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Abstract. Mixed Reality (MR) is establishing itself as one of the most prominent
immersive applications, enabled by advanced computing and communication in-
frastructures that must deliver high throughput, low latency, and high reliability
simultaneously. To meet the stringent requirements of MR applications, while
balancing competition with less demanding workloads and varying operational
costs, cloud and edge computing resources must be efficiently orchestrated.
Despite extensive research on task offloading, key aspects such as accurately
modeling MR demand and incorporating adequate infrastructure cost remain
underexplored. In this work, we formalize the resource allocation problem
and introduce LOTOS (Local Optimal Task Orchestration Solution), a novel
approach that efficiently orchestrates multiple workloads, including MR appli-
cations. Through simulations using EdgeCloudSim, a load generator based on
real MR application traces, and the real-world cloud and edge platform costs, we
demonstrate the effectiveness of LOTOS. Compared to a widely cited approach
in the literature, LOTOS achieves over 15% more successfully completed tasks
while reducing costs by up to 8 times.

1. Introduction
The future of wireless access networks introduces significant advancements that enable
the deployment of services with highly demanding requirements in terms of resource
consumption and quality of service (QoS). Among these, Mixed Reality (MR) applications
stand out as a compelling use case, exemplifying the stringent demands of such services
due to their high requirements for low latency and computational resources [Nowak et al.
2021, Wang et al. 2023, Toczé et al. 2020]. Beyond the inherent challenges posed
by the application class itself, the increasing density of connected devices in wireless
networks, driven by the proliferation of ubiquitous Internet of Things (IoT) devices, further
complicates the challenge of maintaining the required quality parameters. Each mobile
device presents unique characteristics and is constrained by limited processing power,
memory, energy, and storage, making it impractical for many workloads to be processed
locally on user devices. To address these limitations, the adoption of edge computing
emerges as a key enabler for immersive applications powered by wireless technologies
such as WiFi 6E/7/8. Edge computing brings computational resources closer to end users,
reducing latency and alleviating the burden on resource-constrained devices, thus playing
a critical role in meeting the stringent demands of MR and other immersive services.

The adoption of edge computing enables workloads to be executed on servers
located at the edge of the network, offering an alternative to traditional cloud computing,
where services rely on centralized servers in distant data centers. By bringing com-
putational resources closer to the user, edge computing effectively meets the stringent
requirements of services demanding low latency and high computational capacity. In



addition to ensuring low latency, edge computing also alleviates congestion in the access
network, improving overall service quality. Furthermore, it helps conserve scarce re-
sources on mobile devices, such as battery life, memory, and storage, enhancing efficiency
and usability.

Despite the benefits of deploying services on edge servers, the combination of
high workloads and the dynamic nature of these demands can lead to resource scarcity
at the edge. In this context, it becomes crucial to prioritize services with more stringent
QoS requirements during resource allocation. Additionally, when edge resources are
insufficient, it is essential to identify tasks that can be offloaded to the cloud. Resource
constraints and network congestion are not uncommon and can occur during peak hours
of regular service operation. They are further exacerbated during social events that
concentrate large populations in a short timeframe, such as sporting events or music
festivals. These scenarios highlight the need for advanced resource allocation strategies
that ensure QoS requirements are met while optimizing the use of the limited resources
available on distributed edge servers.
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Figure 1. Edge/Cloud computing infrastructure.

In this context, we propose LOTOS, a framework designed to address the resource
allocation problem by orchestrating a set of tasks (an abstraction to users workload)
offloading the processing demand into virtual machines (VM) on the edge or cloud in-
frastructure (Figure 1). LOTOS employs a locally optimal approach, solving a portion
of the problem iteratively to achieve efficient solutions. It is worth noting that, while the
proposed solution leverages WLAN as the access interface to the edge infrastructure, it
can be easily adapted for telecommunications networks, such as 5G. In this work we intend
to: 1) verify the benefits of preemptively solving resource allocation for multiple tasks; 2)
present a framework that considers not only users QoS requirements but also the cost of
consuming infrastructure resources; 3) analyze the improvements achieved by LOTOS in
comparison to existing solutions in the literature.

The remainder of this work is organized as follows: Section 2 discusses related
works and highlights the comparative aspects between those solutions and LOTOS. In
Section 3, we detail our solution, structured into three stages. Section 4 provides a
comparative analysis of our approach, presenting a detailed description of the experimental
scenario. Finally, Section 5 concludes the work and outlines directions for future research.



2. Related Works
In this section, we compare our solution with existing works in the literature that address
resource allocation and task orchestration in cloud and edge infrastructures. Table 1
summarizes the main comparative aspects of these works. The first column lists the
referenced papers, the second column describes the type of solution employed, where
ILP stands for Integer Linear Programming problem, and the last four columns outline the
objectives pursued by the respective studies. The acronyms MF, MQ, OR, and MC denote
Minimize Failures, Maximize Quality of Service (𝑄𝑜𝑆), Optimize Resource Utilization,
and Minimize Cost, respectively.

Table 1. Related works characteristics.

