
Task-RM: A Resource Manager for Energy Reduction in Task-Parallel
Applications under Quality of Service Constraints

Downloaded from: https://research.chalmers.se, 2024-07-17 18:26 UTC

Citation for the original published paper (version of record):
Azhar, M., Pericas, M., Stenström, P. (2022). Task-RM: A Resource Manager for Energy Reduction
in Task-Parallel Applications under Quality of
Service Constraints. Transactions on Architecture and Code Optimization, 19(1).
http://dx.doi.org/10.1145/3494537

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology.
It covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004.
research.chalmers.se is administrated and maintained by Chalmers Library

(article starts on next page)



11

Task-RM: A Resource Manager for Energy Reduction

in Task-Parallel Applications under Quality

of Service Constraints

M. WAQAR AZHAR, MIQUEL PERICÀS, and PER STENSTRÖM,
Chalmers University of Technology

Improving energy efficiency is an important goal of computer system design. This article focuses on a general

model of task-parallel applications under quality-of-service requirements on the completion time. Our tech-

nique, called Task-RM, exploits the variance in task execution-times and imbalance between tasks to allocate

just enough resources in terms of voltage-frequency and core-allocation so that the application completes

before the deadline. Moreover, we provide a solution that can harness additional energy savings with the

availability of additional processors. We observe that, for the proposed run-time resource manager to allo-

cate resources, it requires specification of the soft deadlines to the tasks. This is accomplished by analyzing

the energy-saving scenarios offline and by providing Task-RM with the performance requirements of the

tasks. The evaluation shows an energy saving of 33% compared to race-to-idle and 22% compared to dynamic

slack allocation (DSA) with an overhead of less than 1%.
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1 INTRODUCTION

Minimizing energy consumption while meeting performance goals of parallel applications on mul-
ticore systems remains an important objective of computer system design. This article considers
a general model of parallel applications modeled as a direct-acyclic graph (DAG), where nodes
are tasks and edges are dependencies between tasks.
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Our goal is to reduce energy consumption under a QoS constraint on the completion time for
a task-parallel application executing on a single Instruction Set Architecture (ISA) hetero-

geneous multicore platform (HMP), e.g., ARM big.LITTLE [25]. QoS specifications allow the
resource manager (RM) to allocate enough resources in terms of a task-processor mapping and
voltage-frequency (V-F) assignments so that the application finishes close to the deadline, thereby
saving energy.

QoS constraints can be established with methods from prior art [8, 20, 22] by assuming that the
execution time of each task is known or by establishing an average or upper-bound execution time
through measurements. The proposed approach is agnostic to that. For simplicity, upper-bound
execution time (UBET), also referred to as worst-case execution time, is assumed in this article.
Using UBET and the structure of the parallel application modeled generally as a DAG, which is
known at compile-time, one can derive the worst-case schedule length (WCSL) by analyzing the
DAG offline for a given scheduling algorithm. Setting the deadline such that it is equal to or greater
than the WCSL guarantees that the application completes before it, even if all the tasks would take
their respective UBETs to finish.

Allocating enough resources to the tasks necessitates the estimation of each task’s performance
requirement as defined by its latest finish time (LFT) interpreted as a soft deadline. Consider-
ing these requirements, the RM can tune the resource allocation at run-time and save energy.
There are three main opportunities to slow down a task’s execution to save energy while meet-
ing the programs’ deadline. First, tasks often finish earlier than their respective UBETs and pro-
duce slack (i.e., Slack = Tdeadline − Texecution) that can be used by the subsequent task. The sec-
ond situation appears if there is an imbalance between a task’s predecessors where one or more
tasks finish earlier than others. Since a successor can only start after all of the predecessors are
completed, the predecessor tasks completing earlier than required can be slowed down to save
energy.

The third opportunity is enabled by the availability of additional computational resources, i.e.,
processors. It can happen for several reasons. For example, the user decides to port the application
to a new hardware platform with additional cores (identical to the first platform). In another case,
the operating system may allocate additional resources to the application as these become available.
Additional resources allow the tasks to start earlier than they were originally scheduled for. This
early start allows the resource manager (RM) to slowdown tasks to save further energy.

RMs to save energy for task-parallel applications are studied extensively and focus on exploit-
ing some of the scenarios mentioned above either off-line (static allocation) or at run-time (dy-
namic allocation). First, off-line RM techniques are quite popular because of their low run-time
overhead and ability to employ expensive optimization algorithms. In this context, Baskiyar and
Abdel-Kader [8] and Alonso et al. [4] provide two algorithms to identify and slow down the tasks
that are not on the critical path, by assigning lower Voltage-Frequency (V-F), yet meeting the QoS
requirement. Kumar and Vidyathi [22] combine V-F scaling and processor mapping to slow down
the tasks while meeting the user-specified QoS in terms of an acceptable extension of the WCSL.
Lee and Zomaya [23] propose a scheduling method that minimizes the computational energy by
V-F scaling and reduces the communication energy using processor mapping. All these techniques
use off-line estimations of execution time, i.e., UBET of each task; thus, they neither cater to the sce-
nario of a task finishing earlier nor do they address the situation of additional processors, leading
to over-provisioning of resources and, consequently, more energy consumption.

Second, on-line or dynamic techniques make RM decisions at run-time based on the behavior of
the task-parallel application and thus are better suited to save energy. Kang et al. [20] provide an
on-line method based on progress tracking of the application to identify each task’s early-finish
time and slows down the subsequent tasks using Dynamic Voltage-Frequency (V-F) Scaling. The
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method starts with an off-line schedule that assigns V-F to the tasks using the application DAG.
These tasks are further slowed down at run-time in case they would finish early by re-running the
scheduling algorithm on a small set of child tasks, thus incurring considerable overhead. Moreover,
this technique neither uses processor mapping nor considers additional processors that limits its
energy-saving potential. To fully harness the energy-saving potential, the RM must evaluate all
the energy-saving prospects at run time with negligible overhead.

To this end, this article presents a new resource management approach that addresses the short-
comings of prior attempts in two ways. First, it is based on a combination of off-line analysis and
on-line resource management to exploit the full potential of energy savings while keeping the over-
heads low. Second, along with dynamic V-F scaling, it trades V-F for more cores, when available,
and also takes heterogeneity of modern multi-core platforms into account.

We propose that the process of task-scheduling must be separate from resource management
decisions, such as processor mapping and DVFS. Consequently, our scheme can be used with any
state-of-the-art scheduling method. The offline analysis employs the user-defined task-ordering
criterion and QoS specification to compute the latest finish times (LFT) of the tasks for a range
of processor counts using the UBETs of the tasks. This information is compiled in a so called
Latest Finish Time table (i.e., LFT-table). The scenario of task imbalance is also analyzed and taken
care of in the off-line analysis. Later, the RM uses the LFTs of the tasks—for a specific processor
count—as the soft deadline to allocate enough resources to each task at run-time, to save energy.
In case more processors are available, the RM uses the LFTs of the tasks for the available processor
count from the LFT-table, thus avoiding recompilation of the schedule for the new processor count.
Moreover, the RM uses simple, yet accurate, performance and energy prediction models based on
architectural performance counters to make decisions.

The proposed scheme is modeled, assuming a sixteen-core platform with eight big and eight
LITTLE cores arranged in four clusters employing real execution and energy statistics measured
on an ARM big.LITTLE platform (odriod XU-3 board with Exonys 5422 [10]). Results show average
energy savings of 33% compared to race-to-idle (for example [2]) and 22% compared to the dynamic
slack allocation (DSA) [20] scheme from state of the art. In short, the contributions of this paper
are as follows.

