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Abstract. Load balancing is a hot issue in the current cloud-edge envi-
ronment. However, due to the characteristics of edge computing, load
balancing needs to be better integrated with edge devices and edge net-
works to provide higher performance and reliability. The presence of a
large number of overloaded nodes may lead to load imbalance and thus
affect the efficiency of nodes. To solve this problem, the key is how to allo-
cate tasks to the appropriate resources. To this end, this work proposes
a dichotomous task allocation policy Dichotomous Repair (DREP) to
achieve efficient task allocation and overall load balancing of edge nodes
in cloud-edge environment. The proposed policy consists of five steps:
grouping, adjustment, filtering, greed and repair. The dichotomous pol-
icy is adopted to generate the initial allocation scheme according to the
number of edge nodes, and then the overloaded and underloaded nodes
are repaired by the subsequent two-stage repair policy to maintain the
load balance. Finally, through extensive experiments, we evaluate the
proposed method and the results show that it outperforms other algo-
rithms in terms of workload balancing.

Keywords: Load balancing - Task allocation - Dichotomous + Edge
computing - Cloud-edge

1 Introduction

Cloud-edge computing is a hot research direction at this stage [1], which is a new
architectural model that combines the advantages of cloud computing and edge
computing. The cloud center can make up for the lack of computing resources at
the edge, while the edge nodes can provide computation and services with lower
latency [2]. However, the overall performance may be affected due to improper
task allocation in edge computing. Specifically, if the resources requested by
a task exceed the remaining resources of a node, the task cannot be assigned
to that node, thus affecting the efficiency of subsequent allocations. Neglecting
the capacity and workload of nodes can also lead to poor node performance,
slow task processing, and unbalanced data center load, and the advantages of
cloud-edge computing cannot be realized.
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In order to achieve load balancing in data centers [3], it is crucial to effi-
ciently assign tasks to the appropriate nodes. Therefore, an efficient task allo-
cation strategy is needed to assign user-submitted task requests to the most
appropriate nodes to improve node efficiency and reduce user waiting time while
maintaining load balancing. However, there is still room for improvement in the
current research on load balancing task allocation strategies, mainly focusing
on the following aspects. First, the existing scheduling strategies can be further
improved in terms of flexibility, so that they can be better adjusted dynamically
according to the real-time load situation and resource status. Second, current
research focuses mainly on the load situation of nodes, and pays relatively little
attention to the unique characteristics and demands of tasks themselves. Such
methods may bring some imbalance in resource allocation, thus failing to achieve
better load balancing.

In order to better improve the shortcomings of previous work and solve the
problem of unbalanced workload of edge nodes, this paper proposes a new task
scheduling algorithm DREP, which employs a bisection-based idea to flexibly
deal with task allocation and improve the adaptability of the system. By suc-
cessively bisecting the current task set, a better initial task allocation scheme is
obtained, which provides a good basis for subsequent load balancing, and self-
healing is performed in combination with the node’s capacity and load, which
fully utilizes the node’s resources and improves the overall efficiency. Specifically
the main contributions of this paper are as follows:

e A load balancing algorithm is proposed, which fully considers the processing
capacity of nodes as well as the load sizes of different tasks, and achieves
a highly consistent load balancing effect by dynamically adjusting the task
allocation of each edge node. It is worth emphasizing that this algorithm not
only performs well in homogeneous environments, but is also applicable to
heterogeneous environments.

e With the consideration of task size and the number of edge nodes, this paper
proposes a grouping strategy based on the dichotomous idea to dichotomize
the task set appropriately according to the number of edge nodes, thus form-
ing a good initial allocation scheme.

e We propose a two-stage repair strategy to adjust task allocation. By moving
suitable tasks from the overloaded nodes to the underloaded nodes, the strat-
egy achieves a highly consistent edge node load rate and effectively improves
the overall performance.

The rest of this paper is organized as follows. Section 2 briefly introduces the
current work on task allocation methods and load balancing in edge comput-
ing and cloud computing environments. Section 3 illustrates the imperfections
of current work through an example. Section 4 describes the relevant issues and
formalizes them. Section 5 describes in detail the design and implementation pro-
cess of algorithm. Section 6 presents the experimental results, which demonstrate
the effectiveness of proposed algorithm. We conclude the paper in Sect. 7.
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2 Related Work

This section reviews two aspects related to our research, including task allocation
and load balancing in cloud and edge computing.

