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A B S T R A C T

Edge computing (EC) has emerged as a paradigm aimed at reducing data transmission latency by bringing
computing resources closer to users. However, the limited scale and constrained processing power of EC pose
challenges in matching the resource availability of larger cloud networks. Load balancing (LB) algorithms play
a crucial role in distributing workload among edge servers and minimizing user latency. This paper presents
a novel set of distributed LB algorithms that leverage machine learning techniques to overcome the three
limitations of our previous LB algorithm, EVBLB: (i) its reliance on static time intervals for execution, (ii) the
need for comprehensive information about all server resources and queued requests for neighbor selection, and
(iii) the use of a central coordinator to dispatch incoming user requests over edge servers. To offer increased
control, custom configuration, and scalability for LB on edge servers, we propose three efficient algorithms:
Q-learning (QL), multi-armed bandit (MAB), and gradient bandit (GB) algorithms. The QL algorithm predicts
the subsequent execution time of the EVBLB algorithm by incorporating rewards obtained from previous
executions, thereby improving performance across various metrics. The MAB and GB algorithms prioritize
near-optimal neighbor node servers while considering dynamic changes in request rate, request size, and
edge server resources. Through simulations, we evaluate and compare the algorithms in terms of network
throughput, average user response time, and a novel LB metric for workload distribution across edge servers.
1. Introduction

The rapid growth of the Internet of Things (IoT), where billions
of physical devices and objects equipped with sensors connect to the
Internet to access required resources, has led to the increasing popular-
ity of cloud computing [1]. In traditional cloud architecture, numerous
data centers are dispersed worldwide and are geographically located at
considerable distances from each other. While these data centers pro-
vide abundant processing and storage resources that are crucial for IoT
devices, their architecture is unsuitable for time-sensitive applications
like environmental sensing [2], healthcare [3,4], and smart cities [5]
due to high latency. To mitigate this problem, edge computing (EC) has
emerged as a new paradigm in recent years, garnering attention from
both industry and academic researchers [6–8].

In this emerging architecture, resources are positioned in close
proximity to users’ equipment in order to minimize delay and response
time. As illustrated in Fig. 1, the general architecture of the EC network
consists of three main layers: (i) the cloud layer, which includes remote

∗ Corresponding author at: School of Electrical and Computer Engineering, College of Engineering, University of Tehran, Tehran, Iran.
E-mail addresses: me.esmaeili@ut.ac.ir (M.E. Esmaeili), a_khonsari@ut.ac.ir (A. Khonsari), vahidsohrabi.mkh@ut.ac.ir (V. Sohrabi),

aresh.dadlani@nu.edu.kz (A. Dadlani).

cloud servers to handle resource-intensive requests, (ii) the edge layer,
which forms a complex network of edge servers to deliver services
closer to users and decrease response time, and (iii) the device layer,
consisting of all devices that are served through base stations (BS).
Though edge servers have limited processing and storage capacity
compared to cloud servers, their distributed nature allows for improved
response time of incoming requests. Therefore, cloud networks serve
as the ultimate layer to handle resource-intensive requests in most
architectures proposed for edge networks [7–9].

In response to the challenges posed by limited resource availability
in edge networks, load balancing (LB) has been investigated as an effec-
tive solution for distributing incoming traffic among multiple servers.
These algorithms ensure that no single server is overwhelmed with
requests, thereby minimizing the overall response time. Moreover, the
implementation of LB algorithms enables network operators to optimize
server resource utilization and mitigate the risk of server downtime
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Fig. 1. General edge computing network architecture comprising 𝑚 cloud servers, 𝑛 edge servers, and 𝑘 base stations.
due to excessive loads. It is important to note that there are various
LB algorithms available, each offering a trade-off between performance
criteria such as server load, response time, latency, and more [10].

In recent years, several LB algorithms for EC networks have
emerged, each with its own strengths and shortcomings. These al-
gorithms employ techniques such as optimization, game theory, and
machine learning (ML) to address the LB problem with different per-
formance needs [10–12]. In [13], we proposed the efficient Voronoi
tessellation-based load balancing (EVBLB) approach in EC networks,
which utilizes Voronoi tessellation (VT) [14] to efficiently assign user
requests to the edge server with the least load. Simultaneously, it selects
edge servers that are closer to the user to ensure low propagation
delay. The use of VT allows for quick mapping of users to edge servers
based on their geographical proximity and incorporates information
about server density in the area, which is needed for load distribu-
tion. The EVBLB approach then applies an iterative procedure on the
mapping to further distribute the user requests among neighboring
edge servers. Nonetheless, the algorithm faces three major limitations
that make it impractical for large-scale deployment. Firstly, it employs
a static time interval that lacks flexibility and cannot adapt to the
network dynamics such as request rates and network bandwidth. This
inflexibility reduces the efficiency of the LB algorithm. Secondly, se-
lecting neighboring edge servers in EVBLB requires global information
on all server resources and queued requests, which is practically infea-
sible. Thirdly, the use of a central coordinator in EVBLB to dispatch
incoming user requests over edge servers can serve as a bottleneck for
its scalability. Building upon these observations, this paper presents a
comprehensive extension of EVBLB with the following contributions:

• A Q-learning (QL) [15,16] algorithm is proposed for dynamic
time interval selection in EVBLB to enhance its efficiency and
adaptability to network changes.

• A novel multi-armed bandit (MAB)-based algorithm [17] is incor-
porated into EVBLB to enable dynamic edge server selection for
efficient request allocation.

• By incorporating gradient information into the dynamic edge
server selection process, a gradient bandit (GB) algorithm [16,17]
is also proposed, overcoming the need for periodic monitoring of
neighboring servers while achieving performance comparable to
EVBLB.

The rest of the paper is organized as follows. Section 2 discusses
the related work. Section 3 describes the system model and problem
formulation, followed by the three ML-based LB algorithms proposed
in Section 4. An analysis of the computational complexity of the al-
gorithms is provided in Section 5. Simulation results are discussed in
Section 6, and conclusions are drawn in Section 7.

2. Related work

The challenge of LB in edge server networks has recently attracted
considerable research attention. While several LB algorithms have been
189
reported, our focus in this paper centers on optimization-based and
ML-based algorithms.

In [13], a novel heuristic based on VT was introduced to efficiently
solve the LB optimization problem in polynomial time. The algorithm
assumes edge servers with limited task queues and employs a first-in-
first-out (FIFO) scheduling discipline. Initially, it computes the VT of
edge server locations. For each edge server, a limited number of neigh-
boring edge servers with the maximum available resources are then
determined to prevent excessive computational overhead. Finally, the
user tasks associated with the Voronoi region of a specific edge server
are assigned to a neighboring server with the most available resources.
The EVBLB algorithm operates on a fixed time interval (𝛥𝑇 ) for al-
locating incoming requests, which emerges as a practical limitation.
Specifically, this rigid timing structure can lead to suboptimal request
distribution under dynamic network conditions. Subsequently, EVBLB
adopts a neighbor selection algorithm that selects an appropriate neigh-
boring edge server for each incoming request based on the remaining
resource capacity and the spatial distribution defined by the Voronoi di-
agram. However, this approach introduces a significant drawback. The
continuous monitoring of neighboring servers’ resource availability,
necessary for each execution cycle, results in substantial time overhead.
This process not only delays the request handling but also centralizes
the execution of the algorithm.