— A run-time resource manager, Task-RM, for general task-parallel applications to save energy
under QoS constraints

— An innovative offline analysis to assist the run-time resource manager
— An evaluation of the energy-saving framework that shows average energy savings of 33%

and 22% compared to the race-to-idle and DSA [20], respectively, while keeping overheads
low (< 1%)

The rest of the article is organized as follows: In Section 2, we provide a motivational example
for our proposal. Section 3 presents the off-line analysis and on-line resource manager (i.e., Task-
RM). Experimental methodology and implementation-related details are presented in Section 4.
Section 5 evaluates the proposed scheme. Related work is discussed in Section 6, and the article is
concluded in Section 7.

2 BACKGROUND & MOTIVATION

2.1 Application Model

This article targets precedence-constrained task-parallel applications that are increasingly gain-
ing popularity among modern task-parallel programming models, e.g., OpenMP [15, 17]. Such
applications are typically represented by a DAG, where nodes represent tasks and edges represent
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Fig. 1. A synthetic direct acyclic graph (DAG).

Fig. 2. An off-line schedule.

Fig. 3. Scenarios depicting the energy saving
opportunities.

dependencies between tasks. In this article, the DAG constitutes a tuple G = (T, E, U ), where T is
the set of t tasks, E is the set of e edges, and U is the set of t task UBETs. Moreover, the hardware
platform is represented by a tuple H = (P, C, V-F ), where P is a set of p processors, C is a set of c
core types, and V-F is a set of v legal voltage-frequency pairs. An example of a DAG is shown in
Figure 1. Here, the task identities are denoted as Ti , and the UBET of a task is represented by the
number at the bottom of each circle.

One can simulate the execution assuming a specific processor allocation and using the tasks’
UBETs, the DAG, and a scheduling algorithm to compute an offline schedule. This simulation es-
tablishes the worst-case schedule length (WCSL). However, the actual execution behavior may
differ, and the RM needs to identify these variations and apply energy-saving strategies. Specifica-
tion of a deadline aids the RM in applying energy-saving optimizations while meeting the deadline.
This is accomplished by assigning performance requirements in terms of soft deadlines or so-called
latest finish times (LFT) to individual tasks using the worst-case schedule (WCS) simulation.

A worst-case off-line schedule of a DAG is presented in Figure 1 using the earliest finish time

(EFT) scheduling as shown in Figure 2 for a processor count of four. This is the worst-case execu-
tion under the assumed scheduling method and processor count. The schedule takes 14 time-units

(TU) to complete, i.e., the WCSL is 14. The QoS specification must be equal to or greater than the
WCSL to be feasible in all execution scenarios. Moreover, to ensure the application is completed
before the deadline, all tasks must finish before the scheduled finish times in this worst-case sched-
ule. Thus, soft deadlines, or task LFTs, are initially set equal to the finish times of the tasks as per
a worst-case schedule. Such an LFT assignment is shown in Table 1, where, for example, the LFTs

ACM Transactions on Architecture and Code Optimization, Vol. 19, No. 1, Article 11. Publication date: January 2022.
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Table 1. Base LFT Table

Processor T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13

4 2 5 4 3 4 4 6 8 7 10 9 12 14

Table 2. LFT Table Adjusted for Task Imbalance

Processor T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13

4 2 5 5 3 6 4 6 8 7 10 12 12 14

Table 3. Final LFT Table After Complete Off-Line Analysis

Processor T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13

4 2 5 5 3 6 4 6 8 7 10 12 12 14

5 2 5 5 5 4 6 6 8 7 10 12 12 14

6 2 5 5 5 6 6 6 8 7 10 12 12 14

of T1 and T2 are set to 2 and 5, respectively, using their finish times in the WCS simulation. There
also exists some more optimization that will be discussed in the next section.

2.2 Energy Saving Opportunities

There are three main opportunities that, once identified, can be used for applying energy-saving
measures. The first opportunity occurs when a task completes earlier than its UBET. The successor
tasks can start early in such a case and can be slowed down to save energy. Such a scenario is
depicted in Figure 3(a), where T1 completes at 1 TU; however, its scheduled finish time based on
UBET is 2 TU. If we assign the LFTs to the task’s successors, the RM can allocate just enough
resources to the tasks to finish before their respective LFTs, thus saving energy. This applies to all
the tasks in the DAG. For example, using the off-line schedule in Figure 2, we can assign the LFT
for each task as shown in Table 1. In the scenario under discussion, the early finish of T1 allows
its successors T4, T3, T6, and T5 to start early, but they only need to finish before their respective
LFTs of 3, 4, 4, and 4 TU, respectively. The RM can use the slack produced by a task’s successor
to allocate just enough resources so that the tasks finish before their respective deadlines, thus
saving energy.

The second opportunity is to exploit the imbalance between the predecessors of the tasks as
illustrated in Figure 3(b). According to the off-line schedule in Figure 2, T3 finishes before its
sibling T2. These two tasks, along with T4, are the predecessor of T8, and T8 can only start after
the completion of its three predecessors. Thus, relaxing the LFT for T3, equal to the LFT of T2,
allows the RM to save more energy. The same opportunity can be exploited in the case of T5 and
T11, and their LFTs can also be relaxed to the LFTs of T7 and T12, respectively. The result of this
optimization is shown in Table 2.

The third opportunity arises when, during execution, additional processors become available.
This scenario allows tasks to start earlier than when they were originally scheduled to start. Hence,
it allows more tasks to execute in parallel. Figure 3(c) depicts such a scenario, where six processors
are available instead of the original assumption of four. T2 and T7, which were originally scheduled
to start after T4 and T6, respectively, can now execute in parallel. This scenario does not only need
less resources to T2 and T7 but also allows the allocation of less resources to T4 and T6 as they only
need to be completed as late as their siblings. In traditional systems, such a change in computing
resources typically requires a re-evaluation of the schedule and LFTs. However, it is not feasible in
an on-line scheme because it will incur large overheads. Instead, we propose to construct an LFT
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Fig. 4. System Block Diagram.

table with a set of processor counts off-line and provide it to the RM. An example of such an LFT
table is shown in Table 3, where the LFT for a processor count of 4, 5, and 6 is shown. Note that,
in the case of a given DAG (i.e., Figure 1), there is no advantage of increasing the processor count
beyond six because the maximum parallelism available in the example DAG is six.

In summary, identification and exploitation of the aforementioned opportunities is critical for
energy reduction and the next section discusses the proposed resource management scheme in
detail.

3 RESOURCE MANAGEMENT

3.1 Overview

Our resource management proposal to reduce energy consumption consists of two key compo-
nents: (1) Off-line analysis and (2) Run-time resource management. Our scheme requires the user
to specify QoS in terms of a program deadline, task UBETs, a scheduling method, the baseline pro-
cessor configuration and additional processor count. Please note that we refer to the scheduling
method as the task priority criterion to pick the tasks to be executed next when the number of
ready tasks is higher than the available processor count.

The off-line analysis uses this information to compute the LFT table that provides soft deadlines
for the tasks. Adherence to these soft deadlines ensures that the program finishes close to its soft
deadline. At run-time, the RM uses task LFTs and performance predictions to allocate just-enough
resources leading to higher energy efficiency. Figure 4 depicts the system’s block diagram, where
the system components highlighted in blue are contributions of this article. The off-line analyzer
comprises an off-line scheduler and a schedule analyzer. The RM in the run-time system is invoked
whenever a task completes or processors become available and consists of an on-line scheduler and
a resource manager denoted Task-RM.

ACM Transactions on Architecture and Code Optimization, Vol. 19, No. 1, Article 11. Publication date: January 2022.
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The on-line scheduler finds the tasks that are supposed to be executed next and the Task-RM

estimates an appropriate resource allocation in terms of processor-mapping and frequency using
off-line analysis and a prediction of the task’s execution time and energy consumption. Conse-
quently, tasks execute on the estimated configuration (i.e., processor-mapping and frequency) and
measured execution statistics (e.g., instruction count) are fed back to the Task-RM, which in turn
will be used for prediction in the next scheduling epoch. The whole process repeats itself until the
execution of the application is complete. Please note that both the off-line and on-line schedulers
are not part of our contributions and that our framework is agnostic to the choice of scheduler.

