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Abstract—High energy consumption is one of the biggest obstacles to the rapid development of computing systems, and reducing

energy consumption is quite urgent and necessary for sustainable computing. Low-energy scheduling based on dynamic voltage and

frequency scaling (DVFS) is one of the most commonly used energy optimization techniques. Recent survey works have reviewed

some low-energy scheduling algorithms, but there is currently no systematic review in low-energy parallel scheduling algorithms. With

the increasing complexity of function requirements, many parallel applications have been executed in various sustainable computing

systems. In this paper, we survey recent advances in low-energy parallel scheduling algorithms according to three scheduling styles,

namely: 1) energy-efficient parallel scheduling algorithms; 2) energy-aware parallel scheduling algorithms; and 3) energy-conscious

parallel scheduling algorithms. Low-energy parallel scheduling algorithms basically involve five categories of 1) heuristic algorithms;

2) meta-heuristic algorithms; 3) integer programming algorithms; 4) machine learning algorithms; and 5) game theory algorithms.

Further, we introduce the future trends in low-energy parallel scheduling algorithms from the perspectives of new requirements and

future developments. By surveying the recent advances and introducing the future trends, we expect to provide researchers with a

systematic reference and development directions in low-energy parallel scheduling for sustainable computing systems.

Index Terms—Energy-aware, energy-conscious, energy-efficient, parallel scheduling

Ç

1 INTRODUCTION

1.1 High Energy Consumption of Computing
Systems

SINCE the birth of the computer, people have never
stopped the pursuing of low energy consumption for

sustainable computing systems. The reason is that high
energy consumption brings the following problems.

1) High temperature problem. Fig. 1 shows the power
consumptions of modern multi-core processors
under idle and multi-thread conditions. From Fig. 1,
we can see that the power of the latest multi-core
processor is as high as 70w under idle condition and
even more than 200w under multi-threaded condi-
tion [1]. At present, some physical temperature cool-
ing technologies, including water cooling, air
cooling, evaporative cooling, and their combinations,
are all used to cool computing systems.

2) Electromagnetic interference problem. High energy
consumption generates strong electromagnetic radi-
ation, which will make the surrounding equipment

malfunction, thereby causing unnecessary safety
issues [2].

3) Environmental deterioration problem. High energy
consumption affects battery life and causes environ-
mental deterioration problem. Based on the strategy
of advocating green computing and environmental
protection, people increasingly support sustainable
computing systems [3].

4) Global economic problem. Huge energy consumption
is generated by clusters, supercomputers, and cloud
data centers, which have powerful computing and
storage capabilities but generate huge energy con-
sumption. The National Natural Resources Defense
Council (NRDC) survey report shows that the energy
consumption of data centers is expected to increase to
about 140 billion kWhper year by 2020 [4]. The current
global data center energy consumption accounts for
about 5 percent of global energy consumption.

As can be seen from the above problems, high energy
consumption is one of the biggest obstacles to the rapid
development of sustainable computing systems, and reduc-
ing energy consumption is quite urgent and necessary.

1.2 Low-Energy Scheduling

To effectively reduce energy consumption from the operating
system level, various low-energy scheduling algorithms have
been proposed. Low-energy scheduling is a branch of schedul-
ing, and it is a common system-level energy optimization tech-
nique [5]. When designing low-energy scheduling algorithms,
Dynamic Voltage and Frequency Scaling (DVFS) is one of the
most commonly used techniques in sustainable computing
systems [6]. By adjusting the voltage and frequency of the
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processor, both the system performance and energy consump-
tion can be dynamically adjusted (the details of DVFS can be
found in Section 2). Currently, most commercial processors
produced by chip manufacturers (e.g., Intel [7], AMD [8],
ARM [9], etc.) support DVFS, and corresponding software sys-
tems (e.g., the CPUFreq subsystem [9]) are developed to sup-
port core frequency adjustment.

Low-energy scheduling algorithms based on DVFS gen-
erally include three styles: 1) energy-efficient scheduling
algorithms; 2) energy-aware scheduling algorithms; and 3)
energy-conscious scheduling algorithms.

1) Energy-efficient scheduling algorithms aim to
reduce the energy consumption in an efficient way
while meeting one or multiple requirements (e.g.,
response time requirement, reliability requirement,
cost requirement, and security requirement etc.).

2) Energy-aware scheduling algorithms aim to improve
the performance (e.g., improve the reliability,
shorten the response time, reduce the cost, and
enhance the security etc.) as much as possible while
meeting the energy consumption constraint.

3) Energy-conscious scheduling algorithms aim to
simultaneously optimize energy consumption and
other multiple performances metrics (e.g., high reli-
ability, short response time, and low cost etc.),
thereby sufficiently improving the operating effi-
ciency of sustainable computing systems.

1.3 Application-Oriented Sustainable Computing
Systems

The computing system based on von Neumann architec-
ture have remained essentially unchanged for decades.
However, through the continuous penetration of informa-
tion technology, computing systems have developed into
application-oriented computing systems, such as Cyber-
Physical Systems (CPS), Internet of Things (IoT), Cloud
Computing Systems (CCS), etc., where low-energy paral-
lel scheduling algorithms play an important role in
energy saving. CPS integrate advanced sensing, comput-
ing, communication, and control technologies to imple-
ment the dynamic interaction process between cyber
systems and physical systems [10]. IoT utilizes the ubiqui-
tous information interaction and communication of smart
and mobile devices to realize the seamless connection
between persons and things through advanced network
technologies [11]. CCS provide Quality of Services (QoS)
for users by pooling and allocating configurable resources

(including servers, networks, storage, etc.) [12]. Other
application-oriented computing systems, such as embed-
ded, mobile, cluster, grid, edge-cloud systems, etc., may
also require low-energy parallel scheduling algorithms.

(1) Safety-critical systems require energy-efficient scheduling
algorithms to reduce the energy consumption while meeting the
safety requirement. Safety-critical systems mean that the
safety of the system is quite important, and the safety
requirement must be met to ensure normal execution; if the
designed system cannot meet the certified safety require-
ment, it may cause serious consequences (including prop-
erty damage and even casualties etc.) during actual
operation. For example, the safety problem caused by the
malfunction in automotive CPS may result in property dam-
age and life-threatening injuries [13]. The brake-by-wire
application in automotive CPS must perform its braking
action correctly in the specified real-time requirement (i.e.,
deadline), which is an important safety requirement; other-
wise, a collision may occur if the actual response time
exceeds its deadline, resulting in injury to drivers, passen-
gers, and pedestrians. Therefore, meeting the safety require-
ment is a prerequisite for normal operation of CPS, and then
energy-efficient scheduling algorithms is employed to
reduce the energy consumption.

(2) Lifetime-limited systems require energy-aware scheduling
algorithms to increase the performance while meeting the energy
consumption constraint. For instance, IoT devices are life-
time-limited systems because they usually use battery-pow-
ered systems, such that energy provision is limited [14]. IoT
devices are widely employed in industrial production sys-
tems (e.g., smart manufacturing and smart factory). Tens of
thousands of IoT devices and edge computing servers are
deeply connected and integrated through the industrial net-
works [15]. Meanwhile, as the scale of IoT continues to
increase, the application computing workloads undertaken
by edge computing servers and IoT devices are increasingly
heavy, such that high-performance industrial IoT devices
and edge computing servers are required to provide high-
performance computing environments.

(3) High-performance systems require energy-conscious sched-
uling algorithms to implement the joint optimization of energy
consumption reduction and other QoS improvement. For
instance, CCS are high-performance computing systems,
which can provide strong computational services for users
in the form of fixed rent (i.e., short-term lease) or pay-as-
you-go (i.e., short-term lease) [16]; meanwhile, CCS provide
multiple QoS metrics to users through on-demand compu-
tational services. One of the core competitiveness of CCS
service providers is the ability to efficiently provide these
QoS metrics and reduce energy consumption.