With regard to optimization techniques, [18] proposed CooLoad, an
LB algorithm for edge networks based on finite quasi-birth-and-death
Markov process. In this approach, each edge server acts as a neighbor to
other edge servers and maintains a queue with a predefined threshold.
When the queue size exceeds the threshold, incoming user requests are
transferred to the neighboring server. The main contribution of this
article lies in the dynamic threshold update algorithm employed for
each server, which significantly reduces the blocking rate. The work
in [19] introduces a task deployment approach aimed at LB in edge
networks. The article presents a clustering method to identify heavy
tasks, which are then sent to remote cloud servers for processing. The
remaining tasks are distributed among the edge servers using a heuristic
algorithm based on the glowworm swarm optimization (GSO) [20].
The algorithm incorporates a dynamic step size to address the issue
of premature convergence to local optima observed in the basic GSO,
thus resulting in more accurate solutions with increased iterations.

The LB algorithm analyzed in [21] distributes the load across edge
servers based on the data volume generated by sensors within the
server’s designated area and the number of user queries for the data.
Nonetheless, the authors do not explicitly formulate the LB prob-
lem. In [22], the authors employ a distributed constraint satisfaction
(DisCSP) [23] technique to formulate their proposed LB algorithm.
The two algorithms, namely the distributed constraint-based diffusion
(CDIFF) and the distributed routing-based diffusion (RDIFF) algorithms
select edge servers that meet all the requirements of incoming requests
while considering the capacity of the edge servers. In [24], the authors
formulate the LB problem in a mobile EC network as a graph coloring
problem, wherein the vertices, edges, and colors of the graph corre-
spond to mobile devices, nearby discoverable mobile devices, and edge
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servers, respectively. They propose a genetic algorithm for solving the
graph coloring, thereby enabling the distribution of tasks to the nearest
edge server.

ML-based algorithms for LB in EC networks are relatively scarce. A
QL algorithm for LB within an LTE network is proposed in [25], where
the authors focus on balancing user tasks between a serving cell (S-cell)
and its neighboring cells by taking into account the cell individual offset
(CIO) parameter. By utilizing QL, the algorithm dynamically adjusts
the load distribution to enhance network performance. Similarly, the
authors of [26] used deep reinforcement learning (DRL) algorithms for
task offloading in EC networks. In particular, they used a graph of
tasks and utilized a deep neural network (DNN) to learn an optimized
offloading policy. Building upon the EVBLB algorithm, this paper ex-
tends its underlying principles and presents three novel ML-based LB
algorithms to overcome its shortcomings.

3. System model

We consider an EC network consisting of a set of 𝑛 edge servers,
denoted as  = {𝑒1, 𝑒2,… , 𝑒𝑛}, along with a collection of 𝑚 cloud
servers, denoted as  = {𝑐1, 𝑐2,… , 𝑐𝑚}, and a group of BSs, denoted
as  = {𝑏1, 𝑏2,… , 𝑏𝑘}. Users submit their network service requests
through the nearest BS. Following the research effort in [20], the
system operates in episodic intervals, where the user requests within
each interval of length 𝛥𝑇 are aggregated at the receiving BS. At the
end of each interval, the service requests are distributed to appropriate
computing servers in  or . Each edge server 𝑒𝑖 ∈  is characterized
by three types of resources, namely 𝑅mem

𝑖 that represents the total
capacity of primary memory in gigabytes (GB), 𝑅dsk

𝑖 that denotes the
disk capacity in GB, and 𝑅cpu

𝑖 that indicates the processing speed of 𝑒𝑖
n gigahertz (GHz). This mode of service provision enables the system
rchestrator to achieve improved LB and service quality. Let the set
𝛥𝑇 = {𝑟1, 𝑟2,… , 𝑟𝑤} denote the ensemble of user requests that arrive

t the edge servers within the time interval, 𝛥𝑇 . Each request 𝑟𝑗 ∈𝛥𝑇
has service demands that require primary memory (𝑇mem

𝑗 ), disk storage
(𝑇 dsk

𝑗 ), and processing capacity (𝑇 cpu
𝑗 ). Moreover, let 𝑖

𝛥𝑇 be the set
of all user requests received by edge server 𝑒𝑖 ∈  in the interval 𝛥𝑇 .
Each edge server 𝑒𝑖 is equipped with a queue 𝑖={𝑞1, 𝑞2,… , 𝑞𝑙}, where
𝑙 < 𝑤, to accumulate incoming user requests during 𝛥𝑇 and assign them
to appropriate edge servers based on the LB approach. The number of
requests residing in queue 𝑖 is denoted as |𝑖|. It is worth noting that
o compute the remaining CPU resources, we subtract the total number
f cycles required for executing all tasks in 𝑖 from the total number of
ycles that the server can perform over the 𝛥𝑇 time interval. Table 1
ummarizes the main notations used in this paper.

.1. Definition of voronoi tessellation

Voronoi diagram (VT) is a fundamental data structure in compu-
ational geometry that divides a plane based on the nearest neighbor
ule [14]. Given a set  = {𝑝1, 𝑝2,… , 𝑝𝑛} of points, the VT represents
partitioning of the Euclidean plane into regions  = {𝑣1, 𝑣2,… , 𝑣𝑛},

where a point 𝑞 belongs to the region corresponding to a point 𝑝𝑖 if
𝑑(𝑝𝑖, 𝑞) < 𝑑(𝑝𝑗 , 𝑞) for any 𝑗 ≠ 𝑖. Fig. 2 depicts the line segments that
define the regions in a VT, which are equidistant to the two nearest
points. As the distance between the center points decreases, the asso-
ciated regions become smaller, thus resulting in a partition that aligns
with the density of the centering points. More details on linear-time
algorithms for VT computation can be found in [14,27].

3.2. Problem formulation

We aim to address the LB problem in EC networks by efficiently al-
190

locating edge and cloud resources to user requests accumulated within
Table 1
List of main notations.

