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ABSTRACT

In order to tackle the latency problems in sensitive applications implemented in
[oT devices, the edge computing came into existence. On top of that, the idea of
a mobile edge computing (MEC) network, in which such computationally heavy
activities are computed in many edge servers deployed adjacent to mobile devices,
has recently gained popularity. Unlike cloud server, the edge device has a finite
computation capacity and it can’t handle massive computation tasks. There needs
to be a smart task offloading scheme in order to decide whether to execute the
task in the local device itself, or offload it to the edge device and process there or
again send it further to the cloud server for processing. Also the algorithm should
be able to utilize the available network bandwidth efficiently. The optimization of
joint offloading decision and bandwidth allocation in a multi user, multi task, multi
server environment can be formulated as a mixed integer non linear programming
problem (MINLP) in MEC to preserve energy and maintain quality of service
for wireless devices. MINLP is a NP-hard problem and the time complexity to
solve it grows exponentially. In this research work, the power of deep learning
and reinforcement learning has been applied to solve this MINLP problem under
a fraction of a second which makes it suitable for real world usage. Further an
end to end integrated edge and cloud computing system has been proposed that
switches from one to another whenever required, and leverages the benefits of both

paradigm.

Keywords: Edge computing, Cloud computing, Deep learning, Reinforcement

learning
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

The number of smart devices such as mobile phones, wearables, speakers, security
systems, and other devices that fall under the Internet of Things category has
exploded in recent years. The Internet of Things (IoT) is a network of physical
items that are equipped with sensors, software, and other technologies that enable
them to connect and exchange data with other devices and systems over the
internet. According to the statistics published in [2], the total number of IoT
connected devices has reached 8.74 billion by the year 2020 and it is projected to
triple by the year 2030.

Complementing desktop PCs and laptops, mobile devices are increasingly being
used as platforms to help users complete more online work. Not every smart
electronic devices need to be equipped with large CPU cores and memory resources.
This only makes them expensive and is also against the Green IT initiative under
which people are trying to minimize the adverse impact of I'T operations on the
environment by designing, manufacturing, operating and disposing computers in
an environment friendly manner. Recent researches are focusing on how to manage
the available resources efficiently. In the mean time, cloud computing is becoming
more and more popular where computationally expensive jobs are uploaded to
remote servers, which subsequently transport the execution results back to, due to

restricted execution capabilities and the battery constraints of I'T devices.

Due to data propagation and routing between mobile devices and faraway cloud
servers, the approach suffers from high latency and unpredictable service quality,
despite the fact that it saves mobile devices from doing computationally intensive
activities. The idea of a mobile edge computing (MEC) network, in which such
computationally heavy activities are computed in many edge servers deployed

adjacent to mobile devices, has recently gained popularity. As the Internet of



Things (IoT) grows in popularity, more devices are being attached to MEC networks.
Edge computing allows vast amounts of measured data to be offloaded to low-
latency edge servers, extending the computation capacity of IoT sensors. The MEC
networks’ QoS varies depending on the offloading decisions made. As a result,
carefully designing a compute offloading method for MEC networks is critical.
Congestion occurs when multiple jobs are uploaded to the same edge server and
that results in longer execution times for the processes. As a result, just uploading

a task to the nearest edge server is surely not the best option.

1.2 Problem Definition

An exponential growth in the number of IoT devices has resulted in an tremendous
increase in data processing, storage, and communication requirements. Although
the servers in the cloud have the capacity for infinite storage and computations, it
suffers from the latency problems which affects the time sensitive applications and
also degrades the user experience. As a solution, the concept of edge computing
has been proposed which carries out the computations in the edge devices instead
of the cloud servers. Unlike cloud server, the edge device has a finite computation
capacity and it can’t handle massive computation tasks. There needs to be a smart
task offloading scheme in order to decide whether to execute the task in the local
device itself, or offload it to the edge device and process there or again send it to

the cloud server for processing.

The decision of whether or not to offload depends on the available execution
capacities at local mobile device, edge servers, and cloud servers, along with
transmission capacity. This problem can be viewed into two phases, the first being
offloading the task from local devices to edge servers. If the edge servers have
enough resources, the task can be successfully executed there. But in case the
resources are in full use or not enough, then only the task is sent to the cloud
servers for processing. The optimization of joint offloading decision and bandwidth
allocation is formulated as a mixed integer non linear programming problem in
MEC to preserve energy and maintain quality of service for wireless devices (WD).

The curse of dimensionality, on the other hand, places a computational restriction



on the problem, which cannot be tackled effectively and efficiently by ordinary

optimization tools, especially for large-scale WDs.

1.3 Objectives

The objectives of this research work are:

e To develop a smart task offloading scheme for mobile edge computing in

multi user, multi server environment

e To save energy and ensure uncompromised service quality for wireless devices

in mobile edge computing

1.4 Scope of the Work

Although, there are a lot of problems and challenges in cloud computing and
edge computing specifically, the scope of this research work is limited to resource
allocation and power management in general cloud servers and edge computing only.
The mobility of the wireless devices isn’t considered during the experimentation of

this research work.

