This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

Ws IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS

Network Congestion Aware Multiobjective Task
Scheduling in Heterogeneous Fog Environments

Lokman Altin ®, Haluk Rahmi Topcuoglu

Abstraci—Task scheduling on fog environments surges
new challenges compared to scheduling on conventional
cloud computing. Various levels of heterogeneity and dy-
namism cause task scheduling problem is more chal-
lenging for fog computing. In this study, we present a
multiobjective task scheduling model with a total of five ob-
jectives and propose a multiobjective multirank (MOMRank)
scheduling algorithm for fog computing. The performance
of the proposed strategy is assessed with well-known mul-
tiobjective metaheuristics [the nondominated sorting ge-
netic algorithm Il (NSGA-II) and the Strength Pareto Evolu-
tionary Algorithm 2 (SPEA2)] and a widely used algorithm
from the literature, the multiobjective heterogeneous ear-
liest finish time (MOHEFT) algorithm using three common
multiobjective metrics. Additionally, we incorporate two
task clustering mechanisms to the algorithms in order to
improve data transmissions on interconnection networks.
Results of empirical evaluations given in performance pro-
files over all problem instances validate significance of
both our algorithm and the integrated extensions for dimin-
ishing data transfer costs.

Index Terms—Fog computing, metaheuristic techniques,
multiobjective optimization, task scheduling, workflows.

NOMENCLATURE
Wi, Workload of task m.
FT(t,,) Finish time of task m.
Ymyj Allocation variable of task m to node j.
dimn Data movement requirement from task m to task n.
T Number of tasks.
N Number of nodes.
D Number of data transmission on workflow.
L Number of physical link on a fog cluster.

P;j Processing power of node j.
Energy consumption of node j per unit time.
Total energy consumption.
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R System reliability.

C Total cost.

Tij Data transmission rate between nodes ¢ and j.
I. INTRODUCTION

IMITATIONS of conventional cloud computing have sur-

faced as the internet evolves in the era of the Internet
of Everything (IoE) and 5G, where up to 1.2 trillion IoE
devices are expected to be connected by 2030 producing an
enormous volume of data [1]. Migrating this enormous volume
of different-nature data to the cloud introduces challenges, such
as latency in the global network and security/privacy issues.
Cloud computing also has limitations while responding low
latency constrained real-time applications. Fog computing is a
novel decentralized computing approach introduced by Cisco to
overcome the drawbacks of the cloud computing which brings
the computation and storage toward the edge of the network [2].
Network devices, such as routers and gateways, are turned
into computation and storage devices in the fog architecture.
Beyond extension to the existing network components, local
computation, and storage cloudlets are also placed at the near
edge of the network. The emerging fog computing paradigm has
novel challenges, such as uninterrupted service for mobile users
and devices, security/privacy concerning multiple copies of user
data, agile provisioning for quick response time, reliability, cost,
and energy [3].

Task scheduling in fog computing is a challenging problem
due to its heterogeneous, uncertain, and dynamic characteristics.
The workflow model is the common one to represent applica-
tions from various domains on both cloud computing and fog
computing paradigms, as well. In this model, a directed acyclic
graph is utilized to represent an application where tasks are
the nodes and edges are the data dependencies among tasks.
Although task scheduling problem is studied for real-world
applications recently including Industrial Internet of Things
(IoTs), smart factory comprising multiple tasks with dependen-
cies [4], [5], [6], [7], most of them address single objective or a
small set of weighted objectives. There are a few multiobjective
cases, which are mostly inherited from cloud computing and
became more strict constraints, such as energy, load balancing,
reliability, and completion time with new challenges, such as
burden on the global network.

In this study, we model the multiobjective task scheduling
problem by exposing prominent features of fog computing with
five objectives, which are makespan, energy, cost, reliability, and
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degree of imbalance. We propose a novel multirank-based multi-
objective scheduling algorithm (MOMRank) targeting versatil-
ity of the problem by utilizing existing multiobjective evolution-
ary algorithms and task scheduling algorithms. Additionally, two
task clustering mechanisms are integrated to improve the perfor-
mance of the algorithm by diminishing costly data transmissions
on interconnection topology. An extensive empirical study is
conducted with real-world applications from Pegasus workflow
management system to validate the effectiveness of the MOM-
Rank algorithm, where it is compared with two well-known
meta-heuristics [the nondominated sorting genetic algorithm
IT (NSGA-II) and the Strength Pareto Evolutionary Algorithm
(SPEA2)] and a widely used method from the literature [the
multiobjective heterogeneous earliest finish time (MOHEFT)
algorithm]. The MOMRank algorithm significantly outperforms
multiobjective metaheuristic algorithms and it performs com-
parable with the MOHEFT algorithm on hypervolume (HV)
values. The MOMRank algorithm produces significantly better
Ax values compared to MOHEFT in less amount of time. To
the best of authors’ knowledge, this study is the first attempt to
address five objectives and network congestion simultaneously
as discussed and taxonomically depicted in a recent study [8].

