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Energy consumption has always been one of the main design problems in heterogeneous
distributed systems, whether for large cluster computer systems or small handheld terminal
devices. And as energy consumption explodes for complex performance, many efforts and work
are focused on minimizing the schedule length of parallel applications that meet the energy
consumption constraints currently. In prior studies, a pre-allocation method based on dynamic
voltage and frequency scaling (DVFS) technology allocates unassigned tasks with minimal
energy consumption. However, this approach does not necessarily result in minimal scheduling
length. In this paper, we propose an enhanced scheduling algorithm, which allocates the same
energy consumption for each task by selecting a relatively intermediate value among the
unequal allocations. Based on the two real-world applications (Fast Fourier transform and
Gaussian elimination) and the randomly generated parallel application, experiments show that
the proposed algorithm not only achieves better scheduling length while meeting the energy
consumption constraints, but also has better performance than the existing parallel algorithms.
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1. Introduction
1.1. Background

Compared to the response speed of the task and system resource utilization during
the execution of parallel application, the energy consumption is also an indicator that
is worthy of attention in system design. With the rapid development of hardware
technology, the scale and performance of chip integration continue to increase, and
modern chips have already reached the level of a few hundred watts. Intel’s
Itanium?2, for example, consumes about 130 watts, and it also requires expensive
packaging, heat sinks, and cooling environments, all of which increase energy con-
sumption.’ According to Moore’s Law, chip integration will double every 18 months,
but it takes a full 5 years to achieve the corresponding power technology. It reveals
that energy consumption has become a problem that must be considered in system
development.

In terms of low-power technology, minimizing system energy consumption has
always been a goal pursued by researchers.’ Different technologies are used to
achieve this goal. At present, most major chip vendors have implemented these
technologies (DPM and DVS/DVFS technology) in their own chips. The basic idea
of DPM technology is to save energy consumption by placing the current idle system
components in a low-power state when the system is running. And the DVS/DVFS
technology is to increase energy efficiency ratio by changing the operating voltage/
frequency of the processor.?

In terms of task scheduling, how applications can make full use of processors in
computer systems for high-performance computing has become a valuable research
area. According to a certain scheduling policy, the task scheduling allocates the pre-
partitioned sub-tasks to processors in the computer system, so that each sub-task
gets the fastest response, thereby shortening the total execution time of the entire
task set, and balance system load and optimize system operation efficiency.*?

In general, parallel application scheduling problems are NP-hard.® Applications
are represented by directed acyclic graph (DAG) and are widely used for static
scheduling problems, similar to the work of Braun,” where nodes represent appli-
cation tasks and edges denote data dependencies between tasks. Therefore, we also
use the DAG model to represent parallel applications.

1.2. Motivation

With the increasing use of multiprocessors in high-performance embedded systems, a
series of applications, such as image recognition, human body interaction and so on,
are occuring. In Ref. 8, a fast functional safety verification(FFSV) method is pro-
vided for the early design phase of distributed automotive applications. Xie et al.’
proposed a dynamic scheduling algorithm based on fairness (FDS_MIMF) and an
adaptive dynamic scheduling algorithm (ADS_MIMF), which can automatically
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meet the challenges of heterogeneity, dynamics and parallelism of automotive cyber-
physical systems (ACPS).!" Since embedded systems are cost-sensitive, hardware
costs and system resource consumption costs are reduced as much as possible when
functional security requirements are met. The above works ignore the effect of the
elevated operating temperature in the system.

In Ref. 11, Zhou et al. studied algorithms for optimizing the completion time
under the constraints of reliability and temperature. Due to the increase of chip
temperature, energy-saving task scheduling with thermal considerations has also
become a research topic for many researchers. In Ref. 12, the proposed random
thermal sensing task scheduling algorithm takes into account the uncertainty of the
instantaneous fault occurrences. In Ref. 13, a two-stage energy-efficient temperature-
aware task scheduling scheme for heterogeneous real-time MPSoC systems is
designed. Wei et al.'* used approximate calculations to intelligently handle the un-
certainty of energy availability with limited energy.

Therefore, we need to find a balance between energy consumption and completion
time. The MSLECC algorithm proposed in Ref. 15 solves the minimum scheduling
problem of parallel application under energy constraints. Since the algorithm is not
very satisfactory, a more efficient scheduling algorithm is needed.

1.3. Our contributions

In this paper, an enhanced scheduling algorithm (EECC) is proposed for parallel
applications in heterogeneous distributed computing systems. Our goal is to
minimize the schedule length while the energy consumption constraints of parallel
applications is satisfied. The experimental results also show that the algorithm
can achieve better schedule length while satisfying the energy consumption con-
straints.

The main contributions of this paper can be summarized as follows:

e We propose a new task scheduling algorithm to schedule parallel applications,
which can obtain a better scheduling length while still meeting energy consump-
tion constraints, and achieve higher performance with lower time complexity.

e We use two real-world applications and the randomly generated parallel appli-
cation to verify the effectiveness of the proposed EECC algorithm. The results
show that under different conditions, the algorithm can obtain better schedule
length compared to other parallel algorithms.