1.5 Originality of this Work

In [3], the authors have implemented a distributed deep learning framework for
modeling a smart decision offloading scheme for a single edge server. Although,
the system architecture in [4] has implemented multi user, multi task, multi server
architecture, it considers the cloud servers as a single remote entity which isn’t
necessarily true. Extending on the architecture and results from [3, 4], this research
tries to model a cluster of remote servers and integrate the whole cloud and edge
computing together to create a complete end to end system. Looking into all the
past research works, none have implemented such a complete end to end multi

user, multi task, multi edge server, multi cloud server environment.



1.6 Organisation of thesis work

This research work has been carried out in two major phases. In the first phase,
an adaptive RL based cloud computing system was implemented that could learn
to better manage the latency and power consumption in the cloud cluster. The
satisfactory results obtained in the first phase allowed the further progress in the
second phase where a smart decision task offloading scheme has been implemented
for edge computing scenario. Finally, the system architectures from phase 1 and
phase 2 have been integrated together using a rule based algorithm to model an
end to end integrated edge to cloud computing system. The extensive experiments
carried out in both phases and the results thus obtained show that the reinforcement
learning can in fact play a significant role in better task allocation and power

management in both edge and cloud computing.



CHAPTER 2

LITERATURE REVIEW

According to the statistics published in [2], the total number of IoT connected
devices has reached 8.74 billion by the year 2020 and it is projected to triple by
the year 2030. In order to handle the ever-growing data storage and processing
requirements of IoT devices, a cloud platform has been proposed [5] but it is
unusable for time sensitive applications which has led to the advent of edge
computing. In edge computing, the data processing and storage takes place in
the edge devices which are one hop away from the end devices. Edge computing,
though promising has it’s own limitations. Unlike cloud servers, the edge devices
are resource constrained and can handle only limited computations. To make the
best use of edge resource and avoid network congestion, a dynamic task offloading
scheme is necessary which decides whether to execute the task on the local devices
or offload it to the edge devices. Several wireless devices (WDs) can offload their
processing tasks to an edge server using mobile edge computing (MEC) networks.
The subject of computation offloading is commonly characterized as a mixed
integer non linear programming problem (MINLP), and it has been extensively
researched utilizing convex optimization and linear relaxation approximation. These
traditional optimization approaches would take a very long time to discover the
ideal solution in MEC networks. For example, assuming 30 wireless devices, there
will be a total of 23%options to pick from. As a result, traditional optimization

approaches suffer from the dimensionality curse.

Recent researches [0, [3] have shown that applying deep reinforcement learning for
solving such computation offloading problems can yield better performance and
QoS than the traditional optimization algorithms. Huang et al. [3] developed a
distributed deep learning-based offloading algorithm (DDLO) for MEC networks
with multiple WDs and a single edge server, which can successfully deliver al-
most optimum offloading decisions. DDLO generated offloading decisions using

multiple concurrent Deep Neural Networks (DNNs) and stored the freshly gener-



ated offloading decisions in a shared replay memory that was then used to train
and upgrade all DNNs. The distributed deep learning offloading technique can
deliver near-optimum offloading decisions for MEC networks in few milliseconds,
according to extensive numerical data from [3]. Deep Reinforcement Learning for
Online Computation Offloading (DROO) [6] proposed an online algorithm that
optimally adapts task offloading decisions and wireless resource allocations to the
time-varying wireless channel conditions. The framework learns from the past
offloading experiences under various wireless fading conditions, and automatically
improves its action generating policy. As such, it completely removes the need
of solving complex Mixed Integer Programming (MIP) problems, and thus, the
computational complexity does not explode with the network size. DROO used an
adaptive procedure to adjusts the parameters of the algorithm online. Results show
that compared to tradition optimization methods, DROO can produce near-optimal

performance while significantly decreasing the execution time.

Most of the previous research works in the field of MEC have been done without the
consideration of cloud servers in the network. Huang etl.al [4] considered the remote
cloud server as part of the whole MEC network and proposed a heterogeneous
DDLO that achieved better convergence as compared to DDLO [3]. The authors
also presented the list of past research works in MEC on the basis of the number
of users, tasks, edge servers and remote cloud servers. The system architecture
in [4] hasn’t taken some important facts of cloud computing into consideration.
First, the cloud servers aren’t necessarily idle all the time and the computation
task offloaded from edge server to cloud server mightn’t necessarily be processed
immediately. Second, although there mightn’t be a significant communication
latency, there would definitely be some computation latency which can adversely
affect the performance. Third, the cloud computing service consists of multiple
cloud servers rather than just a single one. Shakya [1] investigated on the idea of
using a hierarchical reinforcement learning framework for distributing the tasks in
the cloud servers so as to minimize the task latency and the power consumption.
The hierarchical architecture consisted of a global RL model for task dispatching
and a local RL model for deciding when to turn the servers on and off. Building

upon the idea of [3, 4, [1], this research work has implemented an end to end



integrated edge and cloud computing system setting up a multi user, multi task,
multi edge server, multi cloud server environment. Unlike previous researches,
here, the task offloading scheme in edge computing has been formulated as a
k-armed bandit problem and has tried to solve it using the reinforcement learning
algorithms. The use of reinforcement learning algorithms makes the setup adaptive
to the system changes. The results obtained in this research are comparable to
that of [3] and also show that the setup can learn to take near optimal decisions

within few milliseconds thus showing it’s feasibility in real world applications.