The rest of this article is organized as follows. Section II
summarizes the related work. In Section III, we propose our mul-
titier fog scheme, the system model, and problem formulation.
Section IV summarizes reference multiobjective algorithms,
then we propose our novel approach in Section V. Section VI
exhibits the experimental setup, and the results of empirical eval-
uations are given in Section VII. Finally, Section VIII concludes
this article.

Il. RELATED WORK

Fog computing is a decentralized computing model hav-
ing many challenging aspects yet to be addressed [3]. Fog
computing aims to bring computation and storage near edge
of the network using network devices, such as gateways and
routers. Although task scheduling and load balancing studied
abundantly in the literature for cloud computing, fog computing
paradigm introduces novel challenges, such as decentralization,
security/privacy in multitier architecture, mobility, and agile pro-
visioning. Decentralized architecture of fog computing causes
higher level of heterogeneity, which increases the complexity of
the scheduling problem.

Fog models are proposed for various scenarios in the litera-
ture including smart manufacturing in industrial IoTs [4], [7],
connected vehicle networks [9], and smart city [10]. Task and
application scheduling in these emerging environments have
been studied mostly targeting a selected single objective or the
combination of multiple objectives using various aggregation
methods into a single one.

Task scheduling and task image placement are jointly inves-
tigated in fog computing with software defined embedded sys-
tems [11]. Storage and computing devices are disjoined on their
underlying model, where task completion time is considered as
the only objective comprising computation time, I/O time, and
transmission time.
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Although a number of multiobjective scheduling algorithms
are proposed for fog computing in the literature [12], [13],
they mostly emphasize only a subset of objectives covered in
Section III either jointly or individually, lacking full coverage
of all objectives given in this study. Dispersive stable task
scheduling algorithm is proposed to increase user experience
with latency reduction by offloading tasks in heterogeneous
fog environments [12]. In their study, the two-phase algo-
rithm is dedicated to first constructing coalition between fog
nodes, helper nodes, and virtual machines; then it determines
the task allocation vector of each task node. Yang et al. [13]
proposed a novel delay energy balanced algorithm using Lya-
punov optimization in homogeneous fog model, where the fog
model considers mobility of fog devices and peer offloading
only between these homogeneous fog nodes. Their algorithm
outperforms random-scheduling and the least-busy algorithms
yielding lower energy task scheduling with the better delay
performance.

Prioritized task scheduling in multitier fog architecture is
tested for a smart factory case scenario by Chekired et al. [4].
Tasks are offloaded to the upper tier fog nodes in the architecture
to signify performance of multitier fog architecture over flat fog
model with task completion and waiting time. Xiao et al. [14] in-
vestigated vehicular task offloading and task allocation in mobile
edge computing systems. The study targets utility maximization
via cooperative game theoretic method using gathered real world
traffic data. In [15], user allocation in edge computing systems is
aimed from service provider’s perspective. A game-theoretical
approach is used to optimize utilization, user profit, and system
cost for allocation in decentralized manner. In [16], energy
management in fog environments is formulated as a mixed
integer linear programming, which takes source rate control,
load balancing, and service replica placement into consideration.
A relaxation-based heuristic algorithm is used to minimize not
only energy usage by the fog nodes, but also targeting increased
usage ratio of green energy in the system. Deep reinforcement
learning is used in [17] to lower operational expenditure as
service management and energy consumption, with emphasis
on green and brown energy, for an edge computing environment
with varying network topologies.

Nature inspired meta-heuristics are commonly used in the
literature for multiobjective domain to overcome the com-
plexity of the problem [5], [6], [18], [19], [20]. Task latency
and reliability are investigated using an improved version of
the NSGA-II. algorithm [18]. Artificial ecosystem-based op-
timization enhanced with slap swarm algorithm is utilized
for task scheduling of IoT applications in fog-cloud environ-
ments [19]. The performance of makespan and throughput
objectives is evaluated individually, where improvements are
depicted over other metaheuristics on real world and syn-
thetic workloads. Multiobjective simulated annealing and goal
programming are used together in [5] targeting service time,
cost, deadline, and security objectives. A multiobjective ant
colony optimization is proposed with multireplica service place-
ment for scheduling in fog-IoT environments [6], where the
deployment cost and the service latency are the objectives
considered
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Fig. 1. Architecture of fog system model.

In another study, tabu search algorithm is used for load bal-
ancing between cloud and fog nodes in [20], which defines the
problem as an integer linear programming problem. Ye etal. [21]
proposed multiaccess edge computing offloading strategy by
modifying the SPEA?2 operators targeting both energy consump-
tion and task execution delay objectives. Biobjective genetic
algorithm is proposed to tackle energy consumption and system
reliability for task scheduling in heterogeneous computing sys-
tems [22]. In their work, multiobjective differential evolution
algorithm and MOHEFT algorithm are used as the reference
algorithms. The MOHEFT [23], a list scheduling based algo-
rithm, is one of the most commonly used multiobjective task
scheduling algorithm in cloud-edge computing, which is also
the baseline algorithm in our experimental study.

