cases (ii) and (iii)). Across all three cases

(α > β, α < β, and α = β), augmenting DSA-BF with the
local search algorithm (DSA-BF-LS) results in a consistent
reduction in the average ratio of the maximum number of
servers used.
Execution Time. At each task arrival, we record the execu-
tion time in millisecond of each algorithms and determined
the average among them. In Figure 8a, we determine the
ratio of the average execution time of the proposed data
sharing-aware algorithms augmented with local search and
that of the data sharing-aware algorithms. This ratio varies
within the range of [1.80, 2.29] for all three data-sharing-
aware online algorithms. Although the maximum ratio for
average execution time is 2.29, the maximum execution time
of both data sharing-aware algorithms and the algorithms
augmented with local search never exceeds 4 milliseconds
for one execution (allocating one arriving task). Having
a small execution time is very important for an online
algorithm, and this is achieved by our proposed algorithms.

In Figure 8b, we determine the ratio of the average exe-
cution time of the proposed data sharing-aware algorithms
augmented with local search and that of the corresponding
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baseline online sharing-oblivious algorithms. This figure
shows the ratio for all nine types of instances with different
levels of sharing and demand with in a range of [1.67, 2.03]
for all three algorithms. Again the maximum execution time
of both data sharing-aware algorithms and the local search
algorithm never exceeds 4 milliseconds for one execution
(allocating an arriving task) making them suitable for online
allocation.
Summary of findings. We provide a summary of the exper-
imental results considering the two key metrics, the number
of utilized servers and the amount of data transferred in
the network. Our online data sharing-aware algorithms
are not designed to run concurrently but rather serve as
distinct heuristic approaches for task allocation in edge
systems where data sharing among tasks plays a crucial
role in determining both memory usage and communication
overhead. While all six algorithms share the same under-
lying framework for online task assignment, they differ in
the selection policy used when deciding which server to
allocate a new task to. Presenting all six algorithms allows
for a comparative evaluation under varying CPU demand
and data sharing conditions. The results of the comparison
summarized below can be used to guide the selection of
the most suitable algorithm for specific operating scenarios
characterized by the tasks’ CPU demand and their data
sharing characteristics.

Overall, DSA-FF then DSA-BF consistently deliver the
best results minimizing both the number of utilized servers
and the data transferred in the network across all nine
different scenarios. For low to medium demand with dif-
ferent sharing scenarios, DSA-FF is generally more effective
in reducing the number of utilized servers and the total
amount of data transferred in the network compared to
DSA-BF and DSA-WF. In high demand scenarios (e.g.,
LSHD, MSHD, HSHD), both DSA-FF and DSA-BF can be
used interchangeably while DSA-FF obtains a slightly better
performance in terms of the number of utilized servers and
the total amount of data transferred. In the case of DSA-
BF it is also important to discuss the choice of α and β
(i.e., the weight parameters for CPU capacity and memory
capacity used in the efficiency function) that are used to fine-
tune DSA-BF. In scenarios with high CPU demand tasks,
choosing α > β, where α is large (close to 1) and β is small
(close to 0), is a good choice. This places more importance
on the CPU capacity in the efficiency metric. In scenarios
in which the tasks share a lot of data, α < β (with β
large, close to 1, and α small, close to 0) or α = β would
be suitable choices. The algorithms augmented with local
search, DSA-FF-LS, DSA-BF-LS, and DSA-WF-LS, obtain
the best performance in terms of the number of utilized
servers across all scenarios. This is achieved at the expense
of a small increase in the data transferred in the network
compared to DSA-FF, DSA-BF, and DSA-WF, respectively.
DSA-FF-LS transfers the smallest amount of data among all
algorithms augmented with local search across all scenarios.

7 CONCLUSION AND FUTURE WORK

Many tasks offloaded to edge servers process the same data
items. We take into account the sharing of data among
tasks in order to reduce the traffic in the edge network,

the memory usage at the edge servers, and the number
of servers needed to execute the tasks. Thus, we designed
three online algorithms (DSA-FF, DSA-BF, and DSA-WF)
for task allocation in edge computing systems that take
into account the sharing of data among tasks offloaded to
the same server. We also augment these algorithms with
a local search procedure that iteratively attempts to im-
prove the solutions obtained by our data sharing-aware
algorithms by exploring the neighborhood of the current
solution and making minor modifications. We performed an
extensive performance analysis by comparing our proposed
data sharing-aware online algorithms with several baseline
online sharing-oblivious algorithms. The results show that
our algorithms are able to reduce the amount of data trans-
ferred in the network by 30.2% to 92.8% and the number of
utilized servers by 1% to 82.8% compared to the sharing-
oblivious baseline algorithms. Also, compared to a sharing-
aware baseline our proposed algorithms are able to reduce
the amount of data transferred in the network by 18.1% to
86.9% and the number of utilized servers by 35.4% to 88%.
Although the execution time for the algorithms augmented
with local search increases by 80% to 129% compared to
the data sharing-aware online algorithms, this is less than
4 millisecond per task allocation in average for all data
sharing-aware online algorithms. We provide a summary
of the findings that can be used as a guideline for choosing
a specific algorithm for a a given practical scenario charac-
terized by the tasks’ CPU demand and their data sharing
characteristics.

In our future work, we plan to deploy our algorithms
on an experimental edge computing testbed and inves-
tigate their performance. While latency was not the pri-
mary optimization objective of this study, incorporating
latency-awareness into the data sharing–aware task alloca-
tion framework represents an important future direction,
particularly for delay-sensitive applications where trans-
mission and response times play a critical role. We also
aim to extend the current model by incorporating network
topology and bandwidth constraints into the task allocation
process, enabling the framework to take into account the
link capacities, edge tiers, and potential contention across
servers located in different network domains.
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