CHAPTER 3

METHODOLOGY

[oT devices generally have finite battery life and computing capability due to their
tiny form factor and strict production cost constraints. Recent developments in
mobile-edge computing (MEC) technology can effectively increase the computa-
tional capabilities of devices. By placing computing devices at the user’s side and
preventing relaying traffic produced by apps to a remote data center, MEC gives
an effective option to bridge the user and edge server. For those delay-sensitive
cloud-computing applications like online gaming, real-time media streaming, and
virtual/augmented reality, it reduces latency in compute operations and saves
energy. It’s necessary to evaluate whether or not to offload a wireless device’s
compute task to a MEC server. The uplink wireless channels become extremely
crowded if computing jobs are aggressively offloaded to the edge server, resulting
in significant delays in completing computation activities. A joint management
system is needed for ofoading choices and radio bandwidth allocation to take use of
computation offloading. Enumerating all of the possible options is computationally

costly because to the binary nature of offloading decisions.

3.1 Preliminary Work

Cluster Environment

Machine
Local
Incoming
Global Model M5 M6 M7 M8 Workload
M9 M10 M11 M12 Running Pending
Tasks Tasks

Figure 3.1.1: Task distribution and power management in cloud data center [I]

As a preliminary work for this research work, a hierarchical RL model based system
was proposed in [I] for the optimal task distribution and power management

in cloud servers. The proposed hierarchical model system shown in Figure |3.1.1



consisted of two RL models named as global and local model. The global model was
responsible for task dispatching and the local model was responsible for the power
management in each individual server. Both RL models were trained and validated
on the Alibaba cluster trace dataset and compared against round robin and greedy
approach as the baseline algorithm. The hierarchical setup outperformed both
round robin and greedy approach by a huge margin in terms of power consumption
but the approach suffered from high latency issues. In order to improve the latency
without degrading the power performance, the global model was replaced by round
robin algorithm. This modified hierarchical model setup outperformed the round
robin and greedy approach in terms of latency as well as the power consumption

but the improvement in latency wasn'’t relatively significant.

Although, the works presented in [I] validates the feasibility and positive impact of
using hierarchical RL model architecture for task distribution and power manage-
ment in cloud computing, there are some limitations unaddressed in it. To start
with, both the final power consumption and latency improvements don’t show
relative significance. Next, the experiments were carried out only with Alibaba
cluster traces and the proposed system didn’t have any graphical simulation of
the servers. Also, the difference combination of algorithms in global and local
models weren’t considered. So, definitely there is a lot of further experiments
and achievements possible on top that work. Moving a step further, the solution
proposed in [I] can be adapted for the sub categories under cloud computing such

as edge computing, fog computing, mist computing and so on.

As an improvement and extension of the previous work [I], to the field of edge
computing for handling the dynamic task offloading problem, the methodology of

the proposed solution has been described in the following sub-sections:

3.2 Data Collection

A multi user, multi task, multi server MEC network architecture is being considered
in this research. The data consists of the workload size for each M tasks of N
users / wireless devices. The workload size varies from minimum of 10 megabytes

(MB) to a maximum of 30 megabytes (MB). The dataset consists of 20,000 records
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Figure 3.3.2: User workload size distribution

each consisting of NX M workload sizes.

3.3 Data Analysis

The dataset consists of the workload sizes for three tasks of three users. There are
a total of 20,000 records in the dataset. The minimum workload size is 10 MB and
the maximum is 30 MB. The distribution of the workload sizes in shown in Figure
The dataset also consists of the most optimal offloading decision vector and
optimal gain value for each N X M workload record. The optimal gain value will

be used to calculate the gain ratio of the predictions obtained from the training.

3.4 Implementation

In this research work, an MEC network is considered which is composed of K
edge servers, K access point (AP), and N wireless devices (WD), indicated by a
set N =1,2,..., N, as shown in Figure |3.4.3] To keep the notations general, let’s
denote the set of servers as K = 0,1,2....... K, where server 0 denotes the WD
itself. An optical fiber connects the AP and the edge server, and the transmission
delay can be ignored. Each WD has a number of duties that must be completed
locally or sent to the edge server via the AP. It is assumed that each WD has M
impartial tasks, indicated by a set M = 1,2,..., M. The load of the m!" task of
user n is denoted as d,,,,, . Each WD n can evaluate whether to send its task m to
the edge server or not, and the offloading decision is indicated by a binary variable

Tomk € {0,1}. Generally, x,,,,, = 1 denotes that user n decides to offload the task

10
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Figure 3.4.3: Multi user multi task multi server MEC network architecture

m to the edge server k, and x,,,x = 0 means that user n decides to execute the
task m in local device itself. Just to avoid confusion the users and wireless devices

(WDs) mean the same thing here.