[ll. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

In our fog architecture, the system has the following three
tiers: cloud tier, fog tier, and things tier (see Fig. 1). The fog
tier contains hierarchical deployment of clusters where each
cluster is represented by a tree with varying depth levels. Tasks
in a workflow can be distributed on the submitter edge node,
fog nodes, or cloud nodes. Workloads cannot be allocated on
neighboring edge nodes, which may violate privacy. It causes
performance degradation for limited performance capacity of
edge nodes as well. Fog computing nodes are attached physically
to the local network devices: gateways, switches, and routers. In
our model, we assume resources are abundant on cloud tier and
getting limited toward edge of the network. In things tier; smart
homes, mobile devices, smart city infrastructures, and wearable
computing devices are expected to be receiving services from
fog clusters.

B. Problem Formulation

In this article, we formulate with five objectives, which are
minimizing makespan, energy, cost, degree of imbalance, and
maximizing reliability. The workloads submitted to system are

represented with directed acylic graphs (DAGs) where there are
dependencies and transmission requirements between tasks. We
assume that DAGs in the following model and our experimental
study are single exit task and single entry task graphs. If a DAG
has multiple entry and/or exit nodes, we extend it with pseudo
entry and/or exit tasks with 0 workload and 0 communication
costs to its predecessors and/or successors. The Nomenclature
lists variables in our fog scheduling model.

1) Makespan: The first objective is the minimization of the
makespan, which is measured by the time between submission
of the workload and finish of the workload. Equation (1) shows
the objective of makespan where FT () is the finish time (FT)
of exit task ey of the given DAG

(FT(texit)), where i € DAG. (1

Each task must be allocated to exactly one of the cloud, fog,
or edge computing nodes

min.

N
Zy’rnj =1 (2)
j=1

where m is the task number and j is the processing node ID,
which is either cloud, fog, or edge node. Correspondingly, ¥/,
allocation variable is set to 1 if task m allocated to node j, 0
otherwise. We assume that task executions are nonpreemptive
in our scheduling model

FI(t,) =
max(FT(¢,,) + %,ready]’) + ol iy =1
and y,,; = 1
where m € pred(n) 3)
L, if s = 1
where pred(n) = 0.

In (3), we define FT of the task n, which is the maximum of
machine ready time (ready;) and arrival of predecessor tasks’
dependent data. Workload of task n is represented by w,,; and
the data transmission requirement between task m and task n
is represented by d,,,,, where task m is a predecessor of task n
(m € pred(n)). The terms y,; and y,,; are allocation variables
to processing nodes from cloud tier, fog tier, and edge tier. The
processing capacity of node j is given as p; and the transmission
capacity of link between nodes ¢ and j in each tier is given as 7.
The term ready; represents the ready time of the node j, which
is assumed always O for cloud allocations indicating processing
nodes are available abundantly.

2) Energy: The second objective is the minimization of the
energy consumption [see (4)]. Task processing of the comput-
ing nodes and data transmission between computing nodes are
operations demanding energy in the system

CpfOC&SS + Clrans. (4)

Equation (5) gives total processing energy consumption of the
computing nodes, where y,,,; represents allocation decision [see
(2)], and ¢; is the energy consumption per time unit for node j.

min { =
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The term w,,, /p; represents the time spent for processing task
m on node j

Cprocess _ Z Zym] X €j X U;TTL. (5)

m=1 j=1

Equation (6) accumulates transmission energy consumption
for each data dependency between tasks

T
Ctrans _ Z Z ZZ mn trans

m=1 n=1 i=1 j=I

nEmo
S.t. Ymi = 17y71,j =1
m € pred(n) (6)

where d,,,, is the data dependency between task m and task n;
et{;f‘"s is the data transmission energy consumption per time unit
between node ¢ and node j. In this model, the idle time energy
consumption for processing nodes is neglected.

3) Cost: The third objective is the cost minimization, where
(7) represents total cost spent for allocation to cloud, fog, and
edge tiers. In this equation, c; represents cost per unit time of
processing node j, where y,,; is an allocation decision (2)

min C' = ZZym]xc]xp— @)

m=1 j=1

4) Reliability: In our model, we measure the reliability of
processing and data transmission using predefined failure prob-
ability of each processing node and internode transmission link,
respectively. We target to maximize system reliability, which is
computed with the product of overall reliability of processing
and overall reliability of data transmission

) [T R™™(dmn) — ®

deD

max R = H Rprocess
meT
where all m tasks d edges of the DAG is considered.

Weibull distribution is considered since it is the closest distri-
bution for modeling resource failures [24]. Probability of failure
for each machine is defined in (9), where 1 and /3 are scale and
shape parameters of the Weibull distribution, respectively

6:cﬁ -1 —(z)8
e \n’ .

nP
When we integrate the failure probability of processing node
for the time spend on processing and transmission, then the

failure rate of each task is derived (10). The term % represents
J
amount of time spent for executing task m on node j

wm \ B
wm _ Py
Rprocess( )_1_/"1 pj(a:)dx:e< n )
0

S.t. Ymj = 1.

p(z) = )

(10)

Equation (11) shows the reliability of intertask data transmis-
sion, where the term p;; represents failure rate of link from fog
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node 7 to fog node j at any time instant x

dmn \ P
dmn 7( Tij >
Tij n

pij(x)de =e

St Ymi = 1,

Rtrans(dmn) =1 _/
0

m € pred(n). (11)

5) Degree of Imbalance: One of the main motivations of
technology shift from cloud computing to fog computing is the
transmission of big data produced by the connected devices to
the cloud. Big data transmission causes the global network to
slowdown. This is also valid for the fog tier where low degree
of imbalance in the task allocation in fog cluster can cause
overloading of fog nodes closer to the edge of the network.
Balancing workload inside of the fog cluster can prevent choking
the network closer to the edge and it improves the response time
for the new job arrivals.