The rest of the paper is organized as follows. We compare our work with related
research works in Sec. 2. Section 3 describes the application, energy models and
preliminaries used in this paper. Section 4 presents the detail of the problem and our
scheduling algorithm EECC. Results from experimental evaluation are reported in
Sec. 5. We conclude this paper in Sec. 6.
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2. Related Works

In recent years, many scheduling strategies!'%"18 have focused on saving energy on a
single processor, or on a homogeneous multiprocessor system or in heterogeneous
resources. Currently, many effective technologies have been studied to reduce energy
consumption, such as the DVFS'%?° mentioned in Sec. 1. Based on this, a large
number of task scheduling works have been proposed, and slack time reclamation
technique has also been used in many recent studies. Kim et al.'” provided a power-
aware scheduling algorithm with deadline-constrained bag-of-tasks applications on
DVS-enabled cluster systems. In Ref. 21, by using non-DVFS and global DVFS
energy efficiency scheduling algorithms, the problem of minimizing energy con-
sumption while satisfying deadline constraints in real-time parallel applications on
heterogeneous distributed systems is solved. In Ref. 22, two novel scheduling algo-
rithms for a limited number of heterogeneous processors are proposed, the goal of
which is to simultaneously satisfy high performance and fast scheduling time.

Two energy-conscious scheduling heuristic algorithms were proposed by Lee
et al.,”® they are considering the makespan of parallel tasks in heterogeneous dis-
tributed computing systems while also considering the energy consumption. In
Ref. 18, Xie et al. not only maximized the number of workflows completed within the
deadline, but also minimized the energy consumption of workflows completed during
the deadline. In Ref. 24, Huang et al. presented an enhanced energy-efficient
scheduling (EES) algorithm that globally analyzes and utilizes idle space to minimize
energy consumption while still meeting the deadline of heterogeneous computing
systems. However, this strategy only minimizes energy consumption through the
upward approach, while in Ref. 25, the downward and upward approaches solved the
same problem. The above works are to minimize the tasks’ energy consumption while
meeting the service level agreement (SLA) based on performance.

Nevertheless, in addition to the above works, most other studies only focused on
shortening the makespan or reducing energy consumption, or reducing the dispatch
length rather than the energy consumption. Different from the above studies, Xiao
et al."” proposed an algorithm (MSLECC), which solves the problem of minimizing
the parallel applications’ dispatch length with limited energy consumption in het-
erogeneous distributed systems based on DVFS technology. Although the algorithm
achieved a minimum scheduling length while meeting the constrained energy con-
sumption, the result is not ideal. In this study, we propose an enhanced scheduling
algorithm to solve the same problem.

3. Models and Preliminaries
3.1. Application model

In this study, we use U = {ul,u%...,u‘w} to denote a set of heterogeneous

processors, where |U| indicates the size of set U. Generally, parallel applications can
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Fig. 1. Standard example of a DAG-based parallel application.

be represented by a directed acyclic graph (DAG) G = (N, M, W, C)%*?%%% as shown
in Fig. 1. N indicates a set of nodes in GG, and each node denotes a task performed on
different processors with different execution times. M is an edge set describing the
data dependencies between tasks in the execution of the parallel application, and
each edge m; ; € M is connected to two nodes n; and n;. W is a |N| x |U| matrix
where w; ;, indicates the time required for task n; to execute on processor u; with
maximum frequency. Accordingly, ¢;; € C represents the communication time of
m; ; while n; and n; are not assigned to the same processor. However, if the task n;
and n; are both on the same processor, the communication cost Cnyn, will be assumed

to be zero. In DAG diagram, the set of the immediate predecessor tasks of n; is
represented by pred(n;), and the set of its immediate successor tasks is represented
by succ(n;). If a task has no predecessor task, we call it an entry task n,,,; and a
task without any successor task is called an exit task ny;;.

As shown in Fig. 1, a DAG-based parallel application consists of ten tasks which
performed on three processors {u;,us,u3}. In this DAG, when n; and ns are not
assigned to the same processor, the weight 12 of the edge between n; and n; indicates
the communication time, which is represented by ¢; 3. And as shown in Table 1, the
execution time of task n; on processor u; is 14 with the maximum frequency. Due to
the heterogeneity of the processors, we can see from Table 1 that the same task is
executed on different processors with different times.

Table 1. Execution time values of tasks on different processors
with the maximum frequencies of the application in Fig. 1.

Task ny mny n3 mny ns ng Ny nNg Ny Ny

Uy 14 13 11 13 12 13 7 5 18 21
Uy 16 19 13 8 13 16 15 11 12 7
Ug 9 18 19 17 10 9 11 14 20 16
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3.2. Energy model

Due to the almost linear relationship between supply voltage and operating frequency,
DVFS saves power/energy by reducing the supply voltage and clock frequency. In this
work, we adopt the system-level power model originally proposed in Refs. 27-29. There-
fore, the power consumption P(f) of a computing system with frequency f is given by

P(f) = P+ h(Pyq + Fa) = B+ h(Pg + Ct /™) - (1)

Above P, represents static power, which is usually used to maintain the basic
circuits and keep the clock running. It can only be eliminated by turning off the entire
system. P, 4 is a constant that represents the frequency-independent dynamic power
and corresponds to the power independent of the CPU processing speed. P, denotes
the frequency-dependent dynamic power, including the power primarily consumed by
the CPU and any power that depends on the system processing frequency f. h repre-
sents the system states, specifically, when the computation is in progress, the system is
active, h = 1; otherwise, h = 0, indicating that the system is in a power-saving sleep
mode or off. C; denotes the effective switching capacitance, and m denotes the dynamic
power index (generally not less than 2), which are all system-dependent constants.

