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Abstract. Edge computing is a decentralized computing infrastruc-
ture in which data, calculation, storage and applications are located
somewhere between the data source and the computing facilities. While
the edge servers enjoy the close proximity to the end-users to provide
services at reduced latency and lower energy costs, we use from lim-
itations in computational and radio resources, which calls for smart,
quality-of-service (QoS) guaranteed and efficient task scheduling meth-
ods and strategies. For addressing the edge-environment-oriented multi-
workflow scheduling problem, in this paper, we propose a probabilistic-
QoS-aware approach to multi-workflow scheduling over edge servers with
time-varying QoS. Our proposed method leveraged a probability-mass
function-based QoS aggregation model and a discrete firefly algorithm
for generating the multi-workflow scheduling plans. In order to prove the
effectiveness of our proposed method, we conducted an experimental case
study based on varying types of workflows and a real-world dataset for
edge server positions. It can be seen that our method clearly outperforms
its competitors in terms of completion time, cost, and deadline validation
rate.
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1 Introduction

The edge computing paradigm is evolving towards a highly efficient computing
infrastructure. Different from traditional solutions, it is featured by a ubiqui-
tous, heterogeneous collection of elastic computational entities in terms of, e.g.,
edge servers. It provisions the platforms for building complex and on-demand
applications, in terms of, e.g., workflows with reduced prices compared to tradi-
tional parallel computing techniques, e.g., grids. Consequently, great growth in
in the number of active research work regarding performance-aware scheduling
methods for edge-environment-based workflows can be seen recently scheduling
multi-task-based processes [7,11,18] over the edge platform refers to assigning
workflow tasks into appropriate edge nodes or servers for execution. A workflow
can usually be described as a Directed-Acyclic-Graph (DAG) with multiple tasks
that meets the constraint of execution orders.

It is widely believed that to assign tasks within multi-workflows to dis-
tributed platforms is an NP-hard problem. It is thus impractical to yield optimal
scheduling solutions by using traversal-based strategies. Recently, as novel bio-
inspired and genetic algorithms are becoming increasingly versatile and power-
ful, a great deal of research efforts are paid to applying them in dealing with
edge-environment-oriented workflow scheduling problem. However, for simplic-
ity, most existing contributions in this direction consider that edge servers are
with static and invariable performance. However, edge and cloud servers in real-
world can show unstable and time-varying performance. For example, Schad et
al. [12] obversed that Amazon EC2 cloud services are subject to performance
variations of 24%, 20% and 19% for CPU performance, I/O performance and
network performance, respectively. Jakson et al. [4] showed that the difference
between the maximum and minimum runtime of servers is 7,900 s, or approxi-
mately 42% of the mean runtime within EC2.

As can be seen from the above analysis, existing heuristic and bio-
inspired algorithms with static and time-invariant performance models can
be ineffective in dealing with real-world edge-environment-oriented workflow
scheduling requirements, where performance of edge servers and platform-
level infrastructures themselves are with highly unstable and time-varying
performance. To overcome this limitation, in this work, we propose a
probabilistic-performance-aware approach to edge-environment-oriented multi-
workflow scheduling. Instead of considering single-point and static performance,
our proposed method captures the dynamics of performance of edge servers by
leveraging the probability mass functions (PMF) of historical performance data
and utilizes a firefly algorithm for optimizing the workflow scheduling plans via
maximizing the probability that the process completion duration and cost meets
the deadline constraint.

To validate our proposed method, we perform extensive simulative studies
based on various widely-used scientific workflow templates and a position dataset
for urban edge servers. Simulative results show that our proposed method beats
its peers in terms of multiple performance metrics.
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2 Related Work

The main objective of workflow scheduling algorithms is to identify the best
resources in the edge environment for the applications (tasks) of workflows. To
achieve this, the pertinent objectives for satisfying users performance constraints
include reducing execution time and total execution cost. Recently, considerable
research works were carried out in this direction.