Notation Description

𝑒𝑖 Edge server 𝑖 from set  , where || = 𝑛
𝑐𝑖 Cloud server 𝑖 from set , where || = 𝑚
𝑏𝑖 Base station 𝑖 from set , where || = 𝑘
𝑣𝑖 Voronoi region 𝑖 from VT set 
𝑟𝑖 User request 𝑖 from set 𝛥𝑇 , where |𝛥𝑇 | = 𝑤

𝑖
𝛥𝑇 Set of user requests at 𝑒𝑖 during 𝛥𝑇

𝛥𝑇 Time interval between LB algorithm executions

𝛥𝑇max Maximum feasible value of 𝛥𝑇

𝑅mem
𝑖 Memory capacity of edge server 𝑒𝑖 ∈ 

𝑅dsk
𝑖 Disk capacity of edge server 𝑒𝑖 ∈ 

𝑅cpu
𝑖 Processing capacity of edge server 𝑒𝑖 ∈ 

𝑇mem
𝑖 Memory required for user task 𝑟𝑖 ∈ 𝛥𝑇

𝑇 dsk
𝑖 Disk required for user task 𝑟𝑖 ∈ 𝛥𝑇

𝑇 cpu
𝑖 Processor required for user task 𝑟𝑖 ∈ 𝛥𝑇

𝑖 Task queue of edge server 𝑒𝑖 ∈  , where |𝑖| = 𝑙
𝑢𝑖 CPU utilization of edge server 𝑒𝑖 ∈ 
𝑖 Neighboring server set of edge server 𝑒𝑖 ∈ 

Fig. 2. Schematic of a simple Voronoi tessellation.

a specified time period 𝛥𝑇 (denoted as 𝛥𝑇 ), while ensuring a bal-
anced load distribution among edge servers. Without loss of gener-
ality, we assume that each user task is explicitly assigned to either
an edge server or a remote cloud server. Following the definition
in [13], we adopt a performance metric, termed the load balancing factor
(LBF), which quantifies the degree of LB across the edge servers. The
LBF metric given below specifically captures the variance of the load
(i.e., utilization of CPU as the main resource of servers) among all the
edge servers:

LBF =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1

(

𝑢𝑖 − 𝑢̄
)2, (1)

where 𝑢𝑖 denotes the CPU utilization of edge server 𝑒𝑖 and is defined
as the minimum of 1 and the ratio of total processing resource require-
ments of queued requests to the total processing power of 𝑒𝑖 over time
interval 𝛥𝑇 . Formally, 𝑢𝑖 ≜min

{

1,
∑

|𝑖|
𝑗=1 𝑇

cpu
𝑗 ∕(𝑅cpu

𝑖 ⋅ 𝛥𝑇 )
}

. This ensures
that 𝑢𝑖 reflects full capacity utilization (value of 1) when the requested
resources exceed or match the server’s capacity within 𝛥𝑇 . The mean
CPU utilization across all servers is represented as 𝑢̄. To minimize the
LBF metric, LB in our system setting can be formulated as the linear
programming (LP) optimization problem given below:

Minimize LBF (2)
subject to:
𝑛
∑

(

𝑅mem
𝑖 − 𝑇mem

𝑗

)

𝑋𝑖,𝑗 ≥ 0; 𝑋𝑖,𝑗 ∈ {0, 1}, (3)

𝑖=1
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Fig. 3. Impact of 𝛥𝑇 values on LBF in the EVBLB algorithm.

𝑛
∑

𝑖=1

(

𝑅dsk
𝑖 − 𝑇 dsk

𝑗

)

𝑋𝑖,𝑗 ≥ 0; 𝑋𝑖,𝑗 ∈ {0, 1}, (4)

𝑛
∑

𝑖=1
𝑋𝑖,𝑗 = 1, (5)

or all 𝑟𝑗 ∈ 𝛥𝑇 , 𝑗 = {1, 2,… , 𝑤}, and for all 𝑒𝑖 ∈  , 𝑖 = {1, 2,… , 𝑛}.
Here, the binary random variable 𝑋𝑖,𝑗 is equal to 1 only if user request
𝑟𝑗 is assigned to server 𝑒𝑖, and is equal to 0 if otherwise. This variable
will only apply to all tasks within their corresponding regions and the
selected servers from the neighbors to which these tasks are assigned;
not the other way around. In fact, (3) specifies that when any request
𝑟𝑗 is allocated to server 𝑒𝑖 (i.e., 𝑋𝑖,𝑗 = 1), the memory capacity of 𝑒𝑖
must exceed the memory demand of 𝑟𝑗 . A similar requirement for disk
resources is given in (4). Additionally, (5) guarantees that each request
is assigned to exactly one server. By only accounting for the selected
servers, the CPU utilization of server 𝑒𝑖 can be rewritten as:

𝑢𝑖 ≜ min

{

1,

∑𝑤
𝑗=1 𝑇

cpu
𝑗 ⋅𝑋𝑖,𝑗

𝑅cpu
𝑖 ⋅ 𝛥𝑇

}

. (6)

The main reasons that make EVBLB impractical for real-world ap-
plications are its reliance on a fixed time interval, the requirement
for comprehensive information about server resources and queued
user requests for selecting neighboring servers, and the need for a
central dispatcher. In what follows, we introduce our three RL-based
algorithms that operate independently on edge servers within the dis-
tributed EC network. Unlike EVBLB, there is no need for a central
coordinator to dispatch user requests, thereby enhancing scalability and
minimizing overhead. Moreover, each edge server can be individually
configured based on its specific resource capacity and needs. This level
of customization allows for independent LB on each edge server, thus
providing greater control and flexibility in the workload distribution
process.

4. Proposed load balancing algorithms

In this section, we first present our QL-based algorithm for pre-
dicting the optimal time interval (𝛥𝑇 ) for the EVBLB algorithm. Sub-
sequently, we introduce our two ML-based LB algorithms and discuss
their distinctive characteristics.

4.1. EVBLB execution time interval

The EVBLB algorithm, like many other time slot-based LB algo-
rithms [28], utilizes static time intervals for its execution. However,
in practical scenarios, achieving an effective load balance requires
adapting the time interval dynamically to account for changes in the
191
Algorithm 1 Proposed QL-Based Time Interval Selection

Input: ={𝑓𝑖}
𝑝
𝑖=1 such that ∀𝑓𝑖, 0 ≤ 𝑓𝑖 ≤ 1, and ={𝛥𝑇𝑗}

𝑞
𝑗=1 such that

𝛥𝑇𝑞 = 𝛥𝑇max.
Output: Optimal 𝛥𝑇𝑗 ∈ in each round.
1: Initialize the 𝑝 × 𝑞 Q-table to zero.
2: 𝑎 ← Randomly select 𝛥𝑇𝑗 from set .
3: while true do
4: Execute EVBLB with time interval 𝑎 to find the corresponding LBF

value.
5: 𝑠 ← Apply  (LBF) defined in (10).
6: 𝑎 ← Apply 𝜖-greedy policy to find next interval.
7: Update the Q-table using (8) and (9).
8: 𝑠 ← Assign new state 𝑠′∈.
9: 𝑎 ← Assign new optimal time interval 𝑎′∈.
0: end while

network such as task rate, task size, and the number and power of edge
servers.

To showcase this issue, Fig. 3 plots the LBF metric for various time
intervals ranging from 0.1 to 3 s, based on the simulation configuration
in [13]. The figure illustrates that for intervals of 2 and 3 s, the LBF
metric reaches its maximum value, indicating the poor performance
of the algorithm. However, for the remaining time intervals, there
is minimal variation in the LBF values, thus suggesting that 𝛥𝑇 = 1
s would be a more effective choice due to the overhead associated
with executing the algorithm. To determine the optimal interval, we
propose a QL-based algorithm that selects the best 𝛥𝑇 from a given
set of intervals, thereby dynamically adjusting the execution period of
EVBLB in response to changes in user requests over time.