Considering the excessive time and energy overhead associated with turning on/off the
system, we will ignore the static power due to the unmanageability of P, and concentrate
our analysis on P,4 and P, in this paper. Although DVFS can reduce energy con-
sumption, application require more time to complete at low frequencies. Therefore, given
the system-level power, lower frequencies may not always be optimal for energy savings.

Thus, the minimum energy-efficient frequency f,, exists,?” 2 and it is expressed as
fo= @
*“ (m - l)Cef .

Assuming that the frequency of the processor can be changed continuously between
fmin, the minimum available frequency, and f,., the maximum frequency. Conse-
quently, for energy efficiency, the actual effective frequency f should be limited to the
range |[fiow, fmax] Where fio, = max(fuin, feo)- Each processor should has separate
parameters, due to the heterogeneous of processors. So we define the frequency-
independent dynamic power set { Py ind, Pajind; - - - » Purjna > the frequency-dependent
dynamic power set {Pl,d,PQ,d,...,P‘U‘_’d}, the effective switching capacitance set
{C1ef, Coets - -, Oyt }, the dynamic power exponent set {my,my,...,myp}, the
minimum energy-efficient frequency set {fi cc; foces - - -5 fl e} and the actual effec-

tive frequency set

{fl,low, fl,n,v fl,ﬁa cee 7f1,m'a.x}7
{f2<10w7 f2,(y7 f2,[37 R f2,max}7

ey
{f\U\,lowv f|U|,(¥7 f\U\ﬁGa s f\U|.max}7
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Then the energy consumption E(n;,uy, fi,,) of the task n; on the processor uy
with frequency fj, ), calculated as

m f.max
E(n;,ug, frn) = (Pud + Cier X (fron)™) X w; g X ]}kh . (3)

3.3. Preliminaries

(1) Earliest start time (EST), earliest finish time (EFT)
EST(n;, uk, fin) refers to the earliest start time of the task n; with the frequency f; ,
on the processor uy, and EFT refers to the earliest finish time. EFT is considered the
standard for task assignment, so each task chooses the minimum EFT to achieve the
applications current shortest scheduling length.

For an entry task, its earliest start time (EST) on any processor is zero. For other
tasks in the DAG diagram, the EST and EFT attribute values are obtained by
iterative calculating from the entry task. The above calculation methods are:

EST(n, ug, frn) = max ){avail[k],maX{AFT (ng) + it} (4)
n,Epred(n; '
f.max
EFT(ng, up, frn) = EST(n, up, frn) + wig X ]}kh : (5)

avail[k] is the earliest time that the processor w; can execute the task n;; AFT(n,)
indicates the actual finish time of task n,; and c/,; indicates the actual communi-
cation time between tasks n, and n;.

(2) Schedule length (SL)

After all the tasks in the DAG map have been scheduled, the scheduling length of the
algorithm is also determined, and the value is equal to the actual finish time of the
exit task, that is:

SL(G) = AFT ().

(3) Upward rank value

Since the rank is calculated by traversing the entire application from the exit task, it

is called an “upward rank”. Similar to most literature, we will use the upward rank

value (rank,)?"*? of the task given in Eq. (6) to sort all tasks in descending order.
rank, () = @ + max{c,, + rank, (n)} (6)

n;€suce(n;

where wj; indicates the average execution time of task n;, and it can be calculated as

w, = (Z‘,ﬂl w; 1) /|U|. Table 2 shows the upward rank values of all the tasks in Fig. 1.

(4) Energy consumption constraint
Since the available frequency on each processor and the execution time of each task
are known, the minimum and maximum energy consumption of each task on a
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Table 2. Upward rank values for tasks of the motivating parallel application in Fig. 1.

Task ny ny N3 Ny Ny g ny ng ng N1

rank,(n;) 108 77 80 80 69 63.33 42.67 35.67 44.33  14.67

certain processor can be obtained, expressed as E,;,(n;) and E, . (n;) respectively.
Its equations are denoted by

Emin(ni) = min E(”m Uf;s fk low) ) (7)
u,elU

Emax(ni) max E(nzv Uf;s fk max) ) (8)
u, €U

respectively.
Thus, the minimum and maximum energy consumption of the application G can
be obtained. The calculation equations are

|V]

Hlln Z Emm Z ) ( 9 )

|V]

de Z l'lldX Z ( 1 0)

In this paper, we define E,.,(G) as the given energy consumption constraint
the application must be satisfied, and it is limited to the range [E,i,(G), Epna(G)]-
If Eyyen(G) < Epin(G), Egiven(G) is always not satisfied; if Eyjyen(G) > Epax(G),
Egiven(G) is always satisfied, this will make no sense.