3.2 Off-line Analysis

The off-line analyzer computes the content of the LFT table to be used by the run-time resource
manager. This allows our scheme to avoid run-time overhead. The LFT table provides the latest
finish times, that serve as soft deadlines, for all tasks. Finishing each task as close as possible to its
respective deadline ensures that the program deadline is met and saves energy. The LFT table is
computed for a range of processor counts that allow our scheme to work for any number of pro-
cessors within a predefined range without re-computing the LFT table at run-time. Consequently,
the RM can read LFTs of these tasks for a specific processor count at run-time.

The procedure for off-line analysis is depicted in Algorithm 1 in function OffLine_Analysis. To
compute the content of the LFT table requires task UBETs, the baseline configuration, and the QoS
specification. It comprises four steps. First, an off-line schedule is simulated using task UBETs and
the DAG for the baseline processor count, as represented by Compute_Base_Schedule on line 13.
This is a trivial step that is well established in state-of-the-art and will not be covered in detail. The
baseline schedule (Schedulebase), the baseline LFT, the task ready-time (RT) and the task start-time
(ST) are computed in this step. An example of such a schedule is shown in Table 4, where each
entry in the table represents a scheduling instant. At each instant, a new task is assigned to any
of the processors, as shown in columns P1, P2, P3, P4. The column labeled “Time” represents the
scheduling time. If no task is allocated to a certain processor at a certain instant, the corresponding
entry is marked by “-1”. Moreover, the ready, start, and completion times of the task are also
recorded as shown in Table 6, where ST and RT refer to start-time and ready-time, respectively.
Ready-time is when a task becomes ready after all its predecessor tasks have completed execution,
and start-time is when a task begins execution. The completion time of each task provides the base
LFT table. The completion time of the last task in this schedule defines the overall completion time
or makespan. The ST and RT tables will be used in the analysis of schedules.

The next step is to find the imbalance between sibling tasks and relax their LFTs. The An-
alyze_Schedule function carries out this operation (line 14). The function definition for Ana-
lyze_Schedule is shown on line 26. The algorithm loops over every entry in the schedule (line 28)
and checks if any processor is available, i.e., is marked by -1. In case a processor is not allocated
a task (lines 29–30), the task previously allocated to that processor (Previous_Task) is retrieved
(lines 31–32) and checked (line 33). If any of the tasks currently executing is not a successor of the
Previous_Task (line 33), then the Previous_Task is again allocated an execution slot on the same
processor in the current scheduling instant (lines 34–35). The result of applying this algorithm to
the example schedule in Table 4 is shown in Table 5, where the changes are highlighted in blue.
Moreover, the LFT of this task is adjusted accordingly. The Analyze_Schedule procedure com-
prises of two nested “for loops”; the first loop iterates over the number of entries of input schedule
and the second loop traverses the number of allocated processors. The number of entries depends
on the number of tasks, the DAG, and the available processors. The upper bound case occurs if
the processor count is set to one, where the number of entries in the schedule is equal to the task
count. Thus, the complexity of this function is O(t*p)
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ALGORITHM 1: Off-line analysis

1: Notations:

2: Pbase : Baseline number of processors

3: PMax : Maximum available processors

4: Taskprogram : Total tasks in program

5: DAG : Directed acyclic graph

6: LFTbase : Task LFTs for baseline processors adjusted for user-specified QoS.

7: LFT_Table[][] : LFT table.

8: ST : Start times of tasks from the base schedule

9: RT : Ready times of tasks from the base schedule

10: UBET : Array containing task UBETs

11: DeadlineQoS : User specified deadline

12:

13: function Off-Lin_Analysis

14: [Schedulebase, LFTbase, RT, ST] = Compute_Base_Schedule(UBET, Pbase, DAG)
15: LFT = Analyze_Schedule(Taskprogram, LFTbase, Schedulebase)

16: LFT_Table[][Pbase] = LFT

17: for all P ∈ [Pbase + 1 : PMax] do

18: [Schedule, LFT] = Compute_Schedule(Taskprogram, P, LFTbase, RT, ST)

19: LFT = Analyze_Schedule(Taskprogram, LFT, Schedule)
20: LFT_Table[][P ] = LFT

21: end for

22: makespan = LFT_Table[−1][Pbase]

23: QoS_Scaling = DeadlineQoS/makespan

24: Adjust_LFT(makespan, DeadlineQoS, LFT_Table)
25: end function

26:

27: function Analyze_Schedule(Taskprogram,LFTin,Schedulein)

28: LFTnew = LFTin

29: for all Entry ∈ Schedulein do

30: for all Processor ∈ Entry do

31: if Processor.Allocation == −1 then

32: Previous_Entry← Schedulein[Entry − 1]

33: Previous_Task← Previous_Entry[Processor]

34: if any T ask ∈ Entry is not successor of Previous_Task then

35: LFTnew[Previous_Task] = Schedulein[Entry + 1][Time]

36: Schedulein[Entry][Processor] = Previous_Task

37: end if

38: end if

39: end for

40: end for

41: return LFTnew

42: end function

The next step involves finding the task LFTs for the range between the base processor count
and the maximum processor count as depicted by the For loop on line 16. Every iteration of this
loop computes a schedule (line 17) for the processor count between Pbase + 1 and PMax. The sched-
ule is also analyzed for task imbalance using the already discussed Analyze_Schedule function
(line 18), and the LFT is compiled and recorded into the LFT table (line 19).

The user-provided program deadline can be equal to or greater than the makespan. The task
LFTs must be adjusted according to the user-defined deadline. This is accomplished by merely
scaling the LFTs (lines 21–23). First, the deadline specified by the user is divided by the makespan
to get an extension factor. Completion times of all tasks are multiplied with the extension factor to
compute the final LFT table.
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ALGORITHM 2: Off-line analysis (continued)

1: Notations:

2: Taskprogram : Total tasks in program

3: DAG : Directed acyclic graph

4: UBET : Array containing task UBETs

5: LFT_Table[][] : LFT table.

6: ST : Start times of tasks from the base schedule

7: RT : Ready times of tasks from the base schedule

8: function Compute_Schedule(Taskprogram,DAG,PIN,RT,ST)

9: TaskCompleted = []

10: LFT = []

11: Schedule = []

12: Time = 0

13: Allocate_Task(P0, T0, UBET[T0])
14: while TaskCompleted == Taskprogram do

15: if Processor_Free() then

16: [TaskN o, TCompletion, Schedule] = Check_Completed_Tasks(DAG)
17: LFT[TaskNo] = TCompletion

18: PFree = Get_Free_Processors()
19: TasksReady = Get_Ready_Tasks(sizeof(DAG))
20: for all P ∈ PFree do

21: TaskHP = Get_High_Priority_Task(TasksReady)
22: if ( (Time ≥ ST[TaskHP]) OR (ST[TaskHP] � RT [TaskHP]) ) then

23: if ( Time + UBET[TaskHP] ≥ LFT_Table[TaskHP][Pbase] ) then

24: Allocation_Time = Time + UBET[TaskHP]

25: else

26: Allocation_Time = LFT_Table[TaskHP][Pbase]

27: end if

28: Allocate_Task(P, TaskHP, Allocation_Time)
29: end if

30: end for

31: else

32: Time = Time + 1

33: end if

34: end while

35: return [LFT, Schedule]

36: end function

The algorithm for Compute_Schedule function is depicted in Algorithm 2. This function pri-
marily simulates the execution using task UBETs but with some conditions. The function Allo-
cate_Task kicks off the execution by assigning task T0 to processor P0 (line 15). Then the “while
loop” (line 16) executes until all the tasks are executed. In each iteration of the loop, the availabil-
ity of free processors is first evaluated, i.e., Processor_Free (line 14). If processors are free for
allocation, the allocation procedure is initiated (lines 15–24); otherwise, the time is incremented
(line 26). The allocation procedure consists of several steps. First the tasks are checked for com-
pletion by Check_Completed_Tasks function (line 15). This function updates the schedule and
returns the completed task numbers and the tasks’ completion times. The completion times are
recorded in the LFT array (line 16). Next, the available free processors are checked (line 17), after
which the tasks are checked for their readiness because the successors of the newly completed
tasks are also ready for execution now (line 18).