For instance, Zhang et al. [18] developed a Two-stage Cost Optimization
algorithm to schedule workflows on edge clouds. The algorithm first leveraged
a BF algorithm for obtaining the initial scheduling strategy and then further
optimized the scheduling plans by the first stage. Their algorithm aims to mini-
mize the system cost while meeting the delay requirements of workflows. Kim et
al. [7] studied the trade-off between execution cost and workflow delays in the
mobile computing system and proposed a intelligent-control-based algorithm for
achieving near-optimal trade-offs. The trace-driven simulation showed that the
algorithm can achieve 71% saving of execution cost and 82% gain of as opposed
to its peers. Pandey et al. [11] proposed a particle swarm optimization (PSO)
algorithm for load-balancing of cloud servers, while minimizing the execution
cost, i.e., communication cost plus cloud resource cost of workflows.

kaur et al. [6] leveraged a multi-objective bio-inspired procedure (MOB-
FOA) by augmenting the traditional BFOA with Pareto-optimal fronts. Their
method deals with the reduction of ow-time, completion duration, and opera-
tional expenditure. Zhang et al. [17] considered a multi-objective genetic opti-
mization (BOGA) and optimized both electricity consumption and DAG relia-
bility. Casas et al. [1] considered an augmented GA with the Efficient Tune-In
(GA-ETI) mechanism for the optimization of turnaround time. Verma et al. [13]
employed a non-dominated-sorting-based Hybrid PSO approach and aimed at
minimizing both turnaround time and expenditure. Zhou et al. [19] introduced
a fuzzy dominance sort based heterogeneous completion time minimization app-
roach for the optimization of both cost and turnaround time of DAG executed
on IaaS clouds.

3 System Model and Problem Formulation

3.1 The System Model

As shown in Fig. 1, an edge computing environment can be seen as a collec-
tion of multiple edge servers usually deployed near base stations. By this way,
users are allowed to offload compute-intensive and latency-sensitive applica-
tions, e.g., Augmented Reality (AR), Virtual Reality (VR), Artificial Intelli-
gence (AI), to edge servers. With in an edge computing environment, there are
m users, denoted by U = {u1, u2, . . . , um}, and n edge servers stations, denoted
by ES = {e1, e2, . . . , en}. Each user has an application, in terms of a batch of
tasks organized by a workflow, to be executed, and users mobile device is allowed
to offload tasks to nearby edge servers.
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Fig. 1. The system architecture

3.2 The Probabilistic Performance Model

In this work, instead of considering static and time-invariant performance of
edge servers, we consider time-varying performance of them. To be specific, we
consider that the historical execution time of a certain workflow task upon an
edge server, i.e., a discrete random variable X with Dom(X), can be described
by an empirical probabilistic distribution.

Consequently, the cumulative distribution function (CDF) of execution time
and cost can be calculated as follows:

P (X ≤ c) =P (X ≤ floor(c)) + fX(ceil(c))

× c − floor(c)
ceil(c) − floor(c)

(1)

where c is deadline value, Min(Dom(X)) < c ≤ Max(Dom(X)), ceil(c) =
Min{c | c ∈ Dom(X) and c ≥ x} and floor(c) = Max{c | c ∈ Dom(X) and
c < x}.

Table 1. The performance aggregation function of different workflow structural pat-
terns

Workflow Patterns Response Time Cost

Sequence
n∑

i=1

RT (ti)
n∑

i=1

C(ti)

Parallel max1≤i≤nRT (ti)
n∑

i=1

C(ti)

Loop k ×RT (ti) k × C(ti)
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Let wi(t1j1 , t2j2 , . . . , tnjn)et and wi(t1j1 , t2j2 , . . . , tnjn)cost are the execution
time and cost of a workflow wi when it select edge servers of (j1, j2, . . . , jn).
The probability that the resulting workflow completion time and cost meet the
deadline constraint, can be estimated according to the following performance
aggregation functions and probabilistic performance aggregation rules in Tables 1
and 2 [3].

Table 2. The probabilistic performance aggregation rules

3.3 Problem Description

Based on the above analysis, the problem of probabilistic-performance-aware
multi-workflow scheduling can be described as follows: given multiple work-
flows wi1≤i≤m

, we are interested to identify an edge server assignment plan
(t1j1 , t2j2 , . . . , tnjn) of wi, with the highest probability that the workflow com-
pletion time and cost meet the deadline constraint.

max f =
∏

P (wi(t1j1 , . . . , tnjn))eti ≤ Ceti
i

×
∏

P (wi(t1j1 , . . . , tnjn))costi ≤ Ccosti
i

(2)

s.t.
dij ≤ covj , i ∈ {1, . . . , m} and j ∈ {1, . . . , n} (3)

xij ≤ 1, xij =

{
1, if ej is selected for task ti

0, otherwise
(4)

where Ceti
i (Ccosti

i ) is the deadline constraint for completion time and cost of
each workflow, dij is the distance between ej and wi, and covj is the coverage
area of the jth the server.