2.1 Task Allocation

Task allocation refers to the assignment of user-submitted task requests to het-
erogeneous available resources. Appropriate task allocation not only improves
resource utilization, but also minimizes makespan by executing the assigned
tasks in a shorter period of time. Therefore, more research is needed in area
of cloud task scheduling or task allocation in order to efficiently map tasks to
available resources and to improve quality of service (QoS) parameters.

In order to focus on the energy consumption problem caused by task allo-
cation in cloud computing, Gai et al. [4] proposed a management model in a
heterogeneous cloud environment, which can effectively reduce the energy con-
sumption in mobile cloud systems. Zhou et al. [5] proposed an improved ITSA
algorithm to enhance the resource utilization and QoS in cloud environment by
binding the size tasks to form task pairs through the gain value of task exchange
and then scheduling with greedy policies. However, their approach is limited to
scenarios where the task sizes do not differ much. Panda et al. [6] introduced a
multi-cloud environment to break the limited resources of a single cloud during
peak demand, and proposed an improved Min-Min algorithm and Max-Min algo-
rithm, which is divided into three phases: matching, allocation and scheduling.
Ali et al. [7] divided the tasks into five categories, each with similar proper-
ties, and based on the execution time of tasks, the ones with shorter execution
time are scheduled first. Scheduling is divided into two steps, first determin-
ing the category of a task and then identifying a task in that category. Er-raji
and BenaNaoufal [8] proposed a multi-parameter-based global task scheduling
strategy for the priority task scheduling problem in distributed data centers in
cloud computing. Zhang and Zhou [9] proposed a two-stage scheduling method
based on a two-stage scheduling approach in order to improve the scheduling
performance and efficiency of cloud. In the first stage, a Bayesian classifier is
used to classify tasks with historical scheduling data to create a certain number
of virtual machines to save time, and in the second stage, a dynamic scheduling
algorithm is used to match with specific virtual machines.

With the development of technology, edge computing is integrated into peo-
ple’s life as a new technology. In order to get low latency and efficient services,
users can assign tasks to nearby edge nodes.

Therefore how to assign task scheduling to edge nodes becomes an important
issue. Su et al. [10] proposed an improved NSGA-IT algorithm to solve the task
scheduling of edge computing, using a dynamic adaptive strategy to adjust the
crossover rate and mutation rate to improve the population search efficiency,
which improves the search efficiency while maintaining the population diversity
and finally obtains a set of optimal solution sets. Shen [11] proposed a hierar-
chical task scheduling strategy for the latency cost problem, with an edge node
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layer for processing simple tasks and dividing them into three priority levels and
a frog server layer for processing complex tasks and returning accurate compu-
tation results. To make full use of the limited computational resources, Yang
and Poellabauer [12] prioritized tasks based on attributes such as task CPU and
combine reinforcement learning for task scheduling, but the proposed scheme is
based on too many good assumptions and constrained to a practical system.

2.2 Load Balancing

The goal of load balancing is to ensure that the state of each host in cloud com-
puting or edge computing is balanced to achieve high availability of computing
platform as a whole. While making full use of computing resources, it ensures
that each host can achieve optimal business performance and work efficiency.

Load balancing in the cloud refers to the distribution of load to the active
components associated with the processing tasks. Ruan et al. [13] proposed a
strategy to calculate the optimal work utilization of hosts, dividing hosts into
different blocks according to different PPRs, and keeping each host in the opti-
mal block through VM allocation and migration framework to achieve the best
balance between host utilization and energy consumption, However, because
of the energy consumption constraint, there is still a large variation in load
between hosts. In [14-17], the problem of consolidation of virtual machines is
investigated for consolidating overloaded or underloaded hosts through virtual
machine placement and migration strategies so as to keep the workload of hosts
in an appropriate range. Zhou et al. [18] solved the problem of reducing high
energy consumption in cloud data centers with minimal service level agreement
(SLA) violations by proposing two new adaptive energy-aware algorithms for
overloaded and underloaded vm’s and considering their application types. In
another paper [5], Zhou proposed a task-based load balancing problem for cloud
environments by swapping the gain values and binding the one with the small-
est gain value and the one with the largest gain value to form a task pair for
the purpose of load balancing, but it is not applicable to scenarios with large
differences in task loads.