4.2. QL-based time interval selection

QL is a well-known model-free reinforcement learning (RL) algo-
rithm used to maximize the cumulative rewards gained by taking
actions in given states. It employs a Q-table, a table that stores the
values of state–action pairs, initialized with default values based on
the problem at hand. During the training process, the table is updated
iteratively until the algorithm achieves the desired level of accuracy
compared to the optimal value. Formally, the 𝑄-function used to update
the Q-table is defined as the following mapping, where  and  denote
the sets of states and actions, respectively:

𝑄 ∶  × → R. (7)

The function used to update the Q-table is the Bellman optimality
equation, which is defined as follows:

𝑄′(𝑠, 𝑎) ← (1 − 𝛼) ⋅𝑄(𝑠, 𝑎) + 𝛼 ⋅
(

𝑟̂ + 𝛾 ⋅max
𝑎′

𝑄(𝑠′, 𝑎′)
)

, (8)

here 𝑟̂ is the reward received when transitioning from state 𝑠∈ to
tate 𝑠′ ∈  under action 𝑎 ∈, 𝛼 is the learning rate (0 < 𝛼 ≤ 1), and
iscount factor 𝛾 determines the weight given to future rewards, influ-
ncing the importance of long-term versus immediate rewards.

Algorithm 1 outlines our proposed distributed QL-based algorithm
hich is executed independently on each 𝑒𝑖 ∈  to find the optimal

ime interval. The algorithm takes a range of LBF values, given by
he state set  =

{

𝑓1, 𝑓2,… , 𝑓𝑝
}

, such that ∀𝑓𝑖 ∈ , 0 ≤ 𝑓𝑖 ≤ 1. It
lso considers a set of actions  = {𝛥𝑇1,… , 𝛥𝑇max}, the step size of
hich can be customized based on the LBF value. For 𝑗 = 1, 2,… , 𝑞,
𝑇𝑗 ∈ represents a positive time interval, and 𝛥𝑇max (=𝛥𝑇𝑞) denotes
he maximum feasible time interval. The Q-table is updated using the
ollowing reward function:

̂ (𝑓𝑖, 𝛥𝑇𝑗
)

= 𝜃(1 − 𝑓𝑖) + (1 − 𝜃)
( 𝛥𝑇𝑗

)

; 0 ≤ 𝜃 ≤ 1, (9)

𝛥𝑇max
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where the coefficient 𝜃 represents the weighting of the LBF metric
compared to 𝛥𝑇𝑗 . This simple reward function allows us to make trade-
offs between our desired performance metrics effectively. The first
term in (9) addresses the LBF values (𝑓𝑖), where a lower 𝑓𝑖 indicates
etter load distribution. This term assigns higher rewards for smaller
𝑖 values, incentivizing more balanced loads. The second term, (1 −

𝜃)
( 𝛥𝑇𝑗
𝛥𝑇max

)

, considers the time interval 𝛥𝑇𝑗 relative to the maximum

ermissible interval 𝛥𝑇max. Selecting a longer time interval 𝛥𝑇𝑗 , which
implies prolonged algorithm execution, yields a higher reward.

After initializing all entries of the 𝑝 × 𝑞 Q-table with zeros, the
algorithm randomly selects an action 𝑎 = 𝛥𝑇𝑗 from the set  as the
initial state. In line 4, the EVBLB algorithm is executed with the time
period of 𝛥𝑇𝑗 , and the resulting LBF is computed. The following best-fit
function  (⋅) is then utilized to determine the corresponding state 𝑠=𝑓𝑖
for the obtained LBF. Essentially, the function selects the 𝑓𝑖 ∈  that is
closest to LBF as follows:

 (LBF) = arg min
𝑓𝑖∈

|LBF − 𝑓𝑖|. (10)

In line 6, we adopt the 𝜖-greedy policy [16, pg.100] to select the opti-
mal action in each iteration. Lines 7 to 9 are responsible for updating
the Q-table with the current action 𝑎 and state 𝑠 to generate the action
and state for the next round. The algorithm runs continuously, updating
the appropriate time interval according to the reward function in order
to achieve the maximum reward.

Next, we present the MAB and the GB algorithms to enhance the
neighbor selection process in the EVBLB algorithm. The algorithms
strive to select the most optimal neighboring servers based on their
performance history. As a result, the best neighbor set of edge server
𝑒𝑖, which we denote by 𝑖, is chosen to handle incoming tasks in each
round. The EVBLB algorithm executes tasks using either a single or
double-hop routing strategy, wherein the tasks are processed on either
the server itself or one of its neighboring servers. This helps minimize
the time spent transmitting user requests to distant servers.

4.3. MAB-based neighbor selection

In this section, we integrate efficient neighbor selection into the
EVBLB framework using the well-established MAB algorithm. By em-
ploying a reward function to improve the performance metrics, our
proposed MAB algorithm allows each edge server to select its neighbor
with the maximum reward. This distributed approach introduces a
novel LB method in EC networks, where the algorithm’s execution
time is distributed among the edge servers, resulting in reduced overall
execution time for the LB process in each time period. To prioritize the
selection of servers from the most recent time intervals, we introduce
a selection window, 𝑊 , in our MAB algorithm. This window plays a
crucial role in enhancing the efficiency of our algorithm by disregarding
time periods that significantly differ from the current network behavior.
Additionally, it allows for assigning higher importance to the selection
of servers in recent times, thereby providing a more accurate reflection
of the network dynamics.

To formulate the bandit problem, we first define the binary set
𝑖 = {𝑦𝑖,1,… , 𝑦𝑖,𝑡,… , 𝑦𝑖,|𝑊 |

} for each edge server 𝑒𝑖 and window size
|𝑊 |, to indicate whether or not 𝑒𝑖 is selected in the 𝑡th round of the
algorithm. That is to say, 𝑦𝑖,𝑡=1 if 𝑒𝑖 is selected in the 𝑡th round and 0,
if otherwise. Similarly, we also define 𝑖 as a list of rewards received
by server 𝑒𝑖 during the execution of the algorithm. The 𝑡th element of
𝑖 = {𝑟̂𝑖,𝑡} can take on values between 𝛽− ≤ 𝑟̂𝑖,𝑡 ≤ 𝛽+, corresponding to
the reward obtained in round 𝑡, where 1 ≤ 𝑡 ≤ |𝑊 |, and reward 𝑟̂𝑖,𝑡 is
given as:

𝑟̂𝑖,𝑡=

⎧

⎪

⎨

⎪

𝛽−; if 𝑒𝑖 blocks input requests,

𝛽+

(

 𝑖
thr−

𝑖
rsp

 𝑖

)+
; if otherwise. (11)
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⎩

thr
where the threshold  𝑖
thr determines the maximum tolerable time for

executing incoming user requests on edge server 𝑒𝑖 and  𝑖
rsp denotes

he time required by 𝑒𝑖 to process all input user requests, taking into
ccount its own request queue. If the request queue of 𝑒𝑖 (i.e., 𝑖) is
ull or would become full upon accepting new requests, it is unable
o process all the input requests, and thus, the algorithm imposes a
enalty, denoted by 𝛽−. Conversely, if the requests can be executed,
he reward is calculated based on the difference between the maximum
hreshold  𝑖

thr and the actual processing time  𝑖
rsp, scaled by a positive

oefficient 𝛽+. The expression (⋅)+ ensures that the reward is non-
egative. Let 𝑌𝑖 be the number of times 𝑒𝑖 was selected within the

time frame and 𝑍̂𝑖 be the sum of rewards obtained as a result of
hoosing 𝑒𝑖 within window 𝑊 . Thus, we have:

𝑌𝑖 =
∑

|𝑊 |

𝑡=1 𝑖(𝑡),

𝑍̂𝑖 =
∑

|𝑊 |

𝑡=1 𝑖(𝑡).
(12)

Our MAB algorithm adopts the Kullback Leibler upper confidence
ound (KL-UCB) policy [16,29] to calculate an upper confidence bound
n the expected reward for each arm and select the arm yielding the
ighest bound in each round. The function below computes this bound
or edge server 𝑒𝑖 by identifying the smallest probability distribution
that satisfies the KL divergence constraint [30]:

L-UCB𝑌𝑖 ,𝑍̂𝑖 ,𝑡
= max

{

𝜆 ∈ 𝛩 ∶KL

( 𝑍̂𝑖

𝑌𝑖
, 𝜆
)

⋅ 𝑌𝑖 ≤ log(𝑡)

+ 𝑐 log
(

log(𝑡)
)

}

, (13)

where 𝛩 denotes the set of probability distributions, the parameter 𝑐>0
governs the exploration–exploitation trade-off, and KL(⋅, ⋅) is the KL
ivergence between two distributions.

Algorithm 2 presents our proposed MAB algorithm for selecting
fficient neighbors in EVBLB. Line 4 loops over all edge servers to find
heir efficient neighbors. Lines 5–9 handle the case where none of the
eighbors of an edge server have been selected within the time window

of size |𝑊 |. In such cases, a random neighbor is chosen, thus
rioritizing selected servers within the window. Subsequently, lines 11–
7 select the neighboring server with the maximum reward based on
he KL-UCB policy for user request assignment. This is followed by
pdating the sets 𝑖 and 𝑖 in lines 18–19. Once an efficient neighbor
s found, lines 21–24 initialize the values of 𝑖 and 𝑖 for the other
eighbors, ensuring the selection of another neighboring edge servers
n the subsequent round. Finally, line 26 ensures that the counter 𝑡 does

not exceed the window size by using the modulo operation.

4.4. GB-based neighbor set selection

To effectively employ EVBLB, it is essential to continuously monitor
the disk, memory, and processing capabilities of the servers. Recog-
nizing this requirement, we develop another novel LB algorithm that
prioritizes server selection based on past performance. Among the
various solutions, one effective approach is the GB [17] algorithm that
employs gradient ascent to determine the optimal arm to select. In
essence, we maintain a mean reward variable that tracks the average
reward obtained over time. If a selected bandit provides rewards higher
than the average, its likelihood of being chosen increases, and vice
versa. The fundamental GB algorithm is well-suited for non-stationary
scenarios, where the reward distribution of each edge server varies over
time.

Our GB algorithm addresses two key challenges in the EVBLB frame-
work. First, we encounter the decision-making task of selecting the best
edge server for each Voronoi region. Secondly, we aim to avoid direct
information exchange with the neighboring servers of each edge server.
To tackle these challenges, our proposed GBA algorithm distributes the
user requests across edge servers and utilizes their feedback to make
informed decisions for subsequent server selections. We consider each
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Algorithm 2 Proposed MAB-Based Neighbor Selection
Input: Sets of edge servers  , user requests 𝛥𝑇 , neighbor set

𝑖,∀𝑒𝑖∈ , and VT.
Output: Optimal neighbor 𝑒𝑗 ∈𝑖,∀𝑒𝑖∈ , in each round.
1: Initialize window 𝑊 , Y ≜ {𝑖}𝑛𝑖=1, and Z ≜ {𝑖}𝑛𝑖=1 such that

∀𝑒𝑖 ∈  , |𝑖| = |𝑖| = |𝑊 |.
2: while true do
3: 𝑡 ← 1
4: for all 𝑒𝑖 ∈  do
5: if ∑|𝑊 |

𝑘=1 𝑖(𝑘) = 0 then
6: 𝑒𝑖′ ← Randomly select a server from set 𝑖.
7: 𝑟̂𝑖′ ,𝑡 ← Compute reward by assigning all tasks in the Voronoi

region of 𝑒𝑖 to 𝑒𝑖′ .
8: 𝑖(𝑡) ← 1
9: 𝑖(𝑡) ← 𝑟̂𝑖′ ,𝑡
0: else
1: for all 𝑒𝑗 ∈𝑗≠𝑖 𝑖 do
2: 𝑌𝑗 ←

∑

|𝑊 |

𝑘=1 𝑗 (𝑘)
13: 𝑍̂𝑗 ←

∑

|𝑊 |

𝑘=1 𝑗 (𝑘)
14: 𝜋𝑗 ← Apply KL-UCB𝑌𝑗 ,𝑍̂𝑗 ,𝑡

defined in (13).
15: end for
16: 𝑒𝑖′ ← arg min𝑒𝑘∈𝑖

𝜋𝑘
17: 𝑟̂𝑖′ ,𝑡 ← Compute reward by all tasks in the corresponding

Voronoi region to 𝑒𝑖′ .
18: 𝑖(𝑡) ← 1
19: 𝑖(𝑡) ← 𝑟̂𝑖′ ,𝑡
20: end if
21: for all 𝑒𝑗 ∈𝑗≠𝑖 𝑖∖{𝑒𝑖′} do
22: 𝑖(𝑡) ← 0
23: 𝑖(𝑡) ← 0
24: end for
25: end for
26: 𝑡 ← (𝑡 + 1) mod |𝑊 |

27: end while

edge server 𝑒𝑖 ∈  to have an action set 𝑖={𝑎1,… , 𝑎𝑗 ,… , 𝑎
|𝑖|

}, which
represents the selection of a neighboring edge server, for which it is
correspondingly rewarded. Assuming that action 𝑎𝑗 ∈ 𝑖 is chosen in
round 𝑡, the reward for this action is obtained similar to (11), as:

̂𝑖
𝑡(𝑗)=

⎧

⎪

⎨

⎪

⎩

𝛽−; if 𝑒𝑗 ∈𝑖 blocks request from 𝑒𝑖,

𝛽+

(

 𝑖,𝑗
thr−

𝑖,𝑗
rsp

 𝑖,𝑗
thr

)+
; if otherwise.