Article Solution approach MF MQ OR MC

[Sonmez et al. 2019] Heuristic ✓ - ✓ -
[Toczé and Nadjm-Tehrani 2019] Heuristic ✓ - - -

[Jamil et al. 2023] Heuristic ✓ - ✓ -
[Peixoto and Azim 2023] Machine Learning ✓ - - -

[Almutairi and Aldossary 2021] Heuristic ✓ - - -
[Sonmez et al. 2021] Machine Learning ✓ - - -
[Abdah et al. 2021] Heuristic ✓ - - -
[Zheng et al. 2022] Machine Learning ✓ - - -

[Theodoropoulos et al. 2023] Heuristic ✓ - - -
LOTOS ILP ✓ ✓ ✓ ✓

The authors in [Sonmez et al. 2019] propose the use of fuzzy logic as a decision-
making mechanism for orchestrating workloads between edge and cloud servers. The
problem is addressed in two phases: first, a decision is made to select the candidate edge
node to receive the workload. In the second phase, a comparison is conducted between
the selected edge node and the central cloud node to determine where the workload will
be processed. The proposed solution aims to minimize failures caused by insufficient
network or processing resources, as well as issues related to mobility, such as asynchrony
between user association and access points during upload and download. Additionally, the
work analyzes the service time of tasks and the utilization of processing resources. The
proposed model considers a three-tier infrastructure composed of multiple edge servers
and a single cloud server.

The authors in [Toczé and Nadjm-Tehrani 2019] propose a solution named ORCH to
address the task orchestration problem in scenarios involving non-stationary edge servers.
This approach not only determines task placement but also optimizes the positioning of
the servers themselves, ensuring that all requests are handled with minimal failures.

In [Jamil et al. 2023], the Belief Rule Base (BRB) technique is applied to address
the high complexity and inherent uncertainties of the orchestration problem. This approach
relies on pre-established decision rules to determine the orchestration of tasks across
servers within a three-tier architecture. Similar to the methodology in [Sonmez et al.
2019], the problem is addressed in two phases, maintaining the same decision scope.
The primary objective is to optimize the utilization of computational resources, minimize
failures, and ensure compliance with latency requirements.



In [Sonmez et al. 2021], the authors propose a machine learning-based task
orchestration model, structured in two phases. In the first phase, a classification model is
employed to predict whether a task should be allocated to the edge or the cloud. In the
second phase, a regression model is utilized to predict the service time for tasks allocated
to the selected architecture, as determined in the first phase. The work considers Vehicular
Edge Computing (VEC), where tasks can be allocated to either the edge or the cloud via
Road Communication Units (RSUs) or through cellular networks, such as 5G.

Similar to the approach in [Sonmez et al. 2021], the authors in [Peixoto and
Azim 2023] also explore a VEC scenario and tackle the orchestration problem using
machine learning algorithms. The authors analyze and compare several regression models,
including random forest, linear regression, and Support Vector Machine (SVM). However,
unlike the work in [Sonmez et al. 2021], their model consists of a single phase. In this
case, the proposed solution, which utilizes only a regression model to predict the service
time of tasks allocated either at the edge or in the cloud, demonstrates more efficient results
compared to its counterpart.

The authors in [Almutairi and Aldossary 2021] and [Abdah et al. 2021] employ
fuzzy logic to make task allocation decisions, taking into account various application
characteristics such as processing demand, network requirements, and latency constraints,
as well as the level of resource utilization at both the edge and the cloud. In [Abdah
et al. 2021], the authors propose a solution consisting of three modules. The identification
module determines the most suitable edge server for task allocation. In the classification
module, the task is categorized as either low-demand or high-demand. Finally, in the
decision module, the parameters derived from the previous modules are fed into the fuzzy
logic model, which decides whether the task should be allocated to the cloud server or to
the edge server identified in the first module.

In [Zheng et al. 2022], Deep Reinforcement Learning (DRL) is applied as an
orchestration solution aimed at minimizing the service time experienced by the user. The
decision space includes the set of edge and cloud servers available for task allocation, with
the reward or penalty function based on task service time to guide the agent’s decisions.
While the paper presents a model formalizing the addressed problem, it does not include
an evaluation with an exact solution.

Almost all of the works presented (except for [Theodoropoulos et al. 2023])
utilize the EdgeCloudSim [Sonmez et al. 2017] tool to simulate the implementation of the
proposed strategies. Among these, only [Zheng et al. 2022] presents a mathematical model
formalizing the addressed problem, although the authors do not provide an evaluation
based on this model. The majority of the strategies rely on fuzzy logic or machine
learning models as orchestration solutions, meaning all the approaches offer non-exact
solutions to the problem. Additionally, none of these works consider the infrastructure
cost in the decision-making process. A further limitation across all the cited works is the
decision being made for each task individually, without considering the overall system.

3. Model and Problem Statement

Subsection 3.1 introduces the system model for the task orchestration problem in an edge
and cloud computing infrastructure. Subsection 3.2 provides a detailed explanation of the
three-stage strategy designed to address this problem.