Let’s discuss about the task offloading RL agent shown in Figure [3.4.3] Since it is

an RL agent, it is important to describe the state, action, reward and environment.

Table 3.1: Task offloading RL agent description

RL Component | Description

State Current user task workload and available bandwidth
Action Offloading decision vector

Reward System utility cost

Environment Multi user multi task multi server environment

In this research, the offloading decision optimization is modeled as a k-armed
bandit problem [7], so the state of the system doesn’t play much of a role here.
The k-armed bandit problem is one in which a limited number of resources must
be allocated among competing options in such a way that their expected gain is
maximized, even though each option’s properties are only partially known at the
time of allocation and may improve with time or by allocating resources to the

option. In Figure the offload decision vector is represented by Action line

11



going from task offloading RL agent to end devices. The RL agent consists of
pretrained distributed deep g-learning network model that outputs this offload
decision vector / action. The model is trained in offline mode and the details of the
training are explained in Section The agent regularly collects the Rewards
signal from end user devices and edge servers which is basically the total system
utility cost calculated using the Equation 3.8 In reinforcement learning, rewards
are the system feedbacks that help the agent to learn from it’s past experiences
and take better decisions in the future. The goal of RL agent is to maximize this
reward value. One of the major benefit of using reinforcement learning is that it
automatically helps the agent adapt to the system changes and doesn’t require

manual adjustments of the configuration.

In Figure [3.4.3, there are two computing modes that are being dealt: Local
computing mode and Edge computing mode. The detailed operation of

these modes is discussed next.

3.4.1 Local Computing

Let’s first start with the case where the user n evaluates to execute it’s m'* task
in local device. The energy consumed by local device per data bit of user n can
be denoted as el . Thus, the energy consumed by a user n to execute it’s m'* task

locally can be calculated as:

El = dume, (3.1)

For the latency, let’s indicate user n’s local processing time per data bit as t, so
the overall processing time for n'* user to complete it’s m!” task can be calculated

as:

T! = dymt' (3.2)

Finally, assuming user n's offloading decision {Z,mo}, the total latency for n'* user

to compelte all of it’s tasks locally is given by:

12



M
m=1

3.4.2 Edge Computing

Whenever a job is offloaded to the edge server, the WD n sends its task load d,,
to the AP which is then transmitted to the edge server and processed. Because the
data size of feedback information is minimal in general, the energy consumption
and latency when the edge server communicates the compute results back to WDs

can be ignored.

Let’s start with modeling the energy consumption in edge computing mode. E! .
indicates the energy used by WDs for sending its task load to the kth edge server.
The energy requirement for data processing at edge servers can be modeled as a
linearly varying function of task load d,,,. The total cost for user n to offload its

task m to the kth edge server is computed as:

where «y indicates the weight of energy usage at kth edge server. When a4 = 0,

the energy usage at the WD is only taken into account.

Next, let’s compute the offloading latency in edge computing mode. Consider ¢,
as the assigned bandwidth for user n for sending it’s offloaded task to the kth edge
server. Thus, the transmission delay when the n'* user offload it’s my;, task to the

edge server k is computed as:

dnm

t _
Tnmk: - cn

(3.5)

Given, the k' edge server’s processing rate as f¢, the edge processing delay is

computed as:

c . dnm
nmk —
Ti

(3.6)

Assuming the offloading decisions x,,,, the overall delay for user n can be calculated

13



as:

M

T = Z(Tka + 15k T (3.7)

m=1

OBJECTIVE FUNCTION

The objective function formulated in Equation and it’s solution in Section
have been derived from the research works of [3] and adjusted for the case of
multiple edge servers. To minimize both the overall latency of completing all users’
tasks and the respective energy usage, let’s introduce a system utility Q(d, z, ¢, k)

described as the weighted sum of task completion latency and energy usage, as

N M

n=1m=1

where,

d={dpm|n € Nyme M},

r=A{TpmrIn € Nym € Mk € K},

c={cun € N,k € K},

[ indicates the energy weight of task completion and energy usage

To minimize Q(d, z, ¢, k) by collectively optimizing each user n’s offloading decisions
{Znmr} and the allocations of bandwidth ¢, for user n’s task transmission, (P1)

is formulated as an optimization problem:

(P1):Q*(d) = minirrklize Qz,c, k) (3.9a)
N

subject to : ch <, (3.9b)
n=1

Cok > 1, Cpo = 00 (3.9¢)

Tnmi € {0, 1} (3.9d)
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Here, constraint indicates that the overall uplink bandwidth allocation can’t
surpass the maximum bandwidth C. The assigned bandwidth for each user in
each edge server ¢, is either 0 or positive as indicated in . The binary
constraint on ,,, is indicated in (3.9d]). (P1) is a mixed-integer programming

(MIP) optimization problem, which is very hard to solve.

Table 3.2 indicates the crucial notations of this research work.