Note that energy-efficient scheduling, energy-aware
scheduling, and energy-conscious scheduling are not exclu-
sively targeted to specific platforms (e.g., CPS, IoT, and CCS).
For instance, most effort concerns stream processing and fog-
edge-cloud interaction in IoT, and significant effort was
devoted to server consolidation in CCS. Furthermore, dead-
line-aware (i.e., real-time) low-energy parallel scheduling
appeared as a problem well before the CPS and IoT era [21],
[22]. For instance, it is understandable that deadline-aware
scheduling fits both CPS and cloud processing of scientific
workflows. Further, it is feasible to perform multi-objective

Fig. 1. Power consumptions of Modern multi-core processors.
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optimization with energy as one of the optimization func-
tions in the case ofworkflow scheduling in IoT.

1.4 Recent Survey Works

Recent surveyworks have reviewed some low-energy sched-
uling algorithms, as shown in Table 1. Ref. [17] provided a
short survey in low-energy parallel scheduling algorithms of
heuristics, game theory, and machine learning. Ref. [18]
reviewed the low-energy scheduling algorithms (including
single processor and multiprocessors) from 1990 to 2016.
Ref. [19] took performance, energy and temperature as opti-
mization objectives, and it summarized 16 heuristic low-
energy scheduling algorithms to address the multi-objective
problems. Ref. [12] summarized the meta-heuristic algo-
rithms widely used in low-energy scheduling through three
dimensions (i.e., virtualization, consolidation, and energy-
awareness). Ref. [20] is the latest overview of machine learn-
ing algorithms for low-energy scheduling from multiple
dimensions (including optimization goal, optimization tech-
nique, and system architecture). However, there is currently
no systematic review of low-energy parallel scheduling
algorithms.

Low-energy parallel scheduling means low-energy sch-
eduling for parallel applications. From a perspective of
scheduling, a parallel application comprises multiple tasks
(processes), where some tasks could be executed in parallel
in multiple processors (or cores), and some tasks exist data
dependency and precedence constraints; through inter-core
data exchange or network communication transmission, a
task can send data to its immediate successor tasks to trigger
the execution of these tasks. In general, a parallel application
could be denoted with a Directed Acyclic Graph (DAG) [23],
where a node in a DAG represents a computing task, and
each edge between two nodes represents their precedence
constraint. In addition, Task Interaction Graph (TIG) [24],
hybrid DAG (HDAG) [24], Precedence-constrained Task
Graph (PTG) [25], and Activity on Edge (AOE) network [26],
etc. are DAG variants, and they can also be used to represent
a parallel application.

With the increasing complexity of function requirements,
many parallel applications have been executed in in sustain-
able computing systems, such as CPS, IoT and CCS. For
instance, Adaptive Cruise Control (ACC) and brake-by-
wire are parallel applications in automotive CPS; Random
Linear Network Coding (RLNC) is a parallel application in
IoT devices [27]; and scientific workflows (e.g., Montage,
CyberShake, Epigenomics etc.) are parallel applications in
CCS [28], [29]. These applications are designed to make full
use of multi-core, multi-processor, or multi-machine archi-
tecture to improve system efficiency.

Based on the above research background, Fig. 2 shows
the overview of recent advances in low-energy parallel
scheduling algorithms in this paper.

1.5 Our Contributions

At present, there is no investigation to classify low-energy
parallel scheduling algorithms according tomultiple schedul-
ing styles, andmultiple algorithm categories. For the research
of the investigation of low-energy parallel scheduling algo-
rithms, wemake the following contributions.

1) We survey the recent advances in low-energy parallel
scheduling algorithms according to three scheduling
styles, namely, 1) energy-efficient parallel schedul-
ing algorithms; 2) energy-aware parallel scheduling
algorithms for; and 3) energy-conscious parallel sch-
eduling algorithms. Low-energy parallel scheduling
algorithms basically involve five categories of 1) heu-
ristic algorithms; 2)meta-heuristic algorithms; 3) inte-
ger programming algorithms; 4) machine learning
algorithms; 5) and game theory algorithms.

2) We introduce the future trends in low-energy paral-
lel scheduling algorithms from the perspectives of
new requirements and future developments.

By surveying the recent advances and introducing the
future trends, we hope to provide researchers with a sys-
tematic reference and development directions in low-energy
parallel scheduling.

The rest of this work is summarized below. Section 2
gives preliminaries related to low-energy parallel schedul-
ing. Sections 3, 4, and 5 survey the recent advances in
energy-efficient parallel scheduling algorithms, energy-
aware parallel scheduling algorithms, and energy-conscious
parallel scheduling algorithms, respectively. Section 6 intro-
duces the future trends in low-energy parallel scheduling
algorithms. The paper is concluded in Section 7.

2 ARCHITECTURES AND MODELS

2.1 Computing System Architectures

The low-energy parallel scheduling algorithms depend on
the system architecture of specific domains. This paper uses
CPS, IoT and CCS as examples to introduce their system
architectures.

1) The architecture of CPS is usually a heterogeneous
networked multi-processor architecture, where pro-
cessors are scattered in different locations but inter-
connected via various network buses. Fig. 3 shows
the networked architecture of automotive CPS,
where industrial Ethernet, Control Area Network

TABLE 1
Recent Survey Works have Reviewed Some Low-Energy Scheduling Algorithms

Reference Year Surveyed algorithms

[17] 2014 Heuristics, game theory, and machine learning
[18] 2016 Algorithms for single processor and multiprocessors
[19] 2016 Heuristic algorithms with the multi-objective problems
[12] 2019 Meta-heuristic algorithms considering virtualization, consolidation, and energy-awareness
[20] 2020 Machine learning algorithms from optimization goal, optimization technique, and system architecture
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(CAN), and FlexRay with different bandwidths are
used to construct an in-vehicle network and connect
all processors.

2) The architecture of IoT devices is usually a hetero-
geneous multiprocessor System-on-Chip (MPSoC)
architecture, where multiple processor cores with
different instruction sets are integrated in a single

chip. However, the increase in the number of
cores/processors generates further data transmis-
sion and affects the performance of IoT devices.
Currently, several hardware techniques (e.g., big.
LITTLE core architecture) are proposed to reduce
data transmission. Fig. 4 shows a MPSoC architec-
ture (i.e., Zynq Ultrascale + MPSoC) that usually
used in IoT devices.

3) The architecture of CCS is usually a heterogeneous
distributed multiple Virtual Machines (VM) archi-
tecture, where the hosts of VMs are the servers
scattered in different physical locations. The serv-
ers interact with each other through a local area
networks or Internet, as shown in Fig. 5. In the life
cycle of CCS, the old and low-performance servers
are always replaced by new high-performance
servers to provide scalable computing services.

2.2 System-Level Power and Energy Models

There are two main technologies for reducing energy con-
sumption of computing systems: Dynamic Power Manage-
ment (DPM) and DVFS [32]. DPM mainly switches its
working state according to changes in the workload of the

Fig. 3. Heterogeneous distributed multi-processor architecture of auto-
motive CPS [30].

Fig. 2. Overview of recent advances in low-energy parallel scheduling algorithms in this survey.
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equipment to minimize the power consumption; for exam-
ple, when the idle period of the peripheral is long enough, it
can be turned off or enters a sleep state to save battery’s
power. DVFS dynamically adjusts the power supply voltage
and clock frequency of the processor to achieve a balance
between the response time and energy consumption of the
system. Compared with DPM, the main advantage of DVFS
is that it can adopt low-energy scheduling algorithms at the
operating system level to efficiently use the processor; there-
fore, we survey low-energy parallel scheduling algorithms
that adopt the DVFS technique in this paper. The energy
consumption of a computing system can be generated by
processors, memory, interface network cards, and external
circuit systems etc. Among them, the energy consumption
generated by processors is the main part [33].

In the system-level DVFS-enabled power and energy
models, the calculation of the total energy consumption of
the system is a nonlinear function of the voltage and fre-
quency. In the past, CMOS circuits were usually executed in
environments, where voltage is higher than the threshold
voltage, and the dynamic energy consumption was the main
part of the total energy consumption. With the advancement
of Very large-scale integration (VLSI) technology, the inte-
gration of transistors has increased while the system size has
continued to decrease. Therefore, the gap between the sup-
ply and the threshold voltages is narrowed, resulting in the
increase of static energy consumption [18]. One of the widely
used system-level powermodel is denoted by [33]

P ¼ Ps þ �hðPind þ PfdÞ: (1)

The first part of Ps represents static power, which can only
be eliminated by shutting down the entire system. The sec-
ond part �hðPind þ PdÞ represents the dynamic power, where
Pind represents the frequency-independent dynamic power
and can be eliminated by switching the system to the sleep
state; Pfd represents the frequency-dependent dynamic

power; �h represents the state of the system, indicating
whether the system currently has dynamic power part. �h =
1 means that system is active; otherwise, �h = 0 means that
system is not active.