3.1. System Model
We consider that a user 𝑢 ∈ U is connected to an access point 𝑎 ∈ A in an infrastructure
similar to the one shown in Figure 1. Each user generates a set of tasks, which are
an abstract concept representing the workload unit composed of processing instructions,
demand of memory and CPU, and the amount of data generated by an application. We
define a VM as 𝑣 ∈ E ∪ C ∪ 0, where 0 is a machine located close to the access point to
which user 𝑢 is connected, E is a neighboring edge VM, and C is a VM in the cloud. The
overall objective of the model is to allocate users tasks to VMs in order to maximize the
number of tasks successfully executed in accordance with network, delay, processing, and
memory constraints, while minimizing the cost of using the infrastructure.

3.2. Problem Formulation
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Figure 2. Local Optimal Task Orchestration Solution (LOTOS).

The proposed solution consists of three stages. In the first stage, we calculate
the amount of resources consumed by a set of tasks allocated to a VM. Simultaneously,
given the available resources, we determine the processing time of tasks sharing resources
within the VM. In the second stage having as input the output of Stage 1, the objective
is to maximize the number of tasks successfully executed by deciding where each task
will be allocated. Finally, in the third stage, the goal is to minimize the monetary cost
of processing the maximum number of tasks identified in Stage 2. Figure 2 provides an
overview of the three-stage solution proposed in this work. The following subsections
provide a detailed explanation of each of the three stages.

3.2.1. Stage 1 - Calculate configuration demand

In the first stage of LOTOS, we need to calculate the resource consumption and the
time required to process each task in a given virtual machine (VM). To achieve this, we
implement Algorithms 1 and 2, which perform the calculations for a specific set of tasks
𝑓 allocated to a particular VM 𝑣. We define 𝑓 as an element of the power set F = P(T ),
representing a specific combination of tasks, where the resources available in VM 𝑣 are
shared among them. The outputs of these algorithms for all 𝑓 ∈ F and 𝑣 ∈ V will be
used in the execution of stages 2 and 3.

The Algorithm 1 outlines the calculation of the processing time of all tasks 𝑡 ∈ 𝑓

when assigned to a virtual machine 𝑣. In addition to the set 𝑓 and VM 𝑣, the algorithm
takes as input the CPU speed in Million Instructions Per Second (MIPS) and the number of
cores of the VM (Ω𝑣,Φ𝑣), the demands of each task 𝑡 (𝜔𝑡

𝑢, 𝜙
𝑡
𝑢) in Million Instructions (MI)

and number of cores respectively, and the time at which each task completed the upload



Algorithm 1 ConfigurationFeatures
Require: 𝑣, 𝑓 , Φ𝑣,Ω𝑣, 𝜔𝑡

𝑢, 𝜙
𝑡
𝑢, 𝛿

𝑡,𝑢

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
∀𝑡 ∈ 𝑓

Ensure: Update 𝛿
𝑡,𝑢

𝑓 𝑖𝑛𝑎𝑙

1: T 𝑣
𝑜𝑟𝑑
← Sort(𝛿𝑡,𝑢

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
∀𝑡 ∈ 𝑓 ).

2: 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ←Min(𝛿𝑡,𝑢
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

∀𝑡 ∈ 𝑓 ).
3: 𝑘 ← 1 𝑖 ← T 𝑣

𝑜𝑟𝑑
[𝑘] 𝑗 ← T 𝑣

𝑜𝑟𝑑
[𝑘 + 1] T 𝑣

𝑐𝑜𝑛 ← 𝑖.
4: while (𝑘 ≠ |T 𝑣

𝑜𝑟𝑑
|) do

5: 𝛿𝑑𝑖 𝑓 ← 𝛿
𝑗

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
− 𝛿𝑖

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
.

6: UpdateWorkload.
7: T 𝑣

𝑐𝑜𝑛 ← T 𝑣
𝑐𝑜𝑛 ∪ 𝑗 𝑘 ← 𝑘 + 1 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 + 𝛿𝑑𝑖 𝑓 .

8: 𝜌
𝑓
𝑣 ←Max(𝜌 𝑓

𝑣 , CPU(T 𝑣
𝑐𝑜𝑛)) , 𝜏

𝑓
𝑣 ←Max(𝜏 𝑓

𝑣 , RAM(T 𝑣
𝑐𝑜𝑛))

9: 𝑖 ← T 𝑣
𝑜𝑟𝑑
[𝑘] 𝑗 ← T 𝑣

𝑜𝑟𝑑
[𝑘 + 1].

10: end while
11: while (T 𝑣

𝑐𝑜𝑛 ≠ ∅) do
12: 𝑖 ←Min(𝜔𝑡

𝑢 × 𝜙𝑡𝑢 ∀𝑡 ∈ T 𝑣
𝑐𝑜𝑛).

13: 𝑐𝑝𝑡 ← Φ𝑣

|T 𝑣
𝑐𝑜𝑛 |+|T 𝑣

𝑙𝑒𝑔𝑎𝑐𝑦
| 𝑐𝑎𝑝𝑖𝑢 ←

𝑐𝑝𝑡

Max(𝜙𝑖𝑢,𝑐𝑝𝑡)
×Ω𝑣 𝛿𝑑𝑖 𝑓 ← 𝜔𝑖

𝑢

𝑐𝑎𝑝𝑖𝑢
.