Equation (12) represents the degree of imbalance in fog node

DI] - Z Zym] X w',.n

m=1 j=1

12)

The objective is to minimize overall degree of imbalance DI,
which is calculated by
DIITI]TI
Dl

DI — i
min DI = —2%_ — 1%

13)
where DIy, Dlayg, and Dy, are the maximum, average, and
minimum degree of imbalance in fog nodes, respectively.

In addition to these five objectives, we consider average net-
work congestion (ANC) on fog clusters for fog network conges-
tion extension of our MOMRank algorithm (see Section V-A).
ANC on a fog cluster can be calculated as

ZlL:I busy_time(link;)
L
where busy_time(link;) is the time spent for data transmission

on physical link link; in a cluster; and L is the number of physical
link in a fog cluster.

ANC = (14)

IV. MULTIOBJECTIVE TASK SCHEDULING IN FOG COMPUTING

In a multiobjective optimization problem (MOP), there are
two or more objectives where at least two of them may be in
conflict with one another. For an MOP, Pareto-optimal set is the
set of solutions that are not dominated by any other solutions
in decision space. Similarly, Pareto-optimal front is the set of
solutions that is determined in objective space. Formally, an
MOP is stated as

min  F(Z) = (f1(Z), /2(Z), ..., fm(T)) (15)
where fi(Z) is the first objective, m is the number of objec-
tives. In the following section, we present the details of the

MOHEFT algorithm [23], which is the baseline algorithm for
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our experimental study. Two widely used multiobjective evolu-
tionary algorithms from literature, the NSGA-II Algorithm [25]
and the SPEA?2 algorithm [26], are considered in the empirical
evaluations, as well.

A. MOHEFT Algorithm

MOHEFT [23] algorithm is a Pareto-based list scheduling
algorithm extended from the classical task scheduling algorithm
for heterogeneous resources, the heterogeneous earliest finish
time (HEFT) Algorithm. Main idea of the MOHEFT is to track
all objectives over all resource assignments and greedily select
partial schedules for the next assignment. It evaluates m x
K partial schedules at each iteration and selects K tradeoffs
for the next iteration, where m is the number of resources.
Tasks are sorted according to Urank, where Urank of a task
is the maximum cumulative distance of the task to the end
of the workflow by considering the workloads and the data
transmissions of the workflow. Motivation of ranking is to give
precedence into tasks that are on the critical path of the workflow.
Crowding distance is used to select partial schedules into next
iteration of ranked tasks.

V. NEW MULTIASPECT HEURISTIC: MOMRANK

In this article, we present a new task scheduling algorithm,
called multiobjective multirank (MOMRank) algorithm, by uti-
lizing multiple ranking schemes with maintaining a fixed size
set for tradeoff solutions. We use three rank schemes to sort
tasks, which are upward rank, workload rank, and computation
to communication rank. Upward rank [23] gives priority to the
tasks according to their distance to the exit node considering
workload. In workload rank, we start from the entry node and
without violating the task precedence we incrementally rank
tasks with their workload. In computation to communication
ratio, we sort the tasks according to ratio of their workload over
incoming and outgoing data requirements, again by considering
task precedence. Tradeoff solutions are nondominated set of
solutions among different objectives.

Algorithm 1 outlines the MOMRank algorithm, where P is
the total number of task ranking schemes, K expresses number
of output schedules of the workflow, and R is the number of
resources. The rank of the tasks are set in line 3; and then lines
8-10 are for assigning tasks to the resources for each rank set.
In line 11 and 12, solutions are sorted and K /P solutions are
preserved, where K is the predetermined number of tradeoff
solutions and P is the number of ranks. Finally, line 14 returns
the K tradeoff solutions. For each task rank strategy, we maintain
isolated solution sets, because of different task allocation at
each iteration. The MOMRank algorithm also evaluates m x
K schedules at each iteration, in total. Thus, the complexity of
the MOMRank algorithm would be O(P.n.m.%). The number
of tradeoff solutions (K') and the number of task ranking al-
gorithms would be significantly less than the number of tasks
and resources, m and n. Therefore, the time complexity of the
MOMRank algorithm is O(n.m).

Algorithm 1: MOMRank.

Input: W = Workflow; R = Set of resources; K =
Number of tradeoff solutions; P= Number of ranks.