Table 3.2: Notations Table

Notation | Definition

Tk Tnmi = 1 if user n offloads its task m to edge server k. Otherwise, z,,x = 0
7 Data size of m!"* task for n'* user

E! . Data transmission energy consumption of m' task for n'* user
Cnk User n assigned bandwidth

C Overall bandwidth

Tt ok Upload time of user n’s m-th task

Te Execution time of user n’s m-th task in edge server

fe Execution rate of edge server

T:, Time consumption of user n for edge Execution

ely Energy usage per data bit of user n in local device

E' o Energy usage of user n’s m-th task in local device

t Execution time per data bit in local device

T o Execution time consumption of user n’s m-th task in local device
Q@ System utility cost weight

Io; Weight between energy usage and Execution delay

Er . Energy Usage of the edge sever for executing user n’s m-th task
T! Execution delay of user n in local device

3.4.3 Solving the optimization problem

As the optimization problem is a mixed integer programming problem and there
are two possible values of decision variable x,,,x € {0,1} being considered, the
total search space is given by 2™ where N is the number of users and M is the
number of tasks per user. The search space grows exponentially with respect to
M N and thus, this is in fact a NP-hard problem, it can’t be solved effectively and

efficiently using ordinary optimization methods.

Branch-and-bound techniques and dynamic programming are commonly employed
to solve MIP problems, however these are ineffective in large-scale MEC networks

due to high execution cost. Convex relaxation [8, 9] and heuristic local search
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[10), 1] are used to reduce computing complexity however, both of them need a
large amount of computational time to reach the local optimum, rendering them

unsuitable for real-time offloading decisions in rapidly fading channels.

In recent years, researchers have been successful in solving such optimization

problem within desired time, with the help of reinforcement learning. Inspired
from the works in [6] [3], 4], the following algorithm has been developed in
order to solve the optimization problem formulated in [3.9a]

3.4.4 Algorithm

Given the input data vector dy,ps of size NXM where N is the number of users,
M is the number of tasks per users and taking K as the total number of available
edge servers, the target is to find a policy function 7 for offloading to produce the

optimal offloading action vector * € {0, 1}¥MX for (P1) defined in Equation [3.9a]

as

m:d— " (3.10)

For each input vector d, Z offloading deep learning networks (DNNs) are used to
generate Z candidate offloading action vector with one action vector from each
DNN, as shown in Figure |3.4.4] Basically, here each DNN is trying to model the
desired policy described in Equation as a parameterized function fy_, i.e.

fo. d — . (3.11)

where @, indicates the parameters of the z-th DNN. All those Z DNNs differ in

parameter values 6, but have the same structure.

After the binary offloading decision vector x, has been computed, the original

optimization problem (P1) of Equation transforms into a bandwidth allocation
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Figure 3.4.4: Distributed Deep Q-learning Network training architecture

problem (P2), as

(P2) : Q*(d, z) = minimize Q(d, x, c) (3.12a)
N

subject to : ch <, (3.12b)
n=1

Cok > 1, Cpp = 0 (3.12¢)

Since (P2) is a convex optimization problem, standard optimization tool can be
used to easily solve it. Once all Z (P2) are solved, the offloading action vector

with least Q*(d, z) is selected among all Z candidates, as

x* = argminQ*(d, z,) (3.13)

z2€Z

This chosen x* output is the binary offloading decision for the input d vector and
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it is saved as a new labeled data, (d,z*), in the limited-size memory structure,
where the recent labeled data replaces the oldest one if the memory is full. All Z
DNNs are trained using those produced labeled data as shown in Figure [3.4.4 The
DNNs aren’t trained on the whole data, instead a batch of random data samples is
extracted from the memory and a gradient descent algorithm is used to optimize

the DNN parameter 6, by optimizing the cross entropy loss, as

L(0.) = =" log fo.(d) — (1 — x)"log(1 — fo.(d)) (3.14)

The full algorithm is shown in Algorithm [I} At the beginning, all Z DNNs are set

with random parameter values ¢, and the memory store is empty.

Algorithm 1 DiDQN Algorithm

1: Input: Input task vector d,x,
2: Output: Optimal offloading decision vector x
3: Initialization:
4:  Randomly initialize the weight parameters 6, of Z DNNs, z € Z;
Set N, M, K
Reset the memory
:fori=1,7 do
Share the task vector d; across to all Z DNNs.
Generate 2™ offloading decision vector x, from z** DNN evaluation networks
in parallel, z, = fy_,(d;);
10:  Solve all Z optimization problem (P2) in parallel using x,
11: ~ Choose the best offloading decision using target network =z =
argm?’-nQ*(dia $Z)
z€Z
12:  Store (d;, z}) into the replay memory
13:  Sample batches of training data from replay memory randomly
14:  Train DNNs and update weight parameters 0, ;

15: end for

*
nxmaxk

3.4.5 Edge server to cloud data center offloading

Even though the edge servers are powerful and are placed very close to the mobile
user devices, not all computationally extensive tasks can be executed in the edge
server itself. As show in Figure when there isn’t enough resources available
for executing the task at edge servers, then these are offloaded to the cloud data

center for processing. The edge to cloud data center offloading doesn’t need to be
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as smart the user mobile device to edge server offloading scheme. It can simply
be a rule based approach that checks for specified criteria and decides whether to
offload the task to the cloud server or execute it in the edge server.The edge servers
aren’t aware of all the servers available in the cloud data center, so it is impractical
to decide the exact cloud server to which the task should be offloaded. Instead
the edge servers pass the task to the task placement manager in cloud which then
assigns the task to specific cloud server and later returns the result back to the
edge server. The edge server and cloud data center are generally connected through

the fiber optics cable and the communication latency between them is small.