The next step is to allocate every free processor with a task (lines 19–24), where first, the highest
priority task is evaluated, i.e., Get_High_Priority_Task() and then this task is allocated to a free
processor, provided that one of the two conditions is met. As for the first condition, the elapsed
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Table 4. Base Schedule Using Task UBETs

Entry Time P1 P2 P3 P4

1 0 T1 −1 −1 −1

2 2 T4 T3 T6 T5

3 3 T2 T3 T6 T5

4 4 T2 −1 T7 −1

5 5 T8 −1 T7 −1

6 6 T8 −1 −1 T9

7 7 T8 −1 −1 T11

8 8 T10 −1 −1 T11

9 9 T10 −1 −1 −1

10 10 T12 −1 −1 −1

11 12 −1 −1 −1 T13

12 14 −1 −1 −1 T13

Table 5. Schedule Adjusted for Task Imbalance

Entry Time P1 P2 P3 P4

1 0 T1 −1 −1 −1

2 2 T4 T3 T6 T5

3 3 T2 T3 T6 T5

4 4 T2 T3 T7 T5

5 5 T8 −1 T7 T5

6 6 T8 −1 −1 T9

7 7 T8 −1 −1 T11

8 8 T10 −1 −1 T11

9 9 T10 −1 −1 T11

10 10 T12 −1 −1 T11

11 12 −1 −1 −1 T13

12 14 −1 −1 −1 T13

Table 6. Ready, Start and Completion Times of Tasks from Base Schedule

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13

Ready Time (RT) 0 2 2 2 2 2 2 5 6 8 7 10 12

Start Time (ST) 0 3 2 2 2 2 4 5 6 8 7 10 12

Completion Time 2 5 4 3 4 4 6 8 7 10 9 12 14

time must be greater than the task’s start time as recorded in the ST-table. The second condition
evaluates whether the task started as soon as it became ready, by comparing the “start time” and
“ready time” of the task. In case both the times are equal, the “start time (ST)” of this task must
be kept the same. On the contrary, if the task started later after being ready, then it can start
execution early. In short, this allows the early start of only those tasks which executed later due to
lack of available processors (refer to Table 6). Moreover, the task LFTs are also adjusted to harness
additional energy savings. If the finish time (i.e., Start Time + UBET) based on the new start time is
less than the “base LFT” (line 23), then the LFT of the task is kept the same (line 24). Alternatively,
if the task’s finish time (i.e., Start Time + UBET) is greater than the “base LFT,” then the LFT of the
task is changed to “Start Time +UBET” (line 26). The task is then allocated to the processor for this
time duration, i.e., “ST till LFT” calculated above, and the control returns to the start of the loop
to schedule the next task. This process is repeated until all tasks have completed execution. The
output of this process is the final LFT table, which, if adhered to, would lead to energy minimization
and satisfaction of QoS constraints. The time complexity of the Compute_Schedule procedure is
O(t), where t is task count in the program.

3.3 Run-Time Resource Management

The objective of the run-time resource management is to allocate enough resources to the tasks
so that the program finishes as close to the deadline, specified by QoS, as possible. This is accom-
plished by allocating appropriate resources to each task so that it finishes before its LFT. Note that
the run-time system will only use the final LFT-table produced at the end of the off-line analysis,
and no further analysis is done. The Task-RM will allocate resources so as the tasks finish before
their soft deadlines, as depicted in the LFT table. Every time a task completes or processors become
available, the run-time system module is invoked as shown in Figure 4.
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Fig. 5. Block diagram of resource manager.

A block diagram of run-time system detailing the internals of Task-RM is show in Figure 5. Here,
first the on-line scheduler finds the high-priority tasks next in line for execution, and the Task-RM

finds an appropriate resource allocation for the tasks. The Task-RM consist of two components;
first, a resource manager controller as discussed in Section 3.3.1, and second, an architectural pre-
diction mechanism that is used to predict the task execution behavior as presented in Section 3.3.3.
The RM controller invokes the predictor for each task and receives the prediction that is used for
resource allocation.

3.3.1 Resource Management Controller. The algorithm for the run-time resource manager is
depicted in Algorithm 3 in the Resource_Manager procedure. This function takes the set of ready
tasks to be scheduled (TaskSchd) and the set of available processors (ProcFree) as input. Note that
the scheduler provides as many tasks as the number of free processors, so TaskSchd and ProcFree

have equal size.
The RM loops over all the tasks in TaskSchd and, for each task, it finds a suitable processor. First,

the LFT for the task is read (line 10), and processor types of free processors, i.e, big/LITTLE; are
identified (line 11). The minimum frequency that can meet the LFT target is predicted for each of
the processor types. The energy consumption is predicted using the predicted V-F pair and the
execution time. The processor that provides the lowest energy is picked and allocated for the task.
The processor and task are consequently removed from the list of available processors, i.e., ProcFree

and the list of tasks to be scheduled TaskSchd, respectively, (lines 19–20). The process is repeated
until tasks are assigned to all the processors.

The outer loop iterates for the number of tasks to be scheduled in a given system epoch and the
inner loop iterates over the number of processor types that are constant in a given architecture.
This function will be invoked at run-time to find the resource allocation for Taskschd, which is a
subset ofT . For a given system epoch, the complexity of Resource_Manager can be expressed as
O(n), where n represents Taskschd. Considering the total run-time of the application the complexity
of Resource_Manager is O(t), where t denotes the task count in the program.

3.3.2 Execution Time and Energy Prediction Model. The Predict_Freqency() and Pre-
dict_Energy() functions are used to predict the frequency and energy consumption. In order to
predict the minimum frequency, a simple mathematical model is developed that is based on the
execution-time model in Equation (1), where T exe, I , F , CPI 0, MPI LLC, and MPLLC represent the
execution time, instruction count, frequency, cycle per instruction base, misses per instruction for
last-level cache (LLC), and miss penalty for LLC, respectively. Equation (1) represents the execution
time as a combination of compute and memory components. Since a task must finish execution
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ALGORITHM 3: Algorithm for resource management controller

1: Notations:

2: TaskSchd : Set of ready tasks scheduled to execute next

3: ProcFree : Set of available processors

4: LFT_Table[][] : LFT table.

5: FLegal[Core Type] : Available legal frequencies for each core type

6: function Resource_Manager(TaskSchd,ProcFree)

7: Processor_Count = size(ProcFree)
8: Task_Count = size(TaskSchd)
9: Resource_Allocation[Task_Count] = []

10: for all Task ∈ TaskSchd do

11: [ProcAllocation, FreqPrediction, EnergyPrediction]← [N ull, , N ull, ∞]

12: LFT = LFT_Table[Task][Processor_Count]

13: ProcTypes = Find_Processor_Types(ProcFree)
14: for all Proc ∈ ProcTypes do

15: Freqtemp ← Predict_Freqency(Task, LFT)

16: Energytemp ← Predict_Energy(Task, Freqtemp)

17: if Energytemp ≤ EnergyPrediction then

18: [ProcAllocation, FreqPrediction, EnergyPrediction]← [Proc, Freqtemp, Energytemp]

19: end if

20: Resource_Allocation[Task] = [ProcAllocation, FreqPrediction, EnergyPrediction]

21: end for

22: ProcFree .remove(ProcAllocation)
23: TaskSchd .remove(Task)

24: end for

25: return Resource_Allocation

26: end function

before its LFT, the execution time T exe can be equated with a deadline D.