1: function MOMRank(W,R,K)

2 forp <« 1,Pdo

3 Rank <~ RANK,(W)

4: for k < 1, K/P do

5: Spk —0

6: fori< 1,ndo

7 S, 0

8: for j <+ 1, mdo

9: for k < 1, K/P do
10: S;/n — S;) U {Spk U (Ranki, RJ)}
11: S; — SORT_CROWD_DIST(S’;)7 K/P)
12: S; — FIRST(SZ’),K/P)

13 S=U;_, S,
14: return S

A. Targeting Fog Network Congestion

In the era of IoT and big data, network congestion becomes a
vital aspect of the new network architectures. As part of our
MOMRank algorithm, we aim to lower network congestion
caused by data movement of the workflows. We expect that
eliminating large data movements by allocating source and
destination tasks to the same physical node will relieve network
burden on the fog cluster. Therefore, we utilize a low complexity
DAG clustering algorithm (the CompMatching algorithm given
in [27]). In their work, a DAG clustering approach is proposed
in the following three phases: coarsening, initial partitioning,
and refinement. In the first phase, the tasks are clustered using
their topological value, which avoids cyclicity to yield coarser
DAGs. The second phase computes the initial partitioning; and
a refinement algorithm is used to get better partitioning of the
clusters at the last phase. In this article, we utilize coarsening
phase due to its low complexity. For the MOMRank algorithm
and the reference algorithms, we adapt coarsening phase where
iteratively tasks are clustered until number of vertices is lower
than a threshold. The CompMatching algorithm marks edges
iteratively, if topological order difference is less than 1 and the
destination vertex does not have multiple sources, which would
cause cyclicity.

In this study, we propose an alternative low complexity ap-
proach to the CompMatching algorithm for DAG clustering,
the EdgeMerge strategy where the main idea is to eliminate
large data movements in fog network. Algorithm 2 outlines
steps of our task clustering strategy. In this strategy, we sort
edges with respect to their weights in line 3, which represent
data dependency and possible data transmission on a cluster.
Then, we select top E edges in line 4 and allocate both source
and destination tasks of these edges to the same physical fog
node in lines 5-7. Algorithms make a decision during the task
allocation phase, if a link between the task and predecessor is
decided to be eliminated, then the task is allocated to the same
physical computing node. If an algorithm decides to change
allocation of one of these bundled tasks at any step, it will
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Assess the performance
of the algorithms with
multi objective metrics

Fig. 2. Flow chart of our multiobjective scheduling framework for fog
environments.

Algorithm 2: EdgeMerge.
Input: Workflow W= (T.,D), tasks in T, edges as task
dependencies in D, number of edges to be merged in E
function (W)
Cluster[] <~ T > Initially each task in distinct cluster
D* « Sort(D)
fore < 1, E do
src < D*[e].source
dst < D*[e].destination
Cluster[src]= Cluster[src] U Cluster[dst]
return Cluster[]

A A ol e

allocate corresponding bundled tasks to the same new physical
node.

Fig. 2 depicts the flow chart of our framework in detail for
multiobjective task scheduling in fog environments. The frame-
work requires the physical fog cluster networks and workflows
as inputs. If any repair on workflows are necessary, pseudo entry,
and/or exit tasks are added. Then, the task clustering algorithm
is selected if any integration is going to be applied. Then, the
results of all algorithms including our proposed one are used to
assess the approximate Pareto front. Finally, multiobjective per-
formance assessment is presented using multiobjective metrics
and approximate Pareto front.

VI. EXPERIMENTAL SETUP

The performance of the MOMRank algorithm is validated
with the MOHEFT, NSGA-II, and SPEA?2 algorithms, where all
algorithms in the empirical study are coded in C programming

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS

TABLE |
AMAZON EC2 PARAMETERS USED IN OUR EXPERIMENTAL STUDY

Networking
Down Up
€ C B T € B € B

1.00 [0.175[1.6] 10 [1.00] 2.2 1.00] 2.2
1.80 [ 0.29 [1.8] 10 [1.00] 2.2 1.00] 2.2
3241059 | 2 [ 10[1.00]22 1.00] 2.2
583 | 1.05 [2.2| 10 [1.00| 2.2 1.00 | 2.2
1050 1.97 |24 12 [1.32]24[3.6|1.32|24
1890 | 2.89 [2.6| 20 [2.42]2.6| 6 [242]26
34.01] 381 [2.8]25[333|28|75][333[28
61221 565 | 3 [NA[ NA [NA|[NA| NA [NA

Computing

p
mb5.large 2
mS.xlarge | 4
mbS.2xlarge | 8
mb.4xlarge | 16
m5.8xlarge |32
m5.12xlarge | 48
m5.16xlarge | 64
mb5.24xlarge | 96

| L W W 3

language and run on the same device. In order to provide fair
comparisons, same operators and parameter values are consid-
ered for all algorithms, unless otherwise stated. Single-point
crossover is used for recombination; and two mutation opera-
tions are used with equal probability: a new node assignment to
a random task, and reposition of a task in the allocation order.
The mutation probability is set to 0.3; and the merged edge count
E is set as 10. Any task in the workflow can be allocated into
cloud, a fog node, or the submitter edge node as explained in
Section III.