At present, the relevant literature probably provides
three models representing frequency-dependent dynamic
power Pfd and dynamic energy consumption Ed.

1) Since DVFS can change the system power by adjust-
ing the voltage and frequency, Pfd can be expressed
according to voltage and frequency, namely

Pfd ¼ CefV
2f: (2)

Cef represents the effective capacitance; V represents
the supply voltage; Cef is a constant value related to
a specific processor, which can be obtained by pro-
cessor power measurement; f represents the current
frequency of the processor. On the basis of Eq. (2),
the system-level energy model can be expressed by

Ed ¼ Pind þ CefV
2f

� �� fmax

f
� w: (3)

fmax represents the maximum frequency of the pro-
cessor; V represents the maximum voltage of the
system; w is the execution time of a task under the
maximum frequency.

2) Pfd can also be expressed only in terms of frequency,
namely

Pfd ¼ Ceff
m; (4)

m, which is a constant value, represents the dynamic
power exponent related to a specific processor; m is
larger than 2. On the basis of Eq. (4), the system-level
energy model can be expressed by

Ed ¼ Pind þ Ceff
mð Þ � fmax

f
� w: (5)

3) Considering that processor execution speed is usu-
ally linear related to frequency, Pfd can also be
expressed by the processor execution speed s. This
model is often adopted when using queuing theory
[34], [35], [36] and it is denoted by

Fig. 5. Heterogeneous distributed multiple VM architecture of CCS.

Fig. 4. Heterogeneous MPSoC architecture of IoT devices [31].
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Pfd ¼ �sa: (6)

� is a constant value that can be deducted from
CefV

2f ; a is the exponent related to processor execu-
tion speed and it is also a constant (e.g., constant 3
[37], [38], [39]) related to special processors. On the
basis of Eq. (6), the system-level energy model can
be expressed by

Ed ¼ ðPind þ �saÞ � fmax

f
� w: (7)

Assume that EðGÞ is the energy consumption of the
application G, then EðGÞ contains EsðGÞ (i.e., static energy
consumption) and EdðGÞ (i.e., dynamic energy consump-
tion) of the application, namely

EðGÞ ¼ EsðGÞ þEdðGÞ:
EsðGÞ depends on the makespan (i.e., response time) of the
application

EsðGÞ ¼
X
uk2U

Ps �makespanðGÞ:

U represents the processor (or core) set; notice that each pro-
cessor consumes static energy consumption, such that the
static energy consumption of the application contains all
static energy consumptions generated in processors.

On the basis of Eq. (3), EdðGÞ depends on the processor
frequency and is calculated by

EdðGÞ ¼
X
ni2N

Pind þ CefV
2fi

� �� fmax

fi
� wi

� �
: (8)

fi represents assigned processor frequency to task ni; wi

represents the execution time of task ni under the maximum
frequency. N represents the task set of application G; notice
that each task generates dynamic energy consumption, such
that the dynamic energy consumption of the application
contains all the dynamic energy consumptions generated by
tasks.

Similar to Eq. (8), other calculations of EdðGÞ based on
Eqs. (4) and (6) are denoted by

EdðGÞ ¼
X
ni2N

Pind þ Ceff
m
i

� �� fmax

fi
� wi

� �
;

and

EdðGÞ ¼
X
ni2N

Pind þ �sað Þ � fmax

fi
� wi

� �
;

respectively.

2.3 A Derived Version of System-Level Power and
Energy Models

A derived version of the system-level power model is often
used in some works [40], [41], [42]. This model contains two
parts: 1) idle power (including static power and frequency-
independent dynamic power) of processors; 2) frequency-
dependent dynamic power of processors; such model is
usually used in an application with IO-intensive tasks, and

the power calculation is denoted by

P ¼ Pidle þ Pfd ¼ bþ kfa: (9)

b represents idle power; kfa represents frequency-depen-
dent dynamic power; k and a are energy-efficient capacitors
and power exponent, respectively.

On the basis of Eq. (9), the total energy consumption of
the application is the sum of idle consumption EidleðGÞ and
frequency-dependent dynamic energy consumption EfdðGÞ
of the application, namely

EðGÞ ¼ EidleðGÞ þ EfdðGÞ:
EidleðGÞ depends on SlackðGÞ, which represents the total
slack size of the application G; therefore, we have

EidleðGÞ ¼ b� SlackðGÞ:
The frequency-dependent dynamic energy consumption
EdðGÞ of the application is calculated by

EfdðGÞ ¼
X
ni2N

kfað Þ � fmax

fi
� wi

� �
:

3 ENERGY-EFFICIENT PARALLEL SCHEDULING

ALGORITHMS

In this section, we survey recent advances in energy-efficient
parallel scheduling algorithms. Through extensive search
and identification, the energy-efficient parallel scheduling
algorithms involve four categories: 1) heuristic algorithms; 2)
meta-heuristic algorithms; 3) integer programming algo-
rithms; and 4) machine learning algorithms. Unfortunately,
there is no research on energy-efficient parallel scheduling
based on the game theory algorithm. Game theory embodies
a kind of antagonistic gamebehavior,where eachparty partic-
ipating in the competition has individual objective. All parties
try to choose the most beneficial plans for them; therefore,
game theory is suitable for multi-objective optimization algo-
rithms. Since energy-efficient parallel scheduling is a single-
objective optimization problem that only seeks to minimize
energy consumption, game theory is not applicable. Fig. 6 sur-
veys the overall algorithms categories of recent advances in
energy-efficient parallel scheduling according to heuristics,
meta-heuristics, integer programming, andmachine learning.

3.1 Heuristic Algorithms

It is an NP-hard optimization problem when finding the
optimal solution for energy-efficient parallel scheduling
with certain requirement in multiprocessors [43], and even
a simple dual-processor scheduling problem with indepen-
dent tasks is NP-hard. Using heuristic algorithms is a type
of solutions that can give a feasible solution in an acceptable
time and space when solving a specific problem; however, a
heuristic algorithm can neither obtain the optimal solution
nor the deviation of the feasible solution from the optimal
solution. A heuristic algorithm can change its search path
based on individual or global experience in the process of
seeking the optimal solution. When the optimal solution to
the problem becomes impossible or difficult to complete
(e.g., NP-hard optimization problem), heuristic algorithms
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are efficient ways to obtain approximate optimal solutions.
Due to the simplicity and time efficiency of the heuristic
algorithm, it is the most used algorithm among the five cate-
gories of algorithms mentioned in this paper.

(1) Energy-efficient parallel scheduling algorithm while meet-
ing the real-time requirement

In Table 2, we survey the recent advances in heuristic
energy-efficient parallel scheduling algorithms while meet-
ing the real-time requirement. Real-time requirement means
that the application must finish its execution during its
deadline, and it is an important safety requirement in time-
critical computing systems.

Energy-efficient parallel scheduling while meeting the
real-time requirement in homogeneous multiprocessor sys-
tems (i.e., homogeneous systems) can be found in Refs. [43],
[44], [45]. Ref. [43] addressed the combinatorial optimization
problem of energy-efficient parallel schedulingwhilemeeting
the real-time requirement in homogeneous systems; to enable
heuristic algorithms, the problem is decomposed into three
subproblems: 1) precedence constraint; 2) task scheduling;

and 3) power supplying. Ref. [44] constructed the level-by-
level energy-efficient parallel scheduling algorithm in homo-
geneous systems; the problem is addressed by using the
two-level energy/time/power assignment approach: 1) opti-
mal energy/time assignment to tasks among different levels;
2) equal power provision for tasks of the same level. To
address the same problem as Refs. [43], [44], a task scheduling
using list scheduling algorithm and speed determination
using list placement algorithmwere developed in Ref. [45].