(14)

where the threshold  𝑖,𝑗
thr determines the maximum tolerable time for

executing incoming user requests from edge server 𝑒𝑖 on server 𝑒𝑗 ∈
𝑖, and  𝑖,𝑗

rsp denotes the time required by 𝑒𝑗 to process all input
user requests, taking into consideration its own request queue. If the
request queue of 𝑒𝑗 (i.e., 𝑗) is full or would become full upon accepting
new requests, it is unable to process all the input requests, and thus, the
algorithm imposes a penalty, denoted by 𝛽−. Conversely, if the requests
can be executed, the reward is calculated based on the difference
between the maximum threshold  𝑖,𝑗

thr and the actual processing time
 𝑖,𝑗

rsp, scaled by a positive coefficient 𝛽+. The notation (⋅)+ represents
the positive part of the value.

Now, let the average of all the rewards accumulated up to and
including round 𝑡 for 𝑒𝑗 ∈𝑖 be denoted by R̄𝑖

𝑡 (𝑗). The main objective
is to maximize the average rewards obtained from selecting neighbors
for each edge server in every execution round of the EVBLB algorithm.
In each iteration, our algorithm selects the neighbor with the highest
probability for any given edge server 𝑒𝑖, where the probability of
193

selecting an arbitrary neighboring edge server 𝑒𝑗 ∈ 𝑖 at time 𝑡 is
Algorithm 3 Proposed GB-Based Neighbor Selection

Input: Sets of edge servers  , user requests 𝑖
𝛥𝑇 ,∀𝑒𝑖∈ , neighbor set

𝑖,∀𝑒𝑖∈ , and VT.
Output: Optimal neighbor 𝑒𝑗 ∈𝑖,∀𝑒𝑖∈, in each round.
1: ∀𝑒𝑖∈ and 𝑒𝑗 ∈𝑖, initialize 𝑅̂𝑖

0(𝑗) and 𝐻 𝑖
0(𝑗) to zero.

2: while true do
3: 𝑡 ← 0
4: for all 𝑒𝑖 ∈  do
5: for all 𝑒𝑗 ∈ 𝑖 do
6: Compute reward 𝑅̂𝑖

𝑡(𝑗) using (14).
7: Compute probability 𝜋𝑖

𝑡 (𝑗) using (15).
8: end for
9: 𝑒𝑖′ ← argmax𝑒𝑘∈𝑖

𝜋𝑖
𝑡 (𝑘)

10: Assign all user requests in the corresponding Voronoi region to
𝑒𝑖′ .

11: Compute ̂𝑖
𝑡+1(𝑖

′) using (14).
12: Compute 𝐻 𝑖

𝑡+1(𝑖
′) using (16).

13: for all 𝑒𝑗 ∈𝑗≠𝑖 𝑖∖{𝑒𝑖′} do
14: 𝑅̂𝑖

𝑡+1(𝑗) ← R̄𝑖
𝑡 (𝑗)

15: Compute 𝐻 𝑖
𝑡+1(𝑗) using (16).

16: end for
17: end for
18: 𝑡 ← 𝑡 + 1
19: end while

calculated as follows:

𝜋𝑖
𝑡 (𝑗) =

exp
(

𝐻 𝑖
𝑡 (𝑗)

)

∑

𝑒𝑘∈𝑖
exp

(

𝐻 𝑖
𝑡 (𝑘)

) , (15)

where 𝐻 𝑖
𝑡 (𝑗) is a learned preference for taking action 𝑎𝑗 ∈ 𝑖 to

etermine the optimal action in each iteration (as shown in line 7 of
lgorithm 3). To update 𝐻 𝑖

𝑡 (𝑗) in each iteration of the GB algorithm,
e employ the stochastic gradient ascent (SGA) algorithm [16,31] as

ollows, where 𝛿>0 denotes the step-size parameter, which governs the
agnitude of the update made to the estimated action-value function

t each time step and it controls the learning rate in the GB algorithm,
hus influencing the convergence speed of the algorithm towards the
ptimal action:

𝑖
𝑡+1(𝑗)=

⎧

⎪

⎨

⎪

⎩

𝐻 𝑖
𝑡 (𝑗)+𝛿

(

̂𝑖
𝑡(𝑗)−R̄𝑖

𝑡 (𝑗)
)

𝜋𝑖
𝑡 (𝑗); if 𝑒𝑗 ∈𝑖 is

selected,

𝐻 𝑖
𝑡 (𝑗)−𝛿

(

̂𝑖
𝑡(𝑗)−R̄𝑖

𝑡 (𝑗)
)

; if otherwise.

(16)

Algorithm 3 outlines the steps taken by our GB algorithm to deter-
mine the optimal neighboring servers for each edge server. In lines 5–8,
the algorithm computes the probability of selecting each neighbor for a
given edge server using (14) and (15). It then selects the neighbor with
the highest probability and processes input requests from that partic-
ular edge server in lines 9–12. The reward for this selected neighbor
is calculated using (14). In lines 13 through 16, the rewards of non-
selected neighbors are set to R̄𝑖

𝑡 (⋅), representing their average rewards.
Additionally, the function 𝐻 𝑖

𝑡 (⋅), which determines the preference of
ach neighbor, is updated using (16).

. Complexity analysis

In this section, we investigate the complexity of the proposed al-
orithms in terms of the number of states (||) and actions (||), the
onvergence rate of the 𝑄-values, and the number of iterations needed
o achieve a near-optimal solution. Note that the time complexity of
VBLB in each round is approximated as 𝑂

(

|| ⋅ log(||) + |𝛥𝑇 |
)

[13].
The most time-consuming step in the QL-based algorithm is up-

ating the 𝑄-values, which has a time complexity proportional to the
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number of state–action pairs explored while learning. Formally, this
complexity can be expressed as 𝑂 (|| ⋅ ||), where || and || denote
the number of states and actions, respectively. The convergence rate of
the 𝑄-values depends on the learning rate (𝛼) and discount factor (𝛾).
Smaller 𝛼 and larger 𝛾 lead to slower convergence but more accurate
estimation of optimal 𝑄-values. As a result, the number of iterations
needed to achieve near-optimality varies depending on the values of
𝛼, 𝛾, and problem complexity [16,32]. It is worth noting that the time
complexity of the 𝜖-greedy policy used for action selection is negligible
compared to updating the 𝑄-value. Therefore, the overall time com-
plexity of the QL-based algorithm can be approximated as 𝑂(||⋅||⋅𝑛̂),

here 𝑛̂ is the number of iterations required to achieve near-optimality.
In the MAB algorithm, the time complexity should be analyzed

or each round on every edge server. In each round, the algorithm
alculates the KL-UCB index for every neighboring server. In turn, the
ime complexity of the KL-UCB algorithm per round can be divided into
wo steps: computing the KL divergence and minimizing the function
ver 𝛩. Typically, the KL divergence computation takes 𝑂

(

log(𝑛𝑏)
)

ime, where 𝑛𝑏 is the number of bins used to discretize the distribution.
inimizing the function over 𝜆 can be done efficiently using binary

earch, which incurs a time complexity of 𝑂
(

log(𝑛𝑟)
)