Although edge computing makes up for the shortcomings of cloud comput-
ing, however, edge nodes are usually heterogeneous and have relatively weak
computing power. How to fully utilize the resources of edge nodes, reasonably
allocate tasks, and achieve load balancing in edge computing is also a problem.
Dong et al. [19] proposed a deployment policy HEELS based on the analysis of
heuristic task clustering method and firefly swarm optimization algorithm, so as
to solve the long-term load balancing problem of edge computing federated cloud
as a whole. Li et al. [20] combined greedy algorithm with genetic algorithm to
minimize the number of edge servers while ensuring load balancing among edge
servers and QoS requirements of users. Li et al. [21] classified edge nodes into
three categories based on their attributes: light, normal, and heavy, and interme-
diated nodes assign new tasks to light nodes to achieve load balancing. Dong et
al. [22] studied the load balancing problem of federated cloud-edge data centers
and proposed a task deployment strategy JCETD based on pruning algorithm
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and deep reinforcement learning in order to achieve efficient deployment and
overall load balancing of cloud-edge tasks.

Task scheduling has been considered for load balancing, both in cloud and
edge environments. However, due to the complexity and diversity of scheduling,
load balancing algorithms may not be flexible enough to effectively deal with
complex task scheduling problems or even resource scarcity. In addition, most
of the current research focuses on making servers host the same number of tasks
or minimizing the number of servers to achieve load balancing without consider-
ing task size, node capacity, and resource availability, which leads to significant
differences in server load and cannot achieve an approximate consistency.

3 Motivation Example

In this section we use an example to compare the differences between the algo-
rithms. The scenario is to process several input tasks ti which are assumed to
have no sequential relationship and are not dependent on each other, and task
allocation is operated by the proxy server, including the calculation of total
number of resources for the tasks.

We use Tablel to map the resource requirements for each task. Here we
consider CPU resources and memory resources, and both are weighted to get
the total requested resources. For example, task 1 requires 100 CPU resources
and 92 memory resources, for a total of 96 resources.

Table 1. Resource requirements for each task in motivation example.

Task t1 |ta |t3 |ta |t5 [t |tr|ts |[to |tio
CPU 100/10/20/30(42/90 |1 |6 |55 |76
Memory 92 |26|46|32/88/106 |1 |36|113|108
Total requested resources |96 |18 |33 316598 |1 |21|84 |92

Table 2. Computing resources for edge nodes.

Edge Nodes er e |e3
CPU 120 | 200 | 250
Memory 140 | 200 | 350
Total Resources | 130 | 200 | 300

The tasks need to be processed at the edge nodes, and there are three edge
nodes. Different edge nodes have different computational resource capabilities.
We use Table 2 to represent the computational resources of each edge node, and
the resource requirements for each task on each node should not exceed the
amount of resources that can be provided by that node. For edge node eq, it has
a total CPU resource of 120 units and a total memory resource of 140 units.
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In cloud and edge computing environments, greed is a simple and effective
approach. In this example, we obtained a task allocation scheme by greedy
policy as {ts,tr,ts}, {ta2,ta,t5}, {t1,to} with the load factor of edge nodes as
42.31%, 57%, and 60% with a standard deviation of 0.077. In addition, we also
tried an improved ITSA [5] algorithm by combining task binding to form task
pairs for allocation scheduling, resulting in allocation schemes of {tg,t7}, {t1,%2},
{t4,ts8,t9,t10} with load ratios of 76.15%, 57% and 76% for edge nodes, respec-
tively, with a standard deviation of 0.0899.

The existing task allocation schemes do not consider the capacity and load
of the nodes, resulting in unsatisfactory load balancing. In contrast, a better
allocation scheme {tg}, {t1,t3}, {t2, ta,t5,t7,ts, to} can result in edge nodes with
load ratios of 70%, 64.5%, and 73.3% with a standard deviation of only 0.036.
A small value of standard deviation indicates a more balanced load distribution
across edge nodes. This means that under this distribution scheme, the difference
in the load carried by each edge node is very small and the load is more evenly
distributed among the nodes. Therefore, the purpose of this paper is to propose
an algorithm to generate a better task allocation scheme that results in better
load balancing. The details of algorithm will be given in the subsequent sections.

4 Concept and Proposed Model

We will define the system model and some key definitions in this section.

4.1 Models and Definitions

In cloud-edge environment, the task allocation problem can be briefly described
as follows: the agent server collects n independent computational tasks and allo-
cates them to a joint data center composed of m edge nodes and 1 cloud, consider-
ing both heterogeneous and homogeneous environments of nodes, and solves the
load balancing problem of edge nodes through high-quality allocation schemes
and policies.

Definition 1. In cloud-edge environment, the agent server collects n task
requests which form a set T = {t1,t2,...,t;...,t,}, where t; denotes the i-
th task. Assume that the n tasks are independent of each other and have no
priority or time restrictions, and each task is represented by ¢;(R;"", R"™),
where R;”" denotes the CPU resources required by the task and R denotes

the memory resources required by the task.