Texe =
I ×CPI 0

F
+MPILLC ×MPLLC = Deadline (1)

Furthermore, solving the equation for frequency, i.e., F gives us Equation (2), where D represents
the deadline. The deadline in our case can also be represented as the difference between the task
LFT and the current system time leading to Equation (3). The Predict_Freqency function imple-
ments Equation (3), where the input values of I , CPI 0, and MPI LLC are predicted using a concept
discussed later in Section 3.3.3.

F =
CPI 0 × I

D −MPILLC ×MPLLC
(2)

F =
CPI 0 × I

LFT task −Tcurrent −MPILLC ×MPLLC
(3)

Energy prediction in the Predict_Energy() function is based on the energy model [21] for
dynamic energy as depicted in Equation (4), where α , C, V, F, and T pred represent the activity
factor, the capacitance, the voltage, the frequency, and the predicted execution time, respectively.

E = α ×C ×V 2 × F ×Tpred (4)

E = Ceff ×V 2 × F ×Tpred (5)

Energy consumption depends on the predicted execution time, which depends on the predicted
frequency computed in the last step. This equation can be further simplified by replacing the prod-
uct of the activity factor α and the capacitance C with the effective capacitance Ceff resulting in
Equation (5). The capacitance is a property of the circuit, and the activity factor primarily depends
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Fig. 6. Prediction Mechanism.

on the application program and the micro-architecture. This article proposes that the effective ca-
pacitance values measured from completed tasks can be used to predict the value for future tasks
in the same application. Thus, Ceff will be predicted for every application at run-time, where details
will be provided in Section 3.3.3.

3.3.3 Predictor Architecture. The prediction model discussed in Section 3.3.2 requires prediction
of a number of parameters. The block diagram of the predictor is shown in Figure 6 that is used
to predict the instruction count (I ), the number of misses per instruction (MPILLC), the base cycle
count per instruction (CPI0) and the effective capacitance Ceff. The prediction mechanism is based
on storing the old samples of the measured statistics, i.e., I, MPILLC, Ceff, CPI 0 and use averaging
for prediction.

The prediction of the parameters, as mentioned above, is made per task type. The task type is
defined as the “task functions” in the application source code. These “task functions” are generally
different blocks of the algorithm that are invoked repeatedly with a different set of data. For ex-
ample, the SparseLU13 application has four tasks that are repeatedly invoked, resulting in a total
of 146 tasks in the entire DAG. Hence, the number of task types is four. The reason behind such
a design is that the separate instances of a task with different data are likely to exhibit similar
execution behavior. Therefore, it is intuitive to design the prediction mechanism accordingly.

The predictor performs two essential tasks. First, it inserts the old sample into the history buffers,
and second, it predicts the execution behavior of tasks. As for the first duty, the measured values
of I, CPI 0, MPI LLC, and Ceff are stored in the history tables using the first-in-first-out (FIFO)

principle after the completion of each task. Since the values of CPI0, MPILLC and Ceff can be different
for each core type, there exist separate tables for each core type for these statistics. However, the
instruction count I is indifferent to the core type, so there is no need to separate tables. Moreover,
each table contains separate rows for each task type; thus, the values are stored per task type.
CPI 0 and Ceff are derivative values, so they are computed on-the-fly using Equations (6) and (7),
respectively, where MPLLC(cycles) and T exe represent the miss penalty for LLC misses in cycles and
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Fig. 7. Hardware platform.

Table 7. Voltage-Frequency for Exynos-5422

Frequency big-core LITTLE-core

(M-Hz) Voltage (mV) Voltage (mV)

2000 1300 -

1900 1225 -

1800 1175 -

1700 1137.5 -

1600 1100 -

1500 1062.5 -

1400 1037.5 1250

1300 1025 1200

1200 1000 1150

1100 975 1112.5

1000 950 1075

900 925 1037.5

800 900 1000

700 - 962.5

600 - 925

500 - 900

the execution times of the tasks, respectively:

CPI 0 = CPI −MPILLC ×MPLLC (6)

Ceff =
E

V 2 × F ×Texe
(7)

The second duty is to predict the execution behavior of the tasks. First, RM controller inputs the
task type to the predictor as shown in Figure 6. As a result, the multiplexers choose the appropriate
row, i.e., task type, from the table that holds the old samples. Next, an averaging unit computes
the mean from all the valid samples in the row. This mean value is used as a prediction by the RM
controller to find a suitable configuration to execute the given task. Finally, the task executes at
the predicted configuration, and the execution statistics of the task are fed back to the prediction
history buffer as explained above.

Please note that, at the start of the execution, the history buffers are empty and, once the first
task completes an entry in the history buffer, is filled for a specific core and task type. The RM
executes the first task at the maximum frequency available on a given core type. Subsequent tasks
of the same type and the same core can be predicted afterwards.

4 EXPERIMENTAL METHODOLOGY

4.1 Hardware Platform

This article assumes a hardware platform inspired from the ARM big.LITTLE [25] architecture
and is shown in Figure 7. Eight big and eight LITTLE cores are arranged in four homogeneous
clusters, where two clusters consist of big cores and two consist of LITTLE cores. Cores within
a cluster share the LLC and the cache-coherent interconnects (CCI) connect the neighboring
LLCs to allow fast data transfer between the clusters. The big and LITTLE cores are assumed to
be ARM CORTEX A15 and A7, respectively, same as in the Exonys 5422 [10] SoC available on
an ODROID-XU3 board. The A15 is a performance-oriented, out-of-order core while the A7 is an
energy-efficient, in-order core. Each core has a 32-KB private L1 cache. The big cluster has a 2-
MB shared LLC while the LITTLE cluster has a 512-KB shared LLC. In short, one can assume this
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Fig. 8. Simulation methodology.

hardware as an extension of ARM big.LITTLE that offers a higher level of parallelism. All the cores
are assumed to be able to operate on voltage-frequency levels that are the same as available in the
ODROID-XU3 board, as shown in Table 7.

4.2 Simulation Methodology

The central theme of our simulation methodology is to closely emulate the application’s execution
behavior on real hardware, i.e., odroid XU3. Thus, as a first step, we execute the applications on
real hardware to record the execution data trace for all possible distinct energy footprint scenar-
ios. In our case, these scenarios or so-called configurations refer to unique combinations of core
types and voltage-frequency (V-F) pairs. In short, each DAG is executed on the odroid board on all
configurations, and an execution data trace at a granularity of a task is recorded.

An example scenario depicting this is shown in Figure 8. The measured values include the in-
struction count, cycles, LLC misses, and energy consumption. The second step is to simulate a
dynamic execution using above-mentioned execution data trace employing the Task-RM scheme.

Execution data for each task is picked from one of the execution traces based on Task-RM deci-
sions, as shown in Figure 8. For example, the first task T1 executes at the fastest configuration, i.e.,
big core - 2 GHz, and data for T1’s execution at the corresponding configuration is selected from
the execution data trace.

Then, overheads associated with V-F switching, core migration, and Task-RM are added, and the
resultant data is both recorded in a dynamic execution log and fed back to Task-RM for prediction
purposes, as shown earlier in Figure 5. Finally, Task-RM uses it to predict the resource allocation
for the next-in-line task, i.e., T2. As shown in Figure 8, Task-RM predicts to execute T2 at 1.8
GHz-big core; hence, the data for T2 at 1.8 GHz - big core is selected from the execution data trace.
This data is recorded in the dynamic execution log and fed back to Task-RM. This process repeats
until the completion of the application. For each task, the data for a predicted configuration by
Task-RM is read from the execution data trace and recorded in the dynamic execution log. At
the end of the application, the dynamic execution log is aggregated to compute the result for the
complete execution.