Although it mightn’t be the case that the communication latency can be completely
ignored, the edge server to cloud data center offloading only takes place only when
there is absolute need to do so and thus in such cases, the latency from edge server
to cloud data centers mightn’t be so significant. Also, compared to the mobile
user devices and edge servers, the cloud data center has very high computation
capacity, so the computation latency can be ignored for most of the cases. For this
research purpose, the communication and computation latency in the edge server

to cloud data center offloading is set to a small value.

Algorithm 2 Edge to Cloud Offloading Algorithm

1: Input: Input task batch
2: Output: Offloading decision vector
3: Initialization:

4:  Set MAX_QUEUE_SIZE, MAX_TASK SIZE

5:  Set the edge server execution batch size B

6: for v =1,B do

7. if i""task > MAX_TASK_SIZE or current_queue_size = MAX_QUEUE_SIZE

then

8: Forward it to the cloud data center for processing

9: else
10: Calculate the computation time in edge server and cloud server
11: if edge server computation time > cloud server computation time then
12: Forward it to the cloud data center for processing
13: else
14: Forward it to the edge server pending queue
15: end if
16:  end if
17: end for

In order to keep the edge server to cloud data center offloading agent minimalistic,
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a rule based approach is followed. The offloading agent is present inside each edge
server and uses a specific set of rules to decide whether to execute the task in the
edge server itself or forward it to the cloud data center. The agent looks into the
task size and the number of tasks in the pending queue of the edge server, makes
a rough calculation of the time it would take for the task to get executed and
then makes the offloading decision. The necessary steps have been described in

Algorithm

After the task has been forwarded to the cloud data center, it is the job of the
task placement manager to dispatch the task to a specific cloud server. In order
to minimize the latency and energy consumption of the cloud data center, the

architecture shown in Figure |3.1.1]is used. The details have been already discussed

in Section B.11
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CHAPTER 4

RESULTS, ANALYSIS AND COMPARISON

4.1 Experimental Setup

In this section, the results obtained from Algorithm [I] is presented along with

the detailed analysis of those results. The main objective was to train a DiDQN

network for making near optimal task offloading decisions in a multi user, multi

task, multi server environment. The model was trained on the dataset discussed in

Section [3.2 The dataset consists a total 20,000 training records. Out of those, 80%

were used for training and rest 20% for testing. The assumptions made regarding

different parameters values during the simulation are listed in Table [4.2] All the

experiments were carried out on AWS EC2 Servers with following specifications.

Table 4.1: AWS EC2 Server Specification

Instance Type | vCPU | ECU Memory (GiB) | Linux/UNIX Usage
t2.2xlarge 4 Variable | 16GiB $0.1856 per Hour
r4d.4xlarge 16 58 122GiB $1.064 per Hour

Table 4.2: Parameter Values used in the simulation

Parameter

Value

Computation time of mobile device
Processing energy usage in local device

Uplink bandwith limit
Receiving energy usage

Transmission energy usage
Processing rate of edge servers
System utility cost weight («)

Weight between energy usage and processing delay ()

4752107 " seconds [ bit
3.25210 " joules /bit
150Mbps
1.42210 " joules /bit
1.422107 " joules /bit
10210'0cycle/second
1.5210~"joules /bit
Ljoules/second

The performance evaluation of the algorithm was done on the basis of the Gain

ratio which is calculated

Gain ratio =

as:

optimal system utility value from the dataset

system utility obtained from DiDQN
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The model was optimized on the binary cross entropy loss of the prediction offload
decision vector and actual minimum offload decision vector. Section [4.2| presents the
training results obtained on a multi user, multi task, single edge server environment
under different hyperparameter values. Section [4.4] presents the training results
obtained on a multi user, multi task, multi edge server environment. Section
presents the execution time of the DiDQN model when the number of DNNs
is increased. Finally the performance of DiDQN model is compared with Local

processing and Edge processing in Section

4.2 Training in multi user, multi task, single server environment

For this experiment, three users with three different workload each were simulated
in a single edge server environment. The DiDQN model was trained and tested
by varying different hyperparameter values. Figure |4.2.1| presents the model
performance under different number of DNNs which shows that the model with a
single DNN doesn’t learn anything and can’t improve it’s gain ratio. The figure also
shows that with the increment the number of DNNs, the gain ratio performance

also increases.