Ref. [46] first introduced the upward slack reclamation
technique to implement the energy-efficient parallel sche-
duling algorithm while meeting the real-time requirement in
heterogeneous multiprocessor systems (i.e., heterogeneous
systems); upward reclamation technique means that reclaim-
ing the slacks from the exit task to the entry task in the parallel
application, where tasks are sorted according to the descend-
ing order of maximum Latest Finish Time (LFT). Considering
that Ref. [46] tried to put all tasks into the lowest frequency to
execute, resulting in the overall energy consumption of the
application is not reduced enough, Ref. [47] employed the

Fig. 6. Overall algorithms categories of recent advances in energy-efficient parallel scheduling according to heuristics, meta-heuristics, integer pro-
gramming, and machine learning.
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improved slack reclamation technique called iterative slack
reclamation to achieve the energy-efficient parallel schedul-
ing; the iterative slack reclamation technique iteratively dis-
tributes the slack between the tasks and gradually scales
rather than directly using the lowest frequency. Considering
that Refs. [46], [47] cannot efficiently utilize the slacks in the
slack reclamation, an enhanced energy-efficient parallel
scheduling algorithm was designed in [48] by using the par-
tial optimal slack reclamation technique, which can make full
use of partial slacks. Ref. [49] devised an energy-efficient par-
allel scheduling algorithm by finding the maximum indepen-
dent task set of each task, and then iteratively assigning each
slack to this set (i.e., the reclamation technique for indepen-
dent task set), and such technique can maximize the total
energy consumption reduction.

Considering that Refs. [46], [47], [48], [49] merely reclaim
the slack from the exit task to the entry task, Ref. [50] used
the upward-downward slack reclamation technique to
achieve the energy-efficient parallel scheduling, which is
more energy-efficient than the previous upward slack recla-
mation techniques. Both the upward and upward-down-
ward slack reclamation techniques belong to the LFT-based
slack reclamation approach, which employees the local
slack reclamation technique. The local slack reclamation
technique means merely reclaiming slacks in the constant
processor for each task. To improve the limitation of the
local slack reclamation technique, the global slack reclama-
tion technique was adopted in Ref. [51], where tasks can be
migrated to the slacks of other processor that can generate
the minimum energy consumption while still meeting the
real-time requirement of the parallel application; consider-
ing that merely using DVFS technique is not enough in
practice, Ref. [51] further combined the non-DVFS energy-
efficient parallel scheduling and global energy-efficient par-
allel scheduling to address the above problem.

Processor merging, which powers off certain specific pro-
cessors, is another important technique to implement the
energy-efficient parallel scheduling. The processor merging
technique in Ref. [52] powers off processors with a small num-
ber of tasks while meeting the real-time requirement of

theparallel application.However, neither powering off the pro-
cessors with a small number of tasks nor powering off as many
processors as possible produces a good energy-efficient parallel
scheduling. Ref. [53] improved the energy-aware processor
merging technique by powering off the most effective proces-
sor in terms of saving energy. However, the energy-efficient
parallel scheduling algorithms in Refs. [52], [53] are essentially
the local processormerging technique (i.e., each task is assigned
to a constant processor and can not be migrated). Therefore,
Ref. [54] utilized the global processor merging technique to
implement the energy-efficient parallel scheduling formultiple
real-time parallel applications; this technique can enable tasks
migrate to the slacks of other processors. Recently, by analyzing
the improved processor merging technique in Ref. [53], a new
processor merging technique using the binary search (i.e., the
binary processor merging technique) was applied in Ref. [55],
which implements the fast energy-efficient parallel scheduling.

Recently, some new energy-efficient parallel scheduling
algorithms for specific scenarios were proposed [56], [57],
[58], [59], where a core step is deadline division (i.e., deadline
partition). Ref. [56] studied energy-efficient parallel schedul-
ing by proposing the deadline division technique, through
which sub-deadlines of sub-workflows (i.e., sub-applications)
are obtained. Ref. [57] investigated the energy-efficient paral-
lel scheduling by setting optimal task execution speed
towards the energy-efficient parallel scheduling when static
energy consumption is amajor proportion of total energy con-
sumption. Ref. [58] exploited the list-based energy-efficient
parallel scheduling algorithm (including top-level task calcu-
lation, deadline division for sub-deadlines of tasks, dynamic
adjustment, and edge data communication) to reduce the net-
work energy consumption for fat-tree interconnection net-
works. Ref. [59] provided a two-step (i.e., deadline division
and sorting tasks) technique to achieve the energy-efficient
parallel scheduling with geo-distributed data (i.e., data is dis-
tributed geographically in the data center).

(2) Energy-efficient parallel scheduling while meeting the reli-
ability requirement

Besides the real-time requirement, reliability requirement
is another important safety requirement in time-critical

TABLE 2
Recent Advances in Heuristic Energy-Efficient Parallel Scheduling Algorithms While Meeting the Real-Time Requirement

Reference Year Environment Requirement Technique Static/dynamic

[43] 2012 Homogeneous systems Real-time requirement Decomposing three subproblems Static
[44] 2015 Homogeneous systems Real-time requirement Level-by-level Static
[45] 2016 Homogeneous systems Real-time requirement List scheduling and list placement Static
[46] 2012 Heterogeneous systems Real-time requirement Upward slack reclamation Static
[47] 2014 Heterogeneous systems Real-time requirement Iterative slack reclamation Static
[48] 2015 Heterogeneous systems Real-time requirement Partial optimal slack reclamation Static
[49] 2017 Heterogeneous systems Real-time requirement Slack reclamation for independent tasks Static
[50] 2017 Heterogeneous systems Real-time requirement Upward and backward slack reclamation Static
[51] 2017 Heterogeneous systems Real-time requirement Global slack reclamation Static
[52] 2016 Heterogeneous systems Real-time requirement Processor merging Static
[53] 2017 Heterogeneous systems Real-time requirement Energy-aware processor merging Static
[54] 2020 Heterogeneous systems Real-time requirement Global processor merging Static
[55] 2020 Heterogeneous systems Real-time requirement Binary processor merging Static
[56] 2018 Heterogeneous systems Real-time requirement Deadline partition for sub-applications Static
[57] 2018 Homogeneous systems Real-time requirement Setting optimal task execution speed Static
[58] 2019 Heterogeneous systems Real-time requirement Deadline partition for tasks Static
[59] 2020 Heterogeneous systems Real-time requirement Dividing deadlines and sorting tasks Static
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computing systems. In Table 3, we survey the recent advances
in heuristic energy-efficient parallel scheduling algorithms
while meeting the reliability requirement (some works also
meet the real-time requirement).

Ref. [33] established the link between energy consumption
and reliability. Energy-efficient parallel scheduling while
meeting the real-time and reliability requirements has been
studied well by proposing the shared recovery technique in
uniprocessor systems [60]. The shared recovery technique
means that a single recovery block can be shared among tasks
to re-execute any faulty scaled task at runtime. Ref. [61]
explored the three-stage (i.e., basic feasible schedule, task
migration for high energy-efficiency, and reliability-aware
slack exploitation) energy-efficient parallel scheduling using
the checkpointing with rollback-recovery technique while
simultaneously meeting the real-time and reliability require-
ments. However, the checkpointing with rollback-recovery
technique is not a fault tolerant technique, such that its reli-
ability enhancement ability is not sufficient.

Redundancy is an effective fault tolerant technique to
meet the reliability requirement. Ref. [62] studied the
energy-efficient parallel scheduling while meeting the reli-
ability requirement using the dynamic redundancy tech-
nique in homogeneous systems. Ref. [63] addressed the
energy-efficient fault-tolerant parallel scheduling while
meeting the reliability requirement using the active replica-
tion technique (i.e., each task can be simultaneously repli-
cated on several processors) in heterogeneous systems. In
general, the functional safety requirement is the combina-
tion of real-time and reliability requirements; by using the
active replication technique, Ref. [64] suggested the three-
stage (i.e., response time verification, functional safety veri-
fication, and functional safety-critical energy optimization)
energy-efficient parallel scheduling algorithm while simul-
taneously meeting the functional safety requirement.

(3) Energy-efficient parallel scheduling while meeting other
requirements

Besides the real-time and reliability requirements, other
requirements (e.g., cost budget and thermal requirements)
have been studied recently. In Table 4, we survey the recent
advances in heuristic energy-efficient parallel scheduling
algorithms while meeting other requirements.