Definition 2. In cloud-edge environment, assume that there are m edge nodes.
Define the edge node set E = {eq,e2,...,€;...,en}, where e; denotes the j-th
edge node. Assume that the capacity of edge node is denoted by e; (557", S7*™),
where S77* denotes the CPU capacity of edge node j and S7*“™ denotes the
memory capacity of edge node j.
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Definition 3. In order to distribute the task sets collected by the agent server
to the federated data center at cloud-edge, it is necessary to ensure that the
resources available at the edge nodes can accommodate the current task sets.
The total resources of edge node are expressed as:

Qj — asjc_Pu + 5S}nem (1)
atp=1 (2)

The amount of used resources of edge node j is expressed as follows:

k
Lj=) R] (3)
i=1

Rl = QR+ fRI" (®)
where Rf denotes the total requested resources for the i-th task on the j-th edge
node, k denotes the number of tasks assigned to that edge node. We refer to
[22] for evaluating CPU and memory, « is the weight of CPU, and S is the
weight of memory. In this paper we consider that the task’s CPU and memory
requirements are considered equally important, and thus « and g are equal.

Definition 4. Load balancing refers to the balanced degree of load distribution
on each node, and this paper uses the standard deviation of resource load ratio
of edge nodes to express the degree of load balancing, where the resource load
ratio of edge node j is expressed as:

L.

-2 ®)
Q;

The resource load ratio of each edge node can be calculated by (1) (2)(3) (4)

(5), and then the load balancing degree of edge data center can be calculated by

using the standard deviation formula.
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The problem of this paper can be formalized:
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In summary, the ultimate goal of this paper is to achieve load balancing in
the edge data center under the condition that the resource constraints of each
edge node are satisfied. That is, to make W as small as possible.

4.2 Problem Statement

In cloud-edge environments, task requests need to be assigned to different edge
nodes and cloud center for processing. However, when the amount of resources
required for a task request exceeds the remaining resources of a certain node,
it will lead to an overload problem and reduce the computational and oper-
ational capacity of that data center, thus failing to achieve the desired load
balancing. Therefore, when facing large-scale task requests and limited com-
puting resources in edge computing centers, different task allocation schemes
and resource allocation strategies will produce different computing efficiency
and load balancing states. Optimizing task allocation schemes is an important
means to achieve high-quality computing services and load balancing. Therefore,
this paper designs a high-quality task allocation scheme to solve the problem of
load imbalance of edge nodes.

5 Load Balancing DREP Algorithm

5.1 System Architecture Design

In our model, the process of task assignment is mainly grouping, adjustment,
filtering, greed and repair in five parts, and Fig. 1 shows the operation flow of
our proposed model. Different from other algorithms, our algorithm can take
into account both homogeneous and heterogeneous environments.

: N Rhg Cloud Center
...... 1
. : oud layer

i

Edge Node n

== Node Manager | v:: i
=

- \ . )
lo2 Edge Node w....-Edge layer
T

Load Balancing
Algorithm

N (ORI ool | RO A
1
grouping :
: = PP
b= LS o
N adjustment ! .. Oc@
Manager i Edge Node 1 EdgeNode 2
— 1
1
1
1
1
1
1

Fig. 1. The framework of DREP.
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5.2 Algorithm Implementation

Overall Process. Figure2 depicts a flow of our algorithm as a whole, covering
five key steps. First, we group the tasks based on the number of edge nodes, and
then reconcile the groups with each other to avoid getting trapped in a local opti-
mal solution. Then, we filter out some sets of tasks that do not meet the constraints
and assign them to suitable edge nodes in a greedy manner. Finally, the capacity
and load of edge nodes are combined to repair so that the load ratio of each node
is close to the mean value. The purpose of the grouping is to get a good initial dis-
tribution scheme. An adjustment mechanism is introduced to avoid falling into a
local optimum among the groups. Then for the tasks that cannot be carried in the
nodes need to be eliminated and greedily assigned to other nodes that can carry
them. Finally, in order to achieve load balancing, the load rate of each edge node
is approximated to be the same using a repair strategy.