0.90

°
®
&

—— Number of DNNs=
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Figure 4.2.1: Gain ratio under different number of DNNs [N=3, M=3, K=1]

Figure [4.2.2] shows the training loss of the model when three DNNs were used. The
model loss quickly reduces within the first 200 steps and then oscillates with some

major spikes time and again.
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Figure 4.2.2: Training loss [N=3, M=3, K=1, Z=3|

Figure also shows that with the increase in number of DNNs, the cumulative
gain ratio becomes much better. For the case of three users, three tasks per user,
one edge server [N=3, M=3, K=1], three DNNs (Z=3) seems to be decent enough.
Results obtained by training a DiDQN model with three DNNs; and tweaking the
hyperparameters like learning rate (Ir), batch sizes, memory sizes and training

interval are show in in Figure and Figure [4.2.5] Figure and Figure

respectively.
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Figure 4.2.3: Gain ratio [N=3, M=3, K=1, Z=3 with different learning rates|

The best performance is observed for the case of Ir=0.01 and lr=0.05. The mean
gain ratio obtained in the test set under different learning rates is shown in Table

The best gain ratio on test set is obtained when Ir=0.01.
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Table 4.3: Gain ratio on test set under different learning rates

Learning rate

Average gain ratio on test set

Ir=0.1
Ir=0.01
Ir=0.001
Ir=0.005
Ir=0.0001
Ir=0.00001

0.9637
0.9871
0.9765
0.9859
0.9203
0.8778

The result obtained by varying the memory sizes has been shown in Figure

The best performance is observed for the case of memory size=1024. The average

gain ratio obtain in the test set under different memory sizes is shown in Table [£.4]

The best gain ratio on test set is obtained when memory size=1024.
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Figure 4.2.4: Gain ratio [N=3, M=3, K=1, Z=3 with different memory sizes|

Table 4.4: Gain ratio on test set under different memory sizes

Memory size

Average gain ratio on test set

memory size=256
memory size=512
memory size=1024
memory size=2048
memory size=4096

0.9726
0.9861

0.9896
0.9769
0.9842

The results obtained by varying the batch sizes has been shown in Figure

The best performance was observed for the case of batch=256. The average gain

ratio obtain in the test set under different memory sizes is shown in Table 4.5, The

best gain ratio on test set is obtained when batch size=256.
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Figure 4.2.5: Gain ratio [N=3, M=3, K=1, Z=3 with different batch sizes]

Table 4.5: Gain ratio on test set under different batch sizes

Batch size Average gain ratio on test set
batch size=64 0.9792
batch size=128 | 0.9776
batch size=256 | 0.9889
batch size=512 | 0.9873
batch size=1024 | 0.9824

The results obtained by varying the train intervals has been shown in Figure [4.2.6,
The best performance was observed for the case of train interval=1. The average
gain ratio obtain in the test set under different memory sizes is shown in Table [4.6]

The best gain ratio on test set is obtained when train interval=1.
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Figure 4.2.6: Gain ratio [N=3, M=3, K=1, Z=3 with different train intervals]
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Table 4.6: Gain ratio on test set under different train intervals

Train interval Average gain ratio on test set
train interval=1 0.9920
train interval=10 0.9685
train interval=100 | 0.9699
train interval=1000 | 0.8957

Different results obtained by varying the hyperparameters like learning rate, batch
size, memory size, train interval shows that the change in these hyperparameters
have some significant impact on the train and test performance of the model
and it is very important to tune these parameters correctly. Too small learning
rate makes the model learning slower whereas too high learning rate makes the
model diverge more from the global optimum and reduce the performance on the
test set. Similarly, the memory size, batch size and train interval, all have non-
monotonic effect on the model learning. Too much or too little of these parameter
values can slow down the learning and affect the performance adversely. Looking
into the results obtained under different hyperparameter settings, the following

hyperparameters has been selected:

Table 4.7: Best Hyperparameter values

Hyperparameter | Value
Ir 0.01
memory size 1024
batch size 128
train interval 10

The reason behind not selecting the train interval = 1 even though it had superior
performance is that, it made the training very slow. In case of sufficient availability
of training resources, it is best to train the model with train interval = 1 but in

other cases training with train interval = 10 would be a better option.

4.3 Execution Time under different number of DNNs

Table presents the execution / prediction time of DIDQN model with different
number of DNNs. It is observed that with the increase in the number of DNNs, the

prediction time increases as well but even for a model with 10 DNNs the prediction
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time is still under 5ms which is acceptable.
Table 4.8: Execution time under different number of DNNs

Number of DNNs | Execution time (ms)
0.46
0.88
1.32
2.00
2.17
10 4.38

T W DN =

4.4 Training in multi user, multi task, multi server environment

As the optimization problem that is being dealt here is of NP-hard case. The
computation complexity grows exponentially with increase in number of either
users, tasks or servers. With a three users, three tasks, three edge servers, the
problem search space reaches to 227 and thus a larger number of DNNs are required
to get better performance in such environments. Figure [£.4.7] shows that the gain
ratio performance of the model increases with the increase in number of DNNs.
It also reflects that the gain ratio performance has reduced significantly due to
the exponential increase in the problem space but still the performance is superior

than that of Local processing and Edge processing as shown in Figure ?77?.
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Figure 4.4.7: Gain ratio under different number of DNNs [N=3, M=3, K=3]

In order to verify that the model is actually learning something, the loss curve for

a DIDQN model with ten DNNs is presented in Figure which shows that the
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training loss of the DNN models gradually decreases with some minor spikes and

few major spikes.