14: UpdateWorkload.
15: 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 + 𝛿𝑑𝑖 𝑓 .
16: end while
(𝛿𝑡,𝑢

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
). The algorithm output provides the time at which the tasks in 𝑓 finish executing

their entire workload. Initially, the tasks in 𝑓 are sorted by the 𝛿
𝑡,𝑢

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
values (line 1). The

variable 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 receives the most recent time among all tasks in 𝑓 (line 2). The set T 𝑣
𝑐𝑜𝑛

stores all tasks with residual workloads that compete for processing resources. Initially,
T 𝑣
𝑐𝑜𝑛 is populated with the most recently generated task(s) (line 3).

In the first loop (lines 4-9), we iterate through the list T 𝑣
𝑜𝑟𝑑

while updating T 𝑣
𝑐𝑜𝑛 with

the tasks that begin to demand computational resources. The variable 𝛿𝑑𝑖 𝑓 represents the
time period during which the tasks in T 𝑣

𝑐𝑜𝑛 compete for resources. This value is used to
decrease the remaining number of instructions for each task, as well as to update the time
and determine when a task is completed (Algorithm 2). Additionally, in line 8, we track
the maximum CPU and RAM usage by comparing the most recent usage record with the
amount consumed by the tasks in T 𝑣

𝑐𝑜𝑛.
The Algorithm 2 only updates the remaining workload for each task 𝑡. 𝑐𝑎𝑝𝑡𝑢 stores

the amount of processing capacity in MIPS available for task 𝑡 generated by user 𝑢 when
the tasks in the set T 𝑣

𝑐𝑜𝑛 are being processed simultaneously. At the end of the first loop,
T 𝑣
𝑐𝑜𝑛 contains the tasks that have not yet finished processing their workload. In the second

loop (lines 11-15), we calculate the completion time of the task with the smallest remaining
workload while simultaneously updating the residual workload of the other tasks. T 𝑣

𝑙𝑒𝑔𝑎𝑐𝑦

represents the legacy tasks that are still being processed in the VM. Once T 𝑣
𝑐𝑜𝑛 = ∅, we

will have completed the final processing time calculation for all tasks in 𝑓 in the VM 𝑣.

3.2.2. Stage 2 - Maximize the number of tasks executed successfully
Equations 1-9 represent the problem to be solved in Stage 2 of LOTOS. The objective,
defined in equation 1, aims to maximize the number of tasks executed successfully by
allocating them to any available VM within the infrastructure. The binary decision



Algorithm 2 UpdateWorkload
Require: T 𝑣

𝑐𝑜𝑛, 𝛿𝑑𝑖 𝑓 , 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 , 𝑐𝑎𝑝, 𝜙
𝑡
𝑢, 𝜔

𝑡
𝑢 ∀𝑡 ∈ T 𝑣

𝑐𝑜𝑛

Ensure: Update T 𝑣
𝑐𝑜𝑛, 𝛿

𝑡,𝑢

𝑓 𝑖𝑛𝑎𝑙
e 𝜔𝑡

𝑢

1: for 𝑡 ∈ T 𝑣
𝑐𝑜𝑛 do

2: 𝑐𝑝𝑡 ← Φ𝑣

|T 𝑣
𝑐𝑜𝑛 |+|T 𝑣

𝑙𝑒𝑔𝑎𝑐𝑦
| 𝑐𝑎𝑝𝑡𝑢 ←

𝑐𝑝𝑡

Max(𝜙𝑡𝑢,𝑐𝑝𝑡)
×Ω𝑣.

3: if 𝛿𝑑𝑖 𝑓 × 𝑐𝑎𝑝𝑡𝑢 ≥ 𝜔𝑡
𝑢 then

4: T 𝑣
𝑐𝑜𝑛 ← T 𝑣

𝑐𝑜𝑛 − 𝑡.
5: 𝛿

𝑡,𝑢

𝑓 𝑖𝑛𝑎𝑙
← 𝛿𝑐𝑢𝑟𝑟𝑒𝑛𝑡 + 𝜔𝑡

𝑢

𝑐𝑎𝑝𝑡𝑢
.

6: else
7: 𝜔𝑡

𝑢 ← 𝜔𝑡
𝑢 − (𝛿𝑑𝑖 𝑓 × 𝑐𝑎𝑝𝑡𝑢).

8: end if
9: end for

variable 𝑥 𝑓
𝑣 indicates the allocation of the task set 𝑓 to the VM 𝑣, where 𝑥 𝑓

𝑣 = 1 if the set 𝑓
is allocated to VM 𝑣, and 𝑥

𝑓
𝑣 = 0 otherwise. The function 𝐴(𝑥 𝑓

𝑣 ) returns the total numbers
of tasks in the set 𝑓 .