4. Enhanced Energy Consumption Constrained Scheduling
4.1. Problem definition

In this study, the problem to be solved is to allocate available processors with the
appropriate frequency for all tasks to minimize the application’s schedule length,
while ensuring that the application’s energy consumption does not exceed it’s energy
constraints. The objective is expressed in expression as

|V

ZE N, p7 i) fprz ),hz(3) ) < Egivcn(G)7 (11)

where w,,; and f,.) ) indicate the allocated processor and frequency of n;,

respectlvely, and fprz Jow S fpr (2),hz(1) < fprz ),max» for Vi : 1 < i < |N|7 pr i) G U.

4.2. Satisfying energy consumption constraint

We schedule the tasks based on the upward rank values. Suppose that the task
currently to be allocated is ng.q(j), then the task set where the tasks have been
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allocated is {noq(1)s Pord(2)s - - - » Pond(j1) }» and the task set where the tasks have not
be allocated is {nowq(j1)s Pord(j+2)» - - - » Tord(|N]) } - Previous studies have assumed that
each task in {nord<j+1),nord(j+2), ey nordum)} is allocated to the processor and

frequency with minimal energy consumption to ensure that each task assignment
met the energy consumption constraints of the application with a minimum sum of
energy consumption. Although this approach satisfied energy consumption con-
straints, it is too passive. Therefore, in this paper we propose an enhanced algorithm,
by selecting a relatively intermediate value in the unequal allocation to reduce the
schedule length. First of all, we explain the uneven distribution.

We suppose that the first task to be assigned is allocated to the processor with the
energy consumption of E, ., (ngqa)) +0, the second task to be allocated is
Ein(Nora(2)) + 26, and so on with different value of 6. Then the nth task to be
distributed is allocated with the energy consumption of Ei;, (nora(n) + 16,

2

= m (Egiven(G) - Emin(G)) . (12)

Therefore, the average assignable energy value for each task we select can be
calculated as

v

Es(n;) = Eyn(n;) +6 X 2

(13)

Correspondingly, the pre-allocated energy of the unassigned task n; can be
expressed as

Epre(ni) = min{Eé(ni)7 Emax(ni)} . (14)

Thoerem 1. When assigning the task n,,;), the application’s energy consumption
should satisfy:

—1

<.

Eord(j) (G) = E(nord( )s Upr(ord(z)) fpr(ord(w)),hz(ord(z‘)))
=1
||
+ E(nnx'd(j)a U, fk h Z pl(‘ ord < Eglvon(G) (15)
r=j+1

Proof. The restriction condition expressed by Eq. (15) is proved by mathematical
induction. Firstly, when j =1 (i.e., for entry task nord<1>), the application should
meet the following constraint:

[NV
Eord(l)(G) ( Tord(1 ukrfkh +Z pre Nord(x < Egnen(G)' (16)
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According to Egs. (12)—(14), there is

IN|
Eord(l)(G) ( Tord(1) ) Uks fk n)+ Z pre Nord(z
\Nl
< E(Moraq), ey frp) + Z Es(nora(z))
=2
IV

= E(nord(1)7 Uk, fk,h) + Z Eﬁ(nord(z)) - Eﬁ(nord(l))

= E( Tord(1) ) Uks fk h) + Eglven(G) - (Emin( Tord(1 ) + TL(S) (17)

Obviously, Eyin(neqa)) +n0 is greater than or equal to Eyy,(noq)), so the
processor with the lowest energy consumption can be allocated to ngq) at least.
Therefore, n,q(1) can find an allocated processor and frequency to satisfy:

Eord(l)(G) = E(nord(l)a U, fk,h) + Egiven(G) - (Emm(nmd ) + ’I’L(S)
< Egiven(G)' (18)
Secondly, suppose that the jth task ng,q(; can search an allocated processor and

frequency to meet the constraint, and there have

ord Z E Tord(z)s Ypr(ord(z fpr ord(z)), hz(ord(z)))

+ E( Tord(5) s Upr(ord(j) fpr ord(5)), hz(ord(j)))
||
+ Z Epre(nord(z)) < Egiven(G) . (19)

rz=j+1

Therefore, for the (j+ 1)th task 7,q(j+1), the energy consumption of the appli-

cation G is
J
ord ]+1 Z E Tord(z) s Ypr(ord(z fpr ord(z)), hz(ord(z)))
r=1
||
+ E(n01'd(j+1)7 U, fk h Z ple Mord( z) (20)
r=j+2

According to Egs. (19) and (20), there is

j—1

Eord(j+1)(G) = ZE( Tord(z) s Wpr(ord(z fpr ord(z)), hz(ord(z)))

=1
+ E(nord(j)7 Upr(ord(y))» fpr(ord(j)),hz(ord(j)))
||

+ E(nord(j+1)7 Uk fkh E ple TNord(z
r=j+2
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IV
S gwen § pre nord
r=j+1
INV|
+ E(nOI'(i(j+1)7 Ups fk,h) + E Epre (nord(z)) .
=742

Then,
Eord(j+1)(G) < Egiven(G) + E(nord(j+1)7 Uk fk,h) - Epre(nord(j+1))'
Since the value of E..(nowd(j+1)) s larger than or equal to By, (nerq(jr1)), we can
get Eoa(j+1)(G) < Egiven (G) similar to the case of j = 1. O

This shows that n,q(g) also satisfies the energy consumption constraint. From the
above, we can see that each task can find separate allocated processors and fre-
quencies to meet the energy consumption constraint.