Avoid local optimality by allocating the task

sets of the two groups of nodes in such a way | Adjustment
as to minimize the total resource difference
¥

Randomly determine
virtual nodes whose
tasks form V-sets

Remove the task with the least N
amount of resource requests and
add it to the C set

Filtering

Check if the
edge node can
ost the task se

Assign set V and set C
with greedy
]
Determine the overload nodes and the
DiffValue of the difference between each
overload node and the average load

Repair I
Remove the set of tasks from the overloaded
nodes that are close to but not exceeding the
DiffValue and add them to the "material" set

Repair 1l: Determine the underload node and
repair them withthe "material" set

End

Fig. 2. Flow chart of the proposed method.

Grouping. As mentioned earlier, the first step of our proposed DREP algorithm
is grouping, which is used to generate a good initial allocation scheme. The algo-
rithm performs grouping through the dichotomous idea, and the corresponding
pseudo-code representation is given in Algorithm 1. The inputs include the set
of tasks, initial conditions, and termination conditions. The goal of grouping is
to divide the set of tasks into two sub-task sets with the smallest difference in
the total amount of requested resources, similar to the improved 01 backpack
problem, in which we analogize tasks to items, but we care only about the weight
of the items, not their value, so the core of the problem is how to choose the
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items so that the weight of the backpack is closest to half of the total item
weight. This is a classical dynamic programming problem. The core mechanism
of the algorithm is that for each task, if the remaining capacity of the backpack
is less than the weight of the current item, it can only be chosen not to put it
in. Conversely, it can be considered to put in, choosing the larger of these cases
according to the properties of dynamic programming. Where dp/i/[j/ means the
maximum gain that can be obtained for the first ¢ items with capacity j.

Algorithm 1: Group

Input: Task, EndNum, Num

Output: Taskassignment

if Task.size == 1 or EndNum == Num then
Result.append(Task)
return

end
for i = 0 to Task.size do
‘ Sum+ = Task[i]Load
end
Initialize the parameter dp
for i =1 to Task.size + 1 do
for j =1 to Sum/2 + 1 do
if j >=Task[i — 1]Loqqa then
dpli)[j] = maz(dpli — 1][j], dpli — 1][j — Task(i — 1zoadl+
Task[i — 1]L0ad)

© 00 N0 A W N

o e e
W N = O

else
| dpli][5) = dpli — 1][4]
end

[
[ BN

end

=
~

NN =
N = O © ®

end

The set of T'ask can be divided into T'askl and Task2 according to the dp
Num = Num + 1

Group (Taskl, Num, Start Num)

Group (Task2, Num, Start Num)

40 50 60
Target=30 Y VN
ta tb / tc /
- S
i

(w

Fig. 3. Example for remove.

Repair. In order to keep the load ratio of each edge node close to the mean,
we propose a two-stage repair algorithm. The first phase quickly reduces the
load to near-average by eliminating some tasks from the overloaded nodes; the
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eliminated task set and other tasks that do not get assigned become the second
phase “materials” that is then assigned to the underloaded nodes. The repair idea
is to eliminate or select the most suitable task set from a set in order to bring the
node to the desired load ratio. The most suitable task set is the one for which the
total amount of requested resources should converge to, but not exceed the target
value. Here, the problem is likewise analogous to the 01 backpack problem, with
the difference that the weight of the backpack no longer converges to half of the
total item weight, but to the target value TargetValue. We give the pseudo-code
representation in Algorithm 2. The input of the algorithm consists of task set
Task of the overloaded node and the target value TargetValue, and the output
is the “materials” task set RepairTaskSet core. The difference with Algorithm 1
is that there may be no tasks on the overloaded node that converge to and do
not exceed the target value, as shown in the Fig. 3, In this case, the task that
requests the least amount of resources is eliminated by default to ensure that
the load on the overloaded node can be reduced.

Suppose there are n edge nodes and m tasks. First determine the number of
bisections, our approach is to find a power of 2 closest to the number of nodes n,
expressed as n + x = 2%, where x serves to keep n near the smallest power of 2,
so the number of bisections is a, so a = log(n+ ). In each bisection operation, a
dynamic planning operation is performed to minimize the difference between the
resources of the two groups of tasks divided, with the outer layer traversing the
tasks sequentially, and the inner loop determining inside by constantly changing
the capacity (from 1 to s/2) whether the minimization of the difference can
be produced, which is performed a total of m * 5 times, thus the total time
complexity is O(log(n + x)ms). Similarly, we can calculate the time complexity
of the other steps, and overall the time complexity of DREP is O(n?).