Ref. [65] provided the cost-to-budget technique to imple-
ment the energy-efficient parallel scheduling while meeting
the cost budget requirement in heterogeneous systems; the
cost-to-budget technique has two approaches of max-cost-
down-to-budget and min-cost-up-to-budget. Ref. [66] devel-
oped the available budget preassignment technique to
implement the energy-efficient parallel scheduling while
meeting the cost budget requirement in heterogeneous sys-
tems; the available budget preassignment technique can
shift the cost budget requirement of the parallel application
to that of each task. Ref. [67] pursued a two-level (i.e., pro-
cessor level and core level) technique to implement the
energy-efficient parallel scheduling while meeting the real-
time and thermal requirements in heterogeneous systems.

3.2 Meta-Heuristic Algorithms

Meta-heuristic algorithm is usually an improvement of the
heuristic algorithm, and it is the product of the combination
of the random algorithm and the local search algorithm.
Meta-heuristic algorithm is an iterative generation process
that uses heuristic algorithms to explore and develop the
search space through intelligent combinations of different
concepts. In this process, learning strategies are used to
obtain and master information to effectively find approxi-
mate optimal solutions. Many meta-heuristic algorithms are
inspired by some random phenomena in nature (e.g.,
genetic algorithm, simulated annealing algorithm).

TABLE 3
Recent Advances in Heuristic Energy-Efficient Parallel Scheduling Algorithms While Meeting the

Reliability Requirement (Some Works Also Meet the Real-Time Requirement)

Reference Year Environment Requirement Technique Static/dynamic

[60] 2013 Uniprocessor
systems

Reliability requirement, real-time
requirement

Shared recovery Dynamic

[61] 2018 Heterogeneous
systems

Reliability requirement Checkpointing with rollback-
recovery

Dynamic

[62] 2015 Homogeneous
systems

Reliability requirement Dynamic redundancy Dynamic

[63] 2018 Heterogeneous
systems

Reliability requirement, real-time
requirement

Active replication Static

[64] 2019 Heterogeneous
systems

Reliability requirement, real-time
requirement

Three-stage, active replication Static

TABLE 4
Recent Advances in Heuristic Energy-Efficient Parallel Scheduling Algorithms While Meeting Other Requirements

Reference Year Environment Requirement Technique Static/dynamic

[65] 2018 Heterogeneous
systems

Cost budget requirement Available budget
preassignment

Static

[66] 2018 Heterogeneous
systems

Cost budget requirement Cost-to-budget Static

[67] 2018 Heterogeneous
systems

Real-time requirement, thermal
requirement

Processor level and core level Static

XIE ETAL.: SURVEYOF LOW-ENERGY PARALLEL SCHEDULING ALGORITHMS 35

Authorized licensed use limited to: HUNAN UNIVERSITY. Downloaded on August 16,2026 at 08:23:34 UTC from IEEE Xplore.  Restrictions apply. 



Meta-heuristic algorithms can be classified into three
types, namely, evolutionary intelligence, biological intelli-
gence, and swarm intelligence [12]. In Table 5, we survey
the recent advances in meta-heuristic energy-efficient paral-
lel scheduling algorithms while meeting the real-time
requirement.

Ref. [68] introduced the hyper-heuristic framework,where
the quantum-inspired hyper-heuristics technique is pro-
posed to implement the energy-efficient parallel scheduling
while meeting the real-time requirement in heterogeneous
systems; the quantum-inspired hyper-heuristic technique
belongs to the population-based evolutionary intelligence.
Genetic algorithm is an evolutionary intelligence algorithm
widely used in low-energy parallel scheduling, but it has
limited search ability and unstable convergence rate. Refs.
[69], [70], [71] improved genetic algorithms through acce-
lerating and optimizing the evolution processes, such that
they can be applied to energy-efficient parallel scheduling
while meeting the real-time requirement in heterogeneous
systems. The improved details are below: 1) Ref. [69] pro-
posed an improved genetic algorithm by introducing the
random evolution mechanism, specific crossover, and pert-
urbation operations; 2) Ref. [70] described an improved
genetic algorithm by introducing elite operators, elite muta-
tions, and adaptive genetic optimization; and 3) Ref. [71] pre-
sented an improved genetic algorithm by introducing the
spectrum partitioning algorithm. For deep learning-based
parallel applications based on the Convolutional Neural Net-
works (CNN), Ref. [72] produced an improved genetic algo-
rithm to implement the energy-efficient parallel scheduling
while meeting the real-time requirement in heterogeneous
systems.

Besides genetic algorithm, another evolutionary intelli-
gence algorithm called invasive weed optimization has
been used to implement the energy-efficient parallel sched-
uling while meeting the real-time requirement in heteroge-
neous systems. For instance, Ref. [73] improved the basic
invasive weed optimization algorithm and proposed the
hybrid invasive weed optimization and culture algorithm to
address the problem of energy-efficient parallel scheduling

while meeting the real-time requirement in heterogeneous
systems.

Cuckoo search is a biological intelligence algorithm and
has been studied in recent years. On the basis of Gaussian
random walk and adaptive discovery probability, Ref. [74]
showed an improved cuckoo search algorithm to achieve
the energy-efficient parallel scheduling while meeting the
real-time requirement in heterogeneous systems.

For swarm intelligence, Ref. [75] carried out the CPU-
GPU utilization-aware energy-efficient parallel scheduling
while meeting the real-time requirement in heterogeneous
systems: 1) the first stage proposes the heuristic greedy
strategy to solve the basic CPU-GPU utilization-aware
energy-efficient scheduling problem; 2) the second stage
improves the global optimization ability of the basic algo-
rithm through proposing a novel hybrid particle swarm
optimization algorithm.

3.3 Integer Programming Algorithms

At present, there are three types of integer programming
algorithms, including integer linear programming, mixed
integer linear programming, and non-linear mixed integer
programming. Integer linear programming is the easiest
and most used integer programming, and it refers specifi-
cally to the optimization problem where both the objective
function and the constraints are linear. The problem of find-
ing the maximum or minimum value of a linear objective
function under linear constraints is called a linear program-
ming problem. Linear programming is an important field in
optimization problems. Many optimization problems can
be decomposed into linear programming sub-problems,
and we can solve these sub-problems one by one. Linear
programming cannot obtain the optimal solution in polyno-
mial time, but when the scale of the problem is not large, lin-
ear programming is a good way to solve the optimal
solution.

The three types of algorithms (i.e., integer linear program-
ming, mixed integer linear programming, and non-linear
mixed integer programming) have currently been applied to

TABLE 5
Recent Advances in Meta-Heuristic Energy-Efficient Parallel Scheduling Algorithms While Meeting the Real-Time Requirement

Reference Year Environment Requirement Technique Description Static/
dyanamic

[68] 2016 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Quantum-inspired hyper-heuristics Static

[69] 2017 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Genetic algorithm Static

[70] 2019 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Genetic algorithm Static

[71] 2020 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Genetic algorithm Static

[72] 2020 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Genetic algorithm Static

[73] 2020 Heterogeneous
systems

Real-time
requirement

Evolutionary
intelligence

Hybrid invasive weed optimization
and culture

Static

[74] 2020 Heterogeneous
systems

Real-time
requirement

Biological
intelligence

Cuckoo search algorithm Static

[75] 2020 Heterogeneous
systems

Real-time
requirement

Swarm intelligence Hybrid particle swarm optimization
algorithm

Static
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energy-efficient parallel scheduling. In Table 6, we survey
the recent advances in integer programming-based energy-
efficient parallel scheduling algorithms while meeting vari-
ous requirements.

Ref. [76] first considered the task transition overhead in
the energy-efficient parallel scheduling while meeting the
real-time requirement in heterogeneous systems, where an
integer linear programming algorithm based on task profile
information was proposed; this algorithm extends integer
linear programming formula and inserts transition instruc-
tions into the best program locations.

Ref. [77] applied a multi-stage approach to solve the
energy-efficient parallel scheduling while meeting the real-
time and reliability requirements in heterogeneous systems:
1) an energy-efficient scheduling scheme by fault tolerance
is proposed to reduce the impact factors that affects reliabil-
ity; 2) the optimal scheduling is obtained through the mixed
integer linear programming algorithm; and 3) a binary par-
ticle swarm optimization based on list is proposed to deal
the mapping and scheduling of application.