A. Pegasus Workflow and Amazon EC2

We evaluate the algorithms by utilizing workflows from Pega-
sus Workflow Management System [28] with various topologies
from different domains. There are five different workflows,
which are CyberShake, Montage, Inspiral, Epigenomics, and
Sipht, where Fig. 3 symbolically represents their topological
structures. We consider instances of Amazon Elastic Compute
Cloud (Amazon EC2), which provides variety of resizeable
capacity for CPU, memory storage, and networking in the cloud,
tailored for different application profiles. Table I presents the
computing capacity (p), network bandwith (7), cost (C), and
reliability () of the instances.

Units are insignificant in most of the cases where each metric
will be normalized into range of [0,1] for multiobjective metric
calculations (see Section VI-B).

We use computing units on each instance (CU) as computa-
tional capacity, i.e., it defines how many independent computing
units available on corresponding instance. Thus, we calculate
task execution, which is given by a single node execution time
in the Pegasus workflows. Data size units are given in workflow
executions in bytes per second; and Table I illustrates network
bandwidths in Gb/s.

We scale energy consumption by 1.8, which is not available to
end users. We also select variety of 8 values for Weibull distribu-
tion for the reliability objective. Main motivation is to generate
parameter rates with varying scales, otherwise objectives scaled
with same rates would limit the search space.

In our experimental study, two physical fog network in tree
topology is implemented using Amazon EC2 computing nodes
[see the clusters in Fig. 4(a) and (b)]. We use m5.24xlarge
instances on cloud side where abundant number of instances
are available. Edge nodes will have instance of m5.large where
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Fig. 4. Deployment schemes. (a) Cluster 1. (b) Cluster 2.

only submitter edge node can be used as a computing alternative
to the cloud and fog in our model. In fog tiers, we use variety of
instances from Table I ranging from m5.xlarge to m5.16xlarge.

B. Metrics for Multiobjective Optimization

In order to asses performance of algorithms for MOPs, there
are a number of metrics presented in the literature [29]. In our
empirical evaluations, we select three widely used metrics in the
literature, which are: unique nondominated front ratio (UNFR),
A*, and the HV, respectively.

Since the true Pareto front is unknown for the experiments,
we combine all nondominated solutions from evaluated solvers
as the approximate Pareto front, P. Set of solutions produced by
algorithms will be referred as S for following metric definitions.

UNFR: This metric indicates portion of nondominated solu-
tions in the solution set. One of the issues about the commonly
used version of this metric is that some multiobjective solvers
may output duplicate solutions where duplicates would not
dominate each other. Uniqueness in the nondominated set is
injected into this metric to address this challenge [29]

_ |5 € Sunf|Br € Runt : 7 < 5]

UNFR(S) B

(16)

In this equation, Ry, represents reference unique nondominate
front. We select unique .S as Ry,¢ by discarding duplicate solu-
tions for the initial experimental study; therefore, the values of
this metric will be in [0,1].

(@

Pegasus workflow. (a) Cybershake. (b) Montage. (c) Inspiral. (d) Epigenomics. (e) Sipht.

A*: This metric measures the spread of the solutions in S

Ar(s, Py — S A 8) + 5.7 |ds — ]
’ Sy (@ 5) + (1S]d

where d(é), S) = rpi§1||F(€k) — F(§)|| and €}, € P are the ex-
se

7)

treme solutions on kth objective. d is the average distance in the
set S.

HYV: It is one of the most commonly used metrics in the liter-
ature despite its high complexity [29]. HV measures the search
space volume bounded by the known Pareto front. Different
objectives would have different value range resulting discrep-
ancy by emphasizing effect of higher range in the unnormalized
HV calculation. Thus, we normalize each objective value to
the known maximum and minimum values of corresponding
metric dimension. In our empirical evaluations, we consider a
low complexity implementation of HV metric presented in the
literature [30].

VII. EXPERIMENTAL RESULTS

The comparison study of the algorithms is performed by
using 15 real workloads, which are derived by using 5 workflow
structures of the Pegasus system with 3 instances per case
by considering up to 100 tasks. The number of instances is
increased by scaling computation to communication ratio (CCR)
of workflows taken from median processing node and median
network parameters from Table I. Thus, using five different CCR
values from the {0.2,0.5,1,5,10} and the default CCR value given
in [28], we conduct experimental study with 90 workflows.
Metaheuristic algorithms are executed in the literature with
fixed number of generations. On our preliminary experiments,
we observe that metaheuristic-based techniques are up to 200
times slower than the MOHEFT and the MOMRank algorithms
when the iteration count is fixed to 10 000. Thus, we limit
the execution time of SPEA2 and NSGA-II, where we stop
generation count when those algorithms reaches the execution
time of the MOHEFT algorithm. Due to nature of the MOMRank
algorithm, which splits the solution set into three and sort them
at each iteration where MOHEFT sorts triple size, MOMRank
has lower execution times compared to MOHEFT up to 50%
for all test cases. For the rest of this article, execution times are
equal for the reference algorithms unless otherwise stated.