Algorithm 2: Pick_Tasks

Input: Task, TargetValue
Output: RepairTaskSet
for i = 1 to Task.size + 1 do
for j =1 to TargetValue + 1 do
if j >= Task[i|Loaqd then
| dpli]lj] = maa(dpli — 1)[j], dpli — 1][j — Taskli]Loaa] + Taskli] Load)
else
| dplilli) = dpli — 1]1j)
end

end

© 0 N 0 o b~ W N =

end

SetT stores the set of tasks that match the T'argetValue

if SetT.size != 0 then

‘ RepairTaskSet = RepairTaskSet + SetT

else
Find the task T' with the lowest load value
RepairTaskSet.add(T)

end

return RepairTaskSet

e
N 0O oA @ N K O
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5.3 Running Example

In this section we will use a concrete example to illustrate our algorithmic ideas.

First, we group the task set according to the number of edge nodes. To deter-
mine the number of dichotomies, we use the method of finding the smallest power
of 2 that can contain the number of edge nodes and perform z dichotomies. For
example, our example has three edge nodes, so = equals 2. That is, the task set is
divided into four groups, each group corresponding to one edge node assignment
scheme, as shown in Fig.4, as follows: {t2,t4,t10},{t1,¢3},{t5,t0},{ts,t7,ts}. The
extra set we assume is assigned to virtual nodes, which will be processed in the
later filtering steps.

~ . D)
\yu@ ' Q/

C0/66000

w) (s Lt Lt

>

=
OO0,
YD (o lw) \Ij (el6ln)

Fig. 4. Step 1: grouping.

In the second step, we take the adjustment step to avoid local optima in the
process of generating sub-task sets. Specifically, a set of tasks in a frontier node
is combined with a set of tasks in a trailing edge node, and the set of tasks
within the two groups is redistributed to obtain an allocation that minimizes
the difference in total resource requirements, as shown in the Fig.5, In this
example, the reconciled results change from {ts,t4,t10},{t1,t3},{¢5,t0 },{te,t7,ts}
to {t4,t67t7}7{t17t3},{t5,tg},{tg,tg,tlo}.

befor —
@ GQ GG@
after

Gl () (Gelo)) (o)

Fig. 5. Step 2: adjustment.

Next, we need to filter out the set of tasks that cannot satisfy the resource
constraints and solve the set of tasks on the virtual nodes. For the virtual nodes,
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we directly select them using a random strategy, assuming that edge node 4
is a virtual node. Then, we check each edge node in turn for the presence of
insufficient resources, where the amount of resources that the node can provide is
less than the amount of resources required by the task. If it exists, we sort the set
of tasks on the edge nodes in ascending order of the total requested resources and
then eliminate the tasks one by one until all resource constraints are satisfied. As
shown in Fig. 6. In this example, only edge node 1 cannot satisfy the constraint,
and the set of tasks belonging to it is sorted into t7, t4,t¢ in ascending order,
and t7 is eliminated to satisfy the constraint. After filtering, we get the task set
as {ts,te},{t1,t3},{t5,t0}, The remaining {to,t7,ts,t10} are considered as the set
of tasks to be assigned.

/ssi®\violation (;chourcc constraints
\‘w//z

Virtual Node Task Set Random

Fig. 6. Step 3: filtering.

Then what we expect is to achieve a load-rate balance, not to carry the
same amount of resources, so edge nodes with more capacity should carry more
tasks. Therefore, we use a greedy strategy to sequentially assign the set of tasks
generated by filtering to the edge node with the lowest current load factor subject
to the resource constraints. In this example, the current load rates of edge nodes
are 99.23%, 64.5%, and 49.7%, so the first element ¢, in the set of tasks generated
by filtering is added to the edge node 3 with the lowest current load rate, and
then the load rate is updated and the process is cycled. The results after greedy
are {tq,te},{t1,t3},{ta,t5,t7,ts,t9}. As shown in Fig.7.

‘t4‘1t6‘ (6 5t

( tz \ t7 4

\ t Load ratio:  99.23% 64.5% 49.7%
10 )
- Violation of resource constraints

t ‘tﬁ ,k 4 ‘,:kts |t ts{ t7 ; t8 t9 ,)