4.3. EECC algorithm design

Before explaining the details in this section, we firstly give the energy consumption
constraint for each task. According to Eq. (15), there have

-1

k>

Eord(j+l)(G) < Eglven ZE Nord(x) s Wpr(ord(z fpr ord(z)), hz(ord(:t)))
z=1
V]
- Z pre ord
r=j+1

Hence, let the energy consumption constraint of the task be

j—1
Egiven(nord(j)) glven ZE Nord(z)s Upr(ord(x fpr ord( ))hz(ord(z)))
=1
|V
- Z pre ord (21)
r=j+1

So, when assigning a single task, we only need to consider the energy consumption
constraint of the task without considering the application’s energy consumption
constraint. The main idea of the operation is to convert the application’s energy
consumption constraint to that of each task. Since the maximum energy consump-
tion constraint of the task ngq(j) 18 Enax(ora())s Egiven(Mora(j)) should satisfy the
following constraint:

E(nord(j) ) Uk fk,h) < min{Egivcn(nord(j) )7 Emax(nord(j))}'

1950190-11
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Algorithm 1. The EECC Algorithm

Input: G: A DAG graph; U: A set of DVFS-enabled processors.

Output: SL(G): the schedule length of the application; E(G): the actual energy consumption of

the application.

1: Sort the tasks in a list downtask_list by descending order of rank, values.

2: while (tasks in downtask_list) do

3 n; = downtask_list.out();

4: Calculate Epin(ni) and Emax(ni) using Egs. (7), and (8), respectively;
5: Calculate Epin(G) and Emax(G) using Egs. (9), and (10), respectively;
6.
7
8
9

Calculate Epre(n;) using Egs. (12), (13) and (14);
Calculate Egjven(ni) using Eq. (?7);
for (Vk,U;, € U) do

for (th fk,h € [fk,low:fk,max]) do

10: Calculate E(n;, ug, fi,n) using Eq. (3);

11: if (E(ni, uk, fr,n) < min{Egiven (1), Emax(ni)}) then
12: Tnz(i) < Jr,n;

13: end if

14: end for

15: Calculate EFT (n;, uk, fr,n) using Eq. (5);

16: if (EFT(ni,uk,fk,h) < AFT(TL,L)) then

17: pr(i) < k;

18: Tpr(i),hz() < fr,nz(i)s

19: E(ni, Upr(iys For(e),nz(s) < Eis Uk, fi vz i)
20: AFT(n;) « EFT(ng, uk, fi h2(i));

21: end if

22: end for
23: end while
24: Calculate E(G) using Eq. (11);
25: Calculate SL(G) = AFT (nexit)-

Therefore, a enhanced energy consumption constraint algorithm (EECC) is
proposed in Algorithm 1. In EECC, only processor and frequency with the minimum
EFT is selected for each task in the case of energy consumption constraints. EECC uses
the insertion-based scheduling strategy to decrease the schedule length while meeting
the energy consumption constraints. Each phase is explained in detail as follows.

(1) In Line 6, the pre-allocated energy of each task is calculated.

(2) In Lines 8-22, By traversing all processors and frequencies, each task selects the
processor with the minimum EFT when the energy consumption constraint is
satisfied. The time complexity is O(|N| x |U| x |F|), where |F| denotes the
maximum number of discrete frequencies from the lowest to the largest actual
effective frequencies.

(3) In Lines 24 and 25, we calculate the actual energy consumption E(G) and the
schedule length SL(G).

Through the above analysis, we can see that EECC algorithm can achieve low time
complexity O(|N|? x |U| x |F|) for parallel applications which have the energy
consumption constraints.
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Table 3. Processors’ power and frequency parameters.

Up, Pk'.iud Ck',c[ my, fk,low (fk',cc) fk,nlax

Uy 0.03 0.8 2.9 0.26 1.0
Uy 0.04 0.8 2.5 0.26 1.0
Ug 0.07 1.0 2.5 0.29 1.0

Table 4. Task assignment for the application generated by EECC in Fig. 1.

n; Egiven(1;) u(n;) f(n;) AST(n;) AFT(n;) E(n;)

n 13.5149 uz 1.0 0 9 9.63
n 11.3514 u 1.0 21 32 9.13
ny 9.8173 s 1.0 18 26 6.72
1o 10.9183 u 0.62 9 38.0323  10.8197
ns 7.7425 s 0.77 26 42.8831 7.7023
ng 7.8612 u 0.83 32 476627  7.7692
ng 8.7275 s 089 540323 675154  8.5997
n; 6.8852 u 1.0 476627  54.6627 5.81
ng 7.4782 u 1.0 57.0323  62.0323 415
np  10.6641 us 1.0 73.0323  80.0323 5.88

E(G) = 76.2109, SL(G) = 80.0323

4.4. Motivational example

Using Fig. 1 as an example, Table 3 lists all the processors parameters, such as the
frequency-independent dynamic power P ;.q, the effective switching capacitance
Cef and the dynamic power exponent my,. Each processor’s maximum frequency
S max 18 1.0 and its frequency precision is 0.01. In this example, the minimum energy-
efficient frequency fj .. derived from Eq. (2) is considered as fj, oy -

Therefore, the minimum and maximum energy consumption of application can
be calculated as E,;,(G) =20.31 and F,, (G)=161.99 according to Egs. (9)
and (10), respectively. We set the energy constraint of application G as
Eyiven(G) = 0.5 X E,,«(G). Then the task assignment for the parallel application in
Fig. 1 are shown in Table 4. Each row represents a task allocation and its relevant
values. The actual energy consumption of the application is 76.2109, which is less

than E..,(G). And the schedule length is 80.0323.