We present three multiobjective metrics for 100 tasks of 5
workflows from Pegasus benchmark in Table II. The MOMRank
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TABLE Il
PERFORMANCE COMPARISON FOR MULTIOBJECTIVE METRICS IN SELECTED SET OF WORKFLOWS WITH NUMBER OF TASKS IS 100
HV Ax UNFR
MOHEFT | MOMRANK [ NSGA-II | SPEA2 | MOHEFT | MOMRANK [ NSGA-II | SPEA2 | MOHEFT | MOMRANK | NSGA-II | SPEA2
Montage 100 0.81 0.80 0.19 0.26 0.17 0.53 1.00 1.00 0.47 0.17 0.97 0.93
" [ CyberShakeT00 0.84 0.82 0.67 0.56 0.38 1.00 1.00 1.00 0.27 0.23 0.97 1.00
2 Epigenomics100 0.82 0.82 0.61 0.59 0.21 0.35 0.99 1.00 0.37 0.27 1.00 1.00
5 Inspiral100 0.81 0.81 0.44 0.39 0.44 0.99 1.00 0.99 0.33 0.37 0.97 1.00
Sipht100 0.83 0.82 0.84 0.81 0.11 0.49 0.98 0.99 0.23 0.17 1.00 1.00
Montage100 0.74 0.72 0.35 0.34 0.22 0.86 1.00 1.00 0.47 0.20 1.00 1.00
ﬁ CyberShake100 0.76 0.75 0.59 0.62 0.17 0.59 1.00 1.00 0.30 0.23 1.00 1.00
2 Epigenomics100 0.76 0.74 0.56 0.45 0.21 0.21 0.99 1.00 0.47 0.30 1.00 1.00
5 Inspiral100 0.73 0.73 0.26 0.21 0.16 0.45 1.00 1.00 0.37 0.20 1.00 1.00
Sipht100 0.79 0.74 0.85 0.71 0.34 0.70 1.00 0.98 0.27 0.20 1.00 1.00
The bold entities indicate the best performance of corresponding metrics on column header and benchmark instance on row headers.
A* Hypervolume Unique Nondominated Front Ratio
[ e—— al 1.0 1.0 g
0.8 0.8 0.8
§ 0.6 § 06 § 0.6
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Fig. 5.  Algorithm performances on both clusters for multiobjective metrics Ax, HV, and UNFR. (a)Ax. (b) HV. (c) UNFR.

algorithm reaches the performance of MOHEFT with respect to
HV metric with at most 2% degradation. However, on spread
metric of Ax, it improves up to 4 times. The MOMRank al-
gorithm outperforms the NSGA-II algorithm for 8 out of 10
instances over to 4 times in HV metric; and it outperforms the
SPEA?2 for all instances up to 3.5 times. On the other hand,
metaheuristic algorithms provide better spread (Ax) values and
unique nondominated solution ratios compared to MOHEFT and
MOMRank.

We illustrate rest of the experimental results with performance
profiles [31], which helps to compare performance of algorithms
in aggregated fashion over all problem instances. Fig. 5 depicts
performance of the four algorithms (without considering en-
hancements of our algorithm on network congestion) on Cluster
1 in three metrics, A* [see Fig. 5(a)], HV [see Fig. 5(b)], and
UNER [see Fig. 5(c)]. On this experiment [see Fig. 5], x-axis
represents each algorithm’s performance respect to performance
of the best algorithm for corresponding instance in percentage
and y-axis represents the fraction of the instances. Thus, the
closer to the y-axis is the better algorithm for given metric.
Minimum area between performance curves and the y-axis
indicates the best performance for the corresponding metric.
Partial lines on the y-axis indicates the algorithm reached the
best values for the designated fraction of test cases.

A. Performance Analysis on Multiobjective Metrics

The MOMRank algorithm reaches to the best spread value
(A*) for 33% of the test instances, which is due to the multiple
task ranking approaches that cause diversity [see Fig. 5(a)] with
respect to MOHEFT. On the other hand, the MOHEFT algorithm

does not reach the best spread for any of the instances; it is
15% away from the best A* for its best case. The NSGA-II
and SPEA?2 algorithms reach the best results in spread values
(A*), for almost every instances validating search space ex-
ploration feature of the meta-heuristics. For HV values [given
in Fig. 5(b)], MOMRank and MOHEFT algorithms present
almost the same best performance with 13% decline on worst
case yielding smaller HV values. SPEA2 algorithm has worst
performance with respect to the HV values where the NSGA-II
has the best value for 52% of instances. When UNFR metric
is considered, the MOMRank algorithm generates less number
of unique solutions compared to MOHEFT [see Fig. 5(c)]. The
SPEA?2 algorithm outperforms other algorithms yielding most
number of unique solutions for almost every instances.