Figure 4.4.8: Training loss [N=3, M=3, K=3, Z=10)]

4.5 Comparison of DiDQN with Local, Edge Processing and DDLO

model

In this section the performance of DiDQN model is compared with the performances
of naive Local processing and Edge Processing model, and DDLO model. In Local
processing model, all the tasks are assigned to the local mobile devices and in case
of Edge processing model, all the tasks are assigned to the edge server. Figure
present the performances of these models which clearly shows that DiDQN model

performance is far superior than Local processing and Edge processing models.

oooooooooooooooooooo

Figure 4.5.9: Gain ratio from different models [N=3, M=3, K=1, Z=3]
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Local and Edge processing are just naive algorithms and don’t learn anything
from system feedbacks. In contrary, even though the RL agent initially has lower
performance than that of Edge processing as shown in Figure 4.5.9] gradually it
learns to make better decisions and keeps on improving it’s performance with more

training.

O I e o PR M
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Figure 4.5.10: Gain ratio from didqn and ddlo models [N=3, M=3, K=1]

Figurel4.5.10|shows the comparison between DiDQN model and the model proposed
by the researchers in [3] in terms of gain ratio. The performance of DiDQN model
is comparable, although slightly lower than DDLO model. In terms of execution
time, both DIiDQN and DDLO models have similar performance with DDLO few
milliseconds faster than DiDQN. Furthermore, it also shows that the reinforcement
learning algorithm used in this research can actually learn from the system feedbacks

and gradually improve it’s performance.

Table 4.9: Execution Time for different models

Model Execution Time
Local Processing 4.5 us

Edge Processing 5.96 s

DiDQN Processing | 1.34 ms

DDLO Processing | 1.29 ms

The execution time for different models under multi user multi task single server
environment is listed in Table[4.9] As expected, it shows that the execution time of
DiDQN model is slower than that of Local processing and Edge processing, but a
few milliseconds of the prediction time is still tolerable for task offloading decision

if it gives far superior performance which is the case here.
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CHAPTER 5

CONCLUSION AND RECOMMENDATION

5.1 Conclusion

In this research work, a distributed deep g-learning networks (DiDQN) model has
been implemented for multi user, multi task, multi server MEC networks with
the objective of finding an optimal offloading decisions that minimizes the overall
system utility cost and produces near optimal results. Experiment results show
that the DiDQN model can achieve superior performance than Local processing
and Edge processing, and has comparable performance to that of DDLO models.
Furthermore, the DiDQN algorithm has been shown to produce near-optimal
offloading decisions in few milliseconds even after using a model with ten DNNs.
The offloading decisions optimization is an NP-hard problem and it’s search space
grows exponentially and can’t be solved using traditional optimization methods as
it is very time consuming. This research shows that a distributed deep learning
network can be used to handle such optimization problems and obtain better
results under the desired time. Furthermore, combining the resource allocation
architecture presented in [I] and the multi user, multi task, multi server mobile
edge computing network, this research work presents a completed automated end
to end task offloading and management scheme for integrated edge and cloud

computing.

5.2 Limitation

The results obtained in this research looks very promising, the models are learning
and gradually improving it’s gain ratio performance. But there are few limitations
in the research. To start with, the problem formulation doesn’t consider the
mobility of the wireless devices. The change in the distance from wireless devices to
edge servers definitely affects the available bandwidth and eventually the offloading

decision. If the mobility rate of the wireless devices is lower than the model
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execution time (few milliseconds), then there shouldn’t be any problem but if it
starts moving too quickly then the decisions can’t be relied upon. The future

research should definitely consider this and carry out more experiments on it.

In case of multi edge server setup, the datasets aren’t available yet. The same
dataset created for a single edge server research has been used for varying number
of edge servers. The optimal gain value given in the dataset was computed for
the one edge server scenario where the upload and download bandwidth is always
constant. This isn’t always true, especially in case of wireless channels where the
bandwidth keeps varying with time. The model can sure dynamically adapt in the
fluctuating bandwidth environment but there isn’t a proper dataset to validate

this.

5.3 Recommendation

The results obtained from this research work can help to build better IoT devices
ecosystem where all the IoT devices can be equipped with only necessary computa-
tion power and rest of the resources extensive jobs are smartly offloaded to the edge
and cloud servers. There are some important areas of this research work that can
be improved further in the future. For example, in this research, the same dataset
of single edge server setup has been reused for training in multi edge servers setup
assuming that the optimal gain value that can be achieved should still remain the
same. The results show that the DiDQN model can still learn, improve it’s gain
ratio and perform better than Local processing and Edge processing even in
this setup but the overall gain ratio remains low. One of the reason behind this is
the exponential increase of the search space with each new addition of the edge
servers. With N = 3, M = 3, K = 1, the search space is 2° but after increasing
the number of edge servers K = 3, the problem space increases exponentially and
reaches 227. In such scenario, the models have to be trained much longer and
should be allowed to make enough exploration. The future research should focus
on preparing a robust dataset for multi user multi task multi server environment.
Moreover, a different approach towards solving this optimization problem can be

also carried by using the ideas from Genetic algorithm which are considered a
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better alternative for solving NP-hard problems.
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