E(G)=76.2109, SL(G)=80.0323

:
| {m | m [m[[m] | |
| g2 - R |

, |
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Fig. 2. Scheduling of the application in Fig. 1 using the EECC.
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Figure 2 shows a scheduling diagram of the parallel application G in Fig. 1 using
the EECC. The arrows in Fig. 2 indicate the communication information generated
between tasks.

5. Experiments

In this section, we use two algorithms, HEFT (a well-known algorithm that does not
consider energy costs, but performs well in task scheduling®®) and minimum schedule
length with energy consumption constraint algorithm (MSLECC), which are the
same as the goal of this paper and propose a comparative evaluation of our algorithm
(EECC) to evaluate the performance of our proposed method. We implement a Java
simulation platform to validate our algorithm.

The experiment comparisons of the algorithm are based on the following two
performance metrics: the actual energy consumption F(G) and the final schedule
length SL(G).

The parameters of the processors and applications as follows: 10ms < w;y,
<100ms, 10ms <¢;; <100ms, 0.03 < Ppjq <0.07, 0.8 < Cpp < 1.2, 2.5 <my,
< 3.0, and fj ;ax = 1 GHz. All frequencies are discrete, and the precision is 0.01 GHz.
We chose three DAG models to evaluate our algorithm: two real-world applica-
tions (Fast Fourier transform and Gaussian elimination) and randomly generated
applications.??

5.1. Fast Fourier transform application

We first consider the fast Fourier transform (FFT), Fig. 3 shows an example of the
FFT parallel application with p = 4. We denote p as the application’s matrix di-
mension. The total number of tasks in a fast Fourier transform graph is equal to
(2% p—1)+ p x logy p, where p = 29 for a certain integer y. Note that there are p
exit tasks exist in a FFT application with the size of p. To adapt this research

Fig. 3. Example of FFT parallel application with p = 4.

1950190-14



Enhanced Energy Consumption Constrained Scheduling Algorithm

Table 5. Results of FFT parallel applications with p = 64 for varying Eyye,(G).

HEFT MSLECC EECC

Egiven(G) E(G) SL(G)  E(G) SL(G) E(G) SL(G)

5308.12 10616.24 886 5308.12 2305.56 5308.06 1016.64
6369.74 10616.24 886 6369.74 2038.23 6369.59 997.32
7431.37 10616.24 886 7431.37 1795.70 7431.12 976.83
8492.99 10616.24 886 8492.99 1337.65 8471.93 976.00
9554.62 10616.24 886 9554.62 1200.83 9424.86 906.23

application model, we introduce a virtual exit task to connect these tasks, that is, the
last p tasks are set as the immediate predecessor tasks of the virtual task. Note that
the virtual exit task has zero time overhead.

Experiment 1. In order to observe the performance on different energy con-
sumption constraints, an experiment is carried out to compare the actual energy
consumption and the final schedule length values of the FFT application for varying
energy consumption constraints. We limit the matrix dimension as p = 64 (ie.,
|N| = 511), and the energy consumption constraints is changed from Eyppr(G) X 0.5
to Epppr(G) x 0.9. The Euppr(G) represents the energy consumption generated
by HEFT.

Table 5 shows the details of the final schedule lengths and energy consumption
values of fast Fourier transform application with p =64 for varying Egy.,(G)
by using all the algorithms, and a more intuitive feeling can be performed through
Fig. 4(a). In the three algorithms, although the MSLECC and EECC algorithms can
meet the energy consumption constraints in all cases, the EECC algorithm is more
effective than the MSLECC in the schedule length. The schedule length basically
decreased from 24% to 50%. For example, when E.,(G) = 5308.12, the schedule

length using EECC is 1016.64 while the schedule length using MSLECC is 2305.56.

—=—HEFT —s—HEFT
—e—MSLECC —e— MSLECC
2400 —A—EECC 12000 | —a—EECC
< - 8000
) 1800 ;"
s b5
° ©
] ]
H £
5 F=
» & 4000
1200
T T 1 0y T T )
04 06 0.8 1.0 0 1000 2000 3000
(a) Varying Eyi.en(G) (b) Varying number of tasks

Fig. 4. Final schedule length of FFT application.
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Table 6. Results of FFT parallel applications for varying number of tasks.

HEFT MSLECC EECC
p INl Egen(G)  E(G)  SL(G)  E(G)  SLG)  E(G)  SL(G)
16 95  1077.01 215401 537  1077.01  819.59  1076.84  646.44

32 223 2354.95 4709.90 692 2354.95  1536.02 2354.90 807.96
64 511 5225.56  10451.11 890 5225.55  2491.77 5225.52  1049.85
128 1151  11577.39  23154.78 1134 11577.39  4924.77  11577.21  1269.53
256 2559  21192.23  42384.46 1540 21192.23  9972.54  21192.22  1980.66

Fig. 5. Example of GE parallel application with p = 5.