, where 𝑛𝑟 denotes
he total number of rounds. Hence, the overall complexity of the
L-UCB algorithm per round is of the order 𝑂

(

log(𝑛𝑏) log(𝑛𝑟)
)

[30].
However, other factors such as the size of the state space or 𝜈 (defined
in [13] as the maximum number of neighbors for any edge server) may
contribute to the overall time complexity. As a result of this, the time
complexity of the proposed MAB-based algorithm with KL-UCB can be
approximated as 𝑂

(

||
(

|𝑊 | + 𝜈
(

|𝑊 | + log(𝑛𝑏) log(𝑛𝑟)
)))

.
The time complexity analysis for each round of the proposed GB

algorithm can be divided into two parts. The first part involves calcu-
lating the probabilities 𝜋𝑖

𝑡 (𝑗) for any neighboring edge server 𝑒𝑗 ∈𝑖.
This, in turn, requires computing the exponential functions exp

(

𝐻 𝑖
𝑡 (⋅)

)

in (15). The time complexity of this part is upper bounded by 𝑂(𝜈2). The
econd part deals with selecting the best edge server 𝑒𝑖′ based on the
alculated probabilities and assigning all tasks in the Voronoi region
o 𝑒𝑖′ , which takes time 𝑂(𝜈). Eventually, updating the value of ̂𝑖

𝑡(𝑗)
based on the received rewards for any 𝑒𝑗 ∈𝑖 incurs a time complexity
of 𝑂(𝜈2). Therefore, the time complexity of each round is 𝑂(𝜈2), and the
total complexity of the algorithm will be in the order of 𝑂(|| ⋅ 𝜈2).

The EVBLB algorithm selects neighbors by calculating the remaining
resources of each server, which incurs a high computational overhead.
It examines the entire state space to choose the best solution, which
is selecting servers with the most remaining resources. However, this
approach requires obtaining information about all requests in the queue
of each neighbor server 𝑒𝑗 ∈ 𝑖, resulting in a time complexity of
𝑂(|𝑖|) for every server 𝑒𝑖 ∈  . Therefore, selecting the best neighbor
for any arbitrary edge server in EVBLB has a time complexity of
𝑂(

∑

𝑒𝑗∈𝑖
|𝑗 |), meaning that it can be significantly time-consuming if

neighboring servers have long request queues. On the other hand, the
MAB and GB-based algorithms proposed in this work do not require
storing information about the edge servers, including server resources
or request queues. Instead, these algorithms aim to find the optimal
neighbor based on the rewards received from the edge servers. As
a result, the optimal neighbor can be selected within an acceptable
execution time that is comparable with EVBLB.

6. Simulation results and discussions

In this section, we benchmark the performance of the proposed
LB algorithms against the EVBLB algorithm in [13]. To perform the
evaluation, the edge network is emulated using Mininet [33], and the
algorithms are implemented in Python to run on the edge servers. The
set size || is within the range of [10, 100] and 𝛥𝑇 is taken to be 2
s. The request generation rate is uniformly distributed between 100
and 200 requests per second. Each edge server is allocated {4, 8, 16, 32}
GB of memory, and processor speeds ranging from 1.0 to 4.0 GHz.
194
Table 2
Simulation parameter settings.

Parameters Value

Edge server set size (||) [10, 100]

𝑅mem
𝑖 {4, 8, 16, 32}GB

𝑅dsk
𝑖 {500, 1000, 2000}GB

𝑅cpu
𝑖 {1, 1.1,… , 4}GHz

𝛥𝑇 [100, 200]

𝑇mem
𝑖 [10, 100]MB

𝑇 dsk
𝑖 [100, 1000]MB

𝑇 cpu
𝑖 [100, 1000]MHz

𝛥𝑇 ∕𝛥𝑇max 2∕10 s

 {0.01, 0.02,… , 1}
 {0.1, 0.2,… , 10} s
Max. no. iterations to find 𝑖 (𝑛̄) 50
Max. no. neighboring servers (𝜈) 5
Max. domain radius (𝛹 ) 5
Step size (𝛿) 0.01
Max. execution time ( 𝑖,𝑗

thr ) 30 s
𝛼∕𝛾∕𝜃 0.2∕0.2∕0.5

Fig. 4. Temporal comparison of execution count between the proposed QL-based
algorithm and the EVBLB algorithm.

The memory usage of user requests is set to be in the range of 10
to 100 MB and processing cycle requirements between 100 and 1000
GHz. Unless explicitly specified, Table 2 summarizes the simulation pa-
rameters and their respective values used throughout our simulations.
Furthermore, a 95% confidence interval (CI) has been incorporated in
Figs. 6, 7, and 8 for better statistical representation.

Fig. 4 illustrates the efficacy of the proposed QL-based algorithm
by showcasing its output with respect to different time intervals. Un-
like the static intervals employed in EVBLB, our QL-based algorithm
leverages the LBF metric to adeptly adjust to dynamic changes in
user request rates and thus, predict the optimal future time intervals.
Consequently, we can affirm that the QL-based algorithm is capable of
predicting intervals without the need for any initial setup. As evident in
Fig. 4, the optimal 𝛥𝑇 (=3.3 s) obtained by the QL-based algorithm lies
in between the two fixed intervals of 2.5 and 4.8 s. Moreover, we
also observe that the QL-based algorithm requires fewer iterations to
achieve the optimal interval compared to the next highest fixed interval
in the EVBLB algorithm. For instance, after running the two algorithms
for 500 s on the edge network, the QL-based algorithm obtains the
optimal interval with nearly 28% fewer iterations compared to EVBLB
using a fixed interval length of 𝛥𝑇 = 2.5 s. Additionally, the QL-based
algorithm requires approximately 36% more iterations than using a
fixed interval length of 𝛥𝑇 =4.8 s.

Fig. 5 shows how our QL-based algorithm consistently enhances
the LBF in response to network dynamics. Initially, it is observed that
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Fig. 5. Temporal comparison of LBF between the proposed QL-based algorithm and
the EVBLB algorithm.

Fig. 6. Temporal comparison of the proposed MAB and GB algorithms with EVBLB in
erms of various performance metrics.

he LBF is high (close to 0.3), which is attributed to the relatively
ow number of user requests residing in the majority of server queues.
owever, as the simulation time progresses and the network load

ncreases, the LBF gradually decreases as larger queues are formed.
uch behavior is due to the algorithm’s capability to adapt to dynamic
hanges in the network and determine the optimal 𝛥𝑇 interval using 𝜃=
0.5. While the figure exhibits noticeable fluctuations due to variations
in incoming requests, the overall trend of the LBF is downward. Similar
to the observations in Fig. 4, we note that the LBF associated with the
optimal 𝛥𝑇 obtained through the QL-based algorithm falls is bounded
by the LBF values for intervals 𝛥𝑇 =2.5 and 𝛥𝑇 =4.8 s.