A Novel Probabilistic-Performance-Aware Approach 645

4 Firefly Algorithm

The firefly algorithm (FA) [15,16] is a meta-heuristic searching technology pro-
posed, which simulates the luminous characteristics and attraction behavior of
the fireflies. In this algorithm, fireflies are considered the sample points in the
problem domain, and each firefly moves towards a brighter firefly that ultimately
finds the optimal location. The individual renewal equation in FA consists of two
parts: (1) the full attraction model; and (2) a randomly disturbed searching step
size. The full attraction model requires every firefly to learn from all superior
individuals.

In this work, we leverage the discrete derivative of FA, i.e., DFA, for solving
the probabilistic-performance-aware workflow scheduling problem. The details
are described as follows.

4.1 Encoding

In DFA, a schedule is an individual, described as a vector of integer values. The
length of a vector is the same as the number of tasks in a workflow. The ith
element of the individual indicates to which server the ith task of the workflow
is scheduled to execute. Figure 2 gives a sample of an individual coding and a
given workflow deployment, assuming that the workflow consists of eight tasks
and is within the coverage range of by e2, e3, and e4. In this schedule, t1, t4, t6
are scheduled to be executed on e3, t2, t3, t7 are scheduled on e2, and t5, t8 are
scheduled on e4, respectively.

u4e1

e2

e3

e4

u2
u1

u3

u6

u5

Proximity constraint

Edge servers
User(workflow)

t1 t2

t3

t4

t5

t6

t7

t8

Workflow

Tasks t1 t2 t3 t4 t5 t6 t7 t8
Servers 3 2 2 3 4 3 2 4

Schedule strategye2

e3
e4

t1

t3t2

t8

t7

t6
t5

t4

Deploy to edge servers

Fig. 2. An example of encoding
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4.2 Population Initialization and Firefly Evaluation

The initialization of population is affected by the coverage range constraints
due to the fact that, users can only offload tasks to reachable, in terms of the
coverage range edge server.

As described in Sect. 3, our goal is to find the highest probability that the
deadline constraint is met. The constraint is interpreted as a penalty function,
where the highest probability is integrated into (5) as an evaluation of the fitness
value of an individual. In case that the user is not reachable to servers, the fitness
value is decided by the number of tasks that violate the deadline constraint.

F =
1
m

×

⎧
⎪⎪⎨

⎪⎪⎩

m∑
i=1

fi, if dij ≤ covj
m∑
i=1

fi × ( n
√

fi)num, otherwise
(5)

where n denotes the total number of tasks in wi, and num ∈ {1, 2, . . . , n}, is the
number of tasks that are unreachable by edge servers.

4.3 Individuals Update

The stipulation of update is that the darker firefly moves towards the brighter
one. The population is updated iteratively and the scheduling strategy keeps
being optimized. An example showing the update process is given in Table 3.
The movement process is as follows.

Distance Calculation. The distance between any two fireflies p and pbest is
measured by its corresponding hamming distance.

dis(xi, xj) = xid ⊕ xjd, d ∈ {1, 2, . . . , n} (6)

where OR operator for exclusion is applied to calculate the hamming distance
[9].

β-step Update. β-step indicates the operation of firefly movement towards
brighter ones with the steps given below.

Step 1: Decide the hamming distance of individuals as dis1;
Step 2: Decide the attractiveness, β(r), according to (7);
Step 3: Yield |dis1| random numbers between 0 and 1. If the random number
is smaller than β(r), the element of the p is substituted by the corresponding
element of the brightest firefly;
Step 4: move towards the brightest one.

β(r) =
β0

(1 + γ × dis2)
(7)
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α-step Update. The α-step update must be after the β-step update, according
to (8), which is a process of random disturbance to avoid the solution space
falling into the local optimization. Algorithm 1 presents all the operations of the
discrete firefly algorithm.

xi = xi + α(randint) (8)

Table 3. Solution updation

Updation Edge server assignment

Current firefly p {2, 3, 2, 2, 3, 3, 4, 2}
Best firefly pbest {3, 2, 2, 3, 4, 3, 2, 2}
Distance dis1 5

Attractiveness β(r) 0.24

rand( )between(0, 1) { 0.13 , 0.29, 0.03 , 0.11 , 0.67}
firefly p after β-step {3, 3, 2, 3, 4, 3, 4, 2}
firefly p after α-step {3, 3, 2, 4 , 3 , 3, 4, 2}

Table 4. Resource configurations and the price-per-minute of edge servers

Edge server types Vcpu Memory Unit-price/minute

tp1 1 core 1g 0.0558 cents

tp2 1 core 2g 0.1262 cents

tp3 2 core 4g 0.1675 cents

5 Performance Evaluation

To evaluate the effectiveness of our proposed method, we conduct simulative
experiments based on multiple workflow templates [5], namely, CyberShake ,
Inspiral , and Sipht , as shown in Fig. 3.