Each virtual machine, whether located at the edge or in the cloud, has processing
capabilities defined by 𝑃𝑣. Additionally, the computational resource consumption when
a set of tasks 𝑓 is executed on a VM 𝑣 is represented by 𝜌

𝑓
𝑣 . Equation 2 establishes

that the computational resources consumed by a task allocation to a virtual machine must
not exceed the machine’s capacity. Similarly, constraint 3 ensures that the amount of
RAM memory demanded, denoted as 𝜏 𝑓

𝑣 , does not exceed the VM capacity 𝑇𝑣. The CPU
and RAM consumption, represented by 𝜌

𝑓
𝑣 and 𝜏

𝑓
𝑣 , are calculated in Algorithm 1, which

records the maximum consumption of resources during task workload execution.
Equations 4-6 establish the capacity constraints for the WLAN, WAN, and MAN

links, respectively. The WLAN link is utilized when a task is allocated to any VM
within the edge infrastructure. The WAN link is employed when the task is assigned to
a cloud-based VM, while the MAN link is activated for tasks allocated to neighboring
edge VMs that are not co-located with the same access point. Each access point features
dedicated WLAN and WAN communication links: the WLAN link connects users within
its coverage area to the access point, and the WAN link connects the access point to the
cloud infrastructure.

The parameters 𝜁𝑤𝑙𝑎𝑛𝑎 and 𝜁𝑤𝑎𝑛𝑎 define the maximum number of users that can be
supported by the WLAN and WAN links, respectively, and are provided as input values.
The functions 𝑊𝑤𝑙𝑎𝑛

𝑑𝑒𝑣
(𝑥 𝑓

𝑣 , 𝑎) and 𝑊𝑤𝑎𝑛
𝑑𝑒𝑣
(𝑥 𝑓

𝑣 , 𝑎) calculate the number of users transmitting
data through the links at access point 𝑎, based on the decision variable 𝑥

𝑓
𝑣 . Equation 6

establishes the usage limit for the MAN link, which is shared among all access points. The
parameters 𝜁𝑚𝑎𝑛

𝑢𝑙
and 𝜁𝑚𝑎𝑛

𝑑𝑙
specify the maximum number of tasks that can be transmitted on

the MAN link in upload and download, respectively. The function 𝑊𝑡𝑎𝑠𝑘𝑠 (𝑥 𝑓
𝑣 ) represents

the number of tasks utilizing the MAN link, according to the decision variable 𝑥
𝑓
𝑣 .

Constraint 7 ensures that the delay experienced by each task remains below a pre-
defined input threshold. The total delay comprises two components: the communication
delay, which accounts for the time required to transmit a task to a VM and return the
results to the user’s device, and the processing delay, which reflects the time needed to
complete the task’s workload. The function 𝑀 (𝑥 𝑓

𝑣 , 𝑡, 𝑢) = 1 if task 𝑡, generated by user 𝑢,



is included in the set 𝑓 , and 𝑀 (𝑥 𝑓
𝑣 , 𝑡, 𝑢) = 0 otherwise. The terms Γ𝑡,𝑢,𝑣

𝑐𝑜𝑚 , Γ𝑡,𝑢,𝑣
𝑝𝑟𝑜𝑐 and Γ

𝑡,𝑢,𝑣
𝑤𝑎𝑖𝑡

represent the communication delay, the processing delay, and the waiting time before a
task is send to the orchestrator respectively.

maximize
∑︁
𝑓 ∈F

∑︁
𝑣∈V

𝑥
𝑓
𝑣 × 𝐴(𝑥 𝑓

𝑣 ) (1)

subject to:
∑︁
𝑓 ∈F

∑︁
𝑣∈V
(𝑥 𝑓

𝑣 × 𝜌
𝑓
𝑣 ) ≤ 𝑃𝑣, (2)∑︁

𝑓 ∈F

∑︁
𝑣∈V
(𝑥 𝑓

𝑣 × 𝜏 𝑓
𝑣 ) ≤ 𝑇𝑣, (3)∑︁

𝑎∈A

∑︁
𝑓 ∈F

∑︁
𝑣∈E
(𝑥 𝑓

𝑣 ×𝑊𝑤𝑙𝑎𝑛
𝑑𝑒𝑣 (𝑥

𝑓
𝑣 , 𝑎)) ≤ 𝜁𝑤𝑙𝑎𝑛𝑎 , (4)∑︁

𝑎∈A

∑︁
𝑓 ∈F

∑︁
𝑣∈C
(𝑥 𝑓

𝑣 ×𝑊𝑤𝑎𝑛
𝑑𝑒𝑣 (𝑥

𝑓
𝑣 , 𝑎)) ≤ 𝜁𝑤𝑎𝑛𝑎 , (5)∑︁

𝑓 ∈F

∑︁
𝑣∈E
(𝑥 𝑓

𝑣 ×𝑊𝑡𝑎𝑠𝑘𝑠 (𝑥 𝑓
𝑣 )) ≤ 𝑀𝑖𝑛(𝜁𝑚𝑎𝑛

𝑢𝑙 , 𝜁𝑚𝑎𝑛
𝑑𝑙 ), (6)

(Γ𝑡,𝑢,𝑣
𝑐𝑜𝑚 + Γ𝑡,𝑢,𝑣

𝑝𝑟𝑜𝑐 + Γ𝑡,𝑢,𝑣
𝑤𝑎𝑖𝑡
) × 𝑥 𝑓

𝑣 × 𝑀 (𝑥 𝑓
𝑣 , 𝑡, 𝑢) ≤ Δ𝑡

𝑢,

∀ 𝑓 ∈ F , 𝑡 ∈ T , 𝑢 ∈ U, 𝑣 ∈ V, (7)∑︁
𝑓 ∈F

∑︁
𝑣∈V

𝑥
𝑓
𝑣 × 𝑀 (𝑥 𝑓

𝑣 , 𝑡, 𝑢) ≤ 1,∀𝑡 ∈ T , 𝑢 ∈ U, (8)∑︁
𝑓 ∈F

𝑥
𝑓
𝑣 ≤ 1,∀𝑣 ∈ V . (9)

Finally, Equation 8 ensures that the model produces a single solution for each task
𝑡 generated by user 𝑢, while Equation 9 guarantees that at most one set of tasks 𝑓 is
allocated to a VM 𝑣.