B. Performance Analysis With Network Congestion
Aware Extensions

In another experimental setup, we measure the performance
effect of eliminating data transmission by mapping tasks to same
physical node. In Section V-A, we present two approaches to
extend our algorithm with the objective of eliminating high data
transmission on physical network, which are: the EdgeMerge
and the CompMatching algorithms. We separately illustrate
ANC value further extending the objective set, which already
comprises five different objectives (see Section III). ANC is
calculated by the average time spent on data transmission over
every physical network link [see Section III-B, (14)]. With the
ANC metric, we ascribe higher prominence to network conges-
tion for upcoming future internet beyond objectives in Section
III-B. Fig. 6 depicts impact of DAG clustering approaches on
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Fig. 6.
(d) SPEA2. (¢) MOHEFT. (f) MOMRANK. (g) NSGA-II. (h) SPEA2.

the performances of the algorithms. Each algorithm is compared
with its native version considering three metrics and the ANC
value for each of 90 instances on 2 clusters.

The algorithms yield worse results for some multiobjective
metrics like UNFR [see Fig. 6(a), (b), (e), and (f)]. It is because
of the fact that limiting the search space by merging tasks may
result more duplicate solutions in the MOHEFT and MOMRank
solution sets. Evolutionary metaheuristics are more robust in
terms of exploration of search space, which are less affected by
this limitation. We observe that for almost 60% of the instances,
network extensions lead to worse UNFR values. However, while
there are slight or no improvements on the HV values, the
A* values significantly improve for the MOHEFT and the
MOMRank algorithms. Extensions of the CompMatching and
the EdgeMerge lowers the ANC values for every algorithm for
more than 95% of instances. For the meta-heuristic techniques,
we observe comparatively slight changes on multiobjective met-
rics compared to the MOHEFT and the MOMRank algorithms.
The HV values are improved for the SPEA2 and the NSGA-II
algorithms for 60% and 80% of the instances on both extensions,
respectively [see Fig. 6(d) and (h)].

Our final experiment targets to illustrate the statistical anal-
ysis of algorithm performance based on pairwise comparisons.
We consider the HV metric for this experiment. We conduct
Wilcoxon rank sum test for all 180 instances (90 workflows on
2 clusters) to statistically validate performance of the algorithms,
where all HV values are normalized. Each result given in each
cell of Table IIT compares the performance of the row algorithm
with the performance of the column algorithm. Cells are marked
with “s+,” “s—.,” “+,” and “— to show that the corresponding row
algorithm significantly better than, significantly worse than, bet-
ter than, or worse than corresponding column algorithm for the
HV metric, respectively. Table III highlights that performance
improvements for our task clustering extensions, CompMatch-
ing and EdgeMerge, on Fig. 6 are statistically significant. We
can also conclude that NSGA-II extended with the proposed
CompMatching clustering scheme, (NSGA-II+CompMatching)
is the best performing algorithm in terms of HV metric.

10 NSGA-II+EdgeMerge vs NSGA-II . SPEA2+EdgeMerge vs SPEA2
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Impact of DAG clustering extensions for multiobjective metrics and ANC on algorithms. (a) MOHEFT. (b) MOMRANK. (c) NSGA-II.

TABLE IlI
STATISTICAL ANALYSIS OF ALGORITHMS BASED ON PAIR WISE
COMPARISONS WITH RESPECT TO HV METRIC
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p= g |= z
MOHEFT NA| s—| s—| s+ | s+ | s+ |s+ | s—| + |s+|s+|s+
MOHEFT+CompMatching S+ [NA| + | s+ | s+ | s+ [ s+ | s—| + [ s+ | + [s+
MOHEFT+EdgeMerge S+ | — [NA| s+ | s+ | s+ s+ | s—| + [s+ | + [s+
MOMRANK S—| s—| S—|NA| — | —|s+|s—| + |s+]|s—]|s+
MOMRANK+CompMatching | s—| s—| s—| + [NA| — | s+ | s—| + | s+ | s—| s+
MOMRANK-+EdgeMerge S—| s—| s—| + | + [NA|s+ | s—| + | s+ |s+|s+
NSGA-II S—| s—| s—| s—| s—| s—|NA| s—|s- | + [ s—| —
NSGA-II+CompMatching S+ | S+ | S+ | S+ | S+ | s+ | s+ [ NA| s+ | s+ | s+ | s+
NSGA-II+EdgeMerge — | —| —| —| = | —|s+|s—|[NA|s+| — s+
SPEA2 S—| s—| s—| s—| s—|s—| — [ s—|s—|NA| s—| s—
SPEA2+CompMatching S—| — | — s+ |[s+|s—|s+|s—|+ |[s+|[NA|s+
SPEA2+EdgeMerge S—| s—| s—| s—| s—|s—| + [ s—| s—|s+ | s—|NA

VIIl. CONCLUSION

In this study, we introduce a new multiobjective task schedul-
ing algorithm for fog environments called the MOMRank algo-
rithm and compare its performance in terms of a set of multi-
objective metrics with three prominent scheduling algorithms.
Algorithms in our empirical evaluation is extended with two task
clustering algorithms to minimize data movement of workflows
on the network clusters aiming to reduce network congestion.
Our experimental study proves that added diversity with multiple
task ranking to the scheduling algorithm can improve for set of
multiobjective metrics and network congestion can be further
minimized. As a future work, we are planning to dynamically
change fog clusters due to possible failures in the environment.
Another extension would be dynamically changing physical
location of fog computing nodes to clusters where more comput-
ing sources are needed depending on dynamic service demand
caused by user mobility.
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