99.23% 64.5% 63%

Fig. 7. Step 4: greed.
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Finally, we combined the capacity of edge nodes and the current task alloca-
tion to achieve load balancing through a two-phase repair strategy. As shown in
Fig. 8. In the first stage, we fix overloaded nodes (nodes above the mean value)
and remove part of task set based on the difference between the load ratio of the
nodes and the mean value, so that their total requested resources converge to but
are not higher than the difference. If such a combination does not exist, the task
with the smallest total requested resources is removed by default. In this exam-
ple, only the load ratio of edge node 1 exceeds the mean value, and the task with
the smallest total requested resources t4 is removed by default. In the second
stage, we repair the nodes below the mean value, and the “materials” for repair
comes from the set of tasks removed in the first stage and the remaining set of
tasks to be allocated in the greedy step ({t4,t10}). The difference in resources is
calculated based on the mean value, and some tasks from the set of “materials”
that are close to but not higher than the target resources are added to the node.
For the second edge node, the node needs only 22.16 resources to reach the mean
value, but there are no tasks in the task set that satisfy the condition, so the
node gives up the repair. The third edge node requires 37.73 resources to reach
around the mean value, and we find a task ¢4 in the task set that satisfies the
condition and assign it to this node. With such a repair strategy, we successfully
keep the load ratio of each edge node at or near the mean value and achieve the
purpose of load balancing.
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Fig. 8. Step 5: repair.

With our optimization scheme, the final set of tasks {t¢}, {t1,t3},
{to,ta,t5,t7,ts,t9} are assigned to edge nodes and tasktg is assigned to the cloud
respectively. The reduction in load balancing degree is 56.6% compared to ran-
dom policy, 53.2% compared to greedy policy, and 59.96% compared to ITSA
algorithm. Therefore, our scheme has smaller standard deviation and more bal-
anced load.
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6 Performance Evaluation and Analysis

In this section, we mainly evaluate the performance of the DREP algorithm and
verify the effectiveness of the algorithm. We have selected four policy-generated
schemes, namely greedy, random, ITSA and DVMC, for experimental compari-
son with the DREP algorithm proposed in this paper, and then most graphically
display the final simulation results.

Greedy policy: Assign tasks to the edge node with the lowest current load fac-
tor each time until no compute resources are available. After that, the remaining
tasks are assigned to the cloud center.

Random policy: Each task in the task set is randomly assigned in the edge
node until there are no available compute resources. After that, the remaining
tasks are assigned to the cloud center.

ITSA: Considering both small and large tasks, for each task in the task set,
the task with the lowest load value and the task with the highest load value are
bound together to form a task pair, and the task pair is assigned to the edge
node with the lowest load ratio [5].

DVMC: The task loads are sequentially assigned to edge nodes after sorting
them in decreasing order. Through overload detection, the overloaded nodes are
adjusted and the task with the highest load value is preferred for removal from
the overloaded node. If the node is still overloaded after one migration, the task
with the next highest load value is selected for removal. This process is repeated
until the node is no longer overloaded [23].

6.1 Evaluation Metrics

The experimental metrics in this paper are mainly compared in terms of load
balancing degree and max/average. Through simulation experiments, the effec-
tiveness of the DREP algorithm proposed in this paper is finally proved.

Load balancing is an important indicator to measure the degree of load bal-
ance of each edge node, and also reflects the overall performance of the data
center. From Eq. 6, the load balance degree of edge data center can be calcu-
lated, and the goal is to make it as small as possible.

Max/average also measures the load balance of the data center, where max
refers to the edge node with the highest load rate and average refers to the
average load rate of all edge nodes. Max/average is closer to 1, which means the
load is more balanced, and the optimal value is 1, which means the load rates
of all edge nodes are the same.

We constructed two experimental environments, using setting 1 to simulate
a homogeneous environment and setting 2 to simulate a heterogeneous environ-
ment. And Table 3 shows the parameter settings for our experiments.
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Table 3. Parameterization of the experiment

Variable Name | Parameter Parameter Value
R** (m) [1, 1000]
task R**™ (MB) |1, 1000]
S;p” (m) [5000, 50000]
edge syrem (M B) | [5000, 30000]

e Setting 1: 500 tasks with 10 edge nodes of the same capability.
e Setting 2: 500 tasks with 15 edge nodes of all different capabilities.

6.2 Heterogeneous Environments

Under setting 2, we compared the load balancing degree of the five algorithms,
and the load rate of each edge node of the five algorithms is shown in Fig. 9.
The more balanced the load, the smoother the line, and the line of the DREP
algorithm tends to be straight, so the overall performance of the DREP algorithm
is the best. Greedy algorithm performs well in load balancing but it has low
overall load factor. This is because it will assign the tasks that do not fulfill the
requirements of the nodes to the cloud for processing, without considering other
edge nodes.
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Fig. 9. Comparison on load rate.