The communication time is calculated using the following equations:

Γ𝑡,𝑢,𝑣
𝑐𝑜𝑚 =

𝛼𝑡
𝑢 + 𝛽𝑡𝑢
𝑅𝑤𝑙𝑎𝑛

,
𝛼𝑡
𝑢 + 𝛽𝑡𝑢
𝑅𝑤𝑎𝑛

+ Γ𝑤𝑎𝑛
𝑝𝑟𝑜𝑝 ,

1
𝜁𝑚𝑎𝑛
𝑢𝑙
− 𝜆 +

1
𝜁𝑚𝑎𝑛
𝑑𝑙
− 𝜆 + Γ

𝑚𝑎𝑛
𝑝𝑟𝑜𝑝, (10)

each representing the communication delay for the WLAN, WAN and MAN links, respec-
tively. Here, 𝛼𝑡

𝑢 and 𝛽𝑡𝑢 denote the task size during upload and download, respectively,
while 𝑅𝑤𝑙𝑎𝑛 and 𝑅𝑤𝑎𝑛 represent the per user bandwidth of the WLAN and WAN links. The
term Γ𝑤𝑎𝑛

𝑝𝑟𝑜𝑝 corresponds to the propagation delay of the WLAN link. The third equation
computes the communication delay for the MAN link, modeled as an M/M/1 queueing
system. In this context, 𝜆 =

∑
𝑓 ∈F

∑
𝑣∈E (𝑥

𝑓
𝑣 ×𝑊𝑡𝑎𝑠𝑘𝑠 (𝑥 𝑓

𝑣 )) represents the total number of
tasks transmitted through the MAN link, based on the allocation of tasks 𝑓 to VM 𝑣. The
term Γ𝑚𝑎𝑛

𝑝𝑟𝑜𝑝 accounts for the propagation delay of the MAN link.
The processing time is determined using the following equation:

Γ𝑡,𝑢,𝑣
𝑝𝑟𝑜𝑐 = 𝛿

𝑡,𝑢

𝑓 𝑖𝑛𝑎𝑙
− 𝛿𝑡,𝑢

𝑖𝑛𝑖𝑡𝑖𝑎𝑙
, (11)

where 𝛿𝑡,𝑢
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

is given as input, and 𝛿
𝑡,𝑢

𝑓 𝑖𝑛𝑎𝑙
is computed in Stage 1 using Algorithms 1 and 2.



3.2.3. Stage 3 - Minimize architecture cost

The solution presented in Stage 2 determines the destination for each task, aiming to
minimize failures and optimize the utilization of storage, processing, and communication
resources, while ensuring compliance with the quality requirements specific to the appli-
cation. In Stage 3, the goal is to minimize the infrastructure implementation cost, without
overlooking the benefits achieved by the solution developed in Stage 2.

Equation 12 defines the objective function for minimizing the total cost of using
virtual machines for task processing. The cost 𝑐𝑣 represents the monetary value per time
unit that a VM incurs for processing a set of tasks. The function 𝑇 (𝑥 𝑓

𝑣 ) denotes the total
time the VM is utilized to process the complete workload of the tasks in 𝑓 . Equation 13
ensures that the number of tasks executed without failure remains consistent with the result
achieved in Stage 2. In this context, 𝑥 𝑓 ∗

𝑣 represents the decision variables corresponding
to the optimal solution obtained in Stage 2.

minimize
∑︁
𝑓 ∈F

∑︁
𝑣∈V

𝑥
𝑓
𝑣 × 𝑇 (𝑥 𝑓

𝑣 ) × 𝑐𝑣 (12)

subject to
∑︁
𝑓 ∈F

∑︁
𝑣∈V

𝑥
𝑓
𝑣 × 𝐴(𝑥 𝑓

𝑣 ) =
∑︁
𝑓 ∈F

∑︁
𝑣∈V

𝑥
𝑓 ∗
𝑣 × 𝐴(𝑥 𝑓 ∗

𝑣 ), (13)

Equations 2-9 (14)

Complexity Analysis
In the worst-case scenario, the complexity of Stage 1 of LOTOS (S1) is given by
O(|V||F |O(𝐴1)), where F represents the power set with |F | = 2|𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 |, and O(𝐴1)
denotes the complexity of Algorithm 1. A1 has a complexity of O(| 𝑓 |O(𝐴2) + | 𝑓 |O(𝐴2)),
where 𝑓 is an element of F and can be at most the batch size. The complexity of Algorithm
2, O(𝐴2), can be expressed as O(| 𝑓 |). Stages 2 and 3 of LOTOS are formulated as ILP
problems, which are known to be NP-Complete [Karp 2010].