4.3 Simulation Setup

The simulation framework employed in this article is outlined in Figure 9. The first step is the
instrumentation of the application source code for two purposes. The first purpose is to extract
the task dependency information to generate a DAG, while the second is to record the execution
data trace. The DAG is essential for the scheduler to execute the application with correct
functional behavior. The source code is transformed to print out task dependency information
while executing on a faster non-native machine. The DAG generator processes the information
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Fig. 9. Experimental methodology.

to generate a DAG for the application. The DAG is both used for off-line analysis and run-time
resource management. Both these steps are highlighted in green in the figure. Please note that
this is an optional step, because if the user provides the DAG, then this step becomes redundant.

The second transformation of the source code is done to measure the task execution statistics by
inserting routines to read the hardware performance counters before and after task execution. The
modified applications are executed on the ODROID-XU3 board containing the Exonys 5422 [10]
SoC on all the configurations. In context of the chosen hardware, there are thirteen V-F settings
for the big-cores and ten for the LITTLE-cores, which amounts to 23 configurations in total. The
execution statistics are measured for each task while executing applications using a single thread.

This execution data trace is then used for off-line analysis and run-time simulation. In context
of our proposal, the user provides the UBETs and the baseline configuration, both of which are
then used to carry out off-line analysis and establish the LFT table. Off-line analysis, as discussed
earlier, computes the LFT for a range of processor counts from the baseline configuration to the
maximum processor count as specified by the user.

The run-time simulation uses the execution data trace, DAG, and LFT to compute the modified
schedule. The resource manager block is the same as explained in Section 3. Once the Task-RM de-
termines the task mapping and V-F assignment, the “Task Execution Simulation” block records the
task’s execution from the real execution data trace in the schedule. Concerning the resource shar-
ing (i.e., shared LLC), the execution statistics might change as sharing could induce destructive/
constructive interference that will result in different LLC misses, task execution time and energy.
The exact effect of this interference is difficult to establish considering the scope of this paper. In-
stead, we argue that this interference will be the same for all the schemes, i.e., Race-to-Idle, Oracle,
and Task-RM; thus, it is fair to ignore its effect. In short, this simplistic model allows us to carry
out the experiments quickly.

The process of task scheduling and resource allocation is continued until all the tasks are com-
pleted. Once the application is complete, the schedule is analyzed by the Execution Statistics Gen-

erator (see Figure 9) to compute the evaluation statistics.
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Table 8. Applications Used Along with Their Characteristics

Application Kernel Input/Size Task Count Task Types Execution Types

SparseLU block size=13 146 4 0.29

SparseLU block size=20 395 4 0.84

SparseLU block size=30 1255 4 2.82

SparseLU block size=40 2890 4 6.65

SparseLU block size=50 5550 4 12.92

Heat Diffusion gauss antoniu 810 3 9.09

Heat Diffusion gauss testgrind2 50 3 15.6

Heat Diffusion gauss testgrind2-regions 50 3 0.54

Heat Diffusion jacobi test-jacobi 1010 4 80.1

Heat Diffusion jacobi testgrind 260 4 79.29

Heat Diffusion redblack test-redblack 810 5 34.86

Heat Diffusion redblack test-redblack2 2010 5 22.39

4.4 Implementation & Overheads

The run-time resource manager, i.e., Task-RM, is implemented in C++ and executed on real hard-
ware to establish its execution time and energy overheads. These values are recorded as overheads
whenever the Task-RM is invoked in the simulation framework.

Other overheads include DVFS switching (assumed to be 10 microseconds [26]) and
performance-counter reading overhead (measured to be 500 cycles per counter). Since the off-line
analysis is done once for the lifetime of the application, its overheads are not considered.

4.5 Benchmarks

This article employs applications from the BSC Application Repository (BAR) [9] for evaluation.
These applications are written in OmpSs, where successive iterations of algorithms are parallelized
using precedence constrained tasks, and thus are a good fit for our proposed scheme. However, we
have modified these benchmarks to comply with the dependence model of OpenMP 4.0 for evalu-
ation. This includes syntax transformation of the task specifications and adding data dependency
clauses. Moreover, OmpSs implementation lacks the specification of parallel regions as paralleliza-
tion is done by nanos at run-time. In case of OpenMP, one needs to specify the parallel regions
that encapsulate the tasks and the said modification is also carried out in the code. The resultant
code is published on-line [5] and available for future use.

The applications used in the evaluation are listed in the Table 8 and include four different ker-
nels with various inputs. In total, there are twelve unique workloads that are used for evaluation.
To demonstrate the variety of the workloads considered, we also provide a number of workload
characteristics, i.e., the number of tasks, the number of task types, and the total execution times.
Here, it can be seen that workloads cover a wide spectrum in terms of the above-mentioned char-
acteristics to evaluate our proposed scheme.

4.6 Systems Evaluated

Three schemes are evaluated in this article, the details of which are explained below:

Race-to-Idle. The race-to-idle policy (for example, [2], [11], and [28]) is one of the established
methods for energy saving, where the application is executed at the fastest possible configuration
and processors are powered down after finishing until the deadline. In context of this article, race-
to-idle is assumed as the scheme that executes applications using all the available cores on the
fastest frequency available. This scheme will be referred to as RTI in the context of this article.
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Dynamic Slack Allocation (DSA). The Dynamic Slack Allocation (DSA) [20] scheme from state-
of-the-art is used for comparison. This proposal initially allocates DVFS settings offline and later
readjusts them if a task finishes earlier or later than anticipated while keeping the processor allo-
cation unchanged. The slack gained by early finish is allocated to a small selection of descendants
by recomputing their DVFS settings. In this context, we use the K3Dependent variant where de-
scendants up to three levels are selected for slack allocation. This scheme will be referred to as
DSA in text and figures.

Oracle. Oracle is used for comparison to evaluate the potential of energy savings and efficacy
of the proposed Task-RM. Here, Oracle has perfect prediction of execution time and energy. Thus,
it can determine the optimal processor allocation and V-F setting.

Task-RM. Our proposed Task-RM scheme is compared against the above-mentioned schemes.

4.7 Assumptions: User Provided Inputs & Design Parameters

Our proposed scheme requires certain parameters/inputs from the user which must be assumed in
order to carry out the evaluation. In the following, we provide details of these user specifications
used for evaluation.

Baseline Configuration. The baseline configuration is chosen to be two big-cores.

UBET. The tasks’ UBETs are also required. However, in this paper, they are established using
measurement-based deterministic timing analyses (MBDTA) [1] that is an acceptable approach
in systems with low criticality. The tasks are instrumented to measure the execution times us-
ing hardware performance-counters while executing the application several times (i.e., 10) at the
big-core using 2-GHz frequency. The highest observed execution time (HOET) per task type is
used as the UBET for that task. Note that applications typically consist of a limited set of tasks
that are instantiated multiple times. Thus, the sample size for the measurement is quite big (i.e.,
No of runs × Number of task instances per execution).

QoS Specification. Specification of QoS is a key requirement for evaluation and in this context
the applications’ deadline is set to the WCSL, which is established using simulation of the execution
on the baseline configuration using the tasks’ UBETs.

Scheduling Method. The scheduling methods determine the next task to be executed among
the available tasks, in case the ready tasks are greater than the free processors. Heterogeneous
Earliest Finish Time (HEFT) [32] is used in this evaluation to schedule tasks. In the case of the
off-line scheduler, the task UBETs determine the finish time, and the task with the earliest finish
time is prioritized. On the other hand, the run-time scheduler assumes the tasks’ LFTs as the finish
time.

History Buffer Size. The size of the history buffers in the predictors is set to ten.

5 EVALUATION

In this section, we evaluate the merits of Task-RM in terms of the energy savings, its ability to
finish close to the deadline, the overheads incurred and the accuracy of the predictors. Energy sav-
ings will be presented for two cases. First, for the case of a fixed processor count in Section 5.1 and
second, for the case where additional processors are allocated in Section 5.4. The energy savings
are computed using Equation (8), where Energyrace-to-idle and Energyscheme refer to the energy con-
sumption of the race-to-idle and the other scheme, i.e., Oracle or Task-RM under consideration,
respectively. The prediction accuracy and analysis of the ability to finish close to the deadline, i.e.,
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Fig. 10. Energy savings for the baseline processor
allocation.