These results indicate that the proper allocation of energy consumption can achieve a
better schedule length.

Experiment 2. In order to observe the algorithm performance under different
number of tasks, an experiment is carried out to compare the actual energy con-
sumption and the final schedule length values of the FFT application for varying
number of tasks. The matrix dimension p is changed from 16 to 256, that is, the scale
of tasks is changed from 95 to 2559. E.,(G) is set to Eygpr(G) x 0.5.

Table 6 shows the results of fast Fourier transform applications for different
number of tasks by using the three algorithms. It can be seen from the table and
Fig. 4(b) that, as the application increases, although the MSLECC and EECC can
always meet the energy consumption constraints, the MSLECC is more pessimistic
than the EECC-generated schedule length. The actual energy consumption using
HEFT applications still cannot meet the energy constraints in different scales. The
schedule length basically decreased from 21% to 80%. For example, when p = 128
(i.e., |N| = 1151), the scheduling length using MSLECC is 4924.77 while EECC
is 1269.53. And the actual energy consumption using HEFT is 23154.78,
which obviously does not meet the given energy consumption constraints 11577.39.
These results show that the proposed EECC algorithm has better performance than
MSLECC.
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Table 7. Results of GE application with p = 32 for varying Eyje, (G).

HEFT MSLECC EECC

Egiven(G) E(G) SL(G) E(G) SL(G) E(G) SL(G)

6140.20 12280.4 3137 6140.20  5868.63 6139.98  3917.47
7368.24 12280.4 3137 7368.24  5453.65 7368.04  3981.73
8596.28 12280.4 3137 8596.28  5003.22 8594.20  3668.03
9824.32 12280.4 3137 9824.32  4624.76 9805.49  3501.16
11052.36  12280.4 3137 11052.36  4266.21  10856.98  3544.09

5.2. Gaussian elimination application

Similarly, in Gaussian elimination (GE) application, we define p as the dimension of
the application, and the total number of tasks can be calculated by |N| = W.
Since the FFT has higher parallelism than GE, it can be seen that the FFT can
produce shorter scheduling length than GE (Fig. 5).

Experiment 3. This experiment compares the actual energy consumption and
the final schedule length values of GE application for varying energy consumption
constraints. We limit the matrix dimension as p =32 (i.e., |N| = 527), and the
energy consumption constraints is changed from Eyppr(G) X 0.5 to Fgppr(G) % 0.9.

Table 7 and Fig. 6(a) show the details of the final schedule lengths and energy
consumption values of GE application with p = 32 for varying E.,(G) by using all
the algorithms. Compared to MSLECC, the EECC’s scheduling length is reduced by
16.9% to 33.2%. Similar to Experiment 1, the results still show that EECC performs
better than MSLECC.

Experiment 4. This experiment compares the actual energy consumption and
the final schedule length of the GE applications for varying number of tasks. The
matrix dimension set is {13,21,31,47,71}, the corresponding number of tasks is
{90,230,495,1127,2555}. Eyiven(G) is set to Egppr(G) x 0.5.

—=—HEFT
6000 - —e—MSLECC

15000 -
—a—EECC

5000

1 *’_—\\‘r’#

3000 4

10000

Schedule length
Schedule length

5000 +

T T 1 0y T T J
0.4 0.6 0.8 1.0 0 1000 2000 3000

(a) Varying Eyje,(G) (b) Varying number of tasks

Fig. 6. Final schedule length of GF application.
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Table 8. Results of GE applications for varying number of tasks.

HEFT MSLECC EECC

pINl Eua(G)  E(G)  SLG)  E(G) SL(G) E(G)  SL(G)

13 90 1057.03 2114.06 1340 1057.03 2021.97 1055.08  1528.11
21 230 2338.99 4677.98 2160 2338.99 3278.90 2338.97  2510.46
31 495 5610.79  11221.58 3086 5610.79 5098.89 5610.62  3517.95
47 1127  14601.34  29202.67 4738 14601.34 8723.79  14597.87  5802.84
71 2555  34310.89  68621.77 7396 34310.89  13954.94  34310.73  8339.82

Table 8 and Fig. 6(b) show the results of Gaussian elimination applications for
different number of tasks by using the three algorithms. Among these three algo-
rithms, the MSLECC and EECC algorithms can meet the energy consumption
constraints in any case, and as the scale increases, the EECC algorithm still has a
better effect on the scheduling length than the MSLECC. The performance basically
increased from 23.4% to 40.2%.

Through experiments on two real-world applications, fast Fourier transforms and
Gaussian elimination, the results show that EECC algorithms can apply to different
scale and parallel applications.

5.3. Randomly generated parallel application

For randomly generated graphs, we typically use a random DAG generator to ran-
domly generate parallel applications. In this study, a parallel application is randomly
generated based on the following parameters: communication to computation ratio
(CCR) is 1, average computation time is 50 h, and shape parameter is 1. The value of
the heterogeneity factor is in the range (0,1], where 0 and 1 indicate the lowest and
highest heterogeneity factors, respectively.