4. Simulation Results and Analysis
In this work, we perform an extensive evaluation of the performance of LOTOS, com-
paring it against three alternative approaches: a method that prioritizes the least loaded
VMs (UTIL.), a solution that selects the VM with the lowest cost (MIN. COST), and a
fuzzy logic-based approach (Fuzzy) proposed in [Sonmez et al. 2019]. For this evalua-
tion, we use EdgeCloudSim, a network simulator built on CloudSim [Buyya et al. 2009]
that enables the modeling of wireless communication links, characterization of diverse
applications, creation of user mobility models, and customization of task orchestration
strategies in a flexible manner. To represent MR applications, we employ the load genera-
tor presented by the characterization of an application called MR-Leo [Toczé et al. 2019].
The implementation was carried out using Java 21.0.5 and Python 3.10. In addition to the
EdgeCloudSim framework, we utilize the optimization tool CPLEX (version 22.1.0) and
docplex 2.23.221 to develop the optimization model. The complete code of this work is
available in a github repository 1.

Unlike the solution presented in [Sonmez et al. 2019], we incorporate RAM
demands and delay constraints as key factors in the decision-making process. Additionally,

1https://github.com/LABORA-INF-UFG/paper-LLK-2025



we account for the infrastructure cost when allocating resources in Stage 3. Our approach
also considers resource allocation decisions for multiple tasks simultaneously. We define
a batch size and a batch timestamp to represents the maximum number of tasks to be
allocated together and the maximum time difference between the last and the first task
in a batch respectively. This guarantees that tasks are not grouped into a batch with
significantly different generation times, preventing any impact on the solution quality.

Table 2 presents the parameters used to characterize four distinct services [Toczé
et al. 2020, Sonmez et al. 2019]. MR 1 and MR 2 represent the characterization of
two services available in MR-Leo. In MR 1, the MR-Leo application captures a dynamic
scene and generates a point cloud to represent the surface of the scene. In MR 2, a
virtual element is overlaid on the captured scene and shown as output to the user. APP 3
(health application), APP 4 (computation-intensive application), and APP 5 (infotainment
application) represent other services that share resources with MR-Leo.

Table 2. Application characteristics.

MR 1 MR 2 APP 3 APP 4 APP 5
Tasks arrival 33ms λ = 5(𝑚𝑖𝑛) λ = 3𝑠 λ = 20𝑠 λ = 7𝑠
Upload task size 𝛼𝑡 (kB) 41 0.06 20 2500 20
Download task size 𝛽𝑡 (kB) 41 0.06 1250 25 1000
Task delay limit Δ𝑡 (ms) 33 66 100 500 1000
Task generator rates (%) 30 20 20 30
Task length 𝜔𝑡

𝑢 (MI) N (47%) and N (53%) 3000 45000 15000
VM util. edge/cloud 𝜌

𝑓
𝑣 (%) 6/0.6 2/0.2 30/3 10/1

CPU cores required 𝜙𝑡𝑢 (#) 3 1
Task RAM usage 𝜏𝑡𝑢 (GB) 2.4 + 1.3 0 + 1.3

Line 1 in Table 2 represents the time interval between each task generated by a user.
For MR 1 we have a constant inter-arrival of 33ms between tasks, in MR 2, the intervals
follow a Poisson distribution, with the mean value of 5 tasks generated per minute. For
APP 3, APP 4 and APP 5 the inter-arrival times follow an exponential distribution with the
mean values of 3, 20, and 7 seconds between the tasks. Line 5 shows the task generation
percentage for each service. In line 6, the number of instructions required to process each
task is specified. For MR 1 and MR 2, the task size is defined by a normal distribution.
For 47% of the MR tasks, the mean is 155.62 MI with a standard deviation of 14.10, while
for the remaining 53% of the tasks, the size follows a normal distribution with a mean of
322.38 MI and a standard deviation of 71.18. Line 9 defines the RAM usage, which is set
at 1.3 GB to run the services without any connected devices, plus an additional 2.4 GB
for each user device connected and using the MR 1 or MR 2 services.

Table 3 provides additional parameters that define the experimental setup. The
first two columns describe the characteristics of the virtual machines (VMs), including the
number of CPU cores, RAM capacity, CPU speed, and hourly cost, based on values avail-
able on [AWS 2025]. The last two columns indicate the size of the instances considered in
the experiments. Each experiment has a virtual duration of 10 seconds, with the number
of user devices per instance varying from 200 to 2400. The batch timestamp specifies the
maximum time interval between tasks within the same batch, while the batch size defines
the maximum number of tasks grouped in a single batch.



Table 3. Experiments parameters.