Fig. 11. Execution time distribution compared to
UBET.

slack, is presented in Sections 5.2 and 5.3, respectively.

Energy Savings(%) = 100 ×
Energyrace-to-idle − Energyscheme

Energyrace-to-idle

(8)

5.1 Energy Savings - Fixed Processor Count

In this section, we present the energy savings when the processor count is set equal to the baseline
allocation, i.e., 2-big cores. The results are shown in Figure 10 where the x-axis shows different
workloads, and the y-axis represents the percentage energy savings that are computed with re-
spect to the energy consumption of Race-to-Idle scheme. Three schemes, i.e., Oracle, DSA, and
Task-RM, are represented through bar graphs, as indicated in the legend. As expected, Oracle is
shown to have maximum energy savings, i.e., 36.66% on average. Our proposed Task-RM scheme
performs very close to Oracle with energy savings of 33.55% on average, showing its effectiveness
in harnessing the energy savings on offer. The DSA scheme shows an energy saving of 15.11%
with respect to Race-to-Idle. Moreover, Task-RM provides approximately 22% more energy savings
compared to DSA.

The energy savings for various workloads show a big variation. As discussed earlier in Section 2,
one of the sources of energy savings is the deviation of the execution time of the task from the
UBET of that same task (i.e., early finish). To verify this reasoning, we derive a box plot of the
execution times of the tasks in Figure 11. Here, the execution times are normalized to the UBETs
of the tasks. A box in a boxplot represents the interquartile range (IQR), i.e., the 25th to 75th
percentile, and the orange line in the box represents the median. The top end of the box in the
boxplot represents the third quartile (Q3). Similarly, the bottom end of the box represents the first
quartile (Q1).

The upper and lower whisker are at Q3 + 1.5 × IQR and Q1 − 1.5 × IQR, respectively. The range
between the lower whisker to Q1 represents the lower 25th percentile, and the range between Q3
to the upper whisker represents the last upper 25th percentile. If more samples, i.e., task execution
times, are far below one, i.e., UBET, the more energy savings will be on offer as more tasks have
slack that can be used to slow down the execution.

Examining the boxplot, one can find a correlation between the execution time distribution and
energy savings of the tasks. For example, SparseLU13 have most of the samples pretty close to
UBETs and thus have relatively small energy savings, i.e., 12.49% for Oracle and 6.03% for Task-RM.
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Fig. 12. Timing and energy prediction accuracy. Fig. 13. Percentage slack.

Similarly, the box plot shows that execution times of SparseLU20-50 lie close to their UBET (i.e.,
upper whisker to lower whisker lie between 0.9 and 1 on the y-axis). This means that there isn’t a
lot of available slack for these particular benchmarks and, consequently, they show relatively low
energy savings.

On the other hand, for example, gauss-antoniu has most of the samples (i.e., IQR, the lower
whisker to Q1, Q3 to the upper whisker) around 0.5 approximately. This means that most of the
tasks have 50% slack. The energy savings of 54.85% for Oracle and 54.11% for Task-RM endorse
the hypothesis that farther the tasks’ execution times from UBET more will be energy savings
(see Figure 10). The remaining benchmarks, i.e., gauss-tesgrind2 – redblack2, also show similar
behavior where most of their task execution times are far less than their respective UBETs (as
evident from the box plot). Thus, they have far higher energy savings. Therefore, it is fair to
conclude that the more significant deviation is between the UBET and execution time, the more
energy savings will be on offer.

In the same context, the DSA scheme consumes more energy than race-to-idle for benchmarks
that have less available slack, i.e., SparseLU13-50, and performs better for the benchmarks with
more available slack. The reason behind it is the high overheads involved in repeatedly determining
task descendants and applying static scheduling algorithms for slack re-allocation at run-time. If
higher energy saving is available, it can offset the overhead, but if the available slack is limited,
less energy saving is on offer, and hence the overheads can offset the savings resulting in higher
energy consumption. One key factor in this regard is the size of the DAG, as it affects the number
of descendants in each step and thus affects the overheads. This is the reason why DSA performs
worst for the “SparseLU 50” workload as it has the biggest DAG with 5,550 tasks and very low (i.e.,
≈10%) slack as shown in the box plot.

5.2 Prediction Accuracy

The accuracy of the timing and energy prediction mechanism is key to analyze the effectiveness
of the proposed Task-RM scheme, so the prediction accuracy is presented in Figure 12. Here, the
workloads are depicted on the x-axis and the percentage accuracy is depicted on the y-axis. The

accuracy is computed by using “Accuracy(%) = 100× (1−ABS(1− Xpredicted

Xreal
))” equation, whereXreal

and Xpredicted represent the real and predicted values, respectively, and abs() means the absolute
function.
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Energy and timing predictions show a considerable high accuracy with an average of 95% and
93% for timing and energy predictions, respectively. Please note that the prediction accuracy de-
pends on the variance in task execution times. If execution times are spread over a large range,
predictions will be less accurate and vice-versa. Comparing the boxplot in Figure 11 and predic-
tion accuracy in Figure 12, one can draw some correlations. For example, the IQR range (shown
by the box) is pretty narrow for most benchmarks except gauss-testgrind and gauss-testgrind-

regions. Therefore, the prediction efficiency for gauss-testgrind (Timing-90%, Energy-87%) and
gauss-testgrind-regions (Timing-89%, Energy-80%) is minimum among the workload set and below
average.

5.3 Deadline

In this section, the ability of various schemes to finish close to the application deadline is analyzed
as shown in Figure 13. Here, the percentage of slack normalized to the application deadline i.e.,

100 × Tdeadline−Tcompletion

Tdeadline
is presented on the y-axis, and the x-axis shows the workloads. As expected,

Oracle mostly finishes close to the deadline with an average percentage slack of 0.26%, and Task-

RM performs well with an average of -0.74% that means Task-RM misses the deadline by a small
margin. The race-to-idle scheme finishes way before the deadline (i.e., average slack of 24%) as this
scheme does not consider slowing down to save energy. It is interesting to correlate that workloads
showing the lowest timing and energy prediction accuracy, i.e., gauss-testgrind and gauss-testgrind-

regions miss the deadline by the highest margins, i.e., −3.11% and −4.85%, respectively. Thus, it
is fair to conclude that the execution behavior of the tasks affects the prediction accuracy and,
consequently, affects the energy savings and deadline accomplishment. However, since the Task-

RM is continuously adjusting the resource allocation, it effectively mitigates the loss of efficiency
to finish close to the programs’ deadline and saves considerable energy.

5.4 Overheads

The proposed Task-RM scheme has minimal overheads owing to its hybrid approach, where most
of the analysis is carried out offline, and resource allocation is done at run-time as shown in
Figure 14. The timing and energy overheads of the Task-RM scheme are 0.6% and 0.7% compared
to the execution time and energy consumption, respectively. In contrast, the DSA scheme shows
average timing and energy overhead of 9% and 6%, respectively. The significantly higher overheads
of DSA are due to the repeated application of static scheduling algorithms. Thus, static scheduling
algorithms, i.e., DSA, are not suitable for runtime use, and our scheme Task-RM is much better in
limiting the overheads while providing significant energy savings.

5.5 Energy Savings with Additional Processor Allocation

Next, we evaluate the energy savings with the allocation of additional processors. The results are
shown in Figure 15. Here the x-axis shows the processor allocations, and the y-axis represents the
percentage of energy savings. The labels on the x-axis represent the processor allocation, where
“B” and “L” stand for big and LITTLE cores, respectively. The number after the letters “B” and “L”
represents the processor count, and for example, label B4L2 means an allocation of four big and two
LITTLE cores. The core allocations are sorted in increasing number of cores, and energy savings
increase as more cores are allocated, but they saturate at B8L4 with maximum energy savings of
58.8% for Oracle and 55.6% for Task-RM, respectively. Note that the availability of additional cores
only increases energy savings if there are ready tasks to execute (i.e., parallelism in DAG). That
is the reason that energy savings almost saturates beyond an allocation of four (i.e., B4L0 ) or six
cores (i.e., B4L2).
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Fig. 14. Timing and energy overhead for baseline
processor count.