Ref. [78] used the non-linear mixed integer programming
algorithm to conduct the energy-efficient parallel schedul-
ing while meeting the real-time requirement in heteroge-
neous systems; the non-linear mixed integer programming
algorithm is generally transferred to the mixed integer lin-
ear programming algorithm, and then the bound is added
to find the optimal solution iteratively and recursively. The
process in Ref. [78] consists of two stages: 1) finding the
closed minimum energy consumption without considering
response time; 2) optimizing response time by adjusting the
task position and resource assignment.

3.4 Machine Learning Algorithms

Machine learning algorithm relies on historical collected
data to achieve classification, prediction of system indica-
tors; and such algorithm can be combined with other cate-
gories of scheduling algorithms to implement the energy-
efficient parallel scheduling. Machine learning-based
energy-efficient parallel scheduling algorithms are mostly
suitable for dynamic application scenarios. However, most

machine learning algorithms are designed for energy-effi-
cient non-parallel scheduling algorithms [32], [81], [82], [83],
[84], [85], [86], and only a few recent studies are designed
for energy-efficient parallel scheduling algorithms [79], [80].
In Table 7, we survey the recent advances in machine learn-
ing-based energy-efficient parallel scheduling algorithms
while meeting various requirements.

Reinforcement learning is popular for the energy-efficient
parallel scheduling in recent years. Ref. [79] constructed a
deep Q-learning model to learn the task request mode and
the actual energy consumption, thereby implementing the
energy-efficient parallel scheduling while meeting the
user’s service-level agreement requirement in heterogeneous
systems. Ref. [80] formulated the reinforcement learning
framework based on the Chebyshev scalar function to simul-
taneously achieve the energy-efficient parallel scheduling
and reduce the response time while meeting the budget
requirement in heterogeneous systems.

4 ENERGY-AWARE PARALLEL SCHEDULING

ALGORITHMS

Through extensive search and analysis, the energy-aware
parallel scheduling algorithms mainly involve three cate-
gories: 1) heuristic algorithms; 2) meta-heuristic algorithms;
and 3) integer programming algorithms. Compared with the
energy-efficient parallel scheduling, research works on the
energy-aware parallel scheduling are relatively few, andmost
of them focus on the heuristic algorithm. For energy-aware
parallel scheduling, there is only one work using the meta-
heuristic algorithm [68] and only one work using the integer
programming algorithm [93]; the game theory and machine
learning algorithms are still blank. Energy-aware parallel
scheduling is not suitable for game theory because it is a sin-
gle objective optimization problem. As for machine learning,
the main reason is that energy-aware parallel scheduling is
still in its infancy compared to energy-efficient parallel sched-
uling and energy-conscious parallel scheduling. We believe
that some energy-aware parallel scheduling algorithms using
machine learning will come out in the near future. Fig. 7

TABLE 6
Recent Advances in Integer Programming-Based Energy-Efficient Parallel Scheduling Algorithms While Meeting Various

Requirements

Reference Year Environment Requirement Technique Static/dynamic

[76] 2019 Heterogeneous
systems

Real-time requirement Integer linear programming Static

[77] 2018 Heterogeneous
systems

Real-time requirement, reliability
requirement

Mixed integer linear
programming

Static

[78] 2019 Heterogeneous
systems

Real-time requirement Non-linear mixed integer
programming

Static

TABLE 7
Recent Advances in Machine Learning-Based Energy-Efficient Parallel

Scheduling Algorithms While Meeting Various Requirements

Year Reference Environment Requirement Technique Static/dynamic

[79] 2018 Heterogeneous systems Service-level agreement requirement Reinforcement learning, Q-learning Static
[80] 2019 Heterogeneous systems Budget requirement Reinforcement learning, Q-learning Static
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surveys the overall algorithm categories of recent advances in
energy-aware parallel scheduling according to heuristics,
meta-heuristics, and integer programming.

4.1 Heuristic Algorithms

(1) Energy-aware parallel scheduling towards response time
reduction

In Table 8, we survey the recent advances in heuristic
energy-aware parallel scheduling algorithms towards the
response time reduction.

Besides the energy-efficient parallel scheduling, Refs. [43],
[44], [45] studied the energy-aware parallel scheduling
towards response time reduction in homogeneous systems
using the same techniques; in other words, the three
Refs. [43], [44], [45] simultaneously solved the dual problems
of 1): energy-efficient parallel scheduling while meeting the
real-time requirement and 2): energy-aware parallel schedul-
ing towards response time reduction; in addition, the pro-
posed technique of each study can be adapted to the dual
problems. Ref. [87] considered the energy-aware parallel
scheduling towards response time reduction in homoge-
neous systems and proposed the incremental static voltage
adaptation technique; this technique constantly iteratively
observes the deviation of the actual energy consumption
exceeding the energy consumption constraint, and then
adjusts the frequency of some key tasks until the actual
energy consumption is within the given energy consumption
constraint.

Energy-aware parallel scheduling towards response time
reduction in heterogeneous systems has been addressed
in 2016 [88], and an energy pre-assignment technique was
first proposed; the core idea of the energy pre-assignment

technique is to transfer the energy consumption constraint of
the application to each task through pre-assigning certain
energy consumptions to un-assigned tasks, thereby reducing
the complexity of the problem. However, the energy pre-
assignment technique in Ref. [88] is implemented through
pre-assigning the minimum energy consumptions to un-
assigned tasks (i.e., the minimum energy pre-assignment
technique), resulting in a overly pessimistic energy pre-
assignment and limited reduction of response time. There-
fore, several subsequent works have made some improve-
ments in energy pre-assignment techniques. Ref. [89]
mentioned the average energy pre-assignment technique,
which has lower pessimism than the average energy pre-
assignment technique in Ref. [89]. Ref. [90] offered the
immediate pre-assignment technique on the basis of the
average pre-assignment technique, which has lower average
response time than the average energy pre-assignment tech-
nique of Ref. [89]. Ref. [91] designed the weighted energy
pre-assignment technique to improve the minimum energy
pre-assignment technique proposed in Ref. [88]; however,
our experimental comparison and analysis find that average
response time obtained by the weighted pre-assignment
technique is worse than those of obtained by the average
pre-assignment technique in Ref. [89] and the immediate
pre-assignment technique in Ref. [90]. By analyzing the char-
acteristics and limitations of the previous energy pre-assign-
ment techniques, Ref. [92] presented the ratio-based energy
pre-assignment technique, which splits the available energy
consumption in terms of the energy ratios of individual tasks
with a customized manner; experimental results discover
that average response time obtained by the ratio-based pre-
assignment technique is better than those of obtained by the

Fig. 7. Overall algorithms categories of recent advances in energy-aware parallel scheduling according to heuristics, meta-heuristics, and integer
programming.
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previous average pre-assignment techniques in Refs. [88],
[89], [90].

(2) Energy-aware parallel scheduling towards reliability
enhancement

Table 9 surveys the recent advances in heuristic
energy-aware parallel scheduling algorithms towards reli-
ability enhancement (some works also meet the real-time
requirement).

Ref. [94] conducted the energy-aware parallel scheduling
towards reliability enhancement in heterogeneous systems
by finding an optimal combination of reliability and energy;
however, this combination may not always meet the energy
consumption constraint of the parallel application; the rea-
son is that when a task is executed in a processor, its reliabil-
ity and energy are monotonically increased. To overcome
the above limitation, Ref. [95] discussed an energy-aware
parallel scheduling algorithm towards reliability enhance-
ment in heterogeneous systems through the minimum
energy pre-assignment technique proposed in Ref. [88].

Some works also meeting the real-time requirement when
conducting the energy-aware parallel scheduling towards
reliability enhancement. Ref. [96] researched the energy-
aware parallel scheduling towards reliability enhancement
while meeting the real-time requirement in uniprocessor

systems by using the same shared recovery technique as
Ref. [60]. Ref. [97] considered the energy-aware parallel
scheduling towards reliability (including soft-error and life-
time simultaneously) enhancement while meeting the real-
time requirement in homogeneous systems. Ref. [98] adopted
the average energy pre-assignment technique in Ref. [89] to
implement the energy-aware parallel scheduling towards
reliability enhancement while meeting the real-time require-
ment in heterogeneous systems.