Parameters Value Parameters Value
Φ𝑣 edge and cloud (#) 4/4/8/16 Experiment time (s) 10
𝑇𝑣 edge and cloud (GB) 16/32/64/128 VMs edge/cloud (#) 8/4
Ω𝑣 edge/cloud (MIPS) 10000/100000 batch timestamp (ms) 5
𝑐𝑣 cloud ($/hour) 0.224/0.389/0.68/1.555 batch size (#) 6
𝑐𝑣 edge ($/hour) 0.134/0.262/0.403/1.048 User devices (#) 200-2400

Figure 3 illustrates the percentage of successfully completed tasks that did not
encounter errors across two distinct scenarios. In the original scenario, RAM usage
and delay limits for each task are not considered, and all edge VMs are configured with
the same number of CPU cores. This setup was chosen to ensure a consistent evaluation
environment, matching the one presented in [Sonmez et al. 2019]. As shown in Figure 3(a),
our solution outperforms all other approaches under these conditions.

The second scenario represents an environment with varying VM capacities, re-
flecting the specifications of VMs in an AWS server (Table 3). All subsequent results in
this work are evaluated based on this scenario. As shown in Figure 3(b), our solution
achieves a significant improvement in successful task execution, with increases ranging
from 15.43% to 55.45% across all instances. The Fuzzy approach, on the other hand,
does not incorporate latency or RAM utilization into its decision-making process, which
hinders its ability to allocate resources efficiently and avoid performance bottlenecks. In
contrast, our solution accounts for these critical factors, enabling more effective resource
allocation. Furthermore, our approach’s ability to evaluate multiple tasks simultaneously
during the decision-making process allows for a more accurate and proactive allocation
strategy compared to the immediate, reactive nature of the Fuzzy method.
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Figure 3. Rate of tasks completed.

Figure 4 compares the types of errors observed during the simulation across all
instances. In the Fuzzy approach, 24.41% of the errors were caused by latency limit
violations, while 16% resulted from RAM memory overload. As previously mentioned,
this approach did not consider these factors during decision-making, leading to a higher
overall error rate. The UTIL. model performed better in this scenario, achieving 69.4% of
completed tasks. In contrast, the MIN. COST model showed the worst performance, with
only 8.8% of tasks completed. This inferior result confirms that selecting the cheapest
machine is not the best strategy, as evidenced by the 73.6% of errors caused by RAM
memory overload in this approach. The LOTOS model outperformed all other approaches,



achieving 91.5% of completed tasks. Errors due to delay limits were minimal, at just 5.4%.
This is comprehensible, as LOTOS employs a locally optimal solution.
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Figure 4. Rate of task errors.

We observe that 2.8% of all tasks in our approach were not completed due to being
rejected during the optimization process. This indicates that, during Stages 2 and 3 of the
LOTOS solution, the solver identified the impossibility of executing these tasks within the
given constraints and opted not to allocate resources to them. While the other solutions
reports errors during the simulation execution, our solution proactively identifies tasks
that cannot be executed before the simulation begins. This preemptive decision-making
ensures a more efficient utilization of resources, as they are not allocated to tasks that would
fail to execute or whose results would not be received by users. Moreover, by incorporating
infrastructure cost considerations, an aspect further detailed in the upcoming results, this
efficient resource allocation plays a crucial role in reducing overall infrastructure expenses.

Figure 5(a) presents the cost per completed task, demonstrating that our solution
achieves greater efficiency in resource allocation while completing a higher number of
tasks without errors. Notably, our approach reduces costs by up to approximately 8 times
compared to the UTIL. model, even with superior task completion efficiency. Figure 5(b)
illustrates resource utilization efficiency, measured as the percentage of tasks that consume
resources and are successfully executed. This efficiency is calculated by dividing the
number of accepted tasks by the total number of tasks sent to a VM. With LOTOS, at
least 90% of the tasks sent to a VM are executed successfully, whereas all other solutions
exhibit efficiency levels below 90% across all instances.
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Figure 5. Infrastructure cost and model efficiency.



Finally, the results presented in Figure 6 show the average resource utilization on
the edge and cloud. As observed, our solution exhibits significantly lower utilization on the
edge while remaining a strong competitor in cloud usage. This contributes to minimizing
infrastructure costs, despite our solution achieving the highest number of completed tasks.
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Figure 6. Average VM utilization on edge and cloud.

5. Conclusion
In this work, we introduced LOTOS, a three-stage framework designed to address the task
orchestration problem by maximizing the successful execution of tasks while minimizing
infrastructure costs. The solution employs a locally optimal approach that considers the
simultaneous allocation of resources for a batch of tasks. Our evaluation demonstrated
that LOTOS significantly improves the rate of successfully completed tasks and achieves
cost efficiency up to 8 times greater than the alternative approaches. Additionally, our
solution ensures that at least 90% of tasks allocated to a VM are executed without errors,
in contrast to the maximum efficiency of approximately 90% achieved by the comparative
works. Furthermore, LOTOS optimizes infrastructure resource utilization and cost by
identifying potential errors before the simulation phase, thereby preventing the allocation
of tasks to VMs when their successful execution is not feasible.

In future work, we plan to address some of the time efficiency issues that were
not fully explored in this study. We aim to propose heuristics or meta-heuristics that can
decrease solution times while maintaining the overall efficiency of the solution. Addition-
ally, we believe it would be beneficial to integrate Graph Neural Networks (GNN) into
the model to predict tasks that will be generated in the future and solve them based on the
output of the learning model.
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