Fig. 15. Energy savings for additional processors.

The DSA scheme is unable to use additional processor allocation for energy savings as it sticks
to the processor allocation from the off-line schedule and only modifies the DVFS settings. Hence,
the energy savings for the DSA are the same as for the baseline processor allocation. However,
as shown in Figure 15, DSA has diminishing energy savings in comparison to the race-to-idle

(RTI) scheme when additional “LITTLE” cores are allocated. The reason for this is that the energy
consumption for RTI changes with increased processor allocation. Remember that RTI uses all
the available cores at the highest frequency. The energy consumption at the highest frequency on
the “LITTLE” core is less than the energy consumption of the same task at the highest frequency
on the “big” core. Thus, with the allocation of additional “LITTLE” cores, race-to-idle energy
consumption tends to reduce. In contrast, the energy consumption of DSA remains the same;
thus, the energy savings diminish.

The energy savings remain the same for the case when only additional “big” cores are allocated
to the RTI, i.e., “B4L0” and “B8L0”. However, DSA performs worse compared to RTI for the proces-
sor allocations with more “LITTLE” cores than “big” cores, e.g., “B2L6”, “B2L8”. This is understand-
able as the more the “LITTLE” cores, the less the energy consumption of the RTI; consequently,
the DSA scheme will have more energy consumption. This fact that energy consumption of the
RTI decreases with allocation of additional “LITTLE” cores further strengthens the effectiveness
of our scheme, i.e., Task-RM, as it consistently performs better.

In short, the evaluation shows that our proposed scheme Task-RM is effective in exploiting en-
ergy savings (33%) of the Oracle (36%) with negligible overheads. Task-RM performs considerably
better (i.e., 22%) than run-time use of static scheduling algorithms as proposed by DSA. Moreover,
the allocation of extra processors provides additional opportunities to save energy, and the ability
of Task-RM to adjust to these changes is critical to the objective of saving energy. Other state-of-
the-art schemes, i.e., DSA lack the ability to harness the opportunities that arise with additional
processor allocation. Offline analysis of these situations allows the compilation of a LFT table that
enables such intelligent resource allocation at run-time without the need for re-scheduling or re-
computation of the LFT-table.

6 RELATED WORK

Task scheduling and resource allocation has been a well-studied subject over the years [35], in
which the primary objective is the reduction of the program’s completion time. However, this
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article targets the energy efficiency, which has emerged as a vital design metric in recent years [36].
In this context, a popular approach is not to explicitly consider the QoS requirements and apply
energy-saving optimizations while maintaining the same performance level [29, 30, 33]. However,
this article focuses on saving energy under a QoS constraint.

Considering QoS, the initial proposals target sequential applications and mainly employ
DVFS [16, 18, 31], thread placement [13, 27] on heterogeneous multi cores (HMP), or a combi-
nation of DVFS and thread placement [7] to save energy. In contrast, this article targets parallel
applications.

Data and task parallelism are two popular parallel programming models. For example,
OpenMP for loops has attained considerable attention. In this regard, De Sensi et al. [12] use a
linear-regression-based prediction model for controlling thread-to-socket allocation, core count,
and DVFS to provide desired performance or power consumption. Similarly, Donyanavard
et al. [14] propose a method to reduce power for a given performance target by mapping the
threads/processes to cores using an off-line trained binning-based prediction model. On the other
hand, the proposal [6] provides a solution that analyzes the slack-energy tradeoff at run-time to
allocate the DVFS, core-type, and core-count to iterative data-parallel applications. All these pro-
posals cater to the data-parallel model (e.g. OpenMP for loop); however, this article mainly targets
precedence-constrained task-parallel applications.

Existing solutions comprise two broad categories: static techniques that make off-line/static re-
source management decisions (i.e., task scheduling, processor mapping, and DVFS assignment) and
on-line/dynamic techniques that make decisions at run-time. In static methods, Xie and Qin [34]
provide an algorithm for mapping the tasks on a distributed heterogeneous platform. Kumar and
Vidyarthi [22] provide an off-line method to assign DVFS to tasks under a QoS constraint on the
completion time. Similarly, Baskiyar and Abdel-Kader [8] offer an off-line technique to slowdown
the tasks that do not belong to the critical path using DVFS. Jejurikar and Gupta [19] propose an
off-line technique that employs a combination of processor sleep and DVFS to reduce energy con-
sumption. Ali et al. [3] present an off-line approach utilizing a genetic algorithm to efficiently map
tasks on a shared-memory HMP. Lee and Zomaya [23] propose an off-line scheduling method that
minimizes the computational energy by DVFS and reduces the communication energy by using
processor mapping.

Off-line techniques use worst-case execution times (WCET) of tasks; however, their run-time
behavior could differ. Thus, off-line resource management decisions based on WCET can lead to
over-provisioning and, consequently, more energy consumption. On the other hand, dynamic on-
line techniques, which are the particular foci of this article, make resource management decisions
at run-time while monitoring application behavior and thus are better suited to exploit the energy
savings. Li et al. [24] propose a hybrid method, where execution starts with an energy-efficient off-
line schedule based on slowing down tasks using DVFS. Later, if the execution behavior of tasks
deviates from the assumed average-case execution time, the scheduling algorithm is re-run. A sim-
ilar proposal is provided by Kang and Ranka [20] where an off-line schedule determines the initial
DVFS setting that is later re-evaluated by employing an exhaustive algorithm on a subset of future
tasks in case the program is progressing ahead of the deadline. These techniques incur considerable
overheads by repeatedly re-running the scheduling algorithm at run-time for the remaining por-
tion of the DAG. Moreover, they fail to realize the full potential of energy saving, only employing
DVFS and ignoring heterogeneity. Second, they can also not deal with the scenario of changing
computational resources that further limits its energy-saving potential. Our proposal only com-
putes the necessary soft deadlines for the tasks offline, but the scheduling, processor mapping,
and DVFS assignments are evaluated on-line using predictions based on hardware performance
counters.
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7 CONCLUSION

In this article, we have demonstrated that through appropriate allocation of resources to the tasks
in a precedence-constrained task-parallel application, the resource manager can save consider-
able energy, i.e., 33% and 22% compared to race-to-idle and dynamic slack allocation [20] schemes
respectively, yet meeting the applications’ deadlines. The critical insight is that the execution be-
havior of the tasks may change at run-time resulting in an earlier completion compared to its
UBET. Consequently, the program finishes before the deadline.

Our proposed framework identifies this variance in execution time by monitoring each task and
employs energy-saving optimizations, including the DVFS and core processor mappings in het-
erogeneous platforms. In order to estimate the performance requirements of the task, a thorough
analysis of the application DAG is required, and doing that at run-time could lead to increased
energy consumption. Thus, a novel scheme is proposed where the run-time resource manager is
assisted by offline analysis that provides the soft deadlines, i.e., LFTs for the tasks, by analyzing
the application DAG and UBETs of the tasks. The run-time resource manager uses the tasks’ LFTs
and behavioral prediction based on hardware performance counters to allocate an appropriate
amount of resources to the tasks. The proposed resource manager tries to adhere to task LFTs as
soft deadlines, ensuring the program completion is close to the deadline.

Moreover, offline analysis computes the LFTs for the scenario of additional processor availability,
which opens the door for extra energy savings of up to 55.6% compared to race-to-idle. Last but
not least, the resource manager incurs less than 1% of timing and energy overheads.
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