4.2 Meta-Heuristic Algorithms

In Table 10, we survey the recent advance (only one work)
in meta-heuristic energy-aware parallel scheduling algo-
rithm towards response time reduction.

As mentioned in Section 3.2, Ref. [68] employed the
quantum-inspired hyper-heuristic algorithm to implement
the energy-efficient parallel scheduling; further, the energy-
aware parallel scheduling can also be studied by using the
same quantum-inspired hyper-heuristic algorithm. In other
words, the quantum-inspired hyper-heuristic algorithm
proposed in Ref. [68] can simultaneously solve the dual
problems of energy-efficient parallel scheduling while meet-
ing the real-time requirement and energy-aware parallel

TABLE 8
Recent Advances in Heuristic Energy-Aware Parallel Scheduling Algorithms Towards Response Time Reduction

Reference Year Environment Objective Technique Static/dynamic

[43] 2012 Homogeneous systems Response time reduction Decomposing three subproblems Static
[44] 2015 Homogeneous systems Response time reduction Level-by-level Static
[45] 2016 Homogeneous systems Response time reduction List scheduling and list placement Static
[87] 2009 Homogeneous systems Response time reduction Incremental static voltage adaptation Static
[88] 2016 Heterogeneous systems Response time reduction Minimum energy pre-assignment Static
[89] 2017 Heterogeneous systems Response time reduction Average energy pre-assignment Static
[90] 2018 Heterogeneous systems Response time reduction Immediate energy pre-assignment Static
[91] 2020 Heterogeneous systems Response time reduction Weighted energy pre-assignment Static
[92] 2019 Heterogeneous systems Response time reduction Ratio-based energy pre-assignment Static

TABLE 9
Recent Advances in Heuristic Energy-Aware Parallel Scheduling Algorithms Towards Reliability

Enhancement (Some Works Also Meeting the Real-Time Requirement)

Reference Year Environment Objective Requirement Technique Static/dynamic

[94] 2015 Heterogeneous
systems

Reliability
enhancement

- Finding optimal combination of
reliability and energy

Static

[95] 2017 Heterogeneous
systems

Reliability
enhancement

- Minimum energy pre-assignment Static

[96] 2010 Uniprocessor
systems

Reliability
enhancement

Real-time
requirement

Shared recovery Dynamic

[97] 2019 Homogeneous
systems

Reliability
enhancement

Real-time
requirement

Soft-error and lifetime enhancement
simultaneously

Static

[98] 2018 Heterogeneous
systems

Reliability
enhancement

Real-time
requirement

Average energy pre-assignment Static

TABLE 10
Recent Advance in Meta-Heuristic Energy-Aware Parallel Scheduling Algorithm Towards Response Time Reduction

Reference Year Environment Objective Technique Static/dynamic

[68] 2016 Heterogeneous systems Response time reduction Quantum-inspired hyper-heuristics static
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scheduling towards response time reduction in heteroge-
neous systems.

4.3 Integer Programming Algorithms

In Table 11, we survey the recent advance (only one work)
in energy-aware parallel scheduling algorithm towards
response time reduction using integer programming.

Ref. [93] produced the mixed integer linear program-
ming algorithm to implement the energy-aware parallel
scheduling towards security enhancement while meeting
the real-time requirement in heterogeneous systems; to
simultaneously solve the energy consumption constraint
and security enhancement problems, the algorithm is imple-
mented by adopting an analysis-based two-stage scheme:
1) energy-aware task assignment and frequency selection;
2) security-critical service selection.

5 ENERGY-CONSCIOUS PARALLEL SCHEDULING

ALGORITHMS

In this section, we survey recent advances in energy-con-
scious parallel scheduling algorithms. The problem of
energy-conscious parallel scheduling is usually a bi-objective

problem (i.e., Pareto optimal problem) ormulti-objective opti-
mization problem [99], [100]; therefore, integer liner program-
ming that must have explicit constraints is no longer
applicable; meanwhile, energy consumption reduction and
response time reduction require contention for computing
resources (processors); therefore, this contention can be con-
sidered as a game process, and game theory has been applied
to energy-conscious parallel scheduling. Finally, the energy-
conscious parallel scheduling algorithms mainly involve four
categories: 1) heuristic algorithms; 2) meta-heuristic algo-
rithms; 3) machine learning algorithms; and 4) game theory
algorithms. Since integer programming restricts one or more
constraints to the optimal solution of a certain objective, it is
not suitable for energy-conscious parallel scheduling with
multi-objective optimization. Fig. 8 surveys the overall algo-
rithms categories of recent advances in energy-conscious par-
allel scheduling according to heuristics, meta-heuristics,
machine learning, and game theory.

5.1 Heuristic Algorithms

Table 12 surveys the recent advances in heuristic energy-
conscious parallel scheduling algorithms.

TABLE 11
Recent Advance in Energy-Aware Parallel Scheduling Algorithm Using Integer Programming

Reference Year Environment Objective Technique Static/dynamic

[93] 2019 Heterogeneous systems Security requirement Mixed-integer linear programming Static

Fig. 8. Overall algorithms categories of recent advances in energy-conscious parallel scheduling according to heuristics, meta-heuristics, machine
learning, and game theory.
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Ref. [99] developed two energy-conscious parallel sched-
uling algorithms in homogeneous systems; the algorithms
can simultaneously reduce the energy consumption and
response time by using the task duplication and balan-
ced task duplication techniques, respectively. The energy-
conscious parallel scheduling algorithm in heterogeneous
systemswas first studied Ref. [100]; the algorithm implements
the joint optimization of energy consumption reduction and
response time reduction by using the objective function of rel-
ative superiority metric and proposing the makespan-conser-
vative energy reduction technique. Through using the shared
recovery technique described in Refs. [96], [103], the energy-
conscious parallel scheduling algorithm that implements
the joint optimization of energy consumption reduction and
reliability enhancement in heterogeneous systems was desi-
gned in Ref. [101]. Based on the slack reclamation techniques
proposed in Refs. [46], [48], [50], [51], five energy-conscious
parallel scheduling algorithms (i.e., sequential, round robin,
gap search, interleaving, and merge one) were devised in Ref.
[102] to achieve the joint optimization of response time reduc-
tion and energy consumption reduction in heterogeneous
systems.

5.2 Meta-Heuristic Algorithms

Similar to the meta-heuristic energy-efficient parallel sched-
uling algorithms shown in Section 3.2, some improved
genetic algorithms are proposed to implement the energy-
conscious parallel scheduling. In Table 13, we survey the

recent advances in meta-heuristic energy-conscious parallel
scheduling algorithms.

Ref. [104] presented an improved genetic algorithm with
compromise to the energy-conscious parallel scheduling,
which achieves the joint optimization of reliability enhance-
ment and energy consumption reduction in heterogeneous
systems. Ref. [105] put forward the weighted-sum genetic
algorithm to achieve the energy-conscious parallel schedul-
ing algorithm, which implements the joint optimization of
response time reduction and energy consumption reduction
in homogeneous systems.

5.3 Machine Learning Algorithms

Ref. [106] investigated the adaptive energy-conscious paral-
lel scheduling by using the regression learning technique to
implement the trade off between response time reduction
and energy consumption reduction in heterogeneous sys-
tems. In Table 14, we survey such recent energy-conscious
parallel scheduling algorithm.