We consider that all edge servers are with 3 different types of resource con-
figurations and charging plans, i.e., tp1 , tp2 , and tp3 , as shown in Table 4. We
tested the completion time of tasks on three types of edge servers at different
periods, i.e., (a), (b) and (c), as shown in Fig. 4. As can be seen, the period
of 4(a) shows the weakest performance fluctuations while 4(c) shows the great-
est. The positions for edge servers and users are based on the dataset given in
[2,8,14] and illustrated in Fig. 5.
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For comparison, we consider pure FA, GA, Greedy, and Random as baseline
algorithms:

• pure FA [10]: the method is a heuristic algorithm, it is used to solve the
multi-workflow scheduling problem with proximity constraint. It is noted that
the QoS value in the method is constant. We use the mean QoS value as the
static value of the firefly algorithm.

• GA [20]: the method is a heuristic search algorithm for workflow scheduling
in cloud.

• Greedy: the method schedules unassigned tasks to the available lowest cost
edge servers.

• Random: the method randomly selects a edge server for unassigned task.

t1

t3 t4 t5 t6

t2

t7 t8 t9 t10

t11

t12 t13 t14 t15 t16 t17 t18 t19

t20

(a) CyberShake

t2 t3 t4 t5 t6

t9 t10 t11 t12 t13

t15

t30

t1

t8

t7

t14

t17 t18 t19 t20 t21

t24 t25 t26 t27 t28

t16

t23

t22

t29

(b) Inspiral

t1 t2 t3 t4

t5
t6

t7 t8 t9 t10

t30

t16 t20

t17 t21

t18 t22

t19 t23

t29

t12

t13

t14

t15

t11

t25

t26

t27

t28

t24

(c) Sipht

Fig. 3. Workflow process models
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Fig. 5. Edge servers and users deployment

At the periods of 4(a), 4(b) and 4(c), we show in Figs. 6, 7 and 8 the com-
parison of scheduling performance of different methods in terms of deadline con-
straint satisfaction rate, workflow completion time, and cost. As can be observed,
our method beats Random, pure FA, Greedy and GA in terms of average deadline
validation rate. Moreover, our method clearly achieves lower workflow comple-
tion time and cost. To be specific, the cost of our method is 1.7%, 1.4%, and 3.4%
lower than pure FA on average at three periods, respectively; 5.7%, 5.4%, and
8.4% lower than Random; 5.3%, 6.1%, and 5.6% lower than Greedy; and 2.2%,
1.4%, and 3.5% lower than GA. The workflow completion time of our method is
4.5%, 45.8%, and 49.7% lower than that of pure FA on average; 12.8%, 26.4%,
and 62.3% lower than Random; 4.4%, 23%, and 34.7% lower than Greedy; and
14.5%, 51.4%, and 37.1% lower than GA, respectively.

The advantage of our proposed method is achieved because of the fact that
traditional workflow scheduling algorithms are designed on the cloud without
taking into account the real-time performance fluctuations of edge servers. How-
ever, this is not real in the edge computing environment where each server fluc-
tuates in performance. From the above data, it can be seen that our method has
a greater advantage when server performance fluctuates sharply. This is because
our method takes performance into consideration to schedule workflow makes it
superior to its peers in terms of completion time and cost.
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Fig. 6. The comparison of different methods at the period of 4(a) as the input per-
formance data.
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6 Conclusion

In this manuscript, we introduce a novel probabilistic-performance-aware
method to multi-workflow scheduling in the edge computing environment.
Instead of considering static and time-invariant performance of edge servers,
our approach fully exploits the real-time performance fluctuations of them
and leverages a probabilistic-performance-distribution-based mechanism in feed-
ing a discrete-FA-based optimization method for generating scheduling plans.
Experimental results based on several test cases, and a real-world edge-server-
location dataset show that our proposed method clearly outperforms traditional
approaches in terms of multiple performance metrics.
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