In order to compare the advantages and disadvantages among the algorithms
more clearly, we calculated the standard deviation of the five algorithms, as
shown in Fig. 10. By comparing with the other four algorithms, the standard
deviation of the load rate of each node of the DREP algorithm proposed in this
paper is the smallest only 0.0032, because the DREP algorithm can assign the
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tasks to the most suitable edge nodes according to their sizes, keeping their load
ratios on similar levels.

Because there is a random strategy in our proposed algorithm, so we con-
ducted 10 times more comparisons with the current suboptimal greedy algo-
rithm. The results are shown in Fig.11, as can be seen from the figure, the
standard deviations of our proposed algorithms all stay around 0.004, which are
lower than the results of the greedy strategy.
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Figure 12 represents the comparison of max/average for the five algorithms.
The most ideal case ratio is 1, which represents the same load ratio for all edge
nodes. And the max/average value of our proposed algorithm is only 1.013, which
is already very close to the most ideal load case. This is followed by greedy, ITSA,
DVMC and random, respectively.

Figure 13 shows a comparison of the load balancing of the five algorithms
with increasing task volume under setting 2. Our proposed algorithm always
maintains a low standard deviation because our algorithm takes into account
both the capacity and the load of each edge node in a fully heterogeneous envi-
ronment, which makes it more accurate to filter or eliminate the most suitable
task set to maintain the load balance of each edge node. When the task volume
is 100-300, the gap between the DREP algorithm and the greedy and ITSA
algorithms is not obvious, but as the task volume increases, the advantages of
the DREP algorithm keep coming out and the load balancing becomes more and
more effective. This is because as the task volume increases, the richer the set of
“materials” in the repair phase becomes, so the possibility of load-rate balancing
at each edge node becomes greater.
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6.3 Homogeneous Environment

We also verified the effectiveness of the DREP algorithm in a homogeneous
environment, where we compared the five algorithms in terms of both the degree
of load balancing and max/average under setting 1. Figure 14 shows that in terms
of load balancing degree, the standard deviation of the DREP algorithm is only
0.0005, which is 68.65% lower than the next best greedy algorithm; Fig. 15 shows
that in terms of max/average, the result of the DREP algorithm is only 1.005,
which is very close to the ideal case.
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In setting 1, we compare the load balancing performance of five algorithms
with different number of tasks, as shown in Fig. 16. When the number of tasks
is 100, the four algorithms perform similarly except for the random algorithm,
where the ITSA algorithm has the best load balancing effect and the DREP
algorithm has the second best effect. The reason for this situation is that when
the number of tasks is small and the requested resources do not differ much, the
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load of a single task on a node does not have a great impact on the load balancing.
Therefore, the greedy algorithm maintains load balancing by assigning tasks to
the node with the lowest current load rate. In this case, the DREP algorithm is
unable to repair the load ratio of each edge node because there is too little or no
“materials” for the repair phase. However, as the number of tasks increases, the
DREP algorithm has the advantage of being able to keep the standard deviation
around 0.0004.
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Fig. 16. Comparison on load balancing degree under setting 1.

In other aspects, we conducted the same experiments in a homogeneous envi-
ronment. We compared the load balancing degree as well as the Max/average
of the five algorithms, and since the homogeneous environment is not the focus
of this paper, we only describe the experimental results here. The experimen-
tal results show that our proposed DREP algorithm consistently achieves the
best performance and maintains the most balanced load. Therefore, the DREP
algorithm is also applicable and performs better in a homogeneous environment.

In summary, our proposed DREP algorithm outperforms other algorithms
overall and performs well in load balancing. According to the experimental
results, our method is more suitable for scenarios with a larger number of tasks,
because each edge node can have more choices in the repair phase and can bet-
ter keep the load ratio around the mean by picking the most suitable task set
according to its own load.

7 Conclusion

In this paper, we propose a task allocation strategy DREP based on the idea
of dichotomous repair, which aims to achieve load balancing among edge nodes
and improve the quality of service. Specifically, a dichotomous strategy is used
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to generate a good initial allocation scheme based on the number of edge nodes,
and then a two-stage repair strategy is proposed for overloaded and underloaded
nodes to adjust the load ratio of edge nodes to a relatively approximate level. By
comparing the experimental results of the other four allocation algorithms, the
DREP algorithm shows better performance and can balance the load among the
nodes well and improve the quality of service. In order to further improve the
performance and load balancing of cloud-edge computing, we plan to analyze
and study from the perspective of distributed multi-cloud and edge. Under the
premise of providing high-quality services to users, we will reasonably schedule
tasks to multi-cloud and edge to maximize the benefits of data centers and users.
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