5.4 Game Theory Algorithms

As emphasized in the preface of Section 5, response time
reduction and energy consumption reduction are achieved by
competing for processor resources, such that the contention
for processor resources is a game process. Non-cooperative
game and cooperative game are two main games for schedul-
ing. Most game theory algorithms are designed for energy-
conscious non-parallel scheduling algorithms [109], [110],

TABLE 12
Recent Advances in Heuristic Energy-Conscious Parallel Scheduling Algorithms

Reference Year Environment Objective Technique Static/dynamic

[99] 2011 Homogeneous
systems

Response time reduction, energy
consumption reduction

Task duplication and balanced
task duplication

Static

[100] 2011 Heterogeneous
systems

Response time reduction, energy
consumption reduction

Makespan-conservative energy
reduction

Static

[101] 2016 Heterogeneous
systems

Reliability enhancement, energy
consumption reduction

Shared recovery Dynamic

[102] 2017 Heterogeneous
systems

Response time reduction, energy
consumption reduction

Slack reclamation Static

TABLE 13
Recent Advances in Meta-Heuristic Energy-Conscious Parallel Scheduling Algorithms

Reference Year Environment Objective Technique Static/dynamic

[104] 2017 Heterogeneous
systems

Reliability enhancement, energy
consumption reduction

Improved genetic algorithm with
compromise

Static

[105] 2018 Homogeneous
systems

Response time reduction, energy
consumption reduction

Weighted-sum genetic algorithm Static

TABLE 14
Recent Advances in Energy-Conscious Parallel Scheduling Algorithm Using Machine Learning

Reference Year Environment Objective Technique Static/dynamic

[106] 2015 Heterogeneous
systems

Response time reduction, energy consumption
reduction

Regression
learning

Static
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[111], [112], while only a few recent studies are proposed for
energy-conscious parallel scheduling [107], [108]. Due to the
data dependency in a parallel application, cooperative game
is used for energy-conscious parallel scheduling. In Table 15,
we survey the recent advances in energy-conscious parallel
scheduling algorithms using game theory.

Ref. [107] studied the energy-conscious parallel scheduling
algorithm by using the Nash bargaining solution in heteroge-
neous systems; the bargaining point was determined by
applying the classic game theory techniques of Kuhn-Tucker
condition andLagrangian. Ref. [108] considered the game the-
ory-based energy-conscious parallel pre-scheduling and
scheduling algorithm in homogeneous systems; this algo-
rithm uses Nash equilibrium to determine the most appropri-
ate task merging to jointly optimization the response time
reduction and energy consumption reduction.

6 FUTURE TRENDS

6.1 New Requirements

From the recent advances in Sections 3, 4, and 5, we can see
that many researchers have conducted a lot of studies in
various low-energy parallel scheduling algorithms; how-
ever, low-energy parallel scheduling algorithms are facing
the following new requirements.

(1) Energy-efficient parallel scheduling algorithms should con-
sider the joint requirement of safety and security. With the con-
tinuous development of intelligence and networking,
computing systems inevitably face increasingly serious
security issues. In the past, only functional safety require-
ment is considered in energy-efficient parallel scheduling
algorithms for sustainable computing systems, but now
both the functional safety and cyber security requirements
should be considered together. Therefore, proposing
energy-efficient parallel scheduling algorithm while simul-
taneously meeting functional safety and cyber security
requirements is a main current challenge.

(2) Energy-aware parallel scheduling algorithms should con-
sider the joint constraint of dynamic, static and network energy
consumption. With the development of 5G, some sustainable
computing systems (i.e., IoT) introduces a large number of
intelligent devices and increases the amount of data trans-
mission. Decreasing the network energy consumption gen-
erated by huge data transmission is a challenge. At the
same time, most computing devices are powered by batter-
ies, and meeting system energy consumption (including
dynamic and static energy consumptions) constraint is a
main research topic; however, most related works ignore
the static energy consumption because it is unmanageable.
With the increased deployment of system softwares and
middlewares in IoT devices, the proportion of static energy
consumption continues to increase in the proportion of total
energy consumption [18]. Proposing energy-aware parallel

scheduling algorithm while meeting dynamic, static and
network energy consumption constraints is one of the main
current challenges.

(3) Energy-conscious parallel scheduling algorithms face the
conflicting pursuits of service providers and users. For instance,
service providers and users are two main roles in CCS, but
they have conflicting pursuits [113]. High performance (e.g.,
high throughout) and low resource consumption (including
low energy consumption, low task redundancy, etc.) is the
core pursuit of service providers, while high QoS metrics
(e.g., real-time, reliability, security, cost, etc.) are the main
pursuit of users [113]. jointly improving the individual pur-
suits of service providers and users is a conflicting problem.
With the increasing complexity of sustainable computing
systems, solving the above conflicting problem is a long-
term challenge.

In view of the above challenges, the future low-energy
parallel scheduling are challenged by multiple factors, such
as 1) joint requirements of safety and security; 2) joint con-
straints of dynamic, static and network energy consump-
tion; and 3) conflicting pursuits of service providers and
users. These challenges mean that the current research for
low-energy parallel scheduling algorithms is not yet com-
plete. It is necessary to survey recent advances in low-
energy parallel scheduling algorithms according to different
scheduling styles, thereby providing a core foundation for
solving the above challenges.

6.2 Future Developments

Currently, sustainable computing systems are continuously
integrating complex hardware and intelligent functions,
and are developing to be merged together into a common
complex large-scale system architecture, namely, end-edge-
cloud orchestrated architecture [114]. In this end-edge-
cloud orchestrated architecture, we need to comprehen-
sively consider the following three future developments for
low-energy parallel scheduling algorithms.

(1) Application Scenarios. End-edge-cloud orchestrated
architecture makes the development of complex systems
easier, but it causes the system itself more complex. There-
fore, low-energy parallel scheduling algorithms will be
increasingly tied to specific application scenarios. If the
application scenarios are different, the application model
will be adjusted accordingly, and the corresponding low-
energy parallel scheduling algorithms will change. There-
fore, the future low-energy parallel scheduling algorithm
will be deeply integrated with the application scenarios,
and the algorithm design will be customized according to
the specific application scenario. For example, a smart fac-
tory is a typical end-edge-cloud orchestrated architecture,
and it includes three levels: hardware level (end), develop-
ment level (edge), and an operation level (cloud). These

TABLE 15
Recent Advances in Energy-Conscious Parallel Scheduling Algorithms Using Game Theory

Reference Year Environment Objective Technique Static/dynamic

[107] 2008 Heterogeneous systems Response time reduction, energy consumption reduction Cooperative game Static
[108] 2013 Heterogeneous systems Response time reduction, energy consumption reduction Cooperative game Static
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levels have different functional requirements, such that the
low-energy parallel scheduling algorithm design for each
level will be customized according to the characteristics of
the application scenario of that level.

(2) Hardware Features. At present, commercial process-
ors not only have DVFS processors that support continu-
ous frequency adjustment, but also have many other
DVFS processors that support discrete frequency adjust-
ment, and even have processors that do not support
DVFS technology. DVFS processors with different hard-
ware features have different effects on the complexity of
low-energy parallel scheduling, and the corresponding
algorithm design will change. Therefore, the low-energy
parallel scheduling algorithm will be deeply combined
with complex hardware environments (e.g., the integra-
tion of CPU, GPU, and DSP). Future low-energy parallel
scheduling algorithms will be customized according to
the hardware features.

(3) Algorithm Combination. In addition to customizing
low-energy parallel scheduling algorithms based on appli-
cation scenarios and hardware features, the choice of algo-
rithm type is also important. Current low-energy parallel
scheduling algorithms can not completely meet the future
diverse and complicated requirements. At present, Low-
energy parallel scheduling algorithms such as heuristics,
meta-heuristics, integer programming, game theory, and
machine learning have basically reached the bottleneck. To
further break through the technical bottleneck, future
research will use a combination of advanced algorithms,
such as clustering, game theory, reinforcement learning.
Moreover, we need to feedback energy optimization effi-
ciency and improve system resource assignment in the way
of theoretical and practical co-verification.

7 CONCLUSION

This paper surveys recent advances and future trends in low-
energy parallel scheduling algorithms according to multiple
computing system domains with individual scheduling
styles, namely, 1) energy-efficient parallel scheduling algo-
rithms; 2) energy-aware parallel scheduling algorithms; and
3) energy-conscious parallel scheduling algorithms. The
reviewed algorithms involve five categories of 1) heuristics;
2) meta-heuristics; 3) integer programming; 4) machine
learning; and 5) game theory. Finally, we discuss the new
requirements and future developments in low-energy paral-
lel scheduling algorithms; new algorithms will be directly
oriented to the end-edge-cloud orchestrated architecture,
into which computing systems are developing into an
integration.

Energy-efficient parallel scheduling algorithms reduce the
energy consumption with an efficient manner while meeting
one ormultiple requirements. Energy-aware parallel schedul-
ing algorithms improve the performance as much as possible
while meeting the energy consumption constraint. Energy-
conscious parallel scheduling algorithms simultaneously
optimize energy consumption and other multiple performan-
ces metrics. The above three styles of scheduling algorithms
collectively construct recent advances in low-energy parallel
scheduling algorithms.
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