Experiment 5. We conducted this experiment to compare the actual energy
consumption and the final schedule length of low-heterogeneity (with the hetero-
geneity factor 0.1) and high-heterogeneity (with the heterogeneity factor 1.0) ran-
domly generated parallel applications for varying energy consumption constraints,
respectively. The number of tasks is set to |[N| = 511, and the energy consumption
constraints is changed from Fyppr(G) X 0.5 to Eyppr(G) x 0.9.

Tables 9 and 10, respectively, show the details of the final schedule lengths and
energy consumption values of low-heterogeneity and high-heterogeneity randomly
generated parallel applications with different energy consumption constraints by
using three different algorithms. Because the objective computing platform is com-
posed of heterogeneous processors, the heterogeneity may also affect the performance
of the application. Figure 7 intuitively shows that with the increase of the hetero-
geneity factor, the performance of each scheduling algorithm has been improved to
varying degrees. Similar to Experiment 1, these results show that EECC still per-
forms better than MSLECC.
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Table 9. Results of low-heterogeneity randomly generated parallel application
with |N| = 511 for varying Eye, (G)-

HEFT MSLECC EECC

Bae(G)  E(G)  SLG)  EG) SL(G) E(G)  SL(G)

12971.17  25942.34 775 12971.16  26742.22  12970.99  1227.63
15565.40  25942.34 775 15565.40  20619.04  15564.87  1083.73
18159.64  25942.34 775 18159.63 1572235  18159.42 978.24
20753.87  25942.34 775 20753.87  10778.17  20753.25 900.10
23348.11  25942.34 e 23348.10 5397.70  23342.03 827

Table 10. Results of high-heterogeneity randomly generated parallel
application with |N| = 511 for varying Eyie, (G).

HEFT MSLECC EECC

Eyiven(G) E(G) SL(G) E(G) SL(G) E(G) SL(G)

1297.47 2594.93 80 1297.47  339.64 1296.77  114.06
1556.96 2594.93 80 1556.96  336.46  1555.23  103.53
1816.45 2594.93 80 1816.45 246.60 1793.36 91.54
2075.94 2594.93 80 2075.94 176.74  2012.64 86.47
2335.44 2594.93 80 2335.44  149.91  2215.98 85.62

—=—HEFT
—=—HEFT
o000 - e MSLECC 400 - —e—MSLECC
——EECC [—4—EECC |
300
20000
3 )
H §
] % 200
=] 3 200
S 10000 k]
1004 L\"\A_\A
N . . .
0 T T 1 T T 1
04 06 08 1.0 04 06 08 1.0
(a) Low-heterogeneity application (b) High-heterogeneity application

Fig. 7. Final schedule length for varying Egi.e,(G).

Experiment 6. We carried out this experiment to compare the actual energy
consumption and the final schedule length of low-heterogeneity (with the hetero-
geneity factor 0.1) and high-heterogeneity (with the heterogeneity factor 1.0) ran-
domly generated parallel applications for different number of tasks, respectively
(Fig. 8). The number of tasks is changed from 93 to 2560. Eg.,(G) is set to
Eyppr(G) x 0.5.

Tables 11 and 12 show the results of low-heterogeneity and high-heterogeneity
randomly generated parallel applications with different number of tasks by using three
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Fig. 8. Final schedule length for varying number of tasks.

Table 11. Results of low-heterogeneity randomly generated parallel application for
varying number of tasks.

HEFT MSLECC EECC
INl Buen(G)  E(G)  SL(G)  E(G) SL(G) E(G)  SL(G)
93 220947 4598.93 142 220947 373610  2209.16  262.54

225 5609.54 11219.07 369 5609.53 9177.00 5609.41 576.43
520 13078.86 26157.72 793 13078.86 23636.42  13078.71  1270.51
1175 29833.63 59667.26 1775 29833.63 47573.33  29833.31  2812.26
2560  65194.25  130388.49 3846 65194.24  113973.50  65193.81  6088.99

Table 12. Results of high-heterogeneity randomly generated parallel application
for varying number of tasks.

HEFT MSLECC EECC

IN|  Eaw(@)  EG)  SLG)  E@G)  SLG)  E(G)  SLG)

93 217.02 434.03 21 217.02 86 216.99 51.58
225 569.12 1138.23 40 569.12 270 569.08 90.91
520 1305.55 2611.10 83 1305.55 573 1304.03  135.24
1175 2765.15 5530.29 173 2765.15 818 2765.10  255.27

2560 6242.70 12485.39 386 6242.70  1859.52  6242.67  574.59

different algorithms. The results still show that the proposed EECC algorithm can not
only be applied to small-scale applications, but also can be applied to large-scale
applications, and has extensively prove the performance advantages of the proposed
algorithm. Among them, the main difference between low-heterogeneity and
high-heterogeneity applications is that low-heterogeneity application generates about
10 times more energy consumption and schedule length than high-heterogeneity
application. In other words, application with a high degree of heterogeneity may have
higher energy savings and the potential to reduce the schedule length.
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6. Conclusion

This paper has presented an enhanced algorithm called EECC designed to minimize
the schedule length of energy constrained parallel applications in heterogeneous
distributed systems. First, the mathematical proof and experiments verify that the
proposed algorithm can always satisfy the energy consumption constraints. Second,
the algorithm can efficiently reduce the schedule length of the application with low
time complexity. The EECC algorithm effectively improves the partial energy-aware
design of parallel applications in heterogeneous distributed systems.
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