To compare the performance of the MAB and GB algorithms with
the EVBLB algorithm, we measured and analyzed five performance
metrics, namely the LBF, throughput (i.e., number of user requests
195

processed per second), the average response time, and the maximum
Fig. 7. Comparison of the makespan time and average response time in terms of the
number of edge servers.

task completion time (also known as makespan time) in Fig. 6. The
simulations were conducted over 10 runs using random seeding to ob-
tain the output results. Fig. 6(a) shows the LBF obtained from the three
algorithms over time. In the early stages of the simulation (the first
100 s), the LBF remains high despite imperfect LB, primarily due to the
distribution of requests among high-capacity servers and underutilized
low-capacity edge servers, as well as the basic network settings such
as resource capacity of edge servers, user input rate, and execution
period 𝛥𝑇 . However, as the high-capacity servers become exhausted,
incoming requests are rapidly redirected to low-capacity servers, thus
leading to a significant decrease in the LBF and the initiation of LB
on the network. According to Fig. 6(a), EVBLB yet performs better
than the other two algorithms. This is because it searches compre-
hensively for the server with the highest available resources, which
incurs additional computational overhead. Although there is a slight
performance disparity between EVBLB and the other algorithms in the
long run, this difference is negligible from a performance perspective
since the MAB and GB algorithms demonstrate lower overhead and
better interaction with the environment. This marginal difference is due
to the fact that a neighbor server may not always possess the maximum
remaining resources among all neighboring edge servers. Considering
that the MAB and GB algorithms employ similar strategies for selecting
the neighboring edge server, their performances are comparable. In
Fig. 6(b), we see that EVBLB initially outperforms MAB and GB in terms
of throughput. This is due to EVBLB’s selection of servers with higher
resources, enabling a higher rate of request execution. However, the
proposed algorithms gradually improve their performance over time
as they learn and select optimal neighboring servers. Consequently,
after approximately 1500 s, a marginal difference of 2.4% is observed
compared to the EVBLB algorithm. Fig. 6(c) plots the variations in
the average response time for the three algorithms over time. The
EVBLB algorithm exhibits a lower average response time by distributing
requests to servers with higher resources in each round, ensuring they
are processed on servers with shorter response times. Conversely, the
MAB and GB algorithms, due to their learning behavior over time, may
occasionally select servers with lower resources, resulting in longer
average execution times for certain input requests. The makespan time
of input requests across the three algorithms is shown in Fig. 6(d).
The baseline algorithm consistently achieves lower times compared
to the other two algorithms due to its preference for servers with
higher resources, thus enabling faster execution of tasks in the queue.
In contrast, the proposed algorithms exhibit significant fluctuations
in makespan due to changes in input requests. However, as these
two algorithms identify optimal neighboring servers over time, the
fluctuations in maximum execution time diminish. It is worth noting
that EVBLB maintains a linear trend with its static server selection
policy, while the dynamic behavior of the other two algorithms leads

to noticeable fluctuations in the figure.
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Fig. 8. Comparison of the blocking rate in terms of queue size.

Fig. 7 depicts the completion time and average response time as
unctions of the number of resources. In Fig. 7(a), we observe that
he makespan time drops at the same rate for all three algorithms. A
imilar trend is also evident in Fig. 7(b) for the three algorithms. This
s a clear indication of their ability to effectively distribute requests
o servers and improve performance metrics as the number of servers
and thus, resources) increases. In addition to their effectiveness, these
esults also demonstrate the scalability of the algorithms in handling
igh resource levels.

Fig. 8 displays the blocking rate of incoming requests as the ca-
acity of the server queues increases. It is evident that an increase
n queue capacity leads to a decrease in the rate of servers being
locked. Specifically, the EVBLB algorithm, which selects servers based
n shorter queues (determined by the calculating the remaining re-
ources of the neighboring servers) exhibits a lower blocking rate. As
entioned earlier, due to the static server selection policy, EVBLB
emonstrates a linear decrease in the blocking rate. Conversely, MAB
nd GB show significant fluctuations in their blocking rates. These
wo ML-based algorithms, which have the potential to select servers
ith longer queues and limited task execution capabilities, result in
igher blocking rates compared to the baseline algorithm. However, as
he queue capacity increases, their blocking rates gradually converge
owards the blocking rate of the EVBLB algorithm. As depicted in the
igure, at a queue capacity of || = 380, the blocking rates of MAB and
B algorithms are only negligibly higher, with MAB at 0.33 and GB at
.339, respectively, compared to that of EVBLB.

Lastly, the performance of the three algorithms in selecting suitable
eighbors for each round of execution in a scenario with 500 edge
ervers and a maximum queue size of 500 is illustrated in Fig. 9.
he analysis considers varying numbers of neighbors to assess their

mpact on time consumption. The experimental results reveal that the
wo proposed ML-based algorithms exhibit significantly lower time con-
umption compared to the baseline algorithm. Notably, for scenarios
ith a small number of neighbors, the GB algorithm outperforms the
AB algorithm. However, as the number of neighbors increases, the

ime for finding neighboring servers rises in GB due to its inherent
ime complexity, leading to the superiority of MAB in such cases. These
indings clearly highlight the efficiency and scalability of the proposed
lgorithms in large-scale edge computing environments.

In summary, the results demonstrate that the EVBLB algorithm
utperforms the proposed MAB and GB algorithms across all five perfor-
ance metrics. However, this superior performance comes at the cost

f significant overhead, involving the collection of server information,
alculating remaining resources, and queue status for server selection
n each round. This overhead becomes more pronounced with an
ncreasing number of edge servers and longer queue lengths. On the
196

s

Fig. 9. Neighboring server selection time in terms of neighbor set size.

other hand, the two ML-based algorithms do not require server informa-
tion collection or resource calculations. They can autonomously learn
and adapt to changes in the network and servers over time, making
them more distributed and flexible. Moreover, these two algorithms
exhibit similar performance in all evaluation metrics. Consequently, the
difference in outputs between these two algorithms is negligible, high-
lighting their efficiency in terms of execution time without the need
for extensive server information collection. This makes the proposed
dynamic algorithms highly practical for real-world deployment.

7. Conclusion

In this paper, we have focused on efficient load distribution across
edge servers with limited resources. In particular, we have proposed
three ML-based algorithms to address the shortcomings of the existing
EVBLB algorithm for EC environments. The QL-based algorithm has
been proposed to predict the optimal time intervals for executing
the EVBLB algorithm under varying network conditions, thus strik-
ing a balance between execution overhead and LB effectiveness. To
enable better neighbor selection based on the resource availability
of edge servers, the MAB and GB algorithms have been proposed as
further improvements to the EVBLB algorithm. Simulation results have
demonstrated significant improvements offered by all three algorithms
compared to the base algorithm, thus making them practically feasible.
Although the proposed algorithms demonstrate improvements, they are
vulnerable to unstable network behavior. To overcome these challenges
and further enhance their efficiency, future research endeavors will
concentrate on addressing these limitations and developing advanced
algorithms. Furthermore, the architecture should consider additional
parameters such as bandwidth constraints, energy consumption, and
the integration of LB with offloading, among others.
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